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The Rule Refinement Problem (Definition)

GIVEN:
* a plausible version space rule;

* a positive or a negative example of the rule (i.e. a correct or
an incorrect problem reduction);

» a knowledge base that includes an object ontology and a set
of problem reduction rules;

» an expert that understands why the example is positive or
negative, and can answer agent’s questions.

DETERMINE:

» an improved rule that covers the example if it is positive, or
does not cover the example if it is negative;

» an extended object ontology (if needed for rule refinement).
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Rule Learning

*

LEARNED
REDUCTION RULE
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REDUCTION
EXAMPLE

Sharp in Artificial Intelligence.

Question
Is John Doe likely to stay on the faculty of George Mason
University for the duration of Bob Sharp 's dissertation?

Answear
Yes, because John Do has a tenured position which is a
long term position.

Sub-task (1) 3]
Assess whether John Doe would be a good PhD advisor

Task (3]
Assess whether John Doe is a potential PhD advisor for Bob
for Bob Sharp in Artificial Intelligence.
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| £| Rule Viewer

DECOMPOSITION RULE DDR.00001 FORMAL DESCRIPTION

IF: Assess whether 207 is a potential PhD adwvisor for 202 in 203,

Is 2017 likely to stay on the faculty of 704 for the

Q: duration; of 702 's dissertation”?

A: || Yes, because 701 has 705 which is a long term position.

MAIN CONDITION

Var Lower Bound Upper Bound
201 ||(PhD adwvisor, associate professor ) (person )
f02 {PhD student ) {agent )
203 {computer scienice ) (research area )
204 {university ) {employer )
05 {long term position ) {long term position )
fl Var Relationship |Var

201 ||has as employer || 7O

201 || has as position || 705

Assess whether 207 would be a good PhD adwizsor for 702 in 703,




The Rule Refinement Method
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Rule Generalization with a Positive Example

New positive example that satisfies the
upper bound but not the lower bound

Refined Rule

|£| Rule Viewer

]

Task

]

Assess whether Bridget Jones is a potential PhD advisor for Bob
Sharp in Artificial Intelligence.

Question
Iz Bridget Jones likely to stay on the faculty of George Mvason
University for the duration of Bob Sharp 's dissertation?
Answer
Ves, because Bridget Jones has a tenured position which is a
long term position.

Sub-task

Assess whether Bridget Jones would be a good PhD advisor
for Bob Sharp in Artificial Intelligence,

]

7?01

?02
?03
?04
?05

IS

Condition corresponding tw
is |Bridget Jones

has as employer 7?04
has as position ?05

IS
IS
IS
IS

Bob Sharp

Artificial Intelligence
George Mason University
tenure position

DECOMPOSITION RULE DDE.00001 FORMAL DESCRIPTION

IF:

Assess whether 701J is a potential PhD advisor for 702 in 703,

Q: [s 7017 likcely to stay on the faculty of 704 for the
duration of 02 's dissertation?
A: || Yes, because 701 has 705 which is a long term position.
MAIN CONDITION
Var Lower Bound Upper Bound
701 | (professor, PhD adwvisor ) (person )
f02 (PhD student ) {agent )
703 {computer scienice ) (research area )
J04 {uriversity ) { employer )
705 (long term position ) ||{long term position )

Var Relationship | Var
701 |has as employer || 704
201 || has as position || 705

Assess whether 707 would be a good PhD advisor for 202 in 203,
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Explanation

The left side of the previous slide shows an example
generated by the agent. This example is generated
because it satisfies the plausible upper bound condition of
the rule.

This example is accepted as correct by the expert.
Therefore the plausible lower bound condition is
generalized to cover, it as shown in the following slide.
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Minimal Generalization of Plausible Lower Bound

Plausible Lower Bound Condition

?01 is |{PhD advisor, professor}

has as employer 704
has as position 705

?02 is PhD student

?03 is computer science
?04 is university

?05 is long term position

[ professor ]

associate
professor

| Bridget Jones |

wrfmal generalizal

?01 is

?202 is
?03 is
204 is
?205 is

Condition corresponding to the example

Bridget Jones

has as employer 7?04
has as position 7?05

Bob Sharp

Artificial Intelligence
George Mason University
tenure position

Plausible Lower Bound Condition

has as employer 704
has as position 7?05

?01 is
?02 is
?03 is
?204 is
?05 is

{PhD advisor, associate professor}

PhD student
computer science
university

long term position
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R u I e S p eC I a,I I Zat I O n W I t h DECOMPOSITION RULE DDR._00001 FORMAIL DESCRIPTION
a N eg at i Ve EX am p I e u IF: Aszess whether 707 is a potential PhD adwisor for 702 in 703
Q: Is 701 likely to stay on the faculty of 70 for the duration
Negative Example " ||of 202 's dissertation?
Task 3] = Wik A Yes, because 7OJ has 705 which is a long term position.
Assess whether Dan Smith is a potential PhD advisor for Bob i MAIN CONDITION
sharp i Information Security.
Question L Var Lower Bound Upper Bound
[z Dan Smith likely to stay on the faculty of George Iason 201 |(professor, PhD advisor ) (person )
University for the duration of Bob Sharp 's dissertation? i
Answer 3 02 (FhD student ) (agent )
;&’es, hecausepan omith has a tenured position which is a 203 (computer science ) (research area)
ong term position.
5 04 {university ) {employer )
Sub-task
: N N
i b T DT TE T Tr I A 05 (long term position ) ||{long term position )
advizor for Bob Sharp in Information Security. i Var Relationship | Var
Failure Explanation 701 || has as emplayer || 704
Dan Smith plans to retire from 701 || has as position || 705
George Mason University EXCEPT WHEN CONDITION 1
- Hcific
Rewrite as MOS\ 5914 C\. on Var | » Lower Bm]Ild/y Upper Bound
ra\\za‘/ 204 | omiversity izati
= wh conditi 1 gene i ] versity { organization )
Xcep. en Londition . . / / 701 ||(PhD adwisor, full professor )|| (person )
?04 is George Mason University /— e\,\e‘-a\
?01 is Dan Smith wost 9\_ _ation Var Relationship | Var
plans to retire from 7?04 geneh 201 | plans to retire from | 204
THEN: || Assess whether 7O would be a good PhD adwvisor for 202 i 203,
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= AT ALY S WAL A A LRSI

Rule Specialization with Var | LowerBound | Upper Bound
. 201 ||(professor, PhD adwvisor ) (persom )
another Negative Example o | o e o
Negative Example 203 {computer science ) (research area )
Task [ 20 (university ) {(employer )
;;.sh:f;s. v.thither Jgne ‘;‘” stip e 205 (long term position ) || (long tenm position )
m Information Securty.
Question Var Relationship | Var
Is Jane Austin likely to stay on the faculty of George Mason 701 ||has as employer || 704
University for the duration of Bob Sharp 's dissertation? —
i 201 || has as position || 705
nswer
Tes, because Jane Austin has a tenured position which is a FXCEPT WHEN CONDITION 1
long term positon.
& Var Lower Bound Upper Bound
Sub-task
Assess whether Jane Anstin would be a good PhD 104 (university ) (organization )
advisor for Bob Sharp in Information Security. 901 |(PHD advisor, full professor )| (person)
Failure Explanation Var | Relationship | Var
Jane Austin plans to move to 701 || plans to retire from | 204
Indiana University EXCEPT WHEN CONDITION 2
: ific
Rewrite as N\Ost 5‘](30\_ A Var | , Lower Bnu.ml/,,Upper Bound
genera\ ti'—a“o/ 706 /em{m (agent )
Eé%epItSWhl ﬁgignoang :’;[il\(l)er:’szity / 4 701 ||(PhD adwvisor, full professor )|| (person )
; . . henel —
?01 is Jane Austin N\OS" '3\_ za\'\O“ Var Relationship | Var
Z\\!
plans to move to ?04 genef 201 | plans to move to | 206

m

m THEN: || Assess whether 707 would be a good PhD advisor for 702 in 203,
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Solving, Modeling, and Learning

1. Solving

Learning ]

[: ;eas-:uning Hierarchy | Reasoning Step | Graphical Viewer | Report
A | = Lﬁssess whether Jill Knox is a potential PhD advizor for Bob Sharp|
1es
pp . Is Bob Sharp interested in the area of expertise of Jill Knox?
IearnEd Yes, because Bob Sharp is interested in Information Security which is the area of expertise of Jill Knoz. { 3
P sess whether 0 is a poten advisor for Bob Sharp in Information Security.
rUIeSto '< As hether Jill Kn tial PhD ads for Bob Sharp in Infi
solve new
. s Bob Sharp interested in the area of expertise of Jill Enox?
prOblemS Yes, because Bob Sharp is interested in Artificial Intelligence which is the area of expertise of Jill Knoz.

(2 Modeling

. f" - Assess whether Jill Knox is a potential PhD advisor for Bob Sharp in Artificial Intelligence.

<

15 Jill Knoz likely to stay on the faculty of George Mason Univ -:rsi’c'_,r for the duration of Bob Sharp 's dissertation?
Yes because Jill Knox has a tenure track position and it is almost cerfain to get a tenured position.

- Assess whether Jill Knox would be a good PhD adwisor for Bob Sharp in Artificial Intelligence.

® \Extends the reasoning tree

(/ﬂ
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Rule Learning

ﬁ

)
\

8 Rule Viewer

DECOMPOSITION RULE DDR.00004 FORMAL DESCRIPTION

\\ N / IF: Azzess whether 707 is a potential PhD advisor for 702 in 703
\\ LEARNED o: Is 20 likely to stay on the faculty of 704 for the duration of 702 's
| REDUCTION RULE e
(/ /\\/ A: Yes, because 700 has 705 and it is 7577 to get 7046,
——=
C—~ MAIN CONDITION
Var Lower Bound Upper Bound
REDUCTION
EXAMPLE 01 (assistant professor ) (professor )
02 (PhD student ) (agent )
03 {computer science ) (research area )
Task ] 204 (university ) (emplayer )
Assess whether Jill Knox is a potential PhD adwvisor for Bob = =
o1 in Artificial Intelligence. 05 (faculty position ) {positon )
206 (long term position ) (long term position )
QUESti':lrl 28T Pl e e e e TR || I e e i et = e e e R
Is Jill Knox likely to stay on the faculty of George Mason : -
University for the duration of Bob Sharp 's dissertation? Var Relationship || Var
Answer 201 || hasas posiion || 205
‘es, because Jill Knox has a tenure track position and it ' '
is almost certain to get a tenured position, 701 || likelihood of tenure || 7571
Sub-task [£3] ?01 || has as employer || 204
Assess whether Jill Knox would be a good PhD
& isnT for Bob &1 in Artificial Intelligence THEN: || Assess whether 7OF would be a good PhD advisor for 202 in 703,
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Rule Refinement with a Positive Example: Detalils

1. If the positive example E is covered by ML and is not covered by XU (case 1), then the rule does not
need to be refined because the example is correctly classified as positive by the current rule.

2. If E is covered by MU, but it is not covered by ML and XU (case 2), then minimally generalize ML to

cover E and remain less general than MU. Remove also from MU the elements that do not cover E.

3. If E is not covered by MU (cases 3, 4, and 5), or if E is covered by XL (cases 5, 6, and 7), then keep

E as a positive exception of the rule.
XU: Except When Condition
Plausible Upper Bound

XL: Except When Condition}

MU: Main Condition
Plausible Upper Bound

ML: Main Condition |
ain Conditio J Plausible Lower Bound

Plausible Lower Bound

%

Universe of
Instances

3
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Rule Refinement with a Positive Example: Detalils

4. If E is covered by ML and XU, but it is not covered by XL (case 8), then interact with the expert to find
an explanation of the form: “The problem reduction step is correct because li is Ci,” where li is an
instance from the example E and Ci is a concept from the ontology. If such an explanation is found, then
XU is minimally specialized to no longer cover Ci. Otherwise, E is kept as a positive exception.

5. If E is covered by MU and XU, but it is not covered by ML and XL (case 9), then minimally generalize
ML to cover E and remain less general than MU. Also remove from MU the elements that do not cover

E. Then continue as in step 4.

MU: Main Condition
| Plausible Upper Bound

XU: Except When Condition
Plausible Upper Bound

XL: Except When Condition
Plausible Lower Bound

[ ML: Main Condition
Plausible Lower Bound

%

Universe of
Instances

3
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Rule Refinement with a Negative Example: Detalls

1. If the negative example E is covered by ML and it is not covered by XU (case 1), then interact with
the subject matter expert to find an explanation of why E is a wrong problem reduction step. If an
explanation EX is found, then generate a new Except When plausible version space condition and add
it to the rule. Otherwise, keep E as a negative exception.

2. If E is covered by MU but it is not covered by ML and by XU (case 2) then interact with the expert to
find an explanation of why E is a wrong problem reduction step. If an explanation EX is found and it has
the form “li is not a Ci,” where Ci is a concept covered by MU, then specialize MU to be covered by Ci.
Otherwise, if another type of explanation EX is found then learn a new Except When condition based on

it, and add this condition to the rule.

© 2008, Learning Agents Center
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MU: Main Condition
(Plausible Upper Bound

Coaii

. Except When Conditio
Plausible Upper Bound

)

L: Except When Conditior]
Plausible Lower Bound

( ML: Main Condition J
Plausible Lower Bound

3

Universe of
Instances
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Rule Refinement with a Negative Example: Detalls

3. If E is not covered by MU (cases 3, 4, 5), or it is covered by XL (cases 5, 6, 7), then the rule does not
need to be refined because the example is correctly classified as negative by the current rule.

4. If E is covered by ML and XU but it is not covered by XL (case 8), or E is covered by MU and XU but
it is not covered by ML and XL (case 9), then minimally generalize XL to cover E and specialize XU to

no longer include the concepts that do not cover E.

MU: Main Condition
Plausible Upper Bound

XU: Except When Condition
Plausible Upper Bound

XL: Except When Condition
Plausible Lower Bound

Plausible Lower Bound

ML: Main Condition J

%

Universe of
Instances

3
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Rule Refinement with a Positive Example: Detalils
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Rule Refinement with a Positive Example: Detalils
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Rule Refinement with a Positive Example: Detalils
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Rule Refinement with a Positive Example: Detalils

4. 1f E is covered by ML and XU, but it is not covered w
by XL (case 8), then interact with the expert to find ,

an explanation of the form: “The problem reduction

step is correct because li is Ci,” where i is an @ m

instance from the example E and Ci is a concept

from the ontology. If such an explanation is found,
then XU is minimally specialized to no longer cover
Ci. Otherwise, E is kept as a positive exception.

' " ;’ / PN
) \5‘ [
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Rule Refinement with a Positive Example: Detalils

5. If E is covered by MU and XU, but it is not w
covered by ML and XL (case 9), then minimally

generalize ML to cover E and remain less general

than MU. Also remove from MU the elements that do @ ﬂ

not cover E. Then continue as in step 4.

© 2008, Learning Agents Center



Rule Refinement with a Negative Example: Detalls

1. If the negative example E is covered by ML
and it is not covered by XU (case 1), then
interact with the subject matter expert to find
an explanation of why E is a wrong problem
reduction step. If an explanation EX is found,
then generate a new Except When plausible
version space condition and add it to the rule.
Otherwise, keep E as a negative exception.

© 2008, Learning Agents Center 23



Rule Refinement with a Negative Example: Detalls

2. If E is covered by MU but it is not covered by
ML and by XU (case 2) then interact with the
expert to find an explanation of why E is a
wrong problem reduction step. If an
explanation EX is found and it has the form “li

is not a Ci,” where Ci is a concept covered by
MU, then specialize MU to be covered by Ci.
Otherwise, if another type of explanation EX is
found then learn a new Except When condition
based on it, and add this condition to the rule.

o

e
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Rule Refinement with a Negative Example: Detalls
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Rule Refinement with a Negative Example: Detalls

4. 1f E is covered by ML and XU but it is not covered by XL (case 8), or E is covered by MU and XU but

it is not covered by ML and XL (case 9), then minimally generalize XL to cover E and specialize XU to
no longer include the concepts that do not cover E.

SN S SN
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Summary: Rule Refinement with Negative Example

A S oy e
[- Learn Except When Condition (C, Ex)} Rule Condition C ( Keep as Negative Example (C, Ex)]

* Keep as Negative Exception (C, Ex)

<

o
- Specialize Upper Bound of Main Cond (C, Ex)
* Learn Except When Condition (C, Ex)
* Keep as Negative Exception (C, Ex)

~

* Generalize Lower Bound of Except When Cond (C, Ex)
* Learn Except When Condition (C, Ex)
* Keep as Negative Exception (C, Ex)

- Generalize Lower
Bound of Except When
Condition (C, Ex)

. Genéralize Lower Bound of Except When Cond (C, Ex)
[Specialize Upper Bound of Main Cond (C, Ex)

* Learn Except When Condition (C, Ex)
* Keep as Negative Exception (C, Ex)
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Hands On: Rule Learning and Refinement

Install the system from:
http://129.174.113.212/wba/|disciplesetup-v2008.11a-WBA.exe

Load the “PAD-m20\CS681” scenario KB.

r@rasciple b [ | e S|

System Ontology Rules Scenario Reasoning KB Reports Help k")

SN
( Select this problem ] |
/

sess whether John Doe is a potential PhD advisor for Bob Sharp. ~ [
Assess whether Bridget Jones is a potential PhD advisor for Bob Sharp.
Assess whether Dan Smith is a potential PhD advisor for Bob Sharp. [ = Problemj
Assess whether Jane Austin is a potential PhD advisor for Bob Sharp.

Assess whether Dan Smith is a potential PhD advisor for Peter Jones.

- =)

repository|\PAD-m20\CS681

Mixed-Initiative Reasoner 5] !

Select Problem:

Select ]

| Problem Pattern ]

Plausibility;

medium v

ﬂl Cancel |

© 2008, Learning Agents Center
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Study Reasoning and Learned Rules

System Ontology Rules Scenario Reasoning KB Reports Help [k'?
repository|PAD-m20|CSE51 - EEO
Mixed-Initiative Reasoner il |
Reasaoning bype: iReduction - Reasoning mode: jModeIing - Plausibility: imedium -
|| Glossary| ToC | : Reasoning Hierarchy | Graphical Viewar I Reasoning Step I Reportl : External Solutions I Assessment Assistank | Learning
Evi Search
|Azsess whether John = IASSESS whether John Doeis a pUtE‘.’ﬂtlal PhD advisor for Bob Sharp| : Modeling Refinement Farmalization
Doe is a potential Phly
dvisor for Bob Sharp Is Bob Sharp interested in the area of expertise of John Doe? Reduction Assessment
S | Yes, because Bob Sharp is interested in Artificial Intelligence which | Modfy Explanations || Correct Reduction |
prolessio r-.apu = is the area of expertise of JohnDoe. A | Incorrect Reduction |
ET studet}ts : & i i Refinement Wizards
experience . Assess whether John Doe is a poten advisor for Bob Sharp
cesnonsiveness to in Artificial Intelligence. [ Continue Learning l
""" StLlEEﬂtS H ] [ Correct SubTree Wizard ]
Is John Doe likely to stay on orge Mason [ —— ]
- quality of student results & University for the i tion? = — :
personality and Tes, because Jo S I t t' / . l Similar Case Wizard ]
_____ compatibility with Pnsmun. e GC queS lon anSWGr palr
COLIE B Assess whether John Doe would be a good Phl advisor for Bob
Sharp in Artificial Intelligence.
E Which is a PhD adwisor quality criterion?
professional reputation " .
111
lick on “R ion
. (Assess whether John Doe would be a good PhD advisor for Bob - C c o edUCt O
Sharp with respect to professional reputation. Rule 7 to see the
Which is a PhD adwvisor quality criterion? ]
=R
P —— corresponding rule
Mssess whether John Doe would be a good PhD adwvisor for Bob
Sharp with respect to students learning experience.
& Which i1s a PhD adwisor quality criterion?
4| n | ¢ ¢ responsiveness to students i

© 2008, Learning Agents Center
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Reduction Rule

| 5| Rule Viewer

REDUCTION RULE DDR.00000 FORMAL DESCRIPTION

IIF: IAssess whether ?C1 is a potential PhD advisor for ?OZ

Q:

|1s 202 interested in the area of expertise of 2017

A:

j Yes, because 702 1s mterested in 703 which is the area of expertise of 701, |

MAIN CONDITION
Var Lower Bound Upper Bound
201 ||(PhD adwvisor, associate professor ) (person )
202 | (PhD student ) | (person )
203 (computer science ) (PhD research area )
|Var | Relationship | Var
202 ||1s mterested m || 203
201 | is expertin |[203

| THEN: | Assess whether 201 is a potential PhD advisor for 202 in 703 |

© 2008, Learning A
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7

Refinement with a New Problem

© 2008, Learnin — ————

Close current “Mixed-Initiative Reasoner” and open it with a new problem

P - sesmaaeo

System Ontology Rules Scenario Reasoning KB Reports Help [k?
reposicory|PAD-m2o|CS651 - RNEEO
Mixed-Initiative Reasoner X| Iml
Select Problem:
Assess whether John Doe is a potential PhD adwvisor for Bob Sharp. [ Select ]
| Assess whether Bridget Jones is a potential PhD advisor for Bob Sharp. [ Problem Pattern ]

llAssess whether Dan Smith is a potential PhD advisor for Bob Sharp. A
Assess whether Jane Austin 15 a potential PhD advisor for Bob Sharp.

[ New Problem ]

|
Assess whether Dan Smith is a potential PhD advisor for Peter Jones. ‘P'ausibilitw ‘
| medium v
Select this problem ] .|
|
|

32



Rule Refinement with Positive Example

Systern Ontology Rules Scenario Reasoning KB Reports Help [k'?
repository|PAD-m20|CS681 - = ]

Mixed-Initiative Reasoner il | Object Browser

Reasoning type: :Reductinn v: Reasaoning mode: :Mndeling v: Plausibility: :medium v:

|| Glossar'y'l ToC | : Reasoning Hierarchy | Reasoning Step | Graphical Viewer I Reportl : Learning | External Solutions | Search
— — - - 0 Assessment Assistant I Madeling
Assess whether Dan Smith is B |Assess whether Dan Smith is a potential PhD advisor for Bob Sharp.| —| | Refinement | Evidence | Formalization
B potential PhD advisor for ; -
Bob Sharp . | Is Bob Sharp interested in the area of expertise of Dan Smith? Reduction Assessment
i =) Yes, because Bob Sharp is interested in Information Security which is [ ModiFy Explanations ]
students learning : .
[ ) g area of expertise of Dan Smith. [ Correct Reduction ]
experience
- responsivencss to students Assess whether Dan Smith is a potential PhD adwvisor for Bob Sharp in [ S ]
. nformation Security. Refi t Wizard
- quality of student results cunty shnement Wizarcs
Continue Learning

Is Dan Sruth likely to stay on the faculty of George Mason University
or the duration of Bob Sharp 's dissertation?

s, because Dan Stith has a tenured position which is a long term
ition. [ Similar Case Wizard ]

- professional reputation

 personality and
compatibility with sty

[ Carrect SubTree Wizard ]

[ #Analyze SubTree Wizard ]

m

. Select question/answer pair \

Click on “Reduction Rule” to see the corresponding rule.

Click on “Correct Reduction” to generalize the rule

Click on “Reduction Rule” to see the generalized rule

1
2
3.
4
9

. How was the rule generalized? / L
! Redution e |

II l "~ personality and compatibility with student

© 2c||



Rule Refinement with Negative Example

Mixed-Initiative Reasoner ﬂ Object Browser

Reasaning bype: :Reduction v: Reasoning mode: :Modeling v: Plausibility: :medium v:

|| Glossaryl ToC |

4
4

Reasoning Hierarchy | Reasoning Step I Graphical Viewer I Reportl

szess whether Dan Smith is a
potential PhDy advizor for Bob Sharp

student

- students learning experience

~ responsiveness to students

- guality of student results

[+ professional reputation
 personality and compatibility with

/

= |Assess whether Dan Smith 15 a potential PhD adwvisor for Bob Sharp.|

. s Bob Sharp mterested i the area of expertise of Dan Smith?
= Yes, because Bob Sharp is interested in Information Security which is
the area of expertise of Dan Smith.

~ Assess whether Dan Smith is a potential PhD advisor for Bob Sharp in
Information Security.

Is Dan Stnith likely to stay on the faculty of George Mason University
for the duration of Bob Sharp 's dissertation?

Fes, because Dan Stith has a tenured position which is a long term
position.

~ Assess whether Dan Smith would be a good PhD advisor for Bob Sharp
%ﬁﬂﬂ Secm*it}’.

*

m

External Solutions I Search |
Learning
Madeling

A

Assessment Assistant

Faormalization
Refinemeant Evidence

Reduction Assessment

[ Madify Explanations l

[ Correct Reduction ]

[ Incarrect Reduction ]

Refinement Wizards...

Select question/answer pair.

Click on “Reduction Rule” to see the corresponding rule.

Close “Rule Editor” and “Mixed-Initiative Reasoner

How was the rule specialized?

1
2
3. Click on “Incorrect Reduction” to specialize the rule because Dan Smith plans to retire.
4. Open “Rule Browser”, select Rule 0001 and “Formal Description” to see the refined rule.
5

~

/

© 2008, Learning Agents Center
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7

Rule Refinement with Negative Example

© 2008, Learnin

System Ontology Rules Scenario Reasoning KB Reports Help

Close current “Mixed-Initiative Reasoner” and open it with a new problem

ko

repository|\PAD-m20\C5681

Object Browser | Mixed-Initiative Reasoner _)5]

- REE0

Select Problem:

Assess whether John Doe is a potential PhD adwvisor for Bob Sharp.
| Assess whether Bridget Jones is a potential PhD advisor for Bob Sharp.
|

Assess whether Dan Smith is a potential PhD advisor for Bob Sharp.

[ Select

]

[ Problem Pattern ]

sess whether Jane Austin is a potential PhD advisor for Bab Sharp.

[ New Problem

Assess whether Dan Smith is a potential PhD advisor for Peter Jones.

It

Plausibility;

| medium

Select this problem ]

[ Cancel
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Rule Refinement with Negative Example

IS Disciple

System Ontology Rules Scenario Reasoning KB Reports Help [k?
repository|\PAD-mM20|CS681 - = )

Object Brawser | Mixed-Initiative Reasnnerﬂ |

Reasoning type: :Reduction v: Reasoning mods; :Modeling v: Plausibility: :medium v:

|| Glossary | TOC | :l Reasoning Step I Repark | Graphical Viewer | Reasoning Hierarchy 4 Madeling
— — - : " Assessment Assistant
ssess whether Jane Austin is a = |Assess whether Jane Austin is a potential PhD adwizor for Bob Sharp.| - External Solutions
potential PhD adwisor for Bob Sharp Learning
i Iz Bob Sharp interested in the area of expertize of Jane Austin? =
- students learning experience o .E}m i i o Search | Formalllzatmn
= Yes, because Bob Sharp is interested in Information Security which is the Refinement | Evidence
----- responsivencss to students area of expertise of Jane Austin.

B quality of student result
quaity of student results . Assess whether Jane Austin is a potential FhD advisor for Bob Sharp in Reduction

- professional reputation Information Security. Assessment...

personality and compatibility with - -
""" student Is Jane Austin lkcely to stay on the faculty of George Mason University
EI for the duration of Bob Sharp 's dissertation? 2
Tes, because Jane Austin has a tenured position which is a long term
sition.
Refinement Wizards...
B ess whether Jane Austin would be a good PhD advisor for Bob Sharp
ormation Security.
/ \.. . : N
Select question/answer pair. \

Click on “Reduction Rule” to see the corresponding rule.

3. Click on “Incorrect Reduction” to specialize the rule because Jane Austin plans to move
from George Mason University.

4. Open “Rule Browser”, select Rule 0001 and “Formal Description” to see the refined rule.
5.  Close “Rule Editor” and “Mixed-Initiative Reasoner
-8 How was the rule specialized? /




Updating the Natural Language Form of a Rule

Close current “Mixed-Initiative Reasoner” and open it with a new problem

System Ontology Rules Scenario Reasoning KB Reports Help [k‘?

- REE0

repository|\PAD-m20\C5681

Object Browser | Mixed-Initiative Reasoner _)ﬂ

Select Problem:
Assess whether John Doe is a potential PhD adwvisor for Bob Sharp. [ Select ]
sess whether Bridget Jones is a potential PhD advisor for Bob Sharp. y [ Problem Pattern ]
||| Assess whether Dan Smith is a potential PhD advisor for Bob Sharp.

Rs L ; [ New Problem ]
Assess whether Jane Austin is a potential PhD advisor for Bab Sharp.

Ul
Assess whether Dan Smith is a potential PhD advisor for Peter Jones. Plausibility:
Assess whether Jill Knox is a potential PhD advisor for Peter Jones. ‘medium > [
Select this problem ] p—r—

© 2008, Learnin —_ S—




Updating the Natural Language Form of a Rule

System Ontology Rules Scenaric Reasoning KE Reports Help [k‘?

repository|PAD-m20|CS681 - (=] )

Objeck Browser | Mixed-Initiative Reasonerﬂ |

Reasoning type: iReductinn vi Reasoning mode: jModeIing vi Plausibility: jmedium vi

“ Glossary | TOC | : Reasoning Hierarchy | Reasoning Step | Graphical Viewer I Report| : External Solutions | Modeling
- mn Evidence I Search I Assessment Assistant

\Azsess whether Bridget =5 |Assess whether Bridget Jones is a potential PhD advizor for Bob Sharp| Learning | B | Refinement

Jones is a potential PhD -

advisor for Bob Sharp - Is Bob Sharp interested in the area of expertise of Bridget Jones? Reduction Assessment

s - Yes, hecause Bob Sharp is interested in Artificial Intelligence which is [ Madify Explanations ]
students learning . . _

- ) the area of expertise of Bridget Jones. [ Carrect Reduction ]
experience : ;
responsiveness to ~ Assess whether Bridget Jones is a potential PhD advisor for Bob [ e aia ]

" students Sharp in Artificial Intelligence. Refinement Wizards
; Continue Learning

- quality of student results - | Is Bridget Jones likely to stay on the faculty of George Mason L Fr————

- professional reputation EI University for the duration of Bob Sharp 's dissertation? 1 [ orrect orh res A ]
e Yes, because Bridget Jones has a tenured position which is a long [ Analyze SubTree Wizard ]

compatibility with student_J~ term position. [ Similar Case Wizard ]
L Assess whether Bridget Jones would be a good PhD advisor for Bob
Select question/answer pair. \
H 13 H b H
Click on “Reduction Rule” to see the corresponding rule. L

1

2

3. Compare the condition with the question/answer pair.
4. What do you notice?

5.  Select “Reasoning Step” _
6. Right-click on the answer pane and select “Modify” |
7.  Modify the answer to reflect the rule’s condition. =
(@\Q See how the reasoning tree has been updated. %




_earn with a New Problem

7

\

Close current “Mixed-Initiative Reasoner” and open it with a new problem

System Ontology Rules Scenario Reasoning KB Reports Help [k‘?

- REE0

repository|PAD-m20\C5681
Object Browser | Mixed-Initiative Reasoner _)5]

Select Problem:

sess whether John Doe is a potential PhD advisor for Bob Sharp. [
Assess whether Bridget Jones is a potential PhD advisor for Bob Sharp.
Assess whether Dan Smith is a potential PhD advisor for Bob Sharp.
Assess whether Jane Austin 15 a potential PhD advisor for Bob Sharp.
Assess whether Dan Smith is a potential PhD advisor for Peter Jones.

Select ]

Problem Pattern ]

[ New Problem ]

Plausibility;

| medium -

[ Cancel J

[ Click on “Problem Pattern” to assess Jill Knox

© 2008, Learnin —




Define the Problem

| Syster.r; vO?\tology Rules Scenario Reasoning KB Reports Help [k?
1. Deselect ...y po necsse B8O

“Filtgr o rowser | Mixed-Initiative Reasoner X| P

I\ intiate Task for Problem: [ 3. Select instances

Sort the list based on: @) Code () Name Assocs whether W‘ Done
|| Fiter: | [ mnitial Tasks = | Search v |[ clear | ||3knox | v
’[DIT.OOUO[]] Assess whether 207 is a potential PhD advisor for 702, | # | |is a potential PhD advisor for J
[DIT.00001 er 201 is a potential PhD advisor for 202 [peter Jones |

2. Double click on ;

er 701 would be a good PhD advisor for |z

problem pattern e
[DIT.00003] Assess whether 707 would be a good PhD advisor for i

202 with respect to 203. B
DIT.00004] Assess the degree of pre-publication of a PhD .

Eiissatation ]directed by .?‘O:?fr . 4 CI’Ck on "CI' ea te ”]
[DIT.00005] Assess how cited 701 is.

[DIT.00007] Assess how many courses use publications by 701 as
readings.

[DIT.00009] Assess the degree to which ?OJ7 publishes with an
advised PhD student.

[DIT.00010] Assess the organization of the students directed by 701,

[DIT.00012] Assess the degree of pre-publication of 707, the PhD
dissertation of 702, b

© 2008, Learning Agents Center



Extend Modeling and Learn a New Rule

Systern Ontology Rules Scenario Reasoning KB Reports Help [k‘?

repositary|PAD-m20\CS681 - = ]

Object Browser | Mixed-Initiative Reasoner X| |

Reasoning type: :Reduction v: Reasoning mode: :Modeling v: Plausibility: :medium v:

|| Glossaryl ToC | :l zraphical Viewer I Reportl Reasoning Hierarchy | Reasaoning Stepl 4 Assessment Assistant |
Farmalization | External Solutions| Modallu_qi
A potential PhD advisor for :
Peter Jones Is Peter Jones interested m the area of expertise of Jill Kno=? Refinement Wizards
= Yes, because Peter Jones is interested in Information Security which Continue Learning

iz the area of expertise of Jill Knoz. [ Correct SubTree Wizard ]

[ Analyze SubTree Wizard ]

Assess whether Jill Knox is a potential PhD adwisor for Peter Jones in

Information Security. Sirnilar Case Wizard

— <
% Extend reasoning to indicate that Jill Knox has a tenure-track position aﬁ\
she is very likely to get tenure.

a. Select Reasoning Step

b. Select Modeling

c. Select the question suggested by the Modeling assistant
d

Define a new answer including the fact that the likelihood of Jill Knox
getting tenure is almost certain.

e. Select the subproblem suggested by the Modeling assistant.

Assess whether Jill Knox is =1 |Assess whether Jill Knox is a potential PhD advisor for Peter J nnes.| Search | Learning | Evidence | Refinement

\ 2. Learn the corresponding rule.
3. Notice how the reasoning tree was extended. /.; "

© 2 N




Overview

=)

© 2008, Learning Agents Center

(o ™

Extend the ontology with another faculty on a tenure-track A
position who has a different likelihood of getting tenure.
Assess that new faculty.

Refine the corresponding rule. )
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Overview

Rule Refinement Problem and Method

Rule Refinement Demo and Hands On

‘ Discussion

Hands On: Rule Learning and Refinement

Reading

© 2008, Learning Agents Center
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Characterization of the Learned Rule

Universe of

Instances ... Plausible
B * Upper Bound

© 2008, Learning Agents Center



Explanation

The previous slide shows the expected relationship between the plausible lower
bound condition, the plausible upper bound condition, and the exact (hypothetical)
condition that the agent is attempting to learn.

When the rule is learned from an example, its bounds are obtained as plausible
generalizations performed in the context of an incomplete ontology. During rule
learning, both the upper bound and the lower bound are generalized and
specialized to converge toward one another and toward the hypothetical exact
condition. This is different from the classical version space method where the upper
bound is only specialized and the lower bound is only generalized.

Notice also that, as opposed to the classical version space method (where the exact
condition is always between the upper and the lower bound conditions), in Disciple
the exact condition may not include part of the plausible lower bound condition, and
may include a part that is outside the plausible upper bound condition.

We say that the plausible lower bound is, AS AN APPROXIMATION, less general
than the hypothetical exact condition. Similarly, the plausible upper bound is, AS AN
APPROXIMATION, more general than the hypothetical exact condition.

These characteristics are a consequence of the incompleteness of the
representation language (i.e. the incompleteness of the object ontology), of the
heuristic strategies used to learn the rule, and of the fact that the object ontology
may evolve during learning.

© 2008, Learning Agents Center
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Problem Solving with Partially Learned Rules

IF
<problem>

THEN
<subproblem 1>

<subproblem m>

© 2008, Learning Agents Center

Final representation space

Target solution

Current representation space

incorrect
inventive solutions

incorrect
innovative solutions
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Problem Solving with Partially Learned Rules

PVS Condition Except-When PVS Condition

Therule | Rule’s
no conclusion
applicable Is (most
likely)
Incorrect
Rule’s conclusion is , . Rule’s conclusion is
olausible Rule’s conclusion is not plausible

(most likely) correct
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Characterization of the Disciple Learning Method

Uses the explanation of the first positive example to generate a much
smaller version space than the classical version space method.

Conducts an efficient heuristic search of the version space, guided by
explanations, and by the maintenance of a single upper bound condition and
a single lower bound condition.

Will always learn a rule, even in the presence of exceptions.
Learns from a few examples and an incomplete knowledge base.

Uses a form of multistrategy learning that synergistically integrates learning
from examples, learning from explanations, and learning by analogy, to
compensate for the incomplete knowledge.

Uses mixed-initiative reasoning to involve the expert in the learning process.

Is applicable to complex real-world domains, being able to learn within a
complex representation language.

© 2008, Learning Agents Center
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Overview

Rule Refinement Problem and Method
Rule Refinement Demo and Hands On
Discussion

‘ Hands On: Rule Learning and Refinement

Reading

© 2008, Learning Agents Center
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Reading

These Lecture Notes (required).

Tecuci G., Boicu M., Boicu C., Marcu D., Stanescu B., Barbulescu M.,
The Disciple-RKF Learning and Reasoning Agent, Computational
Intelligence, Volume 21, Number 4, 2005, pp 15-28 (required).
http://lac.gmu.edu/publications/2005/TecuciG_Disciple_RKF _Cl.pdf

Tecuci G., Boicu M., Boicu C., Marcu D., Boicu C., Barbulescu M., Ayers
C., Cammons D., Cognitive Assistants for Analysts, 2007 (required).
http://lac.gmu.edu/publications/2007/TecuciG_Cognitive_Assistants.pdf

Tecucl, G., Boicu, M., Marcu, D., Stanescu, B., Boicu, C., Comello, J.,
Training and Using Disciple Agents: A Case Study in the Military Center
of Gravity Analysis Domain, Al Magazine, 24, 4:51-68, AAAI Press,
Menlo Park, California, 2002 (recommended). Available at
http://lac.gmu.edu/publications/data/2002/2002_ Al-Mag.pdf

Tecucli, Building Intelligent Agents, Academic Press, 1998, Ch. 4 pp. 79-
146 (rule learning and refinement in Disciple) (recommended). 7

© 2008, Learning Agents Center



