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How to represent images

o We've dealt with:
o Numbers

o Time series

o Text
o What about images?
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Computer vision tasks

Image
Classification + Object Detection
Localization

Image
Classification

Image
Segmentation

(inspired by a slide found in cs231n lecture from Stanford University)
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Image classification

o Very useful in data science
o Classifying images into 1 or more categories

o Training data must have images labeled with their class
> Can be hardto find / produce training dataset
o Possible sources: captcha’s, Mechanical Turk, etc.
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Challenges in images

Ries
\
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Deep learning

Neural Networks

Deep
Learning
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Deep learning with CNNs everywhere

et R A

INTERNET & CLOUD MEDICINE & BIOLOGY MEDIA & ENTERTAINMENT SECURITY & DEFENSE AUTONOMOUS MACHINES

Image Classification Cancer Cell Detection Video Captioning Face Detection Pedestrian Detection
Speech Recognition Diabetic Grading Video Search Video Surveillance Lane Tracking
Language Translation Drug Discovery Real Time Translation Satellite Imagery Recognize Traffic Sign
Language Processing

Sentiment Analysis

Recommendation




The big bang in machine
learning

DNN BIG DATA

“ Google’s Al engine also reflects how the world of computer hardware is changing. (It)
depends on machines equipped with GPUSs... And it depends on these chips more
than the larger tech universe realizes.”

WIGER
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Artificial neurons

Biological neuron Artificial neuron
, _ y
impulses carried
toward cell body
branches
dendrites of axon
<{‘§(\}/£ Wi W2 W3
= axon
nucleus ——i :\;_JSLS - terminals
7, —z\\ impulses caried
away from cell body X1 X3 X3

cell body
From Stanford cs231n lecture notes
Weights (W,)
= parameters y=F(W1X1+W2X2+W3X3)




Artificial neural network

A collection of simple, trainable mathematical units that collectively learn complex

functions
Hidden layers
~ ) . O'0,
Input layer [Prer=a @D SR SS = SN =@ @ (@] Ouiput layer

'..-"_"-., 'A-"_"-v,’ 0N
I’u,__ ___.tll 'lk__ ___.“I lk__ __.Jl

Given sufficient training data an artificial neural network can approximate very
complex functions mapping raw data to output decisions




Yann LeCun

o Founding father of convolutional neural networks

o Chief Al scientist Facebook
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Convolutional neural networks

O

O

LeCun, 1989

“...are a specialized kind of neural network for processing data that has
a known grid-like topology. Examples include time-series data, which
can be thought of as a 1-D grid taking samples at regular time
intervals, and image data, which can be thought of as a 2-D grid of
pixels. Convolutional networks have been tremendously successful in
practical applications. The name “convolutional neural network”
indicates that the network employs a mathematical operation called
convolution. Convolution is a specialized kind of linear operation.”
(Goodfellow et al., 2016)
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Convolutional Neural
Networks (CNNs)

o Neural networks that use convolution in place of general matrix
multiplication in at least one of their layers.

4 e

Input Image > CNN
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CNNs

CNN

Y4
PAS

CNN
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CNNs are everywhere

Segmentation
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CNNs are everywhere

This image by GBPublic_PR is
licensed under CC-BY 2.0

Photo by Lane Mcintosh. Copyright CS231n 2017.

self-driving cars
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CNNs are everywhere

e ————————
NONPNINEN PN PNY
PNINININININ

[Toshev, Szegedy 2014]

frame: t-3 t-2 t-1 t

”Smearine" . .

[Guo et a[ 2014] Figures copyright Xiaoxiao Guo, Satinder Singh, Honglak Lee, Richard Lewis,
and Xiaoshi Wang, 2014. Reproduced with permission.
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CNNs are everywhere

Malignant Malignant Benign

A

[Le Vy et al 20 1 6] Figure copyright Levy et al. 2016.

Reproduced with permission.

PARKING| %

Photos by Lane Mcintosh.

[Sermanet et al. 201 1] Copyright CS231n 2017.
From left to right: public domain by NASA, usage permitted by [C”.esan et al ]

[Dleleman et al 20 1 4] ESA/Hubble, public domain by NASA, and public domain.
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CNNs are everywhere

This image by Christin Khan is in the public domain Photo and figure by Lane Mclintosh; not actual
and originally came from the U.S. NOAA. example from Mnih and Hinton, 2010 paper.

Whale recognition, Kaggle Challenge Mnih and Hinton, 2010
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CNNs are everywhere

No errors Somewhat related

A white teddy bear sitting in A man in a baseball A woman is holding a
the grass uniform throwing a ball cat in her hand

L5 i LTI S G |

A man riding a wave on A cat sitting on a A woman standing on a
top of a surfboard suitcase on the floor beach holding a surfboard
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Image
Captioning
[Vinyals et al., 2015]

[Karpathy and Fei-Fei,
2015]

All images are CCO0 Public domain:
https://pixabay.com/en/luggage-antique-cat-1643010/

https://pixabay.com/en/teddy-plush-bears-cute-teddy-bear-1623436/
https://pixabay.com/en/surf-wave-summer-sport-litoral-1668716/
https://pixabay.com/en/woman-female-model-portrait-adult-983967/
https://pixabay.com/en/handstand-lake-meditation-496008/
https:/pixabay.com/en/baseball-player-shortstop-infield-104526 3/

Captions generated by Justin Johnson using Neuraltalk2




CNNs are everywhere

o [

Original image is CCO public domain
Starry Night and Tree Roots by Van Gogh are in the public domain

Figures copyright Justin Johnson, 2015. Reproduced with issi using the Inceptionism approach Bokeh image is in the public domain Gatys etal, :Image STer Transfer using Conyolutional Neural Netwo'rks", CVPR 2016
from a blog post by Google Research. Stylized images copyright Justin Johnson, 2017; Gatys et al, “Controlling Perceptual Factors in Neural Style Transfer”, CVPR 2017
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What does an image look like?

o Matrix with 3 layers (RGB)

. [o.s89 0.705 0.118 0.884 ...
O 256 CO|OrS Beintensity | s3s 0532 0,653 0.925 ...
vabes 0.314 0.265 0.159 0.101 ...
0.553 0.633 0.528 0.493 ...
0.441 0.465 0.512 0.512 ...
0.398 0.401 0.421 0.398 ...
12 0.713 ...
. [o0.382 0.547 0.515 0.815 ...
Greenintensity o 411 0.300 0.205 0.525 ... 1;: g'ﬁ:
values 0.523 0.428 0.712 0.929 ... :
0.214 0.604 0.918 0.344 ...
0.100 0.121 0.113 0.125 ...
0.288 0.187 0.204 0.175 ...
50 0.531 ...
. [0.19270.985 0.234 0.432 ...
Red intensity | o 765 o0.128 0.863 0.521 ... po7 °"‘;"°
vabes 1.000 0.985 0.761 0.698 ... poes 0.726 ...
0.455 0.783 0.224 0.395 ...
0.021 0.500 0.311 0.123 ...
1.000 1.000 0.867 0.051 ...
1.000 0.945 0.998 0.893 ...
0.990 0.941 1.000 0.876 ...
3 0.902 0.867 0.834 0.798 ...
V’ -’
y
Originalimage = RGB channels https://blog.datawow.io/interns-explain-cnn-8a669d053f8b

50.038 COMPUTATIONAL DATASCIENCE




Simple black and white image

o|jofofojojo|oO

oj1(0f(o0foOf1/|0O0

o o ojofofo|jojo|oO

| . ojofof1|j]0]0(0O
S

oj1{o0f(o0o|j0O0j]1(0O0

o|jof1(1|]1]0¢(0O

o|jojfofojojoOo|oO

2D matrix
(no grayscale)
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Before convolution

o Original values of a 24-bit color images (True Color):
o 8-bit per color: 0 — 255.
o Total: 256 * 256 * 256=16,777,216 colors

o Value for red, green, and blue.

o Preprocessing color values: normalized between 0 and 1
-> will increase performance
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How does convolution work?

19/11/18



Problems with NN and images

o A color image with size 300 x 300 would have 300 x 300 x 3 input
values which is equal to 270,000 inputs. If, for example, we have 1,000
hidden units in our first hidden layer, there would be approximately
270 million parameters or weights for us to train which is infeasible.

1000 hidden

> High chance of overfitting units
and highly complex network

https://blog.datawow.io/interns-explain-cnn-8a669d053f8b
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Solution: convolution

o Reduces the number of parameters we need to learn.

o Preserves locality. We don’t have to flatten the image matrix into a
vector, thus the relative positions of the image pixels are preserved.

PATCHES “CANONICAL” CLASS PREDICTIONS
CNN CLASSIFIER

? TRAINING SIGNAL

g
o
r
c
[=]
o
=
=
'S

Fully connected

Conv
Pool
Conv
Pool
Conv

WHALE
NOT-WHALE
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What goes on in a typical CNN?

v,

= B ]~ CAR
a B ] — TRUCK
] B | — VAN
) | - -
f’v e ] —
' < [ [] — BicYcLE
INPUT CONVOLUTION + RELU ~ POOLING  CONVOLUTION + RELU POOLING FLATTEN RO SOFTMAX
FEATURE LEARNING CLASSIFICATION

https://blog.datawow.io/interns-explain-cnn-8a669d053f8b
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Convolutional layer

o Many feature maps are created, using filters (also called kernels).

o Kernels are learned to best fit the task at hand.

We create many 1 Feature Maps
% feature maps to 1*
~0-] 0 obtain our first
convolution layer
0j1)]01]0
0|0 O
0|0 E
0o|1(|0
0|01
00| O

Input Image |

Convolutional Layer
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Convolution

o Fora 2-D image H and a 2-D kernel F:

o Convolution Operator:G=H *F

k k
Gli.jl= Y Y H[u,v]F[i—u.j—v]

u=-—kov=-k

-> continuous version would be:integral of two functions afterone is
reversed and shifted. In CNNs, we often do not flip the kernel, hence we
actually calculate cross-correlation instead of convolution:

o Correlation Operator:G=H®F

k k
Gli,jl= Y Y Hluv)Fli+ u,j+ v

u=-—kv=-k

o uandv arethefilterdimentions,iandj the positionsin the resulting
activation map
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Convolution

Center element of the kernel Is
placed over the source pixel,
The source pixel is then
replaced with a weighted sum
of itself and nearby pixels.

i

Image source




Convolution

e Example: edge detection filter’kemel

110 [-1
110 [-1
1 (0 |-1
3x3
filter




Convolution

e Example: edge detection filter’kemel

6X6

110 [-1
110 [-1
1 (0 |-1
3x3
filter




Convolution

e Example: edge detection filter’kemel
=3x1 + 1x1+ 2x1 + Ox0 + 5x0 + 7x0 + 1x(-1) + 8x(-1) + 2x(-1)

31011 (2|7 |4 1 (0 |-1 |—5\

1|5 (8 |9 (|3 |1 * |1 |10 |-1

2 |7 12 |5 |1 (3 110 |-1
Of(1 |3 1|1 |7 |8 3x 3
212111612 |3 filter A4




Convolution

e Example: edge detection filterkemel, skip size= 1

31011 (2|7 |4 1 (0 |-1 -51-4

1|5 (8 |93 |1 * |1 |10 |-1

2 |7 12 |51]11 (3 110 |-1
Of(1 |3 1|1 |7 |8 3x 3
212111612 |3 filter Lxa




Convolution

e Example: edge detection filter’kemel

3 |0 1 |o |1 5|4 &
1|5 * |1 ]0 |-1] =

2 |7 1 |o |-1

0ol1|3]1]7]8 3y 3

412011628 filter 4x4




Convolution

e Example: edge detection filter’kemel

I
1
[BEY
o
|
N
N
w

1|5 (8|9 (3 |1 * |1 |10 |-1

2 |7 12|51 |3 1 (0 |-1 0 2| -4 | -7
O |1 1|3 (1|7 |8 3x3 -3 | -2 | -3 ]|-16
filter

6Xx6




Convolution

e Example: edge detection filter’kemel

10 |10 |10 |0 |0 |o 1 1o |1
10 /10 |10 |0 |0 |0
* [1 |0 |-1| =

10 /10 |10 |0 |0 |0

1 (0 |-1
10 |10 100 |0 |o
1010100 |0 |o 3x3
1010100 |0 |o filter

4x4

6X6




Convolution

e Example: edge detection filter’kemel

1010100 |0 |o 1 1o |-1 o |30 (30 |0
10 110 110 |0 |0 |0 _|o [30]30 |0
¥ |10 1| =
10 110 '10 |0 |0 |0 o |30 |30 ]o0
1 (0 |-1
1010100 |0 |o o |30 |30 ]0
1010100 |0 |o 3x3
. 4x4
1010100 |0 |0 filter
6x6




Activation maps

activation map

__— 32x32x3 image
5x5x3 filter

V

=\

convolve (slide) over all
spatial locations

N

w |
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Activation maps

o Each filter creates an activatio map

__— 32x32x3 image activation maps

/ ox5x3 filter
2
¢>O convolve (slide) over all

spatial locations
s

w|
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Activation maps

For example, if we had 6 5x5 filters, we’ll get 6 separate activation maps:

/ %2
Convolution Layer
A A

3 6

activation maps

28

We stack these up to get a “new image” of size 28x28x6!
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ConvNet

Preview: ConvNet is a sequence of Convolutional Layers, interspersed with
activation functions

yar

CONV, CONV, CONV,
RelLU RelLU RelLU
eg.6 e.g. 10
/ 5x5x3 5x5x6
32 filters filters

w|
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Convolution

e Typical filters that are leamed:

(Krizhevsky et al., 2012)

http://matlabtricks.com/post-5/3x3-convolution-kernels-with-online-demo




R INEEEMTNEITA AR SO AR TIEN SRR
one filter => :
one activation map example 5x5 filters

£ (32 total)

Activations: i

\ \ '\ - ft s
\, L\~
. H . . Figure copyright Andre] Karpathy.
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Different levels of features

Raw data Low-level features Mid-level features High-level features

Application components:

Task objective
e.g. ldentify face

Training data
10-100M images

Network architecture
~10s-100s of layers
1B parameters

Learning algorithm
~30 Exaflops
1-30 GPU days




A closer look at dimensions

o A 7x7 input with a 3x3 filter:

7




A closer look at dimensions

o A 7x7 input with a 3x3 filter:

Stride =1
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A closer look at dimensions

o A 7x7 input with a 3x3 filter:




A closer look at dimensions

o A 7x7 input with a 3x3 filter:




A closer look at dimensions

o A 7x7 input with a 3x3 filter: 5x5 output
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A closer look at dimensions

o A 7x7 input with stride 2 and a 3x3 filter:
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A closer look at dimensions

o A 7x7 input with stride 2 and a 3x3 filter:
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A closer look at dimensions

o A 7x7 input with stride 2 and a 3x3 filter: 3x3 output
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A closer look at dimensions

o A 7x7 input with stride 3?? What is the output size?

o [(N - F) / stride] + 1

7

eg. N =7, F=3:

stride 1 => (7 -3)/1+1=5
stride 2 => (7 - 3)2+ 1 =3
stride 3 => (7 - 3)/3 + 1 = 2.33
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Padding

o e.g. input 7x7 3x3 filter,

o Applied with stride 1 pad with

1 pixel border => what is the output?

o 7x7 output!

o | O | O | O )| O

o In general, common to see conv.

layers with stride 1, filters of
size FxF, and zero-padding

with (F-1)/2. (will preserve size

spatially)
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After convolution

v,

= B ]~ CAR
a B ] — TRUCK
] B | — VAN
) | - -
g - - =
’ < [ [] — BicYcLE
INPUT CONVOLUTION + RELU ~ POOLING  CONVOLUTION + RELU POOLING FLATTEN RO SOFTMAX
FEATURE LEARNING CLASSIFICATION
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Non-linear activation

o Tanh, sigmoid, or ReLu activation function

o Most popular (often performs best): ReLu  f(z) = max(0, x)

=> to introduce non-linearity in our ConvNet, since most of the real-
world data we would want our ConvNet to learn would be non-linear.

o After each conv layer, it is convention to apply a non-linear layer (or

activation layer) immediately afterwards.
. ReLU

. R(z) =maz(0, 2)
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Pooling

o Non-linear down-sampling to simplify the output of the convolutional
layer.

o ConvNets often use pooling layers to reduce the size of the
representation, speed up the computation, as well as make some of
the detected features a bit more robust.

o Types of pooling:
> Max pooling (popular)
° Average pooling

o Typical shape: 2x2 or sometimes 4x4
o Too large window: dramatic loss of information

o Non-overlapping windows perform the best
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Pooling

o Hyperparameters: max pooling
o Stride size

° Pooling window size

o Pooling layers don’t learn themselves, they just reduce the size of the
problem

Image: https://medium.com/data-science-group-iitr/building-a-convolutional-neural-network-in-python-with-tensorflow-d251c3ca8117
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Flatten

Pooled Feature Map

1

1

1(1]0 , 0

Flattening

2 (1 4
0|21 C:
1

0

2

1
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Fully connected layer

o Finally, after several convolutional and max pooling layers, the high-level reasoning
in the neural network is done via fully connected layers. Neurons in a fully
connected layer have connections to all activations in the previous layer, as seen
in regular neural networks. Their activations can hence be computed with a matrix

multiplication followed by a bias offset

o Training Loss: how training penalizes the deviation between the predicted and true
labels and is normally the final layer. Various loss functions appropriate for different
tasks may be used there:

o Softmax loss (a Softmax activation plus a Cross-Entropy loss) is used for multiclass
classification (it distributes the probability throughout each output node, meaning that the

sum of all probabilitiesis 1)

o Sigmoid cross-entropy loss (Sigmoid activation plus a Cross-Entropy loss) is used for binary
classification

o Euclidean loss is used for regressing to real-valued. (could be mean squared error: mse)
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Softmax
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Keras for CNNSs

o Making sure the images are fed with a fixed image width & height.
Generators are used to feed the images in batches from a directory
(rescaled if needed)

train_generator = datagen.flow_from directory(
train data dir,
target_size=(img_width, img height),
batch_size=batch_size,
class_mode='binary')
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Keras for CNNSs

o Sequential model means the layers are stacked

model = Sequential()

o For each convolutional layer:

model.add(Convolution2D(32, (3, 3), input_shape=(img_width, img height,3)))
ze (3,3)

model.add(Activation('relu'))

model.add(MaxPooling2D(pool_size=(2, 2)))

32 kernels of size 3 x 3 are used, input size is width x height x 3 (color
images), pooling sizeis 2 x 2, and

o The last layers are fully connected, dense layers:

model.add(Flatten())
model.add(Dense(64))
model.add(Activation('relu'))
model.add(Dropout(0.5))
model.add(Dense(1))
model.add(Activation( 'sigmoid'))
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Keras for CNNSs

o The final activation, tailored to classification (or regression with mse):

model.compile(loss='binary crossentropy',
optimizer='rmsprop’,
metrics=[ 'accuracy'])

o And model training:

model.fit_generator(
train_generator,
steps_per_epoch=train_samples // batch_size,
epochs=epochs,
callbacks=[history], # save the history so that we can plot it later
validation_data=validation_generator,
validation_steps=validation_samples// batch_size,)

50.038 COMPUTATIONAL DATA SCIENCE




Famous prebuilt
networks




LeNet-5

o Developedin 1998 to identify handwritten digits for zip code recognition
in the postal service.

o1 feat C3: f. maps 16@10x10
: feature maps S4: f. maps 16@5x5
INPUT 6@28x28 pe 106G«

32x32 @ S2: f. maps
6@14x14

|
| ‘ Full coanection | Gaussian connections

Convolutions Subsampling Convolutions  Subsampling Full connection

o Convolutional layers use a subset of the previous layer's channels for each
filtertokreduce computationand force a break of symmetryin the
network.

o Subsamplingis Average Pooling with learnable weights per feature map.

o Parameters: 60,000

http://yann.lecun.com/exdb/publis/pdf/lecun-98.pdf
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AlexNet

o Alex Krizhevsky et al.: won 2012 ImageNet competition (1.2 million
training images, 1000 classes)

55
27
13 13 13

N
1 N 1
N S . S - 1&‘ w
N —— - - 1 -
1 [ Ay = 1 3I- —A% 3
22a || |-~ 127 Q: T7\|? ™ . Q: -

384 384 256
Max
Max Max pooling

Stride\| o pooling pooling
224\ [ of 4

Ly

55

o The general architecture is quite similar to LeNet-5, although this
model is considerably larger. The success of this model convinced a lot
of the computer vision community to take a serious look at deep
learning for computer vision tasks.

o Parameters: 60mio (7 hidden layers, 650K units)

https://www.nvidia.cn/content/tesla/pdf/machine-learning/imagenet-classification-with-deep-convolutional-nn.pdf
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VGG-16

o The VGG network, introduced in 2014, offers a deeper yet simpler
variant. At the time of its introduction, this model was considered to
be Very deep. 224 x224x3 224x224x64

o 16 Conv layers

112 x|112x 128

o Wxtremely homogeneous
architecture that only performs
3x3 convolutions and 2x2
pooling from the beginning
to the end

@ convolution+ReLLU
@ max pooling
(., fully connected+ReLU

@ softmax

o Parameters: 138 million

model vgg = applications.VGGl6(include top=False, weights='imagenet')

https://arxiv.org/abs/1409.1556
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Inception (GooglLeNet)

o Developed in 2014 for ImageNet competition by Google researchers.
The model is comprised of a basic unit referred to as an "Inception
cell" in which we perform a series of convolutions at different scales

and subsequently aggregate the results. %

3x3 convolutions 5x5 convolutions 1x1 convolutions
1x1 convolutions [} [} L]
convolution
- 1x1 convolutions 1x1 convolutions 3x3 max pooling
I max pooling

I channel concatenation
[ channel-wise normalization
I fully-connected layer

| softmax

Previous layer

auxiliary loss

Parameters: 5 million (V1) and 23 million (V3) https://arxiv.org/abs/1409.4842
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ResNet

o Deep residual networks enabled much deeper networks (from 10s to 100s of layers)

o ImageNet competition winner 2015

o More layers = better performance? No, after a while more layers have a negative effect
on performance => degradation problem:
> although better parameter initialization techniques and batch normalization allow for deeper
networks to converge, they often converge at a higher error rate than their shallower
counterparts.

o Solution: ResNet - residual blocks in which intermediate layers of a block learna
residual function with reference to the block input.

o You can think of this residual function as a refinement step in which we learn how to
adjust the input feature map for higher quality features.

X
A\ 4
weight layer
F (x) I} relu =
weight layer identity

F(x) +x
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ResNet

o Each colored block of layers = series of convolutions of the same
dimension. The feature mappingis periodically downsampled by strided
convolution accompanied by an increase in channel depth to preserve
the time complexity per layer. Dotted lines denote residual connectionsin
which we projectthe inputviaa 1x1 convolution to match the dimensions
of the new block. (no fully connected layers)

residual connection

x
[ weigr taver ]
Fx) -
identity
®

Flx) +x .

y
v

W A |
%
, A,

Residual Network F———— s34 i b s idisg

oz ]
¥

;=a===.=.‘=.§s=e.==s.s.“un|;. 3 aEMHHEM
Plain Network ~ f—————— 1> o/ lsifo fo i fi Do o i Fo o o o o o o o i i o i o i i i i i o e L
e 1iﬂ3333i|33333331332 | 2313333333

o Parameters: 25 million (ResNet 50)

https://arxiv.org/abs/1512.03385
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Depth of the ILSVRC winners

Classification: ImageNet Challenge top-5 error

28.2

{ 152 layers ’ e

\
\
\
‘ 22 layers ‘ 19 Iayers ’
\ 6.7 I

357 I____I 8 layers H 8 layers ’

ILSVRC'15  ILSVRC'14  ILSVRC'14  ILSVRC'13 ILSVRC'12 ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet
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ILSVRC winners

Object Detection: PASCAL VOC mean Average Precision (mAP)

80%

A
70%

60% Before deep convnets
)\ A
50% { \
40% A A
A Using deep convnets

30%

20%

mean Average Precision (mAP)

10%

0%
2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016

year
Figure source: Ross Girshick
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ResNeXt

o Extension of ResNet, which replaces the standard residual block with
one that leverages a "split-transform-merge" used in the Inception
models:

° Instead of performing convolutions over the full input feature map, the
block's input is projected into a series of lower (channel) dimensional
representations on which we separately apply a few convolutional filters
before merging the results.

ResNet 50

. ResNeXt block
residual block
ey I
. = e X A~ - =~
256, 1x1, 64 [ 256, 1x1,4 256,1x1,4 |, .5 256,1x1,4 | O\
‘} - - paths - \
64, 3x3,64 ] ’ 4,3x3,4 4,33,4 | v 4,334
- - . - . ‘ - . J
64, 1x1, 256 l 4,1x1,256 4, 1x1,256 4,1x1,256
B / — — — /
(44— TN e A P
¥ 256-d out >
+ 4 p—
256-d out

https://arxiv.org/abs/1611.05431
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DenseNet

o DenseNet—idea: “it may be useful to reference feature maps from earlier in the network”.

o Thus, each layer's feature map is concatenated to the input of every successive layer within a dense
block. This allows later layers within the network to directly leverage the features from earlier layers,

encouraging feature reuse within the network.

o Even better performance with less complexity, based on ResNet architecture

o Parameters:
> 0.8 million (DenseNet-100, k=12)

o 5.3 million (DenseNet-250, k=24)
> 40 million (DenseNet-190, k=40)

Input

Prediction

Dense Block 3

=

Dense Block 2

="/

Dense Block 1

=

‘horse”

UonN|oAUOD

UoRN|OAUOD

uoRN|oAUOD

https://arxiv.org/abs/1608.06993
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Hello world

MNIST APPLICATION
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Handwritten digit recognition

o MNIST data set of handwritten
digits from Yann LeCun’s website

o All images are 28x28 grayscale
> Pixel values from 0 to 255

o 60K training examples / 10K test
examples

o Input vector of size 784
o 28 *%28=784

o Output value is integer from 0-9

Slides inspired by the NVIDIA SUTD ambassador workshop
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LeNet for MNIST

o LeNet with 10 epochs

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

INPUT
A 6@28x28

S2: f. maps
6@14x14

I
Full coanection | Gaussian connections

Convolutions Subsampling Convolutions  Subsampling Full connection
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Evaluation

o First experiment: trained on reduced small dataset (4x less data). This
will allow us to test our architecture and debug.

Accuracy
obtained from
validation
dataset

i
|
/ é

Aoy ™M

T Y Y T T T
i = bl A L] | 3

Loss
R o™ e e —— function
S S (Validation

r .2 T Y T ¥y Y n
o 1 2 ] ‘ A s ? A ©

function
N oan (v} W scouescy dvel) I koe (vl

° o (Training)
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First result

Predictions
2 GEZD
0
6 [ 2.14%
9 0.65%
8 0.55%
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First result

o Training done within minutes

o 96% classification accuracy

1:99.90 %

2:69.03 %

o Promising! Let’s train on the |
3
complete dataset... ;

8:99.69 %
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Full dataset

o Now that we have tested our model, let’s run it on the complete
dataset, 4x larger

o 60k images for training, 10k test
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What type of filters do we
learn?

AT =
Fl A Nh




Results on full dataset

o 10 epochs

o 99% of accuracy achieved

o Noimprovements in

recognizing real-world
images

o Better results, but...

why those bad results?

B oF=wpH
o

1:99.90 %

2:69.03 % :87.23 %

8:71.37 % : 71.60 %

8:85.07 % :79.72 %
:99.00 % :95.82 %

8:99.69 % :100.0 %

8:54.75 % : 70.57 %
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Data augmentation

o For our seven test images that the backgrounds are not uniform. In
addition, most of the backgrounds are light in color whereas our
training data all have black backgrounds.

o We saw that increasing the amount of data did help for classifying the
handwritten characters, so what if we include more data that tries to
address the contrast differences?

=> jnvert images
Let's turn the white pixels to black and vice-versa. Then we will train

our network using the original and inverted images and see if
classification is improved.
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Data augmentation

o Pixel(Inverted) = 255 — Pixel(original)

o White letter with black background. -> Black letter with white
background

WOWHIQI~N
N NN (JY N
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Results with augmentation

o Classification accuracy:

1:99.90 % 1:90.84 %

3:100.0 %
4:100.0 %

7:82.84 %

2:69.03 % 2:87.23 % 2:89.44 %
W34
3
o2

8 8:99.69 % 8 :100.0 % 8:100.0 %
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Data augmentation

o Other ways of augmenting images include: rotation, shift, rescale,
zoom, flip,...
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datagen

= ImageDataGenerator(
rotation range=40,
width shift range=0.2,
height shift range=0.2,
shear range=0.2,
zoom_range=0.2,
horizontal flip=True,
fill mode='nearest')



Beyond images

19/11/18 50.038 COMPUTATIONAL DATASCIENCE




Convolution only for images?

o While image processing has made convolution popular, CNNs have
applications in a number of other domains that deal with multi
dimensional matrices

o The data does not need to be 2-D, can be applied to 1-D or multi-
dimensional data as well

o Video
o Text processing (word vectors)
o Audio tasks

O ...
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Audio

o Data analytics is also important for audio:
o Spoofing detection

> Music genre classification

o Spoken word detection

o Hit prediction

o Speaker identification

> Emotion detection from music / voice

o How do we start on this? Well, audio can be represented as an image...
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Audio as an image

o Simple waveforms:

o More informative are spectrograms: a visual representation of the
spectrum of frequencies of sound or other signal as they vary with
time.
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Spectrograms

o Typical spectrogram of a few spoken words.
o Y-axis: frequencies

o X-axis: time

o Lower frequencies can be seen as more dense (brighter) here, as it’s a
male voice

The power spectrum of a time signal
describes the distribution of power into
frequency components composing that
signal. Using Fourier analysis, we can
decompose a signal into discrete frequencies
(a spectrum of frequencies) over a
continuous range.
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MFCCs

o A effective type of spectrogram in sound processing is Mel-frequency
cepstrum (MFC), which represents the short-term power spectrum of
a sound, based on a linear Cosine Transform (similar to Fourier
Transform) of a log power spectrum on a nonlinear Mel scale of
frequency.

o Through historical experiments, researchers have determined that we
can distinguish better between tones in the lower frequencies than
higher frequencies.

o The Mel filterbank represents human hearing more accurately.
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MFCCs

o Commonly used as features in speech recognition systems, e.g. to
automatically recognize numbers spoken into a telephone; and music
information retrieval applications such as genre classification, audio
similarity measures, etc.

o Not very robust in the presence of additive noise
-> common to normalize their values
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Hz

Spectrogram filters

o Example Mel Spectrogram

Mel spectrogram

4096
2048
1024
512 [ 3 [ 3 [ 3
’l II ’l-l--’..---. i PRALERS . 4 TOR MY 48] [} P s 3 [ LB i 3 (3} 1) 1Y
5 | 3 | B (3 i f f i | i 4 i f i A i
B s s manen e G S W WG 0 W B WS O W w0 Nt Wt
0:00 0:10 0:20 0:30 0:40 0:50 1:00
Time

+0 dB

-10

-20

-30

-60

-70

-80

dB

dB

dB

dB

dB

dB

dB

dB

np.ndarray [shape=(n,)] or None
audio time-series
:number > O [scalar]
sampling rate of y
np.ndarray [shape=(d, t)]
spectrogram
fft:int > O [scalar]
length of the FFT window
»p_length:int > O [scalar]
number of samples between successive frames. See librosa.core.stft

»wer:float > O [scalar]

Exponent for the magnitude melspectrogram. e.g., 1 for energy, 2 for
power, etc.

keyword
Mel filter bank parameters. See librosa.filters.mel for details.

np.ndarray [shape=(n_mels, t)]
Mel spectrogram

librosa. feature.melspectrogram(y=None, sr=22050, S=None, n_fft=2048, hop_length=512,

power=2.0, **kwargs) [source]
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Speech recognition

o Abdel-Hamid et al., 2014

o Large vocabulary automatic speech recognition task: 18 hours

Static, A, AA

Convolution layer .
/_M \ feature maps TEx poling ther full
feature maps omer-Iuty
s sl = connected
--------- \ hidden layers

Y
SZzzme-

Frequency 4
bands

Frames

Share same weights

https://www.microsoft.com/en-us/research/wp-content/uploads/2016/02/CNN_ASLPTrans2-14 pdf

50.038 COMPUTATIONAL DATA SCIENCE




Speech recognition

o With and without pre-training (with Restricted Bolzman Machines)

o CNN has:

° one pair of convolution and pooling
two hidden fully connected layers
84 feature maps per section

filter size of 8 No PT | With PT
DNN 37.1% 35.4%
CNN | 342% 33.4%

o

o

(@)

[e)

pooling size of 6
a stride of 2

[e)

o Context window has 11 frames
o Compared to 3-layer DNN (size 2000)

o The table represents word error rate (WER)

https://www.microsoft.com/en-us/research/wp-content/uploads/2016/02/CNN_ASLPTrans2-14 pdf
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Music emotion classification

o Liu etal., 2017

o Dataset: CAL500exp
o 3223 short segments labeled with 18 emotions tags

o 4 convolutional layers with 1 hidden layer

Convolutional layers ~ Hidden layers
| o Y
pooling more convolution O-..). \ OPemo_ 0
spectrogram . . and poolingn ry Ol 0 O, ‘OPemo_1
BRSO N e ALY RS o ! ¥ o) i
— = _—— By & \ /OPem 2
= 1 | - 1
T gt B 0 e & e o 5 " OPemo_3
5' fm i = : i T ml_w : : g : o o o o k ':.-'f, :;:“‘ . .
= ny e «< o Wy B | : - Softmax §
S ma L B
1 | Ry 1 A
4 Q’Q. ! [T O R H ::(OPemo_15
L___________.E g L= o © © (OPemo_16
__ome  boolmg\_ J & OPemo_17

https://arxiv.org/pdf/1704.05665.pdf
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Audio signals

o Time signals

o Next week we will discuss recursive neural networks (RNNs and
LSTMs) with a memory effect.
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