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The Problem: A Solution:
Changing Black Box Models Incremental Model-Agnostic Global FI

4B 4B 4B 4B Lo elec2 stream c sensor fault detection
e © X o o % e o B o o © 8 g E’ ' J_ﬂ__,___”’_‘?f'_”_?\r-e_d'C\t'_on'l?_shs ___________________ "g,_ 5 - N R NN VLSRN N
® ® R 5 {7~ E°
@ @ ) ® ) .. o PR g 0.5 w—w g o
m -
® > ® > ot X ¥ Xggp %% 0.0 g O .
P4 R b < ) ” 1.0 1 Method Features 16- Features
A 8 A. 8 N b4 % x.x b4 % A. —— ISAGE — nswprice ' —— faulty sensor 1
> ol R REPTTY: iPFI —— vicprice 1.4 4 — faulty sensor 2
n 0.8 1 & others ' others
5 1.2-
© ]
. Z 06 S10
a 2
§e) w 0.8
® ® © 0.4 - 2
[—] Il ¥ 0.6
2 ' {
ola glo ° a| AP
B <b](B<b,) i G eI T
0.0 == 0.0 £E=—= & "______n_'_‘___\ _______________________________
[é@ 0 10000 20000 30000 40000 0 2000 4000 6000 8000
Samples Samples

SAGE (Shapley Additive Global Explanation) Incremental SAGE (iSAGE)

SAGE Values are Shapley Values iISAGE Estimator

(X,Y) data distributionon & x Y f: X — )Y black box model ¢:) x Y — R loss function

The iSAGE estimator is recursively defined:

Explanation Goal: Difference between Model Loss with Features and without
U(D) = Ey [(7, V)] ~Ex.v) [UF(X), Y)] with mean prediction 7 == Ex[f(X)] ISAGE: ¢4(1) = (1 — ) - ¢¢-1(4) + - Ay(3)

no feature information with feature information

where a > 0 and computation starts at 0 < ¢ty < t with g5t0_1 =0

Requirement: Restricted Improvement in Loss given S C D

v(S) :=Ey[l(y, Y)] — Ewx vy [{(f(X,S), Y)] with restricted model f(x, S) Updates are computed incrementally for each time point
N oL o _ » +
SAGE values ¢ of feature i € D, i.e. Shapley values (Shapley 1953) At(?’) T e(ft(mt’ U (ﬂ-t))’ yt) - E(ft(xt’ U; (ﬂ-t))’ yt)
~1
pi) = > l(d|;| 1) V(S U{i}) — v(5)] — combining A,(¢) over time requires efficient online
SCD\{7) sampling mechanisms for the replacement values

Restricted Model S5=D\5 Observational and Interventional iSAGE
Observational SAGE Interventional SAGE 210 agrawal stream
g mean predictionloss Setting:
fObS(X’ S) T E [f(x(s),X(g)) | X(S) — X(S)] fint(X 5) e E |:f(X(S) X(g)) g 027 // model loss H XN depends on Xsalary
’ ’ 5 00T ——— Removal B knowledge about X522 allows perfect
05— sy — obser. e inter. reconstruction of X<™:
e B XM should not be important

others

“true to the data” “true to the model”

observational and interventional iSAGE
retrieve different Fl scores
B observational iISAGE shows that X<™
Is not important
B interventional iISAGE shows that the
model has learned to use X<™ (i.e.
decision splits exist for X<°™)

SAGE values
o
H

In Practice: f(z,S5) := Zm  f(2 g)) 0ol
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= requires sampling mechanisms for replacements Z,, Samples
Computation with Permutation Sampling Theoretical Guarantees
Assumptions: static model f; = f and data generating process (X¢, Y:) = (X, Y)
ISAGE ;) . 1 N A — A +
¢ (1) == % 2na g(f(xnv u; (7)), Yn) — L(f(@n, w; (70), y")l Theorem (Convergence)
Ay (3) For iSAGE ¢:(i) — ¢+(i) for M — oo and t — oo.
Illustration of Permutation Sampling T —
Ug The variance of iSAGE is controlled by «, i.e. V[p:(i)] = O().
I A
Sample 7, : | 3 1 5 2 4 - Theorem (Confidence Bounds)
| _E(f(mna{?’alaf)}ayn))
ugr Given the SAGE estimator ¢2AE(i) computed at time t over all previously observed data
points, it holds for iISAGE with M — oo, o = 1 and every € > (1 — a)t "% that
~ FaN 1
. SAGE  :
P (16:(1) — $24°5()| > €) = O(2).
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