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eXplainable Al

Machine Learning System

This is a cat:
¢ It has fur, whiskers, and claws.
¢ It has this feature:

Current Explanation XAl Explanation

This is a cat.
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eXplainable Al

Machine Learning System

Which features?
This is a cat:
¢ It has fur, whiskers, and claws.
¢ It has this feature:
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Formal explanations



Formal eXpIanationS: AXPS and CXpS [SCD18, INMS19, INM19, DH20, MGC 20, INAM20, 11M20, 1521, MGC +21, IM21, HIIM21]

classifier T:F — I, instance v s.t. T(v)=-c
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Explanation examples

F ={0,1,2)°

K ={61 @}

[1521, INAM20]
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Explanation examples

F ={01 112}5 JC:{@: @}

R():
R1:
Roer:

IF
ELSE IF
ELSE

X1 =1AXx2=1 THENS
x3 71 THEN @
THEN ©
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Minimal hitting set duality

Abductive XPs
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Minimal hitting set duality
Abductive XPs

Contrastive XPs
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Minimal hitting set duality

Abductive XPs .( Contrastive XPs

AXps are minimal hitting sets of CXps, and vice versa
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CXp computation



CXp computation — example

F=1{0,1,2)°

K= {e: @}
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R1:
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IF
ELSE IF
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x3 %1 THEN @
THEN ©
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Explanation Enumeration

Function XPENUM(T, v, ¢)
Input: T: ML model, v: Input instance, ¢ = T(v): Prediction

1 K= (N,P)«+ (0,0) // Block AXps & CXps
2 while true:

3 (sta,A) < FAindMHS(P, N) // MHS of P s.t. N
4 if —sty: break

5 Ster SAT(/\je)\(xj =v;) A1(x) #c)

6 if_'StC/: // entailment holds
7 ReportAXp(A)

8 N(—NU\/JG)\(X]#VJ)

9 else:

10 i < ExtractcXp(t,v,c,P)

1 ReportCXp(u)

12 iP(—‘PU\/]-Eu(x)-:vj)
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Explanation Enumeration

Function XPENUM(T, v, ¢)
Input: T: ML model, v: Input instance, ¢ = T(v): Prediction

X= (N: T) — (@; (Z)) // Block AXps & CXps
while true:
(sta,A) <= FindMHS(P,N) // WHS of P s.t. N

if —sty: break
Ster < SAT(/\]-G)\(X]' :v]-)
if =st.::

ReportAXp(A)

N+ NuU \/jG?\(Xj 75\1]')
else:

// entailment holds

implicit hitting set enumeration!

i < ExtractcXp(t,v,c,P)
ReportCXp(u)
P+ iPU\/jEu(x,- ZV]')

see paper for details
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Conclusions

« formal definition of contrastive explanations

« similar to abductive explanations

« minimal hitting set duality between CXps and AXps

+ explanation enumeration algorithms
« solving membership problems

proved helpful in several papers!

« experimental results

+ XP enumeration
« CXp enumeration - helps to debug SHAP
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