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,  ,  yi ∈ {±1} xi ∈ ℝd i ≤ n

Gradient descent:        wt+1 = wt − η∇ ̂L(wt) w0 = 0

 ℓ(t) := ln(1 + e−t)

high dim d > n

linear  
separability
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“uniform convergence”



[Soudry et al, 2018; Ji & Telgarsky, 2018; …]  

If , then as , 

  

η = ∥(1) t Θ →

∞wt∞ Θ →
wt

∞wt∞
Θ w̃

Asymptotic implicit bias
w̃ := arg max

∞w∞=1
min

i
yix⊤

i w

Is max-margin the full story?
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• Requiring exp time

wt

∞wt∞
= w̃ + O( ln ln(t)

ln(t) )
∞wt∞ = ∥(ln t)
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Consistency (logistic or zero-one) 

    or     

Calibration        

L(wn) Θ min L Z(wn) Θ min Z

C(wn) Θ 0
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Z(w) − min Z ≤ 2 C(w) ≤ 2 L(w) − min L

min L ≳ 1 min Z ≳ 1

“not grow with n”

 noise => overfitting∥(1) logistic consistent => clibrtion 
=> zero-one consistent

llow rank(Σ) = → sigmoid

llow ∞w*∞ = → “benign overfitting setup”
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implies calibration  
& zero-one
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rates improvable
∞w*∞ = →



Issue of divergent norm
We have  

,     

for all  such that  

,     exists

L(w→) = → C(w→) ≳ 1

(wt)t>0

lim ∞wt∞ = → lim wt

∞wt∞

poor clibrtioninconsistency

pplies to GD when 
overprmeterized

metrics sensitive to estimator norm 

but  
inherent in “ERM”

∞w→∞ = →
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,     

then for every interpolator , w.h.p. 

∞w*∞Σ ≂ 1 Σ1/2w* k

n ≳ k ln k rank(Σ) ≂ n ln n

ŵ

Z(ŵ) − min Z ≳ 1
ln n

Z(wt) − min Z ≲ sqrt( ∞w*0:k∞
n

+ ∞w*k:→∞2
Σ)

min
i

yix⊤
i ŵ > 0

for “simple” problems  or power laws∞w*∞ = ∥(1)

= poly( 1
n )
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More in paper: early stopping vs. -regularizationℓ2


