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[Frankle and Carbin.

[Neyshabur et al. Towards Understanding the Role of
The Lottery Ticket Hypothesis, ICLR’19]

Over-Parametrization in Generalization of Neural Networks, ICLR’19]

[Zhang et al. Understanding deep learning requires
rethinking generalization, ICLR’17]

Over-Parameterization

More parameters, better test performance.

Network can be pruned substantially

Training with models with intrinsic capacity gives
poor performance.

Lottery tickets
Use salient weights restarted to initialization gives

lower test error
Use salient weights reinitialized gives poor performance.

Implicit Regularization Flat Minima

Same network trained with SGD can fit both
random and structured data
Network generalizes on structured data

Many small eigenvalues in Hessian after convergence

Teacher-student setting
Population Loss min J(w) = %Ea: |[fe(z) = feo (2)]17]
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Notation

No direct supervision
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Gradient Update: W = I, [gjfk]
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(Learnable Parameters)

Teacher Network
(Fixed parameters)

Recursive Gradient Rule
For the top-layer we have: gc(a?) = feo (:C) — fc(x)

Base case:
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Is this condition apply to lower layers?

Theorem 1 Assuming for every node j in a layer, the gradient is:
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Compatibility between
teacher k° and student k

Then for the lower layer we have the same form with
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Matrix Form of Gradient Descent

Student intermediate nodes mimics teacher
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S

etting

Ej ={z: fj(z) > 0}

Small overlap
(negative bias on whitened data)
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Explanation of Network Behaviors
Structured Data

Implicit Regularization

The Effect of

Setup

CIFAR-10

(Small teacher network)

Theorem 4

Theorem 4. For dynamics w; = P‘;VLJ, (W*h} — Wh;), where P‘#j = I — w;w] is a projection
matrix into the orthogonal complement of w;. hZ, h; are corresponding j-th column in H* and
H. Denote 0; = Z(Wj,w;-‘)_and assume 0; < 6o. If v = costlp — (m — 1)egMy > 0, then
w; — W} with the rate 1 — ndy (n is learning rate). Here d = [1 4 2K sin(6y/2)] min; d3? and

My = 1+ Kg4)[142K,sin(8p/2)]° / cos .
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Theorem 5
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Theorem S (Over-Parameterization and Top-down Modulation). Consider W =W*H* - WH

with over-parameterization (n > m) and its upper-layer dynamics V = L*V* — LV . Assume that
initial value W is close to W*: 0; = /(w, w7) < b for j € [u]. If (1) Assumption 3 holds for

all pairwise combination of columns of W* and W2, and (2) there exists v = (6, m) > 0 and A
so that Eqn. 41 and Eqn. 42 holds, then W,, - W*, V,, = V* and V,, — 0 with rate 1 — n\~.

Random Data

(large teacher network)

Lottery Tickets

Ablation Study
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