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Implicit Bias of Mirror Flow on Separable Data

a Setup: logistic regression ™ ~ Horizon function

How to define the geometry of ¢ “at infinity” ?

Sub-level sets g Normalised
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Assumption: linearly separable data — the loss is minimised at infinity
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set of vectors defining separating hyperplanes
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We say that ¢ admits a horizon if lim S, exists
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Horizon function: ¢ (f) =inf{r >0 : 7 € S} norm-like Junction whose level sets are « S_|
Many possible solutions in S: which one is preferred by the method ? B
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Keyv property: if ||B|| = oo with ”

K Is it one with good generalization properties ? (implicit regularization) Theorem: if ¢ is tame, it admits a horizon.
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- The method: mirror flow e.g. polynomial, semialgebraic, IV oI X
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the ¢_-max margin problem
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Gradient flow on 6 — L(F(0)) < Mirror flow on f — L(p) /1 =

horizon function of mirror potential ¢~ set of separating hyperplanes

Motivation: reparametrized problems f = F(6). Under some conditions:

Example: f = F(u,v) =u ©v “diagonal neural networks”

Application: hyperbolic potential

Gradient flow on L(z ® v) < Mirror flow on V = diag(v) € R
L(p) with hyperbolic potential Qﬁ@ —
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