UsING MAXSAT FOR EFFICIENT EXPLANATIONS OF TREE ENSEMBLES
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Machine Learnin g Syste m algorithm SR 1 (Setosa) .......... L 2 (Ver5|co or) ................. L 3 (V|rg|n|ca) ............. .:
2 - ? @ @»Cat ' ‘ \ classifier 7: F — K, — [sepal.width < 2.95?] [petal.length < 4.75?]
\ ; e S . : . 2.45? - D
g™ a e e ''''' (S 0> o instance v s.t. 7(v) =c¢ : (petallength < 2.45) L Y?S/ -y L e, — \,Po
Q@ @ NG Lk e He o ™ . Y& \'Po Do (petal.wndth < 1.7?] [petal.length < 3?} Lo (—0_21869] (petal.W|dth < 1.7?]
+ 24 %23 o g - e (o2853) | | V7 ~go g7 ~go i LA
> o . . .+ [036131] [-0.18947) (-021356) (-0.03830) : (0.08182) (0.42282) :
® ] o ® ) VR "N abductlve explanatlon X: S et ee e aa s e S il (. . el | SRS ... e — | N——— y
Learns random VixXeF). Niex (xi=0;) = (t(x) =c
phrases @ ( ) /\JEX ( / J) ( ( ) ) PETETTTY T4 (Setosa) .......... e Tg (Versicolor) ................. S ERELETETrY Ts (Virginica) ............. )
This is a cat: : o L :
e It has fur, whiskers, and claws. Doesn’t understand : [sepal.width < 2.95?] (petal.length < 4.75?]
This is a cat * It has this feature: ;s:: ::)out what it @ @ e w(x,c) = Zje (0,.on-1) 7I%j+c(x)> ¢ € [K] [petal.length < 2_45?] yes / \,Lno yes / \,Po
> e 7(X) = arg max w(x, c) yes, \[‘0 Do [petal.length < 4.85?] (petal.length < 3?] P -0.19776] [petal.width < 1.7?] :
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Idea and Contributions N Encoding BT Operation “Optimizing” Model Predictions
SMT MaxSAT ¥ — set of features Ve D; — domain of feature j ¢ — tree ensemble
- reach logic, can handle linear constraints * Z B Z 7’{ _ /\je?" ﬂDj A /\Tie(i ﬂTi V(X c ]]_:.‘) /\jex (xj _ Vj) —)(T(x) _ Ci)

« directly reason about: maximize
H A (Z > Z ) subject to H . 4 weighted sums }_ and }_;
b T J

Xisnot AXp if IxcFc ;e Wi(X) > Wi(x

Hp. encodes feature domain D; Hr. encodes paths of T;
° Lz G Etme | T [pee el o . pure propositional logic J . even to represent in propositional logic! hard to reason about
« P; is the set of paths of T;

- feature threshold values s; ; from ¢

— prediction as objective function

— weighted soft clauses keep precision e variable o, = 1iff x; < s - given a P, € P, t, denotes its leaf
- core-guided MaxSAT - variable [;; = 1iff x; € [s;5-1, %) . encode each path P, € P;: o S
. incremental MaxSAT calls : : rmaximize St = ZL - Zi
- order encoding of D; with [;; and o« .
— MiniSat-like assumptions interface! /\ 0k A /\ =0k | © & subject to FHN /\jex Ux; =vj]
_ unsatisfiable core reuse - instance is expressed by [; ;.-variables (x,<5,0)€P, (x;25,) P,
- novel weight stratification
. early termination * Lpep tr =1
I _
Computing an AXp \’\/\ ~ Incremental Core-Guided MaxSAT Solver
Function ENTCHECK({(H, S), v, ¢;, X) _ _ : : : I
Input: H: Hard clauses, S: Objective functions, Function MAXSAT (¢, A) 1400 4| 7 MaxSAT |G T i
v: Input instance, c;: Prediction, i.e. 7(v) = ¢;, Input: ¢: Partial CNF formula, N ?;ﬁlor
ot tX; Candlia;ce explanation A: Set of assumption literals 1200
utput: true or false
g Output: p: MaxSAT model
foreach Sl,l E S: # all relevant Objectivefunctionsfor Cl 1000 B ...,,.., ................. ,. ................
p — MAXSAT(H A A jex Lxj = 0], Si) cost «— 0 # initially, cost is 0 O )
if OBJVALUE(H) 2 O: # non_negative Objective? % 800 B ,.‘.., ................. ................. }( ..... E %
: . 2 . . . . . . :
e Gallae # misclassification reached C «— VALIDCORES(gb, A)  # get valid unsatisfiable cores é Z Z
. i 0 D R S S R — e R
return true # X indeed entails prediction c; foreach x € C: # iterate over known cores K
cost < cost + COREWT(k # add its weight to cost | SN SN S S AU S S |
Function EXTRACTAXP(E, v, ¢;) (k) J 400
Input: €: TE computing 7(x), v: Input instance, ¢ < PROCESs(¢, k) # process k and update ¢ 10-2 (Y i e
.. . D) Arereereemermemseioenenen b TR .S S
¢;: Prediction, i.e. 7(Vv) = ¢; hi . _ . \
. . ile SAT = false: # ' ' ' ' '
Ot o abduetive elkmation while SAT (¢, A) alse: # iterate until ¢ gets satisfiable | . . . . 3 ' ' '
‘ 0 . : - +———r———— - +—————r————— i
(H,S) «— ENcopi(€) # MaxSAT encoding s.t. S = US;, K GETCORE(Qb) # new unsatisfiable core 3000 3100 3200 3300 3400 3500 3600 3700 102 10 107! 10° 10! 102 107 10 10 107! 10° 10! 10° 107
. o cost «— cost + COREWT(k) # add its weight to cost Instances MaxSAT MaxSAT
X —F # X is over-approximation
foreach j € X: gb — PROCESS(gb, K) # process k and update ¢ .
. . | all three competitors MaxSAT vs. SMT MaxSAT vs. Anchor
if ENTCHECK((H, S), v, ¢c;, X'\ {j}): # j unneeded? RECORD(gb, A, k) # record x for the future
X — X\ {j} # If so, drop it
return X #X is AXp return GETMODEL(¢) # ¢ is now satisfiable up to 2 orders of magnitude performance improvement more robust than SMT and Anchor
L/ | KIEX TikZposter




