Fast yet Safe: Early-Exiting with Risk Control
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Motivation
Model inference should be dynamic based on user or data “ . . A )
. . . . . fi fa > fi [ fr (pr(yl=) |
conditions. A simple yet effective solution is to permit @ Dﬂ

intermediate exiting of model layers (EENNS).

» Problem: How to select the EENN’s exit condition A to \(26l) ] (#aGle)]  (#dle) ] Lewh
balance the performance vs. efficiency trade-off.
» Solution (TLDR): Employ post-hoc, distribution-free risk Marginal monotonicity assumption:
control to resolve the trade-off according to user () ~P LD1(Y|2), Y)] 2> Egyy~p (U(Di+1(Y|T), y)]
specifications with statistical guarantees. Vi=1,...,L—1

Early-Exiting with Risk Control
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v v v Riskc control assurance: E » User-defined risk settings
Confidence thresholding: ¢; > A ? @ Yy l ~ Yy L
v \ 4 + in expectation or with high probability f : y X y — R? € © (07 1)7 5 S (07 1)

» Risk-controlling exit threshold \ € 0, 1]
Empirical threshold: Aemp := min{A € A : R(A; Degr) < €}
» No guarantees !

Conformal Risk Control (CRC): \cgrc := min {A cA:

R(X; Deat) + B e} » Prediction control with task-
P Risk control in expectation:

n—+1 n+1— :

5 specific losses

EDeunpn [R(Acro)] < € » Predictive distribution control
Upper Confidence Bound (UCB): Aucs := min{\ € A : RY (N Do) < €, YN > A} with ‘Brier score’ loss

P Risk control w. high probability: p_ o (ROuep) <€) >1— 6 » Labelled and unlabelled data

P Verify that risk is controlled on test data, i.e. 7@(5\; Diest) < € (across multiple trials)
P Assess obtained efficiency gains in terms of average exit layer (across samples & multiple trials)
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» Generalizes
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