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Models in Flux: Incremental Learning from Data Streams
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Various applications: Bifet and Gavalda (2007), Gama et al. (2014), Davari et al. (2021), etc.
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Examples of Models in Flux

Fraud Sensor Automotive Predictive
Detection Networks Industry Maintenance

Images generated with Leonardo.ai.
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https://app.leonardo.ai/

Model-Agnostic Explanations with Global Feature Importance

Prediction of Hospital Admission
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Permutation Feature Importance (PFI)
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Permutation Feature Importance (PFI)

_ p-permuted data
non-permuted data for feature S; := {5}
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Permutation Feature Importance — (Empirical) PFI

Sample permutations ¢, ..., dm uniformly and compute loss increase (pfp i) = L, — Lig
~(s. N 1 I—~1—f“$!
(Empirical) PFI: ) := ——
—1M 1
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Theoretical Properties of PFI

Global Feature ImE(I)rtance (Global IE? of a feature (set) S;
I:I(g‘) L1 Gi) w(S) . .
Let fs, xS,y "= E (x5, X)) —y CJthen global Fl is defined as
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marginalized risk over Sj risk
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Theoretical Properties of PFI
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Global Feature ImE(I)rtance (Global IE? of a feature (set) S;
&)y = ) X () = G
Let fg; x),y = E [h{x™, X)) —y [ Jthen global Fl is defined as
1 1 (|

_ (|
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marginalized risk over Sj risk

Model Reliance Fisher, Rudin, and Dominici (2019)
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is a U-statistic, in particular an unbiased estimator of global FI
is asymptotically Normal with finite sample boundaries
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Theoretical Properties of PFI
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Theorem (PFI and Model Reliance are directly linked)

Model reliance is the expectation of PFI over uniformly drawn permutations:

~e N g
E<p~unif(SN)[(p(SJ)] = mEg&Nunif(SN) (pSOJ) :

(E(Sj)
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Theoretical Properties of PFI
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Theorem (PFI and Model Reliance are directly linked)

Model reliance is the expectation of PFI over uniformly drawn permutations:

o(5) ey N )
= E<p~unif(SN)[(p ! ]: mEg&Nunif(SN) (%) :

PFI ¢(S) variant of Breiman (2001) Expected PFI ¢8) = E_[¢(5)]

Easy to compute in O(N) Hard to compute in O(N?)

Di Cculk to analyze theoretically due U-statistic with theoretical guarantees
to dependence on permutations Fisher, Rudin, and Dominici (2019)
Used for computation Used for theoretical analysis
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Incremental Permutation Feature Importance
(iPFI)

Towards Online Explanations on Data Streams
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Incremental PFI for Online Learning

Online Learning on Data Streams

Unlimited data stream (Xo, Yo), - - ., Xt, Vi), - - -
Incrementally updated model: h¢;;1 — incrementalUpdate(he, Xt, Yt)

Static Permutation Tests

S S 5
S S Zuh $2,2 80 — wall — l(wn) — gl

k At time ¢ with (2, y;) and model h,

Stochastic Sampling Strategy Replacement with previous Observations
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