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Logistics

* Project milestone

— Due on Nov. 18 in Gradescope

 Template
— Problem description
— Dataset
— Approach and methodology
— Remaining work
— Team member contribution

e Last homework will be released this week



Outline

* Feed-Forward architectures
— Multi-class classification (softmax unit)

— Lab in Keras

* Convolutional Neural Networks
— Convolution layer
— Max pooling layer
— Examples of famous architectures



References

* Deep Learning books
— https://www.deeplearningbook.org/
— http://d2l.ai/

e Stanford notes on deep learning

— http://cs229.stanford.edu/notes/cs229-notes-
deep learning.pdf

* History of Deep Learning

— https://beamandrew.github.io/deeplearning/2017
/02/23/deep learning 101 partl.html
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Neural Network Architectures

Feed-Forward Networks

* Neurons from each layer
connect to neurons from
next layer

Deep Feed Forward (DFF)
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Convolutional Networks

* Includes convolution layer
for feature reduction

* Learns hierarchical
representations

Deep Convolutional Network (DCN)
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Recurrent Networks

* Keep hidden state

* Have cyclesin
computational graph

Recurrent Neural Network (RNN)
() ()
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Feed-Forward Networks

e\/ _
K

Layer O Layer 1 Layer 2 Layer 3

L denotes the number of layers

L :
s € NT" contains the numbers of nodes at each layer

— Not counting bias units
— Typically, s, = d (# input features) and s; ;=K (# classes)



Feed-Forward Neural Network

Training example
x = (X1, X2, X3)

(Input Layer) (Hidden Layer) (Output Layer)

Layer O Layer 1 Layer 2

No cycles 6 = (b1, witl pl2l w2l



Vectorization
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Output layer

Vectorization

) T . . .
:52] = ”'1[2] altl + b[l“)] and (1[1“)J = q(:g“)])
22 = Wi gl 4 pl2 and a? =g(2?)
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Linear Non-Linear
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Hidden Units

* lLayerl
— First hidden unit:
1]

+ Linear: z\"l = Wl[l] Tx + bg

* Non-linear: agl] = g(zgl])

— Fourth hidden unit;:
1]

+ Linear: z," = WF] Tx + bg

* Non-linear: al[Ll] = g(zl[Ll])

 Terminology

— al[]] - Activation of unitiin layer j

— g - Activation function
— WUI - weight vector controlling mapping from layer j-1 to j

— bUl - Bias vector from layer j-1 to j



Forward Propagation

* The input neurons first receive the
data features of the object. After
processing the data, they send their
output to the first hidden layer.

* The hidden layer processes this output
and sends the results to the next
hidden layer.

* This continues until the data reaches
the final output layer, where the
output value determines the object's
classification.

* This entire process is known as

Forward Propagation, or Forward prop.

input layer
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. output layer

hidden layer 2

X » Prediction
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Activation Functions

SlngId Binary
o(r) = Classification
tanh

tanh Regression
RelLU Intermediary

max(0, ) layers
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Multiple Output Units: One-vs-Rest

We want:
[ 1 ] [0 ] [0 [0 ]
0 1 0 0
he(x) ~ 0 he(x) ~ 0 he(x) =~ 1 he(x) ~ 0
0 0 0 1

when pede-stri:;\n when car when motorcy;cle when truck



Multiple Output Units: One-vs-Rest

We want:

]’I@ (X) ~ 0

when pede_stri::m

0
when car

0
0
1
0

when motorcycle

[ 0
0
he(x) ~ 0
1

when trIJck

o Given {(x,,y;), (X9,9s5), ...

s (X))

* Must convert labels to 1-of- K representation

—eg.,vyi=

0

0
| | when motorcycle, yi=
0

0

1
0
0

when car, etc.
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Neural Network Classification

,‘ \ Given:

0" A

' 412;0. 6’9’9 {(Xpyl): (X‘Z?yQ)? (X-n?yn)}

X “@‘ “ 2 4L .
‘\ ./ W\\ s € N7~ contains # nodes at each layer

' — s, = d (#features)

Binary classification Multi-class classification (K classes)
_ K 11 [0 0 0

rex el [ ]

pedestrian car motorcycle truck

1 output unit (s, ,= 1
P (sp.4= 1) K output units (s; ,= K)

Sigmoid Softmax
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Softmax classifier

B —P p(y=0
2.0 0.7 "v0
A
X e —p> p(y=1) Y
Ll 0.2
B —> p(y=2)
Uad 0.1
Scores (Logits) Probabilities
e’i
o(z); = — forj=1, ..., K
D je €7

* Predict the class with highest probability
* Generalization of sigmoid/logistic regression to multi-class
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Multi-class classification

—3 P(y=0 | x)
—> Ply=1]x)

—> Ply=2 | x)

Softmax
classifier
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Review Feed-Forward Neural Networks

Simplest architecture of NN

Neurons from one layer are connected to neurons from
next layer

— Input layer has feature space dimension

— Output layer has number of classes

— Hidden layers use linear operations, followed by non-linear
activation function

— Multi-Layer Perceptron (MLP): fully connected layers
Activation functions

— Sigmoid for binary classification in last layer

— Softmax for multi-class classification in last layer

— RelLU for hidden layers

Forward propagation is the computation of the network
output given an input

Back propagation is the training of a network
— Determine weights and biases at every layer



FFNN Architectures

Input
layer
Hidden

layer 1 Hidden
layer 2

Output
layer

— @ i)

———=0 ) — u(2)

* Input and Output Layers are completely specified
by the problem domain

* Inthe Hidden Layers, number of neurons in Layer
i+1 is always smaller than number of neurons in
Layer i



MNIST: Handwritten digit recognition

Ol /|14D Y
| |72 %

Images are 28 x 28 pixels

Represent input image as a vector x € R84
Learn a classifier f(x) such that,

Predict the digit
Multi-class classifier



Image Representation

* Image is 3D “tensor”: height, width, color
channel (RGB)

* Black-and-white images are 2D matrices:
height, width

— Each value is pixel intensity

Height < [/

Width
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Lab — Feed Forward NN

import time
~import numpy as np
from keras.utils import np_utils
import keras.callbacks as cb
from keras.models import Sequential
from keras.layers.core import Dense, Dropout, Activation
from keras.optimizers import RMSprop
from keras.datasets import mnist]

import matplotlib
matplotlib.use('agg’)
import matplotlib.pyplot as plt

def load_data():
print(“Loading data")
(X_train, y_train), (X_test, y_test) = mnist.load_data()

X_train = X_train.astype( 'float32")
X_test = X_test.astype('float32")

X_train /= 255
X_test /= 255

y_train = np_utils.to_categorical(y_train, 19)
y_test = np_utils.to_categorical(y_test, 10)

X_train = np.reshape(X_train, (6eeee, 784))

X_test = np.reshape(X_test, (10000, 784))

print("Data Loaded")
return [X_train, X_test, y_train, y_test]

Import modules

Load MNIST data
Processing

Vector
representation
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Neural Network Architecture

i-def init_model():
start_time = time.time()

print(“Compiling Model")

model = Sequential()_ . .
model.add(Dense(10, input_dim=784)) 10 hldden Un-ItS
RelLU activation

model.add(Activation( 'relu’))

vV Vv

model.add(Dense(18))
model.add(Activation( ‘softmax’)) > OUtpUt Laye.r .
Softmax activation

rms = RMSprop()
model.compile(loss='categorical_crossentropy ', optimizer=rms, metrics=[‘accuracy’'])

print(“Model finished"+format(fime.time() - start_time))
return model

Loss function Optimizer

Feed-Forward Neural Network Architecture
e 1 Hidden Layer (“Dense” or Fully Connected)
* 10 neurons

* Qutput layer uses softmax activation
23



Train and evaluate

~def run_network(data=None, model=None, epochs=10, batch=256):
try:
start_time = time.time()
if data is None:
X_train, X_test, y_train, y_test
else:
X_train, X_test, y_train, y_test

load_data()

data

if model is None:
model = init_model()

print("Training model"™)

validation_data=(X_test, y_test), verbose=2)

history = model.fit(X_train, y_train, nb_epoch=epochs, batch_size=batch,

print("Training duration:"+format(time.time() - start_time))
score = model.evaluate(X_test, y_test, batch_size=16)

print("\nNetwork's test Loss and accuracy:"+format(score))
return model, history
except KeyboardInterrupt:
print("KeyboardInterrupt™)
return model, history

24




Training/testing results

Epoch Output

Metrics
* LossS

* Accuracy
Reported on both training and validation



Changing Number of Neurons

def init_model():
start_time = time.time()

print(“Compiling Model™)
model = Sequential()
model.add(Dense(500, input_dim=784))
model.add(Activation( 'relu’))

500 hidden units

v

model.add(Dense(18))
model.add(Activation( ‘'softmax’))

rms = RMSprop()

model.compile(loss='categorical_crossentropy ', optimizer=rms, metrics=[ ‘accuracy’])
print("Model finished"+format(time.time() - start_time))

return model




Two Layers

def init_model():
start_time = time.time()

print(“Compiling Model")
model = Sequential()

model.add(Dense(568, input_dim=784))
model.add(Activation('relu’))

model.add(Dense(300))
model.add(Activation( 'relu’))

model.add(Dense(10))
model.add(Activation( 'softmax’))

rms = RMSprop()

model.compile(loss="categorical_cross

entr

v

Layer 1

v

Layer 2

v

Output Softmax Layer

, optimizer=rms, metrics=[‘accuracy’])

print(“Model finished"+format(time.time() - start_time))

return model




Monitor Loss

def plot_losses(history):

plt

plt.
plt.
plt.
plt.
plt.
plt.

.plot(history.history[ 'Loss'])
plt.

plot(history.history[ ‘val_Loss'])

title( 'Model Loss')
ylabel( 'Loss ")
xlabel( "Epoch")

legend([ 'Train', 'Test'], loc='upper Left")

show()
savefig( 'output.png’)

0.35 A

0.30 A

0.25 A

0.20 A

Loss

0.15 -

0.10 A

0.05 A

0.00 -

Model Loss

—— Train
— Test

Epoch

80

100
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Model Parameters

model.summary()

Using TensorFlow backend.
Loading data

Data loaded

Compiling Model

activation 2 (Activation)

Total params: 54
Trainable params:
Non-trainable params:

Output

300)
300)
10)

10)




Neural Network Architectures

Feed-Forward Networks

* Neurons from each layer
connect to neurons from
next layer

Deep Feed Forward (DFF)

TAYAN
ot WY,
AR

K
\

Convolutional Networks

* Includes convolution layer
for feature reduction

* Learns hierarchical
representations

Deep Convolutional Network (DCN)

| X X XX |

Recurrent Networks

* Keep hidden state

* Have cyclesin
computational graph

Recurrent Neural Network (RNN)
() ()

Voo le
\..';‘\..
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Convolutional Neural Networks

First strong results MM o9

H

pre-trainin
Acoustic Modeling using Deep Belief Networks i
Abdel-rahman Mohamed, George Dahl, Geoffrey Hinton, 2010 B I |
Context-Dependent Pre-trained Deep Neural Networks § S e
for Large Vocabulary Speech Recognition 25 | |
George Dahl, Dong Yu, Li Deng, Alex Acero, 2012 a | |
A T

. . . . Spectrogram
Imagenet classification with deep convolutional -
neural networks e ezt o o
Alex Krizhevsky, llya Sutskever, Geoffrey E Hinton, 2012

\ A= ﬁ:;’_- A

Figures copyright Alex Krizhevsky, Ilya Sutskever, and Geoffrey Hinton, 2012, Reproduced with permission.
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Convolutional Nets

No errors

A white teddy bear sitting in A man in a baseball
the grass uniform throwing a ball

r

A man riding a wave on A cat sitting on a

top of a surfboard suitcase on the floor
Photo by Lane Mcintosh. Copyright C5231n 2017.
self-driving cars
- Object recognition - Image captioning

- Steering angle prediction
- Assist drivers in making
decisions

32



Convolutional Nets

* Particular type of Feed-Forward Neural Nets
— Invented by [LeCun 89]
* Applicable to data with natural grid topology
— Time series
— Images

* Use convolutions on at least one layer

— Convolution is a linear operation that uses local
information

— Also use pooling operation

— Used for dimensionality reduction and learning
hierarchical feature representations



Convolutional Nets
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Convolutional Nets

Preview: ConvNet is a sequence of Convolution Layers, interspersed with

activation functions

/ 32
RelLU
e.g.6
5x5x3
32 filters

w |

CONYV,

A-

28

CONYV,

RelLU
e.g. 10
5x5x6
filters

.

V.

24

CONYV,

RelLU
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Convolutions

A closer look at spatial dimensions:

7

7X7 input (spatially)
assume 3x3 filter
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Input

Example

R C1EN

Filter
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