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Recipe of Deep Learning <

Step 1: define a
set of function

Good Results on
Testing Data?

ep 2: goodness
of function

Good Results on
Training Data?
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Do not always blame overfitting

Not well trained
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Recipe of Deep Learning

Different approaches for
different problems.

e.g. dropout for good results
on testing data

Good Results on

Testing Data?

Good Results on

Training Data?

Syracuse University




Maxout
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Recipe of Deep Learning

I Good Results on

‘ ?
Regularization Testing Data:

Dropout

Good Results on
Training Data?

I

Adaptive Learning Rate
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Hard to get the power of deep...

Handwritting Digit Classification

Results on Training Data

—
R
'
_—
Q
(1)
pY
-
=
o
<

Deeper usually does not imply better.
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Layers
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Vanishing Gradient Problem




Activation Functions

Sigmoid Leaky RelLU
_ 1 max(0.1x, x)
O'(.’E) T 14e®
10 = 10 L 10
tanh V Maxout
tanh(x) E ﬂ ° max(wi x + by, ws T + ba)
ReLU ELU
max(0, x) v z20
; . 1 ae® —1) =<0 - - i
Rectified Linear Unit Exponential Linear Units
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Maxout RelLU is a special cases of Maxout

Learnable activation function [ian J. Goodfellow, IcML'13]
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You can have more than 2 elements in a group.
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Maxout

RelLU is a special cases of Maxout
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Maxout

More than RelLU

> 22 'max{z1 , Zo }

Learnable Activation

Function

1./

D

Built Environment
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Maxout

Learnable activation function [lan J. Goodfellow, ICML'13]
e Activation function in maxout network can be any piecewise linear
convex function
* How many pieces depending on how many elements in a group

2 elements in a group 3 elements in a group

Syracuse University BEST Lab 13
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Maxout- Training

Given a training data x, we know which z would be the max

1 2
+—tz t—Z
Input 1 1 ! 2
_ 1 2
X T—227 max{z!,z}} +
Xy + :Z% + Z32
1 2
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Maxout

* Given a training data x, we know which z would be

the max
1
+ Z
Input
X1 + ‘Zzl
%) +—z3
X

+

* Train this thin and linear network

Different thin and linear network for different examples 3 JTXUE..:

NP Science & Technology
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Adaptive Learning
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Recipe of Deep Learning

Regularization

Dropout

Adaptive Learning Rate

I Good Results on

Testing Data?

Good Results on
Training Data?

I
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Review T
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Learning Rate

Adagrad -
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= Learning Rate
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ot: root mean square of

Adagrad the previous derivatives of
parameter w
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RMSProp

Error Surface can be very complex when training NN.

SRR

Smaller
Learning Rate
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RMSProp
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g0 = g°

o' = a(@)? + (1 - a)(g")?

o2 =a(@h)? + (1 - a)(g?)?

ot = Ja(ot=1)2 + (1 — a)(g")?

Root Mean Square of the gradients

with previous gradients being decayed
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Hard to find optimal network parameters

Total

Very slow at the
plateau

Stuck at saddle point

Stuck at local minima

aL/ow i dL/ow

Syracuse University The value of a network parameter w BEST Lab
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Momentum

How about put this phenomenon
in gradient descent?

o—- o

Syracuse University RN BEST Lab 23
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Momentum Still not guarantee reaching

global minima, but give some

cost
Movement =

Negative of dL/dw + Momentum

=P Negative of dL / dw
===sp MOmentum

P Real Movement

Syracuse University
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Review: Vanilla Gradient Descent

VL(6°) Start at position 6°
Compute gradient at 8°

Move to 81 = 0% - nVL(8°)

Compute gradient at
——P Gradient

Move to 8% =1 —nVL(6?!
= \OVvEemMment 3) : 4 (6%

Stop until VL(8%) = 0

Syracuse University BEST Lab
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Momentum

: 0
Movement: movement of last Start at point 6
step minus gradient at present Movement v°=0

Compute gradient at
Movement v = AV - nVL(8°)

Move to 81 = 69 + V1

Compute gradient at 6
=P Gradient
=P Movement

Movement v2 = Avl - nVL(61)

. Move to 8% = 1 +v2

VL(6°) Movement not just based
on gradient, but previous

==unns \Ovement

Syracuse University
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Momentum

: 0
Movement: movement of last Start at point 6
step minus gradient at present Movement v°=0

Compute gradient at

V' is actually the weighted sum of

all the previous gradient: Movement v = Av0 - nVL(6°)
VL(6°),VL(6Y),..VL(8" 1) Move to 81 = 0° + !
vo=0 Compute gradient at 6
vi=-nVL(6) Movement v2 = Av! - nVL(61)

Move to 82 = 61 + 2
v2=-AnVL(0°) -nVL(68Y)

Movement not just based
on gradient, but previous

Syracuse University movement
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Adam

RMSProp + Momentum

Syracuse Univg

Algorithm 1: Adam, our proposed algorithm for stochastic optimization. See section 2 for details,
and for a slightly more efficient (but less clear) order of computation. g indicates the elementwise
square g; © g;. Good default settings for the tested machine learning problems are o« = 0.001,
B1 = 0.9, B2 = 0.999 and € = 10~%. All operations on vectors are element-wise. With 31 and /3%
we denote J; and [ to the power .

Require: «: Stepsize

Require: ;.32 € [0,1): Exponential decay rates for the moment estimates
Require: f(#): Stochastic objective function with parameters #

Require: fy: Initial parameter vector

mg < 0 (Initialize 1** moment vector) —, for momentum

vg + 0 (Initialize 2"¢ moment vector)
t < 0 (Initialize timestep) N for RMSprop
while ; not converged do
t+—t+1
gt + Vo fi(6:—1) (Get gradients w.r.t. stochastic objective at timestep )
my < 31 - my_1 + (1 — B1) - g; (Update biased first moment estimate)
Ve ¢ Bo i1+ (1 — Fa) - gf (Update biased second raw moment estimate)
my < my/(1 — 37) (Compute bias-corrected first moment estimate)
v + v /(1 — %) (Compute bias-corrected second raw moment estimate)

0; + 60;_1 — a - M/ (/D¢ + €) (Update parameters)

end while
return #; (Resulting parameters) EST Lab
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\§"‘i“ SGD

{ = Momentum
weeem  NAG

-  Adagrad
Adadelta
Rmsprop

mrrrrrrr r

Syracuse University
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https://twitter.com/alecrad

—  SGD
- Momentum
—  NAG
- Adagrad
- Adadelta
4 s = Rmsprop
" ""(v IR IETE
2 R TTAIA
SRR
SLIXIAUIUNI NN,
0 I
LAY
= o ‘
—4
1.0
Images credit: Alec Radford.
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https://twitter.com/alecrad

Learning Rate Decay

SGD, SGD+Momentum, Adagrad, RMSProp, Adam
all have learning rate as a hyperparameter.

A /
loss
very high learning rate

low learning rate

high learning rate

good learning rate

Syracuse University BEST Lab 31
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Learning Rate Decay

SGD, SGD+Momentum, Adagrad, RMSProp, Adam
all have learning rate as a hyperparameter.

good learning rate

Q: Which one of these learning rates
is best to use?

A: All of them! Start with large
learning rate and decay over time

Syracuse University

@ Built Environment
Science & Technology
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Learning Rate Decay: Step

Training Loss

407 Step: Reduce learning rate at a few fixed points.
. : E.g. multiply Sigmoid function by 0.1 after epochs
35 Reduce learning rate
& 30, 60, and 90.
3.0 l
@ 25 - Learning Rate
3 .
20 -
0.08 1
15
0.06 1
10
T 0.04 1
0 20 40 60 80 100
Epoch
0.02
\
0.00 1
0 20 40 Eb a0 100
Epoch

Syracuse University BEST Lab
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Learning Rate Decay: Cosine

Training Loss

10 1
Step: Reduce learning rate at a few fixed points.
0 - E.g. multiply Sigmoid function by 0.1 after epochs
30, 60, and 90.
0.6 1
A 1
g Cosine: «ay = —ag (1 + cos(tn/T))
04 1 2
Learning Rate
0.2 1 10 4
0.8
0.0 T T T
0 50 100 150 200 250 300 06 -
Epoch
0.4
Loshchilov and Hutter, “SGDR: Stochastic Gradient Descent with Warm Restarts”, ICLR 2017 0.2 1
Radford et al, “Improving Language Understanding by Generative Pre-Training”, 2018
Feichtenhofer et al, “SlowFast Networks for Video Recognition”, ICCV 2019 0.0
Radosavovic et al, “On Network Design Spaces for Visual Recognition”, ICCV 2019 0 10 a0 &0 a0 100
Child at al, “Generating Long Sequences with Sparse Transformers”, arXiv 2019 Epoch

Syracuse University BEST Lab
BultEme mSTi:rct &Technology
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Learning Rate Decay: Linear

Learning rate

10 A Step: Reduce learning rate at a few fixed points.
E.g. multiply Sigmoid function by 0.1 after epochs

08 - 30, 60, and 90.

06 -

1
Cosine: 4 = 5050 (1 4 cos(tn/T))

04 -

021 Linear: o4 = le{](l — t/T)

0.0 4

T T L]

0 20 40 B0 BO 1IZ;D
Epoch

Devlin et al, “BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding”, NAACL 2018
Liu et al, “RoBERTa: A Robustly Optimized BERT Pretraining Approach”, 2019
Yang et al, “XLNet: Generalized Autoregressive Pretraining for Language Understanding”, NeurlPS 2019

Syracuse University BEST Lab
ult EnmsTigﬁzé &Technology
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Learning Rate Decay: Inverse 5qrt

10 1

0.8 1

0.6 -

0.4 1

0.2 1

Learning rate

Vaswani et al, “Attention is all you need”, NIPS 2017

100

Step: Reduce learning rate at a few fixed points.
E.g. multiply Sigmoid function by 0.1 after epochs
30, 60, and 90.

1
Cosine: vy — 50 (1 + cos(tw/T))

Linear: oy = ag(l —t/T)

Inverse sqrt: vy = Cli[]/\/%

Syracuse University

@ Built Environment
Science & Technology
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Learning Rate Decay: Constant!

Learning Rate

Step: Reduce learning rate at a few fixed points.

104 1 E.g. multiply Sigmoid function by 0.1 after epochs
30, 60, and 90.
102 -
100 H J'
Cosine: oy = —aq (1 4 cos(tn/T))
0.98 2
- Linear: o = ag(l —t/T)
0 2 a0 60 80 100 . —
Epoch Inverse sqrt: (/\y = (X / \/E

Constant:

Brock et al, “Large Scale GAN Training for High Fidelity Natural Image Synthesis”, ICLR 2019
Donahue and Simonyan, “Large Scale Adversarial Representation Learning”, NeurlPS 2019

V¢ 7))

Syracuse University

@ Built Environment
Science & Technology
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Learning Rate Decay: Constant!

Learning Rate

Step: Reduce learning rate at a few fixed points.

104 - E.g. multiply Sigmoid function by 0.1 after epochs
102 4
100 J'

—aq (1 4 cos(tn/T))
0.98 2
0.96 - Ct’{](l —t/T)

0 20 4;3 &0

OftZC'fU/\/E

¢y — (X

Brock et al, “Large Scale GAN Training for High Fidelity Natural Image Synthesis”, ICLR 2019
Donahue and Simonyan, “Large Scale Adversarial Representation Learning”, NeurlPS 2019

Syracuse University BEST Lab
BultEny mSTi:rct &Technology
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Recipe of Deep Learning

I Good Results on

‘ ?
Regularization Testing Data:

Good Results on
Training Data?

I

Adaptive Learning Rate

Syracuse University BEST Lab 39
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Early Stopping

Total
Loss
Validation set
m
Training set
Epochs
Keras: http://keras.io/getting-started/faq/#how-can-i-interrupt-training-when-

the-validation-loss-isnt-decreasing-anymore

Syracuse University
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cience & Technology
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Recipe of Deep Learning

Regularization

Dropout

Adaptive Learning Rate

I Good Results on

Testing Data?

Good Results on
Training Data?

I

Syracuse University

@ llllllll ironment
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Regularization - Weight Decay

Our brain prunes out the
useless link between
neurons.

?}3 y
‘H@?s‘mﬁj
Doing the same thmg to machme s brain improves
the performance.

. 7
W), “MI BB A2 O

Syracuse University Source: Reshmiong the Brain, Famibes and Work Institute, fima Share, 1997; Founders Network s.ﬁgii

“Ii!l
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Regularization

e New loss function to be minimized
* Find a set of weight not only minimizing original cost but also
close to zero

L'(H) = L(6)+ /I%HZ — Regularization term
6 ={w,w,,...}

Original loss L2 regularization:
- .. 2 2
(e.g. minimize square H&’Hz — (W1) + (wz) + ...
(usually not consider bias

Syracuse University @

BEST Lab 43
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Regularization L2 regularization:

1G]], =(w, )" +(w,)" +...
New loss function to be minimized

L’(H) = L(9)+ /1%”6’”2 Gradient: % = 2—3‘} + Aw

ow ow

— (1A —n &

| ow

Update: w'™' — /' _nai — 1/ _n(a_L'FZWtj

Closer to zero

Syracuse University BEST Lab 44
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Regularization L1 regularization:

[6], =[] +ws |+

New loss function to be minimized

, 1 oL’ oL
L'(0)=L(0)+ 2 EHHHI oot sgn(w)
Update:

w't! —)wt—iyaL’ =w — a—L+/1$ n(wt)
ow 7 ow .

=wt—7ya—L—77/lsgn(wt)

ow -
— (1 _n,z)wf e L2

Syracuse University 6 W BEST Lab
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Recipe of Deep Learning

Regularization

Dropout

Adaptive Learning Rate

I Good Results on

Testing Data?

Good Results on
Training Data?

I

Syracuse University

@ llllllll ironment
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Dropout

Training: \\//0:9 \\/
S S
@O, . O,
CEARSRERES
PR
N
» Each time before updating the parameters

® Each neuron has p% to dropout

Syracuse University BEST Lab 47
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Dropout

Training:

- Thinner!

» Each time before updating the parameters
® Each neuron has p% to dropout
‘ The structure of the network is changed.
® Using the new network for training

For each mini-batch, we resample the dropout neurons

Syracuse University

BEST Lab
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Dropout

Testing:

> No dropout

® |f the dropout rate at training is p%,
all the weights times 1-p%

® Assume that the dropout rate is 50%.

Syracuse University

If a weight w = 1 by training, setw = 0.5 for testin BESTLab s

nnnnnnnnnnnnnnnn
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Dropout - Intuitive Reason

Vlaybe my
partner will

‘ “dropout” so |
} Y needto work
RS

harder

N

)
/o

» When teams up, if everyone expect the partner will do
the work, nothing will be done finally.

» However, if you know your partner will dropout, you
will do better.

Syracuse University good results eventually.
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Dropout - Intuitive Reason

Why the weights should multiply (1-p)% (dropout rate)
when testing?

Training of Dropout Testing of Dropout
Assume dropout rate is 50% No dropout

(\ Weights from training
0.5 X

Wy 2 ‘ z' =~ 2z
W2\ Z <O.5 X WoN Z'
w 0.5 X| wy

W @xw

Weights multiply 1-p%

‘Z’zz

Syracuse University BEST Lab
llllllll ironment
Science & Technology
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Dropout is a kind of ensemble.

Ensemble

Training

Network Network Network
2 3

Train a bunch of networks with different structures

Syracuse University

Built Environment
cience & Technology
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Dropout is a kind of ensemble.

Ensemble

Testing data x

A/,/\\A

Network Network Network Network
2 3 4

} ! }
Y1 Y2 Y3 Ya
\\a‘ve rage/‘/

Syracuse University BEST Lab 53
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Dropout is a kind of ensemble.

minibatch  minibatch [ minibatch [ minibatch Training of
1 p) 4 Dropout

M neurons

2M possible

networks
I Vol

3
I 1 I 1
» Using one mini-batch to train one network
»Some parameters in the network are shared

Syracuse University BEST Lab 54
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Dropout is a kind of ensemble.

Testing of Dropout

testing data x

\4\\.,/

'/\\r\\
o{ele)e

4\\/‘;//

t"f

»\\

All the
weights
multiply
1-p%

Syracuse University
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Testing of Dropout

vv

Z=WX{+W,X,

Z=W,X,

Z=WX{+W,X,

Z=W1X4

Syracuse University

m
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Dropout Summary

““" Vanilla Dropout: Not recommended implementation (see notes below) """
p = 0.5 # probability of keeping a unit active. higher = less dropout

def train_step(X):
""" X contains the data """

# forward pass for example 3-layer neural network
H1 = np.maximum(©, np.dot(Wl, X) + bl)
Ul = np.random.rand(*Hl.shape) < p # 7irst dropout mask

H1 *= Ul # drop!

H2 = np.maximum(©®, np.dot(W2, H1) + b2)
U2 = np.random.rand(*H2.shape) < p # second dropout mask

H2 *= U2 # drop!

out = np.dot(W3, H2) + b3

# backward pass: compute gradients... (not shown)
# perform parameter update... (not shown)

def predict(X):
# ensembled forward pass

Hl = np.maximum(©, np.dot(Wl, X) + bl) * p # NOTE: scale the activations
H2 = np.maximum(©, np.dot(W2, H1l) + b2) * p # NOTE: scale the activations
out = np.dot(wW3, AZ) + b3

drop in forward pass

scale at test time

Syracuse University

BEST Lab

Built Environment

Science & Technology
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A More Common Implementation: Inverted Dropout

p=0.5# probability of keeping a unit active. higher = less dropout

def train_step(X):

# forward pass for example 3-layer neural network

H1 = np.maximum(©®, np.dot(Wl, X) + bl)

Ul = (np.random.rand(*Hl.shape) < p) / p # first dropout mask. Notice /p!
H1 *= U1 # drop! Drop and scale
H2 = np.maximum(©, np.dot(W2, H1l) + b2)
U2 = (np.random.rand(*H2.shape) < p) / p # second dropout mask. Notice /p! during training
H2 *= U2 # drop!

out = np.dot(W3, H2) + b3

# backward pass: compute gradients... (not shown)
# perform parameter update... (not shown)

/ test time is unchanged!
def predict(X):
# ensembled forward pass

H1 = np.maximum(®, np.dot(Wl, X) + bl) # no scaling necessary
H2 = np.maximum(0, np.dot(W2, Hl) + b2)
out = np.dot(W3, H2) + b3

Syracuse University BEST Lab 58
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Recipe of Deep Learning

Step 1: define a
set of function

ep £: gooaness

of function

Syracuse University

Good Results on
Testing Data?

Good Results on
Training Data?

59



Choosing Hyperparameters
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Choosing Hyperparameters: Grid Search

Choose several values for each hyperparameter
(Often space choices log-linearly)

Example:
Weight decay: [1x10%4, 1x103, 1x10, 1x10]
Learning rate: [1x10%4, 1x103, 1x102, 1x10]

Evaluate all possible choices on this
hyperparameter grid

Syracuse University

@ Built Environment
Science & Technology
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Choosing Hyperparameters: Random Search

Choose several values for each hyperparameter
(Often space choices log-linearly)

Example:
Weight decay: log-uniform on [1x10%, 1x10]

Learning rate: log-uniform on [1x10%4, 1x10]

Run many different trials

Syracuse University

@ Built Environment
Science & Technology
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Hyperparameters: Random v.s. Grid Search

Grid Lavout Random Lavout

o
Unimportant
Parameter
Unimportant
Parameter

Important Important
Parameter Parameter

Bergstra and Bengio, "Random Search for Hyper-Parameter Optimization”, IMLR 2012

Syracuse University BEST Lab 63
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L
BAYESIAN

imiza

Bayesian Opt

//github.com/fmfn/BayesianOptimization

Hyperparameters

Syracuse University
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Choosing Hyperparameters (without tons of GPUs)

Step 1: Check initial loss

Turn off weight decay, sanity check loss at initialization
e.g. log(C) for softmax with C classes

@ Built Environment
Science & Technology
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Choosing Hyperparameters

Step 1: Check initial loss
Step 2: Overfit a small sample

Try to train to 100% training accuracy on a small sample of training data (~5-10
minibatches); fiddle with architecture, learning rate, weight initialization. Turn
off regularization.

Loss not going down? LR too low, bad initialization
Loss explodes to Inf or NaN? LR too high, bad initialization

Syracuse University BEST Lab 66
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Choosing Hyperparameters

Step 1: Check initial loss
Step 2: Overfit a small sample
Step 3: Find LR that makes loss go down

Use the architecture from the previous step, use all training data, turn on small
weight decay, find a learning rate that makes the loss drop significantly within
~100 iterations

Good learning rates to try: 1le-1, 1e-2, 1le-3, 1le-4

Syracuse University BEST Lab 67
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Choosing Hyperparameters

Step 1: Check initial loss

Step 2: Overfit a small sample

Step 3: Find LR that makes loss go down
Step 4: Coarse grid, train for ~1-5 epochs

Choose a few values of learning rate and weight decay around what worked
from Step 3, train a few models for ~1-5 epochs

Good weight decay to try: 1e-4, 1e-5, 0

Syracuse University BEST Lab 68
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Choosing Hyperparameters

Step 1: Check initial loss

Step 2: Overfit a small sample

Step 3: Find LR that makes loss go down
Step 4: Coarse grid, train for ~1-5 epochs
Step 5: Refine grid, train longer

Pick best models from Step 4, train them for longer
(~10-20 epochs) without learning rate decay

Syracuse University BEST Lab 69
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Choosing Hyperparameters

Step 1: Check initial loss

Step 2: Overfit a small sample

Step 3: Find LR that makes loss go down
Step 4: Coarse grid, train for ~1-5 epochs
Step 5: Refine grid, train longer

Step 6: Look at the learning curves

Syracuse University BEST Lab 70
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Look at Learning Curves!

01U
o8 { —®— train
—&— val
0.08
T 96 1
u
L 006
o 94 1
=
c
= 004 1
E 92 1
'_
0.02 - 90 -
0.00 +—

T T T T T T a8 T T T T T T
0 100000 200000 300000400000 500000 600000 0 100000 200000 300000 400000 500000 600000
lteration lteration

Losses may be noisy, use a scatter
plot and also plot moving average
to see trends better

Syracuse University BEST Lab 71
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Loss
Bad initialization a prime suspect

/

L J

time

Syracuse University BEST Lab 72
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Loss

Loss plateaus: Try learning
rate decay

v

time

Syracuse University

Built Environment

Science & Technology
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Loss

Learning rate step decay Loss was still going down when
learning rate dropped, you
decayed too early!

L J

time

Syracuse University BEST Lab
ult EnmsTigﬁzé &Technology

74



Accuracy still going up, you

Accuracy
need to train longer

Train

_—

Val

L J

time

Syracuse University BEST Lab 75
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Huge train / val gap means
overfitting! Increase regularization,
get more data

/

Accuracy

Train

Val o

L J

time
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Choosing Hyperparameters

Accuracy | No gap between train / val means
underfitting: train longer, use a bigger
model

Train

///

Val

time
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Choosing Hyperparameters

Step 1: Check initial loss

Step 2: Overfit a small sample

Step 3: Find LR that makes loss go down
Step 4: Coarse grid, train for ~1-5 epochs
Step 5: Refine grid, train longer

Step 6: Look at the learning curves

Step 7: GO BACK to step 5
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Summary: Choosing Hyperparameters

network architecture
learning rate, its decay schedule, update type
regularization (L2/Dropout strength)
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Summary: Choosing Hyperparameters

network architecture
learning rate, its decay schedule, update type
regularization (L2/Dropout strength)
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Any Questions?

bidong@syr.edu
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