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Contributions : Bounds on Rademacher complexity

1. Exponential to polynomial-in-depth bound for general neural network.

2. Depth-independent bound for case where weight norm is constrained.
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Can we bound the R(generalization error) for neural networks?
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Simplest Case
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. . Scale-sensitive bounds
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Can we make our bounds independent of depth?
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Thin Case
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Upper Bound
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Interesting Tricks

1. Log Sum Exp

2. Eliminating depth-dependence using product of p-schatten norms
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Introducing a parameter A > 0,
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Introducing a parameter A > 0,
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Using a contraction lemma variant and peeling as before:
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If H}’zl |Wjl|| < B, generalization error is
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Interesting Tricks

1. Log Sum Exp

2. Eliminating depth-dependence using product of p-schatten norms



We can eliminate depth dependence using

e A bound for a network of depth r << d

e Composed with univariate Lipschitz function

The r'" layer is replaced with its Rank-1 approximation.



(under some weak assumptions) we can modify network with
I—L‘-"=1 | Wjl|lp < B by replacing one of first r matrices by rank-1:

X —> Wdﬂ'(Wd_l... Wk(T((T(W]_X)))

U

x— Wyo(Wy_1...su v o(...c(Wix)...)...)

Univariate Lipschitz func. Depth < r network

@ r trades-off approximation and statistical complexity



If Hjc-j:l |W;||r < B, generalization error is
: .| log(B/T) d
O (B -min {W , E

If]._[_] 1 [Willop < B, ]._[_[ 1 IWjllp < Bp and max;

generalization error is

8l
Wi

1

. 340 3
O | BL- min (Iog(Bp/ll'))z , %

m2+3p




