Practical Training for CNNs

Neural Networks Design And Application



Practical tricks

* Batch normalization and local response normalization
* Data augmentation

* Dropout

» Regularization/weight decay

* Pre-train

* Stagewise training



Rescaling images

# calculate mu and sig using the training set
d = X train.shape[1l]

mu = numpy.mean(x_ train, axis=0).reshape(1l, d)

sig = numpy.std(x train, axis=0).reshape(l, d)

# transform the training features
x _train = (x train - mu) / (sig + 1E-6)

# transform the test features
X _test = (x_test - mu) / (sig + 1E-6)
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To bound the values of data



Local response normalization

a) Inter-Channel LRN (n=2)

b) Intra-Channel LRN (n=2)
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Local response normalization
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Local response normalization
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Local response normalization

Before Normalization

by = a4/ (k +a

varying x

varying y
«——

After Normalization
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Local response normalization
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Local response normalization
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Local response normalization
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Local response normalization

N=2,K=0,a =1, =1
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Local response normalization
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Local response normalization
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Local response normalization

b) Intra-Channel LRN (n=2)
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Local response normalization

Before Normalization After Normalization

min(W,z4+n/2) min(H,y+n/2) P
k k k \2
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Batch normalization [BN]

Input: Values of r over a mini-batch: B = {x; . }:
Parameters to be leamed: ~, 3
Output: {y; = BN, 5(z;)}

17l

1
— T /l mini-batch

HB - ; T mini-batch mean
1 il o I

o -~ Z[:r,- — ug)? A mini-batch variance

i=1

T A A HE /f normalize
VIR + €

y; +— ~vr; + 3 = BN, g(z;) M scale and shift

Algorithm 1: Batch Normalizing Transform, applied to
activation x over a mini-batch.

23



Batch normalization [BN]
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Batch normalization [BN]
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Rescaling for a batch
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Batch normalization [BN]

Input: Values of r over a mini-batch: B = {x; . }:
Parameters to be leamed: ~, 3
Output: {y; = BN, 5(z;)}

17l

1
— T /l mini-batch

HB - ; T mini-batch mean
1 il o I

o -~ Z[:r,- — ug)? / mini-batch variance

i=1

T A A HE /f normalize
VIR + €

y; +— ~vr; + 3 = BN, g(z;) M scale and shift

Algorithm 1: Batch Normalizing Transform, applied to
activation x over a mini-batch.

Rescaling for a batch

A linear model as output
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Batch normalization [BN]

Input: Values of r over a mini-batch: B = {x; . }:
Parameters to be leamed: ~, 3
Output: {y; = BN, 5(x;)}
— 1 i ; / mini-batch mean
1B m = o
1 il
2 , 2 . - .
o — ZI:J?:' — Ug) // mini-batch vanance Rescaling for a batch
1=1
T; T AB /{ normalize
v chE + €
yi <= 7r; + 3 = BN, () # scale and shift] A |inear model as output:

There are two learnable parameters

Algorithm 1: Batch Normalizing Transform, applied to
activation x over a mini-batch.
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Data augmentation

* Increase the amount of data by:

* Adding slightly modified copies of already existing data, or
* Newly created synthetic data from existing data

v

Vertical flipping

0 100 200 300 400
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Data augmentation

* Increase the amount of data by:

* Adding slightly modified copies of already existing data, or
* Newly created synthetic data from existing data
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Vertical flipping
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Data augmentation

* Increase the amount of data by:
* Adding slightly modified copies of already existing data, or

* Newly created synthetic data from existing data

<y “»

Horizontal flipping

100

200

v

300

0 100 200 300 400
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Data augmentation

* Increase the amount of data by:
* Adding slightly modified copies of already existing data, or

* Newly created synthetic data from existing data

Resize and cropping

v

0 100 200 300 400
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Data augmentation

* Increase the amount of data by:

* Adding slightly modified copies of already existing data, or
* Newly created synthetic data from existing data

w w
« «
[ r

Changing brightness
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0 100 200 300 400
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Data augmentation

* Increase the amount of data by:

* Adding slightly modified copies of already existing data, or
* Newly created synthetic data from existing data

100

200

v

300

Color jitter:
0 100 200 300 400 brightness, contrast, saturation, hue
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Why data augmentation
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Why data augmentation

Consider: when our images only contain Ford cars facing left and Chevrolet cars facing right...
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Why data augmentation
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Why data augmentation




Why data augmentation

Our CNN may predict this car (facing right) to Chevrolet...

Data augmentation:
Gives more variations for data
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Why data augmentation

Our CNN may predict this car (facing right) to Chevrolet...

Data augmentation:
Gives more variations for data = better generalization
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Dropout

After dropout

Before dropout
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Dropout

After dropout

Before dropout
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Dropout

After dropout

Before dropout

Dropout in training: select an arbitrary percentage of neurons (weights) and mask them
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Dropout

After dropout

Before dropout

Dropout in training: select an arbitrary percentage of neurons (weights) and mask them

Dropout in testing: use all parameters, no dropout
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Why dropout?

46



Why dropout? - alleviate overfitting
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Regularization/weight decay

J(0; X,y) = J(0; X, y) + a0(0),

0(8) = 5||wl|3



Regularization/weight decay

J(0; X,y) = J(0; X,y) +a(0),

2(6) = 3]wli3
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Regularization/weight decay
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Regularization/weight decay

J(0; X,y) = J(0; X,y) +a(0),

2(6) = 5 |wl)3
y il —\\ e
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w) Linear Quadratic Polynomial model
model model (9 degree)

Origin Improve generalization performance »



Pre-train

dense dense
dense

1000

Max Max 4096 4096
Max pooling pooling
pooling

Stride
3 of 4

Suppose we have a learned model = weight parameters are determined and fixed

52



Pre-train

AlexNet for ImageNet: 1000 classes

224
55 dense dense
7 13 13 13 =y
1 55 5 3 3 3
L B e T
11 5 27 3 13 3 13 3 13
384 384 256 1000
224 256 Max Max| 4096 4096
%6 Max pooling pooling
i
Stride POOIINg
3 of 4

Suppose we have a learned model = weight parameters are determined and fixed
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Now: Two classes

Pre-train
VS
AlexNet for ImageNet: 1000 classes
224
>3 dense dense
’ 13 13 13 =y
11 55 5 3 3 3
S
" 5 21 3 13 3 13 3 13
384 384 256 1000
224 256 Max Max| 4096 4096
% Max pooling pooling
i
Stride Pooiing
3 of 4

Suppose we have a learned model = weight parameters are determined and fixed
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Now: Two classes

Pre-train
VS
224 55
27
13 13 13

11 55 5 3 3 3

1 5927 3913 3913 3913
384 384 256
224 256 Max
%6 Max pooling
i
Stride Pooiing

3 0f4

dense dense

Max 4096 4096
pooling

Suppose we have a learned model = weight parameters are determined and fixed

dense
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Now: Two classes

Pre-train
VS
224
55 dense dense
“ 13 13 13 =y
11 55 5 3 3 3 fc fc fc
¢ i $ | B
11 5 27 3 13 3 13 3 13
384 384 256 oed
224 256 Max Max 4096 409 2
% Max pooling pooling
i
Stride POOIINg
3 of 4

Suppose we have a learned model = weight parameters are determined and fixed
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Stagewise/restart training

error (%)

ResNet-18 TAAANMANNAA,
—ResNet-34 34-layer
2{}[} 10 20 30 40 50
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Stagewise/restart training

One-loop SGD

For t=1>T

Compute stochastic gradients G;for w;

Update w1 = wy — G,

Endfor
ResNet-18 TN A
== ResNet-34 3 4-1ayer
2{} T i 4 1
0 10 20 30 40 50



Stagewise/restart training

ResNet-18
—=ResNet-34

Two-loop SGD

For s=1->S

Endfor

For t=1>T

Compute stochastic gradients G;for w;

Update wiyq = we — 115G

Endfor

10
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Stagewise/restart training

ResNet-18
—=ResNet-34

Two-loop SGD

For s=1->S

Endfor

For t=1>T

Compute stochastic gradients G;for w;

Update wiyq = we — 115G

Endfor

10
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Stagewise/restart training

Two-loop SGD

ResNet-18
—=ResNet-34

For s=1->S

Endfor

For t=1>T

Compute stochastic gradients G;for w;

Update wiyq = we — 115G

Endfor
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Many other tricks for CNNs

* Large mini-batch in stochastic gradient descent
* Learning rate warmup [warmup]

* Mixup augmentation [mixup]

* Others, e.g., [BagOfTricks]
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