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Agenda
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• Network Visualization

• Matrix Calculus and Batch Normalization

• Optimization for Networks

• Theories behind Network Generalizability



1/9/2018    Hao Su                                                 Lecture      -3 3

[Stanford CS231n]



1/9/2018    Hao Su                                                 Lecture      -3 4

[Stanford CS231n]



1/9/2018    Hao Su                                                 Lecture      -3 5

[Stanford CS231n]



1/9/2018    Hao Su                                                 Lecture      -3 6

[Stanford CS231n]



1/9/2018    Hao Su                                                 Lecture      -3 7

[Stanford CS231n]



1/9/2018    Hao Su                                                 Lecture      -3 8

[Stanford CS231n]



1/9/2018    Hao Su                                                 Lecture      -3 9

[Stanford CS231n]



1/9/2018    Hao Su                                                 Lecture      -3 10

[Stanford CS231n]



1/9/2018    Hao Su                                                 Lecture      -3 11

[Stanford CS231n]



1/9/2018    Hao Su                                                 Lecture      -3 12

[Stanford CS231n]



1/9/2018    Hao Su                                                 Lecture      -3 13

[Stanford CS231n]



1/9/2018    Hao Su                                                 Lecture      -3 14

[Stanford CS231n]



1/9/2018    Hao Su                                                 Lecture      -3 15

[Stanford CS231n]



1/9/2018    Hao Su                                                 Lecture      -3 16

[Stanford CS231n]



1/9/2018

Network Visualization
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• Still an open area!

• For only for eyes, but to induce useful characteristics 
for network diagnosis
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Agenda
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• Network Visualization

• Batch Normalization and Matrix Calculus

• Optimization for Networks

• Theories behind Network Generalizability



1/9/2018    Hao Su                                                 Lecture      - 21
[Stanford STATS385]

3

Batch Normalization
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Calculus Example
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• A simple example:
y =W3W2W1x

W3 ∈!
1×100 , W2 ∈!

100×100 , W1 ∈!
100×10 , x ∈!10 ,‖x‖≈1

∂y
∂W1

= ? ∂y
∂W2

= ? ∂y
∂W3

= ?

Hint: tr(ABC) = tr(CAB) = tr(BCA)

All elements sampled i.i.d from N (0,1)
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Calculus Example
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• A simple example:
y =W3W2W1x

W3 ∈!
1×100 , W2 ∈!

100×100 , W1 ∈!
100×10 , x ∈!10 ,‖x‖≈1

∂y
∂W1

= ? ∂y
∂W2

= ? ∂y
∂W3

= ?

All elements sampled i.i.d from N (0,1)

E‖W1‖F
2 = ? E‖W2‖F

2 = ? E‖W3‖F
2 = ?

Hint: Var(X +Y ) = Var(X )+Var(Y )
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Calculus Example
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• A simple example:
y =W3W2W1x

W3 ∈!
1×100 , W2 ∈!

100×100 , W1 ∈!
100×10 , x ∈!10 ,‖x‖≈1

∂y
∂W1

= ? ∂y
∂W2

= ? ∂y
∂W3

= ?

All elements sampled i.i.d from N (0,1)

E‖W1‖F
2 = ? E‖W2‖F

2 = ? E‖W3‖F
2 = ?

y1 =W1x, y2 =W2W1xLet

E‖y1‖2
2≤ ? E‖y2‖2

2≤ ? E‖y‖2
2≤ ? Hint: ‖A‖2≤‖A‖F
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Why Batch Normalization is Effective?
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• A simple example:

y =W3s3W2s2W1s1x

W3 ∈!
1×100 , W2 ∈!

100×100 , W1 ∈!
100×10 , x ∈!10 ,‖x‖≈1

∂y
∂W1

= ? ∂y
∂W2

= ? ∂y
∂W3

= ?

All elements sampled i.i.d from N (0,1)
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Why Batch Normalization is Effective?
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• A simple example:

y =W3s3W2s2W1s1x

W3 ∈!
1×100 , W2 ∈!

100×100 , W1 ∈!
100×10 , x ∈!10 ,‖x‖≈1

∂y
∂W1

= ? ∂y
∂W2

= ? ∂y
∂W3

= ?

All elements sampled i.i.d from N (0,1)

Update rule: Δwt+1 = wt +η∇E(wt )

η : step size, e.g., stage-wise constant
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Agenda
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• Network Visualization

• Matrix Calculus and Batch Normalization

• Optimization for Networks

• Theories behind Network Generalizability
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Momentum Method

    Hao Su                                                 Lecture      -3 32

[UToronto CSC321]



1/9/2018

Momentum Method
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Momentum Method
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[http://ruder.io/optimizing-gradient-descent/index.html#fn:15]

 . It leads to faster and stable convergence. 

 . Reduced Oscillations 

http://ruder.io/optimizing-gradient-descent/index.html#fn:15
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ADAM: An Improved Moment Method
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mt = β1mt−1 + (1− β1)gt
vt = β2vt−1 + (1− β2 )gt

2

m̂t =
mt
1− β1

t

v̂t =
vt

1− β2
t

First order and second order moment estimation

Bias correction

Adam update rule: θt+1 = θt −
η
v̂t + ε

m̂t
[UToronto CSC321]
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Learning Curve
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[UToronto CSC321]
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Agenda
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• Network Visualization

• Matrix Calculus and Batch Normalization

• Optimization for Networks

• Analysis behind Network Generalizability
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Model Selection
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Underfitting Overfitting

[Chiyuan Zhang, ICLR’17]



Deep Learning



Bias — Variance

Deep 
Learning

[Chiyuan Zhang, ICLR’17]



MLP 1x512
p/n: 24

Alexnet Inception Wide Resnet
0

12.5

25

37.5

50

MLP 1x512

test error

Alexnet
p/n: 28

Inception
p/n: 33 Wide Resnet

p/n: 179

Parameter Count 
Num Training Samples

[Chiyuan Zhang, ICLR’17]



Random Label Dataset
Dog

Flower

Cat

Flower

···

Dog

Cat

Bus

Bird

[Chiyuan Zhang, ICLR’17]



Randomization Test

0

25

50

75

100

Ratio of Random Label Noise

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Train Accuracy Test Accuracy

No Label Noise Full Label Noise

[Chiyuan Zhang, ICLR’17]



Randomization Test

0

25

50

75

100

Ratio of Random Label Noise

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Train Accuracy Test Accuracy

No Label Noise Full Label Noise

Generalization Gap

[Chiyuan Zhang, ICLR’17]



Deep Neural Networks easily fit random 
labels.

Randomization Test

• Deep Neural Networks Easily fit random labels

[Chiyuan Zhang, ICLR’17]



Regularizers in Deep Learning

• Data augmentation: domain-specific transformations

• Weight decay: l2-regularizer on weights

• Dropout*: randomly mask out responses

* Nitish Srivastava, Geoffrey E Hinton, Alex Krizhevsky, Ilya Sutskever, and Ruslan Salakhutdinov. Dropout: a simple way to prevent neural networks from overfitting. JMLR, 15(1):1929–1958, 2014.

*

[Chiyuan Zhang, ICLR’17]



Fitting Random Label with 
Regularizers

Regularizer Model Training Accuracy

Weight decay

Inception 100%

Alexnet Failed to converge

MLP 1x512 99.21%

Crop Augmentation* Inception 99.93%

* We need to tune the hyperparams a bit and run for more epochs for this to converge, see paper for details.

Regularizer Model Training top-5

Dropout
Inception V3

96.15%

Dropout + Weight decay 97.95%

[Chiyuan Zhang, ICLR’17]



Implicit Regularization
[Chiyuan Zhang, ICLR’17]
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Next Class
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• The optimization algorithm and landscape of the 
loss function have to be taken into consideration

• Sketch of some latest theoretical investigation into 
deep learning


