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An Eternal Question: How Does it Work?

Figure : The Antikythera mechanism; recovered on May 17, 1901. The instrument has
been variously dated to about 87 BC, or between 150 and 100 BC, or in 205 BC
https://en.wikipedia.org/wiki/Antikythera_mechanism
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A Typical Data Set: Inputs and Outputs

Attributes Decision
Case Temperature Headache Nausea  Flu
1 high Vs no | vEes
2 very_high yes yies ves
3 high 1o no no
4 high Yies Ves ves
5 high yes ves no
G normal yes no o
T normal 1o Ves no
8 normal Ves no ves

Hypothesis:
Y = (X, Xz, ... Xk)
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Shallow Rule Induction — A Naive Example

| Car color || Car turns |

red left
red left
Car_color = red —» Car_turns = left
black right Car_color = black —» Car_turns = right
black right
car_turns(X,left) :- drives(X,university).
car_turns(X,right) :- drives(X,court).
drives(X,university) :- young(X).
drives(X,court) :- old(X).
young(X) :- write(X), write(’ is young and so preferes red cars.’).
01ld(X) :- write(X), write(’ is old and so preferes black cars.’).
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Typical Induced Output: Trees or Rules

U Training data set: Buys_computer
0 The data set follows an example of
Quinlan’s ID3 (Playing Tennis)

0 Resulting tree: -

no yes excellent fair

Vi /
no - 11y
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Typical Induced Output: Trees or Rules

Rule Extraction from Trecs

8 SRales
Cruinlom, 15282}

L4

HE N

K1: IF rage:=34.%) AND iyears-in-joo=2 5% THEN ¢ =08
2 W fage = 38,51 AND (years-in-jebz] 5 THEM v =06
B3 I fage < 3851 AND (ob-rypes"A" THEM 5 «0.4
E4:  IF fages3. 51 AND (jobiype=8) THEN v =0 3
K5 I fage = 30,5 AKD Gesype=1C70 THEN § =0, 2

v

Problem: shallow knowledge => Does work — but why?

Antoni Ligeza (AGH-UST) Rules, Causality and Constraints WCDIM'2017



Bayes Nets: Causal Model ?

A further step on...

endey

Bayesian network modeling: A case study
of an epidemiologic system analysis
of cardiovascular risk

Age

P. Fuster-Parra®**, P Tauler", M. Bennasar-Veny", A. Ligeza*,
AA. Lopez-Gonzdlez*, A. Aguils®

Unierstat e s, Pl e llrc, s £0712 pan

pe  eprt on ppng Bgetan netwok (BN msdelng

v,

CVRS

LE T RS——
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Bayes Nets: Even More Precise Model

Men 41,
Women  56.0

NoPracice  52.3

FormerSmoker Practice. 477

CurrentSmoker
NeverSmoker

High
Normal

VeryHigh Underweight

Normalweight
OverweightGl
OverweightGl
ObesitTI
ObesiyTil
ObesityTill

Normal

Optimal

NormalHigh
Mild . High 128

Moderate Normal _ 87.2

Serious
Normal
Limit
Hyper

FirsiQuartile
SecondQuartile
ThirdQuartile

FourthQuartile

Moderate
High
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Towards Model-Based Reasoning

Discovering Causal Structure: Motivation:

@ majority of ML models cover shallow knowledge only,

@ most of them are on decision/classification type; no functional output,
o often: fuzzy/rough/probabilitic output,
@ no investigation of the guts — what is inside?
@ starting point: diagnostic reasoning.
@ variables, values, signals, N Xad (1AL M2
W=h, (MU gy, )
@ components, <h= 3 101> M1 « 1.1
e link B e M — ;
.I > <B=2,[[| > |_ 5 "'-'::l.wli.'r Al —
@ internal structure,
. . c - M2 Y
@ input — internal state — i, :::-‘I
output, D Az G
. <B=1_ {{}I=
® operation, : w |,
@ constraints, LRI T

o functionality.
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Towards Model-Based Reasoning

A x-t._.x __.;'I..';l.'u.»
=X =0, [{M]] )= ofF = 10, () >
<h=d (|1} M1 X

B N =f M2 F
<Wo=d (A0 M= | Al |

M2 Y

-
wlml, ::Z'ﬂj
D Az G
=D=1.{{}=
i M3 LGz 12, | A2 M2 M=

E a0, A1, AR M1, ME] >
— | <F=6, | M3 =

Modeling Causal Structure with Rules

ADD(x) A =AB(x) = Output(x) = Inputl(x) + Input2(x),
MULT(x) A =AB(x) = Output(x) = Inputl(x) * Input2(x),
ADD(al), ADD(a2), MULT(m1), MULT(m2), MULT(m3),
Output(ml) = Inputl(al), Output(m?2) = Input2(al),
Output(m2) = Inputl(a2), Output(m3) = Input2(a2),
Input2(m1) = Inputl(m3),

Inputl(ml) = A ... Output(a2) = G
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Towards Model-Based Reasoning

Modeling Internal/Causal Structure with Rules: The HeKatE/XTT Approach

My ()t ¥ () sm

W in {January Februgry December}. | :=Summer )—|_

K n{addiMey) = Autm —H3 (e |3 () oper £-2) therm
K i {lume,ulyAugust) =linter =Spring | = during busiess hars | =20
W in {September,OctoberNovember} | :=Spring e =%pring | =not_duing busness howrs | :=15

Tablid: tab_2-ms =Summer | = during business hours | 1= 24

=hutumn | =during business hows | =20

i i n ]
w (Ve |ybow y b = futumn | = not_during_business howrs | := 16

LI =
W in [Tuesday,Friday] | :=workday

=warkday | in[3,17] | :=during_business_hours Y e ——

K

W =workday | <8 |:=not_during_business_haurs
W in {Saturday,Sunday} | = veekend B W =workday | # 17 |:=not_during_business hours
Tableid: tah_3 - Table2 M

b
b
b
W = Summer | =nat_during_business hows | :=27
b
K
b
b

v v ¥ W ¥ v v v

=\inter | =not during busess hours | =14
Teble d: tzb 5 - Table4

vva

=wegkend | =any |:=not_during_business_haurs
Tebled: tzh_4 - Tabe3
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Types of rules

o |IF-THEN rules; interpreted forwards (deduction) or backwards (abduction):
p1/\p2/\...pk—>h

h:—piApaA...pk.
o facts,

@ constraints:
o positive (disjunction; must-hold):

aVaqgV...qk
e negative (conjunction; must-not-hold);
e WAL - WANNIIESTe 4

o functional: calculations or equations (exact numbers),
o functional: qualitative,

o functional: defined with aggregation operators.

Antoni Ligeza (AGH-UST) Rules, Causality and Constraints WCDIM'2017



Motivation. Towards Exact Model-Based Reasoning

Some loosely provocative questions and

statements...

@ abduction: what, why and where — what
for?

@ abduction: investigation of causality,

@ abduction: a method of logical inference
(but invalid),

@ abduction vs. deduction,

@ abduction: primary method used by
Sherlock Holmes!

@ abduction: inevitable ambiguity
. . . Abductive Reasoning
(potential /admissible solutions; many of Incomplete

Observations — Best Prediction

them), may be rue)
. . Deductive Reasoning
@ abduction: more constraints — better Specific
H General Rule —p Conclusion
abduction, “aiays trse
. 3 L. Inductive Reasoning
@ abduction + constraints + SAT (minimal Specific  _,  General
Observation Conclusion
models). iy be e
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Motivation. Towards Exact Model-Based Reasoning

@ Abduction — principal way of problem solving — generation of hypotheses,

@ Abduction — performed with backtracking search,

@ Abduction — produces numerous, admissible solutions

Abduction: Logical model

o= ﬁ’ ﬁ HYP* UHYP~ UKB = OBS*™ U OBS™

! HYPt U HYP~ UKBU OBS' UOBS™ |~ L

5\

An intuitive example: find explanations for

@ rain —> water @ water —> wet _street,
@ sprinkler — water @ cleaning —> wet _street
@ snow A temperature — water @ oil — wet _street

Antoni Ligeza (AGH-UST) Rules, Causality and Constraints WCDIM’'2017 19 /72



Level of Details in Structure Discovery

Values of variables:
@ binary 0/1; true/false,
e ternary -/0/+, qualitative,
@ integer numbers.
Connections:
@ existence,
@ direction,
@ breaks,
@ shortcuts,
@ complex.
Components:
@ parametric identification,
@ selection one-of,
@ function discovery.
Overall Structure:
@ causality,
@ structure - causal graph,
@ logical and functional dependencies.
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Explaining the role of constraints in abduction

Abductive problem without constraints
@ X,Y,Z - variables, X,Y,Z € {0,1,2,...,9},
@ system: Z=X+Y

X—»
— Z=13
Y

@ Observed: Z =13

@ Possible explanations:
o (X=4and Y =09),
o (X=5and Y =38),
]

o (X=9and Y =4),
@ 6 admissible solutions.
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The role of constraints in abduction

Abductive problem with constraints

@ X,Y,Z - variables, X,Y,Z €{0,1,2,...,9},

Z=X+Y

@ Constraint:
Y<X-3

@ Observed: Z =13
@ Possible explanations: (X =9 and Y = 4),
@ 1 admissible solution.

W

Conclusion

o CONSTRAINTS can refine results of ABDUCTION; less models generated,
@ propagation of CONSTRAINTS can reduce computational effort,
o ABDUCTION + CONSTRAINTS = CONSTRUCTIVE ABDUCTION
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The example problem

The Paradigm to be Explored Further on

MODEL-BASED REASONING =
COMPONENTS + STRUCTURE + CONSTRAINTS + CAUSALITY |

The Multiplier-Adder System

HH*
]
w

—,QTEO QW E
: i

—L
T :
ZDme{ .
—,
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Presentation Qutline

o Abduction, Diagnosis, Constraints: a Recapitulation
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uction, Diagnosis, Constraints: a Recapitulation

o Abductive Model-Based Diagnosis/Consistency-Based Diagnosis — main
ideas:
e SYSTEM vs. MODEL: discrepancy = misbehavior,
o CONFLICTS: find all conflict sets,
o DIAGNOSES: minimal hitting sets.
@ Abductive Consistency-Based Diagnosis — output:
multiple-fault diagnoses,
minimal diagnoses,
binary fault evaluation (no further evaluation of fault type),
numerous potential diagnoses,

o CSP — Constraint Satisfaction Problem for diagnosis:
e multiple modes of component behavior
@ more precise diagnoses,
e elimination of spurious behavior models.

@ Qualitative vs. numerical models:

e modes of faulty behavior: binary, qualitative, numerical,
e more efficient elimination of inconsistency and spurious models.
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Presentation Qutline

@ Constraint Satisfaction Problem
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Constraint Satisfaction Problem

CSP statement

o X ={X1,Xa,..., Xk} — variables, D = {Dy, D5, ..., D} — their domains,
e C={(S,R):i=1,2,...,n} — constraints; S; — scope; R; — relation.

| \

CSP solution
A solution to CSP: (X, D, C) — any assignment of values to variables of X:

{X1=di, Xo =db,..., Xk = di},

where d; € D;, and for any constraint in (S;, R;) € C, R; is satisfied.

A CSP Example
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CSP vs. DP

All vs. first solution

@ DP: all potential solutions,

@ CSP: a single solution.

v

Binary vs. finite domains

@ DP: binary domains (i.e. component is OK or faulty),

@ CSP: finite discrete domains.

v

general vs. specific models

@ DP: domain specific models,

@ CSP: generic models.
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e Abductive Model-Based Diagnosis: The Multiplier-Adder Case Study
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An Example System: Multiplier-Adder

The multiplier-adder system to be diagnosed

3 A ; X
m *‘

2 B al F 10
¢ | L [\,

2 b mz2

3 e r az & 12
E ma J

3 z

Figure : An example arithmetic system

v

| M/F || m1 | m2 | m3 | al| a2|
F 1 1 1
G 1 1 1
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Abductive Consistency-based Diagnosis

The multiplier-adder system to be diagnosed

BA | X
m —‘

2E a1 F1o

C \— Y
2 y m2
3D J_ a2 G12

E ma —‘—
3 - z

4

Consistency-Based Diagnosis

@ MISBEHAVIOR: F=10 (should be 12); note that G=12 is O.K.
o ABDUCTION — CONFLICTS: {al, m1, m2},{al, m1, a2, m3},
@ REPAIR — DIAGNOSES: {al}, {m1}, {m2, m3}, {a2, m2}.
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Diagnoses as Hitting Sets

Calculating the Diagnoses
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An Example System: Multiplier-Adder

The multiplier-adder system to be diagnosed

3 A - X

2 B L i al F 10
2 c y mz2 {

3 & r az g 12
a E m3 —‘:

v

[ MJF [[ml [ m2 ] m3]|al]a2]
F 1 1 1
G 1 1 1
F-G 1 1 1 1
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Presentation Qutline

@ Multiple-Faults Diagnosis
@ Conjunctive and Disjunctive Faults
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Multiple-Fault Diagnosis with Diagnostic Matrices:

New ldeas

Principles of multiple-fault diagnostic approach

@ providing a new interpretation of the matrices with rules — the new rules
should follow the causal direction of inference (i.e. from faults which are
the initial causes to manifestations),

@ introducing two types of diagnostic matrices, each of them having
different logical interpretation, one with logical OR-type meaning and
another one with logical AND-type meaning,

@ as a consequence, introducing two types of causal rules, each of them
having different logical interpretation, one with logical OR-type meaning
and another one with logical AND-type meaning,

@ introducing a two-level knowledge representation with OR matrices at
the lower level and AND matrices in the upper one,

Antoni Ligeza (AGH-UST) Rules, Causality and Constraints WCDIM’'2017 35 /72



Conjunctive and Disjunctive Faults

Disjunctive conceptual faults = Conflicts

A Disjunctive Conceptual Faults or Intermediate Conceptual Fault (a DCF
or an ICF, for short), is a hypothesis that a certain set of components must
contain a faulty component under certain set of manifestations observed. A
particular DCF; can be expressed as a set of faults, DCF; = {f* 2 ... fi} or
logically, as a disjunction DCF; = f1\/ f2 ...V fi. Disjunctive rules is:

rulej or: FLNV 2V ...V i — m; (1)

Conjunctive conceptual faults = Diagnoses

A Conjunctive Conceptual Fault (a CCF, for short) is the hypothesis that
several faults occur at the same time. A particular CCF; can be expressed as a
set of faults, CCF; = {f, f2,...,fi} or logically, as a conjunction

CCF; = fL A f2 A ... A fIi. Conjunctive rules is:

rule; apg: FEAFEA ... A FIi— m; (2)

o’
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Disjunctive Matrix and Rules

Disjunctive diagnostic matrix

Table : An OR binary diagnostic matrix for the adder system (the lower level)

‘ DCF | ml | m2]| m3]|al]|a2)]|
DCR (F) | 1 ] 1 1
DCF, (F-G) || 1 1T [1]1
DCF; (G) 111 1

4

Disjunctive causal rules

rule; or: m1V m2V al — DCF,
rules or: m1V m3V alV a2 — DCF, 3)
rules or: m2V m3V a2 — DCF3

v
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Conjunctive Matrix and Rules

Conjunctive diagnostic matrix

Table : An AND binary diagnostic matrix for the adder system (the upper level)

| M [ DCF, [ DCF, | DCF; |
F*, G, (F-G)* 1 1
F, G*, (F-G)* 1 1
F*, G*, F-G 1 1
F*, G*, (F-G) || 1 1 1

v

Conjunctive causal rules

ruley_ang: DCFy =1 ANDCFy =1 — F*,G,(F — G)*
rules and: DCF2:1/\DCF3:1—>F,G*7(F_G)* (4)
rules and: DCF, =1A DCF3 =1— F*, G*

rulesg_ang: DCFL =1 ANDCF, =1ANDCF3 =1 — F*, G*7(F _ G)*
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Presentation Qutline

e Abduction with AND-OR Graph. Two-Layer Approach
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The Two-Layer Approach: Causal Graph

Multiplier-adder: causal graph for multiple-fault diagnoses

F*.G,(F-G)* F.G%(F-G)* F*G*(F-G) F*G*(F-G)*

AND-level

OR-level

ml m2 m3 al a2

Figure : An AND/OR causal graph for the example multiplier-adder system
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Final Diagnoses

Multiplier-adder: final multiple-fault diagnoses

Table : Final possible diagnoses

| Manifestations || Diagnoses \
F*.G, (F-G)* {al}, {m1}, {a2, m2}, {m2, m3}
F, G*, (F-G)* || {a2}, {m3}, {a3, m2}, {m1, m2},
F*, G*, (F-G) {m2}, {al, a2}, {al, m3},
{a2, m1}, {m1, m3}
F*, G*, (F-G)* {al, a2}, {al, m2}, {al, m3},
{a2, m1}, {a2, m2},{m1, m2},
{m2, m3}, {m1, m3}
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A CSP Framework for Extended DP

A CSP like diagnostic problem statement

O0={A,B,C,D,E,F,G} — observable variables,
H = {X,Y,Z} — hidden variables,

°
o D ={ml, m2, m3,al, a2} — diagnostic variables,

e V=0UHUD — all variables,

o {—,0,+} — extended domains of diagnostic variables,

@ M — model (the set of equations),

@ OBS — current observations,

o MORE PRECISE DIAGNOSES — Qualitative Diagnoses,
o ADDITIONAL CONSTRAINTS — Elimination of Spurious Diagnoses.J
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Qualitative Notation

Component behavior

@ ¢(0) — component c is correct; for intuition, 0 stands for nominal behavior,

@ c(—) — component c is incorrect, it lowers down the signal,
@ c(+) — component c is incorrect, it increases the signal. |
c(0]+) = ¢(0) V ¢c(+)
c(0]=) = c(0) v e(-)
c(=+) = (=) vel+)

c(0) A c(-)
c(0) A c(+)
c(=)Ac(+)
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Qualitative Diagnostic Approach

Qualitative Conflict

A Qualitative Conflict (QC for short) or a Qualitative Disjunctive Conceptual
Fault (QDCF) is any set of the form

QDCF = {c1(#), c2(#), - - -, cu(#)}

such that under the current observations all the elements ¢, ¢y, ..., ck cannot be
working together correctly, and for # € {—, 4+, —/+} the specification covers
possible explanations of the observed behavior.

Example Qualitative Conflicts

QDCFI = {ml(_)a m2(_)7al(_)}
QDCF3 = {m1(—|+), m3(—|+), al(—|+), a2(—|+)}
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Qualitative Diagnostic Approach

Qualitative Diagnosis

A (minimal) Qualitative Diagnosis

D= {dl(#}a d2(#)’ 0ocg d"(#)

is any minimal hitting set for all the QDCF-s, satisfying the following conditions:

@ D is internally consistent (i.e. it does not contain a pair d(—) and d(+)),
@ D is consistent with observations, i.e.

SD U OBS U {d(—|+)|d € D} U{d(0)|d € (COMP \ D)}

is consistent.

Example Qualitative Diagnoses

| \

{a1(=)}
{m2(-), m3(+)}
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New: Qualitative Signal Composition

Extended Table

1 1() | 11(0) | 11(+)
2(-) 105 (1)1 0() [0() (2
12(0) || O(-) 0(0) | O(+)
2(+) [ O'(1) () [O() | O(H) (4

Table : Definition of composition of qualitative values
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Explanation of the 4 Specific Cases

@ O’(—) denotes the output variable value in case of simultaneous decrease
of both of the inputs; hence, plausibly:

0'(-) < 0(-), (5)
@ O(7?) can be O(=), O(0), and O(+); in the first case plausibly:
0'(-) > O(-), (6)

while in the third case plausibly:

O'(+) < O(+), )
@ O(?) can be O(—), O(0), and O(+); in the first case refer to (6), while in
the third case refer to (7).

@ O(+) denotes the output variable value in case of simultaneous increase
of both of the inputs; hence, plausibly:

0'(+) > O(+), (8)

vy
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Rules as additional constraints: |

Type 1 rules: normal inputs, faulty component rules

Assumption: inputl(Comp,0) and input2(Comp,0)

d(Comp, Mode) — output(Comp, Mode)

Example rules

| \

d(ml,—) — output(ml, —)

(ml +) — output(ml,+)

d(al,—) — output(al,—)
(

d(al,+) — output(al,+)

There are 10 rules (2 for each component)
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Rules as additional constraints: |l

Type 2 rules: deviated inputs, normal component

Assumption: d(Comp, 0)

input1(Comp, Model) A input2(Comp, Mode2) — output(Comp, Mode)

Example rules

Table : Behavior of correct component with deviated inputs.

inputs | - | 0 | +
- - -7
0 -1 0|+
I T+ |+

inputl(al, =) A input2(al,0) — output(al, —)
inputl(al, —) A input2(al, —) — output(al, —)

inputl(al,0) A input2(al,+) — output(al,+)

Antoni Ligeza (AGH-UST) Rules, Causality and Constraints WCDIM’'2017 51 /72



Rules as additional constraints: Il

Type 3 rules: deviated inputs, faulty component rules

inputl(Comp, M1)A\input2(Comp, M2)Ad(Comp, M3) — output(Comp, Mode)

y

Example rules

Table : Behavior of incorrect component with deviated inputs.

| inputl | input2 | Component Mode || Output |

N 0 B B
0 - B B
0 0 - -
¥ ¥ ¥ ¥
¥ 0 ¥ -
0 ¥ ¥ T
0 0 n +
inputl(a2,+) A input2(a2,0) A d(a2,+) — output(a2, +)
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Qualitative Diagnoses: Back to Example

The multiplier-adder system to be diagnosed

a b | X
m *‘

ZB al Fm

¢ |l v
2 b mz2
3D r az G12

E ma J
3 — z

o

QDCFy = {m1(-), m2(-),al(-)}
QDCF; = {ml(=|+), m3(—|+), al(=[+), a2(—|+)}
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Qualitative Diagnoses: Back to Example

The multiplier-adder system to be diagnosed

a b | X
m *‘

2 B al F 10

¢ |l v
2 b mz2
3 e r az & 12

E ma J
3 z

o

QDCFy = {m1(-), m2(-),al(-)}
QDCF; = {ml(=|+), m3(—|+), al(=[+), a2(—|+)}

Case: {al(—)}
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Qualitative Diagnoses: Back to Example

3 A ; X
m *‘

2 B al F 10
¢ | L v

2 b mz2

3 e r az & 12
E ma J

3 z

QDCFy = {m1(-), m2(-),al(-)}
QDCF; = {ml(=|+), m3(=|+), al(=[+), a2(—|+)}
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Towards Knowledge Compilation

Assumptions and procedure outline

@ input = 27 qualitative cases (3 values for F times 3 values of G times 3
values for the comparison of F vs. G),

o the pattern (F(0), G(0), F=G) represents correct behavior (no conflicts
observed),

@ 8 other patterns where F=G, are internally inconsistent.

@ other 6 patterns (F(-),G(+).F>G), (F(+),G(-),F<G), (F(0),G(-),F<G),
(F(0),G(+),F>G), (F(-),G(0),F>G), (F(+),G(0),F<G) are also inconsistent;

@ there are 27 - (1+8+6) = 12 potential feasible input combinations of F, G,
F-G.

v

Knowledge Compilation Idea

@ select feasible inputs (all vs. most likely),

@ calculate qualitative conflicts and diagnoses (off-line),

@ in case of multiple-element potential diagnoses design additional tests.
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Towards Knowledge Compilation

All Possible Failure States

| No. || F | G | F~G [ Comment ‘
[-] 0 : G —ok;

+ 0 F > G || F - not-ok; G —ok; F~G — not-ok
0 - F > G || F —ok; G — not-ok; F~G — not-ok
0 + F < G || F —ok; G — not-ok; F~G — not-ok

= F < G || F - not-ok; G — not-ok; F~G — not-ok
- - F > G || F - not-ok; G — not-ok; F~G — not-ok
- + F < G || F - not-ok; G — not-ok; F~G — not-ok
=4 - F>G F — not-ok; G — not-ok; F~G — not-ok
4 + F>G F — not-ok; G — not-ok; F~G — not-ok
+ + F < G || F - not-ok; G — not-ok; F~G — not-ok
- - =G F — not-ok; G — not-ok; F~G —ok
+ + = G || F = not-ok; G — not-ok; F~G —ok
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An example problem: faulty components
parametrization

The Multiplier-Adder System

[...]

LA . A #= 3,
m B #= 2,

B F C #=2
2 al 10 >
C L Y D #= 3’
2 ] m2 % E #= 3
AT 2 iz F #= 16,
N ma J: G #=12,

[...]
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An example problem continued

Model for diagnosis:

% K1/M1 = multiplier error

A x C x K1 #= X *M1,
BxD#=Y,
CxE #= Z,
X+Y #= F,
Y+ Z #= G,

K1 #> 0, M1 #> 0.

Solution:

X=4, Y=6, Z=6, K1=2, M1=3
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An example problem continued

Model for diagnosis:

% Al = addition error
A x C #= X,

B % D #=Y,

C x E #= Z,

X+Y- Al #=F,

Y+ Z #= G

Solution:

X=6, Y=6, Z=6, A1=2
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An example problem continued

Model for diagnosis:

% A2 = addition error
% K2/M2 = multiplier error

C #= X,

D *x K2 #= Y * M2,
E #= Z,

Y #=F,

Z +A2 #= G,

K2 #> 0, M2 #> 0.

< X QW=
+ + * *x %

Solution:

X=6, Y=4, Z=6, K2=2, M2=3, A2=2
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An example problem continued

Model for diagnosis:

% K2/M2 = multiplier error
% K3/M3 = multiplier error
A x C #= X,

B x D * K2 #=Y x M2,

C x E * K3 #= Z * M3,
X+Y #=F,

Y+ Z #= G

#= G,
K2 #> 0, M2 #> 0,
K3 #> 0, M3 0

Solution:

X=6, Y=4, Z=8, K2=2, M2=3,
K3=4, M3=3
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An example problem: structure discovery

Connection discovery

Vars = [XA1,YA1,YA2,ZA2],
e— Vars ins 0..100,
: e, Conns = [X_XA1,X_YA1,X_YA2,X_ZA2,
Zii Hepe. Y_XA1,Y_YA1,Y_YA2,Y_ZA2,
Z_XA1,Z_YA1,Z_YA2,Z_ZA2],
Conns ins 0..1

Reification: Modeling existence of connections

X_XA1 #==> X #= XA1, Y_XA1 #==> Y #= XA1, Z_XA1 #==> Z #= XAl,
X_YA1 #==> X #= YA1, Y_YA1 #==> Y #= YA1, Z_YA1 #==> Z #= YA1,
X_YA2 #==> X #= YA2, Y_YA2 #==> Y #= YA2, Z_YVA2 #==> Z #= YA2,
X_ZA2 #==> X #= ZA2, Y_ZA2 #==> Y #= ZA2, Z_ZA2 #==> Z #= ZA2,
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Example: structure discovery continued

Connection discovery continued

Each adder input must be connected:

X_XA1 #\/ Y_XA1 #\/ Z_XA1,
X_YA1 #\/ Y_YA1 #\/ Z_YA1,
X_YA2 #\/ Y_YA2 #\/ Z_YA2,
X_ZA2 #\/ Y_ZA2 #\/ Z_ZA2,

Modeling uniqueness of connections

#\(X_XA1 #/\ Y_XA1),
#\(X_YA1 #/\ Y_YA1),
#\(X_YA2 #/\ Y_YA2),
#\(X_ZA2 #/\ Y_ZA2),

Symmetry breaking

XAl #=< YA1l, YA2 #=<

#\(X_XA1 #/\ Z_XA1), #\(Y_XA1l #/\ Z_XA1),
#\ (X_YAL1 #/\ Z_YA1), #\(Y_YA1 #/\ Z_YA1),
#\(X_YA2 #/\ Z_YA2), #\(Y_YA2 #/\ Z_YA2),
#\(X_ZA2 #/\ Z_ZA2), #\(Y_ZA2 #/\ Z_ZA2).

ZA2,

Antoni Ligeza (AGH-UST)
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Connection discovery: some results

Table : Example results of internal connections discovery

(ABCDE) (F.G) Symmetry Breaking [ No. of models

(32.233) (1212) No 81
(32,233) (12,12) Yes 81
(1,357,11) (26,76) No 4
(1,3,5,7,11)  (26,76) Yes 1
(12,345) (11,23) No 4
(12,345) (11,23) Yes 1
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An example problem: component function
identification

Function discovery

Funs = [M1M,M2M,M3M,A1A,A24],

Funs ins 0..1,

MiM #==> X #= A*C, %If M1M=1 then operation is multiplication
M2M #==> Y #= B*D,

M3M #==> Z #= Cx*E,

#\M1M #==> X #= A+C, JIf MI1M=0 then operation is addition
#\M2M #==> Y #= B+D,

#\M3M #==> Z #= C+E,

A1A #==> F #= XAl + YA1, %If A1A=1 then operation is addition
A2A #==> G #= YA2 + ZA2,

#\A1A #==> F #= XA1xYA1, ¥If A1A=0 then the operation is multiplication
#\A2A #==> G #= YA2xZA2,

y
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Function discovery: some results

Table : Example results of functionality and internal connections discovery

(AB,CDE) (F.G) | No. of models

(32.233) (1212) 132
(135,7,11) (26,76) 1
(123,45) (11,.23) 1
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Concluding Remarks

Conclusions:

@ Exploring mutual interplay of Rules, Causality and Constraints seems
inspiring, especially in modeling deep knowledge,

@ Model-Based Reasoning can be based on Rules, Abduction and supported
with Constraint Programming,

@ Both qualitative and exact numerical models can be investigated,

@ Structural knowledge can be discovered with Constraint Programming,

@ Rules + Causality + Constraints = Operation.

Further Issues and Work Directions:

@ typical ML-repository data is insufficient for causal/structural investigation,
@ data extensions: causal, logical, functional and temporal aspects,

@ knowledge extensions: components, connections, causality, constraints,...
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