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MOTIVATIONS OF THE WORK

» Capacity Constraints: cognitive limitations refer to the finite capacity and processing limitations of the human mind [Miller 56]

* Abductive explanations are often too large to be interpretable and computing probabilistic explanations is an NP-hard problem

NOTATIONS AND PROBLEM FORMULATION

- Error Function: Given a classifier » : {0,1}¢ — {0,1}, and an instance = € {0,1}¢ for which the prediction h(z) must be explained, let
ene : 219 —s RT denote the error function given by:

€ (0,1} hz) £ hiw) and zs = as}| _ pnalS)
{z€{0,1}%: 2z = xg}] 9d—|S]

Eh,:ﬂ(s) (1)

» Probabilistic Explanation: Given a precision parameter o € |0,1). An explanation S is called (1 — o)-probable if S satisfies : ¢}, ,(5) <1 —o.

- Problem 1: Given a classifier b : {0,1}¢ — {0,1}, an instance = € {0,1}¢, asetI C {1,2,...,d} of features, and a size limit ¥ < |I|, find a
subset S C I of size at most & such that ¢, ,.(.5) is minimized

SUPERMODULAR MINIMIZATION

- Proposition 1: Let » : {0,1}¢ — {0,1} be a classifier, z € {0,1}¢ an in-

stance, and I C [d]. un .(.) is supermodular and non-increasing. Example 1: Consider the classifier 1 : {0,1}® — {0, 1} specified

by the function: h(a:) =1 <— 212923+ 21229 — 1 — 92 > 0

Algorithm 1: Greedy Descent (GD) Algorithm 2: Greedy Ascent (GA) 0{1.2.3} 0

" : : _ Input: classifier i, instance x, feature set [, integer £

Input: classifier i, instance z, feature set [, integer &
Let ¢ be the curvature of jih (-} over 2

Set S, = I, wheren =1 Set j =0,8; = @ and y = max{ 1, c} ';{1_-]} | i{l_;g} | ';.{-‘.'_;:J'} |

For 1 = ndownto | do Repeat
J ‘ Leti* € Argmin, s | pho(S;—1 U [i1)

Leti* € Argming.g pyo(S; \ {i}) Set §; = §,_; U {i*}

Set§;_y =8\ {i"} Unﬁ]j—};[[n( ) ﬂ : {1} 3 - . —, 12} 3 - 113} o
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RI:[LllTl H.:“:, Return S, . i: () } =

« Proposition 2: Let S* be an optimal solution of problem 1, let ¢ be the cur- The figure shows the error ¢, .. (.) (blue), the number of mistakes
vature of u, . (.) over 27, and assume that I is an abductive explanation for p .(S) (magenta). Given the instance = = (1,1, 1) for which we
h and x. Then, the solution Sgp and Sg 4 returned by GD and GD satisfies: need to explain h(x) = 1, and using the Hasse diagram in figure,

we observe that {z, 22, z3} Is abductive explanation. However,

(S < (eP=1 (S*)and €, . (Seq) < (- (S {x1,z2} and {x3} are subset-minimal explanations with a
e lSan) _( ' )% > and e (Faa) < (1_6) Pl probability at least % for  and .

where p = = <1
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EMPIRICAL RESULTS "EXPERIMENTAL RESULTS ON 25 BENCHMARKS FOR DECISION TREE, USING k

Benchmark Eh_ml ) o Time (s)
ML ErFats of i 3A GD S AT C3A Gl S AT S AT
rmeta-data 5742 44 5040 008 (==0.11) D08 (<+=0.11) 008 (=0.11) 310 3.10 .10 12.14 ; .
erlers s T8 46 31 538 0.26(4+0.11) 026 (20.11) 026 (=0.11) 214 214 2.14 236 : | . | :
student perf. o1. 79 £ 541 026 {=0.11) 026 {(£0.11) .26 (£0.11) 2000 2.00) 2.0 2.16 ' | I
primary omor B4.31 23 .23 00 (009 009 (2009 0009 (£=0U08) 4.22 422 4212 358 ' ; .
liver disorders 75096 58 b 3R 018 {==0.059) .18 (=0.108) 1R (==0.08) 2 (W 4 () 4 (D X733 ] ' [ i L | !
sohizophrenia B39 33 6. 39 0.37 (£0.24) 037 (£0.24) 037 (£0.24) 1.27 1.27 1.27 4.79 : ' : : ; i |
bruan g arian 62.92 13 6.65 012 {4+0.12) 012 {20.12) 0O.11 (£0.10) IS8 356 3.56 1.68 i - ; i .
fhorrse colic 7568 ) hb.73 014 {=0.07) 013 (==0107T) 013 (==0.07) 4 03 4 (ko 4 [ 1 1.56 ' . '
indian liver 64.57 84  B.21 0.10 (£0.09) 010 (£0.09) 0.16 (£0.12) 508 489 6.12 176.28 | - -
prma il ieers 75.32 o7 2 30 015 (=0.14) D15 (=0.14) 006 (=0.12) 5.85 5.84 6.58 4846 [
loan elipebeliry 7431 i Ta 247 019 {40.13) 018 {£0.13) 020 (==0.14) 5.60 5.70 o .82 42 R7T . l | = E i
prarfrent treal. G601 1(h 5202 005 { =0005) 003 {=£=0.04) 0,03 (£=0.08) 5.63 5.9 5494 24 .08 ' | '
M LPTE 6958 11 o033 008 (=0 140) 005 { ==000) 009 (£=0.12) 5.59 5.64 562 3632 I' I ' F
ernlovee aits B2.45 63 LT 00 { =000 0.0 { =000 .20 (=£=0.11) 6.41 . a4 0.Ys 117.24 ) .
Certracepinve 5136 G L =< 006 {=0.08) 0.0 (==0.08) (.39 (£=0.17) 4.27 4.26 5.95 1Sy, 007 . :
£ PRI 6760 40 1095 0,03 (0.07) 004 (£0.08) 005 (£0.09) 568 S83F 678 1082.32 : " _ , ¥ B
fetal health o1 .85 a3 11_33 012 {=0.06) 012 {==0.106) 023 (==0.11) 5.59 5.59 .00 O30 .61 ; i i E
o1 _ 88 10° | 2 S} 025 (<=0 10) 025 (=0_10) 6. 70 .70 . | |
rank rrarret. n9_ 40 RR2 1311 029 {4=0.08) 029 {(=2=0.07T) L G99 ! ! ! : ‘ '
rrre ik o5 .99 TE4 |5 57 037 {£0.14) 037 (£0.14) 697 .59 | - '
92 11 236 1609 024 (40.11) 023 (£0.09) 6.87 687 " A _ .
rrree 538 Oh 42 TR L 037 (£0.13) D38 (£=0.14) .03 693 -_
C"FTET o2 50 56 |G F7 0.32 (£0.25) 032 {(£0.25) 5.97 5.97 . . . . | . . . . . : - - -

o4 10 SO0 21 42 0.32 (£0.11) 032 (£0.11) G688 G.BE .

BO.7TR® 54877 2315 013 (0. 17y 013 (£0.17) 631 631 ' . , . : : ' i :

CONCLUSION AND FUTURE WORK

* The experimental results demonstrate that our greedy algorithms are highly effective for approximating a probabilistic explanation
» Approximating an abductive explanation of minimal size for a Boolean classifier through supermodular optimization

» Extending approximation algorithms to hypothesis classes for which the problem of evaluating 1, ..(.) is intractable using sampling methods



