1. Previous lecture recap: backpropagation,
activations, intuition.

2. Optimizers.

Data normalization.

4.  Regularization.
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Once again: nonlinearities

= sigmoid
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Backpropagation and chain rule
Chain rule is just simple math: 8L o 8L 82

7

\ or 0z Ox
% Backprop is just way to L
use it in NN training. Vsl gradient
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source: http://cs231n.github.


http://cs231n.github.io/neural-networks-3/

Optimizers

Stochastic gradient descent is used to optimize NN parameters.

loss

low learning rate

good learning rate

epoch

T¢11 = ¢ — learning rate - dx

source: http://cs231n.github.io/neural-networks-3/
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http://cs231n.github.io/neural-networks-3/

3( Optimizers

{ = sgd
There are much more optimizers: —— momentum ||
——  nag
e Momentum — adagrad i
—1r dadelta |
\\v// e Adagrad a y
> < e Adadelta ol msprop x
///\\ e RMSprop |
=3H///||
e Adam 1
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) e even other NNs _s .
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source: link


https://2.bp.blogspot.com/-q6l20Vs4P_w/VPmIC7sEhnI/AAAAAAAACC4/g3UOUX2r_yA/s1600/s25RsOr%2B-%2BImgur.gif

i/{ Optimization: SGD

/\< L(W N ZLz(x'Lay’HW)
>4
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'1,—1

gradient

C Averaging over mini batches => noisy

source: http://cs231n.stanford.edu/slides/2017/cs231n_2017_lecture7.pdf
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First idea: momentum

Simple SGD
Momentum update:

Tir1 = T — aV f(xy)

Velocity

SGD with momentum actual step

Ver1 = pvg + V f(xy)

Tt+1 = Tt — QU1

Gradient

source: http://cs231n.stanford.edu/slides/2017/cs231n_2017_lecture7.pdf
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Nesterov momentum f

Momentum update: Nesterov Momentum

Gradient

Velocity

Velocity
actual step actual step
>
Gradient
vpr1 = vy + V§ (21) U1 = pue = aV f(ze + pvy)
Tiy1 = Tp — Q41 i1l = B4+ Vpid

source: http://cs231n.stanford.edu/slides/2017/cs231n_2017_lecture7.pdf
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Comparing momentums

10


https://ruder.io/content/images/2016/09/contours_evaluation_optimizers.gif

- SGD
= Momentum
= NAG
- Adagrad
- Adadelta
-  Rmsprop

—_

-1.5
— )\ source; 11

https://ruder.io/content/images/2016/09/saddle_point_evaluation_optimizers.gif


https://ruder.io/content/images/2016/09/saddle_point_evaluation_optimizers.gif
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Second idea: different dimensions

are different

Adagrad: SGD with cache

cachey 1 = cache; + (Vf(xt))z

Lt41 — Tt —

Vf(xt)

cache; 11 + ¢

{
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i/ Second idea: different dimensions f
{ are different

Adagrad: SGD with cache
% cache; 11 = cache; + (V f(z¢))?
/\ Lt+1 = Tt — & Vf(a:t)
g

cache; 11 + ¢
3!

y< Problem: gradient fades with time
(D
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i/ Second idea: different dimensions jf
K are different

Adagrad: SGD with cache
\/ cache; 11 = cache; + (V f(z¢))?

S
/\ Ti41 = Tt — Vf(xt) \
cache; 11 + ¢

RMSProp: SGD with cache with exp. Smoothing

\/

cache; 1 = Beache; + (1 — B)(V f(xr))”
y< ,,,,,, > B V(i)
- Tt41 = Tt — A

- cache; 11 + ¢

-
-
-
-
-
-
-
-
-
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- SGD

-  Momentum

-  NAG

- Adagrad
Adadelta

-  Rmsprop
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.com/a/Hgolp#NKsFHIb
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source


https://imgur.com/a/Hqolp#NKsFHJb

Let's combine the momentum idea and RMSProp normalization:

Vi1 = Yvr + (1 —7)V f(x¢)
cache; 11 = [Bcache; + (1 — 5)(Vf(37t))2

Ut4-1
cache;y 1 + ¢

SLE Adam
X

Lt4+1 — Lt —
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Actually, that's not quite Adam.

J

: ' Adam full form involves bias correction term. See

http://cs231n.github.io/neural-networks-3/ for more info.
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S( Comparing optimizers
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https: //Joshvarty com/2018/02/27/Itf n-7-a-quick-look-at-tensorflow-optimizers/
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¥ A Andrej Karpathy &
g @karpathy

3e-4 is the best learning rate for Adam, hands down.

6:01 AM - Nov 24, 2016 - Twitter Web Client

108 Retweets 461 Likes

O 0 Q T
#=.a Andrej Karpathy £ @karpathy - Nov 24, 2016
g9 Replying to @karpathy
(i just wanted to make sure that people understand that this is a joke...)
Q 9 T 3 O 19 K

source: https://twitter.com/karpathy/status/801621764144971776
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Once more: learning rate f

4 / 4 Loss _
loss | Learning rate decay!

low learning rate

high learning rate

good learning rate

Epoch

19
source: http://cs231n.stanford.edu/slides/2017/cs231n_2017 lectureZ.pdf
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Sum up: optimization

Adam is great basic choice

Even for Adam/RMSProp learning rate matters
Use learning rate decay

Monitor your model quality
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0.0

Train Loss

5000 7500 10000 12500 15000 17500 20000

Better optimization algorithms
help reduce training loss

0.9 1

0.8 1

0.7 1

0.6 1

0.5 1

Accuracy

—e— train
—e— val

0

2500 5000 7500 10000 1p500 15000 17500 20000

But we really care about error on new

data - how to reduce the gap?

source: http://cs231n.stanford.edu/slides/2017/cs231n_2017 lectureZ.pdf
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Data normalization T

original data zero-centered data normalized data

0 19

22
source: http://cs231n.stanford.edu/slides/2017/cs231n_2017 lectureZ.pdf



http://cs231n.stanford.edu/slides/2017/cs231n_2017_lecture7.pdf
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Data normalization

Before normalization: classification loss
very sensitive to changes in weight matrix;

hard to optimize

A

A
A

..AA

® A

After normalization: less

sensitive to small

changes in weights; easier to optimize
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Weights initialization

e Pitfall: all zero initialization.

24



e Pitfall: all zero initialization.
e Small random numbers.

i/E Weights initialization
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Weights initialization T

e Pitfall: all zero initialization. n
e Smallrandom numbers. VA = Vaf(z wixi)
e Calibrated random numbers.

= Z Var(w,-x,-)
= Y [Ew)*Var(x;) + E[(x;)]*Var(w;) + Var(x;) Var(w;)

= ), Var(x)Var(w,)

= (nVar(w)) Var(x)

26
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Batch normalization

Problem:

Consider a neuron in any layer beyond first

At each iteration we tune it's weights towards better loss function

But we also tune it's inputs. Some of them become larger, some — smaller
Now the neuron needs to be re-tuned for it's new inputs

@
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hidden layer 1 hidden layer 2
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Batch normalization

TL; DR:
e [t'susually a good idea to normalize linear model inputs

(c) Every machine learning lecturer, ever
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Batch normalization

e Normalize activation of a hidden layer h .

(zero mean unit variance) hi — —
Jo

2
e Update W;,O0; with moving average while training

Mi::a.meanbatch-l-(l_a)'ui

3 : g
o;:=a-variance, ., +(1—a) O;

29
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Original algorithm (2015)
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Batch normalization

Input: Values of x over a mini-batch: B = {z1_ . };
Parameters to be learned: v, 3

Output: {y; = BN, g(z;)}
Ly
— T
K“B m =

1 m
oF — > (i — ps)?
1=1

// mini-batch mean

// mini-batch variance

T; — UB

T; & ———— // normalize
\V o 123 =€
Yi < YZ; + f = BN, 5(x;) // scale and shift

30
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Batch normalization

Original algorithm (2015)

What is this?

Input: Values of x over a mini-batch: B = {z1_ . };
Parameters to be learned: v, 3

Output: {y; = BN, g(z;)}

1 — .
Up — — Z T // mini-batch mean
m <
1=1
1 m
og — Z(mz — pB)? // mini-batch variance
1=1
- i — :
T; — — B // normalize

Vo +e€

[ Yi < YZ; + B = BN, g(z;) ] // scale and shift
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Batch normalization

Input: Values of x over a mini-batch: B = {z1_ . };
Parameters to be learned: v, 3

Output: {y; = BN, g(z;)}
Ly
— T
K“B m =

1 m
o — D (% — pp)°
1=1

// mini-batch mean

// mini-batch variance

Ly — UB
Vo +e€

[ Yi < YZ; + B = BN, g(z;) ] // scale and shift

T; // normalize

32
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Batch normalization

|
&)

Input: Values of x over a mini-batch: B = {z1_ . };
Parameters to be learned: v, 3

Output: {y; = BN, g(z;)}

Vo +e€

// mini-batch mean

// mini-batch variance

// normalize

[ Y; < vZ; + 8 = BN, g(z;)

] // scale and shift

33
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Batch normalization

Original algorithm (2015)

What is this?

This transformation
should be able to
represent the identity
transform.

Input: Values of x over a mini-batch: B = {z1_ . };
Parameters to be learned: v, 3

Output: {y; = BN, g(z;)}

1 — .
Up — — Z T // mini-batch mean
m <
1=1
1 m
og — Z(mz — pB)? // mini-batch variance
1=1
- i — :
T; — — . // normalize

Vo +e€

[ Yi < YZ; + B = BN, g(z;) ] // scale and shift
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Batch normalization

aCcuracy
0.8

0T o,

0.5

044

0.6H; -

VN

=

R R
- -

5M

1
10M

15M

Model Steps to 72.2%  Max accuracy
Inception 31.0-10° 72.2%
BN-Baseline 13.3 - 10° 72.7%
BN-x5 2.1-10° 73.0%
BN-x30 2.7-10° 74.8%
BN-x5-Sigmoid 69.8%
———————— 4
— — = Inception
- == BN-Baseline
------- BN-x5
BN-x30
~4 + BN-x5-Sigmoid
€ Steps to match Inception
20M 25M som  Number of training steps

source: https://arxiv.org/pdf/1502.03167.pdf
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Problem: overfitting

Model acc - train set vs cross-validation set - epoch: 227

- train set acc
test set acc

0.88

0.87

0.86

0.85

acc

0.84

0.83

0.82

0.81

0 50 100 150 200 250
iterations
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Regularization

L=%xY1 Y., max(0, f(z; W); — f(mi; W)y, +1) +

Adding some extra term to the loss
function.

Common cases:

e L2 regularization: R(W) — ||WH%
e Llregularization: R(W) = ||W|
e Elastic Net (L1 + L2): R(W) = B|W|j3+ W]

source: http://cs231n.stanford.edu/slides/2017/cs231n_2017 lectureZ.pdf

AR(W)
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: Dropout

ion

1zat

Regular

Some neurons are “drog

training.
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(b) After applying dropout.

(a) Standard Neural Net
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Regularization: Dropout

Some neurons are

training.

(b) After applying dropout.

(a) Standard Neural Net
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X( Regularization: data augmentation T
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> CNN

Load image
and label

Compute
loss
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40
source: http://cs231n.stanford.edu/slides/2017/cs231n_2017 lectureZ.pdf
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SK Regularization: data augmentation f
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Load image
and label

20 0D

o=

—_

Transform image

}

4]
source: http://cs231n.stanford.edu/slides/2017/cs231n_2017 lectureZ.pdf
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Sum up: regularization

Regularization:

Add some weight constraints
Add some random noise during train and marginalize it during test
Add some prior information in appropriate form
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1. Previous lecture recap: backpropagation,
® activations, intuition.

ReVIse 2. Optimizers.

Data normalization.

4.  Regularization.
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Thanks for attention!
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Questions?
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