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Motivation

Enterprise Learning Your personal knowledge engine.
NOow powered by Artificial

v ) Volley's Al-powered knowledge technology makes training,
intell igence development, and knowledge management more engaging,

autonomous, intelligent, and effective than ever before.

Increase Performance up to 50%

with an Al-Driven Knowledge Cloud

o ) ) Digital Learning Assistant
Al in Education Will Grow

a“y by 2021 Make learning more personalized and bring microlearning to the next level

st In efficiency thanks to machine- We developed unique technology - an Al-powered digital learning assistant - to

help you with learning on the daily basis 10 ROIES For ArtiﬁCiaI Inteuigence In Education

An Al assistant can provide more accurate answers and suggest learning materials
relevant to employees individual traits. TeachThought Staff Lastupdated Sep 16,2018
=
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What Works Clearinghouse™ U.S. DEPARTMENT OF EDUCATION

&) WWC Intervention Report  -jes.....

A summary of findings from a systematic review of the evidence EDUCATION SCIENCES

US Department of Education “What Secondary Mathematics June 2016*

Works Clearinghouse” Report on

Carnegie Learning’s Cognitive Tutor cOQnitive Tutor®

Table 1. Summary of findings®

Improvement index
(percentile points)

Rating of Number of Numberof Extent of
MiXEd effects Course and outcome domain effectiveness Average Range studies students evidence

No discernable effects Cognitive Tutor® Algebra |

. : Algebra Mixed effects +4 T10+19 5 12182 Medium
Potentially negative effects : N h',;: )
General mathematics achievement  No discemible effects +2 na 1 658 Small

Proven effective: In the early 1980s, Anderson and his colleagues began developing the Cognifive Tutor
'~ technology fo fest the ACT theory. Since then, a wide variety of rigorous research studies have confimed the
effectiveness of the Cognitive Tutor cumicula. Typical results show that students who use these tutors perform one
grade-letter better than students taught using more conventional methods.

The Cognitive Tutor™: Successful
Application of Cognitive Science

Dr. Stephen Blessing, Cognitive Scientist
Carnegie Learning

Three of the most effective features of Cognifive Tutor programs are its constant student monitoring, just-in-ime
help and individualized skills tracking.
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* Producers don’t engage in studies

= Researchers are isolated from producers
Conseq uences = Consumers don’t know what to believe
* Purchasers don’t know what to buy

= Beneficial technology stays on the shelf
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Adaptive Instructional Systems (AIS) Standards P2274 |IEEE STANDARDS

ACTIVITY

Adaptive Instructional Systems (C/LT/AIS) P2247.1

The purpose of the Adaptive Instructional Systems Working Group is to investigate the possible market
need for standards across a group of technologies collectively known as Adaptive Instructional Systems
(AIS). AIS include Intelligent Tutoring Systems and other related learning technologies. The output of the
working group will be one or more PARs identifying needed standards activities. The Adaptive Instructional
Systems (AIS) Working Group parent organization is the IEEE Learning and Training Standards Committee

What does Al mean in adaptive
instructional systems (AlS)?

IEEE LTSC HOME ABOUT ACTIVE WORK GROUPS BLOGPOSTS MEETINGS & AGENDA MINUTES HOW can we Clarlfy the use Of
Assuring Compatibility Across Ed Tech Al tO Impro ve adop tlon P

Product Categories IEEE LTSC MEMBERS  LTSC REGISTRATION  LTSC SEC AREA
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Definition of Al

' Definitions of Artificial Intelligence (Al)

T_"Sf,k'g;;g?agok Oxford: The theorv and develooment of computer svstems able to
# inteligence perform tasks normally requiring human intelligence, such as
visual perception, speech recognition, decision-making, and

translation between languages

Barr: The part of computer science concerned with designing

intelligent computer svstems. that is. svstems that exhibit the
e characteristics we associate with intelligence in human behavior
— understanding language, learning, reasoning, solving problems,
and so on.

IBM: Anything that makes machines act more intelligently, including
basic and applied research in machine learning, deep question
answering, search and planning, knowledge representation, and
cognitive architectures.
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Types of Al

= Rules and Formulas
= Expert Systems

« Event-Condition-Action tables [ behaviour is indistinguishable from Al.

Any sufficiently advanced machine

= Hard-coded branching decisions (apologies to Arthur C. Clarke)
= Machine Learning = Natural Language Processing
= Naive Bayes = Computational linguistics

Dialog agents

Neural Networks

Text analysis

Genetic Algorithms

Machine translation

Clustering Algorithms

Speech recognition

Ensemble Learning (Stacking)

Supervised and Unsupervised Ontological methods
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Uses of Al

= Decisions
= What action to take?
= What topic is next?
= What content to display?

= Classifications
= What does the learner know?
= What topic does this content address?
= How difficult is this task?
= How engaged is the learner?
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Input Data

= Activity Steams and Test Results

= Sensor Data and Biometrics

= Competency Frameworks, Topic Maps,
Knowledge Spaces

= Models and Data from Simulations

= Learner Input (text, voice, other)
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Issues to
Consider

Transparency
SIER
Regulations

UNDERSTANDING Al IN TRAINING

Version 2 - For Public Discussion @IEEE

Advancing Technology
for Humanity

ETHICALLY
ALIGNED DESIGN

A Vision for Prioritizing Human Well-being
with Autonomous and Intelligent Systems




The Framework

15 - May - 2019

Identify major components used for

adaptivity and personalization

|dentify where Al is used or might be used

For each such component identify:

e the input data used;

e whether the component uses rules or ML (and any known
techniques or algorithms used);

e whether the component decides or classifies; and
e how data are fed forward among the components.

Map this out visually

Add text description and analysis, ideally:

e High level description of system
e High level description of classifiers and decision making
e Transparency and potential biases
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Visual Representation

______________________________________________________

DATA Rules ! ML DATA
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Gooru Navigator

Fa

e

essse Skatch = 9:41 AM

TEMS

25 of 80 Competencies Mastered

VIEW COMPETENCY SKYLINE

MILESTONE 1
TCCC Methodology @
Field Medical Support

Describe IAD's and Casualty Care

Assistance and Protection of the MO
TACEVAC in TCCC

Roles & Responsibilities

Equipment and Preparedness

Handoff to Next Level of Care

Casualty Evacuation in Conflict Zones

TCCC Methodology

Field Tactical Medical Support

IFAK & its Components

100% -

@

(1/2 LESSONS COMPLETED)

90%

11m

87%

89%

eesee Sketch T 9:41 AM

= Learning Route

TEMS
Domains

Gaps in your knowledge

TCCC Methodology

CUF phase of TCCC

TCCC Methodology

TFC phase of TCCC

Remote Assessment and Rescue/Extraction

Remote Assessment Methodology (RAM)

Remote Assessment and Rescue/Extraction

High-Threat Extraction Techniques

Remote Assessment and Rescue/Extraction

3602 multidimensional tactical space
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®eees GooruNet 9:41 AM 100% w—

E 1CCC Methodology

Field Medical Support 8

In 2 paragraphs, explain what the medic
is likely to find wrong with this patient.

Provide proof for your answers.

1. Which line best fits the data




Gooru Navigator

Recommender Locator
Competency Uses Event-Condition- Locates the learner
Frameworks Action Table (Rules) ! using ML Activity
Leé;;‘.';‘ ° Stream
Standard Activity properties Activity properties Data
Metadata computed using formulas computed using ML

Catalog Catalog
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Generalized Intelligent Framework for Tutoring (GIFT)

Instructional management has taken a leap forward with

e the development of the engine for managing adaptive
o o pedagogy (EMAP) which examines learner domain
i f e competency, motivation, goal-orientation, and grit to aid in
i | | st o ot [Outrmtmmres | ] o recommending courses and course paths for the learner,
& | | - B based upon research evidence (Goldberg et al., 2012).
gt v ton o | (| (o || Domain modelling remains a complicated and challenging
T ‘ - S O area for standardisation, but progress is being made in
— (R S branching tutors from simple desktop tools for cognitive
— T domains to more complex and dynamic tutors for
: - - psychomotor tasks.

Brawner, Keith W., Anne M. Sinatra, and Robert A. Sottilare. "Motivation and research
in architectural intelligent tutoring.” IJISPM 12, no. 3/4 (2017): 300-312.
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Generalized Intelligent Framework for Tutoring (GIFT)

Course File
outlining
topics

Sensor Data
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_____________________________________________________________________

Decide

Domain Module Pedagogical Module

References Domain eMAP or customized :<

Knowledge File (Rules) pedagogical rules

Sensor Module Learner Module

1

1

1

1

1

Translates sensor inputs Learner levels, :
. 1
into state data preferences, etc. |
I

1

1

1

1

Classify

_____________________________________________________________________
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Hard-coded
Content

Metadata
about the

content

Surveys
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Generalized Intelligent Framework for Tutoring (GIFT)
(As used in Psychomotor Skills Training Agent-based Authoring Tool)

Course File
outlining
topics

Sensor Data
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_____________________________________________________________________

Domain Module Decide

References Domain

pedagogical rules

Learner State
Rules N ML

Compute Condition Learner Module Expert Model

Knowledge File (Rules) Pedagogical Module :
eMAP or customized :

Learner levels, Classifies performance

Translates sensor inputs
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Hard-coded
Content

Metadata
about the

content

Surveys

Sensor Module preferences, etc. level in real time <:

into state data Cla SSIfy | <:

Expert & Novice
Performance
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Human Instruction
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Syllabus,
regulations,
requirements,
classroom
rules, time
constraints,
situational
awareness,
past teaching
experience,
biases, etc.
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Human Instruction

Brain

Instructor uses brain to
determine actions.

Syllabus, regulations,
requirements, class
management rules, etc.

Curriculum

Instructor’s interpretation
of learner state based on
data and beliefs

Assessment

UNDERSTANDING Al IN TRAINING

Learner test
results, body
language,
reputations,
observed
behaviors,
facial
expressions,
etc.

*HL = Human
Learning
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% EI(S@ LOGIN ABOUTUS NEWS CAREERS CONTACTUS SUPPORT FEEDBACK
A l B

WHAT IS ALEKS? COURSE PRODUCTS  HIGHER EDUCATION K12 INDEPENDENT USE & HOMESCHOOL B

HIGHER EDUCATION
'/ Students

Instructors // Administrators /, i Parents // Students // Tutors // Homeschoolers l’
»

Learn more at McGraw-Hill Education

In ALEKS, the basic element of the graph is not an individual concept or topic, but a
“knowledge state”, that is, the combination of topics that might constitute an actual
state of student knowledge in a subject. We use “big data” to build knowledge
spaces, which map the relations among the knowledge states, or feasible states of
student knowledge. These knowledge spaces enable ALEKS to accurately
determine which individual topics the student has already mastered, and which ones

she Is ready to learn. - smart ALEKS INTERVIEW | by Victor Rivero, Ed Tech Digest, April 10, 2013
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Knowledge
Space

Associated
Content

Individual
student’s
assessment
results

15 - May - 2019

Recommender

Recommends topics
based on student’s ZPD

Identification of Student’s j§  Adaptive assessment uses
knowledge state from machine-learned
assessment results algorithm

Knowledge Space Assessment

UNDERSTANDING Al IN TRAINING

Student
assessment
results (entire
student
population)

Curated
assessments
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AutoTutor (Expectations / Misconceptions Version

& Autolutar
Fie Edt Saccion Flugine Fep

How doecs the operating system interact with the word processing pragram when you create a document?

Log of previous “caponese Enler your “capone> here:

= lyes, the operating system creates space to save the document S0
nol losl when you open anolher proygram

Student: the operating system allows you o save new information
on a document

Tutor: | zee ok
Tutar: Can vou clabcrate abitoq thae?

Student: yes, the operating sysiem creates space to save the
.document so that itis not lost when you open another program
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AutoTutor (Expectations / Misconceptions Version)

Decide
Dialog Selection

Semantic space
for analyzing
responses

Dialog scripts
classified as
pumps, hints,

prompts or >
feedback

Selects dialog based on
classification of response

| ] Text
| representing
List of topics Rules | correct
and text : Uses semantic analysis to i r(?sponses z.:md
related to | compare student i misconceptions
each topic )i response to sample text <
! N — Off-the-shelf
Student | | dialog agent
Response | C|aSSIfV | (i.e. an avatar)
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ElectronixTutor Recommender System
Art Graesser, 12/10/17

Older version

The purpose of this document is to specify the Recommender
System for ElectronixTutor on the Moodle learning
management system. The Moodle version is similar to the
ASSISTment version, which is specified in Graesser et al.
(2018, International Journal of STEM Education). That
document should be read to understand the architecture of
ElectronixTutor, the previous Recommender System, the
Student Model (and the Learner Record Store), definitions of
topics and their associated Knowledge Components, and the
various Learning Resources: AutoTutor, Dragoon, BBN
Multiple Choice questions, Skill Builders, BEETLE, succinct
summaries to read about topics, NEETS documents, and topic
bundles.

ElectronixTutor
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https://docs.google.com/document/d/1YtnAUTYn5ZdiY3Tbbl3ZS2w81qL0zaVpE15phuXAIzk/edit?usp=sharing

Knowledge
Components

Performance
data from a
Learning
Record Store

15 - May - 2019

ElectronixTutor

Recommender

Recommends topics, LRs,
and items using rules matrix

is in part machine-learned
from observed data

Computed using Learning
Record Store Data KC x LR x L Matrix

UNDERSTANDING Al IN TRAINING

Topic graph,
decomposition
into KCs, and
difficulty levels

Learner
classifications
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@ Classifying the use of Al and Adaptivity is important for
consumers, users, and producers

\/ Part of an I[EEE Standardization Effort (Standards for
Adaptive Instructional Systems or AlS)

Recap

@ The most common uses of ML are for classification rather
= than decision making

Contact;:

Sophisticated rules engines are used for decision

T
L making (and seem very intelligent!)

A This work is evolving
Try it yourself!
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