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» Digital Services Act (DSA): Large B Definition 2: Benign overfitting on ¢
platforms induce risks for society, they declares EFORE THE AUDIT
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& have to implement risk mitigation
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platforms have a lot of power, we must Platform Auditor dh € H, _
avoid power imbalance. P(MX) = c(X) ‘ X € S) =1 —¢ (low error)

» Artificial Intelligence Act (Al Act): limit
the use of some algorithms.

Theorem: Better than random? No can do.

If 7 exhibits benign overfitting with respect to the sensitive
attribute, then,

DURING THE AUDIT VS, |8 =18,

AFTER THE AUDIT

€. ML audit you said ?

» Input space X. Example: The space of all possible 1000 x 1000 images.

» Hypothesis h : X' — {0, 1}. Example: a deep neural network.

» Hypothesis class 7 C {0, 1}96. Example: all the ResNet models with 50
blocks.
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Example: make sure that in average, men are not advantaged compared to f B "2 Rademacher complex-
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women by a resume screening algorithm. ity of the hypothesis
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2.5 ' ' | ' Figure 1: The training loss of an ] ] i parametets.
=—a true labels Inception model trained on CI- mqmpulqhons 0 'A&..t /}I.ﬁ
2.0 o—eo random Lalbels | FAR10. After enough steps, the $iiaaaanse T = b o -
§ *—+ shutfled P'XELS loss reaches 0 even when trained on | e (jdpd(,l,},
o Low rondom PIXES 1 undom labels. AU
o ¢ gaussian Figure 3: What is the accuracy cost »
10 | Taken from Understanding deep I 5 ' = perceptron @ linear M tree 3 ghdt
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-~ learning requires rethinking gener- N h Let F — (% 7\ b ; »
0.5 | alization (Zang et al, CACM 2021) Ot |diam,H(h,S) ot.muc e = (Hr e / ) bea G ——
family of hypothesis classes. Example: -
0.0 i I all the decision trees with varying max-
0 5 10 15 20 25 imum depth. -
thousand steps » H* € F with best test accuracy. -
s > H nqe € F with largest p-diame- |
» Current ML models can reach billions ?f parameters. H(S,h) = (W € H Ve e S, h(z)=h(z) cor. *
» Current ML models can overfit the train data and have good : ®
generalization properties. diam , —| = % u(h') — (k) CostOfExhaustion(F) = :
» Some explanation attempts: benign overfitting and double descent. 1 - Accuracy(H*) — Accuracy (K ,.q.) o o00s o1
p-diameter Version space Cost of Exhaustion
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