Deep Learning with Python

Chapter 2



m . .1 Figure 2.1 MNIST sample digits

from keras.datasets import mnist

(train_images, train_labels), (test_images, test_labels) = mnist.load_data()



>>> train_images.shape
(60000, 28, 28)
>>> len(train_labels)

60000
>>> train_labels
array{(15, 0, 4, ...y, 5; 06, 8], dtype=11ints)

>>> test_images.shape

(10000, 28, 28)

>>> len(test_labels)

10000

>>> test_labels

array([7, 2, 1, ..., 4, 5, 6], dtype=uint8)



from keras import models
from keras import layers

network = models.Sequential /()
network.add(layers.Dense(512, activation='relu', input_shape=(28 * 28,)))

network.add(layers.Dense (10, activation='softmax'))

network.compile(optimizer="'rmsprop',
loss="'categorical_crossentropy’',

metrics=["'accuracy'])



Listing 2.4 Preparing the Image data

train_images = train_images.reshape( (60000, 28 * 28))
train_images train_images.astype('float32') / 255

test_images = test_images.reshape( (10000, 28 * 28))
test_images = test_images.astype('float32') / 255

Listing 2.5 Preparing the labels

from keras.utils import to_categorical

train_labels = to_categorical (train_labels)
test_labels = to_categorical (test_labels)



>>> network.fit(train_images, train_labels, epochs=5, batch_size=128)
Epoch 1/5

60000/60000 [================—=—=—==—=—=—=—=—======] - Os - loss: 0.2524 - acc: 0.9273
Epoch 2/5
51328/60000 [========================>..... ] - ETA: 1s - loss: 0.1035 - acc: 0.9692

>>> test_loss, test_acc = network.evaluate(test_images, test_labels)
>>> print('test_acc:', test_acc)
test_acc: 0.9785



Tensors



Scalars (0D tensors) Vectors (1D tensors)

>>> import numpy as np >>> x = np.array([12, 3, 6, 14])
>>> X = np.array(1l2) 2> X
oes % array([12, 3, 6, 14])
array (12) >>> x.ndim
>>> x.ndim 1
0
Matrices (2D tensors) 3D tensors and higher-dimensional tensors
>>> X = np.array([[[5, 78, 2, 34, 0],
(6, 79, 3, 35, 17,
(7, 80, 4, 36, 211,
>>> x = np.array([[5, 78, 2, 34, 0], [[5, 78, 2, 34, 0],
(6, 79, 3, 35, 1], [6, 79, 3, 35, 11,
(7, 80, 4, 36, 2]1]) (7, 80, 4, 36, 2]],
>>> x.ndim [[5, 78, 2, 34, 0],
2 (6, 79, 3, 35, 17,
(7, 80, 4, 36, 2]111)

>>> x.ndim
3



Example

from keras.datasets import mnist

(train_images, train_labels), (test_images, test_labels) = mnist.load_datal()

Next, we display the number of axes of the tensor train_images

>>> print(train_images.ndim)
3

Here’s 1ts shape:

>>> print(train_images.shape)
(60000, 28, 28)

And this 1s 1ts data type, the dtype attribute:

>>> print(train_images.dtype)
uint8



Example

Listing 2.6 Displaying the fourth digit

digit = train_images|[4]

import matplotlib.pyplot as plt
plt.imshow(digit, cmap=plt.cm.binary)
plt.show()
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Figure 2.2 The fourth sample in our dataset




Tensor slicing

The following example selects digits #10 to #100 (#100 1sn’t included)

=

my_slice

= train_images[10:100]

>>> print (my_slice.shape)

(90,

>>>

>>>
(90,

>>>

==

(90,

28, 28)

my slice
my slice
28, 28)
my slice
my_ slice
28, 28)

GJ Equivalent to the
= train_images[10:100, :, :] previous example
shape

Also equivalent to the
= train_images[10:100, 0:28, 0:28] <« previous example
shape



in order to select 14 x 14 pixels in the bottom-right corner of all images

my slice = train_images|[:, 14:, 14:]

In order to crop the images to patches of 14 x 14 pixels centered in the middle, you
do this:

my_slice = train_images([:, 7:-7, 7:-7]



Data batches

Deep-learning models don’t process an entire dataset at once; rather, they

break the data into small batches. Concretely, here’s one batch of our
MNIST digits, with batch size of 128:

batch = train_ _images[:128]

And here’s the next batch:

batch = train_images[128:256]

And the nth batch:

batch = train_images[128 * n:128 * (n + 1)]



Real-world examples of data tensors

Vector data—2D tensors of shape (samples, features)
Timeseries data or sequence data—3D tensors of shape (samples, timesteps,

features)

Images—4D tensors of shape (samples, height, width, channels) or (samples,
channels, height, width)

Video—5D tensors of shape (samples, frames, height, width, channels) or

(samples, frames, channels, height, width)



Features

\/ZSampIes
J

~
Timesteps Figure 2.3 A 3D timeseries data tensor
//

Color channels/ |/

P

Height <
| Samples
\_ |/
\ ~ / Figure 2.4 A 4D image data

Width tensor (channels-first convention)



Tensor operations

keras.layers.Dense (512, activation='relu')

output = relu(dot (W, input) + b)

def naive _relu(x):

assert len(x.shape) == 2 <—— xis a 2D Numpy tensor.

X = x.copy ()
for 1 in range(x.shape[0]):
for j in range(x.shape[l]):

x[1, j] = max(x[i, j], O)
return x

<—— Avoid overwriting the input tensor.



tensor operations: Broadcasting

def naive_add_matrix_and_vector (x, Vy): qJ X is a2 2D Numpy tensor.
assert len(x.shape) ==
assert len(y.shape) == 1 <+—— vy is a Numpy vector.
assert x.shapel[l] == y.shape[0]
ooty Y Avoid overwriting
for 1 in range(x.shape[0]) : the input tensor.

for j in range(x.shapel[l]):
x[i, J] += yI[3]
return X



Tensor operations: Broadcasting

import
X = np.
y = np
z

np

numpy as fap X is a random tensor with
random. random( (64, 3, 32, 10)) qJ shape (64, 3, 32, 10).
.random.random( (32, 10)) .
y is a random tensor
.maximum(x, V) \ with shape (32, 10).

T‘he output z has shape
(64, 3, 32, 10) like x.



Tensor operations: Dot

def naive_vector_dot(x, vy):

assert len(x.shape) == 1

x and y are Numpy vectors.
assert len(y.shape) == 1
assert x.shape[0] == vy.shape[0]

z = 0.

for 1 in range(x.shape[0]):
z += x[1] * yI[i]

return =z



Tensor operations: Dot

import numpy as np X is a Numpy matrix.

def naive_matrix wvector_dot(x, v):

assert len(x.shape) == 2 <|J y is a Numpy vector.
assert len(y.shape) == 1
assert X.shape[l] == y.shapel[0]
The first dimension of x must be the
z = np.zeros(x.shape[0]) < ﬂj same as the Oth dimension of y!
for 1 in range(x.shape[0]):
for j in range(x.shapel[l]): This operation returns a vector of
z[i] += x[i, F1 * vI[j] Os with the same shape as y.

return =z

def naive_matrix_vector_dot(x, v):

zZ = np.zeros(x.shapel[0])
for 1 in range(x.shape[0]) :
z[1] = naive_vector_dot(x[1, :], V)

return =z



Tensor operations: Dot

xandy
are
Numpy
matrices.

def naive_matrix dot(x, Vvy):

%

assert len(x.shape) == 2 The first dimensiop of x_must b:.' the
assert len(y.shape) == 2 same as the Oth dimension of y!
assert x.shapel[l] == vy.shape[0]

This operation returns a matrix
z = np.zeros ((x.shape[0], y.shape[l])) QJ of Os with a specific shape.
for 1 in range(x.shape[0]): <—— lterates over the rows of x ...
for j in range(y.shapel[l]): <—— ... and over the columns of y.
row_x = x[1i, :]
column_vy = vy[:, J]

z[1i, J] = naive_vector_dot(row_x, column_vy)
return =z



Tensor operations: Reshaping

>>> x = np.array([[0., 1.],
(2., 3.],
(4., 5.]11)

>>> print (x.shape)

(3, 2)

>>> X = np.zeros((300, 20))

>>> X = np.transpose (x)

>>> print (x.shape)
(20, 300)

—

>>> x = x.reshape( (6,
>>> X
array ([[ 0.],
[ 1.1,
[ 2.1,
[ 3.1,
[ 4.],
[ 5.11)
>>> X = X.reshape((2,
>>> 3
array([[ 0., 1., 2.

Creates an all-zeros matrix
of shape (300, 20)

1))

3))



Training Loop

1 Draw a batch of training samples x and corresponding targets y.

2 Run the network on x (a step called the forward pass) to obtain predictions y_pred.

3 Compute the loss of the network on the batch, a measure of the mismatch
between y_pred and vy.

4 Update all weights of the network in a way that slightly reduces the loss on this

batch.



Training Loop

Draw a batch of training samples x and corresponding targets y.

Run the network on x to obtain predictions y_pred.

Compute the loss of the network on the batch, a measure of the mismatch
between y_pred and v.

Compute the gradient of the loss with regard to the network’s parameters (a
backward pass).

Move the parameters a little in the opposite direction from the gradient—for

example W -= step * gradient—thus reducing the loss on the batch a bit.

mini-batch SGD vs true SGD vs batch SGD



SGD with momentum

A
Loss
value

Local
minimum

Global
minimum

Parameter Figure 2.13 A local minimum
value and a global minimum




SGD with momentum

You can avoid such issues by using momentum, which draws inspiration from phys-
ics. A useful mental image here is to think of the optimization process as a small ball
rolling down the loss curve. If it has enough momentum, the ball won’t get stuck in a

ravine and will end up at the global minimum. Momentum is implemented by moving
but also on the current velocity (resulting from past acceleration). In practice, this

means updating the parameter w based not only on the current gradient value but also

on the previous parameter update, such as in this naive implementation:



SGD with momentum

past_velocity = 0. Constant momentum factor

momentum = 0.1 P
Optimization loo
while loss > 0.01: 4——J P : P

w, loss, gradient = get_current_parameters()

velocity = past_velocity * momentum + learning rate * gradient
w = w + momentum * velocity - learning_rate * gradient
past_velocity = velocity

update_parameter (w)



Backpropagation



LeNet-5 [Lecun98]

* Lecun, et al. use the gradient-based learning method on MNIST dataset.

1.Forward propagation

C3. f. maps 16@10x10

C1: feature maps S4: f. maps 16@5x5
INPUT 6@28x28 3

32x32 S2: 1. maps

C5: layer
6@14x14 PO: layer CTPUT

120

DOAN

‘ FuII GGHIJIECtIDn GEUEEIEI"I connections
Convolutions Subsampling Convolutions Subsampllng Full cnnnectmn

'TTT-r

2.backward propagation



Why Deep Learning?

The Unreasonable Effectiveness of Deep Features-Caffe descripts.

® & & & o &
dog bird invertebrate vehicle good, covering building
commeodity

Low-level: Pool4 High-level: FCs

Classes separate in the deep representations and transfer to many tasks.
[DeCAF] [Zeiler-Fergus]



Basic Layer in LeNet-5

* The input of forward propagation
* An image
* Pre-defined label image

error

* The output of forward propagation
* Loss error, square error, error rate, probability of each classes

* The input of backward propagation
* Loss error

error

* Training methods
* Gradient-based, dynamic programming




Basic Layer in LeNet-5

* Forward propagation for basic layer
e Convolutional layer
* Pooling
e RelU
* Fully connected layer
e Softmax



The convolutional layer

Input image x;

Trainable filter Fx

GNU nano 2.0.6

name: "convl"

type: "Convolution"
bottom: "“data"

top: "convl"

param {
-1]1-2 (-1 Lr_mult: 1
0Ol 0O !
: : : param {
C: feature map Bias b C: feature map 1 0 ot 2
1 (2|1 0O|4|5]|0 0O14|5]|0 }
convolution_param {
3x%x3 O|4|2]-3 0|4 2]-3 num_output: 20
o > kernel_size: 5
valid’ conv 31-21-4]10 31-21-410 stride: 1
weight_filler {
O|-5|14]|0 O|-514]|0 type: "xavier"
}
4 X4 4 X4 bias_filler {

type: "constant"

@t Get Help gt WriteQOut
! Exit g Justify




Pooling Layer

GNU nano 2.0.6

C: feature map Weight w Bias b

0|4 S: f. map S: f. map S: f. map

0| 4 4 4|5 4|5

3 |(-2|-4 310 310 310

0O|-5(-4 2 X 2 2 X 2 2 X2
4 X 4

»

type: "constant"
}
}
}
LTayer {
name: "pooll"
type: "Pooling"
bottom: "convl"
top: "pooll®
pooling_param {
pool: MAX
kernel_size: 2
stride: 2
}
}
layer {
name: "conv2"
type: "Convolution"
bottom: "pooll"

@t Get Help gt WriteOut
wd Exit gl Justify




RelLU (Rectified Linear Units) —

type: "xavier"

}
bias_filler {
type: "constant"

}
}
}
layer {
name: “"relul"
S: f. map S: f. map type: "RelU"
bottom: "ipl"

4 (5 , 4 |5 , top: "ip1l"

310 310 layer {
name: "ip2"

2 %2 2 X2 type: "InnerProduct"
bottom: "ipl"
top: "ip2"
param {

gt Get Help @Y WriteQOut
@l Exit ] Justify




Fully Connected Layer

ojluviw|P+

Y1

(hidden layers)

‘

® e

GNU nano 2.0.6

layer {
name: "ip2"
type: "InnerProduct"
bottom: "ipl"
top: "ip2"
param {
lr_mult: 1
}
param {
lr_mult: 2
}
inner_product_param {
num_output: 18
weight_filler {
type: "xavier"
}

bias_filler {
type: "constant"

at Get Help g WriteOut
@l Exit gl Justify



How Many Trainable Parameters in LeNet-5

C3:f. maps 16@10x10
C1. feature maps S4: f. maps 16@5x5

b ) 6@28x28
rl_ CS: layer F6: layer  OUTPUT

32x32 S2: f. maps
120

6@14x14
S2: 6| maps X (1|Wel-ght + 1|bias) = 12 parameters

C3:16|fmaps X (6 X5 X 5+ 1|p45) = 2416 parameters
$4: 16| f maps X (Lweignt + 1lpias) = 32 parameters

Cl: 6|kernets X (5 X5+ 1)|5ize = 156 parameters



How Many Trainable Parameters in LeNet-5

C3:f. maps 16@10x10
C1. feature maps S4: f. maps 16@5x5

b ) 6@28x28
rl_ CS: layer F6: layer  OUTPUT

32x32 S2: f. maps
120

r

C5: (16|f.maps X (5 X 5)|size + 1|bias) * 120|neurons = 48120
F6: 120|neurons X 85|neurons = 10200
OUT: 84| peurons X 11|neurons = 924

There are about 61,860 trainable parameters




Gradient-Based Training

* We want to find parameters W to minimize an error nput image

E(f(X, W), Z) W: weights
: : : : : Z: pre-defined label
* For this, we will do iterative gradient descent PrEvERTInEEEER

W) =w(t—-1) - 77 (t)

W—-_ 0 A4, 00 A
’ The!colors represent the Yal:;e of C.

J(w)




Basic Layer in LeNet-5

* Back-propagation for basic layer
* Fully connected layer
* RelLU
* Pooling
e Convolutional layer



Weight vector = W = {w;}i—1.n
Fully Connected Layer -

L)
Input scales = X = {x;};=1._um

Labels = Z = {zy }x=1.c
Loss = F(F(F(X; wy); w,); wy)




Fully Connected Layer

* Forward pass-hidden layer

nety; = wWiXx1 + wyx, + by . .
=.15%x .4+ .20%.3 +.35 =1.55

e Using the activation function and we got the output of hidden layer

outp; = ———— = ———— = 8249

1+e~™th1  1+¢~155

outy, = .6318, outy,; = .5987




Fully Connected Layer

* Forward pass-output layer

b1=.35 b2:.20
net,; = wsouty, + wgouty, + wyioutys + b,

1
= .40 *.8249 + .55 ¥ .6318 + .35 *.5987 + .2 = 1.0870

e Using the activation function and we got the output of hidden layer

out,, = - = - = .7478

1+e-—Ne€tp1  1+—1.0870

out,, = .7524

1
* And we got square error E; 14 = ZE (target — output)?

Erotar = 5 (01 —.7478)%4 - (.99 — .7524)%= 3004




The Backwards Pass

* The goal with back-propagation is to update each of the weights in
the network so that they cause the actual output to be closer the
target output.




The Backwards Pass

* Consider w,. We want to know how much a change in w-, affects the
OE¢otal
6W7 .
* The gradient with respect to w- by applying the chain rule, we know
that

total error,

aEtotal . aEtotal N aoutol N anetol
dw-, dout,; Odnet,; Jdw,

Outhl

A\

E, = > (target,, — out,,)?

Outhz

Eiotar = Eo1 + Epy

OUthg



The Backwards Pass

aEtotal

Eiotal = 3 (targetol — Outol)z'l' E (targetoz — Out02)2

aEtotal
doutyq

=2 %= (targetol out,;) * —1+0

= —(target,; — out,;) = —(.01 —.7478) = .7378

Outhl

N\

_ 0Etal 60ut01 6net01

6W7

out E . =—(target,; — out,,)>
~ dout,, Onet,;  ow, h2 o1 =7 (targety 01)

Eiotar = Eo1 + Epy

OUthg



The Backwards Pass

1
1 + e~netor
= out,,(1 — out,,) =.7478(1 —.7478) = .1886

OUtO]_ —
dout,q

dnet,q

Outhl

N\

aEtotal _ aEtotal aOutol anetol 2
* * E,y = > (target,; — out,,)

= out
6W7 aoutol anetol 0W7 h2

Eiotar = Eo1 + Epy

Outhg



The Backwards Pass

net,; = wyouty, + wgouty, + wWyq0utys

onet
%L = outy, + 0+ 0 = .8249

ow-,

Outhl

N\

aEtotal _ aEtotal aOutol anetol 2
* * E,y = > (target,; — out,,)

= out
6W7 aoutol anetol 0W7 h2

Eiotar = Eo1 + Epy

Outhg



The Backwards Pass

aEtotal aEtotal aOUtol N anetol

- dw,  dout,, 8net01 dw-,
a’;’]t‘” = 7378 *.1886 * .8249 = .1148
7
OE
a;(;tal —(target,; — out,y) * out,1(1 — out,q) * outy,
7

* The above form often called delta rule



Update The Weight

* The weight w- can be updated
aEtotal

ow-

+
W7, = W7 —1

where 1 is the learning rate.

* So the others wg, wg, Wy1g, W11, W12

Z1 = 01




The Hidden Layer

* The weight w; can be updated




aEtotal _ anl anZ

The Hidden Layer Gouty, ~ douty; ' douty;

0Etotar  OEtorqr O0uty, Onety,

dw,;  douty, Onety; 0wy

aEtotal . anl anZ
= +
douty; douty; douty,

aEtotal _ aEtotal aOuthl anethl

awl B aouthl anethl awl




aEtotal . anl anZ

The Hidden Layer Jouty, ~ douty, * douty,

J0E,, 0E,; Jdnet,q

dout,, Onet, douty,

JdE,, dE,, dout,q

= =.7378 *.1886 = .1391
dnet,; dout,,; Onet, "

aEtotal= anl
dout,; dout,

where = —(target,; — out,,)

aEtotal _ aEtotal aOUthl anethl

awl B OOUthl anethl aW]_



aEtotal _ anl anZ

The Hidden Layer Gouty, ~ Doty * doutys
dE,, 0E,, Onet,,

dout,, Onet,q douty,
net,; = w,outy,; + wgouty, + wyq0utys

dnet,q

— W7 — 4‘0

GOU,thl

Outhl

aEtotal _ aEtotal aOuthl anethl

— out
awl aouthl anethl awl h2

Ollthg




aEtotal . anl anZ

The Hidden Layer Jouty, ~ douty, * douty,

OF
°L _ 1391 % .40 = .0556
douty,
OF
0z  _ —.0443 x .50 = —.0221
douty
OF
total _ 9556 — .0221 = .0335
douty,

aEtotal _ aEtotal aOUthl anethl

awl B aouthl anethl aW]_



The Hidden Layer

aEtotal
doutpq

aouthl anethl

and
onetypq owq

* Now we have and we need to figure out

0Etotar  OEtotqr 00Uty Onety,

dw,;  douty, Onet,; 0wy

1
1 + e~"€tha

OUthl —

douty,

= outp1(1 — out = .8249(1 — .8249) = .1444
dnet, outpy ( outpy) ( )



The Hidden Layer

0E
total and
doutpq onetpq

douty dnetpq

, we need to figure out

* Now we have

6W1

aEtotal . aEtotal aOuthl anethl

dw;  Odouty, Onety; 0w,

nety; = wq * Xy + Wy * x5, + by




The Hidden Layer

aEtotal
aW]_

* Finally, we have

aEtOtCll _ aEtOtCLl 50uth1 anethl

an B 80uth1 anethl an

0E
total _ 4335 &« 1444 % 4 = 0019
(9W1




The Hidden Layer

* Thus the weight w; can be updated
aEtotal

owy

+ _
Wy =W —1n

* Repeating this for the rest of the weights w,, w3, w,, we, wg




Tools

<ANVIDIA.
CUDA.

®  theano Caffe CMN-lﬁ-K T’torch

Tensor



What is Caffe?

* Open framework, models, and worked examples for deep learning
e Pure C++ / CUDA library for deep learning

* Command line, Python, MATLAB interfaces

* Seamless switch between CPU and GPU

NVIDIA.




Caffeinated Companies

K%y

Your Memories on Facebook
Allan, we care about you and the memories
you share here. We thought you'd like to
look back on this post from 2 years ago.

" FUEIOROFEMsAR .
B AR SAES

Image may contain: two people, smiling,
sunglasses, sky, outdoor, water

Automatic Alt Text
recognize photo content
for accessibility

On This Day News Image Recommendation
highlight content select and crop images for news



Blob is Everything

* Blobs are N-D arrays for storing and communicating information.
* hold data, derivatives, and parameters

* lazily allocate memory
* shuttle between CPU and GPU

. ® o ful6ru04 — ful6rudd@fuléru04-Ubuntu: ~/caffe-master/p
GNU nano 2.5.3 File: train_val

}
layer {

name: "convl"
" type: "Convolution"

param {
lr_mult: 1
decay_mult: 1




Protobuf Model Format

e Auto-generates code

i & fuléru04 — fulrut4@fuléru04-Ubuntu: ~/caffe-master/projects/myproject?2 — ssh
GNU nano 2.5.3 File: train_val.prototxt

* Developed by Google

. name: "Caft ;"' "2
* Defines Net / Layer / Solver  tayer { &=

- gl GNU nano 2.5.3 File: solver.protot
schemas in *.proto type: "I
top: ngq Net: "train_val.prototxt"
top: ulatest_iter: 3
includl test_interval: 5
phase:base_lr: 8.081
} Lr_policy: "step"
. gamma: 9.1
stepsize: 100000
display: 1
;;gs;smax_iter: 1000
} ~“momentum: 8.2
- welight_decay: 0.0005
lngﬁ;§:snapshnt: 10000
batch snapshot_prefix: "models/train"
hEsalver_mnde: GPU

fulgru0d — fulérut4@ful6ru04-Ubuntu: ~/caffe-master/projects/n

transfo
mirror

new_



Gradient Descent



Review: Gradient Descent

* In step 3, we have to solve the following optimization problem:

0" = arg mgin L(@) L:lossfunction 6O:parameters

Suppose that 8 has two variables {8,, 6,}

90
Randomly start at 89 = [9]6]
2

011 [09]  [aL(69)/06,
= — 1 _ 90 _ 0
01| " (09|~ " |aL(e?) /00, » 6> =0"—nVL(6")
0z] _[of] _ [aL(6d)/a6, o 1
67| |6 " 0L(03)/00, » 0 =6 —nVL(6~)

. 6L(91)/691]

0L(602)/06,




Review: Gradient Descent

Gradient: Loss (The normal direction of the contour)
VL(6Y)

Start at position 6°
VL(6Y)

Compute gradient at 8

VL(6*
(&) Move to 81 =0° - nVL(6°)

=P Gradient
- \OVvEeMent

Compute gradient at 61
VL(g3) T PUEs

Move to 8% =01 —nVL(61)



Gradient Descent
Tip 1: Tuning your
learning rates



9 =i _nVL(Hi—l)

Set the learning rate n carefully

Learning Rate

If there are more than three
parameters, you cannot
visualize this.

Loss

Loss Just make

No. of parameters updates

But you can always visualize this.



Adaptive Learning Rates

* Popular & Simple Idea: Reduce the learning rate by some factor every
few epochs.

* At the beginning, we are far from the destination, so we use larger learning
rate

» After several epochs, we are close to the destination, so we reduce the
learning rate

* E.g. 1/tdecay:nt =n/vt+1
* Learning rate cannot be one-size-fits-all
* Giving different parameters different learning rates



. 7 G
Adagrad T=7x1 9 7 ow

* Divide the learning rate of each parameter by the root mean square
of its previous derivatives

Vanilla Gradient descent

AR N alal /LIl W is One parameters

Adagrad
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Adagrad

* Divide the learning rate of each parameter by the root mean square
of its previous derivatives
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Vanilla Gradient descent

Wt+1 «— Wt . T]tgt

Adagrad

n
Wt+1 «— Wt _ Iit

Larger gradient,
larger step

Larger gradient,
~" larger step

i)2
——, Larger gradient,

smaller step
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Larger gradient, larger steps?

\

Larger 1%t order

derivative means far
from the minima

y = ax?+ bx +c
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Comparison between
different parameters

Do not cross parameters
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Second Derivative

Best step:
X + | |2axy + b|
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The best step is

| First derivative|

Second derivative
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The best step is

w —Ww" — g —| First derivative |
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Use first derivative to estimate second derivative
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Gradient Descent

Tip 2: Stochastic
Gradient Descent

Make the training faster



Stochastic Gradient Descent

2
I = z 97— b + z Wil Loss is thg §ummat|on over
- all training examples

@ Gradient Descent @' = 0'™" — UVL(Hi—l)

@ Stochastic Gradient Descent

Pick an example x"
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Stochastic Gradient Descent

Stochastic Gradient Descent

Gradient Descent Update for each example
Update after seeing all If there are 20 examples,
examples 20 times faster.

See 3l U= See only one |

examples y example

b, exampes
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RMSProp

Error Surface can be very complex when training NN.

Smaller
Learning Rate

BN
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RMSProp
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Root Mean Square of the gradients
with previous gradients being decayed



Hard to find
optimal network parameters

Total
Loss

Very slow at the
plateau

Stuck at saddle point

Stuck at local minima

 aL/ow | oL /ow
i =0 i =0 : =0

The value of a network parameter w



In physical world ......

* Momentum

I How about put this phenomenon

\ in gradient descent?

- o




Review: Vanilla Gradient Descent

VL(6Y) Start at position Y

Compute gradient at Y
Move to 81 =0° - nVL(6°)

Compute gradient at 61
- Gradient

Move to 8% =61 —nVL(61)
P \MOvement :

VL(63)

Stop until VL(8%) = 0



Momentum

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

Compute gradient at §°
Movement vi =Av? - nVL(6°)
Move to 1 =99 + V1

Compute gradient at

=P Gradient
- \]Ovement

Movement v2 = Av! - nVL(61)

. Move to 8% = 91 + 2

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

===xue [\VJovement
of last step

movement.



Momentum

Movement: movement of last

step minus gradient at present

V' is actually the weighted sum of
all the previous gradient:

VL(6°),VL(6Y),...VL(6'"1)
vi=0

vi=-nVL(6%)

v2=-AnVL(O?) -nVL(6Y)

Start at point 8°

Movement v°=0

Compute gradient at §°
Movement vi =Av? - nVL(6°)
Move to 81 =90 + !
Compute gradient at
Movement v2 = Av! - nVL(61)

Move to 8% = 91 + 2

Movement not just based

on gradient, but previous
movement




Still not guarantee reaching

Momentum global minima, but give some

cost
Movement =

Negative of dL/dw + Momentum

- Negative of dL / Ow
«a=sp MOmentum

- Real Movement

dL/dw =0



Adam

RMSProp + Momentum

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 3] and /3%
we denote /91 and 35 to the power .

Require: «: Stepsize

Require: ;. 3, € [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

vp < 0 (Initialize 24 moment vector)

t < 0 (Initialize timestep) I for RMSprop

while 0; not converged do
t+—t+1
gt + Vo fi(0:—1) (Get gradients w.r.t. stochastic objective at timestep )
my < 51 -my_1 + (1 — B1) - g; (Update biased first moment estimate)
v Pz v+ (1 — B2) - gf (Update biased second raw moment estimate)
m¢ < my¢ /(1 — 3}) (Compute bias-corrected first moment estimate)
v + v /(1 — %) (Compute bias-corrected second raw moment estimate)
0; + 0;_1 — a - iy /(\/D; + €) (Update parameters)

end while

return #; (Resulting parameters)




