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1. Introduction
Optimization in Deep Model

Goal: 

Estimate curvature or scale

Stochastic gradient descent

Quadratic optimization: Newton, quasi-Newton, Natural Gradient

Estimate the scale: AdaGrad, Rmsprop, Adam

Gradient is averaged by the sampled examples

3. Method
Solution by re-parameterization

Proxy parameter v: 

Adjustable scale: 𝑧 = 𝑔 𝒘𝑇𝒉 + 𝑏

Random, Xavier, MSRInit: Zero mean, stable-variance

Stabilize the distributions

Normalize input/activation

Normalize explicitly: batch normalization

Normalize implicitly(constrain weights): weight normalization

Beneficial Properties

MLP; SVHN

Update Iteratively: 

Challenge: Non-convex, ill conditioning

Code: https://github.com/huangleiBuaa/CenteredWN

2. Motivation

Initialization methods

Keep desired characters during training

Formulation

Back-propagated Gradient 

4. Experiments

Better Conditioning of Hessian
𝜕𝐿

𝜕𝑣
∙ 𝟏=0

CNN architecture

Cifar-10 Cifar-100

Plain 6.14 ±0.04 25.52 ±0.15

WN 6.18 ±0.34 25.49 ±0.35

WCBN 6.01 ±0.16 24.45 ±0.54

Cifar-10 Cifar-100

Plain 7.34 ±0.52 29.38 ±0.14

WN 7.58 ±0.40 29.85 ±0.66

WCBN 6.85 ±0.25 29.23 ±0.14

𝑦 = 𝑤1𝑥1 + 𝑤2𝑥2+b
L=(𝑦 −  𝑦)^2

𝑤1

𝑤2 0 < 𝑥1 < 2
0 < 𝑥2 < 0.5

𝑤1

𝑤2 0 < 𝑥1
′ = 𝑥1/2 < 1

0 < 𝑥2
′ = 𝑥2 ∗ 2 < 1

L(𝑤1, 𝑤2) L(𝑤1, 𝑤2)

BN-Inception 56 layers residual network BN-Inception, ImageNet 2012

SGD: training SGD: test

Simply replace Linear/Conv module with CWN module!  

SGD+BN Adam


