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GIFT is afree, modular, pentsource tutoring architecture that is being developedpiure best tutoring
practices and support rapid authoring, reuse and interoperabilibgetifigent Tutoring SystemdTSs).
The authoring tools have been designedoter costs and entry dld needed to author ITSand our
research continues to seek and discover waysntance the adaptiveness of ITSs to support self
regulated learning (SRL)

This year marks the sixth year of GIFT Symposia and we accepted 30 papers for publication & ¢éhis 6 s
proceedings. None of this could happen without the efforts of a fantastic team. Our program committee
this year did an outstanding job organizing and reviewing, and we want to recognize them for their
efforts.

¢ [Kat Amaya e Paula Durlach e Paul Shorter
¢ Michael Boyce e Benjamin Goldberg e Anne Sinatra
e Keith Brawner s Gregory Goodwin e Bob Sottilare
e Elyse Burmester s Jong Kim

e Noel Cal ¢ Rodney Long

We are proud of what we have bearie to accomplish with the help of our user community. This is the
sixth year we have been able to capture related research and development efforts for the Generalized
Intelligent Framework for Tutoring (GIFT) community which at the writing of thesegadiags has well

over 1500 users in over 76 countries.

In addition to providing a record of the symposium content, these proceedings are also intended to
documenthe evolutions of GIFT as a tool for the authoring of intelligent tutoring systems (ITS#)end
evaluation of adaptive instructional tools and methods. Papers in this volume were selected with the
following goals in mind:

1 The candidate papers describe tools and methods that raise the level of knowledge and/or
capability in the ITS research addvelopment community

1 The candidate papers describe research, features, or practical applications of GIFT

1 The candidate papers expand ITSs into previously untapped domains with recommendations for
future GIFT capabilities

1 The candidate papers build/exygamodels of automated instruction for individuals and/or teams

The editor wishes to thank each of the authors for their efforts in the development of the ideas detailed in
their papers and their thoughtful presentations. As a community we continueedenedrd in solving

some significant challenges in the ITS world and in this light GIFTSym has evolved. GIFT and the GIFT
Symposium continue to take on a broader perspective as the new Center for Adaptive Instructional
Sciences (CAIS) was formed thisydare gi ns f or mall operations wunder
The purpose of CAIS is to encourage the community development of adaptive instructional systems
(AISs), capabilities & standardsSince our last GIFTSym, the IEEE Learning Technologies Stamdard
Committee (LTSC) has approved the development of an AIS standards study group and GIFTSym has

Xiii
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allocated a fulhalf day session to inform AIS stakeholders. You can learn more about CAIS and our
IEEE AIS standards activities by signing ughtps://www.arl.army.mil/opencampus/centers/cais

We would also like to encourage readers to follow GIFT news and publications at
www.GIFTtutoring.org In addiion to our annual GIFTSym proceedings, GIFTtutoring.org also offers
volumes of the Design Recommendations of Intelligent Tutoring Systems, technical reports, journal
articles, and conference papers. GI| FuUtommnuityitong. or g
provide feedback on GIFT and influence its future development. We encourage you to subscribe and to
send us your stories and experiences using GIFT as part of our GIFT_around_the_Globe series.

Finally, ARL has developed about GIFT instioofl videoswhich are now availablen YouTubeat:
https://www.youtube.com/results?search_query=generalized+intelligent+framework+for+tutorige
encourage you to subscribe.

Many thanks to all of our GIFT usersé
Bob
Robert A. Sottilare, Ph.D.

GIFTSym6 Chair and Proceedings Editor

Xiv
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Architecture and Ontology in the Generalized Intelligent
Framework for Tutoring: 20 18 Update

Keith Brawner, U.S. Army Research Laboratory
Mike Hoffman, Dignitas Technologies

INTRODUCTION

The first version of the Generalized Intelligent Framework for Tutoring (GIFT) was released to the public in

May of 2012. One year later, the first gyosium of the GIFT user community was held at the Atrtificial
Intelligence and Education conference in Memphis, Tennessee. Since then, the GIFT development team has
continued to gather feedback from the community regarding recommendations on how thedg&Tcpn

continue to meet the needs of the user community and beyond. This current paper continues the conversation
with the GIFT user community in regards to the ar.
project is addressing the user reguients suggested in the previous GIFTSym5 proceedings. The
development team takes comments within the symposium seriously, and this paper serves to address
requirements from prior years.

As a follow up to the AGIFT 206 (BawnBredpOsasky, 2@athed and
GIFT 2016 Community Repor(Ososky & Brawner, 2016 and the GIFT 2017 Architecture Report
(Brawner, Heylmun, & Hoffman, 20).,/the feature requests and responses have been broken out among a
number of papers, and into loglcsections of this work. This paper discusses the ongoing architectural
workings and changes in support of the various sets of projects. The number of projects which the GIFT
overall projects is now well over 50, which represents a) the inability foifisamt direct support of any
individual project and b) the relatively little support that individual projects need to be successful. GIFT
generally works well enough to support research studies without direct developer guidance or specifically
developedeatures.

The research and technology innovation efforts presented in the current document include those that are
informed by the GIFT user community, and only represent a fraction of the overall research, development,
and implementation work associateitwGIFT. We invite the reader to review the other chapters in this
volume, publications on GIFTTutoring.org, and other references described below, to get a sense of the total
body of work on the GIFT project. Major themes in this current, 2018 GIFT rigyotutle tighter integration

with wide-scale systems such as EdX and LearnSphere, further work in enhancing authoring, significant load
tests for supporting many simultaneous users, the first and second GIFT Summer Camps, an upcoming shift
to better convesational agents, and the move to individualized training for teams and during psychomotor
tasks.

WELCOME

First, to the new members of the GIFT community and new GIFT udatsicome! There are a number of
recommended resources that will help to orient tmthis project and ecosystem. GIFT has come a long
way since its original goals were defined in its description pgpettilare, Brawner, Goldberg, & Holden,
2012. First, we would encourage you to simply get started, as the tools and example coursesehave b
designed to try to be as easy as possible for the creation of intelligent tutoring systems.
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I f you struggle with any individual aspect of the
videos to try to help around the sticking points. Theme now around 20 such videos, available at the
following youtube channel URL:
https://www.youtube.com/channel/UCWtI_V8f2mN5XD6h2ICjsAA/videagich is the first result if yo
search AGeneralized Intelligent Framework for Tuto

help getting started, please consider the GIFT Quick Start GD&lesky, 201pas another place to start.

In addition to a Quick Start Guide, usable tools, and videos, there is support for developers in the help
forums and documentationThe GIFT use community is also invited to ask questions and share your
experiences and feedback on our forurhgtpg://qgifttutoring.org/projects/gift/boarfisThe forums are
actively monitored by a smakkam of developers, in addition to a series of Government project managers.
The forums are a reliable way to interact with the development team and other members of the GIFT
community. The forums, at the time of this writing, have over 1200 postings grahses.Documentation

has been made freely available online hdtps://gifttutoring.org/projects/gift/wiki/Documentatiprwith
interface control documentation
https://gifttutoring.org/projects/gift/wiki/Interface_Control_Document_2Q18 and a developer guide
https://gifttutoring.org/projects/gift/wiki/Developer_Guide_2018 These documents are updated each
software releaseThe concept document was also updated in 2017 (Sottilare, Brawner, Sinatra and Johnston,
2017).

CLOUD GIFT GENERAL R EPORTING

Cloud GIFThas now been up and running for the last two years. Increasingly, users start on the Cloud GIFT
instance to make and take their first courses. With minimal outages, the system has now been up for a
number of years. Whi | eefionrnd iwdu Braswey & @soshyp20bma s a
user expectations and general usability have demanded more mature software functionality from this
research projectWe have responded to the community demand for reliability in the Cloud GIFT instance by
increasing its accessibility significantly. We, the development team, did not anticipate that users would
author surveys with multipldwundreds of questions, open the teys up to 100+ users on Amazon
Mechanical Turk simultaneously, or other relatively hitgmand tasksThis is a good problem to have, and

we have taken several actions to harden the system to the level of robustness demanded from the community.

First, updites to GIFT Cloud now significantly precede the updates to the downloadable GIFT.
Downloadable GIFT still operates on them®nth developmental cycle, while Cloud GIFT is now operating

on a *day release cycle. This effort has required significantboéng to move to a dedesk, dewloud,

and production model. As a byproduct, the team responds much quicker to bug requests. These changes are
transparent to the end users but involve significant effort from the team. The latest stable regssdion

GIFT release is still available for download at gifttutoring.org, but a clone of what is available at
cloud.gifttutoring.org is always available upon request.

Second, as part of the move to Cloud GIFT developmental cycles, we have been coordinasirigsssrén

order to identify system weaknesses and harden against them. Early weaknesses were identified in survey
editing, survey requests, course validation, content upload, anddatiabasentensiverequests One nitial

stress tests of the systeshowed adew as 6 simultaneous usecsuld successfullyperform database
intensive operations. Modern tests after performance improvements have been made, at the time of writing,
are reporting on the order of magnitude of 100 simultaneous users. CHagmggs are transparent to the end

users but involvesignificant effort from the team.
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Third, as a part of hardening the system for research, the end use capability has been the ability to run
educational experiments with cloggployed software instantaously across the country. This capability is
relatively mature, and the author is aware of several such experiments which have beem 100-+witsers,

by the teams for Adaptive MOO(#aleven et al., 201)7 Long Term Learner Modelin¢Biddle, Lameier,
Reinerman, Matthews, & Boyce, 201&tructural Equation ModelinRobson, Ray, & Sinatra, 20}, he
After-Action Review (Brawner, Carlin, Oster, Nucci, & Kramer, 2Q18arlin, Nucci, Kramer, Oster, &
Brawner, 2018 andTutorial PlanningRowe, Pokorny, Goldberg, Mott, & Lester, 201 This capability is
available foruse bythe gaeral public.

Virtual Machines Available Upon Request

As part of the move to Cloud GIFT, we have a number of specialized processes which run in the background.
Figurel shows the current structure of the Virtuahdhine (VM) instances which operate Cloud GIFT. At

its basic level, GIFT runs on two VMs; a Windows VM for all of the core GIFT features, and a Linux VM
hooked up to an Amazon Relational Database Service (RDS) for the content. These items are what are
contained in the downloadable GIFT instance. In addition to the basic instances, however, are services for
monitoring GIFT; PiWik monitors user behaviors within the system, while the GIFT monitoring service
monitors usage for future performance improvemer@®FT now includes an instance to a Social Media
Framework (SMF) and Learner Record Store (LRS), which are based around Elgg and Learning Locker,
respectivel y. GI FT6s copies of these configturabl e
the authors would urge users to select their own instances of commercial sharing and data warehousing items
dependent upon their own individual needs; there is nothing tying GIFT to a specific SMF, LRS, PiWik, or
monitoring framework. We do not think b these items as core to GIFT, only that they are reported

outwards.
o KE

Linux Linux Linux

GIFT
monitoring

GIFT Runtime

GIFT Authoring

UMSI/LMS SQL
Db

Learning Locke
(LRS)

GIFT Linux Linux

Experiments

GIFT logs

Core Additional Usability
Features Reporting

Figure 1: Simplistic Diagram of Cloud Gift Items
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NEW INSTRUCTIONAL MO DELS

GIFT has historically been based on the Engine for Management of Adaptive Pedalgldd) ({rocesses.

These processes were based upon an extensive literature review which diagnosed the best types of content to
give learners, based on the traits of the content and learner. This framework has expanded to accommodate
Chi 6s i nt eructive tActivee and Rassives iCAP) framewadi®hi, 2009 Rowe et al., 2017
Within the authoring tool s, this expansion involve
Rules, Example, Recall, and Practice areas of the Adaptive Courseflow objamitent from this
remediation area, if require, is then given preferentially to content in the other areas. If no remediation
content is available, or all of the remediation content has already been given, the system will then give a
single piece of caent from the content within the other bins. This is a change to the behavior of the GIFT
adaptive Courseflow object in two manners:

1. Remediation content will be considered before other content when presenting remedial content.
2. Regardless of student peniaance, only one piece of content will be given prior to retesting

Existing courses are being automatically upgraded in order to use this instructional model, and two
instructional events have been added with the ability to be authored within the remezhatient bloclas
active/constructive activitiel highlight passage and summarize passage. The seamless migration from one
instructional model to another instructional model is one of the features of the GIFT system, was designed
from the beginningandis now put to the test

The move to this instructional model is based upon evidence of effectiveness and is being done in order to
support machine learning processes for the optimal selection of remedial content based upon the evidence of
effectiveness whin an individual course (observed effectiveness) as opposed to effectiveness based upon
research projects (theorized effectiveness). More about this project, its results, and the machine learning
processes which are being used can be foufi.i8. Goldberg, 2018

VIRTUAL HUMAN TOOLKI T (VHTK)

There are many probles wi t h t he AfAtal king headod process which
project. Firstly, we used this talking head for relatively simplistic reaisingas already being used as part

of the AutoTutor integration and using it by default linditetegration cost. Secondly, the character usage

was not an open source item, as opposed to the rest of GIFT. Changing the avatar, voice, or character
responsesisuallyinvolved paying Media Semantics a fee. Thirdly, the Media Semantics Character Serve

and Builder were required to run on Windows, which is also not open source or free. Fourth, Media
Semantics has discontinued support of the avatar for modern browser compatibility standards. In summary,

it costs money, costs OS maintenance, limits nesver adopti on, and isndt supp
created it.

For the reasons above, we have wished to switch to another virtual human technology. Previous efforts in
allowing GIFT to be more ontologgriven(Nye, Auerbach, Meta, Hartholt, & Fast, 20} have allowed for
us to use interchangeable agents, and were demonstrated at the last GIFT Symposium. The lack of
developmental support for the MSC forced our hand to switch to the new ontbiiegg agent processes.

The Virtual Human Toolkit(VHTK) is a collection of modules, tools, and libraries designed to aid and

support researchers and developers with the creation of virtual human conversational cliblicthels et
al., 2013. It provides a way for users to generate virtuaihans and integrate them across many projects.
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Experiments have been performed to assess the ease of the creation of agents, with outputs driving tool
design. VHTK is now available open source, and the characters that GIFT will use in the future lere VHT
based, with a VHTibased agent planned to be available upon the cloud before the publication of this work.

LEARNING TOOLS INTER OPERABILITY

In previously publication, GIFT supported opart of a fullLTI connection(Aleven et al., 201;7Brawner et

al., 20173. This functional enabled GIFT to be part of an EdX sgqusr any other LTI ConsumerA GIFT

course was run as part of an EdX course, through the LTI interface. EdX passed control of the module to
GIFT, students took the GIFT course, and control was passed back to EdX. This flow of connection makes
GIFT anfiLTI Provider. 0

GIFT is nowalsoan LTI Consumermeaning that it can serve the same role as EdX did for Gigontrol

during a GIFT course can be relinquished to an external training application, such a Cognitive Tutor
exercise, and then returned back@t-T with score reporting, which can be used elsewhere in the GIFT
courseper configurable assessment shown withigure 2. This information can then be used later in the
course.

@ Course Properties

o Course Objects e meeeeeemeeee—— ¢ neto wona -
¥ 1
——— @ information as Text + LT Provider I | LmProvider LT Provider Media Tille i
) & s hello world - no score
.mgm image Example Guidance —*! hallo world - no score hello world - no score (1) simple course - score el .
ext A :
H

: LTI Parameters
LTI Identifier* @

provider 1 (pusic) -
. . mescccsacscca=s : LTIURL" @
ﬂTI Provider ﬁlnfunmlicm as Text : hitp/H0.1.21.186:8080/dashboard/i
hem control end d + LTI Custom Parameters: @
] Koy Value [+]
! L , T

------------------ id 0750a6e-7d33-48b 9a9a-551) [
[deta_set_ia (dbedled 0695-4685-9118-a5 [

Web Address Local

Webpage

I
-

[

YouTube
Video

POF

»

LT Provider

Slide Show

Scoring Properties
Powerpoint | | SurveyiTest
i = Allow LTI provider lo retum score @

Learner State Aftibute*
skl

[ |
H

AutoTutor
Conversation

Conversation
Tree

Select the concept(s) that will be tested for this LTI *
@ concepta

[
Media
Collection

conceptb
Question

Bank Score needed to reach a particular expertise level on each
concept:

e i
W
Adaptive
g w‘ - m Expert
(20171 0.32% 33.63% 64-100%
v
]
Display Properties
€3] Media Display Mode:* @

[infine v

B Show Message What's this?

L"i B Uu I W @=E= =
a a & L here are same instuctions

Remaining Space: 813 MB v

Figure 2: LTI handoff interface

LEARNER RECORD STORE

For a number of years GIFT has supported the functionality of reporting data to a Learner Record Store
(LRS) in a configurable xml file. By default, this redirected to a publicly accessible LRS. At the time of
writing, Figurel1 shows the connection of GIFT to a hosted LRS, which is now in active use in Cloud GIFT.
A sample of the authoring and user interface settings for GIFT is showigure 3. The coming
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developmental cycle will see the use of LRS data for filtering courses and for pulling learner information for
future courses; creating an overarching learner profile used in many pleR8sdata is planned to be able

to be used acrgsa wide variety of other systems from other Governmental agencies, such as within the
Competency and Skills System (CASS).

o ¢ @  Hello World J

] LRSTest

~ L}
@ Information as Text I | Surveyi/Test 1
1 ] # Edit | X Remove
Example Guidance 1 LRS Test :‘ Test
1 1
’ L]
............... ¥ Options
) Display in full screen mode [ l
— s
@ Show
in the
Disabl
@ Mak iy
: T——
- g

Figure 3: LRS Survey configuration and user experience

AUTHORING

The previous GIFT Symposium put forthetidea of creating a GIFT Course Wizard, which walks a novice
author through the process of creating a course, eventually leading them to a created course on the existing
course creator pag®lurray, Pico, Redmon, & Rowan, 2017This process has not been implemented, but
efforts have been made to streamline the authadaly, and to help novice authors with the creation of the
Quick Start Guid¢Ososky, 201pand the GIF YouTube video series mentioned earlier.
The most challenging area of authoring remains to be the authoring of the assessment logic which occurs
within simulations. In the public example GIFT courses, the reader can see assessment logic configurations
for the following, with the following:
1 PowerPoint courses
o over/underdwell assessments
T Unity simulations
0 Assessment based on butiditk events
1 Medical training scenarios

o0 many domairspecific assessments, such as time to apply tourniquet

o Assessment is harell with external assessment engine called SIMIM&Il & Goldberg,
2014

1 Excavator training scenarios
o0 Assessment based on movement of the machine

I VBS training scenarios
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o0 Assessment based on learner movements and actions

The overwhelming challenge is how to support authoring of this diverse set of assessments, without
requiring coding knowledge, in a manner independent of the simulation, preferably while authoring
simulation scenarios. Further, this functionality should be available for domain experts who are not experts
in instruction, simulations, or GIFT.

Technically, whathis authoring tool authors is a Domain Knowledge File, which contains a hierarchal task
breakdown of the domain in the form of tasks, conditions, and standards. In the authoring tool, at the time of
writing, this is <call edis authofeR asad series ahdask# Leneepts anelnt o
Conditions. A project for building this capability has been ongoing and the functionality that is has
developed is reported elsewhere within these proceeffind3avis, Riley, & Goldberg, 20}8 as requested

and needed in the previoudFFSym proceeding¢F. C. Davis, Riley, & Goldberg, 201Dsosky, 201}

The functionality of the new tool is anticipated to be deployed in the upcoming GIFT release.

UPCOMING RESEARCH DI RECTIONS: TEAM AND P SYCHOMOTOR
TRAINING

Part of the goal of the GIFT projeistto expand tutoring systems from relatively wadfined domains to Hl
defined domai ns, from desktop training to fAin the
training. This is part of the military interest in intelligent tutoring tedbgiesi Warfighters train as a

group, and within the training environment.

Team Training

In the realm of team training, the GIFT project has recently finished a project reviewing the literature for
what works with team instructiofRA Sottilare et al., 2097 Further,a number of small studies of teams

were completed by the team at lowa State Univer$ijbert et al., 201} These research studies were

useful for te initial assessment of the team models, although are lacking in a number of manners. As part of
these research discoveries, the systemis beiagrree hi t ect ed i n a manner so as
tutoring being role specific, but not teamenber specific. The reasoning behind these decisions can be read
within other research papeiBrawner, Sinatra, & Gilbert, 20)8 Specific research implementations can be

read elsewhere within this proceediri§matra, 2018

Psychomotor Training

Psychomotor, or fAin the wi ledréason foranilitaiy ingestmests imthes i g n i
intelligent tutoring technologies. As part of this effort, work within the domain of marksmanship has been
well-published(B. Goldberg, Brawner, Amburn, & Westphal, 2014Since the previous GIFTSym, the

GIFT project has put measures in place to support training of tactical bre@liimgSottilare, & Brawner,

2018 and land navigation. It does so through the use of a mobile application which reads and reports sensor
data for physical actions or positioninmgspectively, reported to the GIFT server. In prototype fashion, this

has worked for one experiment, and a second experiment has been scheduled. The GIFT Mobile App is
available upon request, but, at the time of writing, has not been fully tested dbofatity.
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OTHER NEW FUNCTIONAL ITY

There are a number of other features which have completed their experimental and developmental cycle are a
now either scheduled for integration and deployment, as urged in prior GIFTSym publications, or completed.
For the sake o€ompletenesghese are included in the below list:

T
T
T

Copy Course, downloadable in the latest release, deployed to Cloud GIFT

VBS3 support, downloadable in the latest release

Unity support, downloadable in the latest release

Importing surveys fronQualtrics, downloadable in the latest release, deployed to Cloud GIFT
Microsoft Band support, downloadable in the latest release

Adaptive After Action Review(Brawner, Carlin, et al., 2018Carlin, Brawner, Nucci, Kramer, &
Oster, 2017Carlin et al., 2018 scheduled at time of writing

GIFT AND IEEE STANDA RDS

Aspartoft hi s year6s GIFT Symposium, there is an assoc
will be among those which occurred over the course of the year, including telephone gadissoim

meetings, proceedings presentations, and othivitess. The IEEE Learning Technologies Standards
Committee, with support from the GIFT community and the Government, is now seeking involvement in
standardization activities. The GIFT community invites the reader to join the conversation on what data
exchange standards for learning technologies might look like in the fiutdhere is now active IEEE
community on the subject, to which the GIFT project is contributing meaningfully. Interested readers are
encouraged to go to www.instructionalsciencesartipe IEEE LTSC meetings to become involved.
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Potential to Migrate ElectronixTutor to GIFT

Andrew J. Hampton?, Xiangen Hu!, Arthur C. Gr aesset, Zhigiang Cai', & Andrew C. Tackett!
The University of Memphis, Institute for Intelligent Systéms

INTRODUCTION

Integrating disparate learning resources into a common framework presents several standard challenges. The
learning resources are potatly diverse: texts, videos, diagrams, VR, omgrmed and multiplehoice

guestions, natural language tutoring, simulations, and so on. How do we equate progress from one system to
another? How do we assess a | e andaocossdesougasdHpw @dosve wi t
recommend the best way forward for the learner? How do we handle different roles of users? All these
critical questions have answers arising from the structure of the Generalized Intelligent Framework for
Tutoring (GIFT; Sdilare et al., 2012a; 2013). However, if a system has not been created in GIFT from the
ground up, the potential for migrating into that structure requires careful consideration.

ElectronixTutor represents the culmination of several years of developmeelecgtrical engineering
intelligent tutoring systems (ITS) (Graesser et al., 2018). In the Office of Naval Research STEM Grand
Challenge, the University of Memphis is leading an effort to integrate several separately developed
computerbased learning aiden the topic of electronic circuits. The resulting system constitutes an
expansive, adaptive pedagogical tool with the potential to substantially elevate conventional instruction. This
paper discusses the commonalities and differences of ElectronixTndoiGET, with an eye toward
migrating the innovative functionality and breadth of the former into the standardized structure established
by the latter. There are two primary reasons for this migration: (1) To improve the quality of existing content
by following GIFT standards, and (2) To allow easier expansion of content and learning resources.

COMMON FEATURES IN E LECTRONIXTUTOR AND G IFT

Current implementation of ElectronixTutor is in the form of Moodle (version 3.4.1). Moodle (Dougiamas &
Taylor, 2003) isa learning platform or course management system. It is a free open source software package
designed to help educators create effective online courses based on sound pedagogical principles
(http://wvww.moodle.oryyard it is now the most popular adapted open source learning management system
worldwide, notably used by US government agencies such as Advanced Distributed Learning and the Office
of Personnel Management.

GIFT (www.gifttutoring.org) is an empiricalpased,serviceoriented framework of tools, methods and
standards to make it easier to author compodsed tutoring systems (CBTS), manage instruction and
assess the effect of CBTS, components and methodologies (Sottilare et al., 2012b). GIFT is beingldevelope
under the Adaptive Tutoring Research Science & Technology project at the Learning in Intelligent Tutoring
Environments Laboratory, part of the U.S. Army Re:
Directorate.

There are highevel similarities letween GIFT and ElectronixTutor. The similarities include, but not limited
to:

1. ElectronixTutor (as a Moodle implementation) and GIFT are open source and highly used by

learning organizations. While Moodle is used widely by various learning organizations,
ElectronixTutor and GIFT are primarily for the government/military of the United States.
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2. ElectronixTutor (not necessarily Moodle) and GIFT are especially designed to integrate theory
driven, researchased learning resources.

3. ElectronixTutor and GIFT usehé same standartmsed learning behavior data repository.
ElectronixTutor utilizes a module to connect Experience Application Programming Interface (xAPI,
Advanced Distributed Learning, 2016) and a Learning Record Store (LRS, such as LearningLocker,
https://learninglocker.ngt/GIFT has a utility that sends xAPI statements to the LRS.

4. ElectronixTutor and GIFT have a Learning Content Management System withnbaiithoring
tools for native learning resources

DIFFERENCES BETWEEN ELECTRONIXTUTOR AND GIFT

There are a few distinctive features that differentiate ElectronixTutor (Moodle) and GIFT that need special
attention when we migrate ElectronixTutor to GIFT. Some of the distinctions are technologicalré natu
whereas others are based on application details.

1. Moodle and GIFT are implemented using different underlying technologies. The Moodle interface is
HTML5 generated by PHP pages with a backend mySQL relational database. The open source
nature is applicdb to almost every aspect of the application, including module integration and a
look & feel theme integration (and responsive design) that fits a variety of client platforms. GIFT
was originally designed for military use and has much more restrictedlyinddechnology. It is
less flexible, but more stable with specially designed modules.

2. Moodle is optimized as an Internet application and best used as a bbmgsedrapplicatidn such
that there are no limitations on the source of the learning masariaing as it is accessible. GIFT
has two versions: a clotlthsed version and standalone version. While the dbasdd version is
similar to Moodle, where there are no special limitations on the source of the learning content, the
standalone version lirts the source of the learning content. This limitation requires that all learning
resources are from authenticated sources (in the current implementation of GIFT, they need to be
from *.gifttutoring.org). This limitation will have some impact when we raigrElectronixTutor to
GIFT, if we want to have a GIFT version of ElectronixTutor as a standalone learning platform.

3. The GIFT domain knowledge is an XML file that contains the information needed to execute a
single lesson. The information in this file issential for other GIFT modules, such as the learner
module and the pedagogy module. ElectronixTutor does not have (and is not intended to have)
detailed information within each of the integrated learning resources. For example, when
ElectronixTutor selest one of its component resources, such as AutoTutor or Dragoon,
ElectronixTutor only uses limited information from the instantiated lesson because it is run on a
different server and may use a different pedagogy. ElectronixTutor only requires that tieglear
resource returns a value of 0 to 1 on an associated knowledge component and/or topic.

! There are mobile applications made for Moodle, so there is-movser version of Moodle. hever, the
viewing of the learning content still uses a browser on mobile devices.
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SYSTEM MAPPING FROM ELECTRONIXTUTOR TO G IFT

Given the similarities and differences between Modmdleed ElectronixTutor and GIFT detailed above, we
consider the fobwing mappings between ElectronixTutor and GIFT.

From ElectronixTutor Knowledge Components to GIFT Concepts

The substantial challenge in creating a single, sensibly integrated system like ElectronixTutor includes
determining a way to have the componenstegns communicate with one another in a mutually
comprehensible way. To do this, we use Knowledge Components (KCs) as basic units at the conceptual level
(Koedinger, Corbett, & Perfetti, 2012). These KCs map onto skills or information in electrical emgjnee

and periodically appear in a given learning resource. Each learning resource can contribute a score (varying
from 0 to 1) on a given KC or combination of KCs for a problem presented to the learner. Scores contribute
to the | earnern@atkKC.evel of mastery o

KCs are analogous to the GIFEEDnceptwhose assessments are conveyed via game state messages. This
structure allows them to be integrated as game state messages with two variables: name and value. In a
migrated GIFT/ElectronixTutor system, theessageTypeEnumo ul d be updated to incl
as a message type, which would be the message type sent each time a learner completes an item and
generates a KC (concept) score. Conditions that assess the game state messages could simpdy return t
name/value pair provided.

From ElectronixTutor Learning Resources to GIFT Modules/Lessons

ElectronixTutor includes several distinct learning resources that range from ITSs to conventional learning
aids. They include simple multiplshoice questions thgtrovide feedback and adaptivity (BEETIE
LearnForm), questions on skill building (ASSISTments), component manipulation and simulated circuit
problems (Dragoon), and conversational deep reasoning and knowledge checks (AutoTutor). These
intelligent and daptive systems complement more traditional static resources such as topic summaries and
Navy manual readings (NEETS). These learning resources are analogous to the GIFT Learner Module. Each
learning resource could be integrated as a course object.

Of all these modules, some (such as Dragoon and ASSISTments) are integrated as external applications.
Others (hypertext such as videos, slides, etc.) can-hathered and improved using existing GIFT course
objects for topic introductions, and conventional syssor tests for assessments. The most complicated
resource, AutoTutor, is already an object as part of GIFT. As we have pointed out earlier, if ElectronixTutor
resources are external (such as Dragoon and ASSISTments), they will not be available forddlerst

GIFT unless they are implemented with the authenticated servers (such as *.gifttutoring.org).

From ElectronixTutor Resource Organization to GIFT Domain Course File

In ElectronixTutor, learning resources are organized by our Recommender Systéuimjrmpmypical course
progression and user characteristics to identify optimal next steps. These take the form of Topic of the Day
and Recommended Items. Users can alsodsett learning. Within GIFT modules, learning resources
within a course are orgaed by a domain course file. A domain course file is an XML file that contains the
information needed to follow a single course, which may contain one or more lessons. The domain course
file allows substantial control and flexibility in determining thewfl between course objects. Externally
integrated learning resources and Glf&tive resources are organized in the domain course file (in the form
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o f XML) . El ectroni xTutorbés resource organization
equvaent , so that ElectronixTutoré6és Recommender Syst

Topic of the Day

Determining what content to present to the learner at a given time is handled by our Recommender System.
This pedagogical component considers a typical progregsicugh electrical engineering education

(roughly equivalent to a syllabus), where the learner has exhibited proficiency (from the Learning Record
Store), and on which types of learning resources the learner has performed well or poorly. Topics always
begh with a topic summary to orient (or reorient) the learner, then progress to a conversational reasoning
guestion. These fall roughly in the uppeiddle of the difficulty spectrum among the ITSs and hold the most
potential for discriminating the level ofrgficiency among aspects of a single question. Based on
perfor mance, the Recommender System can send wuser
Adownod to multiple choice, decomposed circawms,t prob
and possibly to summary static readings. This process involves differential determinations based on KCs
constituent to the topic, so excellence in one area does not supersede the learning trajectory of another topic.
The selection of learning resousce f or t he topi c of t h epeddgngicalmoduld. d be |

Recommended Items

Recommended items are generated from a combination of learner KC scores-definpcerules. Among

these rules, topics ar e ncesceafallelmklow dthresholt. dlexrteeis@s t o
focus on underperforming knowledge components. Topics with medium performance scores and individual
knowledge component scores below a threshold are recommended. In addition, we include an option to
iputsthe envel opeo, where | earners who often perfor
hi gher intrinsic difficulty. Finall vy, we have mot
dweller is defined by topic performance scores ofteruwory below a threshold whereas motivation is
determined by falling outside of processing time thresholds. The Recommender System is more complex
than expressed here, but it is beyond the scope of this document to give a full specification.

These rules #t the Recommender System uses are analogous to some but not all of thetr@t€ies.

More generally, the Recommender System is handl ed
as such in our migration. F u rratibndor learner lamitud® ercvariouse n d e r
learning resources could dovetail with the ICAP framework (Chi & Wylie, 2014) available within GIFT.

This framework delineates stages of interactivity with a learning systataractive, constructive, active,

and passed that correspond neatly with current learning resources.

CONCLUSIONS AND RECOMMENDATIONS FOR FUTU RE RESEARCH

ElectronixTutor is currently implemented within the open source Moodle infrastructure. Moodle provides
different user roles, a common housimgrf | ear ni ng content (in the dac
community of users from which to draw inspiration or consult on obstacles. But Moodle does not afford
analysis and alteration at a figeained level, a positive feature of GIFT (Sottilare et2013). This paper

identifies some of the structural similarities of ElectronixTutor and GIFT at aléigh specification with

the ultimate goal of migration to GIFT. Our focus now turns to how that migration can proceed.

The challenges listed aboveydatheir respective solutions in the current manifestation of ElectronixTutor,
have many similarities to the GIFT architecture.
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Learning Record Store. Both use xAPI and serve the purpose of informeirsystem of user characteristics
relative to the system. The Domain Module in GIFT corresponds closely to the knowledge components and
topic mastery adopted in ElectronixTutor. These dorspigcific aspects of learning serve as the currency to
evaluate larner progress. That progress is managed in GIFT by the Pedagogical Module, structurally similar
to the Recommender System described above.

We are exploring the process of migrating ElectronixTutor from the Moodle infrastructure to GIFT. The
primary chalenges lie in the details. For example, the custoatle Recommender System serves a similar
function to the Pedagogical Module, but the pedagogical rules are not exactly the same. Likewise, Moodle
presents the Learning Resources in an idiosyncratic wly unclear mappings to GIFT interface structures.
This paper describes a preliminary evaluation of the challenges and opportunities for integration of the
ElectronixTutor system within GIFT.
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INTRODUCTION

Adaptive Training is intelligently tailored, compuiguided experiences for individuals and units focused on
optimizing training performance, training efficiency, deep learning, and transfer of skills to theooypérat
environment. Training adaptation is mtfliceted. For example, training must adapt to the needs of the
individual trainee as welas organizational groupings of trainees (e.g., an Army unit). Training must be
tailored based on traineend teamstate (cognitive, affective, social, etc.) and to traineed teamtask
performance. Adaptations might be determined and delivered in real time during training events or
determined through assessment of learner data over extended time and delivered pef(iatiaaidt time).
Adaptations may seek to inform and optimize instructional strategies both during training diné off
(between training sessions). From a "training systems" life cycle perspective, the adaptation approaches must
seek to optimize trainingver learnerand teamlifecycles through optimal blending of training types and
modalities (e.g., computdrased, gaméased, simulatiobvased, Live, Virtual, Constructiveand Game
(LVC&G), etc.). A central barrier that impedes increased use of adapéi€raining is the time and cost
required to build and maintain thesemplex training applicationg.his paper describes an ontolegsven
frameworkmethodthat targets this challenge. The paper dessritjean ontologydriven method fohybrid
(multii-domain, multitask, multiobjective)adaptiveteamtraining; (i) an enhance&eneralized Intelligent
Framework for Tutoring (GIFTarchitecture to support the hybrid adaptive team training method; (iii) sensor
and task based individual and team perforcgaevaluation approach; and)(ikrybrid adaptive training
applicationexamples that stw the practical benefits of thmethod

Current simulatiorbased training systems are incapable of dynamically generating and maintaining
scenarios in an instructionglsound manner. Instead, scenarios are {taaited, static representations of
training and mission contex(Benjamin et al, 2012) The research described in this paper targetmthig-
domain teamadaptive training challengi the ability toaffordabl build training applications in different
domains thatdynamically adapt training to rapidly changing learner needs. Idige term goalof our
research iso establish anulti-domainteam adaptive training capability suitable for application tcadety

of warfighter contexts.

MOTIVATIONS

Current simulatiorbased training systems are incapable of dynamically generating and maintaining
scenarios in an instructionally sound manner. Instead, scenarios arerafied, static representations of
training and mission context@Benjamin, Akella, Malek, & Fernandes, 2005)he research described in this
paper targets the muliomainhybrid teamadaptive training challenge the ability to affordablyexecute

team trainingsn different domains that dynamicaladapt to rapidly changing learner needs. The long term
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goal of our research is to establish a mdéitmainadaptiveteamtraining capability suitable for application
to a variety of warfighter contexts.

Federated military simulatiebased training exeises typically require the exchange of information between
multiple warfighter functional areas and echelons. The complexity of mediating these information
exchanges is intensified because of the multiplicity of simuldiased training tools and systethst are
required in such training exercises.

Simulationbased training models require the representation of complex information structures. The
information contained in these models depends on a systematic connection between the components of the
representation and the real world. It is this connection that determines the semantic content of the data being
represented. Generally, the semantic rules of a representation system for a given application of a simulation
based training tool and the semarnititentions of the tool designers are not advertised or in any way
accessible to other agents in the warfighter organization. This makes it difficult for such agents to determine
the semantic content of the simulatibased training models. We refer tostas the problem afemantic
inaccessibility(Benjamin et al, 2005) This problem often manifests itself in different ways, including
unresolved ambiguityas when the same term is used in different contexts with different meanings) and
unidentified redndancy(as when different terms are used in different contexts with the same meanings).

An important practical problem ishow todeterminethe presence of ambiguity and redundancy in the first
place? In other words, how can we assess the semansanidhtiortbased training data across different
contexts? How can we define the semantics objectively in a way that permits accurate interpretation by
agents outside the immediate context of this data? Our focus in this paper is to provide a soldtémth app

to address this problem for simulatibased adaptive training applications that use GIFT.

GIFT

The Army Research Laboratory (ARL) is develop@®t-T as part of its adaptive training research program.
Adaptive Trainingg s Ai nt el | i gnputekglided experiehcesrfee mdividuale and units focused

on optimizing training performance, training efficiency, deep learning, and transfer of skills to the
operati onal (Sottilare,i2014) n melm taldarpit rag i @aol-facetedn Fokhe trainee, the

delivery of training must adapt to individual trainee reeas well ago the organizational groimms of

trainees (e.g., an Armynit). Training must be tailored to trainee state (cognitive, affective, psychomotor,
social, etc.) and tdrainee task performancéottilare, 2013) Adaptations might be determined and
delivered in real time during training events or determined through assessment of learner data over extended
time and delivered periodically (nemal time). Adaptations mageek to inform and optimize instructional
strategies both during training and-tiffe (between training sessions). Training content adaptations might

be automated, semautomated, or human (instructahjiven From a 6training S
perspetive, the adaptation approaches must seek to optimize training through optimal blending of training
types and modalities (e.g., compubersed, tutebased, gambased, simulatiobased, live trainingpased

etc) |l n support of AR Lséach @RI aspeing developed aspemsourgpsoftware

with a modular architecture whose goals amer¢duce the cost and skitbquired for authoring adaptive
training and educational systentg,automate instructional delivery and management, and velaje and
standardize tools for the evaluation of adaptive training and educational technologies.
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ONTOLO GY-DRIVEN METHOD FOR HY BRID TEAM ADAPTIVE
TRAINING

The ontolgy-driven method for hybrid team adaptive trainiisgsummarized usinghe IDEFO function
modeling methodFigure4).

<;§Adapﬁva Training Needs J2Resource Availability

Establish and
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Figure 4. Ontology-Driven Training Application Integration Method

The steps of the ontologgriven training application integration approach are: 1) Estalsiedl Maintain

GIFT Ontology; 2) Establish Hybrid Team Reference Ontologies; 3) Determine Ontology Mappings; 4)
DetermineHybrid Team Training Flow; 5) Evaluate Hybrid Team Performance; and 6) Adapt Hybrid Team
Training. These activities are describedjirater detail in the following paragraphs.

Establish and Maintain GIFT Ontology

The creation and maintenance of a GIFT ontology is an important first step towards buildinrgr@t#ad
integrated simulatiofbased training applications. The multifaceteéF TGontology includes concepts such

as course, scenario, task, assessment, and conditions, in addition to classes, vocabulary, and attributes
(Figure 5). An important aspect of the ontology are the relationshgtsvden the concepts and the
cardinality restrictions of GIFT attributes. An initial I ontology has been developed (Benjamin et al

2016) Once the GIFT ontology has been developed, it needs to be maintained over extended time.
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Figure 5. GIFT Ontology Fragment

Hybrid Team Ontologies

This important activity formulates mappings between the GIFT Ontology anmshtbigies of the team or
teams involved in the trainindgrigure6). Note thatfor a given military training event, a federation of several
simulation tools and models often need to be integrated and made to work togetheffecdvemanner
that addresses the warfighter training objectives.

GIFT Ontology

Team
Training

Ontology

n

Team
Training

Ontology
3

Team
Training

Ontology
2

Team
Training

Ontology
1

Figure 6. Mapping Team Ontologies to the GIFT Ontology

Sucha methodesulsin a framework that is configurable differenttarget domaisthrough the insertion of
an ontology of that target domain. We refer to this reconfiguration strasdgy the terntontology-based
The basic idea is to create and maintain an adaptraéing reference ontology thas utilized to
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semantically determine and mediate the needed data and information exchanges between the adaptation
framework elements and the core trainingteys elements. Additionally, the ontology provides the
adaptation framework with the domain knowledge required to evaluate team performance (using both task
and sensor based methods).

Example Hybrid Team Ontology

An example application ontology for hybrabaptive team training is shown kigure 7. This ontology

includes various components of an intelligence domain team interacting with a medical team to execute
attending to wounded during attacks. The ontology is not mearg twimprehensive but is intended to
provide basic constructs of an ontology that is useful for hybridisdaihan adaptive team training. The
ontology includes team member roles, training applications, tasks, dependencies (e.g. member 1 task 1
triggers menber 2 task 2), and evaluation methods. If this type of ontology model was to be utilized by
GIFT, it would need to be mapped to various components of the GIFT domain knowledge files (DKFs) for

each member of team.
@ .’ha shMember ﬂ‘h:g[mﬂnr
[ ]
. ®
hasMember

tr2insOn hasMember hasMember

hasMembe tramson trains
iy s0n
Mission Intel hashlember trainsOn

Squad Leader

hasTask  pasTask
hasTask ~ hasTask

hasTask
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Communicate
with MIC

Aftend to
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sendRequest Wounded triggers

Convery Cover Medic
Intelto Squad
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[ ]
Close Air Support [Monitor Battlespa [
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Communication
with MIC

MQ-1 Geolocatio Cognitive
Workload

Figure 7. Notional Application Ontology Example for Hybrid Adaptive Team Training

Team Performance EvaluationApproach

The methodincorporates the fusion of both sensor and task based team performance evaluation. Using an
ontology (or set of ontologies), a systenclsas GIFT would help with the extraction of the necessary
domain knowledge for robust hybrid team performance assessment. The method utilizes Bayesian data
fusion techniques to integrate team sensor and task data in order to determine overall tearanperform
scores.
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SensorBased Team Training PerformancEvaluation

The senscebased performance evaluation activity involvés measumg cognitive indices from multiple
sensors; and (i) inferring cognitive states and trainee learning conditions usingenoitidata fusionThe
reference ontology is used: t) select a set of cognitive indices and cognitive states relative toathingr
application objectives; (ii) adaptmulti-sensor data analyses suite to determine values of the selected indices
and states; and (iii) map the cognitive states to traameletearmearning conditionsFigure9 shows a high

level concept of sensor data information fusion. It is assumed that artifeimhl networks (or other
analytical methods) are being utilized within the sensor module to evaluate learner state based on data

coming from sensors.
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TaskBased Team Training Performance

The taskbased measuremeragetied to: (i) the overall mission outcomds) individual trainee skills and

(i) team skills The reference ontology isdh utilized to determine how specific task data applies to the
outcomes and skills (both individual and team)yuke-based approads thenutilized to encode the logic to
compute the values of objective metrics from training system output data.

Team Trining Performance Evaluation Example

for a proof of conceplemonstrabn implementation ofmulti-domainadaptiveteam training using Tactical
Combat Casualty Care Simulation (TC3 Sim) tabke Generalized Intelligent Framework for Tutoring

(GIFT) softwa r e, and KBSI

6s MAESTROE (I SR tr susedtorgm t ool )

battlefield medical evacuation training scenario where the trainee is a medic who is embedded with a unit
patrolling hostile streets. The squad leader is taskedladtiing the village elder to discuss oppaoities

for local support and humanitarian aid.

Intelligence reports indicate possible insurgent activity in the

surrounding buildings. The unit is to secure the area wlisissionsire held to improve sdfe When the
unit is engaging insurgents, the medic should apply proper techniques of care under fire and tactical field

care where appropriate.

In parallel, MAESTRQs training intelligence personnel to gather fimle

hostile data, process them, deed situational awareness information to the squad leader in the TC3 Sim.

The functions supported for training in

the MAEST®GOscenario are ISR supported liye Mission

Intelligence Commander (MIC), CAS supported by M@nd A10 platforms, JTAC who ab interacts with
the squad leader in TC3 Sim scenario, gredsround Force Commander (GFC).

In this notional multidomain team training, two sets tafskedbasedperformance evaluation metribswve
been designed, one set of metrics for fi&R Teamtraining in MAESTROM and the second set of metrics
for the Patrol Team training in TC3 SimThe metrics for thdSR Teaminclude: (1) did the MIC review the
COP and send out follow up information on time? (2) did the MIC send the message to the riglt (8rson

did the MIC follow up with the person

to whom he send the information? and (4) did the MIC use

communication standardswith brevity and using the rightterminology) while relaying infornteon?

Example metrics for the Patrok@m include: (1) was ¢h

(distance and time) did the team violate

criteria Astay closeodo vio
safe distance from building? (3) did the medic stop bleeding and

stabilize victim? (4) did MEDEVAC process get initiated at the right time? and (5) diBatrel Team
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leader send acknowledge message to the MIC after receiving recommendations? Each team is evaluated in
their own environment and corrective (adaptation) strategiesused ineach environment to rectify
deficiencies. The advantage of using a mudtbmain team in this example application situation is that there

is real synergy with different team membeosnplemeringe a ¢ h ot hwehile@mpemritfelfy warking

to achieve overarchingnd sharedhnission goals.

In addition to the taskased perfamance evaluation criteria, sendzased measurements are also captured to
determine the cognitive state of the MIC and the Medic. Example metrics for the ISR Team include (1)
maintaining acceptable stress levels, (2) fatigue management, and (3) atesstiidetrics for the Patrol

Team include (1) limitinghervousnes§ f or exampl e, mani fested O0shakingé
(3) maintaining acceptable stress levels.

Once the team performance evaluations are completed using the metriésedesarlier, the individual
trainees and the teams are 06gr adeweé.usedoTdatammene s ul t s
adaptation strategies for (1) ttveo teams in MAESTRO and TC3Sim;)(the ISR Team in MAESTRO; and

(3) the Patrol €am in T3 Sim. To illustrate, suppose that théiC does not use communication standards

to relay information andhat theunit leader does not acknowledtie message after receiving information

from the MIC, then recommending thaboth the teams (ISR and palreohustr evi ew Acommuni ¢
standar ds o | e aexample @f amuppridtes addptationastrategy. An example adaptation
strategy for thdSR Teamis as follows: whernhe MIC is overwhelmed écause ofinformation overbadg

he'shemay not relaytimely information to hithersquad leader. To rectify this deficientlye ISR Teanis

introduced to severaddrillsd (simple scenarios) to help therachieve higher levels of thBsi t uat i on a
awar e n e slfstis obsdnied that a Patrole@m, in T3 Sim, is violatinghei st ay c¢cl osed <cr i
the instructorwould relaxt h distadcemargird  arderto help the team gehore familiar with the team
coordination effort antb betterrecognize uncertainties.

A GIFT -BASED ARCHITECTURE FO R MULTI -DOMAIN TEAM
ADAPTIVE TRAINING

This section describes the two conceptual design options of a-l&a§dd architecture for mulfiomain
hybrid team adaptive training using task and sensor based performance evaluation.

Overview

Currently, GIFT supports traing in various domains with performance evaluations and adaptations specific

to the training applications in those domains. Our goi enhance and extend GIFT so that it will be able

to support multidomain hybrid team adaptive training without the chéer teamspecific extensions to

GIFT. In order to reach this goal, we hadesigneda method (outlined in the previous section) and
differentarchitectureoptionsfor extending GIFT to support muiomain hybrid team training. As noted in
theprew ous secti on, the ontologies provide the basis
appropriatelyadaptthe training content In GIFT terms, this would mostly involve an extension/pinig

utilized by the Domain Module. At the point of wimig this paper, it is assumed that GIFT is being / has been
extended to support team training (e.g. Team DKF, Team Model, and Team Pedagogy).

GIFT Architecture Extension Option 1

The first potential architecture extension (ségure 10) is the less complex of the two options identified in
this paper. It would include only extensions to the existing GIFT code base, with very little modification of
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the current code. This architecture would contain three new components/plugiosssel) an Ontology

Mapper; 2) a DKF Builder; and 3) a Bayesian Fusion Engine. The Ontology Mapper would be utilized to
map a team ontology to the GIFT ontology and the DFK Builder would build appropriate DKF files (both

team and individual) baseddmé mappi ngs. There would then be pic
team and individual training execution agxhluationcomponents. The third new component, the Bayesian

Fusion Engine, would be utilized by the Learner/Team Module to fuse indhaahgd team states into overall

team performance states. I n order for the Bayesia
DKEF file would need to include state weighting information.

Legend

Sensor Module

Domain Module

Ontology

DKF Builder Mapper

Learner/Team
Module

Individual DKFs Gateway Module

Bayesian Fusion

Engine

Figure 10. Option 1 GIFT Architecture Extensions

GIFT Architecture Extension Option 2

The second potential architecture enhancementHigeee11) would require more extensive modification to

the existing GIFT code basé his architecture would contatwo new components/plugirservices 1) an
Ontology Mapperand?2) a Bayesian Fusion EngineAdditionally, the Domain Module would have to be
modified so that it could not only interpret/read DKF files, but also various ontology files and forhmet.
Ontology Mapper would be utilizetty the Domain Moduléo map a team dalogy to the GIFT ontology.

The mapped ontology would then be utilized directly by the Domain Module to configure domain specifics
of GIFT training sessionsFurthermore, similar to Optioh, the Bayesian Fusion Engimeuld be utilized

by the Learner/Team Module to fuse individual and team states into overall team performance states.
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Figure 11. Option 2 GIFT Architecture Extensions

Example: Maestro™ with GIFT and TC3 Simfor Multi -domain TeamTraining

Therot i onal scenar i eBacsuwetdl iTneeadn iTrr atine nfigT aPsekr f or manc e 0O
here.The previously descried architecture options would support this training example in GIFT. For the
example, we will refer to the overall team, whicltludesthe ISR Team and the Patrol Team, as the Hybrid

Team. In Figure 12, the image of ground assault teams engaged in mission is presented as (Common
OperationalPicture) COP inject to the MIC in MAESTR®. Looking at the image, the MIC should relay

this information and follow up action (recommendation) to the unit on the ground within reasonable amount

of time so that the relevance of the information remaingseatirand timely. The recommendation can be
relayed either via chat message audio messageand a notional message for this situation can take the
form of fAYou, siay eloser to the iildipgas1eld st ay out of sidoht. O
GIFT software which is routed to the TC3 Sim scenarmo evaluated by the learn module as a correct
responsedt expectation As the unit is patrollingsuppose that alED goes off at a distance and shrapnel

hits a member of the unit. The medic exdded with the unibow initiatesa vidiim stabilizatiord process

and then GIFT evaluates tattexpectatodli c6s performance as

Using existing audio message in-
built into the TC3 scenario because
MAESTRO AUDIO INJECT for the semantics is understood by the

“you are part of a unit” tool

instructional strategy

Inatructional Intervention

COP IMAGE with [ T e TR
Latest Intel

message “StaycClose” for the

This is supplemental to existing
instructional strategy

Figure 12 Information Flow between MAESTRO and TC3 Sim
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Figure 13: ISR Team Simulation Data Captured in MAESTROE

When a scenario is executed in MAESTRQincorrect responses, correct responses, and instructor recorded
comments are logged and persistently stored in the database. The categories of performasceeiate
responseecho in wrong chat roonincorrect responseesponse in wrong chat ropmositive tag(best

practices of trainees), amegative tagegregious mistakes observed by instructor). Responses to injects, in
the form of chat messageste evaluated in MAESTR® as shown in the timeline view dfigure 13.
MAESTRO™ has the ability to persistently store trainees responses and this give the ability to collect vital
statistics on their performantike how many times a trainee responded incorrectly, how many times trainee
missed to response, average late response time of a trainee, etc. The performance metrics derived from
MAESTRO™ evaluation are sent to SIMILE workbench, performance evaluatiginernn GIFT, to
determine traineeds grade. beéloov rexpextatimrih alll thee follovvinga i ne e 6
conditions are met: (a) Echo in Wrong Chat Room > 3; (b) Incorrect Response >= 2; (¢) Late Response > 3;
(d) Negative Tag > 2; and )(®ositive Tag = 0. Likewise, other rules are scriptedatoexpectatiorand

above expectatiomgrades. These rules can be edited and tailored made for scenarios being trained.
Adaptation rules can be developed to address observed deficiencies ancheadomaining scenarios for

ISR Teamin MAESTRO™ tool.
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Scripted Rules used by SIMILE Engine

Figure 14: Notional Evaluation Rules Scripted inthe SIMILE Engine Using TC3 Sim Data

There are a total of 60 injects defined in MAESTE@nd five of those injects (aumformat) are routed to

TC3 Sim through GIFT software. The routed injects, initiated at certain times, are mapped to specific TC3
concepts. Three oftheconceptB st ay with unit, o fAr et ulrarefoindtobe 0 anc
at delow expetationdgrade. The trainee responses in TC3 environment is logged, which are evaluated to
derive several metrics such as the one listed under the TC3 Metrics collfiguial4. Derived metrics

are used to evastte the TC3 concepts by SIMILE workbench engine, which uses scripted rules as shown in

the figure. Adaptation rules can be developed to address observed deficienciesoamdersd training

scenarios for Patroléam in TC3 Sim environment.

Now that perfomance states have been capture for both the TC3 trainees and MAEST&Ges results
are sent to the Bayesian Fusion Engine. The Bayesian Fusion Engine combines the performance states into a
final team state, resulting in @ahexpectatiorgrade forthe team as a whole.

Adaptation rules are scripted for various performance grades to help trainees learn skills better by gradually
presenting complex training concepts in a methodical way. Examples of adaptation ruledS& Tream

in MAESTRO™ environment include: (1) fotbelow expectatiodperformance grade remove any TWO

role types, remove injects that have more than ONE expectation, and remove injects that have expectation
durationofi ess t han 4 0 atexpectatiodgesformaqce gade+ removed@ny ONE role type and
remove injects that have expectation duration of lest han 20 s e c @loodesexpecttignl ( 3)
performance grade reduce ALL expectations duration by 30% and eliminate FEW (three to five) COP
images to impactituational awareness. The first two adaptation rules are meant to reduce the complexity of
the scenario so that the trainees can assimilate concepts better. Third adaptation rule will increase the
complexity of the scenario and help trainees enhands.ski

Adaptation rules are scripted for various performance grades to help trainees learn skills better by gradually
presenting complex training concepts in a methodical way. Exampldsjatiation rules for the Patroe@m

in TC3 Sim environment includ€l) if less than 15% of he concept s beloweexpgciaodl e d t o
then have the trainees review PowerPoint presentation on TTPs of key concept areas and repeat the scenario;
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(2) if 20% to 30% oft he <concepts below expectatioh¢hdn rdlam grauiag cibteria on
concepts, for example, the distance range for being away from the unit can be increased from 10 meters to 20
meters and with these adjustments the scenario can be repeated; and (3) if more thah&@&noépts are
gradedd below@xpectatiodthenthe interface withthe external teamISR Teamin MAESTRO™) can

be removed and have the Patrebim train exclusively within TC3 Sim environment. These adaptation rules

are gradually reducing complexity based on logical aemg with the purpose of helping trainees learn
better.

Finally, adaption rules are built for various performance grades of the Hybrid Team as a whole. These can
become very complex if individual performance grades were taken into considerationimplaity, we

will consider only the overall team grade for these adaptation rules. Examples of Hybrid Team adaption rules

i ncl ud e below ekpectaiiofi remove MAESTRG®" injects containing more thaone response
expectationand send a PowerPointpre nt ati on to the TC3 atamxp@ctratvii
increate simulation speed for MAESTROand TC3 by aloOetixpectétiBd) redicé response

time criteria for the ISR Team and the Patrol Team by 3% .more complex adaption diguration, team

member weighting values could be utilized to determine more robust team adaptations.

CONCLUSIONS AND RECOMMENDATIONS FOR FUTU RE RESEARCH

The paperdescribes:(i) an ontologydriven method forhybrid adaptiveteamtraining; (ii) an enhanced
Generalized Intelligent Framework for Tutoring (GIFT) architecture to supporhythed adaptiveteam
training method; and (iiip hybrid adaptve team training application exampileat shovg the practical
benefits ofthe method Innovative aspects ohé research described in this paper include: (i) a new
ontologybased approach fawybrid adaptiveteamtraining; (ii) a standardsompliant and componetased
architecting strategy that allows for rapid and affordable deployment of the adaptive thamegiork; and

(i) the ability to automate the generatiafi adaptive training scenariosBenefitsinclude: (i) reduced
training costs; (ii) improveteamtraining effectiveness; (iii) reduced cognitive workload for instructors; (iv)
significantly redued time and effort forsemanticknowledge sharing, communication, asdmantic
integrationfor distributed training applications; and (v) improvements in leaandrteanperformance.

Areas that would benefit from R&D include: (i) methods for extendinggaréralizing thesIFT adaptive
team training reference ontologi€s) design of automated support for ontology analysis and harmonization
to support taining application integratior(jii) design and implementation of intapplication information
exchanges with GIFT for a broader range of training application areas; anddsign of mechanisms to
mediate and exchangelaptive training content across multiple training modalities and types.
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The GIFT Authoring Experience: 2018 Update

Rodney A. Long?, Robert A. Sottilare, Ph.D?
Army Research Laboratory 1

INTRODUCTION

Intelligent tutoring systems (ITSs) are comptiea s ed adapti ve i nstthatguidé onal
learning &periences by tailoring instrtion and recommendations based the goals, needs, and
preferences of each learner in the context of domain learning objéctivésSot t i | ar e & Br awne
I n general, t he ntleermere eutenftngedsdo sapport tailbriig and persafalization of
instrudion i which also leads to longer development times and higherdcosis Sot t i | are & FIl et
1-2).

The three primary barriers to the adoption of ITSs are 1) their cost, 2) the specialized skills required to build
them, and 3) their lack of stand&ation and thereby lack of reusability. All of these factors influence cost
and therefore reduce the rettoninvestment. Their cost is largely driven by the usability (or lack of
usability) of authoring tools and the high degree of skill in instoneti design, domain knowledge, and
computer programming required to construct and ITS that can function without human intervention.

A major goal of theauthoring tooldor the Generalized Intelligent Framework for Tutori@JKT; Ososky,
Sottilare,Brawne, Long, and Graesse2015) is to easethe development of ITSs in a variety of domains:
cognitive, affective, psychomotor asdcial (Sottilare, Goldberg, Brawner, & Hold&®12). With this goal
in mind, the US Army Research Laboratory (ARL) focusedrthathoring research and development in
20172018 in four primary areas:

1 Enhance the user interface to make it easier to develop ITSs

1 Enhance user support for authoring tasks

1 Expand authoring support for new capabilities

1 Identifying opportunities for AlStandards

ENHANCE THE GIFT USE R INTERFACE

In 2017, the clowdbased GIFT authoring tool was completely redesigned to allow users, without
Instructional Systems Design (ISD) or computer programming expertise, to develop an intelligent tutor. As
described iNOsosky, 2017)the redesigned authoring tools provide a graphical view of the adaptive course
that is being created or modified. Figure 1 shows the current authoring tool which is made up of three
frames. The one on the left shows the Course Propenigs {ypes ofCourse Objectshat the author may
choose (middle), and any media that the user has uploaded for use in the course (bottom). The center frame is
theVisual Flow Editorand shows the flow of the course and allows the author to drag and dimsugpes

of course objects onto the course flow diagram and then configure them to the specific domain of instruction.
On the right side of the display is tReliting Framethat allows the user to edit/configure the selected course
object.The focus othis papelis on new approaches to support GIFT authors to improve the user experience
(UX), as well as authoring toahangegesulting fromresearch conducted over the past yeaadd new
capabilities to GIFT.
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Figure 15. GIFT Authoring Tool

ENHANCE GIFT USER SUPPORT

In January 2017, a team of researchers from ARL went to Fort Benning, Georgia to gather feedback on the
newly redesigned GIFT Authoring Tool from potential military users. While the collected data showed that
therewas some improvement over previous versions of the authoring tool, there was still much work to be
done. To provide additional support for the GIFT authors, ARL commissioned the developmé&sltFdT a
Summer Campo provide detailed instruction for poteatiiTS authors, thelevelopment okeveralGIFT
instructional videos and the production of exemplar tutors to illustrate how GIFT tutors are
constructed/configured.

GIFT Summer Camp

The ultimate goal for GIFT is that a domain Subject Matter Expert (Si&)ld be able to use the 6T

authoring tools to developdaptiveinstruction (e.g.training coursg without any additional help from
instructional systems designers, computer programmers, etc. While we have come very close to reaching that
goal, some use may still need some help in using the authoring tools. As a result, we developed a two day
course,GIFT SummerCampthat teaches participants how to use the GIFT authoring tools to create an
adaptive training course. Learning material was provided égalticipantsto use in making an adaptive
training course on human anatomy using GIFT. Participant feedback was collected and may be used to
provide a commercial offering of the course in the future.
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GIFT Instructional Videos

Since not everyone will bebke to attend a GIFT Summer Camp session, we have also generated several
educational youtube videos that demonstrate how to use the various features of the GIFT authoring tools
(https://www.youtubeom/watch?v=nGyw¢€fOMk). Table 1 provides a current list of the videos. More
instructional videos will be added in the future to guide GIFT users.

Table 17 List of Available Gift Instructional Videos

About GIFT Difference between types of surveys
GIFT Authoring Process Import Tutor

Cloud vs. Downloadable GIFT Copy Tutor

Adding a Survey Metadata Tagging

Importing Media Course Concepts

Where to find help Linking to a simulation
Computerbased Training vs Intelligent Tutors Question bank

GIFTSym aad Community Powerpoint vs Slideshow

Course Objects Overview Case Study Excavator Simulator
Export Tutor Making an experiment

Since new functionality is continually being added to GIFT, the use of instructional videos is a quick and
effective methd to support GIFT authors in developing tutors. The videos are made in three phases: the
script generation, the video demonstration, and the voice/video integration. The script is created and
reviewed by the GIFT team to insure accuracy. We then have senpeoform the specific function using

GIFT while video capture software records the video from the computer screen. Once that is accomplished,
the video is played back while the narration is captured. After final quality assurance and security review, the
video is posted on youtube (Figure 2).
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Figure 2. GIFT Instructional Video on YouTube

Exemplar ITSs

To improve usability, we provided a set of public tutors thahors can use a models or exemplar tutors to
guide development of their own tutors. Whthe exemplar tutors are not full ITSs, they do illustrate how
authors are using GIFT to develop tutors in a variety of dom&terting in FY18, ARL will be developing

three additional tutors usingthe GIFT authoring tools to train knowledge and skighin three military
contextsi land navigation, intelligence reporting, and visual signaling. The tutors will be authored to include
multimedia components and will incorporate instructional system design principles for adaptive learning
environments, tinclude passive, didactic training as well as interactive practice and rehearsal in prototypical
scenarios. The GIFbased tutors will incorporatxternaltraining applications like Unity and Virtual Battle
Space (VBS3)and Leap Motion technology to imcporate reatime performance assessmentsdtive
adaptiveinstruction

Throughout the development of the tutors, GIFT will be continually assessed and usability issues will be
identified. The tutor development process will also be thoroughly documertedproject will provide a

systematic evaluation of GIFT usability, with recommendations for areas of improvement in user interface
design and user experience. The research will result in high quality, sharable tutor exemplars highlighting the
farteoposhibled in developing | TSs with GIFT. The
benefit other authors in the GIFT community, de mo
training.
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AUTHORING SUPPORT FOR NEW CAPABILITIES

There hasbeen a lot of new functionality added to GIFT over the past year. Most of these capabilities
required changes to the GIFT authoring tools. The resulting new capabilities are discussed below.

Learning Tools Interoperability (LTI)

Last year, the LTI protodo(https://imsglobal.org/activity/learningpolsinteroperability was partially
implemented in GIFT to support ongoing research in the use of Massively Open Online Coursgss(MOO
Aleven et al., 201Y. MOOCs are typically made up of recorded video lectures and outside learning
activities. The main problem with MOOCs, however, is the very high-dubpate compared to other-on

line learning environments. The goal for this projecto provide additional support to the leaners through
the use of ITSs, to include CTAT and GIFT, to support the Big Data in Education MOOC. The GIFT
authoring tools were modified to support LTI version 1.0 as an LTI provider. As a result, GIFT could
send/provide learner performance data from these activities to the LTI compliant Learning Management
System (LMS)includingedX, Canvas, and Blackboarthis year, the rest of the LTI has been implemented
and nowmakes GIFT an LTI consumer. This new capabikllows GIFT to receive data from other
educational systems. For example, GIFT can now use LTI to receive learner performance data from a CTAT
tutor. This new capability allows GIFT to control the outer loofa cburse(e.g., macreadaptation)while

the CTAT tutor supports the inner logmicro-adaptation.

Sketching Activities

Over the past year, the Army Research Laboratory (ARL) and Northwestern University have been exploring
sketching technologies to support spatial learning, as part -goioig coorative research in adaptive
training technologies (Long, Forbus, Hinrichs, & Hill, 2018). Cogsketch and its associated Sketch
Worksheets were designed to be genptapose and use artificial intelligence to provide feedback to the
learner performing sketing assignments (Figure 3). Cogsketch also has its own authoring environment for
domain experts and instructors, to enable them to create new worksheets. The tiosl oofgoing
cooperative research is to leverage Cogsketch to support the use afréngketodality in GIFT as a new

type of instructional media.

CONCLUSIONS AND RECOMMENDATIONS FOR FUTU RE RESEARCH

From the user feedback we received from GIFT users at Ft Benning, we realize that the GIFT aothisring t
still have room for improvement. In the near term, we have provided additional support to authors in the
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form of instructional videos, asite training classes (summer camp), and exemplar tutors. Future research
should include a study to determine tbffectiveness of the instructional videos, as these are fairly easy to
make and provide just in time training for users that need support. In addition, we will continue to gather
user feedback to improve usability of the GIFT authoring tools.
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Incorporating psychomotor skills training into GIFT tutors:
Aoutside the boxo author.i

Debby Brown!, Benjamin Goldberg, Ph.D?, Benjamin Bell, Ph.D?, and Elaine Kelsey
Eduworks CorporatidnU.S. Army Research Laboratdry

INT RODUCTION

The Generalized Instructional Framework for Tutoring (Gl enablingtraining developers to create

diverse and effective Intelligent Tutoring Systems (ITS) in support of a broad array of U.S. Army training
needs. GIFienabled technology indtives are developing new tools and methods for streamlining ITS
development along numerous fronts. However, a general category of performance that-ispredented

in ITS is skills falling within the psychomotor domain. Paradoxically, psychomotds ské foundational to

many of the competencies that *CeotunpSoldier Cdmpetencids as . Ar
expressed in the Army Learning Model (ALM).

Although there has beeateady improvement i@IFT tools, libraries anthethods, devepment of tutors for

skills falling within the psychomotor domain remains a challenge that designers must address with little
support fromGIFT or its contempoary authoring toolsDespite these challenge, a few examples have
illustrated the promise of usy ITS for psychomotor skills training in domains including marksmanship and
tactical combat casualty care. The success of such demonstrations though has relied on significant
investments of time by highly specialized training development and technolpgst®xn order to scale the
production of training that incorporates psychomotor skills, ITS frameworks such as GIFT must support an
author not only in creating the conventional elements of an ITS but also in interpreting information arriving
from externhsensors in a way that productively advances learning objectives.

The Psychomotor Skills Training Agebased Authoring Tool (PSTAAT) is an agessisted ITS authoring

tool for the GIFT framework. In this paper we present our approach to helping an lankhmzsychomotor

measures from external sensors with performance thresholds and with corresponding instructional feedback.
We discuss the wuse of gui ded examples and the ag
authoring. We also introduce a nemwachine learningpased approach that analyzes sensor data to
recommend performance ranges. We conclude with an example authoring interaction.

PSYCHOMOTOR SKILLS: INSTRUCTIONAL CHALLE NGES

Psychomotor skills have properties that are distinctive from skalising in other domains (cognitive and
affective, Bloom, et al., 1956). Psychomotor skills involve movement and coordination but generally de
emphasize verbal processg&askslike fastroping, applying a tourniquet, flying a C#7, aming a weapon,

or traversing a chastitiustrate the prevalence amndgilitary relevance of psychomotor skills.

Psychomotor skills typically include physical movement, coordination, and use of gross, fine, or combined
motorskills. Learning these skills (like all learning) reaas practice. Tutoring systems to train psychomotor

skills would thus emphasize practice of some kind, opportunities for skill performance with coaching and
feedback, and assessed skill demonstration. However, tutoring systems in this domain of leashing mu
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accommodate the distinctive metrics for assessing performance of psychomotor skills (e.g., speed, force,
precision, distance, technique).

Another differentiating property of psychomotor skills is the process involved in mésterythe stages of

skill acquisition. Adopting a process modelnsportantto authoring because it helps structure the authoring

di al ogue. Qur mo d e | draws from multiple researche
theories advanced by Dave (1970), Simpson (1 3Harow (1972), and Romiszowski (1999), we adopted a
simplified synthesis of psychomotor skill learning suitable for organizing the PSTAAT authoring process
(Brown, Bell & Goldberg, 2017), summarized in Table 1.

Tablel. Psychomotor skill model synthesized by comparing multiple research models.

Level Definition Example

Observing Active mental attending of The learner watches a more experienced person.
physical event. mental activity, such as reading may be a parthe
observation process.

Imitating  Attempted copying of a physicThe first steps in learning a skill. The learnel
behavior. observed and given direction and feedback
performance. Movement is not automatic or smoot

Practicing Trying a specific pysical activityThe skill is repeated over and over. The el
over and over. sequence is performed repeatedly. Movemer
moving towards becoming automatic and smooth.

Adapting Fine tuning. Making mincThe skill is perfected. A mentor or a coach is 0
adjustments in the physical activneeded to provide an outside perspective on hc
in order toperfect it. improve or adjust as needed for the situation.

The authoring interactions in PSTAAT thus support creating activities for a lgamogresing through
observing, imitating, practicing and adapting. This analysis established a foundation for developing an agent
to support the authoring of simulatidsased ITS focused on psychomotor skills as discussed next.

PSYCHOMOTOR SKILLS: AUTHORING CHALL ENGES

While successful development efforts have demonstrated that ITS are an effective approach to training
psychomotor skills, developing these systems remains a costly anddireeming enterprise. ITS authoring

tools are limited in scope, capabilityndageneralizability, so the time, expertise and resources needed to
create ITS persist. In contrast to gengralpose authoring tools, however, tools that address the
development of a specific kind of ITS can be more powerful because they embody (aadthetp adhere

to) a set of assumptions about what the authored product will look like and how it will behave. PSTAAT is
representative of a more specific tool, supporting authoring with an agent that encapsulates knowledge useful
in guiding the authoringrocess, to include pedagogical knowledge tailored to instruction in, and assessment
of psychomotor skills.
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Psychomotor skills can be distinguished from cognitive skills because they involve movement and
coordination, typically composed of physical mowst) coordination, and use of gross, fine, or combined
motorskills. Because psychomotor skills are not inherently suited to be trained in conventional computer
mediated learning environments, developing ITS that incorporate psychomotor skills trainsegtpre
several distinctive challenges. Motor skill elements of a psychomotor skill must be practiced using a physical
device, such as rudder pedals, a firearm, or a tourniquet. Physical devices that capture and digitize motions
and actions have demonstrathad ability to replicate, to varying levels of fidelity, user effects in a simulated
environment in domains including flying, driving, performing medical procedareffirefighting.

Training, however (in contrast to simulation), requires the additagzbility tointerpret performance from

the stream of digital data flowing from the physical device. The ITS author must therefore be able to
construct ways for the tutor tnake sense dhe data captured by a sensor. This presents specific challenges

to the author, who must: (1) identify which among the specific data points sampled by the physical device
should be attended to as indicators of expert versus novice performance; (2) calibrate each data source, in
order to associate numerical data with perfance markers; (3) define assessment and feedback associated
with specific performance tiers; and (4) accommodate variable performance thresholds in cases where
context can alter assessment thresholds.

For training psychomotor skills, the primary factor mastery is practice. Psychomotor skills tutoring
should thus emphasize opportunities to practice physical skills with coaching, feedback, and asSdssment.
author must also consider thature of performance metrics for psychomotor skills; measumsas speed,
precision, distance, or techniqoeght have to benonitored.The ITS author is thus faced with the complex
task of correlating data from physical devices with multiple and composite performance metrics.

PSYCHOMOTOR SKILLS: ASSESSMENT CHALLENGES

To help an author apply the appropriate performance ranges associated with the use of a physical device, we
introduce a new machine learning (ML) approach that analyzes and classifies sensor data. The ML
algorithms automate the detection of sensorstiokels (e.g., detecting the difference between Expert and
Novice performance) based on expert feedback. The ML algorithm processes raw sensor data using sensor
appropriate scripts and integration with appropriate machine learning libraries through anStzarke.
Leveraging RapidMiner integrations with GIFT, it is also possible to bypass or adjust automated sensor
threshold detection through direct adjustment of ML models. The ML algorithm applies a range of possible
models to the test data generatechim performance modeling phase (or provided directly by the author), and
attempts to dfeitted mmondckelt hfeor6 bae sgi ven combinatid on of
outcome or expertise level.

The ML model uses the data imported from casdsarn one or more reward functions that characterize and
explain expert behavior, using Inverse Reinforcement Learning (IRL); and to learn to distinguish expert
behavior from novice behavior (i.e., clustering). Once the training data set has prodidedrael, we

use it b autegenerate the logic moddihe logic model then evaluates performance during task execution. If
desired, the ML model can also be an additional source of feedback on how to improve performance (e.g.,
Aireduce breag himg Iratteerduhalf o fl illusteatek thepseeps finothema n c e
creation and use of the ML model.
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EXTENDING GIFT WITH PSYCHOMOTOR AUTHORIN G

PSTAAT is designed to work within the Army Research Laboratory (ARBEheralized Instructional
Framevork for Tutoring (GIFT) (e.g., Sottilare, 2012; Sottilare, Goldberg, Brawner & Holden, 2012).
PSTAAT is thus an extension to GIFT that supports the authoring of psychomotor skills specifically, and that
leaves to the broader GIFT environment supporttitin@ing skills in the cognitive domain.

PSTAAT uses an exemplar ITS to provide relevant illustrations for authoring and to inform the design of the
authoring tool itself. This exemplar, the Adaptive Marksmanship Trainer (AMT), was created in the GIFT to
enhance an existing Engagement Skills Trainer (EST) that uses instrumented emulators of several types of
firearms. AMT enhances this system by incorporating adaptive tutoring and automated performance
measures (Goldberg, Amburn, Brawner & Westphal, 2014).

Psychomotor ‘ Automated Generation of a Model of Sensor
Task Novice Performance Thresholds for this Psychomotor Skill
Environment y /| ofPsychomotor Task |\
Sensor |~ © "\ | ML Model
Data N\\_ \
| .| Training Data Set 2 Clustering
. » ‘| ExpertPerformance - || Identifies Sensor Data Thresholds
of Psychomotor Task | \ at points where Expert and Novice
r Performance clearly distinguishable
New Task
Eerformance nawnce Produces Reward Functions which
Model Expert Strategies
Data Output \ 1
] rf f |
Betdloes eain g0 Auto-Generated Sensor Thresholds and

Psychomotor Task -
1.Overall Level of Expertise » Measure of Relative Weight

2. Suggestions to Improve Performance

Figure 1. Steps in creation and application ofmachine learningmodel.

An initial step of the authoring dialogue is to instantiate the instructional model (recall Table 1). The author
may incorporate some or all of the phases of the model for the psgtidroimstruction being developed.
Within each phase the author specifies the psychomotor activities to be performed by linking to a
corresponding training applicatioa.¢, a Unity application incorporating a backhoe emulator).

To help the author conceptlize the mapping from device outpesg, a trigger squeeze, an aim point) to
performance assessment for any given activity (external simulation), we adapt from AMT a layered mapping
to associate sensor outputs with skill metrics, mediated by a majde that encapsulates the mechanisms

for analyzing input data to determine a performance threshold. Figure 2 shows the layers using the exemplar
ITS sensors and skills. This abstraction helps an author focus on mapping sensor data (top layer) to skill
pefformance (bottom layer). The processing of those inputs (dompetbgrmance profilgsmiddle layer) is

defined by the author and guided by PSTAAT to create adaptive, contextual feedback specific to the
l earner 6s det ect e dboyatrofbelawexpeatation).( cur rent | vy,
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Figure 2. Example of layered mapping of sensors to skills, mediatedytperformance profiles.

GIFT IMPLEMENTATION

To provide psychomotor domaspecific authoring support, PSTAAT introduce®sychomotor Activity
Course Objecto the GIFT Course Creator. A course object is an element that can be selected from a panel of
supported types and added via a émag-drop authoring interface to a course flow sequence being created in
the Course Creator. Each type of course object septe a different method of presentation and/or
interaction with the learner and can be combined in any order in a course sequence. The PSTAAT extension,
called the Psychomotor Activity Course Objectiépicted in Figure 3.

Psychomotor Activity Course Object

Skill Skill

Sensor A Sensor B | Sensor C
Exit
Condition
Psychomotor AC“""“Y or Applicable II
Profiles I Simulation
Performance X Performance Y

[1.1] [-1.1] F1.1]
—-{ Domain Module
Straegies

] ]
Above/AtBelow Above/AtBelow =
Expstation Excpe ctation Runs appropriate
1 1 Response Content

Figure 3. Schematic diagramof PSTAAT course object for mapping sensors to target skills

When a Psychomotor Course Object is added to the Course Creator, PSTAAJererates a GIFT
compliant template, organized by the phases of the psychomotor domain (Observe, Imitate, Pragtize, Ad

For each phase, the author selects a performance profile (that related sensor outputs to skill performance). At
this point, the author can choose an existing profile, modifying it if desired, or create a new profile, a process
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discussed later. Onca&h phase is configured with a selected psychomotor profile, the PSTAAT agent auto
populates the psychomotor activity with placeholder learner states and guides the author through
development of instructional strategies to complete the tutor.

To define a pychomotor activity, an author selects configured sensors as inputs and defines adaptive content
delivery for the configured target skills. This adaptive behavior is defined by assotéliimgd feedback

with correspondingperformance levels calculatddy a Psychomotor ProfilgFigure 4). A Psychomotor

Profile processes data from active sensor feeds to derive measures of performance (using an above/at/below
expectation scale). The algorithms driving this assessment are infornseddsy previously geneated data

captured from subjects performing a task and tagged with performance outBurieg.data capturajata

is tagged in one of two way®ither by an objective measure taBk performancee(g, a score generated
automatically by the task envirommi or by a subjective, humatabeling of task performancee(g, an
expert observer determining that a given instance

Sensor A Sensor B

Acquired via

Import, Capture, E1.11 1,11 [-1,1]
or Expert Input

Psychomotor Profile

Logic Model ( Generated manually or via ML)

T T
AbovziEtBeiow AbovelAvBalow
Expectafion Expecttion
Skl Skill
Performance X Performance Y

Figure 4. Schematic showing detail of the Psychomotor Profile.

PSTAAT thus manageshe authoring dialogue in three segments: skills profiling, sensor mapping, and
course object definitioni.., activities, sequencing). The PSTAAT authoring agent provides contextual
authoring support for each of these genprapose task areas, and mewoends the use of psychomotor

domain instructional approaches and adaptive feedback strategies in the form of templates and examples.

EXAMPLE INTERACTION

A brief example illustrates an authoring interaction. For brevity we omit preceding steps typiea@i-T
Course Creator unrelated to PSTAAT. The author fitgiosesa preferred instructional modedkips the
Observing phase, and selects an existing performance profile for the Imitating phase (Figure 5).
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Choose an Instructional approach Generalized model
* Generaized (Default) - 4 stages ¥ Observing

This phase will be skipped

¥ Imitating
Seloctaperomance protie. + | (D)
Generalized model 3 s por i
This psychomotor moded consists of 4 basic stages of -
|

on
plable Outcomes

Unity Shoot'Don't Shoot Desirabie Outcomes.
New Performance Profile

PSTAAT Agont says

Select an enstng performance
peofile for s phiase of mstruction, of create &
new one

representing
Coach of tutor I

general peronmance of A task
See Exampic | Leam more

' The Generakzed Model 1 useful for

Leam more

Figure 5. Selecting an instructional model ad assigning performance profiles to each phase.

The authothenadds instructional feedback and remediation for the selected performance profile (Figure 6).
At any time, the author may edit the threshold values internal to a performance profile. Figuseales
threshold values for different performance tiers for a given device displayed. From this editor, the author can
modify this configuration, add sensors, and link this profile with an external application.

Instructional strategies for Imitating Unity Shoot/Don't Shoot Acceptable

QOutcomes

Your tutor will be able to detect all of these leamner states for the concepts being measured. Let's tell the tutor how it should
respond in each situation by adding instructional feedback_ Click on the spaces below to define feedback for each concept.

Concepts Below Expectation At Expectation Above Expectation

Breathing & Remediation Set & Feedback Set & Feedback Set

Accuracy @ Remediation Set ¥ Feedback Set & Feedback Set

Speed [ Mo remediation [ Mo feedback U Mo feedback

Copy Responses Save Responses Edit Profile Cancel

Figure 6. Assigning feedback and remedtion for a selected performance profile.

CONCLUSIONS AND FUTURE RESEARCH

Streamlining ITS authoring remains an elusive goal, but steady progress in tools and frameworks such as
GIFT are bridging this gap. For ITS that train psychomotor skills, authoes ddditional challenges. To
support the integration of external training simulations and corresponding physical devices with a tutoring
system, PSTAAT demonstrates an agémien system that employs templates, editors, and sensor data
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processing via madae learningderived assessments. When fully integrated, PSTAAT will expand the reach
of ITS authors by enabling them to incorporate psychomotor skills training along with cognitive skills
training, cultivating a richer diversity of training applicatiomsezging from the GIFT community.

PSTAAT demonstrates an integrated approach to GIFT ITS authoring that uses performance support and
agent techniques to provide informative feedback and guidance to the author during the ITS development
process. We discus®w psychomotor task performance models and sensor configurations can be abstracted
into reusable psychomotor profiles that both simplify and streamline the design of psychomotor activities

within GIFT.

The process to develop ITS thus remains {tmesuming and costly. For the Army to successfully realize
the ALM vision, creating ITS that target psychomotor skills must be an affordable, replicable, and reusable
process.

Edit Performance Profile

Performance Profile Info Duplicate Profile | Export Profile | Delete

Unity Shoot/Don't Shoot Desirable This profile represents sensor thresholds for DESIRABLE performance in th

Practice Applications

Concepts and Sensors

Target Simulator Unity WebGL edit | delete

Breathing = Accuracy Speed = + Import Cases | Collect Cases

Sensor configuration for Breathing Copy Configuration | Delete Configuration
Above Expectation

BioHarness Sensor 0.189 ¥ Enabled

At Expectation

BioHarness Sensor 0.284 ¢/ Enabled

Add f Remove Sensors Other values will be considered Below Expectations

Figure 7. Performance Profile editor for viewing/imodifying performance thresholds anl adding sensors
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Toward Automated Scenario Generationwith Deep
Reinforcement Learning in GIFT

Jonathan Rowé, Andy Smith?, Robert Pokorny?, Bradford Mott 2, and James Lester
North Carolina State Universityintelligent Automation, Iné.

INTRODUCTION

Simulationbased training is an important tool for preparing learners to perform a broad range of complex
tasks and skills. A key funtionality of simulatiorbased training environments is delivering scenarios that
drive learning interactions that approximate +walld situations. However, simulatidrased training
scenarios are typically resouscgensive to create. Some simulatiamvigEonments provide authoring tools

that enable new training scenarios to be manually created by subject matter experts, but these tools often
require a high degree of specialized knowledge to be utilized effectively. Authored scenarios often cannot be
rewsed in other training environments, and the knowledge associated with particular authoring tools has
limited transferability. Further, learners are usually limited to training with a finite set of training scenarios
provided by the system's designers.darhers have mastered the learning objectives associated with the
available set of training scenarios, there is marginal benefit provided by further training with the simulation.
Finally, training simulation scenarios are often delivered following asmedits-all approach: they have
limited capacity to dynamically respond to the broad range of individual differences in knowledge or
behavior that are typical among learners.

Automated scenario generation offers considerable promise for addressing theoheadulatiorbased

training. By utilizing automated scenario generation technigues, simulation environments can account for
individual differences in how learners respond to different types of scenario events. Further, they can create
effective variatbns on training scenarios without requiring every scenario to be manually authored or
managed by human experts. By leveraging generative techniques from interactive narrative technologies, we
can dynamically create training scenarios that are configuraddess instructors' learning objectives and
tailored to the cognitive and behavioral characteristics of individual students (Riedl & Bulitko, 2012; Wang
et al., 2017).

Recent advances in machine learning, including artificial neural networks (in gearedaleep learning (in
particular), have spurred growing interest in edti@en approaches to interactive narrative generation. For
example, deep reinforcement learning (deep RL) has begun to show significant promise for personalizing
events in narrativeentered learning environments (Wang et al., 2017). However, there are many open
guestions regarding how we can most effectively leverage machine learning in order to automatically
generate training scenarios tatl earemi hgi lobjeadtt oe
address these questions, we are launching a new collaborative effort between North Carolina State
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University, Intelligent Automation, Inc., and the U.S. Army Research Laboratory to investigate the design
and developmentf@a deep RL framework for automated scenario generation in GIFT. To serve as a testbed
environment, we are generating training scenarios for Virtual Battlespace 3 (VBS3), a widely used
simulation platform for small unit training within the Army, with antied focus on Call for Fire (CFF)
training.

In this paper, we provide an overview of the deep RL framework for automatic scenario generation. We
describe how to formalize automatic scenario generation as a deep RL task. We discuss several key
components fothe framework, including the scenario adaptation library, simulated learners, and a deep
neural network model of mulbbjective rewards. We describe the VBS3 training simulation that we are
utilizing as an initial testbed environment. Next, we desqofgdiminary findings from a proedf-concept
implementation of a reinforcement learnibgsed scenario generator that centers on generating initial
scenario conditions for CFF training using maltmed bandits (i.e., a stochastic scheduling techniquésthat
related to deep RL).

AUTOMATED SCENARIO G ENERATION WITH DEEP
REINFORCEMENT LEARNI NG

We approach the task of automated scenario generation from the perspective of interactive narrative
technologies. Automated scenario generation and interactive warrgéneration share several key
characteristics. First, in both automated scenario generation and interactive narrative generation, users are
active participants in virtual worlds that dynamically respond to users' actions. Second, both automated
scenariogeneration and interactive narrative generation center on generating sequences of events that
achieve authespecified objectives to produce scenarios that are effective and engaging. Third, both
automated scenario generation and interactive narrativerageme produce scenarios that are realized in
immersive simulation environments.

We formulate automated scenario generation as an instance dafridata interactive narrative generation
using deep RL (Wang et al., 2017). Deep RL is a computational frarkethat integrates two
complementary families of machine learning techniques: reinforcement learning methods for training models
for sequential decisiemaking under uncertainty, and deep neural networks for pattern recognition and
representation learningith big data. Reinforcement learning is the task of a software agent inducing a
control policy for selecting actions in an uncertain environment with delayed rewards (Sutton & Barto,
1998). Deep neural networks combine weighted summations elimear unctions to extract and model
multi-layer hierarchical representations of data using supervisedss@ervised, and unsupervised machine
learning techniques (Goodfellow, Bengio, & Courville, 2016). By integrating reinforcement learning and
deep neural rieorks, deep RL provides a formalized framework for sequential deaisaking in complex
environments.

Deep reinforcement learning provides a natural computational framework for formalizing dynamic scenario
generation: the generator is tasked with malkangeries of decisions about how specific scenario events
should unfold at runtime to optimize student performance on &pmeified set of learning objectives.

Dynamic scenario generation can be modeled as a sequential dewddimy task in which a soario

generator introduces successive adaptations to scenario events over discrete time steps. A time step
represents the time point when an adaptable event, such as the introduction of an obstacle or elimination of a
resource, is triggered in the scenarigsing this formalization, deep RL can be utilized to dynamically
generate adaptive fichildd training scenari os frol
optimizes for both authespecified objectives and trainee learning outcomes. Bycindgumultiobjective

reward models for controlling rdtime decisions about training scenario events, we intend to enable authors

66



Proceedings of théth Annual GIFT Users Symposium (GIFTSgm

to specify learning objectives that generate personalized training scenarios in immersive simulation
environments integratedit GIFT.

The deep RL framework for automated scenario generation consists of several key components: (1) a deep
Q-Network model for controlling rutime scenario adaptation decisions that optimize multiple scenario
objectives, (2) a scenario adaptatidntiar y t hat specifies possible tran
generate fAchildo scenari os, and (3) a simulated |
initial version of the scenario generator. In addition, the framework reqaisoftware infrastructure for

i ntegrating automated scenario generation function

Deep reinforcement learning leverages-dl@work, a type of deep neural network, to model the estimated

Q values of stataction pairs gathered from past observations of student interactions with a scenario during
reinforcement learning. ‘Qetworks encode the expected benefits of specific scenario adaptations in terms of
a fAreward function, 0 an n ef>pimizaton tritenaahathgeideaautonated e X [
scenario generation. In the original work on deep reinforcement learning for Atari game playing, the Q
network was organized as a convolutional neural network, which is a natural choice for processing image
data from 2D games. For automated scenario generation, we will investigate deep architectures that utilize
long-short term memory networkfL STMs), a type of recurrent neural network, for modeling sequential
data as typically expected in simulation scermaridGTMs are specifically designed for processing sequences

of temporal data. LSTMs have achieved high predictive performance in many sequence labeling tasks, often
outperforming standard recurrent neural networks by using a kbegermemory than stanadhiRNNS,
preserving shotterm lag capabilities, and effectively addressing the vanishing gradient problem. We
anticipate that utilizing LSTMs will enable reinforcement learA@ged scenario generators to extract
complex nonlinear interaction patternsvee¢n observed events and scenario adaptation decisions. LSTMs
will be utilized to implement mukobjective deep networks for automated scenario generation, as well as

to implement machine learnifizased simulated students to generate synthetic tradiaitagin future work.

Multi -objective reward functionsvill enable the automated scenario generator to consider tradeoffs between
competing authorial goals, learning objectives, and learner engagement. This builds upon prior research by
the NCSU team on miiHobjective RL for interactive narrative generation (Sawyer, Rowe, & Lester, 2017),
and it involves incorporating a vectbased representation of reward in the output layer of a deep Q
network, where vector indices correspond to different reward soufcesulti-objective QNetwork is

induced at training time, and it yields a fiime scenario adaptation model after the course author has
specified relative preferences among competing reward sources at course-tiraation

State representations for drigindeep REbased scenario generation decisions will consist of several
complementary sources of information. First, state vectors will include dandependent features
encoding learner knowledge, traits, and performance characteristics. A key requifemantomated

scenario generation is devising generalized assessment rules that can be applied to a broad range of generated
scenarios within a given task domain; it would be prohibitive for a system designer to devise custom
assessment logic for everytamatically generated scenario. Second, state vectors will include several
features that summarize the history of past scenario adaptation decisions performed by the scenario
generator. Third, state vectors will include a-two¢ encoding of the category scenario adaptation decision

under consideration in order to leverage modularity and maintain tractability of the reinforcement learning
task. These state features are consistent with the Adaptive Tutoring Learning Effect Chain, and they are
consistentwt h our projectds vision for investigating h
effectively be integrated with the Pedagogical and Domain Modules of GIFT.
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Scenario Adaptation Library

A key component of the deep Rlased scenario generatitmmework is devising a scenario adaptation

l' i brary, which enumerates the range of possible tr
generate fAchildd scenarios. By investigatisnhpe diff e
deep RL framework can generate a vast range of possible training scenarios that can be deployed with
simulated or human learners, evaluated for their effectiveness in terms of trainee learning outcomes, and
utilized to refine the scenario adaptatimndel for adaptive personalized scenario generation.

Integrating deep Ribased scenario generation into GIFT is a key aspect of the project. A key interest is
exploring potential extensions to GIFT that support dorraependent specifications of scéba
adaptationd8t hese woul d be speci fi ed?adiwlinéith g8djeEtDlijestiveB efd a g o g
generalizabity of deep Rl-based scenario generation. We envisiogeaeralized taxonomy of scenario
adaptationsthat includes several hierarchical domaidependent categories, including (1) inserting or
removing obstacles; (2) constraining or increasing reseun@ reconfiguring key objects; (4) adding,
modifying, or removing sutasks; and (5) providing or removing embedded scaffolding. These categories

will characterize a range candidateadaptationshat can be applied to a parent scenario in ordgenerate

a set of Achil do -mdegendant scenario adapgtaionse couttl doen mnstamtiated within

GI FT6s Domain Modul e, which wil |l configure and | au
be realized in the simulatiemased virtial training environment.

Simulated Learners

In order to train deep reinforcement learnlvaged models of dynamic scenario generation, we will utilize
synthetic training data produced by simulated students created for each of the virtual training em&.onm
The design of simulated students is informed by related work in artificial intelligence in education (McCalla
& Champaign, 2013) and spoken dialog systems (Schatzmann, Weilhammer, Stuttle, & Young, 2006). We
investigate how simulation parameters teda to model granularity and model complexity influence
synthetic data generation for deep reinforcement leaiivéisgd scenario generation (Rowe et al., 2017).

Dynamic Scenario Generation User Experience

The user experience of automated adaptive scemgi@ration functionalities in GIFT is likely to be

different based on whether the user is a course designer, a student, or a software developer.-For a pre
integrated training environment, a course designer will select the training objectives thatdetirsgtan the

GIFT Course Creator, and he can specify constraints on specific scenario adaptations that he would like to
avoid in the generated rdime scenario. As long as the deep-Riined scenario generator can produce a
scenario that is consistenttiwthe objectives and constraints provided by the author, the course will validate

and it can be tested with live students. For a student, automated scenario generation will be invisible, and
training events wil/ be t aaltlaits,rkeodledhgea an@ perfoomance imthe st u-
simulation environment.

For a software developer seeking to integrate a new domain or training application, she will need to (1) have

a deep knowledge of the HApar ent dnens RQecreate a spesificaionp p or t
of possible fAchildodo scenario adaptations that can
gateway module that mediates communication between scenario generation functionalities in GIFT and the
training appliation, (4) have access to training data for inducing deep reinforcement lebasied) scenario
generation models if existing domdimlependent models cannot be reused, and (5) integrate trained
scenario generation models into +#time GIFT courses. Givetlhese resources, a software developer will be
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able to use deep reinforcement learAd@aged scenario generation functionalities to create a new scenario
generator for a novel domain or simulation environment.

GIFT Integration

Integrating deep Ribased samario generation into GIFT is a key objective of the project, and supporting
automated scenario generation has several implications for the GIFT architecture, authoring tools, and
software. For example, supporting automated scenario generation in GlHikelyilinvolve extensions to

the GIFT Course Creator to enable instructors to identify relevant learning objectives that should guide the
generation of relevant training scenarios. Further, devising tools for ranking and visualizing automatically
generatd training scenarios will be essential for instructors to configure scenario generation functionalities
for use in training courses that they create. Devising generalized assessment logic that can operate across
multiple scenarios, and be specified in GIBKF files, will be critical for ensuring that course creators do

not need to handpecify custom assessment rules for every generated scenario. Finally, the project seeks to
investigate support for domaindependent specifications of scenario adaptadichese would be specified

by GIFT's Pedagogical Moduein line with project objectives of generalizability of deep -Bdsed
scenario generation. This generalized taxonomy of scenario adaptations will include hierarchical domain
independent categories, suah (1) inserting or removing obstacles; (2) constraining or increasing resources;
(3) reconfiguring key objects; (4) adding, modifying, or removingtasks; and (5) providing or removing
embedded scaffolding. These categories characterize a scengntatiaddibrary that defines the space of
possible scenarios in a manner that holds potential for portability and reuse.

Rado Channel

@R Giobal

® Ovarta

Figure 1. Screenshot of Virtual Battlespace 3 simulation environment.
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VIRTUAL BATTLESPACE 3 TESTBED ENVIRONMENT

The selection of telked simulatiorbased virtual training environments is guided by two key requirements.

First, the simulation environment should either be egpmurce, or include APIs or tools for generating novel

training scenarios, as well as models for specifying adaptato scenarios at retime. By enabling close
integration between GIFT and the simulatimased training environment, it is possible to engage in rapid
iteration cycles for designing, developing, and testing directions for dynamic scenario geneestoomd, S

the selection of the simulatidvased virtual training environment testbeds should prioritize environments
that support scenario generation that enable the s
scenarios fromcanairngle Topdmuentydo exercise the deep
(i.e., its ability to broadly explore a given scenario space) and fully stress test its computational capabilities,
testbeds should include a broad range of event types, actdrsamee interactions.

The primary testbed simulation environment for the first phase of this project will be Virtual Battlespace 3
(vBSsS3) . Bui |t by Bohemia I nteractive Simulations,
platform for small unitfaining (Figure 1). Designed as a flexible simulation tool for tactics training and
mission rehearsal, VBS3 provides realistic physics, -figglity 3D graphics, expansive geapecific

terrains, and a large content library of 3D digital assets. VBS3 earsé&d for a broad range of training
purposes, including training for cordon and search of specific structures, breaching obstacles, defense of
territory with machine gun and mortars, and clearing highways of IEDs. VBS3 also includes features that
enable gglnamic modifications to training scenarios, as well as features for observation of the environment by
instructors, and an After Action Review playback capability.

Although it is a closedource training simulation, VBS3 provides several developer toai<ém facilitate
research on automated scenario generation, including -imeakcenario editor, an offline mission editor,
tools for importing new 3D assets, and flexible terrain creation functionalities. VBS3 is used widely in the
U.S. Army, and it igntegrated with GIFT 20%7 through a previously developed gateway module. Further,
our work with VBS3 will build upon prior research by IAl to devise dowst assessment frameworks for
intelligent tutoring systems through feedback from subject matteresxp

During the first year of the project, we will focus on automated scenario generation in the task domain of
Call for Fire training. The CFF task domain in VBS3 will encompass scenarios in which an infantry soldier
requests indirect fire from suppomrartillery (e.g., unmanned aircraft) on an identified target. The steps of

this task include identifying the target, waiting for the artillery to move into position, calling for artillery fire

using an established communication protocol, adjusting aytiflee, and providing a damage assessment.
AChil dod scenarios in the Call for Fire task domai
target; augment surrounding terrain and vegetation; change the weather amd-dage impact radio
commurications with artillery operators; augment the type of artillery fire (e.g., smoke, explosive); and
influence the accuracy and damage of the atrtillery fire.

PRELIMINARY FINDINGS ON AUTOMATED GENERAT ION OF INITIAL
SCENARIO CONDITIONS

As a starting point, weleveloped a prototype system using a radthed bandit (MAB) computational
formalism, consisting of several components of the proposed deep RL pipeline. The MAB implementation
utilizes initial versions of a scenario adaptation library, a simulated leame a reward function.

A multi-armed bandit is a class of sequential decision problem in which a set of resources must be allocated
between competing choices. MABs are related to reinforcement learning, but they do not account for
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stochastic effects ofequential decisions on environment states. In an MAB, each choice, or arm, has a
defined reward unknown to the system, thus requiring it to explore different choices to learn which of the
choices provides optimal expected reward over a finite seriesatd. tTypically, bandit algorithms are
designed to minimize regret, which is the difference between the reward accumulated by the system and the
reward the system would have received if it had pulled the optimal arm at every trial. Depending on a variety
of factors such as the type of rewards (stochastic;stmghastic) or the type of regret being minimized
(instantaneous or cumulative), different algorithms have been shown to obtain near optimal solutions
(Vermorel, 2005). Variants of MABs have been shaw be an effective solution for a variety of tasks such

as sequencing learning activities (Liu, 2014) and playingtiea strategy games (Ontam 2017).

The first step in formalizing scenario generation as a MAB is defining a scenario adaptatignfiibtae

Call for Fires task. As MABs do not have a concept of state, and thus do not capture changes in the
simulation environment, we focus our scenario adaptation library on initial conditions of Call for Fires
scenarios. In this prototype we focus ®mategories of initial conditions: weather, time of day, and target
mobility. These categories were chosen because of they affect the difficulty of a Call for Fires scenario, and
they can also be realized in the VBS3 environm@/¢ defined three possiblvalues for weather (clear,
cloudy, rain), three possible values for time of day (day, dusk, night), and two possible values for target
mobility (still, moving). This corresponds to 18 possible scenarios that could be generated and evaluated by
the MAB.

Next, to provide data to train the system we created a set simulated learners. Each simulated learner consists
of a competency score from 0 to 1, representing their ability for a Call for Fire task. To generate rewards for
each scenario, we crafted a redvéunction that takes into account both the difficulty of the scenario and the

skill level of the student. Difficulty levels were authored for each type and value of initial condition, with
values being averaged to determine the difficulty of each gedesaémario. The difficulty level was then
combined with the | earnerdés competency score to g
their competency level from creating the exercise. A 0 or 1 reward was then generated for the trial by
samping from a Bernoulli distribution that was parameterized using the combination of scenario difficulty

and learner competency level.

We ran MAB simulations for two populations of simulated learners. For the first simulation, a learner was
selected foreach r i al from a Gaussian distributidar28Bnter e:
=.1). For the second simulation, learners were selected from a distribution centered around a high
competency scoreV = .8, SD = .1). For each simulation, we ran 50Q0trials of an 1&rmed bandit using

the UCBL1 algorithm to manage exploitation/exploration of the arms. Figure 2 shows the average rewards of
the top5 arms (i.e., generated scenarios) for both types of simulated learners. We observe that after some
shuf | i ng, each arm begins to stabilize around t he
Competency | earner group, the scenar i emving mrgetsmme n d ¢
and high visibility, which is to be expected given tlatr reward formulation does not expect low
competency learners to benefit significantly from difficult scenarios. Similarly, the High Competency learner
group favors more difficult scenarios featuring moving targets and poor weather/visibility.

71



Proceedings of théth Annual GIFT Users Symposium (GIFTSgm

High Competency Learner(.8) Low Competency Learner(.2)

Expected Reward
Expected Reward

070 4

I

i .
l ';J""")“"x.l‘ 4 —— rain+night+move \ A1 A, i p< — dear+day+still
Jl i\“\k A cloud+night+move 068 \\‘ 0 M } A coud+day+still
082 { '"“\ hyy | dear+night+move ) e —— rain+day+still
’ . H N — rain+dusk+move ) | — dear+dusk+still
\ ! cloud+dusk+move i doud+dusk+still
080 r , . . T T r
10000 20000 30000 40000 50000 10000 20000 30000 40000 S0000
Number of Trials Number of Trials

Figure 2. Average rewards over MAB trials for top-5 generated CFF scenarios for highand
low-competency simulated learners.

This prototype highlights key design considerations for deejb&ed scenario generation, but it also has
several limitations. Firstjirsece MABs have no concept of state, they are not necessarily the ideal formalism
for generating and evaluating dynamic, adaptive training scenarios required by more complex CFF tasks;
MABs are well suited for generating the initial conditions of simpl@img scenarios but not sequential
events. In future iterations, we will utilize reinforcement learning techniques that account for sequential
decisions in order to address this additional source of complexity in scenario generation.

A second limitationis that our current simulated learner and reward models only consider one competency
and reward source. As we move forward, the system will need to consider multiple learning objectives and
tradeoffs between them. Additionally synthesized data will evalty need to be replaced or validated with

data from real human learners.

CONCLUSIONS AND RECOMMENDATIONS FOR FUTU RE RESEARCH

Automated scenario generation is likely to serve a key role in the future of simidased training because

of its significantpotential to reduce the cost of creating novel scenarios and expand accessqualiigh
simulationbased training. Datdriven approaches to automated scenario generation hold promise for
enhancing trainee learning experiences by leveraging recenhcadvan both machine learning and
interactive narrative technologies. We have presented an overview of a deep RL frameworkddvelata
automated scenario generation, which formalizes the task in terms of sequential adaptations to a canonical
Aparemrtn@r §o0 in order to generate Achildod scenaric
learners to assess learning outcomes. Automated assessments of trainee learning outcomes drive the
generator to iteratively refine its scenario generation poliaies tailor scenario generation to individual
learners and instructor training objectives. During the initial stages of the project, we are investigating deep
RL-based scenario generation in the context of CFF training using the VBS3 simulation envircfonent

serve as an initial proadf-concept for datariven automated scenario generation, we conducted a
preliminary investigation of mukarmed bandit techniques for generating initial conditions of CFF training
scenarios. Preliminary results indicatetthaulti-armed bandits, combined with a simple simulated learner
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model and scenario adaptation library, can produce a ranked ordering of automatically generated training
scenarios that are tailored to |l earners6 individua

In future work, we @n to significantly expand the scenario adaptation library to capture a broader range of
possi bl e transformati ons to Aparent o training sc
performed dynamically over the course of a scenario. This wilvalis to expand our formulation of
automated scenario generation beyond initial scenario conditions and begin exploring deep RL techniques.
Further, we plan to investigate richer simulated learner models that can serve as a bootstrapping mechanism
for aubmated scenario generation, as well as raldjective rewards to enable scenario generation that
accounts for complex tradeoffs between complementary and competing learning objectives. Finally, we plan

to investigate manual, serautomated, and automattthniques for realizing generated scenarios in VBS3,
enabling human learners to interact with adaptive training scenarios that have been generated using deep RL.
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Automating Variation in Training Content
for Domain-general Pedagogical Tailoring

J. T. FolsomKovarik !, Keith Brawner?
Soar Technology, Int.U. S. Army Research Laboratéry

INTRODUCTION

The Generatied Intelligent Framework for Tutoring (GIFTSottilare, Brawner, Goldberg, & Holden, 2012

is able to tailor trainingontent selection and presentation in order to give individual learners the support or
challenge they neg@oldberg, Sottilare, Brawner, & Holden, 2Q1However, the effectiveness of tailoring

is always limited bythe choices available. Automated scenario generation (ASG) offers promise to create
many more variations on training content than human experts can create alone. A proof of concept ASG
implementation is being researched and developed. The ASG can crgatésvan training scenarios that
encompass multiple types and parts of scenario content to include simulation events and narrative, entity
location and size, and feedback or framing text. Combining several such variants will let GIFT
simultaneously suppband challenge different learning objectives in one training scenario.
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A key insight in the work is that generated variants are labeled in a dgewaénal way according to their
predicted impact across learning objectives. As a result, all the détailsiations are expressed to GIFT in

a manner easily processed by general pedagogical algorithms. Furthermore, thegdm@aihdimensions

of support and challenge for each learning objective define a space within which the ASG components
should searchThat is, ASG does not simply find random variations on the scenario factors it can control
directly, such as entity location and size. Apparent variation in those factors could easily turn out to be
different only at a surface levelnot different at advel that adds new kinds of support or challenge to the
library of choices available to GIFT pedagogical tailoridgkey portion of this work is not the simple
geneation of many superficially different scenarios, but the generation of scenarios whishfficegently
different from one another while still being pedagogically valid.

Two steps enable ASG to create variants that are valuable for GIFT to tailor learning content. First, ASG
must perform search in a space where movements are possible ty dioedtbl, such as entity size and
location. Second, ASG must translate the variants it made in that space into the space defined by
multidimensional impact on learning support and challenge. The first step is carried out by a form of
evolutionary algoritin called novelty search. The second step is carried out by defining a cognitive-science
based understanding of learning factors and creating despatific rules thatranslateexpert knowledge

into theterms of the generalized framework.

In the initial days of research and development, ASG is being prototyped in a specific training system for
decisionmaking in the employment of small unmanned air systems (SUAS). The training system contains
expertauthored content such as maps with geographical featactisal objectives and constraints, friendly

and hostile entities; text briefing materials and initial conditions; and learner decision prompts and feedback.
In the current state of research, an example is presented using map variation. The exatrgiesilhesy

novelty search programmatically creates candidate arrangements of elements on the training scenario map,
then labels each one according to its predicted impact on learning. Specifically those map variations that
change the scenario challengedeare stored in a library for the GIFT pedagogical module to select, using
the domaingeneral labels on each variant. As research and development continues, more elements of
training such as text content will also be varied using ASG. The result of hagimg variants is that GIFT

may individualize the training experience in order to simultaneously support one learning objective and
challenge another, according to |l earnersodé needs.

BACKGROUND AND RELAT ED WORK

ASG has combined relevance across multiplearesdields. This section discusses the current state of the
art in (1) evolving scenario conten(2) novelty search as an approach to addressing issues of traditional
evolutionary algorithms, an@) computational accounting of pedagogical impact.

First, there have been several successgwagedurally generated content for games or training scenarios.
Evolutionary algorithms have generated content suckcasario terrainbehaviors, events, and narrative

(Luo, Yin, Cai, Zhong, & Lees, 20i6stanley, Bryant, & Miikkulainen, 2005Zook, LeeUrban, Riedl,

Holden, Soitare et al., 201 Evolution is wellsuited to spaces where there are too many possible
variations to explore them afir randomly choose variants to evaludi® generating training content,

effective search is needed because it may not be easydiotpgrew the changes that are easy to make, such

as terrain or unit locations, will affect the desired outcomes, which are to change how instruction works for

|l earner s. As a concrete exampl e, changi mg irthghpooi
the hill o may have n dasedraaticah movegnene dcenario, but digaificantatraigng o u n ¢
effect for an indirect fire scenario, where accounting for wind velocity and smoke effects is a training
objective.
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Second, eolutionary algorithmsas a classuffer from certain shortcomings that are broad and practical in
their importance. Evolution can require days to complete, or may demangdrighmance server clusters.

A key reason is that evolution typically needs to be cdyefuhed to avoid premature convergenceooe

local optimum, finding the same variants repeatedly instead of new ones. However, a recent advance in
evolutionary algorithms suggests that an entirely different approach both yields better results and reduces
required computer resources. This approach is novelty s@aetiman & Stanley, 20082011). Novelty

search replaces evolution toward a higher fitness wittugga toward increasingly different individuals.
Novelty search habeen used with success to evolve content similar to training scenarios, such as game
levels(Liapis, Yannakakis, & Togelius, 2015

Third, there is the question of letting novelty search predict the training impact of generated variants.
Instructional designerseducators, and cognitive psychologists are among those who have created
frameworks for predicting the effect of training scenarios, interventions, and other content on individual
learners and in different training contex@ampbell, Ford, Campbell, & Quinkert, 1998 wo factors that

have been recently studied are scenario helpfulness and complexity. Helpfulness describgdicihe
interventions that can be part of training, such as help messages, hints, or formative feedbabley
specific or broad, immediate or delayed, and s¢S#ute, 2008 Complexity gives a good congrhent by
measuringmplicit interventions which vary scenario content in order to support or challenge learners, such
as tailoring the number of enemies or the amount of time remaining to carry out (®uasie, Sivo, &
Jones, 2016 Measuring different dimensions or categories of helpfulness and complexity has driven
tailoring in past work, but has been manually defifier each varian{FolsomKovarik, Newton, Haley, &

Wray, 2014 FolsomKovarik, Sukthankar, & Sctz, 2013 Graffeo, Benoit, Wray, & FolsorKovarik,

2015.

In summary, evolutionary approaches may be able to generate meaningful scenarios indimtéhset of
possibilities, to do so quickly wheusing a metric such as novelty search, and objectively measure
instructional relevance. The natur al di visions
evolutionary approach lend themselves to representing the literal scenario content (gamotyiseearning

impacts (phenotype). An evolutionary content generation method that would also let end users such as
instructors and subjechatter experts understand and control the content evaluation in an objective manner
would help to improve usabiitand user acceptance of the appro@etisomKovarik, Wray, & Hamel,

2013.

NOVELT Y SEARCH AND APPLICA TION TO ASG

Evolutionary algorithms are appropriate methods to search when a space is tdort@gbkional, unevenly
gradiated, or otherwise inappropriate for simpler enumeration or gradiant descent methods. Evolution
typically maintairs a notional population of points in the search space which are evaluated to find their
fitness for the purpose at hand. The points in the population are then combined and varied with operators that
aim to increase fitness of the next generation and rerpoirgs that have lower fithess. Novelty search
addresses some limitations of evolutionary algorithms. Instead of working to increase fitness, the aim is to
increase novelty and explore points that are as different as possible from what has been sedn befor

way, novelty searchttempts tademove premature convergenmancerndypical in evolutionary algorithms

and produce many variants that can be filtered for fitness to a specificTie®e s specifically an advantage

in the training domain spaavhere differences among the scenarios ixaticitly stated goal.

This section describes the current state of the novelty search algorithm under development. Novelty search

efficiently finds variants that are new in a domgeneral sense. That is, thariants provide a different
manner of support or challenge than any variant already available. As novel variants are created offline, they
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can be stored for human review and access by GIFT
that it can povide results immediately or continue to improve the results as more compute time is available
when not actively training. GIFT is then able to select in real time during training between variants using its
existing, domairgeneral Pedagogical Module. tngctors will be able to see what variants are available and
identify any gaps that still need to be evolved. This allows for both the generation of content that the
instructor can approve and for the further development of training exercises for sitideatamount of

approved content is exhausted.

The current implementation of novelty search is built on the -apence library Distributed Evolutionary
Algorithms in Python (DEAP)Fortin, Rainville, Gardner, Parizeau, & Gagné, 20IREAP offers a
combnation of fast prototyping now with fast computation and variant generation in future deployment. Like
other evolutionary algorithms, novelty search depends on effective design of (1) genotype representation, (2)
genetic operators, and (3) fithess functanin this case novelty evaluation function. In the current state of
research, these are domaipecific. However, future research may be able to identify opportunities for reuse
across broad domains such as the spaces of all images or all text documents.

First, ASG differentiates genotypes from phenotypes in this way. Genotypes are those objects, such as
strings ofdigits thatcan be easily changed during evolution, while phenotypes are the objects that can be
evaluated for their novelty. The phenotypdhie scenario variantself thatwhich the learner experiences

during training and which the instructor must agree provides appropriate support and challenge. As a result

of this difference, evolution is not needed when it is possible to jump straighe tdesired phenotype.

Instead, the separation of genotype and phenotype is necessary because the phenotype can be measured on
dimensions that matter to instruction, like complexity and helpfulness, but the genotype cannot be measured
until it is transforned into a phenotype. Conversely, at the genotype level there are a set of changes which
are easy to apply to generate new variants, but it turns out to be difficult to make changes at will in the
training experience phenotype, because human creativitydvibeutequired.

The genetic representation currently used throughout the rest of this work in ASG is a direct representation.
More complex representations such as neural networks or hyper@ibananek, 201phave also been

used in novelty search but were deemed unnecessary at this stage of development. The genetic representation
ercodes each element of the evolved training scenarietasore in a vector of descriptive values. For
example, in order to evolve locations of objects in adivensional space, the genetic representation would
describe each object with its typeicaordnate, ycoordinate, and perhaps scale or rotation values. The
current representation describes points, lines, and regions iditmemsional space, which is hypothesized

to be extensible to multiple domains.

Second, genetic operators in ASG are designethake changes to genotypes. The changes are not
guaranteed to produce a better genotype, but they should be designed to build on what has already been
evolved and create new genotypes that have a reasonable possibility to be viable. The genetic ageérators u
are element insertion, singi®int mutation, and singlpoint crossover. Element insertion increases the
complexity of lines and regions by adding a new point at random to the genotype:fBimglenutation

chooses a numeric value uniformly at randamd changes it by adding a random perturbation with Gaussian
distribution about zero. The crossover operator combines two existing genotypes by choosing a point in the
vector and taking all elements to the left of that point from one genotype, all edetoghe right of that

point from the other. Since direct representations have beerstwdied in other evolutionary algorithms,

these operators are standard in the field and do not introduce additional domain specificity.

Third, the novelty evaluatioruhction in ASG is the tool that determines when evolution has produced a

variant that is new in an interesting way, as opposed to a variant that appears to be new on the surface but
does not provide any difference in training support or challenge. Theterfnis upport 6 and #Ach
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considered to be opposite ends of a single continuous scale for the purposes of this work. The evaluation
phase consists of applying domaipecific rules to each phenotype (training variant) in order to find its
value on dmain-general dimensions. Four domapecific rules were created as a proof of concept and are
described in the ASG Example section below. The domaireral measures that result from these rules
describe facts about the training such as complexity ofingeebe learning objective or another.

Figure 1: Training complexity (a) in the first generation and (b) after 20 generations. The different point
colors and x,y locations (spread) visualize the diversity of training options that the evolved variantSerf.

ASG determines which variants are novel in the training challenge sense by clustering variants on the
training complexity values, finding the k nearest neighbors (k=2 for efficiency), and selecting the variants
which maximize Euclidean distance frohetir respective nearest neighbors. A hall of fame was maintained

to provide persistence across generations of the current maximally novel individuals. In this scheme,
different factors that separately affect complexity formed additional dimensions inrtipexity measure.
Examples were number of distractors or time constraints. As such, evaluation was found to require a scaling
step in order to make different dimensions comparable and prevent one dimension from outweighing others.

The outcome of the ovdlalgorithm for novelty search is an increasingly diverse collection of training
variants. Figure 1 demonstrates the difference between an initial generation and the variation after 20
generations. The example complexity measures described below agurafgo twedimensional space.

The increasing distance between the individuals after evolution indicates that novelty search produced
variants which provide GIFT with more choices between noticeably different levels of challenge and
complexity.

A DOMAIN -GENERAL REPRESENTATI ON OF SCENARIO CONTENT

The creation of adomairgeneral representation of learning impact enables contributions from many
instructors, authors, and researchers to work togéthieicreag GIFT tailoring options. A computational
represatation of factors that impact learniatgoenables automatically evaluating what is novel in ASG and
what will help learners at scenario runtime. GIFT has previously conducted a literature review to support the
selection of domakgeneral factorsincluding complexity. his proof of concept adds to thaview a high

degree of precision that breaks down support and challengeninitple contributing factorghat can be
separately measurgdaried, and objectively compared across learning domains aeansys

Diverse instructional theories suggest categorizing or sequencing learning tasks based on a continuum of
complexity.Gagné (1965prganized learning tasks into a broad hierarchy consisting of stimulus recognition
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at the least complex through application and problem solving as the most complex tasks for any particular
identified skil. A similar concept of task complexity has been used in past research with a Dynamic
Tailoring System (DTS) that could choose in real time between training variants that were labeled by human
experts with scalar complexity valu@&ray & Woods, 2018

In the context of ASG, a single scale for task complexity is not expressive enough to capture the different
ways in which the same taskn be varied to be more or less complex. Many generated variants are likely to
have the same complexity when measured on a single is@leexample might be a hypothetical GIFT
guestion bank that contains a hundred different multiple choice items. iEatipisome challenge learners

more than others and are answered correctly less often. However, they might all be evaluated as equal in
complexity because they all require simple recognition (of the correct choice). In the multiple choice
situation, whichseems not atypical, two possible approaches could let a computer system differentiate the
available variants in advance without human expert labeling. First, GIFT could have an extremely fine
grained hierarchy of suboncepts. In this case, GIFT could diffntiate and sequence the available variants
based on hierarchical relationships between thecenbepts such as prerequisites. This approach is not
attempted in ASG. The second approach, which is explored here, is to increase the dimensions by which
variants may be described. Complexity itelf must be analyzed in more detail.

Dunne, Cooley, and Gordon (201donducted an initial analysis of factors that contribute to learning
complexity. These factors included task complexity factors such as number of actions required and number
of interdependent actions, as well as learning context factors such as mimpbssible ways to complete a

task and number of distractors. These factors appear in Table 1. On the other hand, Table 1 also introduces a
notional definition of helpfulness. As a complement to complexity, helpfulness has not yet been
operationalized tprovide concrete measures and will be discussed here at an early stage of exploration.

First, Dunne and colleagues suggest thdmayed, countable measures that help provide a multidimensional
framework for objectively measuring complexity. Complexity @ages with each of the factors in Table 1,
although possibly nonlinearly. Current work with ASG is working to build rules that predict the impact of
scenario variants by counting factors such as the number of cues, actions, and distractors in each variant.
Each dimension in the framework is furthermore related to one equation that calculates scenario complexity
and has been initially validated with empirical study of a military training sequence in the same citation. The
rules that carry out counting therplexity factors are domaispecific, but they result in domageneral
measurements. The domajeneral measures let the GIFT pedagogical module work without domain
specific knowledge and enable objective comparison across variants.

Table 1: Domain-generd dimensions describing challenge and support for each task or learning objective.

Measuring Complexity Measuring Helpfulness
Number of cues Attention via perceptual arousal
Number of actions Attention via inquiry arousal
Number of subtasks acrosdians Relevance via previous link

Number of interdependent subtag | Relevance via needs link

Number of possible paths Confidence via evaluation link
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Number of criteria to satisfy Confidence via learner control
Number of conflicting paths Satisfacion via feedback positivity
Number of distractors Satisfaction via future link

Second, a measure is needed which describes the dimensions on which extrinsic or direct interventions can
be measured. Interventions such as hints, help messages, arattaredts that deliver remediation vary in

their helpfulness with respect to specific learning objectives. As an intuitive example, a help message
delivered inside a scenario by a character over the radio can be clear, concise, and on point to provide
suppat, or it can deliberately challenge learners by being ambiguous, wordy, or distracting. A cognitive
science basis for enumerating the possible differences in how helpful scenario components are lies in the
ARCS model of instructional desigieller, 1987. This model describes factors of attention, relevance,
confidence, and satisfaction that motivate an adult learner to engage with learning content. Unlikenthe D
model, research is still needed to produce an accounting of how a computer system can see factors in this
model. One example that moves the ARCS model toward countable dimensions might be a heuristic measure
of inquiry arousal from countingthe numeer f r equency of keywords | i ke #fAh

The combination of complexity and helpfulness is hypothesized to provide ASG with multiple objective
measures to describe and differentiate the impact of every variant on different learning objectivas. In thi
way, a domairgeneral representation of scenario content is hypothesized to increase the opportunities to
apply learning theory in GIFT6s automated design a
can augment a hierarchical analysisadragmented, par®-whole sequencing with recommendations that

reflect how adults learn material of increasing complexity in corjReigeluth & Stein, 1983

ASG EXAMPLE FOR SCENARIO LAYDOWN

ASG is being developed and evaluated in the context of existing training for proper use of small unmanned
air systems (SUASs].he training consists of sequential problem presentatiortseicdntext of a narrative
supported by mission briefings and maps depicting the area of operations (Figure 2). Learners are also
presented with adaptive hints and texts for remediation depending on their performance. The system has
been designed to teacna terminal learning objectives and 48 enabling learning objectives, a huge number
of dimensions for evolution to explore if all combinations of learning objectives can eventually be varied in
complexity and helpfulness. In the present research and geved, a subset of three learning objectives

was chosen for initial exploration. The first target for evolution was the mission map. Future work is planned
to evolve textbased content such as briefings, fugpevents, and hints or remediation documents.
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@304-7”0 Defense of BP 17 (E\
= Situation

You are the XO of TM Bf1st CAB, 477 IN. After reading the Th
B OPORD, you are instructed by Cdr, TM B to huddle with the
Platoon SUAS Team Chiefs and the TM B Robotics NCO to start

the integration of the TM B SUAS systems.

f
7
e

What are the key tasks that the TM B Commander specifies for the Platoon SUAS?
Click on the choice that best matches your decision:

The Plt SUAS systems are to observe NA1 and TAI X

Observe TAI W

Place Ravens to observe NAI 2 & EA BLUE

SUAS establish observation of TAl Y and EA BLACK

Glossary Tactical Situation

Figure 2: The SUAS training domain for developing and evaluating ASG.

The ASG example seeks to evolve variants on the mission map depicted in the top left of Figure 2. In this
example, the elements that can be evolved are shown in Figures 3 and 4.nTheke the locations of
friendly and hostile units, a fAity zone (red oval), and the shapes of roads, water, and forest terrain features.
According to the ASG algorithm described above, these elements could be moved easily on the generated
map variants. fie next step was to demonstrate how the variants could be measured in training complexity
space and selected as being more or less novel from a training impact perspective.

Three training complexity measures were created for the example implementatiome@bkeres were
simple rules reflecting three of the learning objectives in the real training system: enemy air defense
avoidance, recon and surveillance, and airspace coordination procedures. The simplified rules showed
examples of three dimension typeentinuous scalar, discontinuous scalar, and categorical. (1) For enemy
air defense, one rule was created that stated training complexity increases with proximity to an enemy unit.
The enemy was considered to have air defense capabilities that madeultddfioperate when near the
enemy,(2) for recon and surveillance, two rules defined one complexity dimension. If an enemy unit was
located within a forest region, the complexity of the training increased with the size of the forest. If the
enemy was osgide a forest, the complexity decreased in proportion to the distance from the enemy to the
nearest edge of a forest region, 4Bl For airspace coordination, the rule was that complexity was high
when a nefly zone lay between the enemy and friendly sinivhile complexity was low otherwise. In
Figures 3 and 4, red dots indicate scenarios with high complexity in this dimension while blue dots have low
complexity.
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During novelty search, the first generation maps (Figure 3) typically did not even cortam foendly and
a hostile unit. This helps explain why they are all rated as similar in the complexity of air defense avoidance

(Figure 1 above).

1.00 100

075 078

050 050

025 025

Figure 3: First generation of evolving scenario variants.

The lastgeneration maps (Figure 4) have exal a greater frequency of having one friendly and one hostile
unit on the map, which probably helped to explore more possible values of air defense avoidance complexity
and let ASG provide variants at more places on this scale.

The lastgeneration maps st display increased complexity of the contours around water and forest regions.
This is an example of a difference that is visually very apparent but makes no difference for the purposes of
measuring training complexity. The value of novelty search wusimgaingeneral measures of the variants is

that the simplicity or complexity of the scenarios are evaluated without regard to surface details except where
a rule tells ASG that those will change the learning experience.

200 200
150 150
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Figure 4: Last generation scendo variants.

In summary, the work of developing an example of ASG in a @fabled training domain has helped to
develop some of the proposals and surface findings in this paper, as well as considerations that will be
addressed in ongoing research andettgopment. The initial novelty search examples presented here used
only a small fraction of the potential dimensions that could be measured to describe the SUAS training. As a
result, there is great potential for novelty search to create a large librsegradrio variants that offer GIFT

any desired combination of support and challenge for delivering tailored training.

CONCLUSIONS AND RECOMMENDATIONS FOR FUTU RE RESEARCH

Presented above are the first steps in the investigation of Automated Scenarioi®@engna research
divides the problem up into three probleindownselecting from amfinite number of possible scenarios,
doing so in reasonable time, and making scenai@ant which are instructionally relevarithe proposed
approach uses genetigatithms, with a novelty search fitness function and a domeireral representation
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of scenario content, tenable variant selection without a specialized pedagogical module gnestnt to
instructors and student&enerally, the above research is impdetei it did not include an analysis on
whether the generalized scenarios are useful to SMEs or what dimensions of changes are needed or desired.
This work is yet to be performed.

This work, thus far, is able to make use of the existing GIFT logicctate; and modules. The scenario
selection logic within the pedagogical module should be written in a general enough manner so as to be able
to be applied to a large number of generated scenarios. Performance assessment within the generated variants
is alo needed. Fundamentally, GIFT will have to provide the same tutoring to the new scenarios as it does to
the oldi the functionality is built into GIFT and the DKF structure. Integration at the end of the project may

be as simple as a pointer to the optiriiain a library of generated variants when the student reaches the
appropriate experience at runtime. In the ideal case, performance assessment could be dynamic and follow
rules drawn from or similar to the novelty evaluation rules, in the same manther BKF currently allows

for pointers to external assessment engines.

Next steps in the near term will be to replace the illustrative ASG example presented in this paper with more
realistic rules for complexity. Instructor and SME interviews are plannedetermine which learning
objectives and aspects of the real training system are likely to be most impactful to vary. Understanding what
dimensions human expert instructors actually want and need to vary will inform a more comprehensive set of
rules thawill help test and improve the efficiency and effectiveness of the ASG approach.

In regards to future work, scenarios represent the most complex piece of content represented within GIFT.
The example ASG could easily be extended to otherdiwmnsional cotent like images or VBS terrain.

Simpler pieces of content, such as prompted, hints, feedback strings, webpages and other items are also
shown to the user in GIFT training but are not procedurally generated. Technology to procedurally generate
these typeof items may have to be implemented differently, as these items may rely on text or image
processing techniques rather than modification and generation techniques, but there may be another class of
ASG representations and operators that is effective faynypes of text content.
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Integrating Sketch Worksheets into GIFT

Kenneth D. Forbus, Thomas Hinrichs, Samuel Hill, Madeline Usher
Qualitative Reasoning Group, Northwestern University

INTRODUCTION

While there is evidence that sketchiogn improve student learnir(@.g. Ainsworth et al. 2011; Jee et al.

2014; Scheiteret al. 2017) sketchinghasrarely used in intelligent tutoring systems because it has been

di fficult for sof tware to un de tackle his problevh aur graaup st ud
developed CogSketch (Forbus et al. 2011), which provédesbust model of higkevel human visual
processing and representatioft has been used to model a variety of human visual reasoning and STEM
problemsolving (Forbus et aR017), providing evidence that its representations and reasoning can provide a

solid basis for creating new kinds of sketwdsed educational software.

One such new kind of skettdased educational software are Sketch Worksheets (Yin et al. 2010; Forbus et

al. 2017). In a Sketch Worksheet, students tackle problems by drawing and modifying sketches. At any
point, they can request feedback, and then improve their sketch. Gradebook software built into CogSketch
enables instructors to rapidly grade sketchasgignments. CogSketch also provides instructors with
detailed assessment data as to the studentds proc
Worksheets can be authored by instructors, after learning some basics of CogSketch, wighaotrping.

This improves dissemnination, by broadening participation in authoring. Sketch Worksheets have now been
deployed in several classrooms and subjects (Garnier et al. 2017; Forbus et al. 2018).

While Sketch Worksheets are useful, we believeeth® much untapped potential to be explored for using
sketching in new kinds of educational softwaiiéis paper describes our next step in exploring sketching in
intelligent tutoring systems more broadly, by integrating Sketch Worksheets as a me@ilkit im0 benefit

from the adaptivity that GIFT provides, atalprovide a new capability for GIFT tutors. We describe the
basic ideas of sketch worksheets, how we are integrating them into GIFT, and the prototype Simple
Machines tutor we are building as erperimental vehicle. Planned experimeatsdiscussed. While this
integration is still in progress, we plan to demo a version of the Simple Machines tutor during the
symposium.

SKETCH WORKSHEETS: A BRIEF REVIEW

Here we summarize the basics of Sketchrik®beets, more technical details can be found in [Forbus, et al.
2017]. A student tackling a Sketch Worksheet is trying to solve a problem, whose solution is expressed by
them drawing or modifying a drawing. For example, in geoscience, they may betaskedk up a
photograph, indicating the properties of the geological strata it illustrates. In engineering graphics, a student
might have to redraw a design shown in perspective projection in orthogonal projection. In cognitive
science, a student mighave to draw a concept map representing the semantic content of a sentence.

Being able to do this range of tasks with the same software requires a fundamentally different approach than
the usual view that identifies sketch understanding with sketch ritioognThe mapping from concepts in
STEM education to visual shapes is many to many:
talk when they sketch with each other. CogSketch provides a simple interface that enables students to
identify how they are considering their ink as partitioned into objects, and give them a label in terms of
concepts from the underlying knowledge base (which, to the student, look like ramngnadhgewords or
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phrases). CogSketch computes visual relationships bettte ink entities that students draw, including a

rich vocabulary of qualitative relationships that can be used to connect spatial concepts to language. When
an instructor authors a worksheet, they draw their solution using CogSketch, which analyzek. thehe

instructor marks some subset of the facts CogSketch computes as important, assigning points to each such
fact and providing text to be provided if the anal
student tackles a worksre¢hey draw (or modify existing ink, depending on the worksheet) their solution.
When they ask for feedback, CogSketch performs the
uses analogy (Forbus et al. 2016) to compare the facts computedtiad two sketches. Any differences

that correspond to important facts lead to the appropriate advice being produced for the student, or an
indication that theyodove successfully finished the
asthey like.

For assessment purposes, CogSketch records timestamps for all of the ink, as well as what order entities were
drawn in. The state of the sketch at every time the student asked for help is also recorded, so the instructor
(or educational data ming software) can examine their performance in detail and look for patterns across
students.

INTEGRATING SKETCH W ORKSHEETS INTO GIFT

Our approach is to integrate Sketch Worksheets as a new kind of media that can be used in GIFT tutors.
Since GIFT is implemented via an Amazdwased cloud, we are building a clebdsed version of
CogSketch to support these experiments.

The cloud-based version of CogSketdh called WebSketch The servicesre implemented aPocker
containers grouped together in a stdtkt can be deployed on various cloud services. In order to integrate
with GIFT (as well as other educational software infrastructuresYWebSketch stack also contains services
to support the LTI protocol (Learning Tools Interoperability, https://mwwsglobal.org/activity/learning
toolsinteroperability). Figure 1 showsow this would work with GIFT

GIFT communicates with WebSketch through LTI. When a GIFT course makes use of a Sketch Worksheet,
GIFT uses LTI to handoff control to WebSketch. H®iedent works through the worksheet and a score is
returned to GIFT. WebSketch is functioning as an LTI Tool Provider and GIFT is an LTI Tool Consumer in
this setup.

The LTI Authorization service in the WebSketch container stack handles the initial cdcatians from a

Tool Consumer (GIFT in this case). This includes confirming that the request is coming from a valid Tool
Consumer that has permissions to use WebSketch and starting an LTI session. The initial communications
from GIFT include a unique @nconsistent identification of the student (anonymized), which worksheet
should be used, and a URI to which the studentods s

If the LTI request is valid and authorized, control is passed to the WebSketch Node Management service,
which chooses an available WebSketch node from a pool of nodes. The selected node is used for the
studentdéds session with WebSketch. Each time a s
studentdéds score is updat e dentasfidishedavorking,theidsketclois saved T .

in our Sketch Repository. The saved sketch can be accessed later as needed for assessment and aggregate
data collection. If a student revisits a given worksheet through GIFT, the worksheet can be riettiesed

state they last left it.
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Figure 16. WebSketch/GIFT integration

There are several steps remaining before our initial implementation is finished. The first is a Sketch
Worksheet service, which needs to have a repositobjaok worksheets, and a registry that connects an 1D
used in the GIFT tutor with a sketch file. We have implemented a Sketch Repository to store student work,
but it is currently running outside the Docker container, whereas for portability it needpéstlud the
WebSketch Docker Swarm. There are also a variety of WebSketch Ul improvements to be made, including
support for CogSketch annotations. We are planning to have these improvements finished before the
Symposium.

EXPERIMENT IN PROGRE SS: A SIMPLE MACHINES TUTOR

A common topic in STEM instruction for -K2 students, and relevant to understanding and maintaining
many kinds of Army equipment, asimple machined_evers, pulleys, screws, and so on. Aside from their
practical importance, simple mackm provide an interesting application of scientific principles, and
provides a bridge between intuition and qualitative understanding to mathematical models that support
design and predication. They are also inherently spatial, which makes them afoasketching activities.
Consequently, we are using GIFT and Sketch Worksheets to create a Simple Machines Tutor.
The learning goals for our curriculum are that, after working through it, a student should be able to

1. Understand the kinematics and fodygamics of simple machines.

2. Recognize structural components, salient relations, quantities and ratios relevant to their operation.

3. Recognize simple machines in the everyday world
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4. Understand the tradeoffs between distance, force, and work and how #uesHfer are manifested
in physical systems

5. Have an improved physical intuition for how mechanisms can or will behave and be able to use
calculations to verify that intuition

6. Understand the design space of alternative ways to achieve a given effect.

Simple Machines Curriculum Design

The medium of sketching is not limited to representational drawing. It also includes annotating existing
sketches or photographs, labeling, andamanging constituent components of sketches. With these
interactions, it beomes possible to go beyond simple presentation and multiple choice questions to tease out
more subtle misconceptions and knowledge gaps.

The curriculum will initially focus on recognition and qualitative analysis of each type of simple machine.
Startingwith an informal definition and exposure to multiple examples of a simple machine in the context of
common everyday devices and situations, the learner is encouraged to compare and make his own analogies
to induce a general concept. That generalizatam ke tested with additional classification examples and
nearmisses.

Next, more subtle relations can be conveyed in a generative fashion by having the student modify a sketch to
alter critical relationships. For example, they might be asked to movaltnem in a lever to change it

from a firstclass to a secondass lever. By not providing explicit choices, it is possible to detect a broader
range of misconceptions (e.g., can they even recognize the fulcrum in this context?)

The next activity invales qualitative comparative analysis in which two machines of the same type but
different quantitative relations are presented -biglside. Here, the task is causal reasoning about
differences, e.g. which machine would apply greater output force gieesathe input force. The learner
must annotate the depictions to identify which quantity is larger (or smaller) in the selected machine, and
also which visual property gave rise to this conclusion, giving a window into their reasoning.

With a solid qualitdve foundation, the formal notion of mechanical advantage camioeluced The three
guantities involved (distance, force, and work) will be presented in the context of one kind of simple
machine (e.g., inclined plane) and then by analogy those cenasptextended to other machines. So if
distance travelled is straightforward in the context of an inclined plane, what does distance travelled
correspond to in a screw? (translational distance? distance along the helix?) How about in a block and
tackle?

Once correspondences between quantities across different types are established, it becomes possible to draw
more abstract analogies between different types of machines. For example, a screw can be conceptually
unrolled into an inclined plane. What iaities might support comparing the mechanical advantage of one to

the other?

As quantities are introduced, it becomes possible to present simple parametric synthesis tasks, in which the
student | abel s a machineds | e h gatuéssto aclaemeg & desired a n d
performance. For example, a problem might specify the desired mechanical advantage and one structural
parameter, leaving the last parameter open, to be added as an annotation. Finally, when exploring mechanical
advantage, wevant to avoid functional fixity, in which all machines are seen as force amplifiers, by
illustrating the design tradeoffs in other directions. So for example, sometimes the problem will be to attain
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greater precision rather than force amplification. Viarmialipers exploit the ratio of rotational distance to
translational distance to attain high precision. An exercise will have the student modify a sketch by
swapping out one or more components of a simple machine (e.g., the pitch of a screw or thex)diamet
achieve different kinds of goals, such as minimize displacement, or reduce overall physical size of the
machine.

The last set of exercises will addresses structural synthesis. Here, we have to consider simple machines in
the context of more comptecompound machines. The first kind of synthesis exercise is the sketching
analog of filkin the blank questions. The learner will be presented with an incomplete kinematic chain and a
desired global property. They must fill in the missing element kyching and labeling it, along with its
relevant parts and quantities. For example, if the direction of force needs to be reversedl|azditever

could be used, or a pulley. If rotational to translational conversion is required, either a whadeamda

screw could be used.

Another synthesis exercise would be to arrange a fixed set of simple machines into a configuration that
achieves a goal. Here, the machines are provided as building blocks and put together, although there could
be more tAn one right answer.

A capstone challenge problem will be to assemble a complex machine in such a way as to demonstrate an
understanding of the design space and tradeoffs. Rather than focus on practical quantitative design (which is
beyond the scope ohis curriculum), the problem may be presented more as the design of a "Rube
Goldberg" type machine. The goal could be to translate one displacement into another (or one force to
another) with particular inputs and outputs, but using as many types oesmaghine as possible. Or it

might be to use as few machines as possible. It is not yet clear whether this can be achieved with purely
openended drawing or whether it would be more feasible to construct a solution from prototypical building
blocks thatcan be stretched, flipped, scaled and positioned. In either case, there is no single right answer,
but the ability to compare solutions to a generative grammar of compound machines and analogically
compare kinematic pairs to teactarthored prototypes ehld allow this exercise to be evaluated and
scored.

EXPERIMENT DESIGN AN D MATERIALS PREPARAT ION

In experimenting with the Simple Machines curriculum, we plan on using a two by two design. The first
factor will be whether or not sketching is used, theeend i s whet her or not Gl F
capabilities are used. In the nsketching conditions, additional examples presented via text and diagrams

will be used to provide balance, to reduce time at task differences as being a source of co@founds.
gualitative predictions for these conditions are shown in Table 1.

Table 1. Qualitative Predictions for Student Learning

No Sketching| Sketching

Non-Adaptive | Least learning In between

Adaptive In between | Most learning
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We will measure learningybusing a preest and postest, both administered within the GIFT tutor, so that

we can recruit participants dime. We have created a bank of just over 90 questions, focusing on true/false
and multiple choice questions for simplicity. The questiorsdaawn from opeticense materials (e.g. the
CK-12 Physical Science for Middle School textbook) or made up ourselves. We estimate that 20 questions
for each test will provide enough statistical power to measure learning. We have already selectadfwo set
20 questions, balanced in terms of difficulty by ensuring that for every question in ttestprinere is a
roughly equivalent, but not identical, question in the jpest. The pre/post tests will be identical for every
participant. We will useitferent questions in the adaptive conditions from either the prefpsitst

CONCLUSIONS AND RECOMMENDATIONS FOR FUTU RE RESEARCH

This paper summarizes work in progress on integrating Sketch Worksheets with GIFT, to explore how
sketching can be combinedtiv adaptive tutoring to hopefully improve student learning better than either
could alone.The Simple Machinesurriculumwe are developing as a testheil cover each type of simple
machine and includerecognition, analysis and synthesis activitiaglijative and quantitative concepts and
relations, and includes parametric and structural synthesis tasks. The key to supporting these activities is the
ability of CogSketch to permit opeanded sketch input and to extract meaningful relationships fnain t

input. In particular, this allows a student to use annotations to show her work and justify dnsotgtsst

say what will happen, but also why. Another advantage of-epded input over multiple choice is that it

can permit vastly more possiblasavers than would be practical to enumerate explicitly, as in tasks such as
unscrambling a shuffled machine or filling in gaps in a kinematic chain with missing elements.

Given where we are on this project, the conclusions and recommmendations we hav®rmarn
technology development, rather than tutor effectiveness. First, we suggest thgtdined granularity on

saving be supported, i.e. even when questions are incompletely filled out during authoring, and during long
quizzes when taking a cours&Ve recommend that future versions of GIFT consider introducing stronger
relationships between test items, so that balanced pre/post tests can be automatically generated from a large
question bank. We also recommend that development of the LTI interfextmue, expanding as that
protocol is fleshed out, to provide a richer channel between Sketch Worksheets (and other extensions) and
GIFT.
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Iterative Development of the GIFT Wrap Authoring Tool

Fleet C. Davis, Jennifer M. Riley?, and Benjamin S. Goldberg
Humanproof LLG, Design Interactive In§.U.S. Army Research Laboratéry

INTRODUCTION

The Generalizedhtelligent Framevork for Tutoring (GIFT Sottilare, Brawner, Goldberg & Holden, 2012;
Sottilare, Brawner, Sinatra & Johnston, 2pisran empiricallybased, serviceriented framework of tools,
methods, and standards aimed at overcoming the challenges associated witingauitmputeibased

tutoring systems (CBTS), managing instruction and assessing the effect of CBTS, components and
met hodol ogi es ( A Ge n eOneofthe prandry develommlental objectivies, GET isthed . ) .
creation ofan integrated, usdriendly authoring experience that can be used across training applications.
Humanproof, with teammate Design Interactivie, working to fulfill this objective via continued
development of the GIFT Wrap prototype. This prototype, currently in its thindrggon,allows training
developers to configure the reaahe, automated delivery of instructional content triggered by assessing state
changes within the training app)andorlearnerredgs coecept i r on
mastery. This ongoing research and development effort is focused on the design and implementation of the
user interface(Ul) that guides users through the configuration of tutoring events driven byineal
assessments within a training application. Integratich ¥ie LandNavHD Unity game, a compubersed

land navigation trainer used as a practice environment for dead reckoning procedures, served as the most
recent use case for this ongoing eff or focusedidne t hi
building new integrated, usérendly tools for authoringreattime assessments withithe context
LandNavHD training environment. This effort also included the continued integration of legacy authoring
functionality into the GIFT Wrap desigithe following setions briefly describe the previous GIFT Wrap
development efforts, provide an overvieivthe third generation of GIFT Wrap, present usability findings,
anddiscussconcepts foextendingGIFT Wrap talive training environments.

BACKGROUND

From a conceptal level, GIFT manages interaction within a training environment through the Learning
Effect Model (LEM; Sottilare, Ragusa, Hoffman &oldberg 2013). The LEM outlines the inference
processes captured in GIFT that leads to the selection of an instructticetalgy based on observed
performance. In this model, raw data is consumed by GIFT and routed to the domain module for assessment
purposes. In this instance, the domain module uses the raw data to compute a performance statefon a
defined conceptayhere Condition @sses designate performarasat-, above, and belowexpectation for

the associated concept being assessed. This performance state is combined with learner relevant information
(i.e., individual differences) to inform the pedagogicaldeicfor a strategy selection. The challenge here is
establishing the necessary assessments required to capture appropriate performance states that associate with
the objectives of the training event. To meet this challengercentered design approachase being

applied to current architectural componentishwthe intent of providing training developers and subject
matter experts with intuitive tools to configure these assessments themselves.

Authoring Challenges- Realtime Assessments

In previous versins of GIFT, there were two major challenges for users authoring thienmeahssessment
component of a course. First, authoring the Domain Knowledge File (DKF) usigkiheAuthoring Tool
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(DAT) proved to be too complex for the average user and muddr Iseited for power users that would be

more |ikely to take full advant ag euses WweretrdygredoK F 6 s ¢
author usingboth the DATas well as angontent creatiomoolsfor thetraining applicatiorn(e.g., the Virtual
Battlespace mission editoi order to configure redlme assessments and other elements of adaptive
training Without reaftime communication between GIFT and the training application, direct integration was

not possible, making the authoring experientigiointed and cumbersome for users (Davis, Riley, &
Goldberg, 2017).

Overcoming Authoring Challenges

GIFT Wrap was purposely designed to overcome the challenges associated with authotiimge real
assessments by providing users with an integratedfruesedly authoring toolThe first generation of GIFT

Wraptook an initial step towardsddresig integration with training applicatiorsy providingusers with a

tool that allowed thento author tutoring conter(i.e., a check on learning (COL)While simultaneously

interacting withthet r ai ning applicat i o(ied the Augmentesl rRealitycSardtalilel o n  t
(ARES)terrain map)YHoffman, Markuck, & Goldberg, 2016).

The first generation of GIFT Wrap served as proBEoncept that led to theedelopment of the second
generation. The second generation of GIFT Wrap af
redesigned Ul focreating, configuring, and managiagddKF that would eventually replace the DAT, and

(2) creati ngora nfgb leennvdierdo nanetnit 0 t h atimeas$sésemerd(e.g, s er s
COLs) directly within the context of a training ap
the flexibility to rapidly switch back to the main GIFT Wrap Ul amthfigure the rest of the DKF (Davis, et

al., 2017).

THIRD GENERATION GIF T WRAP

Incorporating DAT Functionality

The second generation of GIFT Wrap was designed to be flexible enough to incorporate all existing DAT
functionality into a new, more uséiendy Ul that could support both novice GIFT users as well as more
experienced GIFT training authors (Davis, et al., 2017). The third generation of GIFT Wrap contains several
new features (see Figure 1) that previously only existed in the DAT including,obdimmted to, the
following:

1 Users may now create child Concepts nestetb tipree layers deep allowing training developers the
flexibility to assess Concepts at different levels of granularity.

1 User may now create multiple strategies for state transitemd/or assessment levels for a given
Condition Class.

1 Users may now add time delays for Task triggers to better control the pace and timing of tutoring
events.
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Figure 17. GIFT Wrap New Features

Extending the Blended AuthoringExperience

Beyondincorporating additional DAT functionality into the ngBIFT Wrapdesign, the blended authoring
experience was extendedtsidethe ARES training applicatiorto include the LandNavHD Unity gamin

order to accomplish this, GIFT Wrap wiasegrated with the GIFT Unity plugin to establish communication
between GIFT Wrap and the LandNavHD. Also, two new event handlerscneated in the LandNavHD

Unity project that send messages to GIFT providing information used fdimesahssessment. Once GIFT
Wrap and the LandNavHD were fully integratedwrealdime assessmentgere created specifically for the
LandNavHD Carrying forward the land navigation training use case used with the second generation of
GIFT Wrap, the folloving Condition Classes were created to support the training tasks used in the
LandNavHD: Avoid Area, Follow Path, and Locate Navigation Points. Next, the GIFT Wrap Overlay Ul was
updated to accommodate authoring these newtiraal assessments within contexf the LandNavHD
environment. Thecurrent version of théandNavHD does not includeontent creation tools that would
allow users to create or edit new scenarios. To account forahispflown image of the terrain was
extracted and a new layer was created in the GIFT Wrap Ul to simulate the functionality of authoring within
the training applicationés virtual -timrerssessnensnand t .
corresponding Owéay Uls are described below.

Avoid Area
This Condition Clas checks whether or not a specific entity avoided an area virtiliel environment. This

is used to assess the | ear neanda deadoreckoningwhilé avadno v e
certain obstacles, areas, terrain features,&€T Wrap allows users to easily draw areas to avoid directly
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on the LandNavHD terrain (see Figure 2) rather than requiring manual entry of a set of coordinates. Users
may also adjust the positioning diet area, name it, change its color, and set a tolerance (e.g., entity entered
area for more than 3€econds). While this assessment was created for land navigation, it is generalizable to
numerous scenarios relating to zones of interest and trainee toeétiin that interacting space.

GIFT Wrap - Create Avoid Area Task

Left click to draw the shape of the area

Name the area and select a color

Repeat steps to draw another area OR dlick
Retumn to GIFT Wrap when done

)
)
Connect the lines to close the shape )
)
J

L S |

Areas to be avoided by the leamer's avatar

’00“‘ Lake
{00“‘ Ridge

Retun To GIFT Wrap |

Figure 18. Avoid Area Overlay Ul

Follow Path

This Condition Gass checks whether an entity traveled along a seriesnofectedstraightline paths in the
virtual environment within a set of thiesglds for deviation. This is used to assess a learner's dbilibypve
by dead reckoning, poifjodoint land navigationGIFT Wrap allows users to easily draaths/routes to
follow directly on the LandNavHD terrai(see Figure 3yather than requiring anual entry of a set of
coordinates. Users may also adjust the positioning oktitepointsand set a tolerance (e.g., entibay
deviate no more than 30 meters from the Jpath
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GIFT Wrap - Create Follow Path Task

Click DrawPath A

Left click to add path segments

Press Enter to finish adding segments

Adjust the tolerance as needed

Click Retum to GIFT Wrap when done

LN |

Path to be followed by the leamer’s avatar

’ Segment 1 Tolerance[g0 [ 4] unis

Segment 2 Tolerance ma Units

Return To GIFT Wrap

Figure 19. Follow Path Overlay Ul

Locate NavigationPoints

This Condition @ass checks whether or not an entity reachedoitegion of a specific location (coordinate)

in the virtual environment within a set threshold
specifiedlocations in thevirtual environmentGIFT Wrap allows users to easityop pointsdirectly on the
LandNavHD terrair(see Figure 4jather than requiring manual entry of a set of coordinates. Users may also
adjust the positioning of th@oint and set a tolerance.g., enty must be within 30 meters of the pgint

GIFT Wrap - Create Locate Navigation Point Task

Click Add a Point M

Click on the map in the desired location and
reposition as needed

Name the point and set the tolerance

Repeat steps to add another point OR click
Return to GIFT Wrap when done

Points to be Located by the Leamer

0 Point A Tolerance Units
€ roints  Tolerance Units
° Point C Tolemnce Units

Return To GIFT Wrap

Figure 20. Locate Navigation Point Overlay Ul
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VALIDATING THE DESIG N

The third generation of GIFT Wrap represetite most recent attempt to develop dsEndly authoring

tools aimed atonfiguring realtime assessments that occur during training. Howesn, testings always

needed to validate claims that the most recent design iteration is indeed an improvement over previous
versions.Therefore, a small scale usability test was cated to compare and contrast authoring a DKF
using the DATand thethird generation of GIFT WrapA total of sevenof participants wereasked to
complete a comparable set of tagkish both interfacesin a counteitbalanced manneim order to gather
userfeedback on their perceived ease of use as well as compare peatemmance The results(i.e.,
descriptive statisticdyom each survey and performance measure, findings from the user interviews, and test
facilitatorso® obsefollevdngsections. are reported in the

Subjective Measures

Subjective Workload

All participants reporteaxperiencing higheworkload with the DAT M = 62.71,SD = 8.34) thanwith

GIFT Wrap M = 37.86,SD= 9.21) on the NASATaskLoad Index (NASATLX) (Hart & Staveland, 1988

(see Figuré). The subcales that appear to have contributed the most to differences in the overall score were
Mental Demand, Performaac and Frustration (see Figuré. @hat is, the participants reported higher
Mental Demand and Frustration and pod?erformance associated with the DAT than GIFT Wrap.

NASA-TLX - Total Score by Participant
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Figure 21. NASA-TLX Total Scores by Participant by Tool
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NASA-TLX - Average Score by Scale
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Figure 22. Average Score by Scale

System Usability Scale
All but oneparticipant reported better perceived usability for GIFT Wip=(67.86,SD = 17.76) than for
the DAT M = 36.79,SD = 24.01) on the System Usability Scale (SUB)opke, 1996)see Figure ) In a

review of 500 studies, a score of 68 was found to beSth® national average (Sauro, 2011). GIFT Wrap
receiveda score roughly equivalent tovthile the DAT received a score equivalent to an F.

System Usability Scale

85
80
73 725 73 725
575 575
475
325
25 275
17.5
?-5 I I

Participant 1 Participant 2 Participant 3 Participant 4 Participant 5 Participant 6 Participant 7

90
80
7

Score
o W B L Oy
o o O o o D

1

o

o

EDAT mGIFT WRAP

Figure 23. SUS Scores by Participant by Tool
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Objective Performance Measures

All participants required more time to complete the test tasks with the DIATX309.00 (21min 49sED=
353.92) than with GIFT WrapV = 592.00 (9min 52s5D= 89.74) (see Figure) 8Furthermore, participants
required more prompting to comape the test tasks with the DAM(= 16.00,SD = 7.02) than with GIFT
Wrap M =5.71,SD= 2.75) (see Figure)9

Completion Time

2000 1908
1474
= 1500 1418 1270
= 1217
§ 1110
= 1000 -5
£ 698
E s08 637 669 590
309 443
) I I I I I
0 I
Participant 1 Participant 2 Participant 3 Participant 4 Participant 5 Participant 6 Participant 7
EDAT mGIFT WRAP
Figure 24. Completion Times by Participant by Tool
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Figure 25. Prompt Count by Participant by Tool
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Participant Feedback & Other Observations

Table 1 below summarizes the participant feedback collected immediately following each test session as well

as other observations captured by the wstifators during the usability testing.

Table 2. Participant Feedback & Other Observations

GIFT Wrap DAT
Common 1 Determining how to add a ne| § Save and exit errors (i.e., accidental close oU
concept DAT with the intent of saving)
Usability
1 Remembering to complete the e| § Determining how to saip and assigy
Issues trigger waypoints
1 Determining how toe@name itemg § Determining how to seip and completg
(e.g., Concepts) strategies and/or state transitions
1 Recognizing horizontal panels/ta| § Determining how to add sutoncepts
(e.g., Strategy panel)

1 Confusion about end trigger at start
authoring a task, prompted with need to ret
to it later

Users Liked| 1 Layout 1 More features and options apparent
Best about
the Tool 1 Intuitiveness, Simplicity 1 Descriptive (e.g., todlip-text, instructions)
1 Process flow (i.e.,tree menuy Ul AStyledo (e.g., coO
structure)
T Only relevant info presented 1
user
Users Liked| § Fewer instructions at interface Confusing, Not intuitive
Least about
the Tool 1 Fewer apparent options Frustrating flow

= = =4 =4

Not user friendly, hard for soldiers to use

Lots of clutter and/or information on interface

Taken together, the results of this usability test indicate that users perceive GIFT Wrap to require less effort
and tobe more user friendly than the DAT, legacy GIFT authoring tool. Furthermore, the participants were

able to complete the tasks much quicker and with less assistance with GIFT Wrap than the DAT.
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CONCLUSIONS AND RECOMMENDATIONS FOR FUTU RE RESEARCH

The thirdgeneratiorof GIFT Wrapsuccessfully incorporated additional DAT functionalityo a more user

friendly designa n d extended Gl FT6s aut horing cavathh bhe | i t i e:
LandNavHD Unity gameFurthermore, usability testing demorsged that GIFT Wrap is much more user

friendly than legacy authoring tools making GIFT more accessible to the average user without eliminating

the important features power users need. Howeveri w e G| FT \Wutscqrddl and dwpsrforgned

the DAT, tte test resultshowed that many design features could ibgroved Future developers of GIFT

Wrap should take these findings into account as they striver&ively improve the design.

GIFT Wrap is now capable of supporting the authoring of land néwigéraining across multiple training
applications(i.e., ARES, LandNavHD). Thesauthoring tools and rediime assessment capabilities are

easily extendable to new applications including training in live environments via integration with mobile
devicesef forts are currently uerdded wlayn dtoi odneatle rtnyi nree ctel
communicate with mobile devices to retrieve +@@le assessment data and to push instructional
interventions to learners via a mobile tutor Ul. This initialgfrof-c o ncept wi | | aim to | ay
capabilities on top of an existing live terrain walk exercises conducted at the United States Military Academy

at West Point.

The lessons learned from the first three generations of GIFT Wrap will be agefbrim and guide the
development of the fourth generation of GIFT Wrap. Near term GIFT Wrap research and development
efforts will focus on developing new, usieiendly authoring capabilities that will be integrated with web
mapping services (e.g., GoegMaps) to create a new authoring layer. Work will also be done to apply
existing capabilities to this new environment and to develop authoring tools for terrain walk specific real

time assessments (e.g., pace count, plotting routes). This fourth genefa@FT Wrap will eventually

provide training developers with the tools they need to easily create land navigation training using the GIFT

I TS to scaffold the | earnerdés phased skill develop

REFERENCES

Brooke, J. (1996). SUA quick and dirty usability scal&lsability Evaluation in Industry189194), 47.

Davis, F., Riley, J.M., & & Goldberg, B. (20,1duly). Development of an Integrated, Usaiendly Authoring Tool for
Intelligent Tutoring Systems. IRroceedings of thé-ifth Annual GIFT Users Symposium (GIFTSymb5)
Orlando, Florida

Generalized Intelligent Framework for Tutoring (GIFT). (n.d.). Retrieved from
https://qifttutoring.org/projects/qgift/wiki/Carview

Hart, S. G., & Staveland, L. E. (1988). Development of NABA (Task Load Index): Results of empiricahd
theoretical research. ldvances in psycholodyol. 52, pp. 139183). NortiAHolland.

Hoffman, M., Markuck, C., & Goldberg, B. (2018uly). Using GIFT Wrap to Author Domain Assessment Models
with Native Training Applications. IrfProceedings of the Fourth Annual GIFT Users Symposium (GIFTSym4)
Orlando, Florida

Sauro, J. (2011). A practical guide to the system usability sBaltkground,Benchmarks & Best PracticeBenver,
CO: Measuring Usability LLC

104


https://gifttutoring.org/projects/gift/wiki/Overview

Proceedings of théth Annual GIFT Users Symposium (GIFTSgm

Sotilare, R.A., Brawner, K.W., Goldberg, B.S. & Holden, H.K. (2012). The Generalized Intelligent Framework for
Tutoring (GIFT). Concept paper released as part of GIFT software documentation. Orlando, FL: US Army
Research Laboratory Human Research & Engdering Directorate (ARIHRED). Retrieved from:
https://qifttutoring.org/attachments/152/GIFTDescription_0.pdf

Sottilare, R., Brawner, K., Sinatra, A. & Johnston, J. (2017).Updated Concept for a Generalized Intelligent
Framework for Tutoring (GIFT). Orlando, FL: US Army Research Laboratory. May 2017. DOIL:
10.13140/RG.2.2.12941.54244.

Sottilare, R., Ragusa, C., Hoffman, M., & Goldberg, B. (2013, December). Characterizdggive tutoring learning
effect chain for individual and team tutoring. Pmoceedings of the Interservice/Industry Training Simulation
& Education Conferenc@/ITSEC) Orlando, Florida.

ABOUT THE AUTHORS

Mr. Fleet Davisis a Senior Human Factors Engéer at Humanproof, LLCHe is the Principal Investigator for the
GIFT Wrap project.

Dr. Jennifer Rileyis thePerformance Augmentation Division HeatiDesign Interactive, Inc. She is the-Bdncipal
investigator for the GIFT Wrap project.

Dr. Benjamin Goldbergis an adaptive training scientist the Army Research Laboratory (ARH)man Research and

Engineering Directorat HRED). He leads research focused on instructional management wifibibhearning in
Intelligent Tutoring Environmen{&ITE) Laband is a cecreator of GIFT.

105


https://gifttutoring.org/attachments/152/GIFTDescription_0.pdf

Proceedings of théth Annual GIFT Users Symposium (GIFTSgm

106



THEME Il :
| NDIVIDUAL L EARNER
M ODELING

107



Proceedings of théth Annual GIFT Users Symposium (GIFTSgm

108



Proceedings of théth Annual GIFT Users Symposium (GIFTSgm

Learner Models in the Generalized Intelligent Framework for
Tutoring: Current Work and Future Directions

Gregory A. Goodwin
U.S. Army Research LaboratoiyHuman Research and Engineering Directorate

INTRODUCTION

The function of an intelligent tutoring system (ITS) is to adapt or tailor training to an individual learner. As
with ahumantutor, thisrequiresthelTS to have somefi k n o w | oétldetparrier(i.e., alearnermodel). The

ITS uses and updates the learner model as the learner progresses through the material. Foif ¢ixample,
learner masters some concept, the learner model must be updated to reflect thes.o®wert hand if the
learner has difficulty with a concept, the ITS needs to be able to understand where deficiencies lie in order to
prescribe the appropriatemediation.

Understanding why the learner might have had difficulty with a particular coreeot simple task as the
list of reasongouldbequiteextensive.Perhapshelearnedostfocusduringthe presentatiomf akey piece of
information,lackssomekey prerequisit&knowledge or hasa low aptitudefor the domain. Thelist could go
on andon.

All of these possible explanations require assessment of the learn@mn As seen from the above exde
assessmentanincludeinformationaboutthel e a r baekgrdusdexperiencedraits,andaptitudes, as well

as measur es o f ct behavior,| andapenfoemante durindg thee training session. The more
completelythelearnemodelrepresentthelearnerthebetterthel TS will beableto effectivelyadapt training.

Dimensions of Learner Modeling

In September of 2015, we published a remuitlining research challenges in the area of indivitkaher
modeling(Goodwin, Johnston Sottilare,Brawner, Sinatra,Graesser2015). This reportdescribeda frame
work for assessment of the learner to support learner modeling. Thigwaak provdes a way of
classfying different types of measures and relates those measures to adsgitioels.

The framework categorizes measures into four groups in a 2 x 2 matrix. One axis in the matrix divides
measures into statike or traitlike categories. mait like measures are what the learner brings to the training
event. Examples would include physical strength and aptitude -IR&tmeasures on the other hand are
thingsresultingfrom thetraining. Examplesncludefatigueor confusion Statelike meauresarefairly stable

and either donét ¢ h a n g dike measures thangeyfairly quécklyyandsare cofteh y .
transient.

The other axis in the matrix divides measures into coitepéndent or conteimidependent categories.
Content depeatent categories are learner measures that are directly relevant to the content being trained.
Examples include prior knowledge or comprehension. Content independent measures are traits and states
that are relevant to training generally rather than to Bpecontent. Examples include aptitude and
personalitytraits. Eachof thesefour cellsapplyto threedomainsof learning(cognitive affective,andpsyche

motor,vis. Bloom,1956).

Statelike and traitlike measures have some interdependencies (Goodiviphy, & Hruska, 2015). For
example, a student with high aptitude or pemperiencevould be expected to perform better in training
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(Schafer & Dyer, 2013). Additionally, some stditee measures could update trhiiie measures. For
example, as the leaer completes a block of training, his or her performance {kateneasures) would
thenupdatethetrait-like measurege.g.,indicatingthe learnerhadmastereda particularskill or completed a
certificationcourse).

ITSs need both state like anditrlike measures to adapt training effeety (VanLehn, 2006). For exate,

beforean ITS can initiate training, it needsto know somethingaboutthe learner. What doesthe learner
already know? What i s the | ear nrdéorconypletatpe tiaihing?2l 0@ Ho w
ITS might usethis informationto determinethe difficulty level of thetraining or whattopicsto skip. These

are often described as outepp adaptation. As the ITS delivers traininig, will measure student
comprénension attention, as well as the types of errors made, and level of frustration and/or boredom. The
ITS can use these measures to choose remedial content or to change the pace or difficulty of thiedaaining

called inner loop adaptation (VanLehn, 2006). €ablsummarizes the kinds of measures that can be used

for adaptation of training iGIFT.

Table 1. Components of the Learner Model.

Learner Measu Trait-Like StateLike
Categon (Outer Loop Adaptatiol (Inner Loop Adaptatior
§ Cognitive Relevant prior cognitiv Comprehension of conce
9] experiencé&nowledgef/trainin presentedn the trainin
<)
e Psychomotc Relevant prior psshomoto  Measures of Skill improveme
§ experience or trainin
5
O Affective  Fears, likes, goals, attitu¢ Arousal and emotions in respo
relevant ¢ the training to the trainin
§ Cognitive  Intellect/Aptitude, Memory  Attention, Cognitive Workloa
5 Meta-cognitive skill
<))
E Psychomotc Physical strength, stamil Endurance and fatig
*qc‘)‘ sensory acui
c
8 Affective Personality Traits, general t Arousal, emotions resulting fr¢

anxiety  factors independent of traini

Using this assessment framework for developing learner models has a couple of benefits. First of all, by
understanding that there arefdient uses for each type of assessment, it is possible to think about ways that
thoseusesmight be standardizedn GIFT modules.This might be especiallytrue for contentindepeneént
measures. Second, it is useful in identifying research and technalnges that affect certain types of
assessments.

For example, idraining assessments of learner state are challenging because they must be frequently and

rapidly assessed in a nonobtrusive way by the training system. Such assessments rely on measurement
technologiedike eyetrackersandphysiologicaimeasureshatcanbe expensiveandmay only beavailablein
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certaintraining facilities. This highlightsthe needfor researchand developmento bring the costof these
capabilities down and to increaseittvalidity.

Assessment of trait like factors is time consuming and so we want to avoid doing this every time a learner
starts a training session. ldeally GIFT would accesspigiing databases containing that information (e.qg.,
personnel records, leamnrecords). Research is needed to develop ways to access that infdm@tieaure

way using open standards. Services also need to be developed to facilitate interoperability among databases.
The next section outlines ongoing research in the areamidanodeling.

AREAS OF RESEARCH ON INDIVIDUAL LEARNER M ODELS FOR GIFT

The following are areas of research on individual learner models for GIFT that are currently being
investigated:

Personality: A key to motivating our learners

This reportby Biddle, Lameier,ReinermanlonesMatthews,andBoyce (2018)describesan effort to utilize

the personality of the learner (a trliie factor) to identify key motivators that will improve learning
performance. This association between personality and motivatorthea be used by GIFT to use those
motivators to tailor training to each individual. For example if people who are outgoing find social
affirmation to be a powerful motivator, GIFT might utilize somethinglike leaderboard®r feedbackfrom

other learnerso incentivize thoséearners.

In fact, prior researcthasshownthat personalityand motivationalfactorsarerelated. For example Jearners
with intrinsic motivation, which refers to an internal desire to succeed, are more likely to havéeadiigh
the personality trait Conscientiousness (Duckworth &04l7).

Lastyear,the authorspresentedvork which identified itemsfor a Motivator Assessmentool (MAT). This

tool identified individual motivationaltraits and specificassociatedeinforcers. This year,the authorshave
addeditemsto thesescalesand checkthe reliability andfactor structureand providefinal refinementto the

MAT items and then examine the relationship between the MAT items and the Big Five personality traits
finding some inteesting associations between personality and motivators. For example, they report that
individuals who are open, conscientious, and/or agreeable tend to associate vditestelfl learning. On

the otherhand,individualswho scorehigh on neuroticismterd to find the learningenvironmenthreatening

and would be difficult tonotivate

Currently GIFT only tailors training based on a classification of learners as novice, journeyman, or expert.
The next phase of this work will focus on integrating this suiméo GIFT to provide a classification by
personality. Using the associations that were discovered between personality traits and motivators, the course
could then be tailored by thredagogicaimodule accordingly.

This work also highlights the need fotF3 to implement a londgerm learner model to avoid having te re

assess learners each time they take a GIFT course. As noted, traits tend not to change over time and so there
is little need to readminister a survey that should essentially yield the sapre gach time. In fact, as noted

by the authors, subjecting learners to the same survey over and over would probalggnbtrator.
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Perceptualcognitive Training Improves Crosscultural Communication in a Cadet
Population

In this paperby FolsomKovarik, Boyce,and Thomson(2018),the authorsexplorewaysto moreefficiently
develop remediation for training in GIFT using a crossultural communications lesson plan. More
specifically, the investigators explored ways to adapt training using patteresmier behaviors, common
misconceptions, and a specific type of adaptation known atessdrreports.

The conceptpatterngefersto the waysin which learnergendto progresghroughthelesson.Somelearners

may persist until they achieve success. seh&earners are willing to try different strategies to solve the
problems until they get it right. Other learners may not shift a response strategy, trying the same strategy
over again, possibly several times, before quitting. Still others fall somewhebetiveen these two
extremes.

The concept of common misconceptions is fairly -selblanatory. For any given question, incorrect
responseareoftenassociateavith a specificmisconceptionn the caseof this project,thelearningobjective

hadto dowith crossculturalcommunication.Thequestiongequiredthelearnerto balancdifferentvalues or
outcomes and then choose the best, though imperfect, course of action. Misconceptions identified by the
authors included an authoritarian response in whiehléarner was mostly focused on being respected or
obeyed,or a rulesfocusin which the learnerinflexibly adherego rules. These,andother, misconceptions

could be applied across a wide range of quesésponses.

In this experiment, the identificatioof the misconception, allowed the appropriate remediation to be
selected by the pedagogical module in GIFT. The remediation was provided in the formle$soiu feed
back pointing out the error by challenging the misconception and encouraging fafleetion before
responding. The interventions worked on most of the responses, improving learning outcomes.

One of the outcomes of this report is a recommendation to enhance the learner model to understand the
patterns of responding by particular leagddoes a learner easily adapt his or her response strategy or doe
the |l earner seem to persist in using an wunsucces
pattern, GIFT may be able to tailor prompts to these different types of learners.

Another suggestion made by the authors of this report was to identify common or general misconceptions
that learners make when responding to topical questions. The reusability of those misconceptions could make
it easier to author remediation. If the conteathar simply identifies the misconception associated with a
response, the pedagogical module can apply the appropriate remediation (e.g., encouraging the learner to
apply a different response strategy) avoiding the need to author a uniqueateneor ech response of

each question.

Predicting Studentsd Unproductive Failure on |

In thisreportParkandMatsuda2018)examineamethodfor detectingatypeof unproductivdailureknown as
wheelspinning. Wheel spinning occurs when a studeeems to be unable to figure out how to solve a
particular problem or problem type. The result is that students spend an extended period of time on a
problem without making progress. Students can become frustrated and will eventually give up. Needless to
say, this is not effective or efficient learning and being able to detect students that are heading into this hole
before they get too discouraged is critical to improving learainigomes.
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The investigators in this report used archival data in Dataghepplore modeling methods foredicting

this pattern of learner behavior. They used four student factors: performance, hint usage resporse

time, and difficulty of problem type. Employing a data mining method using a gradient boosted deasion tre
model yielded a model that could predict wheel spinning patterns of behavior about 62% of the time after the
third opportunity to solve a problem and 83% of the time by their sixth opportunity. Future wonkeedid

focuson how to adaptivelyandcongructively respondo this patternof learningso thatstudents do not get
frustrated and improve their learningtcomes.

Modeling the Determinants of Training Time in GIFT

Adaptivetraining promisesmore effective training by tailoring contentto eachindividual insuringthatit is

neither too difficult nor too easy. Another, less discussed benefit of adaptive training, is improved training

efficiency. This efficiency comes from minimizing the presentation of unnecessary material to learners.

Typically, nron-adaptive training is developed for the lowest tier of learners. While this insures that no learner

will be unable to complete the training, it also means that many students are given material that is not well
suited to their current level ohderstandig.

The focus 6this effort (Goodwin, Niehay®018) is to determine how the fit between learner characteristics
(e.g.,aptitude readingability, prior knowledge))earningmethodsemployedby the adaptivetraining system,
course content (e.g., difficyltand length, adaptability), and test characteristics (e.g., difficulty, number of
items) all determine the time to train for a populatiofeafners.

We use a probabilistic model to represent the different factors and instructional strategies thathenpact
completion time of a MAST module, as well as probabilistic inference techniques to determine a distribution
of a course completion time.

For example, if a trainee normally reads at 100 words per minute, there are 100 words in the text, and the
traineeis tired, the reading time of the trainee could be distribution uniformly from 1 to 2 minutes. The
readingspeedof the traineeis alsoa norrdeterministicvariablethat dependsn how muchprior knowledge

the trainee possesses about statistics aboufdsithe general population of traineead.

One of the benefits of building a probabilistic model to represent the completion time is that not all of the
information in the model is needed to estimate the completion time. For example, if we know how much
prior knowledge the user has about the subject (for example, fromiasprection questionnaire), we can

post that knowledge asvidenceto the model that would be taken into account when estimating the
completiontime. If we do not possesghat information, we cantreatthe variableaslatent and usea prior
distribution to represent the state of the variable. For example, we can estimate that only 20% of trainees
taking thecoursehaveprior knowledgeof the subject. Theseprior distributionscan be egimatedfrom the

literature review or expert knowledge, and thearnedover time based on the outcomes of adiesting.

In this second year of this effort, the focus has been on further elaboration of the MAST model, identification

of GIFT training cortentfor usein the validationexperimentor the final yearof this effort anddeveloping
interoperability between the predictive model and GIFT.

RESEARCH CHALLENGES

As can be seen, GlFbased research on learner modeling is still relatively nascent. Mery¢he projects
described above are pursuing a number of interesting approaches to both developing learner models and
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using them to adapt training to improve both training effectiveness and training efficiency. All of the key
research challenges idengifi last year continue to need more work. These are described below.

Cross platform training.The major benefit of interoperable student models is the ability to adapt training
across technology platforms. Using the xAPI specification, performance date cacorded and interpreted

from a wide variety of platforms, including desktop and mobile devices. While somegomgored efforts

have focused on assessing student performance across a range of training platforms (e.g., Spain, et al., 2013),
maintainng a complex student model across these platforarsl adapting training accordinglyhas yet to

be successfully accomplished in a military context. Integrating GIFT with XAPI data would enable
investigations into the best practices for adapting traiagngss platforms.

Macro- versusmicro-adaptiveinterventions.Multi -facetedstudentmodelsbasedon cognitive,psychomotor,

and affective components are inherently compl ex, a
dependent componentas s h as | evel of workload and Atrsuiht , 06 or
aspersonalitytraits. Whetherto adapttraining on a macrolevel (e.g.courseselection)or a micro level (e.g.

real time adaptation of content) based on these compielelsihas yet to be fully investigated. Whitame
researctsuggestsnacreadaptivestrategiesare more appropriatefor more persistentharacteristics (Park &

Lee, 2004), this question has not been addressed domssns.

Adaptationbasedon a combinaton of learnerstatesAssessin@l e a r affectivéstateduringthecourse of

training has been a focus of I TS research-avar,er t he
researchinto how to adapttraining basedon this stateis in its infancy (e.g.,Strain& D 6 Me 201%).,
Arguably the state of the art in intelligent tuto]

student cognitive and emotional states such as boredom and frustration and acts to alleviate states. If a
negative emotion is detected, the avatar within the tutor responds with an encouraging phrase and facial
expression. In Affective AutoTutor, student affect and learning are managed through separatéhabidels;
interventions that are geared toward manggfrustration are distinct from interventions aimed at
manipulating content difficulty. The extent to which different interventions could be used to address
combinations of these states has yet to be determined, but is a research question GHtipgould

Scenarigbasedtraining. GIFT is uniquein thatit supportsintelligent tutoringin scenariebasedplatforms
such as tViteal Batlesppo@ §VBS3). How to assess competencies across complex student
models using key events within one of thesensrios has yet to be investigated. If scenario data were
recorded in XAPI specification scenario events could be diagnostic of both performance and affect. Key to
this developments the carefulmappingof competencieso decisioneventsin a scenarioBestpracticesfor
accomplishing this have yet to bstablished.

Predictive analysis of performancePersistent learner models provide the opportunity to prescribe
interventions based not only on performance during training but also prior to traininghahéoacreand
micro-adaptivelevel. Basedon performancen onetraining setting,a studentmodelcouldreflectanumber of
cognitive, psychomotor,and affective attributeswhich could then predict performancen anothersetting,

given the domains wemfficiently interrelated. These data could be used to prescribe courses of instruction,
training platforms, and even micemaptive strategies. To date, thistential has not been invested.

Return on investment of different types of interventioriBo date, research into addressing interventions
based on complex student models is feasible. However, whether or not a learning intervention is effective is
not that sameissueas whetheror not it is effective enough.With defensebudgetsbecomingincreasngly

limited, the questionis whetheradaptingtraining basedon complexrepresentationsf studentcompetency is

worth the investment. Implementing intelligent tutoring systems to date has been limited due to their domain
specificity and cost to developVhile the GIFT initiative aims to address these isspeifically, the
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relativecostof someinterventionshasyetto be determinedFor example emergingphysiologicatechnology

enables the unobtrusive measurement of student cognitive and affeatv@Viigphy et al2014), but does

adapting training based on these types of measures produce sufficient learning gains to warrant their cost?
These questions have yet to be fully investigated.

CONCLUSIONS

This discussion highlights a number of researabstjans that can be addressed as the resategfation of
complex, interoperable learner models into the GIFT architecture. Jihrdie use of xAPI data,
representations of student performance can incorporate data from a mutiitedeirces. The GlIFTeam
envisions a multfaceted learned model consisting of psychomotor, cogndive affective aspects of
compéencies. This model can be used to drive training adaptations across technological platforms, across
do- mains, and across the course ofalearnd6 s career. While the potenti al
of a student is promising, research is needed to fully evaluate the utility of these learner models. Some of this
work is currently underway at the Advanced Distributed Laboratory uageogram known as the Total
Learning Architecture (TLA, JohnsoR0Q13).

As an initial attempt at addressing these issues, several projects are using a marksmanship use case for an
initial investigations of this capability. Marksmanship is an ideal dorf@inmplementing multfaceted

learner models. While marksmanship skills may appear to be straightforward, effective performance is much
more than simply hitting a target with a bullet. The marksman must master a range of psychomotor,
cognitive, and affedte skills in order to be successful, and must have an understanding of how myriad
environmentafactorsplay into his or heraccuracyFurthermore marksmanshigs a skill thatevery Soldier

must master, so it has a broad applicability to the Army arsiktsrservices.

It is importantto noteresearctin learnermodelingis still in its infancy. Consequentlyour efforts areafirst

step toward developing definitive guidelines and best practices for hovestoldverage interoperable
pefformance data. Utther research will be needed to expand an understanding of how these learner models
play into the development and use of intelligent tutors across domains, training audiengkesfcants.
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Workload -Adaptive Training Scenarios for Synthetic
Training Environments

Nathan D. Smith, Ezekiel D. Gunnink!, Thomas Schnelfi, Christopher Reuter!, Jason D. Mos3
Operator Performance Laboratory (OPL).S. Army Research Laboratory (ARL)

INTRODUCTION

The Army is working toward rhancements in soldier training systems using synthetic training
environments (STEs) and mission rehearsal capabilities. This capability will augment live training on the
range and in many cases will be gglfided, meaning that the trainee will not requartutor or instructor

to administer the training. The STE enables single user training and training of teams in small local
groups and across operational networks involving large groups. Adapting the training scenarios to the
capabilities and training eds of individual trainees is a proven way to enhance individual training
effectiveness.

In distributed training evolutions, proper adaptation of the training scenarios takes on an even more
important role, as such exercises involve many trainees atusasiages of their training maturity and

skill. Problems arise when less experienced, or leskéled, trainees are exposed to training scenarios
that are too advanced, or complex, for their level of experience. This can easily happen if the STE does
not consider the capabilities and limitations of the individual trainees. Such unprepared trainees are more
likely to fail their training mission and thereby reduce the benefits of training, further exacerbating
frustration in the trainee. In addition, thelf@aé may jeopardize the success of other trainees who
depended on a reasonably successful outcome of a mission task element in the scenario. Failure of a
single trainee to accomplish his/her mission may result in a chain reaction of adverse events in the
training evolution that may reduce the value of the training exercise or increase cost. Conversely, trainees
exposed to missions that are not sufficiently challenging may experience boredom, or even apathy,
resulting in a negative training benefit. Adapta@enario administration is needed in STEs to avoid such
breakdowns and to enhance individual training effectiveness.

There are mangTEsand tools available such as VBSVirtual Battle Spac8). These tools often allow

the creation and storing of sceins that contain the starting conditions of a training module but the
scenarios themselves are usually administered on a-foree lesson plan. The structure of the
simulation tools actually encourage such lesson based administration as it is vdry@asye and save

static scenarios. What is needed, however, is a mechanism to continually adapt the scenarios to match
them to student abilities at their respective stages in the training program. Additionally, students need rich
feedback on their perforance and guidance on ways to modify behaviors to increase performance, if it is
not ator aboveexpectation.

In our work, we have created an adaptive training framework from three separate sy$jeths,
Generalized Intelligent Framework for Tutorif@IET), (2) the VBS 3 simulation framework, aid) the

Cognitive Assessment Tool Set (CATS) workload quantification library. We develogenkeac method

to incorporate the GIFT performance grading scheme into \BSThis allows for ofthefly
configuraton of adaptive VBS training scenarios. Additionally, through CATS, this script can take into
consideration the workload exhibited by the trainee and adapt the scenario to avoid over or underload
conditions. This adaptive training framework is governedstaylent performance, workload, and task
difficulty. Performance and workload were incorporated as aggregated scores. Workload is assessed using
the CATS workload library that is attached to GIFT. Both performance and workload drive the selection
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of upcomng training scenarios by modulating task difficulty such that the trainee is challenged at an
optimum level. A script in VBS3 uses a decision tree on the basis of performance (below, at, above
expectation) to manipulate the level of task difficulty to imaze training effectiveness.

In the current development cycle, we will perform a human factors study to assess the efficacy of adaptive
training using two distinct adaptation schemes, one based on performance only, and one based on a
combination of perfomance and workload. The results of the study will be used to determine if
workload-adaptive training scenarios are more effective than training scenarios that only consider
performance.

BACKGROUND

The value of adaptive training and its positive effectraming effectiveness has been well documented.
The idea is of course not ndlintern G. & Gopher D., 19798 The underlying principle is based on two
hypotheses, (1) the learning of a complex task is best accomplished using less difficult versions of the
task and increasing levels of difficulty until the whole task can be masterdear@ng of a task is better

when transition from one level of difficulty to the next is guided by the performance of the student rather
than bruteforce administration of a rigid training regimen.

In oneon-one training settings, expert instructors usie principle almost instinctively to keep students
motivated throughout the building of critical skills. For example, flight instructors may teach the difficult
skill of autcrotating a helicopter using increasing levels of difficulty by gradually inorgathe
complexity of themaneuverin the example of autorotation, adaptation is not only representative of good
training didactics, it is essential for survival of both the instructor and the student, as poor performance
can lead to mechanical damageao expensive helicopter, such as through over speeding the rotor
system, or it could lead to a fatal crash such as allowing the rotor RPM to drop below an allowable
minimum or initiating the landing flare too late. Control of this task requires manipulattitour inter
dependent controls (collective, lateral cyclic, longitudinal cyclic, and tail rotor pedals) as well as at least
four interdependent performance parameters (airspeed, flight path, rotor RPM, aircraft attitude). To an
uninitiated person, teimaneuvelis extremely scary and cognitive workload will be very high. It makes

no sense to scare a student on each and every repetition of that maneuver as this will only increase the
possibility that the student will never master it and be unable tib as& needed emergency skill.

Expert instructors will ease their students into awotations through adaptive training principles by
giving the student only one control axis at a time (e.g. the collective) or through adjustment of the flight
path (strgght in path instead of curved). As the student gains confidence in his/her ability to master this
skill at a given difficulty level, performance will improve and workload will go down. As is typical in the
acquisition of many critically important skillghe decrease in workload is highly indicative of
autonomous mastery. In the early stages, students may be able to master the skill at an acceptable
technical level but only with the highest levels of cognitive workload expenditure. This is usually
sufficient for passing a cheelide or to graduate with a certificate but it is hardly a proper level of
training for critical skills in warfighters. Instructors and instructional systems owe it to the warfighter to
train them to a higher standard. High levelscofjnitive demand causes significant draw on limited
attentional resources (s&égure 26) which adversely affects the performance of perception, memory,
decision making, and response execution. Trainees who miastekitl to a point of automaticity will
expend less cognitive workload and thus retain more attention resource capacity. This will afford them to
devote those resources to mission critical task elements, which is essential in the projection of military
power and for the selfrotection of the warfighter.
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In our research, we are working on building the adaptive expertise that good instructors apply almost
instinctively into automated Synthetic Training Environments (STES).

Even as far back as the Seventies, adaptive training was conceived dbsaddoop controller system
(Lintern G. & Gopher D., 1978 Such a system dependsm measurement of task performance.
Unfortunately, automatically generating performance measures is not always easy and in many training
tasks has eluded us to this day. Additionally, the most optimal way to make the training scenario adaptive
is not alwag easily evident. Much research has been devoted to the question of how to make training
tasks adaptive. Pavthole training is an adaptation scheme where essential subtasks are learned as
building blocks to enable mastery of the whole task. Part Task tfRifing was found to lead to
significantly faster convergence of a tactical skill in a video game when compared to Full Task (FT)
training (Mané, Adams, & Donchin, 1989An interesting observation of their work is that the part tasks
were not fully representative as fractions of the whole task but when learned in sequence lead to better
performane than if the full task is learned at once. An additional observation is that the PT training took
longer than FT training. However, the skill transfer rates from the PT were 100% and the overall
performance of demonstrating the full task was much bektars, while PT may not yield net time
savings, the fact that better performance is achieved may mean that less remedial training will be needed.

Mane and WickengMane A. & Wickens C., 1986studied the effects of task diftitty and workload on
training. They noted that training systems should adapt to maintain high levels of workload as otherwise,
trainees will learn shoiterm resource preserving strategies that are counterproductive toward mastering
of the longterm skill. Rigid (i.e. noradaptive) training methods allow such maladaptive resource
preservation strategies to take hold. In our work, we usetinealmeasures of cognitive workload to
quickly close that shottierm loophole for the trainee by adjusting traininifficulty to maintain high
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levels of workload while at the same time preventing overload or defeat of the student through scenarios
that are too difficult (e.g. autmtations).

Gerjets et al(Gerjets, Walter, Rosenstiel, Bogdan, & Zander,2escribe the relationship between
cognitive load theory (CLT) and training outcomes through optimal loading of working memory load
(WML). The main challenge is a continuous classification of cognitive workload to allow adaptation of
the training scem@ to modulate WML. They describe methods such as subjective probes or secondary
tasks measures. Both methods of workload estimation are disruptive and hinder training effectiveness.
They used EEG as a means to estimate workload with some success. TéfeBE® signals for
classification of workload is well represented in the literature, two additional examples of which are
presented here. Wilson and Rusg®lliilson & Russell, 2008 attempted to classify workload using a
combination of sensors, including six channels of brain electrical activity, eye, heart, and respiration
measures. Those authors were able to achieve classification accuraciesB2eduhtbwever, their tasks
consisted of only two variants of the same test. Additionally, the high humber of sensors used to collect
the data, is subptimal for many scenarios including in flight measurements. Mattle¢wss(Matthews

et al., 2008 used a wireless EEG sensor helmet to classify workload ittineal Those authors achieve
classification accuraciesx@n average of 80.5%. In well over a decade of workload estimation research at
the University of lowa Operator Performance Laboratory (OPL), we have come to the conclusion that the
technical readiness level and diagnostic capabilities of EEG based wbikiobes is very low and
unsuitable for a realorld training environment outside a highly controlled laboratory.

A much simpler sensor montage is possible through a-teageelectrocardiogram (ECG). At OPL, we

have usedliscrete deterministic nonlinearodelsof the full ECG waveform to obtain reliable and highly
diagnostic reatime measure of cognitive workload. It is important to note that our method of ECG based
workload estimation is NOT a heart rate based method or ast@nes based analysis. tRar, we
continually transform the entire ECG signal into an embedded phase space and classify workload on the
basis of the dynamic representation of the heart though an ergodicity map of the electrical heart signal.
We start with the realization that theart is a chaotic system that is under control of the nervous system.
Chaotic systems are often not well represented via the normal scalar time series. Instead, the dynamics of
the system are obfuscated in the single dimension whereas they become appamesntransform of the

data is made. This transform moves the data from the single dimensional scalar space into a multi
dimensional embedded phase sp@iehter & Schreiber, 1998In our method,lte ECG time series data

is transformed into phase space using the CATS software(@lL, 2014. This step established the
Ergodicity Transition Matries (ETMs)(Engler & Schnell, 2013that represented the dynamics of the

ECG signal in phase space for the differamrkload conditions.To generate a redime workload
estimation, we can either use the ETMs directly throughupaf model ETMs using nearest neighbor
classifiers or through models of statistitednsitions within the ETMalled the Transition Probability
Variance (TPV). TPV calculates the variance of the probabilities of transition from one cell to another
different cell of the coursgrained ETM. The TPV therefore captsitbe variability in the dynamics of

the ECG signal as theaineeundergoes different levels of cognitive loading. TPV varies inversely to the
degree of workload with higher TPV numbers seereuihaiv workload conditions and low TPV numbers

seen under high workload conditioihe benefit of the direct ETM based discrete classifier is its very
high accuracy level (near 100%). The downside of this method is that model ETMs need to be established
for each participant and each desired level of workload. The TPV method is less accurate (aBf%d 85
classification accuracy) but it does not require a model. The TPV method provides a continuous measure
of workload no more than three heartbeats afieB6G system has been turned on. The TPV system has
excellent crosperson and crogssk validity and is easily deployed in complex +e&akld environments

(Scmell T et al., 2017Schnell T., Hoke J., & Romeas T., 208¢hnell T., Reichlen C., & C., 2017
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Another trainee specific dimension thatyrtee applied in the context of adaptive training systems is that

of trainee affect and engagement. As with performance based adaptation, expert instructors generate a
motivating and interesting training experience and they have the ability to deteataffeats from the

trainee such as frustration, fear, boredom, or anger. Effective instructors can interpret affectual cues as
levers that affect learning. The affective domain of training provides a framework for instruction that
includes student awarenesssponse, value perception, organization, and integréfiaA, 2008. A

trainee has to baware of the material being taught. It is the responsibility of the instructor or
instructional system to raise the awareness level in the trainee through immersive and interesting content.
The student responds through active participation, decides owalhe of the training, organizes the
training into his/her belief system, and finally, internalizes it. Motivation and enthusiasm are important
enabling components of the affect domain.

Ocumpaugh et al2017 providal a thorough review of the role of emotions in training. A guantitative
understanding of affectydnami ¢cs al |l ows not only for an wunder st
state but also enables prediction of future affec
affect dynamics toward making better adaptive training transitidhsproposed approach for
incorporating affectivestate assessment into the GIFT training system draws from thevedamodel of
affectdynamicp r esent ed by DO6(Me&Meélol andl Graesser, 2012

Impasse
Detected
Equilibrium ﬁ Persistent Lack of control
Disequilibrium ; ack of control/
[Engagement/ : Failure/ Forced Effort
Flow] h [Confusion) Hopelessness orced Effo
Impasse
Resolved

Disengagement

[Boredom]

Figure 27. D'Mello & Graesser Model of Affect Dynamics
We identify the following states and definitions from the referenced work
1 s 1 Engagement/Flow: A state of engagent with a task such that concentration is intense,

attention is focused, and involvement is compléigs is of course a desired state in a training
system.

1 siConfusion A state experienced while encoustering

when confronted with obstacles to goals, interruptions of organized action sequences, impasses,
contradictions, anomalous events, dissonance, incongruities, unexpected feedback, uncertainty,
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deviations from norms, and noveltin the context of a traingisystemt hi s i st iav efiopr od
form of confusion as the resolution of the impasse provides a sense of accomplishment.

f T Frustration: A state experienced while enco
when an impasse cannot be resolved, d@ner gets stuck, there is no available plan, and
important goals are blocked

1 i Boredom: A state experienced when a learner disengages from the learning process

The model depicts six primary state transitions, but the design focuses on four (diptrankidt have
pedagogical implications to an adaptive training system

1 siA s: Caused when an impasse is detected and the learner engages is effortful problem solving

1 s A si: Caused when an impasse is resolved. Additional positive affective stateasglglfght,
may occur as a result of achieving goals or receiving positive feedback

1 s A s Caused when an impasse cannot be resolved, the learner is stuck, or important goals are
blocked

1 s A s Caused when persistent frustration prompts the learngisémgage from the learning
process

While it is not documented in this model, a direchss, transition may also occur if the learner is under

tasked, or when concentration or attention is broReaposed training adaptations are presented in two

specfic contexts: affective state alone and affective state coupled with physiological workload. If the
trainee is in a prolonged state of equilibrium, scenario complexity should be increased to triggar the s

s transition and cause the learner to engagfortful problem solving. Sustained equilibrium should be
managed to prevent an & s transition.The $ A s transition back into equilibrium does not require
immediate intervention, as it indicates problem solving has been applied to successielly adpal or

resolve an impasse. However, the transition should trigger the system to monitor for a prolonged state of
equilibrium.The s A sstransition into frustration does not require an immediate intervention; however, it

should trigger the systeto monitor for a prolonged state of frustration. Sustained frustration should be
managed by reducing scenario complexity to prevent $h s, transition.If the § A s transition

occurs, the scenario complexity should be reduced to present the ledimamore simplified problem,

but the complexity of the pr obl e-engagingwithtleltrainingi ncr e
session. If anisA s transition occurs, the scenario complexity should be increased to present the learner
withamor e compl ex problem that al seogaging with theteaieisg t he |
session.

Physiological workload assessment techniques can reinforce, or modify, the adaptations based solely on
affective state. For brevity, the differences the list above are included hei®table or decreasing
workload reinforces the adaptation that increases scenario complexity and triggers teetransition

during a prolonged state of equilibrium. A decreasing workload trend should immediatebr tihigg
adaptation to prevent an # s transition. Workload provides an added dimension to theAs s
transition into frustration. The transition to frustration, paired with a stable or moderate increase in
workload, does not require an immediate intatian, but should trigger the system to monitor for
prolonged frustration. The ¢y s transition accompanied with a dramatic increase in workload should
result in a reduction in scenario complexity to prevent a rapifl s, transition. Ideally, the couiplg of
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affective and physiological state should allow for early detection and preventAhe,gransition from
occurring.

STUDY: PHYSIOLOGICAL BASED ADAPTIVE TRAINING

This paper describes a study that we are preparing to conduct over the next few biofatianately,
we cannot present any results art this time. However, we feel that there is value in conveying our test plan
to the scientific community.

The present study is intended to assess the value of adaptive training systems that use maasjets of s
workload. We intend to test the hypothesis that adaptation using performance and workload (P+WL) will
lead to better training outcomes than adaptations using performance only (P). Stated as a testable
hypothesis EH:

1 H,: performance only based adapt training score = performance with workload adaptive
training score

1 H;: performance only based adaptive training score < performance with workload adaptive
training score

In this experiment, both groups (A and B) will receive task training using ribgpective P+WL or P

only adaption scheme. The effectiveness of that training will then be assessed in a graded capstone check
ride. Throughout the training, we will periodically administer subjective workload probes to allow us an
independent validationf she accuracy of the OPL workload algorithm.

Each subject will wear a NeXus 4 channel wireless ECG system that collects raw data used by the
UPCAT system to assess workload of the participants. Performance metrics from within the virtual
environment alongvith workload are used to adapt the scendfigure28 shows the system architecture

used to collect and assess subjectsb6 performance
well as audio and video ohé subject is recorded and synchronizEayure 29 shows the system
architecture used to collect and synchronize audio and video data.
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Figure 28. UPCAT System Architecture

Audio/Video Diagram

—>

Itc

Audio Mixer

wifi
] i
l bt
Ethernet

Figure 29. System Architecture for Video and Workload Data Capture

Each participant will complete a GIFT based training course in accordance with the group assigned
adaption scheme (P+WL), (P). Within this course, each participant will compietalzer of tasks/ith
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the exception of the neadaptive introduction (warmup), each task has three levelsfioulty

(i.e. Easy, Medium and Hard). Participants will return approximately 14 days after their initial
course to complete the capstone chedk. This general GIFT course flow can be seen in Figure
5.

Begin Begin Begin Beagin

Task A Task B Task C Task n

F 3

14 days
Intro ‘dl Ag Cz cs /- ;
 J L J
Intro Task A Task B Task C Task A

Complete Complete Complete Complete Complete

Figure 5. Training Course Flow

Each participant will first attempt each task at the medium difficulty level. Participant performance and
workload are assessed throughout the training taskuancharized for the adaptation decision at the end

of each attempt-or each separate level of difficulty, participant outcomes are classified into one of three
groups based on their performance score (green bubbles) as being below expectation, at expectatio
above expectation. The transition to the ensuing task level follows the decision tree shogurai30

and Figure 31 for (P) and (P_+WL) groups, respectively. Thedamation decision trees were adapted
from (Mark et al., 2018

I Performance | | Performance I

| l I l

Below Expectation At Expectation Above Expectation Below Expectation Al Expectation Above Expeclation

I Down 1 level | [ Same level | Up 1 level [ Dn-.-m\';_ |eve| | [ Sam:|‘-'e| |

Figure 30. Adaptation Flow for Performance Only Figure 31. Adaptation Flow for Performance with
Adaptation (P) Workload Adaptation (P+WL)
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The capstone chegide consists of one ever increasingly difficult task that encompasses all task elements
from all previous part tasks. Participants continmeugh this increasingly difficult capstone chedae

until they fall below performance thresholds. The point in the chidekwhere they fail is the dependent
measure of training effectiveness with a later failure being better than an early one. Whishogethod of
testing to avoid ceiling or floor effects where many or all participants pass or fail arithedk a selected

level of difficulty.

Throughout the experimental GIFT driving course we evaluate four conditions. They include the GIFT
Corridor Boundary, OPL Workload, Maintain Speed, and Collision Avoidance. GIFT evaluates both
Corridor Boundary and Workload Classifier conditions while VBS 3 evaluates Maintain Speed and Collision
Avoidance conditions. VBS 3 maintains a state variable for €mhdor Boundary, Workload Classifier

and Maintain Speed conditions. Each GIFT conditiasthree state transition strategies: one for each of the
below, at or above expectation evaluations (increasing, decreasing and maintaining for workload), in
accoréince with the flow graphs shownhkigure30 andFigure 31.

We added six new Environmental Control Enums; one for each condition at each evaluation which are used

in GIFT stde transition strategies. Using teendCommandf) unct i on f r o mugi@ Interfaées VB S
we are able to send any valid VBS 3 script command. For example, assume shidje¢hthas trouble with

tracking the vehicle in the middle of the driving lafderefore, the Corridor Boundary condition will
evaluate to a value dielow expectationGIFT executes its corridor boundaiom anything to below
expectationstate transition strategy which sends the VBS 3 commahdB E L O W0 | call, setCo
and tke Corridor boundargtate variable maintained by VBS 3 is updated to BELOW. The same happens for

all evaluations and accompanying state transition strategies for both the Corridor Boundary and Workload
Classifier conditions.

Currently we have hardoded tle commands through the use of the Environmental Control Enum. This is
restrictive as VBS 3 allows for thousands of commands. We experimented with the sendCommand()
function, and were able to send multiple commands separated by a&demiwith a single dhto
sendCommand(). We believe the ability to create custom commands within the state transition strategies
instead of the restrictive hard coded example we are using to be an appropriate addition to GIFT. We could
add a single CUSTOM_COMMAND enum to tHist of GIFT Environmental Control Enums. The
command(s) could then be written into, and read from, the course .dkf file when GIFT calls the state
transition strategy implementing that command.

Both Maintain Speed and Corridor Boundary Conditions areccailde of an event handler attached to the
subject object which fires every time the subject object moves. The event handler includes a timer that only
calls the evaluation functions for both conditions for every evaluation interval (currently evecprid se

while the vehicle is moving). For both the Corridor Boundary and Maintain Speed conditions, VBS 3
maintains a timer for each of the below, at or above expectation evaluations. At every evaluation interval,
VBS 3 checks the current state of the twoditons and adds the elapsed time from the previous evaluation

to its corresponding timer. The final evaluation for each of the Corridor Boundary and Maintain Speed
conditions is assigned based on what percentage of the total time was spent in eaalsexdlabe G able 1

(note that actual logic accounts for ranges and not set values).
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Table 1. Evaluation Assignment for Corridor Boundary and Maintain Speed Conditions

Below/Total | At/Total | Above/Total| Evaluation
0% 0% 100% ABOVE
0% 25% 75% ABOVE
0% 50% 50% ABOVE
0% 75% 25% AT

0% 100% | 0% AT

25% 0% 75% ABOVE
25% 25% 50% AT

25% 50% 25% AT

25% 75% 0% AT

50% 0% 50% AT

50% 25% 25% BELOW
50% 50% 0% BELOW
75% 0% 25% BELOW
75% 25% 0% BELOW
100% 0% 0% BELOW

Maintain Speed condition is graded throuph tise of a target speed and a speed window. If the subject is
outside the speed window, they are evaluated to below expectation. If the subject is inside the center one
third of the speed window, then they are evaluated to above expectation. If the isutiween inner ore

third and outside of the speed window, then they are evaluated to at expectation. Let the target speed be 35
km/ h, and the speed window be 6km/ h. I f the subjec
they are outsidée he speed window and are evaluated to bel ow
37 and 41 km/ h or between 29 and 33 km/ h, then th
speed is between 33 and 37 km/h, then they are evaluaedxpectation.

Collision Avoidance is graded through the use of upper and lower bounds. If, at the end of an attempt, the
subject has had fewer collisions than the lower bound they are evaluated to above expectation. If the subject
has had more collisienthan the upper bound, then they are evaluated to below expectation. Anything in
between receives an evaluation of at expectation.
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The performance evaluation used for adaptation is an aggregate of these three condition evaluations. Each
task weights thewaluation of the three conditions differently, and some are not even used at all for some
tasks. Let Task one be driving in reduced visibility, where the subject is evaluated on maintaining speed and
corridor boundary while driving through a sandstormis limportant to maintain their speed, but it is more
important to stay on the road. So a fair weighting of the singular evaluations to determine the aggregate
performance evaluation could be set to Equation 1. The aggregate performance and worklodohevailaat

then used to decide on the scenario adaptation based on the adaptation trees from Figure 6 and Figure 7.

aggPer = 0.40 X speedEvaluation + 0.60 X corridorEvaluation
Equation 1. Aggregate Performance Grade for Task 1

The aforementioned evaluation and adaptation logic is controlled by various scripteandandlers. VBS

3 init.sgf script (called at the start of the scenario) compiles multiple scripts thagt get global variables;

the VBS 3 waypoints, create the files used for data collection; task, time, grading and GIFT message related
functions; @ent handlers; and scripts that-ggt the evaluation of conditions. The scenario adaptations
needed for each level of difficulty for each task are also contained within their own scripts.

The current GIFT Corridor Boundary condition did not allow an eatedn of above expectation, and we

were concerned about fairness in the evaluations of the two groups (A & B). For example: the ability of
subjects from group A to reach an evaluation of above expectation and an adaptation of up 1 level compared
tosubjes from group B6s ability to reach the same ada
decreasing workload as shown in the adaptation trees in Figure 6 and Figure 7. We saw a potential for a
bi ased evaluation and nCardder Bouhdary goeditionttooevaldtd to abov&S| F T 6
expectation.

It works in much the same way as the Maintain Speed condition. If the subject is outside the corridor, they
are evaluated to below expectation just as before. The change we made affectgctiieeswhject is graded

while inside the corridor. If the subject is inside the centerhaiieof the corridor, then they are evaluated to

above expectation. If the subject is between innerhatfeand outside the corridor, then they are evaluated

to atexpectation. Let the corridor be 10 meters wide. If the subject is more than 5 feet away from the center
of the corridor, then they are outside the corridor and are evaluated to below expectation. If the subject is less
than 2.5 meters from the center bétcorridor, then they are evaluated to above expectation. If the subject is
less than 5 meters but more than 2.5 meters away from the center of the corridor, then they are evaluated to
at expectation.

For purposes of our study, we write all data relateddcision making with respect to the evaluation of the

different conditions, aggregate scoring and adaptations throughout the course to .csv files. Each data point is
timestamped with the system time (the exact time and date according to the compubjetttas using).

CONCLUSIONS AND RECOMMENDATIONS FOR FUTU RE RESEARCH

We invested considerable effort in the establishment of an architecture that tightly integrates the capabilities
of the GIFT framework with VBS 3 as a representative of an Army Syaotfedining Environment (STE).

This architecture provides a robust control interaction capability between the two systems. Additionally, this
architecture includes tight integration of a continuous workload assessment system (CATS) using a
deterministic nolinear workload classifier that analyses the ECG waveform in embedded phase space. This
apparatus is capable of assessing learner state itimealin this case using a driving task, and applying
performance and workload assessments to automaticalljgaoatcenario transitions for adaptive training.
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Additionally, we invested significant effort integrating an existing GIFT learner affect classifier library
(Ocumpaugh et al., 201 hto this framework. This classifier uses a Kinect sensor to track features on the

l earnerd6s face to clerathosghfwg spent attemendowsfamoannof teffod im an E v
attempt to integrate this library, we were, to date, not yet able to gain a reliable classification from it.
Therefore, in the upcoming validation study using this apparatus, we decided not to nsed#act as a

state variable to invoke scenario transitions. If we manage to get the affect state library to work, we will
collect data from its affect state classifier for separate anicheffinalysis.
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Predicting Studentsodéd Unproduc:
Tutors in Adaptive Online Courseware

Seoyeon Park and Noboru Matsuda
Department of Teaching, Learning and Culture Texas A&M University

INTRODUCTION

The wheetspinningphenomenorin the currentpaperrefersto s t u d enprodscfivefailure within a com
puterbased learning envirorent using Intelligent Tutoring Systems (ITSs). Beck and Gong (Z6wBy

that studentsoften spenda considerablemountof time practicinga skill in ITSs without making progress.

This phenomenoiis coinedwheelspinningbecauses t u d kearningpatten is like a car stuckin the mud.

The wheetspinningphenomenoiasbeenobservediniversallyon manyITSs (Beck& Gong,2015).When

wheel spinning, students often become frustrated and demotivated to learn (Cen, Koedinger, & Junker, 2007;
Baker, Gowda, &Corbett, 2011). Therefore, several studies explored building an effective and reliable
wheetspinning detector to detect the moment of wheel spinning. Beck and Gong (2015) suggested a generic
model using logistic regressiorto predictwheel spinningwith threeaspectss t u d pernfdrndasce orthe

skill, theseriousnessf thelearnerandgenerafactorsof thelearningmaterialsuchasskill difficulty. Matsuda,
Chandrasekaran, and Stamper (2016) built a more simplifieélspmning predictor as a cdmmation of

the probability of mastery based on Bayesian knowledge tracing, and ametwatkmodel.

In the current paper, we investigate the wisgghning phenomena in the context of adaptive online
courseware where many ITSs are embedded into theeotdinrseware. Students are provided with multi

media instruction, including paragraph text instruction, images, videos, and traditional formative assessments
such as multiple choice and fili-the-blank questions. ITSs are embedded in the coursewardyas ®f

formative assessment as well. In this rich learning environment, we aim to predict the moment of wheel
spinning so that t he system <can provide proacti v
engagement.

The goal of the currentpaperis to contributeto the Generalizedntelligent Frameworkfor Tutoring (GIFT)
framework by investigating the whegbinning phenomena on the adaptive online course platform with
many ITSs on which wheel spinning will happen. We discuss the unique natuesvdidllspinning in this
environment and our current progress. The current work is part of egwing project where we develop
evidencebased learningngineering methods to build adaptive online courseware, called PASTEL
(Pragmatic methods to develdmaptive andScalableT echnologies for next generatiBrL earning).

The existing models for whespinning detection have some limitations. First, existing models have low

recall rates around 0.Zh50, suggesting that these models are weak and can onty dste than half of

actual wheebkpinning cases.Since not catchinga moment ofwheel spinningwould i mp a c t studen
motivation, we need to develop a model that has a high sensitivity to syfieeing.

Secondmostof the existingmodelsareaimedto detecta momentof wheelspinning,insteadof predicting

studentswvho arelikely to get stuck.Matsudaet al. (2016) applieda neuratnetworkmodelto predictwheel

spinning at an early stage of learning. However, its prediction power is approximatelybiéh,is still
insufficient for practical use. The primary purpo
motivation for learning, it is crucial tpredictthe moment of wheel spinning in advance. With the early pre

diction, we can provide stlents with proactive scaffolding that keep those students from experiencing wheel
spinning.

131



Proceedings of théth Annual GIFT Users Symposium (GIFTS§m

Third, existing wheebpinning detectors/predictors explain wheel spinning on individual skills (the skill
level model),indicatingthe likelihood of a studentto fail to obtainmasteryon a particularskill. Historically
speaking, this trend has been held because problems on ITSs are broken down ingwadnédeskill set,

often called a knowledge component (KC) model (Koedinger, Corbett, & Perfetti, 20ki)g Bkills as a

unit of analysis wolTsSénclwiedITSwi ¢ h & Asiimerttianéd jhlaolep wee 0
target the adaptive online courseware as the platformvheelspinning prediction. During our initigdial

for creating an instancef adaptive online courseware (call&yberBook with in-service teachers as
curriculum consultantsywe askedn-serviceteachergo tag eachHTS with themostessentiabkill thatstudents

will learn by solving problems on a corresponding ITS. We obsehatdnservice teachers often tagged an

ITS with askill thatdoes notappealin anysteps orthe ITS (as opposed teelectingoneof the stepson an

ITS as the most essential step hence the most essential skill). For example, an ITS that teaches how to
compute the slope of a given linear equation involves steps such as subtracting and dividing terms, but no
singlestepis aboutfi ¢ 0 mp thésil nog@reCylierBook,whena studentgetsstuck(i.e., wheelspins)on a
particularITS, the systemprovidesthe studentwith proactivescaffoldingby showinga link to the related
instruction paragraph. A naive research question therefoh@ild wheel spinning be predicted on steps
within an ITS (hence triggers the proactive scaffolding) or on the ITS as a?v@olen our observations

from in-service teachers tagging ITSs with a skill, we hypothesized that the ITS as a whole should be the unit
of analysis for whee$pinningprediction.

The goal of the current study is to develop a wAspahning predictor, whiclean distinguish student¢ho
have a high possibility to whespin as quickly as possible, at the problem level. The specific research
guestions are dsllows:

1. How accurately can we predict whesglinning at the problenevel?
2. How early can we detect wkkespinning at the probletevel?

To build a wheebpinning prediction model that can find wheginning cases with high accuracy and
speedwe proposeto usefour generalfactors,s t u d perfarnsafcehint usagethe sumof responsdime,

and difficulty of each problem type. These factors are generally available on most ITSs and are known to be
effectivein predictings t u d academsigderformanceWe havepreviouslybuilt awheelspinningpredictor

at the stepevel (Park & Matsuda, under review). fine current paper, to understand whether the prablem
level prediction is any better than stepel prediction, we apply logistic regression and an ensemble
modeling to predict wheedpinning cases at thoblemlevel.

DATA PREPROCESSING

Weusedanexistig dataset from DataShop, entitled 6Cog Mod
6Geometry Cognitive -WMeldoedp Dsitsucdoyhéeegre d9 |skilst forming
45,5970bservationsloneby 123 studentsn thed K T r a ¢ e rdo8elim thid dat# This datasetcontained
5,279studentskill pairs. The DataShoplatausesfine-grainedskills thataredecomposetyy LearningFador

Analysis. In order to predict wheslpi nni ng at the problem | evel, we n
different dimension of measuring whepinning. We used a tertining technology named SMART to

created p r o b ¥y pSWART is an Al technologythatcancomputethe similarity amongwordswithin the
textandextractakeyword.Weinputhint messagef eachintelligenttutorandsetanarbitraryk number; k=25,

50, 75, 100. After SMART generateproblemtypes, thoseproblemtype modelswere validatedwith the

DataShop knowledge component model. Table 1 shows the result of comparing SMART generated problem
typemodels.
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Table 1. Comparison of SMART generated problem type models

Model nam Problen Observation AlIC BIC RMSH RMSH
typey  with Problen (studen (item

types stratified stratified

SMART k=24 17 85,11¢ 46,986.0 48,454.3 0.27313 0.27167
SMART k=5( 28 85,11¢ 46,787.8 48,461.8 0.27268 0.27129
SMART k=74 40 85,11¢ 47,114.5 49,012.9 0.27445 0.27223
SMART k=10( 39 85,11¢ 47,145.3 49,025.0 0.27359 0.27206
KTracedSkillg 49 41,75¢ 29,096.2 31,005.1 0.33378 0.32486

KTracedSkills row ishie baseline when comparing other SMART generated problem type models. We chose

to use the problem type model naméE MARES506 because this model s hov

sqguared error (RMSE) . Comparing to KTCads8ICBKi | | s

thesefiguresareaffectedby the numberof observationsConsideringhatthe numberof observéions of our
SMART generated problem type models is more than twofold, the AIC and BIC figures make sense.

We employedthe 6 S MA R E 5 @roblemtype modelanddid datapreprocessingTherewere 28 problem
typesandwe createdl,889studentproblemtype pairs.Masteryin this studyis definedasthreeconsecutive
correct responses on oneds f i (BeckandhGoly,200P) bn aroblemh i n
| evel. We filtered out Afindeterminateo student s,
opportunities in this study, for us to define their mastery (Beck & Gong, 2015). After removing
indeterminate studemroblemtype pairs, this dataset came to contain 1,794 stymebtem type pairs and
31,801observationsvith 123 students.The dependenvariableis whethera studentshowsmastery(M) or
wheetspinning (W) on a problemtype within 10 opportunities,basedon the responsesequencesf each
studentproblem type pair. In order to see how early we can predict vepgahing on a problem type, we
made subset at each practice opportunity from the third opportunity to thepaatiunity.

FEATURES

We used four featusethat are all general factors amy dataset of ITSs. This is because first, we want to
showthat predictingwheelspinningat the problemlevel canbe generalizedamongany ITS construct,and
second, we want to build a more simple and scalable vepésling model.

Student 6s performance on each problem type
The first feature we used is how well a stuaent

solve a certain type of problem. This is calculated as the average probabilities of fostrattempts per
each studenproblem typepair.
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Problem type difficulty

The secondfeatureis the difficulty of eachproblemtype.We calculatedhis variableby gettingthe average
correct response rate of each problem type across all studentsagtiogat the problentype.

Max_hint

Hint usage is regarded as one of the important f a
2017). Thus, we used the maximum number of hint usage of students on each problem type.

Sum_duration
Respons¢imeis oneof the key featuresin a wheelspinningmodel (Beck and Gong,2015). Eaclproblem

type has several steps, so we added step duration of constituent steps to get the response time of a student on
each problentype.

PREDICTION MODELS AN D RESULTS

A basic model for wheelspinning prediction at the problem level

With the combination of features above, we trained a logistic regression to build a basic model for wheel
spinning prediction at the problem type level with-teld cross validation. The coéffents would not be
suggested due to the limit of space. This basic mfmieNheelspinning prediction shows high accuracy
throughoutpracticeopportunitiesin Table2. The overall accuracyin percentcorrectis 92.75%and overall

AUC is 0.916. Consideng the accuracy of the generic whsepinning model in a skill level (Beck and
Gong, 2015), which was less than 90% in percent correct and 0.9 in AUC, this basic model shows a
sufficient performance with even using the smaller numbératfires.

Table 2. Accuracy of a basic model per practice opportunity

opp3 opp4 opps opp¢ opp/ oppg opp§
Percent corre 0.904 0.91 0.917 0.921 0.937 0.944 0.95(
AUC 0.85¢ 0.861 0.894 0.93¢ 0.93¢ 0.944 0.975

We not only need to see the accuracy of this model but a¢sisipn and recall rates in order to have an
insight into its classification. Table 3 shows the precision and recall rate of this model at each opportunity.
Bothratesareincreasindoy eachopportunity.However,the precisionrateis 60%andrecallrateis 33.65% on
average across the third through ninth opportunity. These figures are relatively low comparing to those of
existing wheekspinning models (around 70% in precision rate and 25~50% in recall rate). Moreover, using
this basic model, we cannot diet wheelspinning on a problem type level as early as possible due to its
weak recall rate in every practiopportunity.
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Table 3. Precision and Recall rates of a basic model per practice opportunity

opp3 oppA opps opp¢ opp oppé oppS
Precisio 0.35§  0.44¢( 0551 0619 0666  0.75§  0.81
Recal 0.079¢  0.17¢  0.23( 0285 0417 0617  0.554

The upgraded model for whegpinning prediction at the problem level using gradient boosted decision tree
model We found that the basic model has some limitationtelims of its precision and recall rates. Thus,

other data mining techniques were explored to find a better prediction model. Especially, we focused on
getting a higher recall rate in the early phases so that we can predictspimesthg on a problem lelvas

quickly as possible. We discovered that the gradient boosted decision tree model using the same combination
of features shows much better performance in accuracy, precision, and recall rate. Gradient boosted trees is
an ensembleof multiple treemodek to createa powerful predictionmodelfor classification.This algorithm
generates seriesof treeswheretreesaremadeby correctingpoorpredictedexampleof the previoustrees in

the series.We trainedthis modelwith a ten-fold crossvalidation by eachpracticeopportunity. The overall

accuracy of the upgraded model is 96.90% and 0.97 in AUC. Table 4 shows that this model shows higher
accuracy throughoutpportunities.

Table 4. Accuracy of the upgraded model per practice opportunity

opp3 opp4 opp3 oppé opp1 oppg opp§
Percentcorrel ~ 0.95§  0.95§  0.96] 0974 0974 098§  0.98]
AUC|  0.947 09¢ 0974 098§ 098]  0.99]  0.991

This model also has a much higher performance on both precision and recall rates than those of our basic
model. Overall, the posion rate is 87% and recall rate is 75% across the third through ninth opportunity.
Thesefiguresare showingthat this upgradedmodelhasgreaterwheetspinningpredictionpowerthanother
existing models. Applying this model, we can predict wispghi ng on a probl em
opportunity with 65% accuracy and over 80% accuracy on the gigartunity.

type

Table 5. Precision and Recall rates of the upgraded model per practice opportunity

opp3 opp4 opp3 oppé opp1 oppg opp§
Precisio 0.797 0.834 0.861 0.843 0.84( 0.95§ 0.963
Recal  0.61¢ 0.60¢ 0.65] 0.824 0.864 0.864 0.813
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Precision and Recall r¢ Precision and Recall r¢
of a basic model of the unaraded model

1 1

0. 0.

8 8

0 0.

opp3 opp4 opp5 opp6 opp7 opp8 opp9 opp3 opp4 opp5 opp6 opp7 opp8 o

- Precisi = Rec: - Precisi = Rec:

Figure 1. Precision and Recall rate of two models

CONCLUSIONS AND RECOMMENDATIONS FOR FUTU RE RESEARCH

The goal of the current study is teek the way in which we can predict wheplnning at the problem level

(i.e., an individual ITS as opposed to a stepnhTS) with high accuracy, prediction power, and speed. We

have some important findings in this work. First, we found that the fourege a | variabl es (i
performance, hint usage, the sum of response time, and difficulty of each problem type) that are available for
most ITSs can sufficiently build a prediction model for wheel spinning at the problem levélasitmodel

with four generalvariablesshowssimilar performancewith existingmodelsin its accuracy (average percent

correct is 0.93 and overall AUC is 0.92). Its recall rate (0.34) is higher than that of the othespiteialy

prediction model (Matsuda, Chandraselka and Stampe016).

Secondwe exploredother machinelearningtechniquedo improve the accuracyof wheetspinningpredic

tion. Our upgraded model with gradient boosted decision tree algorithm shows enhanced precision and recall
rate with an averagecall rate of 0.75. A pragmatic merit of this upgraded model is its 8pthedrecall rate

on the sixth practice opportunity is around 0. 83.
learning in ITSs by keeping them from wheel spinnimgdvance.

As for the contribution to the Generalized Intelligent Framework for Tutoring (GIFT), the current study
demonstrateda generictechniqueto predicts t u d enprodudivefailure (wheel spinning) on an ITS
embedded into adaptive online coursesvarhe adaptive online courseware with embedded intelligent tutors

has a tremendous potential for future online learning hence investigating fundamental techniques such as the
wheelspinning prediction plays an importantrole. We also demonstratedan importance of building the
wheetspinning predictor at the different level of granularity of the shildel.

For future study, one intriguing topic would be to find what we should do once we predictspheehg
cases. What would be an effective interventionthose who are predicted to wheel spin on a problem?
Another suggestion is to explore other machine learning techniques to improve the currergpivimee)
prediction model. This study used logistic regression and gradient boosted decision trepgded
model using gradient boosted decision tree shows significant improvement in predictingspiheiglg,
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however, a drawback of using this technique is that it is hard to interpret the model itself. Finally, it would

also be an interesting idea tatend the research regarding why students show unproductive failure in
learning by using ITSs.
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Modeling Training Efficiency and Return on Investment for
Adaptive Training: GIFT Integration

Gregory A. Goodwint, James Niehau’
ARL HRED?!, Charles River Analytiés

ABSTRACT

Adaptive trainingpromisesmore effective training by tailoringcontentto each individual. Wher@ont
adaptive training mape just right for onesegmenbf the student population, thesgill be somestudents that
find it too easywhile othersfind it too difficult. Another, often ignoed benefit of adaptive trainingijs
improvedtraining efficiency byminimizing the presentatiorof unnecessarynaterial to learnersOne im-
plication of this ighatintelligent, adaptive traininghouldrequirelesstime to train gpopulationof learnes to
agiven levelof proficiency thamon-adaptivetraining. Thegainsin efficiency shouldbe afunctionof several
factorsincluding learner characteristi¢e.g., aptitude, readingbility, prior knowledge), learning methods
employedby the adaptivetraining system, courseontent(e.g., difficulty andlength, adaptability),and test
characteristics (e.g., difficultyumberof items).This paper describasgork in thesecond yeaof athree year
effort showingthe results of @redictivemodelfor training efficiency basean thosefactors anchow it could
be integratedinto the Generalized IntelligenFrameworkfor Tutoring (GIFT) architectureHow this model
supportgeturn on investmerttecisions foauthors is alsaliscussed.

INTRODUCTION

The Genealized Intelligentrameworkfor Tutoring (GIFT) is aropensourcemodular architecture deloped
to reduce thecostand skill required forauthoring adaptive trainingnd educationalsystemsto automate
instructionaldelivery andmanagemengnd to deviep andstandardize tools fothe evaluation of adaptive
training andeducationatechnologies (SottilareBrawner, Goldberg& Holden, 2012a; Sdtare, Goldberg,
Brawner,& Holden, 2012b). Byseparatinghe component®f ITSs, GIFTseeks taeducedevelopment costs
by facilitatingcomponenteuse.

Metaanalyses anteviewss upport the c¢cl aim that i improeelearning evert
typical classroom teaching, reading texts, and/or other traditional learm@tigpds(Dynarsky et b 2007;
Dodds and Fletcher 2004; Fletcher 2003; Graesser @04P; Steenbergeilu and Cooper 2013, 2014,
VanLehn 2011)In fact, ITSs have beeshownto improvelearning to levels comparable Humantutors
(VanLehn et al. 2007; VanLehn 2011; Olneykt2012).

As shownin Figure 1,while improvedtraining effectivenesss certainly abenefitof ITS technologyan other
important benefiis improved training efficiency overonesizefits-all training. The goal of anITS is to
identify the gaps in knowledgpecificto each learnesothat training cariocuson filling just thosegaps.One
of the problems of onsizefits-all training isthatto insureall traineescancomprehendhe instructionjt must
be developedor trainees with thdeast experience, knowledgnd aptitudeThoughless costly to develop,
the materialis presentec pacethat isslow and thatincludes content not needéat moreexperienced, higher
aptitudetraineesAn ITS would be expectedo reducethe timeneededo deliver training tsuch trainees.

t ut «

The reduction in time to train (i.e., improved acquisition rate) is an important metric because reductions in

training time represent cost savings. This is especially true for military trainees whaicheesalary.
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Reductions in the timaeededo train those trainees sawalarycosts forboth traineesndinstructors.For
largevolumecoursesthosesavings can be substantial.

Non Adaptive Adaptive Adaptive Non Adaptive
0% Comprehension 100% Faster Time to Complete Slower

Figure 1: Benefits ofadaptivetraining. On the left, adaptive training canincrease the subjectomprehension
from a fixed time to complete.On the right, adaptive training candecreasehe time to complete training content
with a fixed level of comprehension.

All of this highlightsthe needfor a meango modelandpredicttraining efficiency gains (i.e., time saved) by
ITSs generally an@GIFT specifically. Havinghe ability tomodeltime savedby theuseof adaptive, intelligent
training, ascomparedo existingor nonadaptivetraining would have benefitgshroughout thdifecycle of a
course. Duringhe design of newraining, thetraining developecould moreeasily makedecisionsaboutthe
relative costsand benefitsof adding adaptivdeaturesFor example,adding extensiveremedial trainingfor
easyto-understandcon@pts maybenefit sucha small percentof the populationof learners, thathe net
reductionin trainingtime wouldbe toosmallto makethosefeaturesvorththe costof development.

During training delivery, actual trainee data cob&lised to verify andt improvethe model For example,
suppose the modeksumedhat learners with an aptituddovecriteria Awould have a 95% probability of
understanding concept B without needing any remediation. Learner data coultktiesd tovalidate or
adjust thaprobability. This improved model could then be used to better determine the tresatimgs of
the course wheudelivered byGIFT.

During training evaluationand refinement,the disparity betweepredictedand observed training outcomes
could beusedto refine the trainingFor example, if asegmenf training proves tobe moredifficult than
anticipatedor agroupof learners, it ipossible thathe trainingsegment shoulde refined oredeveloped.

An example of such a model was developed by McDdnbelglas (1977). This model incorporated
predictor variables in four broad categories: course content (e.qg., difficulty, length of content), instructional
design (e.g., instructional strategies/techniques), test characteristics (e.g., difficulty, ntidms) and
trainee characteristics (e.g., aptitude, motivation). The model predicted about 39% of the variability in
t r ai n eattdmpt lebsorrtime for sghaced computebased instruction.

To understand how GIFTight begin to model and predict training time for learners,it is necessaryto
understanchow training is adapted by thisystem. GIFTis a frameworkthat modularizes theommon
component®of intelligent tutoringsystemsThese componeniaclude a learner module, amstructionalor
tutor module,a domain module, anduserinterface.Oneof the main motivationor creatingthis framework
was to lower the cost and labor neededo createintelligent tutoring systemsby facilitating re- use of
componentand bysimplifying the authoring pocesqSottilareet al., 2012a).
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GIFT adapts trainingisingthe learning effects model. Ate firstpointof this model,learnerdata informs the

learner state in the learner module. The learner module receives assessments from both setisors and
domainmodule. The learner state is used to determine the appropriate instructional strategy by the tutor
module. The instructional strategy is then interpreted by the domain module and used to determine the
domain specific learning activities needed to instthetlearner in that domain. The responses of the learner

to that activity then update the learmendulewhich starts the cycle ovexgain.

Developing a predictive model iGIFT is not a straightforward process given thaysthat training is
adapted to &h individual We should notehat our goal is not to predict the single path that a trasuesd
be expected to take through a specific course, but rather the probability associated pafisilbliépaths
through the training for a given learner. Frématwe can determing¢he rangeanddistribution of times that
would be expected for that learner to comptitgtraining. Taking this one step furtheve could apply this
to a population of learners apdedictthe range and distribution of the time thiat population to complete
thattraining.

The developmenandintegrationof a probabilistic model for predictingmeto traininto the GIFT archiecture
is currently in thesecondphaseof a threephaseplan. Goodwin, Kim, and Niehaus (2017)eviews the

approach andesultsof the first phaseof this effort, which focusedon the designand feasibility of these
predictivemodelsof tutortime to completeln this paper,we describework beingdonein the secondohaseln

the second phaseye are enhancig apredictivemodelfor training efficiency andintegratingthis modelwith

GIFT architecture sothat GIFT coursecreators camsethesemodels directly with theiGIFT tutors.In the
third phaseof thework, we will empirically validatethe predictivemodelin GIFT and enhancthe models with
experimentahndcollecteddata.

METHODS

This section (1) reviews our method for modeling adaptive training content and predicting distributions of
completion times for both individuals and groups using the GIFBwator trainer as an example and (2)
describes our approach for integrating these models with the GIFT architecture.

Modeling the Content of Adaptive Training

Predicting completioriime for a tutor requires a model of the contandhow the student canamsition
betweenthe content.In GIFT, this transition logic is maintained in the Adaptive Course Flow object
(formerly known as the Engine for Management of Adaptive #@edy i EMAP, e.g., Sottilare, 2014;
Goldberg, 2015)It supports adaptive capabilisidor trainingbasedon instructional strategies such as the
Component Display Theory (CDT, Merrill, 1983). The CDT supports a gefraraéworkof skill training

that progresses through two types of learning activities, each with two categoriesitaexpoules and
exanples) and inquisitory (recall and practice). According to Merrill, learskosildprogress through these

four quadrants in order starting with rules (presentation of general principles), then to examples (presentation
of a specificinstane) , t hen to recall ( d ecl aomprehénsioepndfimallyw | e d g e
to practice (opportunity for the trainee to perform the skill). By sorting learning activities into these four
guadrants, adaptivieaining systemdike GIFT canapply the CDT to anydomainaslong ascontent forthat

domain issolabeled.

To model the content of adaptive trainingye usethe Methodology for Annotated Skill Tre¢MAST)

(Bauchwitz et al. 2018)In MAS T , the fAskel et on odownfetiré prazedwses into | tre
corstituentsteps, tasks, and subtaskanotations are added to the procedure mdeiglire 2shows gportion
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of a MAST skill tree for an example trainif@FT course, the excavator tutor. This skilldracuses on the
information elements thahostheavily influence the completion time. Qime left, the overall courseon
Excavator is the root of the tree structure. Its childaemthe different topics covered by the course,
including the Boom Movementtopic. This topic featuresa numberof slideswith Pictures, Audioand Text
Componentsindividual trainees may vary in tlz@nountof time theyspendexamining the Pictures, whether
or not they listen completely the Audio, and theamountof time takento readthe £xt. Trainees may also
chooseto view optional Slides explaining concepts that they may not be familiar with, achdiregime. If
trainees fail to demonstrate sufficient knowledge in the quiz or fail to complete the simulation tasks
approprately, they are sent backtteebeginning of the Boom Movement topic on Slide 1, adding significant
time to completion of the course. This model may be expanded to represexiraumnumberof failures
before the trainee eithemovesto a different topior endghecourse.

Subcomponent: Slide 1

) 4 $

Subcomponent:Slide2 | | Optional Slide
eee .:.
I

Y
Course: Subcomponent: Slide N

Excavator > Topic: Boom
EA N O

A4
| Subcomponent: Simulation |

# of
cenarios
Y

Subcomponent: Quiz

# of Type
Questions of Quiz

Figure 2: High-level design of a MAST skill tree of a GIFT module with representations of individual
instructional elements, branching content, and variables that influence completion times.

Quiz Failure

After reviewing the Slideghetrainees ee askedto practice their skills in Simulation. THMAST model of

the simulation can be either a complex procedure describing the steps needed to complete the scenario and
optional steps that may or may not contribute to the overall goal. The Mk8ilgion modelmay also be

simple, representing just the type of simulation andnilvaberof scenarios. To save modeling time and
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effort, these MAST models are constructed with dhievel of detailneededo sufficiently and accurately
predict the compl@éin time.

Integrating with GIFT

To effectively predictcompletion timewe mustcombine models of students with models of the adaptive
training content. We construct probabilistic models of studenthearFigaro probabilisticprogramming
language with kewariables that influence their completidtime of generic contentFigure 3 showsan
example of one such set of variables. This student has a fatigue value to rdpred@ed they are. They
have areadspeed variable tepresent how many words per minute they read umatenalconditions. They
have an expertise variable that represents how familiaraifeayith the concepts in the tutor. They have an
effort level variable that represents howicheffort they are puttingnto the training. Theyhavean innate
comprehension level that represents their general learning aptitude. They alsorhestatus variables that
record howmanyrepetitions of different drills and quiz failures they hdag during the coursef training,

for reportingpurposesThese and similar parameters ¢eusedto characterizéhe main student features that
influence their completion time of training content. To be used in actusbesthese parameteraustbe
learned and validated witlealworld data, such as records of previous students attemptiograe.

Figure 3: UML for example Student model

Figure 4showsa modelof how a GIFT coursecan berepresenteds asetof learningmaterialthat thestudent
mug read or experiencéit the top,the coursés composedf multiple concepts. Accordimgo Mer r i | | 6s
theory,eachconceptis taught bypresentinga numberof rules(on slides), examplegn slides),and quizze$o
testrules,andexercisego testunderstandingpf the examplesEachslide has aselectionof media,which can
include textaudio,and videoandis alsoratedfor comprehensibility (e.gmoredifficult slides takemoretime
to comprehend)Quizzes arecomposedf a setof questions, whichiules for howmany mustbe answered
correctly before the quiz ispassed. Exerciseare similarly composedof a set of drills with individual
difficulties. Representin@ the coursein this way, along with the contrologic thatdeterminesvhich piece of
contentthe studentis provided withnext, enables theprobabilistic modelingof the interaction between
anticipated student populatioaad coursecontent.lt also enables thanalysisof which content orsectionsof
the coursearecontributingmostto the completiontime.

143



Proceedings of théth Annual GIFT Users Symposium (GIFTSgm

Course

-conce ptSections: SeqfConceptSection]

ConceptSection

I

-rules: Seq[Slide[Rule]]

3 -examples: Seq[Slide[Example]]
: -quiz: Quiz
-exercise: Exercize
-conceptName: String
Slide

N
Drill]

I

-media: Media -questions: SeqfQuestion] ~drills: Seq[D
-learningCurve: LeamingCurve -successThreshold:[int] -successT hreshold:[int]
1 1 1
N N
Question
-media: Media -action: Seq[Action]
N -difficulty: Double -difficulty: Double

-discrimination: Double -discrimination: Doublie
-chance: Double -chance: Double

-numWords: int
-numBytes: Iint
-audioLength: Double
-videolLength: Double

-comprehensibility: Double

Figure 4: Partial UML diagram for PAST Time model of a Merril | énstructional theory GIFT Tutor

To effectivelyusethesemodels they mustbe integratednto the authoringcycle of adaptivetraining. Figure 5
showsa mockupof an interfaceto enableGIFT adaptivecourseauthors touse thesenodels for predicting
completiontime and understandinghe impactof coursedesign decisions on the ROI of adaptikaning. At
the top the user specifieghe GIFT tutor of interest,and which student modeio use. The studentmodel
determinesvhich parameterwill be usedto representhe student, suclasthose inFigure 3.The useris also
presented withhte option of including previousperformancedata tobettertune the models tthe population
of interest.

To request a predictiorthe user specifies a single student or a group of students accordihg dmdent
model.In the single student case, thisncbe done by selecting exactly which values are set for each student
parameterln the group of students case, this taaone by specifying joint distributions of these values for
the group of interestOncethese parameter values are specified, theefsodre executednd summary
statistics of the prediction are presented, with the option for the user to explore the various coroptrents
prediction.
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PAST Time Prediction

O Q x Q { http://past-time my-gift-tutororg ) @

GIFT Tutor Excavator Tutor Select

Previous performance data (optional) Last Semestercsy Select

Student Model: Default PAST Time Student I Select I

Predict completion times for:

Single Studem\{Group of Students\

Student Specification

Reading Speed: ? ) E-—o: WPM
Subject Expertise: (3) 8 — 80 ‘°/o
Effort Level: (3 B— 80 |%
Innate Comprehension:(?) $ 60 |%
Fatigue: () | 40 |%

Time to Complete Prediction

Mean: 23 minutes, Standard Deviation: 5 minutes Explore Prediction

Figure 5: Mockup of PAST Time GIFT integration interface.

RESULTS

Implementing the Adaptive Training Models

This section presentssampleof the implementation of completidime models, anénalysis of resultef

running these models witnock data. The probabilistic model is being implemented using Charles River
Anal yt i sowogprobapilesticprogrammind anguage, FigaroE (Pfeffer 20
probabilistic models of the relationships between these factorsu3ief Figaro greatly simplifies the
authoring of these models which can be complex and reqhighaegree of exp&nce by users who may

not be experts in probabilistteasoning.

Figure 6showsan exampleFigaro function that predicts the completion time for a student readilideaof
information and updates the effect of reading th@eson the individual student. The reading time is
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computed bysummingthe media ingestiotime of all the media on thslide (e.g., readingometext, looking
at pictures listening to audio, and watchingdeo).Thes t u d ieterrialdvariablesire therupdatedo reflect
the effects ofeadingthis slide;their fatigueis increasedy asmallamountandtheir expertise in the current
concepis increased accordirtg aspecifiedfunction. Thestudenis updated, thesadingtime is recordedand
thesimulatedstudent is then given thmextpiece ofcoursecontent tocomplete.

def readSlide[T <: TrainingElement](slide: Slide[T], concept: Concept, student: Student): (§
Element[Double]) =

{

val readingTime: Element[Doué] = medialngestionTin(slide.media, student)

val newFatigue = Matimin(1, Mathmax1.005*student.fatigue, 0.00000001))

val newExpertise = student.expertiseNtgp(concept> expertiselncreagé&](slide, con cept, student)

Figure 6: Figaro function that models a studen

Figure 7showsthe model fora studenttaking a quiz as part of the adayitraining content. A quiz has
multiple questions, whichiake time to complete. Basedn thest ud e nt 6 s amd¢hequip passiagn ¢ e
threshold, thestudent maye sentto remediation fothe currentconceptin this function, the probabilities of
succes for eaclyuestionaredeterminedyy thequestiongifficulty (currently, inclassic itenresponseheory)
andthes t u d eurrant@itudeat the concept.The readingtime is given by the sumof the readingand
thinking times forall the questions.The fatigue is updatedby a marginalamount,andthe newstudentis
created.The probability ofsucces®n this quiz isalsoreturned sothat Figarocansampleacross the spaad
probabilities.

def takeQuiz(quiz: Quiz, concept. Concept, student: Student): (Student, Element[Doub
ement[Boolean]) = {

val probs: Seqg[Element[Boolean]] = quiz.questions.map(g => probOfSuccess(q, coneelgt)stu
val questions = Container(probs: _*)

val readingTime = Reduce((x: Double, y: Double) => x+y)(quiz.questions.map{q => nx
gestionTime(g.media, student)}: _*) // thinking time

Figure 7: Figaro function timeataQumondel s a student

Figaroprobabilisticporogrammings usefulin this contextfor a numberof reasonsWe can automatically build
a modelgiven aspecificationof the MAST skill tree, the traineenodel,anda setof known relation ships.
Predictionbasedon the modelis alreadycodedi n F i igferanaedigsrithm, so additional effort is not
required tousethe model.Figarosupportghe creation of dynamic Bayesiaptworksthat modelthetemporal
processesf variables, simulatindgatigueandpractice efécts.We cancontinuouslylearnusingthese models;
the probabilisticprogramsare flexibleenoughto updaterelationshipsetween variablelsasedon historical or
dynamic dataF i g aencapselation mechanisenableseasy creation ofreusable component3rainee
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modelsand MAST skill trees can beeused for future predictiomodels.It is embeded in ageneralpurpose

languageScala, whichallows the creation dfont endgraphicalinterfaces that caeditandinvokethemodels
created inFigaro.

To testthe currenmodelswe created aetof mock simulatedtudents toun on amocktutor. Figure 8shows

the studensampling processyith samplesacross thespaceof initial fatigue, innate comprehensioneffort
level,andreading speed.

object StudentGenerator{
def generateStudents: Seq[Student] = { for{
fatigue < 0.0t0 0.5 by 0.1

innateComp <0.5to 1 by 0.1

nffartl vl NEtn 1 N0 1

Figure 8: Mock student generation for system testing

Figure 9showsthe results of thisampleseton completiontimes. Becausethis is asampleto testmodel
dynamicsthe completion time units on theaxis ae arbitrary.In this plot,thereis acombinedeffect of the
mainvariablesln the left,whenfatigueis low, low effort and comprehensionnly makea moderatalifference
in completiontime. On theright, wheninitial fatigueis high, low effort and compehensiorare compounded,
as themockstudentdegin failing quizzesanddrills, which causethem torepeatcontent,which causeshem
to become mordatigued.At the far right,several samplescludedone or more studentshat exceeded our
modeling timeimit, causingthem to bemarkedas Ofor the purpose®f this graph.This effect can be seen in
Figure 10wherethe relationshipbetween failures ancbmpletiontime isexponentiablue tothe compounding
fatiguefactor.
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Figure 9: Completion time of mock students, sampled across the space
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Figure 10: Relationship between failures on quizzes and drills and completion time of mock students

Models like these enable adaptive training course authors to quickly explord sdeatarios with ranges of
students and different configurations of adaptive content. The third phase of our effort will focus on learning
actual student models from empirical data, enabling us to calibrate these models to actual performance,
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realistic complabn times, and identify which observable and latent variables are most valuable in this
prediction.

DISCUSSION

We believethat including a capability topredicttraining timefor trainees inGIFT hasseveral significant
advantagegor acceleratedearning.First, it facilitates return on investme(ROI) calculations by enabling
the author to determine traininigne reductionsresultingfrom the addition of adaptivéeatures.Second,jt
provides ameans for GIFTto monitor studentprogress againstn expecedtimeline. Studentavho take much
longer tocompletetraining thanexpected may ndie fully engagedn the training omay be havingdifficulty
with the material. Thesare conditionsthat might prompta responséoy GIFT. Finally, it can play a role in
quality control of GIFT coursesFor example, ifsegment®f a coursetake muchlonger than expecteakcross
multiple traineesGIFT could flag thosesectionsfor review by thecourseauthor toinsurethat thematerialis
presentedlearly.

Determining theROI for training isnot always easyAs Fletcter and Chatham (201@utit, how doesone
determine thdoenefitof a poundof training?In somecasest maybe fairly straight forwardFor example one
might measuréheincreasan revenue producely theintroductionof new trainingfor a salesstaff. Whilethis
may work for commerciabusinesseghe military is not a profit makingorganizationtherefore onenustlook
at otherfactorslike costavoidance t@eta measuref ROI.

Determining this can bgquite difficult as onerarely hasbeforeand afterdataon theoperational impacof

training. In rare cased# can befound. For example, Fletcher and Chathd2010) examinedhe benefitsof

Top Guntraining given to pilots during the Vietnamwar. Becauseof this training, kill ratios of Navy pilots
improved from2.4 enemykills per lossup to 12.5enemykills per loss. The authorsdetermined that the
training hadreduced U.Slossesby about 1012 aircraft during thevar When they looked at theost of
proauring and employing that many aircraft during the war, they calculated that the training had saved the
Navy about $132 million dollars for an ROI of about 2.5.

Determining the ROIfor adaptivevs. nonadaptivetraining in terms of cost avoidanceneasuresn an
operationalcontextwould be verydifficult. Adaptive training isstill relatively new and opportunities to do
sideby-sidecomparisonsvith traditionalnon-adaptivetraining arevirtually nonexistent.Rather thartry- ing
to quantify an impact in the operational environmentowever,we can look at the impactin a training
environment. Specifically, onaf the keyadvantagesf adaptivetraining would beto reduce theveralltime
neededo deliver the training to populationof trainees.

A challengefor authors of adaptive training tetermining hovadaptivethetraining shouldbe. While adding
adaptivefeatures camotentially saverainingtime, italso increases the cost @dévelopment. Hovdoesone

determinewhenthe training is adaptivenougl? Using an ROI metric can help emswerthis question.On

onehand is thecostof adding the adaptivieature.On the other hand is thalueof the timesavedby that

adaptive featureThe valueof that timecould be calculatedby looking at the total $ary paidto thetrainees
over that timge.g.,1,000trainees/yeax .5h/traineex $35/h= $17,500/year)So,as long as theostof adding

the adaptive featuravasless than value of the time saved, themuld be a positive ROl and therefore
justification for addingthat particulaedaptive feature.

As can be seen, our model supports this strategy for the design and development of adaptive training in GIFT
by helping to predict the effect of adaptive features on the training time for a known popuiégimmers.
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Thereareseverakhallengesve mayface asve developthis model. First, the initial MASBKill treemay not
contain sufficient variableso predict adaptivdraining completion times. Oumitial literature review and
analysishave identifieda potential sebf mostinfluential variablesput these variables may rue reflective of
the completion timeipon closeinspection. We will mitigat¢heidentified risk by wideningthe scopeof task
modelsto incorporatemorepredictive variables ihecessary.

Secondwhile the modelpredictions maye highly accurate, there igiak thatthe systenwill be too difficult
or time consumingo usefor someor all of thetargetpopulationsof instructionaldesignersgourse managers,
andinstructional saff. We mitigatethis risk by conducting aequirementsinalysis early ithe effortto closely
examinethe needs athese usegroups and desigour systenand interfaces tbest meet thoseeeds. We will
apply humanfactors andusercentered desigand understandhe challengesof and methodsfor developing
highly usefulandusable decisicaidingtoolsfor practitioners.

Third, while this approacltombinesstate of the amprobabilisticapproaches and identifies kegriables from
the literature angbastexperiencethereis a potentialthat the initialpredictionswill not sufficiently account
for the variability of traineecompletiontimes. We plan to mitigate this risk by incorporatinghistorical data
earlyandadjusting theanalysigechniques t@apurethe maximumamountof variability from datathatcan be
reasonably collected thefield.

Whencomplete this will be thefirst systemto predictthe completion timeof GIFT and toenableeffective
assessmentsf the ROl thatis useful for key designand implementationdecisions of an adaptivieaining
systemlt includes an innovativapplicationof the procedurekill modelirg the MAST skill tree to flexibly
representhe adaptivetraining contenfor analysislt is thefirst applicationusinga probabilisticprogranming
language (i.e.,Figaro) to predict completion times for adaptive trainingtechnologies,including both
unobserved latent variablaadtemporal factors, suds trainedatigue,boredomor flow.
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Personality: A Key to Motivating our Learners

Elizabeth Biddle!, Elizabeth Lameier, Lauren Reinerman-Joneg, Gerald Matthews?, Michael Boycé
The Boeing CompartyUniversity of Central Florica Army Research Laboratcry

INTRODUCTION

The Motivation Assessment Tool (MAT), currently in devel@mt(Lameier et glpending)will assess a

|l earnerd6s motivation profile and provide instruct
for Tutoringds (GIFT6s) authoring tool to enable

l earner6s experience to support and/ or i mprove tl
methodology for personalizing learning in GIHIearner motivation is influenced by a variety of traits

and factors, which include student personaligarhing performance history, intrinsic vs. extrinsic
motivation tendencies, and se#fgulatory skills (Reinermafoneset al., 2017). Understanding a

l earnerd6s composition of indrectoralenviromment 0 support &néy t o
encourage learner motivation. Intelligent tutoring systems provide a learning environment in which it is

possible to seamlessly assess and tailor instructionptgosair t  t he | e aThengoal forsthemot i v a
MAT is to developa method for identifying thenotivatioral dispositionsof GIFT learnersIn turn,
assessments using the MAT may gudet hods f or personalizing trainin
motivatioral profile with the outcome being improved mastery and retention. This paper will deaarib
effort in support of the MATO6s devel opment and

personality profile describes their motivatigkfter discussing the analysis of the personality relation to
the MAT, the paper will then focus on how tNAT will be implemented in GIFT and the associated
benefits and the barriers.

Motivation in Learning

Motivation has been defined heingi moved t o do somet hingo (Ryan & Dc¢
learning (Keller, 1987). When in a motivated statdearner is inclined to initiate a task and persevere
throughout its completion. As a result, motivatio
1980. When learners are not motivated, they are more likely to disengage from the tasktitdMotiza

be classified into two types (delSoldato & duBoulay, 1999; Kember, Wong, & Leung, 1999; Noels,

Cl ement , & Pelletier, 1999): (1) intrinsic motive
achieve, and (2) extrinsic motivation, whicbfars to external rewards that encourage an individual to

achieve. Both intrinsic and extrinsic motivationare approached by the MAT dmits. However,

intrinsically motivated individuals rely on selégulatory processes and internally driven incentives

whereas extrinsically motivated individuals nead instructor or automated learning environment
influencetheir motivation throughout learning

Personality in Learning

An i ndividual 6s personality t r ai taivational fptocessesc e t h o
(Matthews& Zei dner, 2004; Blickensderfer et al, 2003).
affect their reaction and experience with different learning environments and strategies (Komarrajuqg et al,
2011; Costa & McCra€l992).The Big Five model (Goldberg, 1981) is one of the most commonly used
personality theories. The five traits are: Extraversion, Agreeableness, Conscientiousness, Neuroticism,

and Openness. Extraversion is related to an interest in social evekitg with others and interaction
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with environments. Agreeableness refers to a cooperative disposition with little interest in competition, a
willingness to put others first, being compliant, and trusting others. Conscientiousness refers to behaviors
thatfocus on attention to details, organization, and being-dioetted. Neuroticism describes a tendency

to exhibit negative emotions such as stress, anxiety, irritability, or sadness due to a predisposition to
perceiving the environment as negative or tteeiag. Openness describes an inclination to explore, try
and learn new things, and enjoy intellectual and creative activities.

The ABig Fived personality traits have been conn:¢
performance (Judge et al., 2Z00_arson et al., 1990). Further, learners with intrinsic motivation, which

refers to an internal desire to succeed, are more likely to have a high level of the personality trait
Conscientiousness (Duckworth et al, 2007). Komarraju and Karau (2009) twamn@dnsa@ntiousness

was the most influgral trait and hadoositive correlations with intrinsic motivation and high GPA, while
correlating negatively withextrinsic motivation andamotivation. They also obtained evidence that
individuals with 1) high intrinsic motivation also had higher tendencies towards Openggdsgh
Neuroticismwasseen to have a higher amotivation, @ thigh Extraversiowas more closely associated

with extrinsic motivation. The authors obtained similar results in a latetedetaudy (Komarraju et al.

2011).

MAT WAVE 3 ANALYSIS

The MAT was developed to evaluate the multiple v
increase the precision in providindghelMABhanhbemmg i n C
constructed with two sections: 1) Gener al Mot i vat
Motivator Inventory, to determine the optimal reinforcirat motivate the individudearner(see Table

1). The MAT development has undergone thneeses of data collection and analysi$e firstwave

evaluated the originateration of the MAT which was created by combining and clustering items from

prior motivationassessmentsvhich each addressed a limited set of motivation variables (Reinerman

Jones et al, 2017Additional items werereated and included in this first iterationeealuate the types

of reinforcers that s u plp the secomdniterationted scdledfar atdmd s mot i
important to motivationattitudes ana@utoromy, were added to ensure these constructs were addressed by

the MAT (Lameier et al, pending publicatiorfhis paper focuses on the third wave analysis, which was

used to: 1) check reliabilitand factor structureand provide the final refinement to thAT, and 2)

evaluate relationships between the MAT scales and the Big Five perstnadtity

Table 1. MAT Scales

General Motivation Motivator Inventory Scales
1. Attitudes 10. Workload 1. Feedback 10. High-value
2. Learning 11. Organize ang 2. Intrinsic fealback | 11. Selfreward
Driven Structure
3. Autonomy 12. Social 3. Extrinsic feedback| 12. Activity
4. Goal 13. Breaks 4. Recognition 13. Time
Orientation

154



Proceedings of théth Annual GIFT Users Symposium (GIFTS§m

5. Loss of Effort 14. Extinction 5. IMI 14. Sensors
6. Worry 15. Relatedness 6. Digital 15. Hobbies
7. Freeze, Fean 16.Effort Based or] 7. Energizer 16. Time During
Flight Punishment learning
8. Competition 17. Positive outlook 8. Logical 17. Negative Time|
Consequences
9. Challenge 18. Self-regulation 9. Low-value 18. Activity

Participants

For the wave 3 analysi®49 participants 112 females, B7 males) were recruited through Amazon
Mechanical Turk, with agemnging froml9 to 71lyears.

Materials and Procedures

The participants completed the MAT, along with @ig Five Aspect Scales (BFA®eYounget al,

2007) to assess the Big Five personality traits, the Reinforcement Sensitivity Theory of Personality
Quesionnaire (RSTPQ; Corr & Cooper, 2016), and three assessments that evaluate aspects of
motivation, which were the Portrait Value (Schwa&zButenko, 2014) Grit and Ambition scale
(Duckworth, 2009) and the 3x2 Achievement Goal sdalkof, Murayama, & ekrun 2011). The MAT
contained 293 items across both sections of the MAT (general and motivator inventory). All of the
guestionnaires, including the MAT, were loaded into GIFT as evaluations. When the participants accessed
Mechanical Turk, they were takea GIFT via a weblink to complete the questionnaires. This paper is
only addressing the evaluation of the relationships between the MAT and personality, while the
evaluation of the MAT against the constructs evaluated by the other tools (e.g., grit, g@dlie
orientation) will be reported in subsequent publications.

Results

First, CronbachU coefficients were calculated to evaluate the internal consistency of the scales identified
in Table 1. The coefficients ranged from .794 (relatedness) to .958z&;rEear, Flight) in the General
Motivation section and .791 (Intrinsic Feedback) to .935 (Recognition) in the Motivator Inventory
indicating that each of the scales generally had satisfactory internal consistency.

Table 2. BFAS Scales

Big Five Personalt Trait | Trait Dimensions

1 Volatility i tendency for extreme variability in response

Neuroticism .
external environment
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I Withdrawali tendency to focus inward

Compassiorfi interest in feelings of others
Agreeableness
Politeness tendency to treat otherdtiv respect

Industriousnes$ tendency to work hard to complete tasks
Conscientiousness
Orderliness- detailed and organized nature

Assertivenesk tendency to dominate social interactions
Extraversion
Enthusiasn tendency to exhibit energy and positiattitude

Openness willingness to explore new ideas and activities

Openness

=A =4 =4 =_ =/ =4 =4 =

Intellect T tendency to synthesize information to guide, objec
decision making

To simplify the analysis, an exploratory factor analysis was conducted to determinigttaeorder

factor structure of the MAT General Motivation scales. A principal factor method was used for factor
extraction, followed by oblique rotation using the direct oblimin criteriome fhree primaryfactors
identified were Social (need for sociahteractionand competitiojy SeltDirected Learning (ability to

keep on task and determine appropriate use of time to complete learning tasks), and Threat Vulnerability
(tendency to become anxi® or stressed during learning). On the basis of the scseand parallel
analysis three factors were extracted, explaiifdo d the varianceThe range of factor correlations

was maximum of .891 and minimum of .50he three factors were then scored by their mean. The
Social factor included scales from dealge, extinction, competition, relatedness, social link, and
punishment. The Sebirected Learning is composed from the autonomy, positive outlook, self
regulation, organized structure, and break scales. Threat Vulnerability has loss of effort, wevilogad

and feaffreezefight scales. A similar process was performed for the MAT Motivator Inventory and two
primary factors were identified. The factors identified for the Motivator Inventory were Motivator
(preference for specific type of reinforcemd High Value Motivator (preference for reinforcer of high
value). Based on the scree test and parallel analysis two factors were extracted, expléénohgh&9
variance. The motivator scale was created by intrinsic feedback, extrinsic feedback, ledgaovent,

digital, energizer, logical consequence, low value, self, activity, sensor, hobby, level of interactivity, and
time during learning scales. The high value factor was the only factor that loaded on the high value scale.
The range of factor corrions was a maximum of .814 and a minimum of .478.

Table 2. Higher Order Factors

Primary Correlations ) with Personality Traits and Facets
Factors
= S | Social 1 Neuroticism (.204) 1 Agreeableness.@76)
o S
C =
L O
0=

=
o
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0 Politeness {.407)

Reinforcer Inventory

Self-Directed Openness (.554) 1 Conscientiousness (.457)
Learning
0 Intellect (.529) 0 Industriousnes§403)
0 Opemesy.478) 0 Orderliness (.384)
Agreeableness (.465) 1 Extraverson (.373)
o Compassion (.456) 0 Enthusiasm(.396)
o Politenesg(.373) 0 Assertiveness (.253)
Neuroticism {.335)
o Withdrawal (-.311)
o Volatility (-.322)
Threat Neuroticism (.730) 1 Conscentiousness-(467)
Vulnerability
o Withdrawal (.714) 0 Industriousess (-.650)
o Volatility (.663) 1 Extraversion{438)
Openness-(485) 0 Enthusiasm(-.418)
o Intellect £.575) 0 Assertivemess(-.340)
0 Opemesy(-.226)
Agreeableness.@37)
0 Politeness {.386)
o Compassior{-.398)
Motivator Extraversion (.321) 1 Openness (.234)
o0 Enthusiasm(.300) 0 Opemesy.237)
0 Assertivmesy.257) Intellect (.201)
High Value Openness (.371) 1 Conscientiousness (.329)
Motivator

0 Opemesy.371)

0 Intellect (.322)

0 Orderliness (.357)

0 Industriousnes&214)
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1 Agreeableness347) 1 Extraversion (.164)
o Compassion (.311) 0 Enthusiasm(.201)

o Politeness (.310)

A bivariate correlabn analysis was conducted to examine the relationships of the other motivation
assessmentsd scales and the | PIP scalegs)foriPFIRBbl e 2
scales for each of the MAT higher order factors. There were notatrieations for the primary factors

for the both the General Motivation and Motivator Inventory sections of the MAT.

Threat Vulnerabilitydemonstrated the strongest correlations with the Big Five personality traits and the
10 facets. The strongest, and oplositive correlaton, was with Neuroticismr(= .730) and its facets
Withdrawal (.714) and Votility (.663). This type of learner would view the learning environment as
intimidating making it difficult for the learner to maintain motivation due to fegsliof hopelessness and
likely have random reactions based on their successes and failures during the learning process. Threat
Vulnerability was negatively correlated with the other 4 Big Five personality traits, indicated that this
type of learner is mosinfluenced by their predisposition to interpret their learning environment
negatively. The strongest negative correlations were with the facet of Industriousness
(Conscientiousness, = -.650) and Intellect (Openness,= -.575), reflecting a learner thas not
productive due to their tendency to worry and their reluctance to experience new activities and
experiences.

Self-Directed Learning was positively correlated with Openness.$16) andts two facets, Openness (
=.592) and Intellectr(= .470). Given that SeHDirected Learning refers to an individual with an intrinsic
motivation tendency and ability to complete learning tasks on their own, it makes sense that this type of
individual would be open to new ideas and experiences:Cheltted Leaning was also correlated with
Conscientiousness € .457) andts facet Industriousness £ .403), which is indicative of the focus and
follow-through a selflirected learner would need. Finally, SBifected Learning was also positively
correlated wih Agreeableness (.465) and its facet, Compassion (.456). While a student who can work
autonomously does not require social skills, the relationship may be explained that this type of student is
not threatened or competing with other students.

While neithe the trait of etraversionnor its dimensions were correlated with Social, the Agreeableness

facet of Politeness was negatively correlated with Social. This may indicate that while some learners need
interaction with others to be motivated to learn, they € n ot necessarily interes
well-being, but having interaction with other learner.

The Motivator Inventory demonstrated weaker correlations with personality. The Motivator scale had
weaker correlation$ primarily with Extraversio, which can be explained by their need and higher
threshold for, stimulation from the external environment. The High Value scale had week correlations
with all traits except Neuroticism. The lack of any correlation between the Motivator Inventory schles a
Neuroticism is interesting and may suggest that it is the learning environment, interactions and feedback
style, which is most important to motivating this learner type, rather than an externally provided reward.

The results of this study indicatelea ner 6 s personal ity trait composit

trait composition. Il dentifying a | earnerds person
the provision of instruction that teiloredt o o pt i mi ze t h e Spea@fiaatlynpemnsobaity mot i v &

158



Proceedings of théth Annual GIFT Users Symposium (GIFTS§m

trait identification can help determine whether the learner is intrinsic and able to learn independently or
whether the learner is going to need positive support and encouragement.

MAT IMPLEMENTATION | N GIFT

The final version @& the MAT will be implemented as an actionable survey within GIFT with its
implementatiorfunctionally alignedwith the pedagogical module and letegm learner module (LTLM)
Currently, actionable surveys BIFT use the results of the survéy immediatly updatethe learner
modeland the pedagogical model, which results in a course adaptatasctionable survey is scored
based on the tagsuthored andttached to the concepts addressed by the individual survey quéstions
create the logic foscorirg the survey The information collected from the survey is sent to the learner
model (found in advanced settings) and the scores for the concepts are updated.

Implementation of the MAT will follow the process described above. However, rather than degignat

learner as a novice, journeyman or expert, or high or low motivdiediesulting adaptations will be

designed tdmplement a Learner Plan, which will be further described, that will suppbrte | ear ner 0
motivation. Furthermore, the results of th&éAT will be stored in the LRS and use to select the optimal

Learner Plan when the student enters GIFT and launches a lesson. Fippetd how the MAT

actionable survey will be implemented within GIFT.

MAT Actionable Survey Implementation

The final state of the MAT will be shaped by the results from the present study, as well as the planned
verification experiment, which will evaluate the effectiveness of the Learner Plans based on MAT
assessment to improve or maintain motivation and learning efee$s. For implementation within
GIFT, the MAT will be created as an actionable questionnaire. Currently, the MAT is divided into
sections based on groupings the ITS would need to know such as intrinsic motivation, level of effort,
affective tendenciespmparing/competitiveness, task (preference and strategies), reward orientation, and
motivator inventory. Extrinsic tendencies will be scored from the reverse of the intrinsic tendencies.
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Actionable Survey Learner Profile

i -Displays preference
-MAT or personali :
Tagged fzr scori n;y selections from the
Possible multiple tagging a!Bzﬁs:’nent e alLOWS for
Mark attributes or category to score the learner to change
Scoring on: based on their state.

Shows leaderboard that is
saved in LRS and points.

- levels of personality and/or
Stringing of variables for plans
And/or Scoring of individual preferences

Figure 1. MAT Implementation in GIFT

Based on the results of theaysis presented earlier, as well as the wave 1 and 2 analyses, the final
version of the MAT will likely be reduced, focusing on the higher level scales such that only a few
Learner Plans may be required, such as IntrinsiciSsifner, Threat Vulnerablend Social. For Social,

there may be two different plaiisone focused on challenge and one focused on reward. For example,

the cumulative scores for these highmrel scales will be made actionable by having specific delivery

and pedagogy preferencessaciated with each scale. A tag will be set to score the various sections from

the actionable survey (experiment dependent). For example, Tag 1 would be scored with the Intrinsic
(SelfLear ner) Learner Pl an such twhhatset af mariablestthatineed i ¢ | e
to be scored throughout the assessment and not just based on a few questions measuring one attribute.
Tag 2 might be tied to the Extrinsic Learner Plan such that the extrinsic learner will need to provide the
personality ype (Scenario Developed below for further explanation) to help determine whether they are
Threat Vulnerable or Social for instance. Tag 3 might be with additional MAT (e.g., challenge, breaks) or
Motivator Inventory sections that will further guide the @btearner Plan to accurately provide the type

of schedule, level of support needed, and so forth (yet to be determined based upon the verification results
and synthesis of the wave3lanalyses).

The results of the MAT Actionable Survey will need todtered into the LTLM rather than feed real

time into the pedagogical configuration of the lesson. The next section discusses the LTLM
implementation.
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LTLM Implementation

In the current version of GIFT, if a lesson has been implemented using an actiamable the data is

then i mmediately wused t o dime Thergfare, the learnee musttcampletsen t 6 s
the survey each time he or she takes a lesson Trait information, such as the type of data being obtained by
the MAT, is generallyiked for long durations. Repeating the survey each time the learner completes a
lesson results in collecting the same data and will serve to demotivate the student. Therefore, we are
recommending that the student be asked to take the MAT Actionable Shevéyst time they log into

GIFT and have the results saved to the lmrgn learner model (LTLM). Rather than the results directly
feeding the pedagogical module during the-tinme configuration of the lesson, it can pull the data from

the LTLM basedotn he student és | ogi n.

The authors are anticipating that the LTLM will be implemented with a learner record store (LRS). Given
the goal of GIFT is to include BTLM that provides distorical learner model that contaipeevious
learning experience datas well as data pertaining to individual differences in learrtinig project is
planning to leverage this future capability. In this way, the LTLM hallused to tailor the pedagogy and
delivery mechanismsvithout requiring the learner to complete siyweeach time they enter GIFT to
complete a lessotowever, he learnewill need to retake the assessment after a period, such as a year,
or for major life events that could jeopardize the stability of the #aitlitionally, we recommend that

the learne have the option toetakethe MAT or other relevant surveat any time if they feel the plan is

not right from not answering honestly or a major life event. Some of the information should be shown to
the learner on the profile where course history ist.kBpudentsshould be able to view the specific
outcomes from the MAT scales including motivapoeferences

Learner Plan Overview

At the end of Phase | of this project, a set of 4 Learner Quadrants (Intrinsic, High Neuroticism, High
Neuroticism with Low Conscientiousness and Low Openness, and Low Conscientiousness and/or
Openness) was proposed (Reinerranes et al, 2017), as a means of identifying learner strategies that
could be authored in GIFT to support learning motivation based on an assessmehteof | ear ner 0
motivation and personality traits as assessed with the MAT. This present analysis supports Quadrant 1,
which resembles the factor of S€frected Learning and high levels of Conscientiousness and Openness.
These results from this study suggthat Quadrants 2 and 3 can be combined because an individual high

in Neuroticism and the MAT factor of Threat Vulnerability is likely to be low in Conscientiousness and
Openness. The results in general support Quadrant 4. Further analysis of the Mé&Tedegant to the

Social factor is warranted and may provide a way of decomposing into more specific learner plans. For
example, competition and challenge are two scales of the MAT associated with the Social factor, so there
could be a learner plan foagon including a challenge aspect to learner, such as providing a leaderboard
with points orbadges. Adifferent learner plan may focus more on providing breaks to the learner. In
addition, given the slight correlation to with Neuroticism, the type ofakadcteraction may need to
provide supportive interaction.

Pedagogical Module Implementation

In order to realize the Learner Plans in GIFT, the pedagogical module requires changes so that it can
receive input from the LTLM at lesson rtime. The pedagogal moduleauthoring tool needs to be
expanded to support options for the final MAT higher order scales and attributes for the associated
learning plans. Figure 4 identifies the parts of the current pedagogical module authoring tool to be
modified.
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Attributes being considered for the learning plans are intended to promote and improve student
motivation. For example, the Intrinsically Motivated (Sele ar ner ) student ds Lear
include: options to write in the learning goal, complete a@seand potentially demonstrate competency

and earn credit for the lesson or portion of the lesson and the ability to select their preferred method of
task completion (e.g., text, video, game). Whereas, the Learner Plan for a Threat Vulnerable student may
include: subgoals for dividing the lesson into smaller segments, incorporation of positive feedback
throughout the lesson and incorporation of relaxation techniques throughout the learning process. Finally,

a Social Learner Plan for the Extrinsically Moted learner who is low in Neuroticism may incorporate:
leaderboard for competition with other students, and feedback to help the student maintain focus.

" Take a Course Learner Profile Course Creator Publish Courses Help ~ & ~elizabethl

Pedagogical Configuration

L Rue e o O
e —

Replace with Learner Plan attributes for each of the higher order scales |

Add Attribute Remove Attribute

Replace “high” and “low” with the final MAT higher order scales ‘

Save and Close

Figure 4. Recommended Modifications to Pedagogical Module Configuration Tool

CONCLUSIONS AND RECOMMEN DATIONS FOR FUTURE RESEARCH

The results of the study described in this paper provide support that personality is a contributing factor to
how a student interacts and performs within a given learning environment. Further, the study provided
support thatthee s e of a | earnerés personality composition
support their motivation. The next step is to further analyze the MAT wave 3 results to better understand

the variables that underlie the Social factor.

Benefitsof GIFT Implementation

A verification experiment is planned to assess the contribution of Leaner Plans tailored to the MAT and
personality assessments on mastery level (performance score) and retention of learning. It is anticipated
that participants whoeceive instruction with the Learner Plan associated with their motivation and
personality traits will improve their performance and retention, due to an increased level of motivation.
With the MAT implemented within GIFT, it will help enable the provisairinstruction to the learner in

a manner that optimizes their learning outcomes.
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Barriers to GIFT Implementation

Implementation of the MAT into GIFT will require some changes to GIFT authoring (configuration) tools
and runtime engine. First, the resultd the MAT Actionable Survey will need to be stored in a LTLM.
Secondly, the pedagogical module configuration tool will need to be modified to support the MAT final
scales and Learner Plan attributes. In order to implement some of the attributes lmemygeaeded, such

as the ability to write in goals or select method of task completion (e.g., game or videos), extensions will
need to be made to GIFT to support learning environments beyond those currently supported by GIFT.
Finally, the pedagogical moduell need to be able to receive data from the LTLM after the student logs
into GIFT, rather than pulling the results in ftime from an actionable survey.

Summary
The authors have designed a study to evaluate tailored learning plans that are proviolang feup

Quadrant 1, 2, and 4 in the above model. The results of this study will be used to better inform
modifications to the GIFT authoring environment.
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Team Models in the Generalized Intelligent Framework for
Tutoring : 2018 Update

Anne M. Sinatra®
U.S. Army Research Laboratéry

INTRODUCTION

The Generalized Intelligent Framework for Tutoring (GIFT) is a dofimalependent intelligent tutoring

system (ITS) framework that has many features and applications that caredédywdTS authors
(Sottilare, Brawner, Sinatra & Johnston, 2017). The research and development associated with GIFT is
divided into a number of different research vectors including, architecture, individual learner modeling,
team modeling, instructional magement, domain modeling, and training effectiveness. Many of the
research projects that have been associated with GIFT have focused on developing new features and tools
that ITS authors can use to create their courses. An ultimate goal of GIFT is lileitg @rovide tutoring

to teams. Examples of teams that GIFT plans to support are at the Squad level (9 people) and higher. An
initial summary of the work in the team modeling vector through May 2017 was provided in the GIFT
Symposium 5 proceedings (Sir@t2017). The current paper provides an update in the progress and
work that has been done in team models in GIFT.

TEAM MODELING INGIF T

Theoretical Background

Work in the area of team modeling in GIFT has been separated into two different divisionstiche

and applied. The theoretical basis for the work in team modeli@Hm was done as part of a large scale
metaanalysis that covered the relevant team literature from 2003 to 2013. The results of this meta
analysis were recently published in thaurnal of Artificial Intelligence in Education (Sottilare, Burke,
Salas, Sinatra, Johnston & Gilbert, 2017). As part of this project, behavioral madteralso identified.

These behavioral markers provided ways of assessing team performance dussigra 8any of the
markers are heavily communication focused, and are traditionally assessed in person by a human
observer. Future work is planned in which these behavioral markers will be specifically selected and
operationalized in the context of raahe team intelligent tutoring.

Applications of Team Modeling and Team Tutoring in GIFT

Surveillance Tasks

Team tutoring has been successfully demonstrated within the GIFT architecture in the form of a
Surveillance Tutor. This tutor was developed using G#0, and involved tracking both individual
performance and team performance in tgak. This was initially implemented in the form of an
experiment, which had two players who were working together to surveil an area in the Virtual
Battlespace 2 (VBS2) ffvare. The initial version had two team members who each surveill&D a

degree area and communicated to their teammate when they saw a threat (OPFOR) crossing into the other
personés sector. The | essons | e atutorevas dacumentedimf or mat
recently published article (Gilbert, et al., 2017). Depending on the condition that the team was in,
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feedback was either provided at the individual level, the team level, or not at all. The GIFT wgstem
adapted to support inddual assessment files (Domain Knowledge Files; DKFs) and a team assessment
file. Each of the team members had his or her own DKF which tracked their individual actions and
performances, and there was an overall team DKF which assessed team perfofinarieam DKF

assessed the team tasks as a whole, and was unable to discern which team member engaged in which
action.

As a follow up to the initial implementation, the task was extended such that there were three individuals
who worked together as a teamperform the surveillance task. While in the first implementation of the

task there were two individuals who each performed the same role (spotters), in the expanded version
there were the two spotters and an additional role, a sniper. The spotteilfeduttveir 180 degrees and

instead of telling their partner when they saw a threat passing to the other sector, they communicated this
information to the sniper. The sniper then was tasked with acknowledging that the information was
received, locating thepossible threat and identifying the threat level associated with the spotted
individual. The sniper would determine if it was a civilian, a potential threat, or an imminent threat. This
implementation used a similar DKF structure in GIFT, where eacheofplotters had their own task
specific DKF, and another DKF was generated for the sniper and provided assessment that was associated
with that role. Finally, there was an overall team DKF that examined the team actions and could provide
feedback based ohém. In this version of the experiment, feedback was provided in one of two ways: at
the individual level or at the team level. Lessons learned from this approach included that this particular
approach to assessing team tutoring in GIFT would resultincagasing number of DKFs as the number

of team members and roles were increased. Further, the overlap and reassessment in the team DKF
required additional authoring and duplication of efforts. While not the ideal scalable approach to team
tutoring in GIFT, this implementation was an important step forward, as it demonstrated the simultaneous
assessment/tutoring of three individuals, and the ability to assess individuals in different roles.

Search and Rescue Task

The next implementation of team tutoring @FT will be in the Search and Rescue domain using the
Virtual Battlespace 3 (VBS3) software. This work is still in initial development and the implementation is

in progress (McCormack et al., in press). part of this project, there will be effort made
operationalize previously identified behavioral markers (e.g., cohesion and cooperation), and create a task
that will elicit appropriate team behaviors that are associated with them. The search and rescue task is
being developed in such a way that imgitary relevant, and subject matter experts are being consulted

in order to ensure that the tasks within the scenario are as realistic as possible. The focus for this
implementation is on the team performance overall, with less focus on the indiVideactions that the

team members perform will ultimately be assessed in one team DKF, and feedback will be provided at the
team level. This reduces some of the complications of using multiple DKFs as was done in previous work
using GIFT. Additionally, ashis scenario is expected to be made up of 9 people, and include subteams
within the structure, providing assessment/feedback in this manner will reduce complications and allow
for focus to be on developing a rich relevant scenario. While this projeng@ng, the GIFT team will

be developing a scalable solution to the GIFT team architecture, which can both be merged with this
scenario and used for future implementations in GIFT.
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TEAM MODELING WORKSH OPS AND OUTPUT

Team Workshop, March 2016

As part of themetaanal ysi s project, a workshop titled ABuil
What Matterso was conducted in March 2016. This w
Brainstorming and discussion happened during the workshop abetutpractices in ITSs and what is

relevant in order to conduct team tutoring. The discussion lead to the output of an edited book volume.
Individuals who attended the workshop, in addition to others who were experts in the field were invited to
contributechapters. The book was recently completed and is in the editing process. The final book titled
Building Intelligent Tutoring Systems for Teams: What Matters, Volumwifl® editors Joan Johnston,

Robert Sottilare, Anne M. Sinatra, and C. Shawn Burkelisduled to be released in September 2018.

Team Taskwork Expert Workshop, June 2017 and Design Recommendations Book
Volume

In June 2017 a Team Taskwork Expert Workshop was held at lowa State University in Ames, lowa. This
workshop was held as part of tA&kL-University of Memphis cooperative agreement, and one of the
goals was bringing together a group of experts in different areas of team research (including collaborative
learning, team performance, and team tutoring) to discuss their work and hoapfilisable to team
taskwork in ITSs. The focus of the workshop was specifically on taskwork, or ways that intelligent tutors
could be applied for specific tasks or domain areas. There were a wide range of presentations that
included discussions about amgaliions in the medical field, in military domains, in analyzing the content

of team messages, and more. In addition to the discussions, the formal output of the expert workshop is in
the form of an edited volume. The book, tentatively titlB&sign Recomandations for Intelligent
Tutoring Systems: Team Taskwpoitkcludes four focuses areas about team taskwork: modeling; socio
cultural applications, system design and assessment. The editors of the book are Robert Sottilare, Art
Graesser, Xiangen Hu, and AnM. Sinatra. The book is expected to be released in summer 2018.

Assessment and Intervention during Team Tutoring Workshop, Artificial Intelligence
and Education Conference, June 2018

The GIFT team has an accepted workshop at the Artificial Intelligemt&ducation (AIED) Conference

in June 2018 in London. Papers have been accepted to the workshop that highlight different areas and
applications of team tutoring in ITSs. Areas of focus include collaborative problem solving,
demonstration of team tutoring action, and communication during team tutoring. During the workshop
there will be a discussion of the commonalities in the different approaches to team tutoring and a
discussion of gaps and steps forward overall in the problem area. The output obrikeéhop will be
proceedings papers that will be available online and the information gathered from the workshop will
impact the way forward for team tutoring in GIFT.

CONCLUSIONS AND RECOMMENDATIONS FOR FUTU RE RESEARCH

The lessons learned from the sunagilie tutor and the recommendations for both intelligent team
tutoring systems and GIFT in particular that have come out of the team workshops will be taken into
consideration while developing the team architecture in GIFT. Providingtimeal feedback and
assessment for not only individual team members, but a team as a whole is a difficult challenge. As was
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demonstrated in the initial surveillance tutor, it can be difficult to interrupt individuals in the middle of a
scenario to provide rediilme feedbackand it may result in them either reducing performance, or not
being able to attend to the feedback. As a result of this, initial implementations in the future may use the
approach of focusing on after action reviews that occur at the team level aftempletion of subtasks

within a scenario. By engaging in this manner it will not interrupt the event that is occurring and will
ensure that the feedback is viewed by the team members. Additionally, as authoring multiple DKFs would
be cumbersome, work shoutdntinue to be done in order to implement a scalable team architecture that
lessons the authoring burden but still provides relevant assessment and feedback during tutoring sessions.

Research into team modeling in GIFT should continue to be activelyjjopede and careful thought
should be given into the implementation of the team architecture in GIFT. Additionally, work should
continue to be done to use the theoretical foundation that was identified in order to implement successful
team tutoring in GIFT.By operationalizing the behavioral markers and determining which can be
generalized it will provide a powerful theory driven approach to team tutoring that tutor authors will be
able to implement. Through the development of scenarios and the architdaundtial plans for a team

tutor authoring tool can be put into place. Ultimately, as GIFT is adapted for use with teams it will lead to
it becoming more powerful and incorporating many additional relevant features that can be authored.
Similar to the ther authoring tools in GIFT, it is expected that the team tutor author will not need to be
heavily versed in the team literature, but can use the tools, prompts, and recommended pedagogy within
GIFT to construct a highly relevant team tutor that is pedi@agdly sound. GIFT continues to be
developed in order to support team tutoring, with future work including demonstration of a Squad level
team tutor, and approaches to assessing teams-timeal
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Team Performance and Assessment in GIFT Research
recommendations lased on Lessons Learned from the Squad
Overmatch Research Program

Joan H. Johnston, Ph.D.
Army Research Laboratory

INTRODUCTION

In 2015 a set of researcholfjec ves wer e devel oped f or (ARLhaglaptve my Re s

tutoring program focusgn on designing and developing effective team tutpemvironments in GIFT
(Goodwin, Johnston, Sottilare, Brawner, Sinatra, & Grae284r5). An initial objectivesis determining
the important variables that drive small unit team performance and devglopiys to measure and
model those factors in an adaptivernag system. At the time thebjectiveswere formulated the ARL
research team had already beguaimat, collaborative researgbrogram called Squad Overmatch (SOvM)
that conducted series ofégambased research studies that in gadused on addressing this question
(Milham, Phillips, Ross, Townsend, Riddle, Smith, et al., 20Tie purpose of this paper is to describe
how the SOvVM program approached thgoblem of teamperformancemeasuremeanand describes
lessons learned for measuring and mindethose factors in an adaptive training system.

SQUAD OVERMATCH

The SOVM research objective io improve dismounted squad decision making under stress, with a focus
on the following five skill domims: Tactical Combat Casualty Care (TC3); Advanced Situation
Awareness (ASA); Resilience and Performance Enhancement (RPE); Team Development (TD); and
conducting arintegrated After Action Review (IAAR). In 2016 an experim&ith eight squadsvas
conducte to determine the effect of training these skills using classroom, simulation, and live training
compared to traditional live training exercigg®wnsend, Johnston, Ross, Milham, Riddle, Phillips, &
Woodhouse, 2017)The fourday SOvM curriculum involve&ubject Matter Experts (SMEs) conducting
classroom instruction on days 1 and 2 that was immediately followed by skills development in a virtual
team training simulation, and then conducting practical skills applicatian outdootrainingfacility on

days 3 and 4. Following eaetb minutescenariothe Platoon leader and learning domain SMEs led the
squads in guided team selbrrectionlAARs. The IAAR wasaligned with the U.S. Army AAR doctrine

for discussing themovement and engagemesttions the scad performed during significanactical

events during the scenario. The IAARRcused on developing squad member skillshow to take
personal responsibility for identifying behaviors that need correction, develop team cohesion, and set
goals for improverantin the next scenarid-or the first 20 minuteghe Platoon leader led the squad
membersin a critique of their tactical performance using video snippets of the critical events collected
during the exercise. Then each domain SME spent about 5 to Temilading squad members in
identifying tactical triggers, behaviors, solutions, and outcomes as they reflected on each of the areas,
sometimes reviewing video shippets. Finally, the Platoon leader led the squad members in setting goals
for improvement inthe next scenario. In this manner, the teaching points were reinforced based on

practical application, and provided a way to fAad

performance objectives they had set themselves.
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Team Performance Measurement Aproach

A major goal of the study was to test the hypothesis that squads receiving the SOvM training would
demonstrate better performance on TC3, ASA, and TD over the control condition squads during and after
the live training exercises. To construct measiof these skill domains, researchers leveraged two types

of team competency models and measurement methods that had been previously validated in earlier
research. The Team Tactical Decision Making competency model and the Teamwork competency model
wereused to develop performance objectives and measures for ASA and TD.

Team Tactical Decision Making Competency Model

The Team Tactical Decision Making model was developed by Paris, Johnston, and Reeves (2000) and is
comprised of the four related dimension$ Identification, Elaboration, Planning, and Execution.
Johnston, Fiore, Paris, and Smith (2013) validated the model by mapping Navy combat team behaviors to
the four categories based on their performance objectives (i.e., the-tdetagige sequenceprf
managing their air warfare tasks and assessing performance with the measure (Air Warfare Team
Performance Index or ATPI) in simulatidrased training exercises. Spiker, Johnston, Williams, and
Lethin (2010) then used the identification and elaboratamegories of the TDM model to characterize
dismounted rifle infantry squad member behaviors during training exercises designed to improve their
collective decision making skills. The SOvM study used these identification and elaboration behaviors to
guidedevelopment of ASA performance objectives in the simulation and live scenarios.

l denti fication processes involve strategies for
and available assets to orient, observe, recognize, and ideot#gtially importanthostile, friendly, and

e

neutral playerb ased on a particular configuration of fea:

knowledge of cues in the environment, thereby enabling identification of hostile intent, projecting future
acfons ofthe playersand ultimately assigning threat potential (e.g., filgnhostile, neutral, unknown)

to them. tentificationis an inherently team task asréquiresthe exchange ofimely and accurate
reporting of the ongoing state of those feaui® team members withithe team and up the chain of
command to feed the common operational pictligble 1 lists the identification skill definitions and
performance objectives developed by Spiker et al. (2010).

Table 1. Identification Skills and Exampe Performance Objectives(Adapted from Spiker et al., 2010

# | Identification Skills Example Performance Objective

1 | Establish a geometry of firg Team members triangulateheir communication, optics, an
to create an interlockin( intelligence data to ensure comprehensive coverage of an ¢
network of optics, individual, vehicle, anchor point, or habitual area.

intelligence, and
communications

2 | Utilize organic assets arl Team members use optics (e.@pinoculars and thermals) i
natural light to make positiv| effective substitutes in determining, for example, what part

identification body was shot and how bad the wound is based on the color

blood on the ground.

3 | Make innovative use of optic Team members use range estimation capability in optic
(and other organic assets) | determine opposing forces social status indicators (e.qg.
help construc a baseline o
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profile determine if a person of interest is a leader).

4 | Shift field of view i from | Team members watch a distant target for awhile with binoci
wide to narrow and back | and then switch to naked eye in order to better interpret the cq
and therby avoiding focug surrounding the specific action they are watching.
lock

5 | Efficiently refocus| Team members keep all parts of their viewing sector, both nea
observation scan to incleq far, within their visual field scan and in their focal attention so
both near and far objects | no important cues are missed.
the scene

6 | Orient observation or trackin Team members economize their profiling by concentrg
toward potatially hostile| observations on potential hostiles (insurgents, informants)
players or good guys an potential friendlies (police, security), while reducing attention to
ignore neutrals neutrds (regular population).

7 | Make effective and efficien Team members economize their observations by localizing
identification of anchor point{ viewing on aredasanchor pointswhere hostiles tend to concentrg
and indications of anti| theirillicit activities, such as specific parts of town or a building.
tracking

8 | Make effective and efficien Team members economize their observations by localizing
identification of habitual areg viewing on aredsabitual aredsvhere towspeople congregal
and action indicators and which might represent a

as a market or mosque.

9 | Make effective and efficien Team members determine who the leader is in a village by usir|
identification of opposing four key indicators (entourage, direction, mimicry, adoration)
force leaders leadership.

10 | Adopt appropriate criterii Team members use clue clusters to collect three pieces of evi
based on objective cuq such as threendicators of a leader or a terrorist planning cy:
observed to make timely before taking action.
accurate decisions

11 | Induce or generalizes | Team members infer the presence of a larger esedh as ¢
pattern from a few individug Vehicle Born Improvised Explosive Device (VBIED) or a cdexp
cues ambuslkiby generalizing from the presence of a few cues (e.g.,

a car is parked, or how a sniper team has been deployed).

12 | Look for prototypes (vs| Team members look for signature behaviors (e.g., insurgent, |
template matching) vehicle, or atrack) and signature locations (e.g., habitual 4

anchor point, or aerial spoor) through a cluster of cues.

13 | Establish an observatig Team members make a systematic, sustained observation
baseline to extract normalcy| person, event, location, orehicle to determine what behaviol

profile constitutes f@Anor mal |
baseline against which deviations are noted. A baseline,
example, might be established for market behavior when insur
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are not present.

14 | Look for anomaliesi above| Team members look at the elements to note anything out of plg
and below baseline (includin anomalous, either something there that should not be or somg
the absence of something) | missing. As an example, team members shouldrebse group of
people to see if someone seems out of place based on bion
(e.g., they are sweating from running) or if a vehicle is parked i
unusual location (possible VBIED).

El aboration involves tappi ng onthdt summanzesiwhat baa loekng r o u n
learned previously about similar situations; it enables the team members to createl angimdaé model

of the situation Effective elaboration involves applying and discussing with other team members
previous knowledgee(g., ofhostile profiles) about the current situation, such that the most reliable and
acceptable hypothesis may be found with regard to the intent of a potentially hostile &ettm

members map their current experiences onto a cognitive templaténdldegeveloped from previous
experiences, and then attempt to match each part of this template with some aspect of the current
situation. Table 2 is a list of the elaboration skills Sjiker et al. (2010produced from their study.

Table 2. Elaboration RCR Skills and Example Performance ObjectivesAdapted from Spiker et al., 2010

# Elaboration Skills Example Performance Objective

15 Take
approach to
hostiles using hard data |

evidencéased| Team memberdake the time to list three reasons why
identifying individual is a body bomber or an HVT, rather than going v
a hunch to save time.

confirm or disconfirm &
hypothesis
16 Generate explanator Team members construct alternative explianat for how

storylines that tie individua individual events or pieces of evidence might be related
items of information togethe part of a larger whole.

17 Imagine alternative course Team member s attempt to i
of action or alternative everl happening in an unfolding event (e.g., a possible com
outcomes by whaf mental | ambush) by rapidly reviewing different, but plausit
simulations alternative outcomes.

18

Detect an unfolding event ¢
activity by identifying a
piece of it and inferring the
rest

Team members view a sequemtevents as being tied togeth
by some underlying procesmfolding like a moviesuch as the
steps to create and plant a bomb or the cycle of planni
terrorist attack.

TeamworkCompetency Model

The Teamwork competency model is comprised of the fliorensions of information exchange,
communication delivery, supporting behavior, and initiative/leadership. Information exchange involves
team members passing relevant information to the right team member at the right time, seeking
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information from all réevant sources, and providing periodic situation updates that summarize the big
picture. Communication delivery involves using proper terminology, avoiding excess chatter, speaking
clearly and audibly, and delivering complete standard reports containiagndthe appropriate order.
Supporting behaviors consists of offering, requesting, and accepting backup when needed, and noting and
correcting errors, as well as accepting correction. Initiative and leadership consists of explicitly stating
priorities andproviding guidance, suggestions, or direction to other team members.-Jemitich
Johnston, & Payne (1998gveloped angalidated the teamwork competency model in a series of studies
with Navy combat teams. Then Smilantsch CannorBowers, Tannenbaymand Salas(2008)
demonstrated in an empirical, field experiment that Navy combat teams that participated in faeittator
guided team seiforrection structured arountig expert model of teamwoideveloped more accurate
mental models of teamwork, densirated more teamwork processes, and achieved more effective
performance outcomes after two training cycles than did those briefed and debriefed using the traditional
Navy AAR method. The SOvVM program adapted the Teamwork competency model and guideelfteam
correction method to establish the Team Development and IAAR performance objectives.

Translating Competency Models into Eveidased Training Scenarios

The eventhased approach to trainimgethod was applied to the SOvM training scenario design toens

the skills identified in the TDM and Teamwork competency models would be learned (Rosen, Salas,
Tannenbaum, Pronovost, & King, 2011). Critical tasks, task stressors, learning objectives, exercise design
and execution, performance measurement, and #ekdwere clearly linked and documented prior to
completing the scenarios. An important feature in designing scenarios was including as much of the
knowledgerich environment in the virtual and live scenario events as possible so thseoifed cue

strategy relationshipsould be observable and would resint producing team responses thagre
observable and measureable.

Five eventbased scenarios of approximately 45 minutes in length were developed with a single
overarching narrative that had the magostaking place over a fictional foweek period of time. Two
scenarios were designed for the team training simulation (B1 and B2) and three scenarios (M1, M2, and
M3) were developed for the live training environment. Following the graduated expiossteess
guidelines each scenario was designed to provide an increasing number of task $Ddskefls Salas,

& Johnston, 2006)Key events and associatediSA, TD, and TC3performance objectives were
developed foeach scenarioFor example, ScenarM2 had the squad mission objective of conducting a
zone reconnaissance in order to congukky leaderengagement; exploit intelligence; confirm location

of a suspected arms cache; and, exploit the site, if able.

The chronological list of nine key evisrfor M2 were:

1. Establish listening post (DRbservation posigP).

2. Depart LPOP.

3. Observe wilian interactions in village.

4. Conduct key leader engagement and tactical questioning with high value target

5. Observeproxemicspush as village civilians move awy from the central square
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6. Squad moves north to telagp to interview civilian woman.

7. Sniper fire results in soldier receivigginshotwound(GSW)to arm an a civilian woman receiving GSW

to chest
8. Squad conducts ovement toward sniper locations.

9. Soldie receves GSWo chest at sniper location

Performance objectives were then mapped to scenario eVahie. 3presents1 objectives developed

for M2 and shows many objectives are repeated across evéhts.ASA behaviors represent the
identification anl elaboration behaviors described in Table 1 and the TD behaviors representing the four
dimensions of teamwork. Mtiple performancelomainsare represented ispecificevents to ensure the
scenarios had sufficient levels of stressors.dxample, the ldagow in Table 3shows events 1, 7, and 9

had many more performance objectives (15, 22, and 19, respectively) compared to the other six events.

Many of the ASA identification and elaboration performance objectives were planned in Events 1 through

6. Forexamplei n Table 3, the ASA performance objective
ot herwise visually identify objects that are hidiq
Table 1, this behavior represents Identification skill #2 tilize organic assets and natural light to make

positive identification 6 The TD performance objectives were |
example, the TD performance objective #17 expediedd members opasB information among teams

about theirobservations of thetownd Thi s behavior is representative
Ai nformati on exeotiTasnigeefiredesulsua Joldigr receiving a GSW to his arm and

a civilian woman receiving a GSW to her chest. This wgeeted to elicitnultiple TD behaviors such

as djective #2617 A p r o womplede and accurate medical repbrts ( Communi cati on Del i
objective#31 1 fi guad leader and team leaders provide guidance and state priorities regarding roles for
continung missio® (| ni t i at .iEveat/7 alsoandadvedsthe iT@3)behaviors, such lgsative

#38 - waits for suppressive fire or other cover before retrieving cas(@dse Under Fire)and Objective

#49 - provides medical updates to Squad Leader; detep MIST report, and -Bine (Casualty

Evacuation Activities)

Table 3. Event-Based Performance Objectives for ASA, TD, and TC3 in Scenario M2.

PERFORMANCE OBJECTIVES M2 EVENTS

1 (2|3|4|5]|6|7 819

Advanced Situation Awareness

1 | Squad divides into two separate forces for two LP/OP| X

establish geometry of observation
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PERFORMANCE OBJECTIVES M2 EVENTS

1 (2|3|4|5]|6|7

2 | Use tools OR OTHERWISE visually identifies objects t[ X

are hidden in windows or shadows through the town

3 | Establishes geographic point§ mterest (avoidance g X

common use of an area)

4 | Establishes atmospheric details (information that is or ig X

in line with baseline from intelligence )

5 | Establishes that groups of civilians are engaging in mimj X

adoration, direting attention, or are part of an entourage

6 | Positively identifies Key Leader X

7 | Establishes key leader identification to include how | X

leader was identified and why it is believed it is the

leader
8 | Establishes badine behaviors of target X
9 | Employs guardian angel / geometries of observation X X X
10 | Verbalizes nature of target nonverbal behaviors X X
11 | Communicates an assessment to include why s/he be X

the validity, quantity of thenformation received

12 | Communicates deviations in baseline of behavior of targ X

13 | Offers some medical care to local national (good shephg X

14 | Identifies that townspeople exhibit sligproxemics X
push away from the squad

15 | Identifies nonverbal and paralanguage cues X
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PERFORMANCE OBJECTIVES

M2 EVENTS

1|2

3

4

townspeople are uneasy

Team Development

16

Squad leader gives direction to separate into two LP/OP

17

Squad memérs pass information among teams about t

observations of the town

18

Use available resources to determine identify

characteristics (e.g., OPORD)

19

Communicate to team members when a townspersor

description of key leader

20

Communicate to team members when groups of peopl
engaging in mimicry, adoration, directing attention, or

part of an entourage

21

Communicate to chain of command when key leade

identified

22

Correct errors innformation repeated on radio

23

Backup is provided to the squad member engaging in

interview

24

Communicates a situation update up the chain of comm

25

Communicates changes in priority from chain of comm

to other team members

26

Provides complete and accurate medical reports

XXX

XXX

27

Support Squad Leader & establish medical

exchanges casualty information with Squad Leg
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PERFORMANCE OBJECTIVES M2 EVENTS

1 (2|3|4|5]|6|7

and Village Leader / casualty.

28 | Squad asks higheroif guidance in further care ¢ X
civilian casualty

29 | Directs TMs to provide care X

30| Squad leader and team leaders exchange inform
about status of the squad

31| Squad leader and team leaders provide guidance
state piorities regarding roles for continuing missior

32 | Squad members call out enemy position and statt
squad, giving a complete report

Tactical Combat Casualty Care

33 | Delivers some medical care to local natiofgood X
shepherd)

34 | Returns fire/provide security; weapons up; scans X
enemy; fires weapon

35 | ProvidesMAN Down Report to Squad Leader X
36 | Provides casualty status info to medic X
37 | Establish security / progte cover after injury occurs X

TMs face outward from casualty (360); guns
looking for enemy. TMs lay suppressive fire
provide cover

38 | Waits for suppressive fire or other cover bef X
retrieving casualty

39 | Retrieves casualty X
40 | Treats casualty X
41| Squad Leader directs TLs to suppress enemy X

maintain tactical focus

42 | Squad Leader collects medical and tactical info X
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PERFORMANCE OBJECTIVES M2 EVENTS

1 (2|3|4|5]|6|7 819

43 | Squad asks higher for guidance in further care X
civilian casalty

44| Squad leader determines capability to conti X X
mission

45 | Assigns medical & tactical resources to establish C X X

46 | Send up first 5 lines of -Bne report; Complete X X
accurate, brief, and clear reporting

47 | Medic provides advanced care X

48 | Directs TMs to provide care X

49 | Provides medical updates to Squad Leader; comp X

MIST report, and Q.ine

50 | Squad leader decides that squad remains co X
effective and decides to moviorward with the
mission

51 | Consolidates CCP X
Total Objectives Per Event 15(7 |1 |5(2|1|22 3119

Measures Development and Application

The performance objectives for ASA, TD, and TC3 in each scenario were transformed into individual
behavioral observation checklists in a spreadsheet format and on an android tablet so that SME raters
could assess the squads during the scenarios. Observations of behaviors in virtual scenarios B1 and B2
were attempted, but proved difficult as it was chajlag to hear and see squad member behaviors within

the virtual world (Townsend et al., 2017). In addition, squad members were sitting next to each other
using VBS3 and they often communicated faeéace instead of using their radios, which added to the
challenge to effectively observe. It was also difficult to observe multiple team members in the virtual
environment from one control station. These challenges made it difficult to determine whether behaviors
occurred or not, or were simply missed.

During the live scenarios, assessors observed squad members moving through the urban village buildings
and outdoor spaces on multiple video screens in the control room, and listened to squad communications
via an audio system that was specifically developed the experiment to enable isolation of
communications among any needed subset of squad members in reahen®SA and TC3 instructors
followed and observed squaidsthe outdoor trainingite. The ASA and TC3 raters ussgreadsheet

based checklistd-ollowing the exercises, they met with the respective SME instructors to establish
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ground truth for squi performance on ASA and TC3 behavioféis approach enabled the ASA and
TC3 raters tabtainalmost 100% certainty about squad performance.

The two TDobservers used the android talilebased Mobe Performance Assessment Tool to make
their eventbased ratings during each live scenario. rumownsend et al. (2017) found the average
percent agreement score fetenarios M2 and M3 was 80%he M2 scenao agreemenscorewas
higher 89%) than the agreement score for scenario MB/4), and the raters suggestidt because the

M2 saenario had fewer complex evenis may have been easier to see squads and hear their
communicationswhereas, scenariml3 was more complex and the ratemsay have had more trouble
seeing or hearing the squad membémnsaddition, raters determined thabra practicewas neededto

make the right assessments of squad behawidrs atersalso used the recordedideos and squad
member communicationfllowing the experimento correctmissing ratings andor the TD raters to
developl00%consensus on the performance assesstments

Team scores for ASA, TD, and TC3 performance were calculated as the percent of tasks accomplished in
a genario. It was calculated by summing the number of behaviors performed by the squad on each of
these skill domains and dividing it by the total possible number of behaviors that were expected to be
performed in that skill domain.

CONCLUSIONS AND RECOMMEN DATIONS FOR FUTURE RESEARCH

Implications for the GIFT architecture

The measurement strategy defined in this study has implications for the Sottilare, Brawner, Sinatra, and
Johnston (2017) GIFT functional c o n weehpidfly discuss a fl e
here. The GIFT learning effect model presents an iterative data collection and learning methods delivery
approach that presents specific functional features for team assessment (as noted in italics below). In this
conceptual architectar team membergproduce behavioral data during a training exercise that are
detected and tagged by mefined behavioral markers The behavioral markerspopulate the
initialization data for teamsge.g., competencietf)at in turn populates tHeng-term am modelandalso

theteam datdunction. Theteam dataunction informs théeam statesThe TDM and Teamwork models

could provide the competency framework fioe initialization data for teamfanction and théong i term

team modelThe TDM and Teamwé&rcompetencyehaviorscould serve as thigehavioral markershat

GIFT needs to seek from the behavioral data generated gaimememberduring the exercise. As the
behavioral markerof TDM and Teamwork are collected GIFT would genetatan stategor each of

the four TDM and four Teamwork dimensionteam statedor the TDM and Teamwork dimensions

would then be able to inform the GIRFg@am instructional strategy selectidfor example, if the team is

doing well on information exchange, but they are watching and correcting errors (supporting
behaviors), then GIFT would provide feedback in the AAR that the team needed to improve on
supporting behaviors such as error correction, and sustain their good information exchange.

Future Research

Below areseveral research recommendations to continue to address the initially stated objective in this
paper to develop ways to measure and model team behaviors in an adaptive training system.
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Recommendation 1

The SOvM study demonstrated that team competency séaleTDM and Teamwork are generalizable

for assessing dismounted squads conducting tactical and TC3 tasks and can be used to assess team
performance progress during training. It is recommended that these competency models be used as a tool
to diagnose tea performance and that further analysis of the SOvM data needs to be conducted to
categorize observed behaviors into the TDM dimensions for planning and execution to further validate the
model and increase the diagnosticity of the measures.

Recommendatior?

The majority of TDM and TD behaviors aswsabslsed we
communications that trained human raters could hear, see, and categorize. A fairly high level of rater
agreement can be achieved on TD behaviors using et-tetsled device, but increased rater error likely

occurs as scenario events become more complex. It is recommended that adaptive tutoring needs to
develop natural language recognition and processing to automatically categorize verbal behaviors into the
TDM and TD competency models.

Recommendation 3

It was easier to observe and evaluate squads in the live exercises because the audio and video
technol ogies were available and configured to the
environmen was impossible due to the noisy communications and inability to effectively observe the
squad actions in the scenario on the small PC monitors. Research needs to focus on developing
technologies that can diagnose squad performance information in aarapmrganized method in both
simulations and live training exercises. Tools need to be developed for capturingo@seshtteam
simulation interactions representative of the TDM and TD models and organized for thdasemht

IAAR. For example, the virtuaeam simulation currently records squad actions in a scenario for human
controlled replay in the AAR, but it is labor intensive and complicated to manipulate, and does not
support the everttased approach to conducting the IAAR. With simulation recordingsspeech to text
recordings a more accurate representation of TDM and TD could be obtained with few to no humans in
the loop collecting this information. In the live environment, sensor worn technologies that record audio
and visual information, and laton would enable more accurate and efficient assessments.
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Scenarios for Training Teamwork Skills in Virtual
Environments with GIFT

Robert K. McCormack?, Tara Kilcullen!, Anne M. Sinatra?, Tara Brown?, Jeffrey M. Beaubiert
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INTRODUCTION

Breakdowns in teamwork are often cited as a cause for poor, and at times, devastating outcomes that lead
to loss of life, limb, and material resources (Wilson, Salas, Priest, & Andrews, 2007). Such failures are
often attributed to teakdowns in essential teamwork skills, such as coordination and communication, and
emergent team states, such as cohesion and shared situational awareness. The relevance of these team
constructs is evidenced in the academic literature across a variggmafins, including both medicine
(Hughes et al., 2016) and the military (Sottilare, Burke, Salas, Sinatra, Johnston & Gilbert, 2017; Wilson
et al., 2007). Additionally, the Army has recognized the importance of Soldiers demonstrating these
teamwork concept Specifically, several of the principles of Mission Command outlined in ADRP 6
align with these concept s, including fABuild <co
understandingo (U.S. Department of the Army, 20

While the importancef these teamwork concepts is recognized, there remain challenges to training them
efficiently. To maximize effects while simultaneously minimizing costs, there has been a push toward the
use of intelligent tutoring systems (ITSm)d ITS frameworkén training. However, these systems have
been almost universally designed to train individuals, not teams. In particular, the Generalized Intelligent
Framework for Tutoring (GIFT; Sottilare, Brawner, Goldberg & Holden, 2012; Sottilare, Brawner,
Sinatra & Johnsin, 2017) enables the ITS community to efficiently achieve learning effects for
individuals. To date, all of the GIFBbased team tutoring applications have been limited to dyads or triads
(Bonner, Walton, Dorneich, Gilbert, Winer, & Sottilare, 2015; Giibetal., 2017). However, in order for

GIFT to fully support Army training needs, it must scale to larger team structures, such as squads,
platoons, and above. In this paper, the authors outline development of such a system within the GIFT
framework and dvelopment of supporting training scenarios within the Virtual Battlespace (VBS3)
simulation environment. There are two overarching objectives to this effort:

1. The first objective is to demonstrate the utility of GIFT for adaptive team training in rialaVirt
Environments (VEs), and specifically VBS3evious team tutoring implementations using GIFT
focused on dyads and/or triads. The current effort aims to assess the utility of using GIFT for
larger organizational structures (e.g., squads).

2. Previous effais have relied heavily upon expert observer rating scales angkgeit surveys of
team processes and performance. The current effort seeks to assess the utility of using
unobtrusive measurement methods (Orvis, Duchon, & DeCostanza, 2013) instead.

To accomplishthese twoobjectives the authors are developing a prototype training system in GIFT that
can capture meaningful team processes and emergent states in a virtual training environment. In addition,
the authors are developing realistic training stEs that provide sufficient complexity and team
interaction opportunities to enable effective team training. Specifically, the authors are developing
scenario frameworks that enable GIFT to read data collected unobtrusively from teams training using the
VBS3 platform, and computing measures of key teamwork constructs that will be used to assess and
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debrief team performance. This paper will summarize developments to date towards achieving the above
mentioned goals.

TRAINING ENVIRONMENT

Intelligent Tutoring System

GIFT is a domaisindepenént intelligent tutoring systerframework (Sottilare, Brawner, Sinatra &
Johnston, 2017). Much of the research and the efforts to date in GIFT have focused on individual tutoring.
However, the ultimate goal of GIFT is foutbring to be conducted with teams. Both theoretical and
practical work has been done with GIFT that will prepare it for scaling up for use with teams. A large
scale literature search and matalysis has served as the theoretical foundation for teaminguto

GIFT (Sottlare, Burke, Salas, Sinatrdohnston,& Gilbert 2017). As part of this effort, relevant
behavioral markers were identified for several team constructs. Additionally, initial work has also been
done to adapt GIFT for use by multiple ussengaging in the same scenario simultaneously.

The first work to implement team tutoring in GIFT created a-psoson surveillance task using the

Virtual Battlespace 2 (VBS2) software. The task consisted of two individuals (spotters) each monitoring
ther own sector and reporting to their teammate if
2017). This task demonstrated that GIFT could have two individuals simultaneously engage in a
simulatiorbased environment, and was able to protgelback based on the actions of both individuals
separately, as well as the team as a whole. The next step was adjusting the surveillance task such that it
had three individuals working together as a team to achieve their goals. Two spotters continued to
monitor their respective areas i@sponsibility, anda third rolei a fAsni per 0 who recei Vve
from both spotter§ was added. The role of the sniper included receiving information from the two
spotters, acknowledging receipt of that informatiand making decisions based on it. Through the
development of this scenario, it was shown that GIFT was capable of providing tutoring atcheeal
feedback to a threperson team in a simulatidrased environment.

Looking toward the future, it is importato demonstrate that GIFT is capable of tutoring large numbers

of individuals simultaneously, such as a squad of, which is typically composed to twgefean fire

teams plus a squad | eader. Scaling @rhtibrilobrmmtonlye am t u
how to deal with the data of nine separate team members, but also how to measure teamwork within a VE

and how to handle different team member roles. Therefore, new approaches should focus on defining
roles within a GIFT tutoring scenari simultaneously assessing the behavior of multiple Soldiers, and
efficiently determining thtei me.amblse otveamdd perffonr
need to result in the proper feedback being given to the team either during or gétgeraant with a

game scenario. Additionally, future work should find efficient ways to implement team behavioral

mar kers in the GIFT software so th-#ime.the teambs p

Virtual Training Environment

To train and assess tawork skills, the authors utilize the VBS3 software. The decision to use VBS3 was
two-fold. First, GIFT has integrated with VBS3 (and previous versions of the Virtual Battlespace
software) throughout its development. Therefore, it already interoperatetheit/BS3 architecture and

data structures. Secondly, VBS3 is widely used throughout the Army. While we are not assuming that all
research participants that will come through the training will have had exposure to VBS3, it is a readily
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available trainingasset at many Army installations. This will ensure adequate locations and candidates
for validation of the training and teamwork measures.

When it comes to infantry, virtual training proves to be an overall challenge. Many virtual training
platforms haveproven to be ineffective for numerous reasons. These include overly cumbersome or
counterintuitive software interfaces, the system being too fomesuming to set up and tear down, and

the lack of validated human performance measures. With the iasiamtof VBS3 into their virtual

training toolbox, infantry Soldiers and Marines are able to gain valuable, training experiences prior to
completing live training. The flexibility of VBSB in terms of actions, assets, and customizatiareans

thatit cansupport the development of scenarios that are rich enough to enable measurement of teamwork
skills.

Inherent in training and assessing teamwork skills is the ability for individual Soldiers to interact and
communicate with one another. VBS3 includes itt {i text chat feature will serve as a primary means

of team communication and information coordination, as well as providing a rich set of data for teamwork
measurement. Team members will need to communicate about a number of issues throughout the
scerario, such as detecting a threat, reporting a threat, and handing off a threat. Interaction and
communication complexity can be manipulated by putting constraints on the communication structure.
For example, the communication structure can be set up batttdrtain members of a team cannot
communicate directly with members of another team, which mimics communication breakdowns during a
mission.

The specifications for an initial VBS3 scenario, as just described, should provide enough complexity to
require sufficient teamwork interaction. However, the goal is to make the scenario readily scalable to

accommodate different team sizes, as well as to support the training of Soldiers at different expertise
levels. The VBS3 simulation engine itself has been shovaupport over 100 simultaneous learners, and

the structure and number of the teams, assets, threats and communication constraints can be scaled to

support more or less complex conditions, as desired.

SCENARIO DEVELOPMENT FOR VBS3

To support teamwork timaing within VBS3, realistic scenarios are needed that provide ample
opportunities for assessment and feedback. The authors have identified a number of constraints for
training scenarios:

1. Must be implemented within the constraints of the simulation emviemt (VBS3);

2. Must represent realistic tasks, interactions, and outcomes to ensure Soldier engagement and buy
in;

3. Must support the training and assessment of teamvebaked constructs (e.g., coordination,
communication, cohesion) that emerge asafuoch of t he team member sé

4, Must allow team members to communicate both naturally and in a manner that enables
assessment of communications for measurement purposes;

5. Must initially focus on the squad level, but also enable larger team sesidtutrain within the
simulation environment;
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6. Be scalable to support higher echelon training objectives with more complex scenarios.

Scenario Overview

Working with an active duty Army infantry Subject Matter Expert (SME), the research team modified an

exi sting Combat Search and Rescue (CSAR) training
Basic Leader Course (BLC) to train and assess small unit leadership skills (See Figure 1 for an overview

of the scenario). The scenario focuses on seanchrascue of a downed pilot within the Area of
Operations (AO). The team is a sqtsarked element that is comprised of two f@arson fire teams. The

squad is led by a squad leader (a Sergeant); each fire team includes a fire team leader (a Congdiral), as

as a Rifleman, a Squad Automatic Weapon (SAW) operator, and a Grenadier.

The scenario unfolds over a roughlyrile linear pathway through a forest which includes a mixture of

tall trees and scrub brush that are common to northern Florida (Camgir8jaloint Training Center).

While Soldiers were able to venture from the path into the forest, it both slowed their movement and
impaired their visual scan. Because of this, the forest also served as an ideal place for small groups of
enemy fighters to lanch ambushes against the squad.

Prior to starting the scenario, the Squad Leader is provided with a tactical map of the AO, along with a
Fragmentary Order (FRAGO) that describes their mission. The squad leader is also provided with
available intelligencg(INTEL) about the location of the downed pilot as well as the number and
disposition of enemy forces in the AO.
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WLC STX SCENARIO #3B
1. FAKE IED
2. FAR AMBUSH
3. REACT TO IED

WLC FRAGO #2

SITUATION- Enemy is known to harass the small village
south of ORP5 and intel reports enemy is operating out
of a unknown base camp SW of village.

MISSION- Squad is to conduct a search and rescue of a
downed pilot in the woodline south of PL-A and west
of PL-C and casevac to ORPS.

15T Element SP 0945 RP 01020
2" Element SP 1045 RP 1120

EXECUTION: STUDENT LEADERSHIP

SERVICE SUPPPORT- Medevac is currently not
available,

COMMAND AND SIGNAL- NO CHANGE

Figure 32. Notional CSAR Scenario

The squadébés primary goal i s to r escompkete apredemcen e d
patrol in a local village in order to sustain their support against local enemy fighters. Along the way, the
squad has to overcome several challenges.

After leaving the starting point, the squad first encounters a suspected ImprglesiExDevice (IED).
Despite being an enemy hoax, the squad is still required to perform a series efelereatt tasks, such

as: Confirming (and communicating) the exact location and description of the device; Clearing all
personnel to a safe distanc€ordoning (marking) the area to prevent anyone else from entering;
Controlling access to the perimeter; and Checking for secondary devices.

The squad then continues down the path toward the estimated location of the downed pilot. Upon

A

p

reachingthgpi | ot 6s | ocation, the squad must physically

aid, and radio headquarters to request medical evacuation. During this time, a local farmer arrives upon
the scene towing a wagon full of goods. Before the bdptar can arrive, the squad then needs to apply
escalating force to prevent the farniewho could be an enemy fighter in disguis&om getting within
fdanger closeodo proximity to the pilot.

After the pilot is evacuated, the squad continues down thetpatird the village. Along the way, they
are ambushed by-8 enemy fighters who are equipped with small arms, such ag7AKfles. The
fighters are largely unskilled and have poor aim. As a result, they cause little (or no) injuries to the squad,

193



Proceedings of théth Annual GIFT Users Symposium (GIFTS§m

but thiselement providesin opportunity to measure how well the squad maintains their formation and
responds to the threat, while maintaining their primary and secondary objectives. After dispatching the
enemy fighters, the squad leader issues a Situation REGIOREP) to headquarters, and redistributes
ammo among the team. The squad then continues down the path. Along the way, they encounter a second
IED, which requires the same set of behaviors that were described previously. Finally, the squad enters
the vilage. At this time, they interact with village leadéréncluding the mayor, religious leader, and

elders.

It is anticipated that during the scenario there will be several points where the scenario is paused and

immediate feedback is given. This wilfovide opportunity for adjustment and recalibration among the
team, but requires that opportunities for teamwork measurement occur throughout the entire scenario.

TEAMWORK MEASUREMENT

Based on a review of existing theory and measures, Sottilare et HI)) @€veloped a list of behavioral
indicators for several teamwork constructs. This set of behavioral markers provides the foundation upon
which the research team is developing unobtrusively metrics of teamwork skills. The authors initially
decided to targt two areas for measure developnietdsk cohesion and physical coordinatiowhich

will highlight how different types of data (e.g., communications, scenario interaction data) can be used to
measure teamwork skills.

To develop our teamwork measurese tteam uses a process based on the Rational Approach to
Developing Systembased Measures (RADSM; Orvis et al.,, 2013; see Figure 2), which has been
successfully used to develop indicators and measures of team states (McCormack, Brown, Orvis, Perry,
Myers,2017).

:-f Top-down (Theory) }

2 Develop
construct
indicators
(attributes

and 4 @ @

. Develop ” >/

Identify / behaviors) \ measurement _ _

- Instantiate Validate
context and indicators of | measurement measurement
construct of behaviors and g indicat indicat

interest \ / attributes in Indicators Indicators
Identify the data
system-based
information
3
Bottom-up (Data)
RADSM Process

Figure 33. The RADSM Process for Measurement Development

194



Proceedings of théth Annual GIFT Users Symposium (GIFTS§m

The RADSM process consists of several steps, as highlighted in Figure 1, to ensure that developed
measures are conceptually sound and contextually relevant. Theesnit af this process is a set of
measures that can be assessed automatically and unobtrusively (that is, not requiring human coding or
input) given the data available in the system.

Step 1 is focused on identifying the context and construct of intenestdasurement. For the current
effort, the context is a teamwork task, described above, performed within VBS3, while the constructs of
interest are cohesion and cooperation. Steps 2 and 3 appljowop and bottorup approaches,
respectively, to measuresdelopment. Specifically, in Step 2, the goal is to leverage existing theory to
identify behavioral indicators of the constructs that are conceptually grounded. Sottilare and colleagues
(2017) have provided a basis for this step. In Step 3, the focus shiitentifying the available data
sources, and specific systdrased information, that is available from the environment of interest. The
RADSM process is data souragnostic, supporting data available from a variety of sources. In this case,
the goal $ to document the various data elements that can be captured from the training scenario. Within
VBS3, this data might include text chat, positional data of all entities, sensor actions and results, and
weapon fires and remaining ammunitions.

Once the behaoral indicators and list of available data or information is completed, Step 4 consists of
bringing these two pieces together to operationalize the indicators using the types of data available in the
environment. This transitions the conceptual naturdhefbehavioral indicators to specific, dalkefined
performance measures that can be implemented within GIFT. The intent is to develop several
operationalized indicators of each teamwork skill, which could each provide unique insight into how the
team isdoing on that particular skill. It is important to note that any one indicator could be conceptually
relevant to a number of teamwork skills, given the conceptual overlap of the teamwork constructs. The
goal is to identify a set of indicators, that wherdidogether, do the best job at assessing a unique
teamwork skill, such as cohesion. The indicators tied to any one teamwork skill can be implemented and
assessed individually, or aggregated to form a single, more comprehensive assessment of a teamwork
skill. Table 1 provides examples of what this process looks like when developing measures of task
cohesion.

Table 3. Example of RADSM Step 4 for Development of Task Cohesion Measures

How would this be

Behavioral Marker demonstrated? Data Source(s) Data Features | Analysis Method(s)
Members are activell Al team memberg Chat logs Sender/receiverl Compue  #  of
working together an¢ are communicating of chats;| messages sent [
pitching in to react with each other number of chal each team membe
team goals messages sel Assess the

by person distribution of

communication
actions across teal
members

Each team member | Movement and Who did what| Comparison of use
taking the actiong action logs;| action and wher| movements/actions
that they arg List of team against their
responsible for (e.g] member responsibilities

detecting threats if responsibilities
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their area)

Occurrences o] Team members usin Chat logs Sender/receiver| Dialogue act
phrases like "great jo| these phrases in the of chats; conten| analysis 7 sum
everyone", "go team'| chat communication; of chat| instances of the us
"you're the best"| with one another communicationg of  words and
"good work"; positive phrases  matchini
affirmations  toward those associate
theteam's work wit h Ap

af firmati

Once the team has compiled a set of operationalized indicators, Step 5 of the RADSM process will focus
on implementing these measures in the GIFT environment. During this step, the team specifies the
criterion for each measure.§., thresholds for effective and ineffective assessments). For example, if the
distribution of chat messages across the team is concentrated on one or two individuals, this may indicate
low task cohesion and would signal the need for feedback.

Finally, in Step 6, the goal is to validate the measures of the teamwork skills developed in the previous
steps. During the development phases of this effort, the primary focus of validation is establishing the
face validity of measures. That is, individuals wikpertise in teamwork sasurement as well as Army
SMEswill provide assessment of the utility and accuracy of each conceptual measure. In subsequent
efforts, the team will develop and execute controlled experiments of the system using teams of active duty
infantry Soldiers to establish and verify the validity of each measure.

CONCLUSIONS AND RECOMMENDATIONS FOR FUTU RE RESEARCH

This ongoing effort is aimed at training and assessing team performance within the GIFT environment.
This serves two purposes: denstrating that GIFT can be effectively extended from individual training

to team training, and demonstrating that reliable and valid measurements of teamwork can be assessed in
a virtual team training environment such as VBS3. Our progress to dateohas thlat there is ample
opportunity to deliver rich training experiences through a VE and that there are a plethora of behavioral
indicators and measurement opportunities within the scenario. Next steps for this effort include continued
development, refiament, and implementation of teeenario inVBS3development and implementation

of the unobtrusive teamwork measureevelopment of feedback strategies)d validation of the
measures through both face validation and rigorous humtreloop experimergtion. Future efforts

will build upon this work, both in terms of the revised GIFT architecture for supporting team training, but
also the scenario and team measures created.
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INTRODUCTION

While team performance has been the primary focus of team research (Sottilare et al.,h2017), t
analytical works directionally in a backwards manner, beginning with the end product assessment of
successful output to determine the starting points of behavioral, attitudinal, and cognitive constructs that
gave rise to that output. Additionally, teguarformance research has given rise to a breadth and scope of
constructs identified and defined in the literature that are numerous, overlapping, and directionally
unclear. As such, part of the complexity in unpacking team training models lies in thbaattam

product outcomes are the result of numerable variations of institutions with tasks that require unique
solutions and outcomes. Therefore, working backwards from a performance outcome approach lends
itself to a great many possible model configires that are almost unwieldly to empirical test.

For the purposes of this paper, we are shifting our lens from team performance outcomes to team
formation. Using an existing team model based on the Mission Command paradigm of the US Army, we

seek to eamine the structural elements that are necessary for effective team formation modeled after this
paradigm. While our approach is domain specific, it iS our expectation that our analysis on team

formation will have broader industry applications.

Specificda | y, our proposed team training model for GIF’
where the notion of balance of team roles is expanded to incorporate the effects of power/knowledge
discourse (Foucault) and adaptive capacity. This approatiased both on qualitative observations
conducted at the United States Military Acade(dSMA), as well as a review of the literature on
research related to team performance (Kjaergaard, Leon, Venables, & Fink, 2013; Sottilare et al., 2017),
team role thexy (Belbin, 1981; Fisher, Hunter, Macrosson, 1998; Hamada & Sugawara, 2013; Skvoretz,
2016; Liubchenko & Sulimova, 2017), and team learning beliefs and behaviors (Kjaergaard, Leon,
Veneables, & Fink, 2013; Massenberg, Spurk, & Kauffeld, 2015; Van den hossic al, 2006;
Veestraeten, Kundt, & Dochy, 2014).

Accordingly, this paper will first discuss the qualitative observations of team formation observed within
the MS200 course in the Department of Military Instruction at USMA that gave rise to an identifie
Military Command Abdication Narcissistic (MCAN) model of team formation that can betasefbrm

team training modeling in GIFT. After a discussion of contextualizing the face validity of this model
within the broader instructional aims of the cadetguture members of the US Army, we will discuss the
Revised Team Role Theory (RTR) components that can serve as a framework for implementing the
MCAN team training model. Lastly, we will briefly propose a methodology to validate this framework
through amixed methods research agenda.
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MCAN MODEL

We identify the emerging and established military populations as those who are seeking to obtain and
those who have already obtained full membership within the US Army. The first population is identified
as the adet learners at USMA working in teams to accomplish learning objectives in preparation for
serving in the role as Platoon Leader in the US Army upon graduation. The second population consists of
teamsized elements conducting operations at the tadggal of the US Army. This paper will focus on

the first population with an understanding that this cadet population is being trained for incorporation into
the second population.

Mission Command model of teams

In analyzing the dynamics of teams in ourntiited second population, it is recognized that these teams

within the operational forces conduct operations at a tactical level functionally under the umbrella of
Mission Command as defined by the US Army. Within Mission Command, it is understoodetheuitth

will fight to achieve a small number of key tasks until the point of either being destroyed or heavily
attrited. Specifically, that dictates junior leaders will assume responsibilities in the next role in the event

a superior becomes incapacitatdd.order for this process to work effectively, not only do all members

of the team need to have previously demonstrated sufficient competencies in their assigned roles, but a
level of trust has to be developed across the entire organization where aatacti uni t  wi | | still
followo if a subordinate | eader assumes control a
the team. Therefore, as part of developing a team training model within GIFT oriented towards military
instruction wihin a cadet population, elements of role adoption, role execution, and role adoption are key
variables that need to be operationalized and ass
within a Mission Command team model.

USMA cadets in Depdament of Military Instruction

At USMA, the cadet learner cohort is consistently presented with challenges within the Military Science
environment. To begin with, the population consists of segead students with minimal experiential
knowledge that cani st s of the most basic individuad mi | it
educate, train and inspire the Corps of Cadets so that each graduate is a commissioned leader of character
committed to the values of Duty, Honor, Country and prepared faregcof professional excellence and

service to the nation as an officer in the United States Arfiys also includeprepamg cadet learners

for their future roles as Platoon Leaders in the
venueddl neate it from what would be |Iikened to a Anor

Academically, the workload is immense comparative to a standard undergraduate curriculum track. For
example, it is mandated that a cadet learner execute between 21 and 22 cregieheamester of their
sophomore year. Militarily, the cadbegins their immersive 4mhonth USMA experience where they
haveexposure to military development and mentordhgt spanghe moment they arrive on Reception

Day as a freshman until they defptar rapidly integrate into the Army Operational Force. Specific to this
discussion involving salient variables of successful team training dynamics, the authors of this paper
maintain that the Military Science 200 classroom within the Department ofahfilihstruction can
indeed be categorized as a team unihportantly, theMilitary Programseeks to instilin Cadets the
foundational military competencies necessary to win in the US Army, inspiring them to professional
excellence and service to the at To accomplish this, the Military Program provides a framework for
military education, training, and leader development focused on the roles and principles of being a future
tactical Army small unit leader (Platoon Lead®ested in this higher purposé the Military Program,
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the Military Science Progransynchronizes across two of the fodomains: Military and Academic
Specifically, theMi | i t ary Science Program | ooks to develop
and effectively plan, mpare, execute and assess complex tactical missions by way of Troop Leading
Procedures and Missiggpe orders.

To begin, the cadet learner is quickly immersed in a military environment through the span of their first
summer period prior to officially ¢aring into the Corps of Cadets and beginning academic studies.
During this period, cadets are exposed to rigorous challenges such as hiking 12 miles with a personal
equipment load of 45 pounds, uncomfortable conditions such as constantly being exgtifledytmid-

summer heat often surpassing 95 to 100 degrees while conducting training, and being trained on the most
basic military tasks such as rifle marksmanship, combat lifesaver training, and land navigation. Cadets
navigate hroughthese experiensandividually and collectively, enduring shared hardships alongside one
another and rapidly developing their military experiential knowledge base.

The initial summer venue serves as a | ab comparab
to conduct experiments or test hypotheses. From there, the entire population, segregated into two cohorts

of approximately 600 cadets, executes the MS100 curriculum, transferring their initial military
experiential knowledge and applying it to fundamental ponents such as understanding the basic land
navigation techniques such as fAhandrailing. o It
MS2100 curriculum centers on providing foundational declarative knowledge.

Once complete with both thimitial lab and classroom experience, the next summer lab experiment,
known as Cadet Field Training (CFT) becomes increasingly more difficult where they have to execute
military training events both as members of squad and team leaders, havigating exgpenences that
includes a multday field training exercise (FTX) where the cadets remain exposed to the elements and
have to conduct multiple smalhit operations such as an ambush or platoon attack. After the lab
concludes, the collective populatiogconvenes to execute the MS200 curriculum.

Unique to the MS200 curriculum versus the MS100 curriculum is that the pedagogical structure
completely changes. Cadet learners are forced to learn and retain procedural knowledge consisting of
varying concefual frameworks such as the model to approach Enemy Analysis. The Enemy Analysis
framework consists of understanding Composition, Disposition, Strength, and Capabilities. Simultaneous
to understanding and anchoring themselves to this framework, thimaamasg how to craft the narrative

to communicate this generated analysis as well as learning where to input the information into the
Operations Order, a standardized written medium the Operational Force utilizes to comnmisiiate

type military ordes, essential to the true essence of Mission Commaihe facet of shared hardships is

an example of one element of their assumed roles as emerging military member.

Other salient elements that emerge from this dynamic include heuristic evaluationsrof tipee e r s 6
competencies both inside and outside of the classroom, shared beliefs in their goal orientation in
accomplishing assignments, discourse negotiations in problem solving, and adaptability in shifting or
adapting to new role assignments within a teemen a deficiency is noted or occurs. While the content
frameworks are beyond the scope of this paper, taking a closer look at the dynamics of team formation as
it relates to completing classroom assignments within MS200 becomes starting point fopidgvalo
Mission Command team model that can be employed in GIFT, and can further guide the construction of
interventions to correct two commonly occurring dysfunctional team models: the abdication and
narcissistic models.
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Deviations from Mission Command: Abcation and narcissistic models

The abdication and narcissistic models are two team models that have been identified as dysfunctional

and ineffective within MS200, yet adopted by cadets upon being assigned a team assessment task. As

open dialogue and gup activity is a central pedagogical approach to learning, cadet learners in the
course are implicitly and explicitly making their own continual assessments of their peers to determine
their competency with course content. These heuristic competen®srassdts ultimately translate to

how cadets seléelect and form teams within the classroom. Noticeably, when there is a balance of
competency and trust present among-selécted team members, the rudimentary elements of a Mission
Command type team are jplace. This in turn leads to a successful result in team assessment outcomes,
and arguably provides a tangible model of how teams should effectively function in thelySidst
placements. This, unfortunately, is not the only team configuration thagesndnstead, there is
observational evidence that two other team types form that deviate significantly from the Mission
Command model. These two other team configurations have been identified as abdication and
narcissistic team constructs.

An abdicationteam construct emerges when a -selected team of underperforming cadets come

together to minimally accomplish an assessment team task. This occurs when cadets create teams where

there may or may not be a balance of competencies, but the intent @fihéstto accomplish only what

is minimally required to pass the assessment with the least amount of effort. In this model, while the team
members might trust each other to do their assigned work, they abdicate any responsibility to put forth
effort to esentially fight, or more appropriately, struggle, to succeed in their assessment task.

In the narcissistic team construct, this dysfunctional configuration occurs when there is an imbalance of
competencies and an absence of trust amongst the cadetis mottel, the overachievintpdet believes

their competency is superior to their peers and seeks out groups with substandard partners to insure he or

she can produce all the required work independently. While the key tasks might be successfully
accomplishd, the team itself fails to work as a cohesive unit and in this way fails as a team assessment.

While the dynamics of this MCAN model has been identified primarily within the confines of the USMA
classroom, it is still a viable starting place from whigldevise a team training model as the patterns of
behavior that are exhibited in the classroom at USMA may very well carryoveot intervened upoin

into the US Army more generally. In this way and within this context, then, designing a team training
model devised on the initial observable dynamics and data that emerge within this course is a valid
approach. What follows, then, is identifying the behavioral, cognitive, and attitudinal markers that shape
the MCAN model so the proposed design of the TIGMMCAN model has clearly articulated possible
points of adaptive interventions that can be devised for team training. Accordingly, what follows is an
analysis of the relevant behavioral, cognitive, and attitudinal markers that factor into the MCAN model
that we term the Revised Team Role theory (RTR)

d

Theory, Foucaultés notion of power and discourse

society literature.

A REVISED ROLE THEOR Y

While researchers amgenerally moving towards behavioral markers with more objective measures of
psychological constructs (Wiese et al., 2015), this approach is limiting in that it does not account for pre
performance team formation elements that should be included in te&mmdr modeling. While

behavioral markers may be effective to evaluate the cumulative success of a team and the outcomes of

team performance, it does not include other markers that inform behavioral performances, such as the
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function of role adoption ineam formation, individual competencies and beliefs, power dynamics in
discourse, and adaptive capacities, which could be used as a point of intervention during GIFT team
training. Accordingly, this paper suggests unpacking team training through a mgeeshensive lens

where markers are derived based on the Revised Team Roles Theory (RTR), an adaption and expansion
of Bel binbds (1981, 1992) original Team Rol es theol

Revised Team Role Theory: Role adoption

Bel binés theory of TeaimmaKkdblttlsat( 1&8tleam®D2pemad mnins
depending upon the knowledge of each team member 6
team members assigned to specific role types, and assuming there was the requisite balance of types in a
team, Belbin maintained you could predict that a team would be high performing. For RTR, this first

el ement of role adoption is akin to Belbinbds theo
selfselected to, roles on a team in order tabpem solve and execute activities. The roles assigned and
subsequently assumed by the individual starts from a place of competencies. If the individual has the
competency to fill a specific role, they assume that role as part of the team. Howeverpainthithe

RTR diverges from the Belbinbs model

The basic premise of RTR is that the notion that successful team outcomes is dependent upon a
cumulative hierarchy of role adoption, role execution, and role adaption. Within institutions, teams with
specfic roles are designed to solve a particular problem or task. The ideal role adoption occurs when an
individual 6s competencies align with the paramete
alignment to happen, competencies and traitst rals® be taken into consideration in the initial team
formation, as these elements will influence the process of team performance. The vetting of competencies
and traits happens at two | evels: i n inidtheal t ea
required role to be filled. The second vetting occurs once team formation is in place, and other team
members vet each other heuristically so to individually assess the competencies and traits of team
members, and determine the balance of powermahiroup.

Individual heuristic and more formal evaluations of traits and competencies is an ongoing process in a
team, and revisions of prior conceptions of individuals can change as team members either confirm or
dispel initial perceptions of competeasi through their performance. In this way, perceptions of
competencies of is the cornerstone to establishing trust. If you do not believe that your team member is
competent to succeed in their assigned task, you will not trust them. However, if thegstiane
competency in spite of your prior belief, then trust can be established, and through the assessment of
individual competencies within a team, collective cohesion can be established. This first phase is critical
to effect team performance. If theam cannot function because there are failures of competencies or a
lack of trust, task will not be effectively or efficiently executed, and communication will be compromised.

In short, the role execution phase will be flawed.

Referring back to the MCAN mutel, one can see how the narcissistic and abdication models of teams
emerges based on this first phase of role adoption and competency evaluation. If one member of the team
determines that the other members are not competent, they will not trust thremégas to successfully
perform their tasks, and accordingly will work and make decisions independently. If, however,
collectively the team assesses that there is a lack of competency all around, then the team will readily
perform at the lowest acceptabievel, compromising an effective and successful team outcome in
performance.
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Revised Team Role Theory: Role execution

In the second phase of RTRrole execution- the objective is to solve a problem that requires the
competency of more than one imgiual, otherwise a team would be unnecessary. As previously
mentioned, if there are failures of competency or trust, the execution of the roles to address the assigned
tasks may occur, but not at a level of optimal effectiveness or efficiency. If, howeewvepetencies are

vetted and trust is established, the execution of tasks may still be compromised if communication is
compromised when the power dynamics that shape discourse within a team takes the shape of power as
domination rather than power to skddeas and solutions (Karlburgh, 2005).

Power dynamics are distinct from organizational citizenship behavior (OCB), which according to Organ
(1988), is Aindividual behavior that is discretio
rewards y st e m, and that in the aggregate promotes t he
| ater redefined by Organ (1997) as fperformance t
in which task perfor mamicse diaskceuss spiloanc,e owe( par €9 5ac.c ey
t hat power is fieverywhereodo and that power is not
limits words and actions, but can also open up new ways of acting and thinking (Foucault, 1980).

For example, if an individual in a team engages in a strategy of discourse that seeks to dominate and
dictate the shape of ideas and decisions, this erodes trust within the team, dismantles collective efficacy,
and i mpedes a 't eamd $o opeb uplnew waystofoactings tainkidgi, and prablers e
solving. Using power to dominate can originate either from an explicit or implicit role hierarchy within a
team, where there is an understanding that some roles are more equal and awarded supeti@nright
others. But power to dominate can also emerge based on the character traits or an individual or set of
individuals. Accordingly, understanding how power is used in team discourse is a key element to
understanding how teams engage in constructiveestructive communication patterns, sheds light on

the difficulty of conflict management, and is instrumental in team cohesion and performance.

Going back to our MCAN model, then, a functional representation of role execution can be
operationalized wén discourse is equitably engaged upon by team members with a predominance of
news ways of acting and thinking in comparison to unproductive words and actions. Our narcissistic
model would deviate from the MCAN model in that discourse is not equitablygedgapon by all
members. Whereas the abdication model would have equitable engagement of discourse, but the
discourse would be unproductive in words and actions.

In sum, power dynamics are realized through discourse that emerges during role executigh, thro
resisting or complying with power strategies, and mediated by individual traits, such as personality. In
this way, understanding the parameters of the roles adopted by individuals is as important as
understanding how traits interact with strategic ponegotiations. If roles are rigid, and power dynamics

are nonnegotiable, then communication and conflict management will be constiiagsezh if trust and
collective cohesion have previously been established.

Revised Team Role Theory: Role adaption

The last element to consider in defining the MCAN model is the notion of role adaption, or adaptive
capacity. Seen mostly in the literature of ecology of human societlaptiee capacity refers to the
conditions that enable people to anticipate and respmmthange, and recover from and minimize the
consequences of change (Adger and Vincent, 2005). For the purposes developing a team training model,
adaptive capacity includes the notion of reflexivity, which is a group level construct on the ability for
tears to reflect, communicate, and adapt objectives, deeigigking and processes, (Widmer, Schippers,
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& West, 20009) , as wel | as an individual 6s ability
also includes traits such as resilience, -sffitacy, innovative thinking, and selective retention (the
ability to analyze and reason logically) (Brown 7 Westaway, 2011) that allow for individuals to move in
concert beyond their initial adopted role and shift into new ones. In short, adaptive capackgy
element in the Mission Command model, and including it a team training model is instrumentally
important. Key markers for adaptive capacity, then, include the cumulative effect of successful role
adoption that includes trust and collective effigasuccessful role execution including constructive
discourse, with the additional individual traits that allow for new ways of thinking and acting
independently so to reconfigure team roles. In this way, RTR makes plain how team training is an
ongoing, lerarchical, cumulative and iterative procésand the necessary components to configure in a
MCAN model for GIFT.

PROPOSED METHODOLOGY TO VALIDATE MCAN MOD EL & RTR

As part of the ongoing project in skill decay that is currently in development vétibépartment of

Military Instruction at USMA, the authors of this paper propose a mixed method approach to validating
the cumulative, hierarchical MCAN model of team training. Qualitative observations on team dynamics
will be conducted in the classroongding affect and behavior using the BROMP method while cadets

are engaged in team assignments. Further, while cadets are engaged in using GIFT to complete team
assignments, log files of interactions and communications will be captured and analyzed. idepeodi

the actions/interactions and consequences of observed behavior, the next phase of validating the MCAN
model would include a quasixperimental study that would integrate sifvey instruments, such as
self-efficacy, HEXACO personality test, witheriodic surveys to evaluate the heuristic beliefs of cadets
over the course of a semester. Structural equation modeling will be used to test our cumulative
hierarchical MCAN model using data from team assignments completed both vito-face and

through GIFT.

CONCLUSION

This papeproposecow to best model effective team tutoriiog both emerging and established military
populations. As a derivative of a concurrent effort to address how to best support content mastery and
remediate skill decay can individual level, the authordentified a target team model, MCAN, as well as
articulated a cumulative, hierarchical framework (RTR) to identify behavioral, cognitive, and attitudinal
markers that can be used to build the MCAN model in GIFT. Whike MCAN model and RTR
framework is devised from qualitative observations and a review of the relevant literature, future work in
this area includes executing a mixed method approach to empirically validate this model to obtain
evidence towards adopting tliemprehensive design architecture for military team training in GIFT.

ACKNOWLEDGEMENTS

Research was sponsored by the Army Research Laboratory and was accomplished under Cooperative
Agreement NumbeW911NF17-2-0152 The views and conclusions containedhis document are

those of the authors and should not be interpreted as representing the official policies, either expressed or
implied, of the Army Research Laboratory or the U.S. Government. The U.S. Government is authorized
to reproduce and distributeeprints for Government purposes notwithstanding any copyright notation
herein.

205



Proceedings of théth Annual GIFT Users Symposium (GIFTS§m

REFERENCES

Brown, K., & Westaway, E. (2011). Agency, capacity, and resilience to environmental change: lessons
from human development, wédking, and disasterAnnual revew of environment and resourc8s,

Fisher, S. G., Hunter, T. A., & Macrosson, W. D. K. (1998). The structure of Belbin's teand oolesl
of Occupational and Organizational Psychologi(3), 283288.

Foucault, M. (1980), Power/Knowledge: Selectegiviews and Other Writings 1972977, London:

Harvester Press, p.104.

Foucault, M, (1981). Archaeology of Knowledge and the Discourse on Language (1969) (trans. AM
Sheridan Smith, 1972),1864 0 and 49. See also M FoRcault O0The Or
Young (Ed) Untying the Text: A PeStructuralist Reader (1981).

Hamada, D., & Sugawara, T. (2013). Autonomous decision on team roles for efficient team formation by
parameter learning and its evaluatibrelligent Decision Technologie$(3), 163-174.

Kjeergaard, A., Leon, G. R., Venables, N. C., & Fink, B. A. (2013). Personality, personal values and
growth in military special unit patrol teams operating in a polar environriiitary
Psychology25(1), 1322.

Lai, J. Y., Lam, L. W., & LamS. S. (2013). Organizational citizenship behavior in work groups: A team
cultural perspectivelournal of Organizational Behavi®@4(7), 10391056.

Liubchenko, V., & Sulimova, I. (2017). Examining the attributes of transitions between team roles in the
software development projectsasterrEuropean Journal of Enterprise Technologit&,(85)),

12-17.

Massenberg, A. C., Spurk, D., & Kauffeld, S. (2015). Social support at the workplace, motivation to
transfer and training transfer: a multilevedlirect effects modelnternational Journal of
Training and Development9(3), 161178.

Organ, D. W. (1988). Organizational citizenship behavior: The good soldier syndrome. Toronto: Lexington Books.
Organ, D. W. (1997). Organizational citizenship behavr : I tds -upmesHumanct cl ean
Performance, 10, 897.

Schippers, M. C., West, M. A., & Dawson, J. F. (2015). Team reflexivity and innovation: The moderating
role of team contextlournal of Managemem,1(3), 769788.

Senior, B. (1997). Tea roles and team performance: is there really a lidd@rnal of occupational and
organizational psychology0(3), 241258.

Skvoretz, J., & Bailey, J. L. (2016). fARed, White, Yel
Formation, an Expedian States TheonGocial Psychology Quarterly9(2), 136155.

Sottilare, R. A., Burke, C. S., Salas, E., Sinatra, A. M., Johnston, J. H., & Gilbert, S. B. (2017). Designing
adaptive instruction for teams: A metaalysisinternational Journal of Aficial Intelligence in
Education, 140.

Veestraeten, M., Kyndt, E., & Dochy, F. (2014). Investigating team learning in a military
context.Vocations and learnin@,(1), 75100.

Widmer, P. S., Schippers, M. C., & West, M. A. (2009). Recent developimenaftexivity research: A
review.Psychology of Everyday Activity2(2), 211.

ABOUT THE AUTHORS

Dr. Jeanine A. DeFalcas an Adaptive Training Research Scientist and Pagttoral Research Fellow with the

Army Research Laboratoriduman Research & Eimgeering Directorate Training Technology Office (RDRL
HRR)Orlando, Florida, working out of the United States Military Academy at West Point SR¥ .received her

PhD in Psychology from Columbia University, specializing in Human Development/Cognitiies StuBducation

with a concentration 1in I ntelligent Technol ogi es. Je:
pedagogical models for the Generalized Intelligent FrameworkTditoring to determine the relationship of

creative and analogicakasoning in accelerated expert problksalving in critical care medical education.

CPT Robert Davishas been a professor of Military Science over the past year at the United States Military
Academy at West Point. He recently graduated from FordhameUnig i t vy , receiving a Mast

206



Proceedings of théth Annual GIFT Users Symposium (GIFTS§m

Education. He is an Armor Officer who has had various military assignments, including positions withiff'the 82
Airborne Division and 1CLAirborne Division (Air Assault). He has served on three combat deplegnwerce in
Irag, two times in Afghanistan.

Dr. Michael Boyceis a research psychologist with ARL's adaptive training research program. For the past 3 years
his emphasis has been in using technologies like GIFT to accurately assess learner knowlquyéoemence.
Located at the United States Military Academy at West Point, his goal is to better inform the research progress of
GIFT through interactions with a military student population. He received his Ph.D. in Applied/Experimental
Human Factors Psyctagy from the University of Central Florida in 2014.

LTC Erik Kober has been the Chief of Military Science at the United States Military Academy since 2016. He
graduated from the United States Military Academy in 1997. He is a Senior Army Aviator Wiarlresgariety of

military assignments to include principle duty assignments to Fort Bragg, and Fort Hood, multiple and varied,
deployments to include BosHiterzegovina, Afghanistan, and Iraq (x3), and command experiences including Troop

(C/1-6 CAV) and Rttalion (HHBn(P), XVIII ABC) Command. Erik holds a Military Masters of Arts and Science

from the Advanced Military Studies Program (AMSP) at t
Command and General Staff College at Fort Leavenworth,akSyell as a Masters of Business Administration

from Webster University.

Dr. Benjamin Goldbergi s an adaptive training scientist at the Arr
Engineering Directorate. He leads research focused on instructional gnanae n t within ARLO6s L
Intelligent Tutoring Environments (LITE) Lab and is aaeator of the Generalized Intelligent Framework for

Tutoring (GIFT).

207



Proceedings of théth Annual GIFT Users Symposium (GIFTS§m

208



THEME V.
| NSTRUCTIONAL
M ANAGEMENT

209



Proceedings of théth Annual GIFT Users Symposium (GIFTS§m

210



Proceedings of théth Annual GIFT Users Symposium (GIFTS§m

Instructional Management in the Generalized Intelligent
Framework for Tutoring: 2018 Update

Benjamin Goldberg!
U.S. Army Research Laboratéry

INTRODUCTION

The Generalized Intelligent Framework for Tutoring (GIFT) serves as a flexlibfeairagnostic
architecture used to author, deliver, and evaluate compased tutoring systems. An end state objective

of the GIFT program is to establish a set of defacto best practices that guide the development processes
when building adaptive tming solutions across military, industry, and academic domain applications. To
drive this need, a research vector dedicated to instructional management functions was established. This
research vector is used as a roaapping function to establish capatyilineeds and potential R&D paths

to meet recognized gaps. Serving as a framing discussion, we provide an introduction to ongoing work
described in the instructional management focused chapters to follow. In addition, we briefly describe
new pedagogical fuations being developed that have yet to be reported.

Instructional Management Research Vector

In 2015 members of the GIFT team published a research outline that examined specific goals and interests
associated with instructional management in ITS typerenwients (Goldberg, SinatragtBlare, Moss &
Graesser, 2035 The authors identified the following dimensions as critical benchmarks in driving
capability enhancements:

1 Guidance and Scaffolding: focuses on identifying a set chgagical best practicdbat adhere
to the tenets of learning and skill development. The challenge is identifying methods that
generalize across domains and task environments, and providing tools flexible enough to create
scaffolding that can be represented in dorasgjnostic tems. Current research aims at creating
logic to manage timing, specificity, and modality determinations of intervention content at the
individual level.

9 Social Dynamics and Virtual Humans: focuses on the sooiaponent of learning, and buiitd)

tools andmethods that adhere to the social cognitive tenets of how individuals interact to instill
knowledge and solve problems (Bandura, 1986; VygotsRy8). From an adaptivesinuctional
management standpoint, social dynamics is concerned with: (1) usimpltgph to replicate
interactive discourses common in learning and operalisettings, (2) using techrgly to create
realistic and reactive virtual humans as trainglgments in a simulation or sw&io, and (3)
using technology to create social netwsorfor the purpose of supporting pdefpeer and
collaborative learning opportunities.

1 Metacognition and SeRegulated Learning (SRL): focuses on instructional management
practices that aim at building habits linked to successful regulation of learmiaticps and that
promote metacognitive applications. This approach to instructional management varies from
traditional guidance and scaffolding techniques as it focuses on behavior and application of
strategy, rather than on task dependent performancerddearch area is of interest as it is based
around GIFT supporting SRL, and the efficacy of dafirand modeling persistent raebgnitive
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strategies that can be applied across domain applications. The goal is to embed instructional
supports that promotsituational awareness, andige learners in planning, maoring, and
reflection based activities.

9 Personalization (Occupational and NGngnitive Factors): dcuses on the use of learner
dependent information to personalize a training experience. g#isinvolve personalizing
conent based on interests, with the goal of inducing a higher level of motivation when the
context of a learning event is framed within a use case the learner cares about. In addition, the
personalization dimension is also inteegstin identifying ways to automatically personalize
training interactions based on occupational factors that are unique to their upcoming assignment
or current job description. All of these instructional management practices require research to
identify mechanisms for easily implementing personalization techniques, along with empirical
evidence supporting their application for wide GIFT application.

The dimensions reviewed above provide a means for organizing and prioritizing efforts to enhance
Gl F T 6 ent irstuctional management suppditte dimensions should be ever evolving, as the needs

and requirements of the end user is ever changing. To meet-germagrush to modernize the use of live,

virtual and constructive simulations to train collectivel a@amoriented tasks across the Army, a major

focus on instructional management research moving forward needs to be focused on team development
and cohesion, as well as application of adaptive training applications in live environments through mobile
device technologies. Each of these new problem spaces will be expanded upon as future programs mature.

In the remainder of this chapter, we presémt 2018 current state of practicéor instructional
management in GIFTas those piece parts are the ultimatthods rokkd out to the community at large.
Following, we review ongoing effortand how they apply to future enhancements that aim to meet the
goals of the overarching instructional management capability dimen¥i@m&nd the review with new
instructicnal management efforts that are based on new training concepts centered on worked examples in
gamebased environments and mobile computing technologies.

2018 INSTRUCTIONAL M ANAGEMENT PRACTICE | N GIFT

Enhancements to the Baselines

In the latest public relsa of GIFT, there have been many updates to the baseline that need to be noted.
First, in an effort to extend the remedial capabilities of the Engine for Management of Adaptive Pedagogy
(EMAP) to go beyond the passive delivery of new content and informdtie previously reported ICAP
activities framework was established in GIFT6s Ad
Goldberg, Mott & Lester, 2017). The ICARspired EMAP coursebject now supports a configurable

60 Remedi at i ongdre p).hiratkieblo¢k ofettee interface an author is tasked with configuring
available content and feedback strategies dedicated for remediation purposes only. During this portion of

the authoring experience, GIFT requires authors to specify metadatottegponds with the concept

that activity or content targets, and the classification of Constructive, Active or Passive determinations as
they relate to Chibs specified activity levels.

This new remedial content addition is now available to all GIFTsustowever, it must be noted that in

its current state, selection of remedial content is managed by a policy set to randomly select among the
ICAP configured resources. Ongoing work, which is reported below by Rowe et al. (2018), will establish
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the first set of datadriven policies within the domain of COurntidtsurgency (COIN) based on a
probabilistic tutorial planning approach.

Add Remediation Content
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Figure 1. Remediation Content Configuration Interface in the ICARInspired EMAP Course Object

GIFT Personalization and Managenent through Learning Tool Interoperability
Standards

Next, to support efforts related to GIFT managing interaction across Massive Open Online Courses
(MOOCs), development tasks were instituted to make the architecture compliant with the Learning
Technolog Interoperability (LTI) standards (IMS Global Learning Tools Interoperability Implementation
Guide, 2012). The LTI specification establishes application programming interfaces with learning
management systems. From this perspective, a learning manageysem is designated as an LTI
consumer, while systems that provide learning activities themselves are considered LTI providers.

For GIFT, two instances of LTI integration were implemented. First, GIFT was established as an LTI
provider, where a learningnanagement system can direct a MOOC learner to a GIFTCloud configured
lesson for adaptive pedagogical delivery. As an example, GIFT is utilized within a course managed by the
site edX.org, where an established lesson incorporates GIFT lesson activitesompletion scores
communicated back to edX following execution (Aleven et al., 2017). Next, GIFT was modified to serve
as an LTI consumer, where GIFT can call upon LTI providers for support in lesson execution. In this
instance, GIFT can now direct ataer to an LTI compliant application to support instruction or practice

on specified concepts. As an example, GIFT can now direct a learner to a Cognitive Tutor application
within the GIFT lesson flow, where learner and pedagogical modeling controlamdecdto that LTI

client. Following completion, a score is provided back to GIFT for tracking purposes.

One of the recognized shortfalls of this integration is the reported measure back. Currently, it is a value
between 0 and 1, which is used to clasdifg performance for all assessments performed within that
provider application. At the moment, that is not enough granularity to inform intended competency
tracking functions GIFT6s overall aim strivVes to
as an LTI consumer, new pedagogical paradigms are now made available. Through these mechanisms,
GIFT can now redirect a learner to an LTI provider within the flow of a GIFT configured lesson, which
makes GIFT the managing application that guides thmatieé experience. However, seeing as the data
provided following an LTI provider interaction are not granular enough to inform complex competency
modeling techniques, future research efforts examining how best to manage LTI oriented data feeds is
needed.
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Enhancements Still Under Development

Establishing Policies in the ICARnspired Engine for Management of Adaptive Pedagogy

With an infrastructure in place to support the IGHhBpired EMAP instance described above, the next

step is establishing dathiven policies that will dictate rutime pedagogical decisions. To support this
development task, experimentation using the Amazon Mechanical Turk platform is being prepared. This

will enable the collection of a data set that will ultimately be used to gerersdt of simulated students

based on the distribution properties of the collected data points. This will enable replicating multiple
instances of learner interactions to garner enough data to establish valid policies to inform the ICAP
remediation deterinations. The methodology to build the simulated student data set is described in last
yeard6s GIFTsym proceedings (Rowe, Pokorny, Gol dbe
testbed devel opment t o suppor oceedings (Rowe étfalg 2A18). de s cr
Following the creation of policy specifications, a reinforcement learning backend will be established to
enable policy weight adjustments as evidence is collected on the utility of specified remedial materials.

NEW INSTRUCTI ONAL MANAGEMENT EFFO RTS

As an extension to | ast yearo6s wupdate at the 201
currently being worked in the GIFT program that have not yet been reported upon. Each effort is currently

in the early stages afhplementation, with future experimentation planned across each capability. What is
important to note as a grounding function is that each project presented is being applied within the
domain of Land Navigation. The domain was selected due the amounitehtand scenarios available

to train the knowledge, skills, and abilities (KSAs) associated with land navigation execution, as well as
excellent support from Subject Matter Experts (SMEs) that will guide assessment and remediation
policies.

For initial implementation, the following mechanisms are being researched: (1) using structured
interviews in GIFT to facilitate scaffolded worked examples as it relates to procedural tasks that
incorporate discrete inputs required to execute a task (e.g., planeafrout one point on a map to
another), (2) using mobile app technologies and clmmdputing to guide selegulated training
exercises by blending the physical environment with didactic instruction and personalized assessments
(e.g., conducting terrain saciation exercises), and (3) using metacognitive modeling techniques to track
learner competencies across disparate training applications and using persistent models to drive feedback
interventions. Each project will be explained in more detail below.

Saffolded Worked Examples across Procedural Tasks

Worked examples provide a means to guide novice learners through procedural activities, where each step
within that activity can be discretely defined for the purpose of guiding execution. In this ingtance,

system can provide the solution path to a defined problem, with directed engagement with students at
specific steps within that process for the purpose of assessing understanding and correcting errors and
misconceptions. This pedagogical approach hasepr@ffective across many domains, most of which

provide welldefined procedural tasks that require consistent execution to obtain an appropriate solution
(Durl ach & Spain, 2012). From this perspecisive, G
to establish structured interviews for the purpose of using worked example instructional methods. These
interviews associate with a set of procedurally related questions that are commonly applied across a set of
tasks. For each question, a specific @ior subconcept can be targeted, with contextualized responses
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based on the scenario that serve as the assessment criteria. With this framework in place, specific steps
within a solution path can be remediated, where focused interventions addressiidicenceptions and
i mpasses that result from the | earner6s input to

As an example in the domain of land navigation, scenarios are designed in-aagadesnvironment to

train all concepts associated with deadkoning procedures (i.e., navigatifrom one point to another

using a compass and a map). Trainees are responsible for locating points on a map, determining an
azimuth to guide the direction by which they walk, determining an estimated distance, and identifying
land features to help themient as they walk. If the learning objective of the training event is to provide
multiple opportunities to apply deadckoning procedures, then each discrete task can have an associated
structured interview that can guide that interaction. Each taskresaine same steps, with each input
having new contextualized responses based on where they are on the map and where they are supposed to
go. Once these interviews are in place, new logic can be established to infer a confidence state in a
| e ar n etyté movidelihie torrect response on each step within the interview. With a high confidence
rating, GIFT has the ability to adapt the pedagogical approach by maodifying the complexity of the task.
Rather than prompt the trainee for inputs on the requirgassthe task can-@ient and instruct the

trainee to navigate to the next point with a specified time constraint, thus increasing the difficulty and
leaving the trainee to execute on their own accord.

Which azimuth \\1\
direction is the AP
from GP2?

How did you
determine this?

Figure 2. Sample Question from GIFT Worked Examfe Structured Interview

This new instructional management concept has | e
Knowledge File (DKF), as well as to the survey authoring system. To support direct numeric inputs that
orient with map grid points, azintudirections, and estimated distances, GIFT can now deliver a survey

with an open numeric input response with configurable assessments based on exact inputs, or inputs that
fall within a defined range. Next , raget 6 8Bxiatccao nc e p t
specific question with a specific siwoncept so that remediation and feedback can be contextualized on

the procedure step that scores bekypectation. In addition, new pedagogical logic will need to be
developed that can adjust tbenditions and standards of a defined DKF Task, based on the outcomes of

the tasks completed before it. In this example, observing effective execution of two tasks in a row under

the scaffolded worked example can lead to a pedagogical shift to increasensiexity by removing the

help functions.
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Live Training with Mobile Intelligent Tutoring Functions

Another effort being worked with land navigation serving as a guiding domain is the first development of
a GIFT mobile application. In this instance, GlisTleveraging realime positional and movement data to
trigger training events in a live environment through the delivery of contextualized content, tasks and
assessments (Goldberg & Boyce, 2018). The notion here is to extend the training space tit@athe a
operational environment and embedding structured learning activities that utilize the elements of the
space they are occupying. As an example, the first mobile application being developed is to support an
exercise called a Terrain Walk. During thigeecise, a trainee completes a specified course where
designated spots along the path are used to train directed concepts that associate with land navigation
fundamentals. In #h traditional sense a Terraindl{ is completed by a live instructor with a gpoof
trainees. To support a seHgulated delivery approach, the idea is to replace the instructor with a smart
phone, where each trainee receives a personalized experience.

71 GIFTM

Ltand Nay; Terrain Walk -

Identify four {4) prominent features

Wh n r
you can locate from your current en ready, please enter your 8-

point grid derived from your map
below (please separate the first and
last four digits in the boxes below).

Bull Hill Mast

Ridge to South | 1234 | se678 |

Ridge to East

Distinctive Road Pattern
Bridge Buildings

River Feature

Saddle to North

Figure 3. GIFT Mobile App Example Interactions for Terrain Walk

To support ths implementation, GIFT has been configured to consume cellular network traffic data to
monitor the exact location of an individual as they navigate through an environment. With this new data
type, GIFT6s DKF can be c on ftaskgtarttegdersthat assaiate Witlhac at i o
task, the concepts linked to that task, and its respective assessments used to infer performance and
competency. When a trigger is recognized, GIFT can now deliver content, task directions, and deliver
assessmenthrough survey items (see Figure 3). The DKF applies timing functions to guide the delivery

of content and items to assist in making the user experience an enjoyable one. Following completion of

the first iteration of the GIFT Mobile App to support a BémrWalk, there will be a designated data
collection this summer at the United States Military Academy.
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Metacognitive Training across a Network of Simulations

The third new effort using land navigation as a guiding function is extending the learner gnodelin
technigues in GIFT to support metacognitive training across a network of training environments. This
approach is based on prior work aiming to establish a hierarchical approach to learner modeling that
focused on cognitive skills, cognitive strategiesd anetacognitive abilities (Rajendran, Mohammed,
Biswas, Goldberg & Sottilare, 2017). This approach was originally developed within the domain of COIN
using the game UrbanSim. Now, the learner model framework is beiagpted to land navigation,

where @proach will manage interactions across three distinct training events that focus on a
crawl/walk/run modeling of training (Goldberg, 2017). In this example, the hierarchical student model
will be used to infer KSAs as trainees interact with a virtual dabte to learn terrain association
concepts, interact with a virtual game to rehearse-deadning procedures, and interact on a live land
navigation course. This approach requires the first implementation of a persistent learner model that can
track exyeriences across a number of scenarios and lessons and use those recorded experiences to
personalize future interactions through GIFT supported pedagogical functions. This effort is just starting,
with much to share in future reporting.

FUTURE CONSIDERATIO NS

As mentioned above in the introduction, team intelligent tutoring is a desired capability moving forward
across the Department of Defense. With that said, a majority of the instructional management functions
built in GIFT as of now are dedicated to iheividual learner. Future research is required to implement
pedagogical approaches to managing team interactions across the planning, execution, and review phases
of a training exercise. Currently, there is much written on how to monitor and measueisdapment

(Sottilare et al., 2017), but there is little contribution to the literature on instructional management
techniques that associate with technolbgged interventions. To this end, a pedagogical framework is
required to associate with feedbamkd scenario adaptations that are based on team and task structures.
Current chapters in the sotmbe released GIFT Recommendations books will explore some notional
theoretical approaches, with sports psychology playing a role in their instantiation.

CONCLUSION

In this chapter, we present current and future instructional management functions that are being built into
GIFT. This review covers the last twelve months of development, with the introduction of new
capabilities being rolled into the publicly akadle baseline, while future capabilities reviewed are being
developed to support data collections and future extensions to be included in subsequent releases. With

GI'FT <continually evol ving t o include mor e Al dr

instructional management functions will continue to mature that focus ordidata agent methods, as
well as exploring new approaches to manage team structures.
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A Blended Approach to Adaptive Learning

Barbara Buck, Ph.D2, Matt Genovat, Robert Sottilare, Ph.D.2, Benjamin Goldberg, Ph.D?
TheBoeing Company U.S. Army Research Laboratéry

INTRODUCTION

Adaptive training is often considered the gold standard for addressing the unique training needs of
individual users. These unique needs can result from different backgrounds, different egpgerien
different learning goals, different personal motivations for learning, and different degrees of engagement
in the overall learning experiencédaptivity is the ability of a system to alter (change) itself to better fit

or function in a given situain. In order to optimize the learning experience for a unique person, a
learning system should adapt to the individual learner or fearthe specific situation, much like a
human mentor or instructor would adapt to the individual needs of a student.

Thegoal ofan IntelligentTutoring System (ITS)s to provide automated instruction equivalenthat of

a skilled human tutor ITS developmenthasgai ned momentum since the 19
automated tutors being developed and applied in both uiwensd Department of Defense settings

(Bloom, 1984, Lesgold, Lajoe, Bunzo & Eggan, 1988, Anderson, Corbett, Koedinger & Pelletier, 1995,

Hunt & Minstrell, 1994, Graesser & Person, 1994, Cohen, Kulik & Kulik, 1982).

Adaptive training content can be timmensuming and expensive to develop, deliver, and manage. If the
adaptive solutions are ever to gain widespread acceptance within the educational and training community,
we must find coseffective ways to develop, deploy and manage content. The U.S. AesgaRh
Laboratory (ARL) has been developing one such solutittre Generalized Intelligent Framework for
Tutoring (GIFT) The GIFT program is an ARL effort toedelop a framework for personalized,-on
demand, computer based instructianimprove the spekand quality of Soldier training (Sottilare,
Brawner, Sinatra & Johnston, 2017). In a separate effort, Boeing has been involved in a program of
research and development to create an adaptive learning authoring and content delivery system. The
Boeing ITSprovides a useiriendly authoring environment designed to rapidly create and deliver a rich
personalized studewentered learning experience through the modeling of system knowledge, problem
solving rules, and redime assessment of student performanc€he learning experience provides
dynamic scenario sequencing, tailored student feedback and student performance summary based on the
perceived student strengths and weaknefBerin, Buck,Dargue, Biddle, Stull& Armstrong, 2007,

Perrin 2009)

In this paper, we will present an aggregate prototype of adaptive learning that letieezgesvo distinct
implementations A RGIBTssolution andBoeingd 4TS solution The product of combining these

efforts is an integrated adaptive learning prototypges presentation will describe our efforts to create a
seamless adaptive learning experience on the part of the student, as well as plans to conduct an
effectiveness study using the adaptive learning methods.

GIFT Framework

GIFT is an opersource, modulaarchitecturedevelopedto ease the burden of authoring, delivering,
managing, and evaluating adaptive instruction across a broad array of domains (e.g., cognitive, affective,
psychomotor, and social\s an adaptive instructional system (AIS), GIFT guitkesning experiences

by tailoring instruction and recommendations based on the goals, needs, and preferences of each learner
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in the context of specific domain learning objectives. GIFT is composed of tools, methods, interfaces, and
processes that capturadareinforce best instructional practices, effective learning strategies, and tactical
actions for both individual learners and teams. Emerging capabilities include: user dashboards, data
analytics, automated content curation, automated after action seg\aenwd standard messaging for reuse

and interoperability.

GIFT has several modules which model and act on data about the learner, instructional decisions, and
domain content:

1 Domain Module- The primary function of the domain module is to create, mairdad assess
domain sessions. This module hosts or points to content used during instruction and contains a
domain course file which is an XML file cont a
progress toward proficiency for the concepts (learmibjectives) identified by the course author.

1 Learner Module The pri mary function of the Learner mo
(e.g., reatime performance, redime emotional, or long term domain competency).

1 Sensor Module The primary @nction of the sensor module is to read and filter sensor data to
determine/predict learner state§here are several sensors integrated with GIFT to provide data
about the learner: Microsoft Kinect, Zephyr Bioharness, Affectiva Q Sensor, and others.

1 Pedaogical (Instructional) Module The primary function of the pedagogical module is to use
information about the | earnerés state to gener
select instructional strategies (e.g., prompt learner to refle@hhance learning. Instructional
strategies are passed to the domain module for implementation.

1 User Management System (UMS) Modulehe primary function of the UMS module is to
manage a user session. It is responsible for storing information aboutséhesuch as
biographical details, in addition to maintaining information about domain sessions. It does not,
however, keep scoring records of useroés trai.l
Management System.

1 Learning Management System (LMS) Md&lu The primary function of the LMS module is keep
track of a learnér sstructional experiences and achievements as part of a history of learning.
The GIFT LMS saves the scores of every assessment during every lesson experienced in GIFT.

9 Tutor Module- The primary function of the Tutor module is to pids/ an interface that allows
interaction between GIFT and the learner. Often referred to as theisatointerface (TU|)this
is not a formal module, but is an interface capability.

I Gateway Module The primary function of thgateway module is to interface with external
environments (e.g., ganimsed simulations). The Gateway Module has interfacesseitéral
applications such as: Distributed Interactive SimulatibS) networks Virtual BattleSpae
(VBS) serious gameAugmented REality Sandtable (ARES), Microsoft PowerPoint, Tactical
Combat Casualty Care (TC3)/Virtual Medignd the SCATT Pro Marksman Training
Application.

A component of GIFT being utilized specifically for this project is thegige for Management of
Adaptive Pedagogy (EMAP; Goldberg, Hoffman & Tarr, 2015). The EMAP is an underlying pedagogical
framework in GIFT based on Merrill s Component D
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structures learning across four primary ratgions: (1) learning the declarative grdceduraRULES of

a domain and its associated concepts; (2) seeing EXAMPLES of those rules applied across various
contexts for better understanding of the interacting components; (3) RECALLING those assoerations

your own based on testing approaches; and (4) PRACTICING the application of those rules within
dedicatedscenariosand problem sets. The EMAP then applies personalization strategies within each of
those four interactions based on individuals differencest or ed i n GI FTo&és | earne
knowledge, motivation, sehegulatory ability, grit, etc.). The EMAP also supports automated
remediation loops based on performance outcomes in both the recall and practice interactions. The EMAP
configuratos ar e housed in GIFT6s adaptive coursefl ow
resulting testbed developed utilizing the Boeing ITS functions.

Description of the Boeing ITS

Boei ngbs appr-aedered adaptive gainingeimplementatitas evolved over the course of

the past few years. Initial implementations focused on creation of an architecture and authoring solution
in support of intelligent tutoring. The product of this effort i&lgeb-based, SCORMconformant
computerbased traimg. Details of this approach is provided below.

The Boeing ITS implementation features 3 componéiiitsstrated in Figure 1)a Student Model, an
Instructional Model, and an Expert Model. The Student Model implements a profile of dynamically
maintainedvariables, each corresponding to one learning objective. These variables are evaluated over a
number of observations. As a result, changes due to learning are reflected across exercises, as the score
increases due to correct performance, or decrease®esae made. The amount that scores are changed

can be weighted according to the degree to which the action reflects mastery of the learning objective.
The anount of change is also adjusted according to the degree of support provided to the student by th
ITS in selecting this action.

Expert Model Student Model
+ Allows system to solve problems N \ + Estimates student’s understanding
« Approach N AR "+ Approach
v" Model solution paths y v" Maintain dynamic profile of
v" Encode rationales for and \i:,j*‘f N V profiqiency .sco.res against
implications of actions Wad learning objectives
Start Task Instructional Model
+ Allows system to implement interventions
» Approach

v Manage sequence/selection of training activities
v Manage hints and feedback on actions

v Summarize performance
End Task

Fig. 34. Overview of ITS modeling approach
The Instructional Model responds to student requests for help or student errors with information on

problemsolving strategies. The specificity thfe information increases as additional requests are made or
additional errors occur. Thedtructional Model is also tasked with providing witlioenario feedback to
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guide the student, as well as performance summaries across all learning objedteendtdf the lesson
scenario.

The Expert Model is based on cognitive task analggibniqgue known as PARI, for Precursor, Action,

Results, and InterpretatiofHall, Gott & Pokorny, 1995). PARI provides methods to elicit detailed
information from exped on how they represent a given state of a solution (what issues have been
resolved and what issues remain), optimal and alternative paths to a solution, and their strategies for
selecting actions at each step along those pdathe.Expert Model directlgncodes these solution paths.

For each path, the model al so captures the exper
problem) and the rationales for the possible next stédditional details of the ITS architecture and
implementatiorhave leen publishe@lsewhergPerrin, 2009)

Details of the Integrated Prototype

As part of a thregear cooperative research and development agreement, Boeing and ARL have been
working to develop an integrated ada@IET adaptivgpor ot oty
learning framework witlihe Boeingadaptive learningapabilities. The prototypes based on instructing

a student on a basaircraft maintenanceskwith aspects of troubleshooting and part replaceniant.

order to perform the task corrigtthe student must understand some basics of electrical safety, as well as
multimeter usage. Once they have demonstrated an understanding of those basic concepts, then they are
taught the fault diagnosis and repair procedure. Basic lesson flow wiffilni&Spresented in Figure 2.

H 4 @  Windshield Washer Fault Diagnosis Lesson Final J

6 Information as Text Question Bank . Adaptive Courseflow

Example Guidance Windshield washer task
knowledge assessment

Electrical Safety Content

6 Information as Text HH Adaptive Courseflow O Information as Text

Electrical Safety Multimeter Use Content
Completion

Multimeter Completion

—

. Adaptive Courseflow

0 Information as Text . Local Webpage

3 Fault Diagnosis VR Familiarization

I Procedure Content

Procedure Completion

1
1
1
]
1
’

---------------

E Extemal Application “ Structured Review :
]

VR Application Lesson AAR 1 +
1
1
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Fig. 35. Lesson flow for the integrated adaptive prototype

The initial step in the adaptive learning lessokriewledge asessment based on the course concepts of
electrical safety, multinter use and fault diagnosis procedural knowledge. We employed the Question
Bank knowledge assessment functionalifthin GIFT toassess student understanding on those concepts

and to characterize them as a novice, journeyman or expert on each ofé¢rmtioepts. GIFT then uses

those characterizations s@quence course content to the student and to adapt course content based on
ongoing student parameter characterizaéenthey move through the lesson contei8tudents are
presented with content ftihhe corresponding Adaptive Caeflow Modules (as described above) for each
course concept based on their assessed knowledge level. Basic concept rules and examples content was
delivered via PowerPoint presentations within the GIFT Adaptive Courseflowlgkd Knowledge

checks were presented in GIFT using a subset of the initial Question Bank questions. If the student was
deemed proficient, then eéhBoeing ITS capability providd the practicelesson content foselected
learningconcepts, launched fromithin the Adaptive Courseflow Module. While progressing through

the practice module for each leaning congcdpe ITS adapts withidesson content to maximize a
student 6s abi |l i thgpractice periioe af thes Iassomdiule yn the dngikattempt.This
adaptation included withifesson remediation on basic concepts if needed. This step is in addition to the
normal GIFT content sequencing. GIFT functionality sequences the student through the rules, examples,
knowledge check and practiceo mponent s of each course conceptds
when all are successfully completed, launches the final practice module.

The final evaluated practice moduleaism e xt er n al applicati mancewmasmingng Boei
capabiity (Jacquin, 2016) As part of the final practice assessment, students don a virtual reality (VR)
headset, and using two 3D VR hand controllers, they are able to navigate to various places on the aircraft,
perform the required troubleshooting tasks wltihering to required safety protocols, diagnose the fault

and replace the faulty pafsee Figure 3)Automated realime performance assessment and adaptive
learning capabilities within theirtual maintenance trainingystem score the student on taegetearning

objectives, provide ocdemand student assistance to help locate components, and provide scoring to
determine whether the student passes or fails the practical asse§3meatfinal scores on the practical
assessment are passed back to GIFToroter to evaluate whether or not the student successfully
completed the entire lesson.
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Fig. 3. Maintenance trainee performing a task in the virtual maintenance trainer.

At present, the first iteration of the integrated prototype is complete. Curfentsedre focused on
development of a test plan for the conduct of an adaptive training effectiveness study. Once the design is
complete, any required modifications will be made to the adaptive training prototype in support of the
effectiveness study.

Ini tial Test/Study Plan

Plans are in work to evaluate the effectiveness of the Boeing/GIFT prototype using cadets at West Point
The goal isto assess various manipulations of overall curriculum adaptation in an effort to determine
which elementsare best ulized to optimize student performanc€o determine thesefficiencies we are
usingmultiple measuresincluding:time to competencas measured byerformance outcomes, training
transfer and knowledge retention.

The plan is to evaluate the combined GBoeing prototype across a counbalanced 3x2 experimental

design (see Figure 4). The first independent variable is ITS Methods, with three defined conditions: (1)
GIFT alone with personalization through the EMAP, (2) Boeing alone, with focused | T&ctitas, and

(3) GIFT/Boeing prototype that leverages both pedagogical methods. The second independent variable is
prior-knowledge, with classification determined by outcomes ortggemeasures. Pribnowledge will

be scored on a concept by concepidasith GIFT bypassing content on training materials a participant

is showing mastery in. One potential option is to randomly assign students to one of those three groups,
and then to divide them into high/low competency based on their initial knowleskpssanents.
Competency i s only one of t he potenti al per sona
pedagogical configuration can support strategy determinations across any individual difference deemed
worthy to inform personalization. Our initighrototype did not include personalized measures of
motivationbased adaptation or personalized feedback based on individual performance. Those are other
options we are considering implementing once the study design is finalized.
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Prior-Knowledge
High Low
GIFT Alone X X
m -
§ Boeing Alone X X
S
(IQ GIFT/Boeing X X

Fig. 4. Preliminary Effectiveness Study Experimental Design

The outcomes of this study will inform modifications to both the GIFT architecture and Boeing adaptive
training approachThese recommended changes will be based on the results of comparative evaluations
across performance measures, along wiikervationsand logdata associated with student interactions

and behaviors across all content, assessments and scenarios. Nesvnejsiwill be defined tbetter

meet the needs of studenigth the final year of the CRADA dedicated to instituting those changes.

CONCLUSIONS AND RECOMMENDATIONS FOR FUTU RE RESEARCH

Throughout the process bfending of two adaptive training solutioitdo one aggregatprototype, we

have learned a number of lesson$here are similarities in the two approaches, as both concepts
emphasize development of expertise based on optimizing the learning experience by adapting to the
student. While both relyon performance assessment to adapt the lesson, implementations of how each
used performance measurement to adapt was different. This led to a number of challenges when merging
the two approaches into the combined prototy@n the positive side, we wewble to successfully

merge these capabilities into a lesson that was seamless from the perspective of the student. We relied on
GIFT to perform the initial knowledge assessment, and to determine a starting point within the lesson.
For simplicity sake irthe initial prototype, we did not attempt to integrate individualized student traits
such as motivation or engagement into our pedagogical decisions. We employed the GIFT adaptive
modules to sequence through student fesskd training, but then employdo ei ngds | TS | es:
provide withirmodule assessments and practice, enabling remediation and practice at a more finite level
than that provided by GIFT alone. We also demonstrated the ability to launch an externdladedy

VR practice module from IET, and showed that performance within that practice environment could be
reported back to GIFT upon completion of the practice exercise.

Along with the positive points, we did identify a number of challenges throughout the course of our
development. Whdollows is a summary of the lessons we have learned along with way.

1 With any approach to adaptivity, there are challenges in the implementation of these concepts
within a complex task environment. When combining two methods into a single learning
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solution, there are some additional complexitiEsr example, the Boeing approach to student
assessment and adaptivity was different that the GIFT implementation. In some instances, both
adaptation rules could run in parallel, but in other instances, we hamtdacile the different
approaches.

1 Longterm student record persistence is currently not implemented within GIFT. It would be nice
to have the ability to customize lesson content based on a previous lesson learning record, but as
of now, all lessons argtandalone.

I Within a single lesson, we did not have the ability to remediate back to a previous adaptive
learning module once it was determined to be mastered by the student. The implementation of
our lesson involved completing individual modules andhtbempleting an integrated external
simulation exercise which combined aspects of multiple learning concepts. It would be nice to
have the ability to remediate the student back to the individual adaptive module if they failed a
concept during the final pctice. Or, as mentioned previously, to record that failure as a
persistent record and then be able tdatach the lesson and repeat those modules where the
student struggled during the final assessment.

1 There was no GIFT standard for communicating \eitternal applications. Interfacing external
applications with GIFT required the creation of custom gateway modules ihiclved the
implementation of message passing and pars@gtain naming and scoring conventions
between the external applicationdd®IFT domain knowledge files weret intuitive. There was
a lot of trial and error to make the process flow as desired. As GIFT becomes more pervasive and
others attempt to interface with their existing applications, it would be beneficial to have a mo
standard approach tmmmunicating with external applications.

1 We had a number of usability issues as we initially began to author in GIFT. Some of those were
due to bugs in the tool, while others were attributed to complexities in working with éxterna
applications. Specifically, we had issues running GIFT behind a proxy. In order to run the
authoring tool behind the Boeing firewall, we had to disconnect from the internet and run it in
offline mode. We also had difficulties due to size limitatiomsniporting and exporting large
lesson files. Users of GIFT could benefit from improved documentation or lessons on how to
author.

9 Limitations of older technologies within The Boeidgveloped applications (e.g. Flasased
lesson playback) made for sernomplexities in how those lessons were integrated and displayed
within GIFT.

We have learned through experience that there are strengths and weaknesses of different approaches to
modeling students, providing feedback, and adapting comantve continueto develop and test the

overall effectiveness of adaptive learning in the coming year, we hope to capitalize on the best of each
approach in creating mutualy beneficialjoint solution.
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Design and Development of an Adaptive Hypermedi8ased
Course for Counterinsurgency Training in GIFT:
Opportunities and Lessons Learned

Jonathan Rowé, Randall Spaint, Robert Pokorny?, Bradford Mott !, Benjamin Goldberg®, and James Leste
North Carolina State Universityintelligent Automation, Iné, U.S. Army Research Laboratdry

INTRODUCTION

There is broad recognition that intelligent tutoring sysigiiiSs) are effective for enhancing student
learning across a range of domains (Anderson, Corbett, Koedinger, & Pelletier, 1995; VanLehn, 2011;
Ma, Adescope Nesbit, & Liu, 2014). By leveraging computational models of adaptive pedagogical
decisionmaking,ITSs create personalized learning experiences that are dynamically tailored to individual
students. However, ITSs are resodirmensive to create. The amount of engineering effort required to
develop one hour of ITS instruction is often estimated topipeoximately 200 hours (Aleven, McLaren,
Sewall, & Koedinger, 2009). To address this bottleneck, there have been several initiatives to devise tools
for supporting ITS authors in creating adaptive training at reduced time and cost (Aleven et al., 2009;
Sotilare, Baker, Graesser, & Lester, in press). These efforts hold the promise of making ITSs available
across a broader range of subjects and contexts, enhancing the depth of current adaptive learning
experiences, and enabling instructional designers abpgtctumatter experts to create novel adaptive
training solutions without requiring programming expertise.

Over the past several years, the Generalized Intelligent Framework for Tutoring (GIFT) has emerged as
an important initiative to address the authorhgllenges raised by ITSs. GIFT is an open source service
oriented framework of software tools, methods, anfbadeo best practices for designing, developing, and
evaluating adaptive training systems. GIFT provides instructors with a suite ebaseld aols for

rapidly creating intelligent tutors, and it is linked to several ongoing research efforts to devise methods for
automating key elements of the adaptive training authoring process (Rowe et al., 2016). Many of these
tools are available through GIEBTCourse Creator, which provides a deagtdrop interface for devising
adaptive training experiences across a range of domains. The Course Creator is also continuously
improving with new capabilities and usability enhancements released several times Asy&iFT
transitions from the research lab to realrld use, these tools will be subject to new authorial demands
and scalability challenges, which makes it a valuable test case for understanding how ITS technologies
mature and scale.

In this paper, wedescribe our experiences and lessons learned from using GIFT to create an
approximately zhour adaptive hypermedtzased training course for counterinsurgency (COIN) and
stability operations. The course builds upon the UrbanSim Primer, which presenge afamultimedia
training materials providing direct instruction on doctrinal concepts of COIN that accompanies the
UrbanSim simulatiotbased training environment. The course serves as a showcase of recent
enhancements to GIFT's Engine for Management afpfide Pedagogy (EMAP) that support adaptive
assessment and remediation. Specifically, remediation features in GIFT are based on Chi's ICAP
framework (2009). ICAP describes several modes of student engagement with learning materials,
including passive, aete, constructive, and interactive modes. The ICAP framework predicts that the
interactive mode (e.g., peer dialogue) is more effective for learning than the constructive mode (e.g.,
writing an explanation), the constructive mode is more effective thaacthee mode (e.g., reading and
highlighting a passage), and the active mode is more effective than the passive mode (e.g., reading a
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passage without doing anything else). But, there are tradeoffs between these pedagogical strategies, such
as instructionatime required and cognitive load imposed. We are utilizing the COIN hyperhasé

training course to gather data on student responses to passive, active, and constructive remediation
activities, which is part of a broader research program on utilizinforcement learning to automatically

induce intelligent tutoring policies for instructional remediation in GIFT.

Our course is notable in its scope: it utilizes nearly 40 adaptive course flow objects, more than 150 media
objects, online videos, pygostsurveys, embedded assessments, adaptive feedback messages, glossaries,
and other features of GIFT. Further, we are preparing the course for deployment to hundreds of users
through a crowdsourcing study with Amazon Mechanical Turk, which requires prepafatiremote
deployment to dozens of concurrent users in a fashion that integrates seamlessly with tools and workflows
from commercial crowdsourcing providers. We describe how this course was created with the GIFT
Course Creator and associated ICGiABpired functionalities; we describe methods for implementing key

ITS features such as immediate feedback and scaffolding in hyperb@esdid training with GIFT; and

we describe challenges, solutions, and opportunities we have encountered from our expeeaticgs ¢

the course. Our findings point toward future directions for enhancing GIFT's capacity to reduce the
authorial cost of creating ITSs and transitioning toward wider scale use.

RESEARCH CONTEXT

Tutorial planning, a critical component of adaptive ftiragn controls how scaffolding and instructional
interventions are structured and delivered to learners. Devising computational models that scaffold
effectively, i.e., determining when to scaffold, what type of scaffolding to deliver, and how scaffolding
should be realized, is a critical challenge for the field of ITSs. Recent years have seen growing interest in
datadriven approaches to tutorial planning (Rowe & Lester, 2015; Williams et al., 2016; Zhou, Wang,
Lynch, & Chi, 2017). In particular, reinforceme learning techniques have shown promise for
automatically inducing tutorial policies that optimize student learning outcomes and do not require
pedagogical policies to be manually programmed or demonstrated by expert tutors. These techniques are
complematary to advances in ITS authoring, including authoring tools implemented in GIFT, to address
challenges inherent in constructing adaptive training materials.

Reinforcement learning is a category of machine learning that centers on devising softwtzrdéhagen
perform actions in a stochastic environment to optimize some concept of numerical reward (Sutton &
Barto, 1998). In reinforcement learning, the agent induces a control policy by iteratively performing
actions and observing their effects on the emment and accumulated rewards. Tutorial planning can be
formalized as a reinforcement learning task by conceptualizing the tutor as the agent: the tutor seeks to
enact pedagogical decisions (i.e., actions) that will affect its environment (i.e., theetexid his/her
learning environment) in order to optimize student learning outcomes (i.e., rewards). In our case, the
pedagogical decisions are choosing between HP&Pired remediation activities, and the tutorial

pl anner 6s obj ectaeéantlearningsn ah adaptvp hypemmebdised satningdcourse for

COIN.

To investigate a reinforcement learning framework for 1&A$pired remediation in GIFT, we plan to

obtain a large dataset consisting of trainee responses to different types of ilmstiugmediation
activities as well as prpost learning outcomes. The purpose of the dataset is to serve as a training corpus
for inducing and evaluating reinforcement learning policies for tutorial planning (Rowe & Lester; Wang

et al., 2017). Reinforceemt learning techniques are datéensive, so in order to collect sufficient data,

we have devised a training course that is designed to meet three objectives: (1) the course contains
numerous opportunities for learners to receive instructional remadiatiich will serve as the training
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data for reinforcement learning; (2) the course is deployable through online crowdsourcing platforms,
which will facilitate broad distribution to many learners efficiently; and (3) the course enacts an
exploratory (i.e.random) remediation policy in order to broadly sample the space of possible pedagogical
decisions. To meet these objectives, we developed an adaptive hypebasetiaraining course in GIFT

that builds upon materials from the UrbanSim Primer.

UrbanSim Primer

The UrbanSim Primer is a hypermediased learning environment that was developed by the USC
Institute for Creative Technologies to provide direct instruction on COIN doctrine and principles. Major
topics include the importance of population suppprticesses for intelligence gathering, and issues in
successful COIN operations.

The UrbanSim Primerdés training

materials are divided across © ° 9cmeuemm—

seven lessons that interleave pamemsr
hyperlinked video, audio, text,
and diagrams delivered using
Adobe Flash.

In our prgect, we focus on a
subset of training materials from
UrbanSim Primer Lessons-4l
We have extracted video, audio,
and text content from the
UrbanSim Primer, and we have
reconfigured these materials for
web-based presentation using
GIFT. Specifically, GIFT
enables the delivery of
UrbanSim Primer materials via
web browsers, it enables
interleaved training materials
that include embedded
assessments and instructional remediation, and it supports automatic logging of learner actions within the
training cours.

An Implemented Adaptive Figure 1: Screenshot of UrbanSim Primer training vic
Hypermedia-Based Training presented in GIFT.
Course for COIN

We have designed an adaptive hyperméeaised training course based on the UrbanSim Primer using a
branch of GIFT Cloud that supports recent enhancements to the GIFT EMAP to supp@ithdsxl
instructional remediation functionalities. The course builds upon the doctrinal lessons presented in the
UrbanSim Primer and includes a series of short videos, instructional texts, quiz questions, remedial
content, and glossaries related to thedamental principles of COIN and stability operations. Trainee
experiences with the COIN training course proceed as follows.

The course begins with a general message that welcomes students to the training course. Following this
introduction, participantsamplete a demographic questionnaire that asks them about their age, years of
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education, and familiarity with COIN topics and concepts, followed by a goal orientation questionnaire
t hat me a s ur elsased and itensi¢ rmofivatiopnats lkafiblliot & Murayama, 2008)Next,
students complete a 4&m pretest that measures prior knowledge of COIN principles and doctrine.

After completing the préraining surveys, participants begin the adaptive hypermedia portion of the
course, which is organizedto four chapters: (1) Introduction to COIN Operations; (2) Planning COIN
Operations; (3) COIN Analysis Tools; and (4) COIN and Human Intelligence. Each chapter contains a
series of narrated videosandtexa s ed cont ent t hat cdenifgngthécerdesan t opi
gravity in COIN operationso, ADefining inteldl
l ines of effort in COIN operations. 0 Each | e
objects within the GIFT aarse.

After each video from the UrbanSim Primer, participants complete a brief mudtiplee quiz. Quiz

qguestions consist of single conceptand rulb nc e p t review items that alig
objectives. Single concept review questioeguire learners to recall and apply concepts presented within

the lesson. Multconcept review questions require learners to demonstrate a deeper understanding of
course material by integrating concepts from multiple lessons. The course uses -geqgu@oing

adaptive training approactiDurlach & Spain, 2014)t o fifigat eo progress accor
demonstrated level of mastery. Learners who correctly answer a quiz question are allowed to advance to
the next question or lesson, whereas learners whoreutly answer a question receive IGkRpired
supplemental remediation.

When a learner receives supplemental remediation following a missed question, GIFT prompts the learner
to either: (1)passivelyre-read the narrated content that was just presenttdee lesson video; (2) tead

the video content andctivelyhighlight the portion of text that is most relevant to the quiz question that

was missed; or (3) reead the text andonstructivelysummarize content related to the quiz question. The
activeand remediation prompts also include expert highlighting/summaries that students can use to self
evaluate the accuracy of their responses. The cou
provides students with minimal feedback before being@dsk reanswer the quiz question. The course

uses a random assignment policy at the item level to determine whether students receive passive, active,
constructive, or no remediation after each incorrect item response. Students continue to receive
supplematal remediation until they demonstrate concept mastery (i.e., correctly answer the quiz
guestion).

In addition to the ICAHnspired remediation prompts, the training course also monitors how long
students engage with the vidbased lessons and provide®mppts to those participants who advance

through the videos too quickly or too slowly. For example, participants who click past a video before it
ends receive the following message, filt appear s
elapsed foiit to play in entirety. Please do not rush through the training materials, or else you may not
achieve the cour s@nvereely,participagts vehd $pend too muehstimeddwelling on

the video (defined as more than 5 minutes on a videg g ) wi || receive Itt he f ol
appears that you spent an unusually long amount of time on this video. Please attempt to complete the
training materials at an efficient pace. 0 The maxi

Upon finishing the final lesson, participants complete a series oftpaising surveys. These include a
multiple-choice posttest to measure retention of foundational COIN concepts and a short questionnaire to
collect opinions about the training experience. Aftempleting these activities, participants receive a
debriefing message and are thanked for their participation. In addition, participants who access the course
through an online crowdsourcing platform (e.g., Mechanical Turk) receive a unique code thzdrthey
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provide to the crowdsourcing vendor to receive payment for participation. The code is randomly
generated by a customized survey implemented as the final course object in the training course.

In order to collect data on learner interactions with 1&@A$pired remediation activities, we plan to
conduct a human subjects study with a sample of58D participants recruited through Amazon
Mechanical Turk. A short description of the study will be posted on the Mechanical Turk website.
Individuals interesteth completing the training course will first complete an electronic informed consent
before being hyperlinked to the published training course hosted on thebelsed version of GIFT.
Once in the course, participants will proceed through the courséiastidescribed above. At the end of

the training course, participants will receive a uniqudigit code that they must enter into the
Mechanical Turk site to receive payment for their participation. Using the data gathered from the
Mechanical Turk studywe will begin to investigate datdriven models of tutorial planning using
reinforcement learning techniques.

DESIGNING AN ADAPTIV E HYPERMEDIA -BASED TRAINING
COURSE IN GIFT

To develop an adaptive hypermethiased training course that can be deliverealthin the web, we made
extensive use of the GIFT Course Creator. The GIFT Course Creator islzagezb GUI authoring tool

that enables instructional developers to construct training workflows that encode sequences of online
learning activities using a draanpd-drop interface. The Course Creator enables instructional developers to
specifyfixed course flowswhich are coursebject sequences that unfold the same way for every learner,

as well asadaptive course flowswhich utilize the GIFT EMAP to drive meadaptive pedagogical
decisions about content sequencing based on student performance. A key component of our work on the
adaptive hypermedibased COIN training course is utilization of an enhanced version of EMAP that
supports ICAPnspired remediatiofiunctionalities. Specifically, the course includes 39 adaptive course
flow objects, each linked to a range of supporting media files including videos, text passages, feedback
statements, ICAfhspired remediation prompts, and quiz questions that aligm @gtirse concepts. In

this section, we briefly describe how these adaptive courseflow objects are configured to provide direct
instruction, embedded assessment, immediate feedback, and adaptive remediation on COIN concepts.

In GIFT, adaptive courseflow @grts are deeply grounded in Component Display Thederrll, Reiser,

Ranney & Trafton, 1992). Component Display Theory describes a process for letminges of a
domain, examining relevant examples, testing recall of knowledge, and engaging ed guadtice.

These four types of learning activities delineate quadrants in an adaptive courseflow object: Rules,
Examples, Recall, and Practice. During a typical interaction with an adaptive courseflow object, the
learner begins by viewing multimedia maig materials associated with a set of target domain concepts;

t his is the |l earnerds experience of the Rul es
transitions to the Examples Quadrant in which she views additional training materialdutteatd
examples of the target concepts. Afterward, the learner transitions to the Recall Quadrant, where her
understanding of the target concepts is assessed through a series of quiz questions. After successfully
completing the quiz, the learner optidgatransitions to the Practice Quadrant, where she interacts with

an external training simulation to apply her relevant knowledge in a ftandsanner. In our course, we

do not currently make use of the Practice Quadrant.

In the ICARenhanced version oh¢ GIFT EMAP, the four quadrants are augmented with an additional

fifth quadrant: Remediation. The Remediation Quadrant houses logic and training materials for presenting
instructional feedback and ICARspired remediation to learners with belthwesholdperformance in

the Recall Quadrant. In other words, when learners miss too many embedded quiz questions, they receive

233



Proceedings of théth Annual GIFT Users Symposium (GIFTS§m

immediate feedback and remediation. The Remediation Quadrant is populated with multimedia training
materials that are distinct from thogeesented in the Rules and Example Quadrants. Remediation
materials can be conceptualized in terms of three categories: (1) Constresgigase remediation,

(2) Active-response remediation, and (3) Passesponse remediatidnConstructive and active
response remediation materials are created usingibuBiFT authoring templates, whereas passive
remediation materials can be constructed with a range on supported media types, including videos, text
passages, web pages, and slide decks. In the case oburse, all remediation materials are text based,
and we specifically utilize textased local web pages to implement Passigponse remediation. At
present, the presentation of these three different types of remediation is performed accordmfptma
random policy. This control policy will be replaced with an adaptive policy induced using reinforcement
learning following the completion of the Mechanical Turk study, subsequent data analysis and model
creation.

In our course, we utilize adaptivaurseflow objects to provide immediate feedback and remediation
after each quiz question. We devise a unique adaptive courseflow object for each embedded quiz item in
the course. Each adaptive courseflow object contains a Recall Quadrant with a ssgtngas well as

a Remediation Quadrant with four associated media files: a passipense remediation intervention, an
activeresponse remediation intervention, a construattgponse remediation intervention, and a-non
remediation intervention. Eadf these remediation media files contains a feedback statement about the
quiz question that the learner must have missed prior to receiving the remediation. Because our course
presents multiple embedded quiz questions after each video from the Urban®ien, Rr subset of
adaptive courseflow objects contain links to YouTube videos in their Example Quadrants. However, not
all adaptive courseflow objects contain these videos, or contain Example Quadrant media files at all. In
these cases, we repurpose tharmgle Quadrant to present a local webpage containing positive feedback
about the quiz question that the student just answered; when a learner transitions to a new adaptive
courseflow object, she must have just answered a quiz question correctly, so Ve positive
feedback. The Rule Quadrant of each adaptive courseflow object is generally not used in our course,
except to present transition text in a handful of locations. For an illustration of all of the materials and
mediafiles associated with eacldaptive courseflow object in our course, please see Figure 2.

: . Feedback . Passive Active @onstructive
L L L L L Highlight L Summarize
YouTube Video Local HTMLFile Local HTMLFile Local HTM LFile - P D

Figure 2. Overview of training materials associated with a single adaptive courseflow object.

! The fourth category of ICAP, interactivesponse remediation, is not currently supported by the GIFT
EMAP.
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BEST PRACTICES AND LESSONS LEARNED

As noted above, the course is relatively large in comparsamny GIFT courses that have been created

to date. The course includes approximately 40 adaptive course flow objects, more than 150 media objects,
several prgost surveys, numerous embedded assessments, adaptive feedback messages, glossaries, and
other eatures of GIFT.

As we developed the course, we found that designing a large training course in GIFT required significant
preparation and planning. A key practice that we utilized was to develop a course prototype outside of
GIFT prior to constructing theraining course inside of GIFT. In our case, we developed a rough course
prototype in PowerPoint, which served two functions: (1) It provided the team with an easily editable
instructional design map of the training course, including an overview of theectiow for each chapter

and subsequent lessons, and (2) It allowed the team to quickly edit and refine the training content,
embedded assessments, and remediation content before implementing the-falhdgeersion in GIFT.

We also found that the giotype served as a useful reference for authoring remediation prompts. For each
lesson, we created a series of slides that showed the quiz question that aligned with the lesson, transcripts
of the narrated text from the video, text for the passive remmedigprompts, text and suggested
highlighting for the active remediation prompts, and content for the constructive remediation prompts.
Organizing all of this information in a format that could be rapidly generated, easily edited, shared
between collaborats, and which did not require perfect precision in specifying courseflows played a
vital role in the early stages of authoring the adaptive training course.

A second lesson we learned was that during course development and revision, there were several
occasions in which we needed to revise course content (e.g., quiz questions and prompts) to improve the
clarity of the training materials. These changes were based on upon user feedback from pilot testing of the
course. We found it helpful to keep track bése revisions in the PowerPoint prototype of the course,
which allowed the project team to easily track changes made to the course over the development cycles.

A third lesson we learned was that it is important to implement a naming and organizatientioonfor

the media files used in the course. As a best practice, we used an object + lesson naming scheme (e.qg.,
Remediation 23 Constructive; Remediation2 Active, etc.) to provide structure and consistency among

all of our training assets. This orgaational scheme was particularly useful in managing the feedback
statements, passive remediation files, anademediation files associated with each adaptive courseflow

object. This allowed us to quickly review which objects were included in each coubs¢ ect 6 s
Remedi ati on Quadrant. I't also helped us manage th
media folder. As previously noted, our course includes over 150 content files. During the authoring
process, there were many occasions incivhive needed to either preview or edit passive and/or non
remediation files associated with the course. In the current implementation of GIFT, the only way to
preview and update these files is by accessing the file through the media content organizdiste/ai¢

of a coursesd medi a o0b]|-esablished(nameing coRvergianradowed js.to Us i n
quickly locate and replace old course objects when we needed to make changes to the training course,
which occurred several times during theatese course development and refinement process.
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Media

Upload ";‘
Name Type Preview

. urbansim-primer-no-remediation-1-2.2 html HTML -

. urbansim-primer-no-remediation-1-2.3.html HTML -

. urbansim-primer-no-remediation-1-2.4.html HTML ®

. urbansim-primer-no-remediation-1-5.1.html HTML *

. urbansim-primer-no-remediation-1-5.2 html HTML -

. urbansim-primer-no-remediation-1-5.3.html HTML -

. urbansim-primer-no-remediation-1-6.1.html HTML -

. urbansim-primer-no-remediation-1-6.2.html HTML ®

. urbansim-primer-no-remediation-1-6.3.html HTML -

. urbansim-primer-no-remediation-2-3.1.html HTML -

Figure 3.TrainingAsset s in the media folder of GIFT&s C

A fourth lesson is the importance of developing a large hypermedia course such as this one in an iterative
fashion. As a best praceé, we developed the course one chapter at a time and conducted internal pilot
testing between development cycles to ensure the course workflow and remediation materials were being
implemented properly. During our pilot testing sessions, we examinednextedrrect, and incorrect
responses to the quiz questions to ensure the course logic was correct, and we examined whether the
remediation prompts were being executed correctly in order to tune course parameters and functionality.
In addition to reviewingthe behavior of these system level features, we also used testing as an
opportunity to make any changes to the visual design of the course, such as making changes to font sizes
and line spacing in our remediation prompts and messages prior to develapingrte st of t he ¢
media objects; a change in the presentation style of one feedback message could potentially propagate to
more than a hundred additional files if an author is not careful about phased development.

CONCLUSIONS AND RECOMMENDATIONS FOR FUTURE RESEARCH

Adaptive training systems show considerable promise for enhancing student learning across a range of
domains. Recent advances in ITS authoring tools, as well asliilada tutorial planning, are showing
significant progress toward reducirige effort required to create personalized learning experiences.
Reinforcement learning is a natural formalism for automatically inducing tutorial planning models to
drive pedagogical decisions about instructional feedback and remediation. In orderlize uti
reinforcement learning techniques for ddtaven tutorial planning, we have constructed an adaptive
hypermediabased training course in GIFT that is based on the UrbanSim Primer to teach foundational
principles and doctrine on COIN operations. WézdilCAP-i nspi red enhancements to
provide immediate feedback and remediation during the adaptive training course. Based on our
experience creating the course, we have identified several best practices and lessons learned for adaptive
coursecreation in GIFT. These include the importance of external prototyping, carefully tracking course
revisions, devising consistent fitmming schemes, and emphasizing iterative design and development
throughout course creation.
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As a next step, we will dépy the adaptive training course in a human subject study using the Amazon
Mechanical Turk crowdsourcing platform in order to collect a training corpus for investigating
reinforcement learningpased tutorial planning. Following the study, we will utilihe dataset to induce
control policies for adaptively personalizing remediation and feedback decisions to individual learners. In
the future, we plan for these models to be incorporated back into ttieneiadaptive training course and
evaluated with a e cohort of learners in order to evaluate the effectiveness of reinforcement learning
techniques for datdriven tutorial planning in GIFT.

There are several promising avenues for future enhancements to GIFT. One recommendation is to include
advanced praewing capabilities within the GIFT Course Creator. In particular, adding features that
allow authorgo preview adaptive course flow objects, and in particular, Remediation Quadrant materials,
would be highly valuable. Currently, course authors can a@res®dit thecontentof the constructive

and active remediation prompts, but they capmeviewhow these prompts appear at4time when they

are presented by GIFT. The same previewing functionality would be useful for passive remediation
content as wél such as local web pages, particularly if they could be previewed directly from adaptive
courseflow objects in the Course Creator.

Enhancements related to viewing and managing large numbers of media files would also be helpful to
course creatorgncluding a feature that allows course authors to quickly view all of the media file labels
attached to an adaptive courseflow object would significantly facilitate authoring for large courses.
Currently, authors hee to open each adaptive codlee object and mdividually click on each quadrant

to see which media files are linked to each quadrant. Including a feature that could quickly export or
summarize this information at a high level would eliminate this process and would be a valuable tool for
evaluating ad refiningthetrainingcourse
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Effects of feedback faming and regulatory focus are task
dependent

Ashley H. Oiknine'?, Kimberly A. Pollard 3, Peter Khooshabef®?, Antony D. Passard, Benjamin T. Files’
DCS Corporatioh) U.C. Santa BarbataUS Army Research Laboratory West

INTRODUCTION

The Problem

Training paradigmsoften depend on performance feedbacletdhance motivation, increasagagement

and improve performancélowever, the effects of feedbacdk task performancare mixed(Hattie &
Timpedey, 2007; Kluger & DeNisi, 1996)These mixed results may be explained by hodividuals

differ in their reactions to specifitypesof feedback, but this variability isften difficult to predict.
Furthermore, task properties may influence feedbadceieness. Feedback intervention thedRiT;

Alder, 2007; Kluger & DeNisi, 1996tates that feedback interventions regulate behavior by changing the
focus of attention to a particular dispescy between performance and standards. Individual differences
in goal orientations (i.e., trait regulatory focus) influence attentional focus, as well as intrinsic goals or
standards, and therefore likely impact whether and to what extent feedbackndefiuéuture
performance. More study is needed investigating the effectiveness of feedback within the context of
individual differences and their interactions with tasks and domains to inform learner models and better
implement individually optimized instaional strategies.

Relevance to GIFT

The design of GI kdividuahtreits b geliver taloed trainigem s 60f GI FT6s m.
design principles includes the delivery difdividually tailored instructioal interventions using

empirically based generic instructional strateg{®¥angCostello, Goldberg, Tarr, Contron, & Jiang,

2013) GIFT contains mechanisms to select appropriate feedback for given training-tasker refining

a model which incorporates task properties and in
ability to provide more tailored and effective trainiNghat we present i€l) a particular trait to consider

and(2) the implicationshat task properties may have in determining effective feedback.

In the present work, &lookedat theinteraction of task affordances atrdit regulatoryfocusas possible
predictors of feedback ef f ect iReselts eabesincorporatednrntoor m Gl
learner models but may also require domain module information for proper implementation.

Regulatory Focus and Regulatory Fit

Regulatory focuss a goal orientation constru@tliggins, 1998; Higgins et al., 2001)at contains two

distinct motivational orientationd h a t describe an individual 6s pr opc¢
losses promotion focus and prevention focudighly promotion-focused individuals have a tendency to

pay more attention to opportunities for gain and are motivated by intrinsic ideals as comgagidyto
preventionfocused persons whose motivations are rooted in extrinsic obligation and avoidance of loss

(Hi ggi ns, 1998; V a. Mhegkipjopgnsiti@smay Ihave implicatior?s Gob e 9gponses to

strategic affordancem tasks,such aseagerness/approadrategies andigilanceavoidance strategies
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(Higgins et al., 2001) Promdion and prevention scores are largely independent of each other
(Summerville & Roese, 2008and can bebtained from questiomires such as the Regulatory Focus
QuestionnairéHiggins et al., 2001)

Regulatory fit theoryHiggins, 2000)predicts that when an individdéals r egul at ory f ocus i
the nature of a goal, object, or reward structure framing (i.e.-gains for promotion and pokihbsses

for prevention), a more motivated and engaged state is elicited asmahtp when they do not align.
According to this theory, matching a higlpyomotionfocused individual with feedback framed in terms

of gains should yield a more motivated and engaged learner as compareidlity preventionfocused

individual and viceversa. In addition, the nature of the task itself and its strategic affordances should also
influence regulatory fit. To investigate whether regulatory fit theory may be useful to incorporate in
learner models, we examined the effects of regulatory fdeeslback framing, and task affordances

within the context of two inhibitory control go/sgp tasks that varied in the timiagnd number of trials

Inhibitory Control

Inhibitory control involves the ability to override or halt an otherwise automated espespecially

when that automated response is wrong or inappropriate. The ability to suppress inappropriate responses
is essential for healthy living and functionirigeficienciesin inhibitory control contribute to the risk of
engaging in maladaptive baViors such aslcohol abuse(Kamarajan et al., 2004poor sleep hygiene

(Todd & Mullan, 2014) drug usgFillmore & Rush, 2002)and overeating(Houben, 2011)Individuals

with adeficiencyin inhibitory control experience difficulties with decision makii&henoy & Yu, 2011)
executive function and working memof§arlson, Moses, & Claxton, 2008 ome work has shown that
inhibitory control can be improved with trainir(@erkman, Kahn, & Merchant, 2014yor example, one

week of inhibitory control training significantly reduced civilian casualties isiraulated hostage
situation(Biggs, Cain, & Mitroff, 2015) Inhibitory control can be trained using a geffmtask, in which
participants are asked to press a button in respo
goo0 st i mul us ofgolnbge pasadigns makesitherp an excellent testbed for examining the
effects of individual traits, feedback framing, and task strategic affordances. The flexibility ofggo/no
paradigms allows the same basic task to be performed using differergistadterdances, which may be
encouraged via subtle changes of stimulus timing.

Current Research

We tested the effectiveness of regulatory fit as a means of increasing performance on an inhibitory control
training task in two experiments using differemlttimelines. Based on previous literature that supports
regulatory fitbds ability to elicit a more motivat
be more effective when the feedback f rhaemi tnas kmast c
strategic affordances.déh experimentshowedeffeds of regulatory focus, but the effects were different

in the two experiments. In Experiment 1, the more preveiitionsed the individual, the better they

learned under the logssamed feedbaclcondition. In Experiment 2, the more promotiforcused the

individual, the worse they learned under a pefrdée feedback conditiorThe differences may have

resulted from different task affordances in the two experiments: a vigilant strategyatodag) in

Experiment 1 vs. an eager strategy (gaeeking) in Experiment 2. Overall, these results highlight the
relevance of regulatory focus for learner models, the complexity of regulatory fit fiay Bather than

2-way fit), and how influential ama | | change in a task <can be, i f
affordances.
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METHODS

Two similar experiments were run, differing in their number of participants and the timing and number of
trials in the training task. Experiment 1 included 103 parti¢gpddata from 10 of those participants were
excluded based on pspecified performance criteria, leaving 93 participants. Experiment 2 included 33
participants, of which 3 were excluded based on the same criteria, leaving 30 participants. Experiment 2
hadfewer participants, because it was designed as a-soad pilot for a future planned experimerte
voluntary, fully informed written consent of participants in this research was obtained as required by Title
32, Part 219 of the CFR and Army Regulatio0-25. All human subjects testing was approved by the
Institutional Review Board of the United States Army Research Laboratory.

After completing an online precreener, participants were tested for normal visual acuity and color vision
and completed a bery of questionnaires including the RFQ. After completing the questionnaires,
participants completed the training task. In both experiments, the training task was a speedgd go/no
task with a computerendered character holding a gun as the go stinaridghe same character wearing
different clothes and not holding a gun as thegacstimulus. Go stimuli were four times as frequent as
no-go stimuli. In both experiments, stimuli were visible for 400 ms and were presented at a randomized
location on thescreen. Participants had a limited time to press a response button in response to a go
stimulus. In Experiment 1, participants were required to respond within 500 ms of image onset, whereas
in Experiment 2, participants were required to respond within After this deadline, feedback (see
below) was displayed for 500 ms. In Experiment 1, the next trial began 500 ms after the end of the
feedback, but in Experiment 2 the next trial began between 1 and 2 seconds later (uniform distribution).

Training in Expeiment 1 consisted of 30 blocks of 30 trials each, lastingg®0ninutes total. In
Experiment 2, training consisted of 20 blocks of 30 trials each; because the trials were longer, training
lasted 2630 minutes.

After the training task, participants com@eétquestionnaires about the training task. Next, participants
completed the transfer task. The transfer task was a desktop simulation of being a passenger/spotter in a
vehicle patrol of a middleasterrthemed town with intermittent fog. As the vehicle ggeded, images

would pop into the environment. The task was to classify those images as threatgloeatsy) and to

press a corresponding response button within 1 s of image onset. Two of the images were the-go and no
go images from the training taskhd other two were a table either with (threat) or without {thoeat) a

table cloth obscuring the view under the table. In total, there were 200 images. Periodically, a diffuse fog
would obscure the view to make the task more difficult. There were Sdpesfdog and 5 periods of no

fog, each averaging-thinute in duration, and the transfer task took 10 minutes total. Finally, the
participants completed another set of questionnaires.

The main independent variable of both studies was the framing of féedbaihe training task.
Participants were randomly assigned to pgmin-based feedback, potidssbased feedback, or an
informative control. In both the point gain and loss conditions, go trials were woB points, with

faster responses receivingore points and ngo trials were worth 180 points. In the gain condition,
participants began with no points, and points were presented as gains. In the loss condition, participants
began with the maximum points possible for a block, and points were pasentosses. For example,

an average response time on a go trial in the gain condition would earn +45 points, but in the loss
condition it would lose 15 points. These scoring systems are mathematically identical, but differ only in
their framing. The combl feedback showed a green check or red x to indicate correctness, and in the case
of a response on a go trial, it also indicated response time.

243



Proceedings of théth Annual GIFT Users Symposium (GIFTS§m

Many outcome variables were measured; here we focus on two of them to illustrate the different
outcomes of théwo experiments. These outcomes are change in correct rejection (i.e. successfully not
responding on ngo trials) rate over the course of training (i.e. the 8rbtocks vs the last 3 blocks), and
accuracy in responding to the character stimuli odbgfin the transfer task. Both of thegeantitiesare
typically expressed gwoportions, but for analysis they were analyzethatogarithm ofodds ratos (i.e.
logit-transformed) in order to better meet the assumptions of linear modeliag from loth
experiments were combined and analyzed using a linear model with predictors of prevention strength,
promotion strength, feedback condition (dummy coded), and experiment (1 or 2). The model included
interaction terms for each strength with condition amgeriment, condition with experiment, and the
threeway interactions of strength, condition and experim€@akefficients are reported with uncorrected
95% confidence intervals, angvalues are reported both uncorrected and corrected for multiple
comparsons using false discovery rgEDR).

loss gain

Experiment 1
change in logit
correct reject
!
:
Q
L
\
|
‘
L]
e
%
i

Experiment 2

change in logit

correct reject
|

2 3 4 2 3 4 2 3 4
prevention prevention prevention

Figure 1. Change in logit correct rejection rate in control, los&ind gain conditions across Experiments 1 & -
Circles show individual participant results. Solid lines show expected values, and dashed lines show 95
confidence regions of the expected values.

RESULTS

Regression coefficient estimates with 95% confidence intervals appear in Table 1. There were no
statistically significant effects of promotion strength on change in the logit correct rejection rate;
however there were effects and interactions involving prevention score, loss framing, and the experiment
(1 or 2). The experiment term interacted with the effect of prevention stréBgthh,15 [0.21, 2.10]
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T(105)=2.42,p=.017 p=.065FDR), the loss conditn B =10.86 [1.7, 20.02J(105)=2.35,p =.021
(p=.070 FDR), and their interactio®=-2.10 [3.78,-0.41], T(105)=2.47,p = .015 p = .064 FDR).

These interactions are visualized with slice plots (Figure 1) showing how expected change in the logit
correct rejection rate varies with prevention strength under the three conditions and in the two
experiments when promotion strength is held constant at the sample average.
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Figure 2. Logit accuracy on the trained stimulus with no fg in control, loss and gain conditions across
Experiments 1 & 2. Circles show individual participant results. Solid lines show expected values, and dasl
lines show 95% confidence regions of the expected values.

In the analysis of logit accuracy on the transfer task (Figure 2), the experimoot ihteracted with
promotion strengthB =-1.37 [2.12,-0.63], T(105)=-3.66,p < .001 p =.007 FDR), the interactions of
promotion strength with loss framing,= 1.52 [0.43, 2.62]T(105)=2.76,p =.007 p =.043 FDR), and
promotion strength wit gain framing,B=1.81 [0.72, 2.90],T(105)=3.28,p=.001 =.014 FDR).
These reflect a negative effect of promotion strength on performance in the control condition in
Experiment 2 that was not apparent in Experiment 1; moreover, this negateeieffeuntefacted in

both the gain and the loss conditions by effects in the opposite direction of the coefficient on the control
condition.

Table 1. Regression coefficients and statistics

B 95% ClI tStat p FD
Change irlogit correct rejection rate
(Intercept) 1.57

prev. - -0.96 - -2.16 .03 .091
pro. - -0.63 0.41 -043 .66 .711
loss - - - -3.23 .00 .014

245



Proceedings of théth Annual GIFT Users Symposium (GIFTS§m

gain - -6.08 0.82 -151 .13 .239
Exp. 2 1.09 -436 654 040 .69 .713
prev:loss 141 0.72 2.10 4.06 .00 .003
pro.:loss 0.68 -0.23 159 147 .14 .244
prev.:gain 0.64 -0.05 134 183 .07 .158
Continues

Table 1 Continued

B 95% CI tStat p FD

Change iflogit correct rejection rate

pro.:gain 0.28 -048 1.04 0.74 .46 .563
previExp.2 1.15 0.21 2.10 242 .01 .065
pro..Exp.2 - -256 0.21 -1.68 .09 .188
loss:Exp.2 10.8 1.70 20.0 2.35 .02 .070
gain:Exp.2 - - 5.67 -0.69 .48 .574
prev.:loss:Ex - -3.78 - -2.47 .01 .064
pro.:loss:Exp. - -3.14 0.93 -1.07r .28 .405
prev..gain:Ex - -240 0.21 -1.66 .10 .188

pro..gain:Exp 1.46 -0.57 3.49 142 .15 .255
Logit accuracy for trained stimuli out of fog
(Intercept) 1.04

prev. - -0.38 0.12 -1.03 .30 .414
pro. 0.09 -0.19 0.37 065 .51 .587
loss - -3.70 0.74 -1.32 .18 .279
gain - -2.66 1.05 -0.86 .39 .492
Exp. 2 3.16 0.23 6.10 2.14 .03 .091
prev:loss 0.41 0.04 0.78 221 .02 .090
pro.:loss 0.05 -0.44 054 0.20 .84 .843

prev.:gain 0.39 0.02 0.76 2.07 .04 .099

pro.:gain - -0.53 0.29 -0.60 .55 .606
previExp.2 0.70 0.19 1.21 2.73 .00 .043
pro..Exp.2 - -2.12 - -3.66 .00 .007
loss:Exp.2 - -9.08 0.77 -1.67 .09 .188
gain:Exp.2 - - -2.62 .01 .049

prev.:loss:Ex - -1.54 0.27 -139 .16 .261
pro.iloss:Exp. 1.52 0.43 2.62 2.76 .00 .043
prev..gain:Ex - -1.06 0.35 -1.01 .31 .414
pro..gainiExp 1.81 0.72 290 3.28 .00 .014

DISCUSSION

Although both experiments demonstrated effects of regulatory fit between paiticigatatory focus

and feedback framing, the effects were different. This suggests that regulatory focus could usefully be
incorporated into individual learner models, but that these models might also need todeptasient.

The differences between otwo experimental training tasks were in the timing and number of the trials.
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The different regulatory fit relationships may result from the different strategic affordances these timing
differences offer. In Experiment 1, responses were required to b¢<f&0 ms), and there was no
variability in the inteftrial-interval. These factors together may have encouraged a strategy in which
responding was essentially automatic unless it was canceled by some inhibitory process. In other words,
success on this v&on of the task may have relied upon the participant adopting a vigilant strategy of
avoiding false alarms on rgo trials. In Experiment 2, the slower pace and the unpredictability of
stimulus onset might have reduced the automaticity of the go respmmmgather than focusing on
avoiding errors, participants might have focused on quickly reacting to stimuli and therefore relied on an
eager/approach strategy. With only 30 participants, this interpretation should be considered tentative until
more data iscollected. Taken together, these experiments are consistent with the effect of feedback
framing on performance depending on a thmay interaction among individual regulatory focus,
feedback framing, and the strategic affordance of the task in question.

The threeway interaction has practical consequences, in that it would lead to recommending different
pointbased feedback interventions based not only on
nuances of the task. For example, framing feedladkerms of loss of points appears beneficial for
training preventioffocused individuals, but only if the task itself has a prevedti@n(e.g., vigilant)

strategy. Applying losbased feedback for preventifocused individuals in other tasks may nat b
helpful. In the case of Experiment 2 (eager/approach task strategy), we found that the more promotion
focused an individual, the worse they did in the absence of-pasdd feedback. Either gdimmed or
lossframed points feedback eliminated this pemiance decrement. This unexpected result may have
come about due to the extra and more variable timing in the second experiment. There may have been just
enough time to allow the promoti@riented participants to interpret either form of pdiased feeolck

as indicative of achievement. This highlights the potential complexity of regulatory fit theory and of its
application in practice.

Overall, our findings point toward the need to include regulatory focus as a trait in individual learner
models(see also Reinermabones, Lameier, Biddle, & Boyce, 20138y a potential source of adaptation
(Goldberg et al., 2012n training frameworks. More work is needed to develop an ontology of tasks and
their strategic affordances in order to better predict the interaction effectsgaatory focus with
different kinds of feedback, and the resulting effects on learner performance. Stronger predictive models
could be incorporated into GIFT to support optimal feedback framing selection in different task domains.

CONCLUSIONS AND RECOMMENDATIONS FOR FU TURE RESEARCH

This work examined the effects of regulatory focus and feedback framing on performance in two go/no
go training tasks that differed in the timing and number of trials. Three major conclusions stem from this
work.

1) Regulaory focus is an important individual trait worth including in learner models for improving
training outcomes.

Regul atory focus describes an individual-basedgo al o]
behavioral motivation, and thus ispected to influence how different individuals respond to reward

based training interventions and feedback. Our work revealed significant effects of regulatory focus on

how individual trainees responded to feedback framing in a gp/oo par adi g prevention ai nees
focus or promotion focus, under different feedback conditions and different strategic affordances,
predicted performance improvements or decrements. Regulatory focus is simple to measure with a short
guestionnaire and can be included in leamedels. These may be used by learner modules to determine
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states and thus help pedagogical agents select appropriate feedback framing options to maximize
performance.

2) Regarding regulatory fit theory, anBay model of regulatory focus x feedbatmingx task strategic
affordances may be more predictive of training outcomes than the traditisregt thodel of regulatory
focus x feedbackraming.

The timing differences in our go/rgo paradigms yielded outwardly similar tasks that nonetheless

differed int hei r strategic affordances. The first expe
avoiding) strategy by creating a rhythmic, qp@tent response to go stimuli that required inhibitory

control to prevent that response ingo trials. The second x per i ment 6 s task encour
(i.e., achievemerdgeeking) strategy by rewarding rapid response to go stimuli that were less predictable

in their onset. By exploring the relationship between regulatory focus and feedback framing on two
strategially different tasks, we uncovered evidence of-aa¥ regulatory fit effect. The mechanisms

underlying this effect remain to be examined in future work. Measurements of motivation, attention, or

other affective or physiological states may shed light oatwiediates the-&ay regulatory fit effect.

3) Small differences in training tasks, such as the timing differences in our study, may substantially affect
the way that human variability dimensions interact with feedback framing and other personalizegl train
interventions.

The scientific literature shows mixed results for a variety of training interventions, including various
pointsbased reward schemes used for gamifying training tg&éksari, Koivisto, & Sarsa, 2014; Hanus

& Fox, 2015; Saeborn & Fels, 2015PDne possible explanation for this variability is that superficially
similar tasks may in fact encourage different strategies, and the most effective feedback framing may
depend on the strategy that the task is encouraging trainess.ténwur study, a subtle difference in
timing was enough to yield tasks that relied more or less on vigilant vs. eager strategies, even though both
were go/nego tasks with the same visual stimuli and same pdaiased feedback. This highlights a need

to think clearly about what strategies a given training task may afford. It may be beneficial to develop an
ontology of strategic affordances of candidate tasks and consult this when designing training interventions
that rely on regulatory fit or, by exteosi, fit with other individual trainee traits or states. Strategic
affordance may be a useful variable to include in domain modules in intelligent tutoring systems like
GIFT.
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Expanding Domain Modeling in GIFT: 2018 Update
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Learning in Intelligent Tutoring Environments (LITE) Lab
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INTRODUCTION

Buil ding upon | ast y e a3ofiilare, d0dyYmthei purposeocofl thit papegis wp dat e
educate users of the Generalized Intelligent Framework for Tutoring (GHettilare, Brawner,
Goldberg,& Holden, 2012 Sottilare, Brawner, Sinatra, & Johnston, 2p&bout new and emerging
capabilities to represent a broader variety of task domains in Intelligent Tutoring Systems (ITSs) in
support of adaptive instruction. Adaptive instruction vk content, offers feedback, and intervenes

with learners based on tailored strategies and tactics with the goal of optimizing learning, performance,
retention, and transfer of skills for both individual learners and teams.

GIFT is a tutoring architecta that has evolved over the last six years with three primary goals: 1) reduce
the time and skill required to author ITSs, 2) automate best practices of instruction in the policy,
strategies, and tactics of tutoring, and 3) provide a testbed to asseeHetlizveness of adaptive
instructional tools and methods with respect to learning, performance, retention, and transfer of skills.
Another overarching goal for GIFT has been to adapt ITSs to provide instruction in miligdeNant
training and educettnal domains. For training domains, this means psychomotor tasks that involve both
physical and cognitive aspects.

Currently, most ITSs are focused on cognitive task domains (e.g., problem solving and decision making)
in academic topics that primarilydlude software programming, physics, and mathematics. While there
are many military task domains that involve cognitive skill development (e.g., military planning processes
and assessment of battlespace strategies and tactics), many more involve imderdejgam processes

(e.g., building clearing) and psychomotor skills (e.g., marksmanship). It is for this reason that we desire
to extend current capabilities in GIFT to support content delivery, assessment, and remediation processes
for more complex tea and psychomotor tasks while simultaneously enhancing the effectiveness of
individual instruction in cognitive and affective domains2Bi5, Sottilare, Sinatra, Boyc&, Graesser
documented domain modeling goals, ldreges and approaches to providing adaptive instruction in
various domains. The following section describes some of the challenges to expanding domain modeling
beyond cognitive tasks and beyond the current model of desktop training.

The following sedbns examine areas of enhanced, new or emerging capabilities in support of expanding
GIFT to a wider variety of task domains.

TUTORING MARKSMANSHI P

Whil e this was r e p oSottilaged201iy it is Watls noting thahthede semains drantthe  (
potential in the marksmanship task doma#ithough GIFT has now been integra
Engagement Skills Trainer (EST) to demonstrate interaction of the learner, there is more to be done to
fully demonstrate GIFT as a psychomotor task tutor. The current implementation provides training with
stationary targets, assessment of the | earnerdés p
tutor with respect to the Army marksmanship principlddeally, future versions of GIFT will also allow
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the integration of new weapons (e.g., different rifles and pistols) and their associated expert models. We
project that many of the sensors needed to acquire weapon caainapointscould remain thesame
depending on the size of the weapon and certainly the breathing harness would not change with a change
in weapons.

To ease the process for developing ITSs for psychomotor task domains, we have invested in an agent
based approach to guide authorinppad y c homot or t asks (see paBper, #2 in
Goldberg, Bell, & Kelsey, 2038 This approach includes automated acquisition of sensor data and uses

this data with reinforcement learning to develop expertlels for psychomotor tasks.

TUTORING MEDICAL TAS KS

Previously, we reported that GIFT had been used to provide tailored training of military tasks using
desktop applications (e.g., Virtual Battlespace and Virtual Medic). The degree of transfer dfahkills
training to operations was limited in these environments since the training primarily exercised cognitive
functions. So in 201&ottilare, Hackett, Pike &aViola examined how commercial sensor technologies
might be adapted to work with GIFT and support tailored compyuiéted instruction in the
psychomotor domain for a military medical training task, specifically hemorrhage control. While this
concept was welhought out, the implementation has been hamperedtcHanges in technology,
specifically the turnover of commercial smart glasses in the market.

Recently,Julian (2018)applied GIFT to the task of basic robotic surgical skills. The purpasehsip

train physicianson both the cognitive and basic knowledge of skills needed to use the most commonly
known robotic surgical system, the da Vindiwo skills were taught in the GlIFhased course: camera
control and interrupted suturing. Again, the focus of the instruction wamsply cognitive (knowledge
components) and GIFTés ability to support physical
type of board or mannequin might be used in combination with sensors to detect the delicate control
required for this typef robotassisted surgery and we are evaluating how this might be accomplished
across a variety of tasks. One approach could be embedded training where GIFT is used to stimulate a
system (e.g., da Vinci) and the interface used by the learner is the sarmeeal during the actual work

task. This type of approach would reduce any negative training introduced by poor attempts to replicate
the interface.

Another potential medical domain application of GIFT is being developed at Columbia University and the
Mor gan Stanley Childrenés Hospital in New Yor k.
exploring the use of GIFT to train pediatric residents. The ARL adaptive training team provided a short
course on authoring using GIFT in January 2018thadstaff is assembling content for their first course.
The intent is to use GIFT to augment the instruction of pediatric residents inragétted (computer
regulated) learning environment.

On the research side of GIFT domain applications, wergeaged in the development of an experimental
protocol to investigateccelerated learning models in GIFT for medical military and civilian training
(Sottilare & DeFalco, 2078 Data collection has already begand will involve several user groups from
United States Military Academy, Columbia University, University of Wisconsin, @&mdlazon
Mechanical Turk (MTurk)
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TUTORING PSYCHOMOTOR TASKS WITH TACTICAL BREATHING

Last year we reported information about amperimental approach involving psychomotor tasks and
tactical breathingKim, Dancy, Goldberg, & Sottila; 2017. Tactical breathing is apecfic breath

control technique used by individuals to perform a precision action eeljfdr a psychomotor task in a
stressful environmentNeumann & Thomas, 200Neumann & Thomas, 20)1 The focus of this
research is to examine thelationship between cognitive (e.g., attentl resources) and physiological

(e.g., breathing) factorduring the executon a psychomotor task (i.e., golf puttingk is not well
understood that how the correspondimgchanisms of attentional control interact with the physiological
factors as théearner progresses to thearning stageAn experimental protocol has been drafted and the
experimental apparatus is being developed to support the measurement of critical factors during task
performance. Data collection is scheduled for the Fall of 2018

TUTORING IN THE WILD (LIVE, AUGMENTED OR MIXED REALITY)

An important aspect of the value of ITSs is associated with their accessibility or ability to go where
learners go. Often referred to mmbile learning instructiondelivered toportable compumg devices

(e.g., laptops computersmartphones or tablet compudeesid managed remotely by either human or
artificially-intelligent tutors, we are advocating an expanckgahbilitythat could be delivered to learners

in either live, augmented, or mixedality environments We consider this an important design feature

for ITSs so that they can support learning as an augmentation in a variety of environments where military
personnel might be assigned. To this end, we continue to examine opportonitidsGIFT through
interfaces that can expand learner experience and knowledge.

As reported last year, we are continuing to evaluate the application of various hardware platforms (e.g.,
smartglasses, mobile devices). A large part of our domain apgficffort this year has been dedicated

to providing a proof of concept for land navigation training to USMA. This concept provides learners a
means of planning their routes (Virtual BattleSpace) and executing their routes (live environment
augmented witla phonebased mobile application (Figure 1).

' 71 GIFTM

| 71 GIFTM
Land Nav: Terrain Walk -

Land Nay; Terrain Walk

Good Job! See below for some
additional feedback.

=

Now mark all four features on this

I four (4, i s res
identify four (4) prominent feature: topographic map

you can locate from your current
location

Bull Hill Mast

Ridge to South

Ridge to East

\ L~
V X
Distinctive Road Pattern . 4 h

Bridge Buildings

Notice the contour lines on the map and
River Feature " how that transiates to your current view.
! izing these
Saddie to North . \ ) s critical to maintaining tactical leverage
: Click below to move on with your
mission

Figure 1. GIFT Mobile Application for Land Navigation Training
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Moving we anticipate more eyes on tis¢oring in the wildproblem space. Last year, the North Atlantic
Treaty Organization (NATO) approvedresearch task group (RTG) to examine existing and emerging
augmentation technologies to enhance human performance in both instructional (training and educational)
domains as well as work/operational domains. The broad scope of this RTG includesah#l 8seto

deliver and manage instruction as well as support mission essential tasks as a job aid. In addition to the
US, this group has garnered interest from eight NATO countries which implies its importance.

TUTORING TEAM DOMAIN S: TEAMWORK AND TASK WORK

One way of extending domaindependence in GIFT to the modeling of teams is to separate domain
independent teamwork behaviors from taglecific, domairdependent behaviorsSalas (2015)
distinguishes teamwork, interactionstiyeen team members, from taskwork, behaviors demonstrated in
executing the task. An examination of teamwork activities (e.g., coaching or conflict management) via a
metaanalysis of the team training and performance literature led to the identifichttewaral behavior
markers for high performing team$dittilare, et al, 2017 Next steps are to seek methods to
unobtrusively acquire these behavioral markers in order to identify team states and subseqigmtly ass
the ITS to manage them.

Currently, there are no tools or methods available in the public baseline for modeling or tutoring teams in
GIFT. We are continuing to develop a model of team tutoring in which we will incrementally provide
team instruction ttough GIFT without human intervention. While the specific approach is not yet set in
stone, it might look something like this:

1 Configure GIFT to identify hierarchical concepts or learning objectives associated with team
taskwork (GIFT can already do this

1 Configure GIFT authoring tools to support the development of team models and associated
measures

1 Configure GIFT authoring tools to support the development oftsatm and multiple individual
models and associated measures, roles, and responsibilities

9 Corfigure GIFT authoring tools to support the development of a team strategy engine based on
teamwork (domain independent) best practices.
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INTRODUCTION ( DONG6T PANI C)

When approaching making a sequel, whether it is a movie, book, or even a research paper, one of the
goals is to recapture the elements that people enjoyed about the origif@buwilding on it to provide a

wholly new experience. A longme ago (4 years), in a galaxy not so far away, | wrote the first version of

AfiThe Research Psychologistds Guide to GIFTO (Since
wor ds: filcoon.6tl Paalnso was sure to start my 2016 sequ
paper with the same words. These words serve as a reminder that while the Generalized Intelligent
Framework for Tutoring (GIFT) can seem overwhelming at timesaitvisry powerful tool for a research
psychologist, and there are guides such as this and previous ones that will help you so that you do not
become overwhel med. The words also reference the
1979), which lad those two words on the cover and sold more copies than any other similar text (due to

be reassuring, and slightly cheaper).

The current work does not necessarily replace the previous two guides, but it builds on and updates them,
as any good sequel siid. GIFT ultimately is a researdiased project, and as part of that model the
software has been continuously updated. In the current guide, there will be explanations of the software
overall, as well as changes that have occurred in GIFT-20GAFT Claud, and the upcoming GIFT
20181.

WHAT IS THE GENERALI ZED INTELLIGENT FRAM EWORK FOR
TUTORING?

GIFT is a domairindependent framework for creating intelligent tutoring systefiSs) (Sottilare,

Brawner, Sinatra & Johnston, 2017). In an ITS, the domairaditionally highly coupled with the tutor

itself. GIFT provides the tools and foundation such that an instructor, researcher, or subject matter expert
can bring materials that he or she already has and use it to create new ITSs. If there is overlap betwee
previously created courses or surveys they can be reused in the new course, and the materials (such as
PowerPoints or PDFs) can be easily changed out for other existing or created materials. GIFT has been
designed primarily for use in creatin@Ss, howeer, its other goals include providing functionality to
conduct research, and to be used as a testbed.

Research that is conducted with GIFT can take two forms: experiments specifically focused on the
applications of intelligent tutoring, which can utéi remediation, and more traditional linear experiments.

A general overview of different types of experimentation with GIFT is also available (Sinatra, 2017). The
current paper will focus on the latter of these two types of experiments, the traditieaalpgychology
experiments that do not utilize ITS remediation. One of the strongest features of GIFT is the ability to put

a number of materials of different types (e.g., PowerPoints, PDFs, html, images, and surveys) together in
a consistent and fluid segnce that does not require intervention from an experimenter to move on from
one file type to the next. This reduces the number of research assistants that are needed to run a study,
reduces the possibility of human error, and allows for multiple paatits to easily be simultaneously

run in the experiment.
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GIFT provides the tools to create a ficourseo or
create an experiment with multiple conditions, the original course can be created, amt Topie
appropriate changes can then be made to the relevant materials in each of the additional conditions. Once
a participant arrives they can be setup on a computer that is running the necessary condition. Or if the
study is being done online, they cam frovided with a link that is specific to the experimental condition

that they were assigned. GIFT provides tools to create the flow of the experiment, hosts/generates online
links for cloud based studies, and provides ways for experimenters to exwacdala from the
experimental sessions.

There are two different versions of GIFT: desktop based and cloud based. The functionality of these two
versions of GIFT is very similar, but there are considerations that should occur when deciding between
which vasion of GIFT to use. In the current paper the differences between them will be briefly discussed,
but previous Res e arpapérs (Bisayrac 2004} Singtra,s201®)sfocuSed ipriharily on
the desktop based versions. For the purposes of trentyaper, the focus will be primarily on the Cloud
based implementation of GIFT, and how it can be utilized for experiments.

CREATING AN EXPERIME NT WITH GIFT

An experimenter can author a GIFT course that consists of the different components thaehgamtsh
to present to the participants. As noted above, in order to create multiple conditions, multiple versions of
the same course can be created with the appropriate manipulation of interest included in each of them.

GIFT Authoring Tools

The GIFT Authaeing Tools are used to create GIFT courses, and have an easg trag and drop
interface. The Authoring Tools have gone through many iterations and developments through the years,
and the interface has been updated significantly since the previous Re¢ea Psyc hol ogi st &s
(Sinatra, 2016). The current version of the GIFT authoring tools is shown in Figure 1. The left side of the
screen has course objects that can be added to the course, and the right side of the screen is a timeline that
showsthe flow of the GIFT course that is authored. The example in Figure 1 is a subset of one of the
conditions of a previous experiment (Sinatra, Sims, Sottilare, 2014). The sequence of items displayed are,
introductory text, a survey, information text, arteractive PowerPoint, an information text, a survey,
introductorytext, a survey, and finally information text. The course continues on and would be visible if
the screen was scrolled by the experimenter. Each of these items will be automatically prtegsented
participant in sequence without the need for intervention by a research assistant. In the case of
PowerPoint, GIFT connects to the instance of PowerPoint that is on the participant computer and
opens/closes it as appropriate.
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Figure 1. The currentersion of the GIFT authoring tools.

The structure of the course is created by the experimenter, and can be rearranged as needed. There are a

number of Apublicd courses that are available by
login screero f  GI FT, instead of <c¢clicking to run the <cou
open it in the course authoring tool. -Bal demobatr

they can still be opened in the authoring tool and the conmp®nerder and configurations can be
viewed. If you would like to make changes to these courses you can do so by copying them on the course
tile page, and making edits to the copy. These courses are a great place to start in order to get comfortable
with how GIFT is set up.

Course Obijects

In order to begin authoring a new course, the experimenter can access the Course Authoring Tool from

the top menu, and then can drag an item from the left side of the screen onto the timeline on the right side.
Each indivd u a | item (e. g., Al nformation as Texto) can t
window for each item will appear on the far right side of the screen when a course object from the
timeline is selected.

Many of the course objects are sthaifprward and sele x p| anat or y. For instance,
allows the experimenter to provide information (such as instructions) that will simply be presented to the
participant. A web address, PDF, or local web page can also be used duriogrsiee ¢

An important distinction is made between the Slide Show object and the PowerPoint object. If you have
already existing materials in PowerPoint that you would like to use, or you would like to create your
informative mat er i afhce, wou tcdn théhouseewh& gou rctediesl in iyout @IFT
course. The Slide Show object should be used when there is no interaction between the participant and the
PowerPoint course itself, and there is no multimedia present in it. The Slide Show object makes
individual images of each slide that you upload, and converts it into an easy to navigate slideshow. In
order to use it, the original file that is uploaded should be in .pps form (PowerPoint 2003 show form).

One of the advantages of using the Slide Shothas it does not need to open and close the actual
PowerPoint program, which means that in the cloud this will run extremely smoothly and not require a
connection to be made between the participantés ¢
PowerPoint using macros, Visual Basic for Applications or even to include multimedia such as sounds or
videos, then a PowerPoint object needs to be used. In this case, when the individual runs the course in the
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