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: Incremental Permutation Feature Importance
Permutation Feature Importance (PFI) : :
iIPF1 Estimator
p-permuted data
non-permuted data for feature S, := {5} Online Learning on Data Streams
1 j d 1 j — d B Unlimited data stream (xo, ¥0),-- -, (Xt, ¥¢), - - -
_ - — — = ] B Incrementally updated model: h;y; < incrementalUpdate(h;, Xz, y+)
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% - With a sampling strategy ¢: : Q — {0,...,t — 1}
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B B B With a smoothing parameter o € (0, 1) for t > ty and initial value qb( ) .
Permutation Feature Importance — (Empirical) PFI (5 (5 )
_ _ _ A(S) iPFl: ;7" =(1—a)-¢,71 + - )\ (Xt Xpp s Yt)
Sample permutations 1, ..., ©pn uniformly and compute loss increase ¢, := L, — Lig
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Let fs, (x(gf),y) = [||h(x(31),X(5J')) — y||] then global Fl is defined as ATEN
_ explain one
Gb(sj)(h) ‘= ]E(X,Y) [ij(X(Sj)a Y)] — IE(X,Y) [”h(X) - Y“} reservoir
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marginalized risk over §; risk F F‘"
————— > sample x,
Model Reliance (Fisher, Rudin, and Dominici 2019)

compute metric A,
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Cb(sj) — Z Z Hh(X( 7 r(n )) — yall — N Z [A(xn) — yal T update feature importance @,
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Hisa U—statlstlc, in partlcular an unbiased estimator of global FI

R . (| e 0900909090900 cemeemeeeeeee-e-po update reservoir ¢,.; with
B is asymptotically Normal with V[¢(%)] = O(1/N) and finite sample boundaries P Vet .

Incremental Sampling Mechanisms

Linking Model Reliance and PFI ||||||H|||]|— ™~ ||||||H|||]|’ \

Theorem (PFI and Model Reliance are directly finked] A A L _ AR Tl I
Model reliance is the expectation of PFl over uniformly drawn permutations from Gy
5 560 N . =) Theoretical Guarantees
= ~ S = — ~unifl®& . - A
CP unifSn) -1 uniEn) [ Theorem (Theoretical Guarantees for expected iPFI o) = Ew[gbgsf)])
PFl é(sj) Expected PFI gg(sf) _ E(p[gg(sf)] We define a measure of change between two timesteps tp < s < t as
S » . _ _ (<D, hs, he) = B p [l e (x5, X) — hs(x1, X)]]
- (OSITLT meels permutation tests ) SEEEEIen @f P_FI S Wiy As(hs, he) == Ex[f& (X, hs, he)] and A(hs, he) := Dg(hs, he).
(Breiman 2001) sampled permutations
[ Easy to compute in O(N) B Difficult to compute . O(N2) If A(hs, hy) <6 and As(hs, hy) < ds for to < s < t and finite covariances, then
B Difficult to analyze theoretically due B U-statistic with strong theoretical IE[38] — 66D (hy)| < 65 + 6 + O((1 — a)t) (bias)
to dependence on permutations guarantees v lim QBESJ)] — O(—alog(a)) L0 sl
B Unbiased estimator of ¢(%) B Unbiased estimator of global FlI v TOO ()] _ o L : .
B Used for computation B Used for theoretical analysis ] =@lelry e RIe)
Open Source Implementation: iXAI
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