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Paradigm Shift

Feature Part Sparrow
Extraction Models / Classifier
(SIFT, HoG,...) Encoding
T A&
Sparrow
Feature Learning Classifier
Layers -
L, L, L, L, (Hierarchical
decomposition)




cvIT Common pipeline ﬁ

K-Means/

SIFT/HOG pooling “car

fixed unsupervised supervised

SPEECH

Mixture of
Gaussians

fixed unsupervised supervised

NLP

This burrito place __ JParse Tree
is yummy and fun! Syntactic +

fixed unsupervised supervised
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Common Pipeline

VISION

pixels =—» edge =—» texton =—» motif =—» part =» object

SPEECH
sample = SPectral . formant — motif = phone = word
band
NLP

character = word =+»NP/VP/..—» clause = sentence =—» story
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A simple network

XO fl XI f2 Xn 2 fn-l Xn-l fn Xn
o O
wI W2 Wn-l Wn
xj = fi(xj—1,w;)
rn = f(xg;wy, ... wn)

Here each output x; depends on previous input x; | through a function f, with

parameters W]-




Feed forward neural network
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Feed forward neural network
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Feed forward neural network
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Weight updates using back propagation of gradients
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Training

* Vanishing Gradient Problem

— Consider a simple network. C
z; = o(wlz;_ )
jC}' r f f
;— =0 (?.L-‘{Ig) X Wy X T (w%.rl'lj X Wy X T (w{x[;.) X U
Ly
< <4 <

Derivative of sigmoid function

Deeper the network, gradients
Sy vanish quickly, thereby slowing
4 L
. the rate of change in initial
Squashing

Behaviour Iayers.




Convolutional Network

3x3x3
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Convolutional Network

Convolutional layer with
single feature map.
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3x3x3

200x200x3

» #Hidden Units: 120,000
* #Params: 27 x #Feature Maps
* Sharing parameters

* Exploiting the stationarity property
and preserves locality of pixel
dependencies

Convolutional layer with
multiple feature maps
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Image sizeWIxHIxDI
Receptive field size: FxF

#Feature maps: K
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D2=K

A W W W WO W WA ¥

ANV VAWV VAN

Convolutional Network

/////////ﬁ//

SRR RN




Convolutional Layer

"

Yo"
Conv.

[ ]
Layer

Here “f” is a non-linear activation function.

F= no. of feature maps

n= layer index

“’ represents element-by-element multiplication




Activation Functions

Sigmoid "} tanh op ————— ReLU .} /

()R-/v/ / | //
af f //

| 1 | el —e T

= = — max(0, x

Leaky RelLU ] // maxout

of // max(w?x + by, ’w;x + by)

PN Y

0.0l if otherwise

T ifx <0
y:
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Typical Architecture

* A typical deep convolutional network

X
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* Other layers
— Pooling
— Normalization
— Fully connected

— etc.
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Pooling Layer

Pool Size: 2x2
Stride: 2
W Type: Max
::: Max
Pt pooling
s

Role of an aggregator.

Invariance to image transformation and
increases compactness to representation.

Pooling types: Max, Average, L2 etc.

Image Courtesy: Ranzato CVPR’ 14



— Improves invariances % % Need

Normalization

* Local contrast normalization (Jarrett et.al ICCV’09)

4
— Improves sparsity / similar
/. responses

v

y y.

* Local response normalization (Krizhevesky et.al.
NIPS’[2)

— Kind of “lateral inhibition” and performed across the
channels

e Batch normalization

— Activation of the mini-batch is centered to zero-
mean and unit variance to prevent internal
covariate shifts.
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Fully connected

* Multi layer perceptron
* Role of a classifier

* Generally used in final layers to classify the object
represented in terms of discriminative parts and
higher semantic entities.

e SoftMax

— Normalizes the output.
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Case Study: AlexNet

55 GPU 1

27

3 13 } 3
55 27 "

F J 5 g s I o =
1 e 192 192 128 2538 20as \dense
5% 27 128 ., [ | [ |
! N A \E e, 13 \ 13
224 ™ B gr" — 1-4. R

1ss 1000

1 N\ ' 192 192 128 Max
224\MUstric Max 128 Max pooling

Uof 4 - pooling pooling GPU 2

Winner of ImageNet LSVRC-2010.

Trained over |.2M images using SGD with regularization.

L |

l__u_"‘

Deep architecture (60M parameters.)

Optimized GPU implementation (cuda-convnet)

Krizhevsky, Alex, llya Sutskever, and Geoffrey E. Hinton. "Imagenet classification with
deep convolutional neural networks." NIPS 2012.
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AlexNet Architecture

Softmai(\ Output
* 8 Layers in total ( 5 convolutional Laye‘|,-7|t Full
layers, 3 fully connected layers ) ﬁ
* Trained on ImageNet Dataset [Deng et al. Layer 6: Full
CVPR’09 ]
* Response-normalization layers follow the
first and second convolutional layers. -

. J

Layer 4: Conv

A\
£ A

* Max-pooling follow first, second and the
fifth convolutional layers.

Layer 3: Conv
2\

@
e

* The ReLU non-linearity is applied to the
output of every layer

||
Ll

Input Image




AlexNet Architecture

GPU 1
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Parameter Calculation

55

* Filter Size F Hyper
* Input volume streams be D parameters
* #filters be K

* # parametersinalayeris (F.F.D).K

Example:
For layer I, Input images are 227 x 227 x 3
 F=11 and K =96

e FEachfilter has |1 x Il x 3 =363 and | (bias)
i.e., 364 weights
* # weights = 364 x 96 = 35 K (approx.)

227
/ 55

|@§>ooooo

I

3 K=96

Stride S } Hyper
Zero padding P parameters

Input Size: WI x HI xDI
Output Size: W2 x H2 x D2

227

W2=[(WI-F+2P)/S]+1 and D2 =K

S=4,WI=227,F=I11,P=0 D2 =96
W2 = (227 -11)/4 + | =55
Output Size: 55 x 55 X 96



AlexNet Architecture

55 GPU 1
27 S - B
3 13 5 3
27 —
: g?\ ) 8 E N i o il
. : - 4 ''''
157 153 128 2 20as \dense
>7 128 == i
N - 13 13
il = ~ [ Qﬁéﬁ : :1._- 155~ 1] i 13 dense ensel
\— - o
192 192 128 Max -
Max 128 Max pooling “ 2048
pooling pooling GPU 2
About 57 M parameters are in
the fully connected layers
< 5 Total
Parameters :| [(11x11x3)+1]x96| [5x5x48]x256 [3x3x256]x384 663 K 442 K 37M 16M [4M fl 60M
=35K =307K =884K
Neurons : 253,440 27 x 27 x 256 13x13x384 13x13x384 | 13x13x256 4096 4096 | 1000 0.63 M
= 186,624 = 64,896 = 64,896 = 43,264

* Convolutional layers cumulatively contain about 90-95% of computation, only about 5% of the
parameters

* Fully-connected layers contain about 95% of parameters.




AlexNet Architecture *

Parameters

Neurons
4 M Softmax Output
N 1000
Trained with stochastic 16 M Layer 7: Full 4096
gradient descent 2
* on two NVIDIA GTX

37M Layer_6: Full 4096

580 3GB GPUs
* for about a week *
442 K 43 K

650,000 neurons ) i R
1.3 M Layer 4: Conv 65 K
\. 7\ /
* 60 M parameters
884 K Layer 3: Conv 65 K
630 M connections
_ 307 K 187 K
* Final feature layer: 4096-
dimensional
35K 253 K

Input Image



Training

Learning: Minimizing the loss function (incl.

regularization) w.r.t. parameters of the
network.

Filter weights

N
0" = argming Z L(z" 4", 0)
n=1
Mini batch stochastic gradient descent
— Sample a batch of data.
— Forward propagation
— Backward propagation
— Parameter update

LOSS

P

Ty

NORM

POOL

CONV

NORM

POOL

CONV

c
X >
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Training |
* Backpropagation LOSS

Pt
— Consider an layer f with parameters w: FC

N — f —}.- h F—:eR

" L 2
. . . NORM
Here z is scalar which is the loss computed from loss
. . . . POOL
function h. The derivative of loss function w.r.t to —
parameters is given as:

dz B dz dvecy A

d(vecx)T  d(vecy)T d(vecx)T NORM

Recursive eq. which

is applicable to each
dz dz dvecy layer CONV
d(veew)T — d(vecy)T d(vecw)T

POOL




Training

* Parameter update

— Stochastic gradient descent

oL
On+1=0n — 77%
Here 1 is the learning rate and 0 is the set of all
parameters
— Stochastic gradient descent with momentum
Op+1=0n —nA
0L
A= pA + —
SR

LOSS

P

Ty

NORM

POOL

CONV

NORM

POOL

CONV




A

Training A

LOSS

* Loss functions. +1%
— Classification FC
* Soft-max loss / multinomial logistic regression loss T ‘1’
el .
L= — Z y;ilog(p;) NORM
1 POOL
Derivative w.r.t. x; CONY
oL 1l
o~ —Pi =Y NORM
0z, POOL
Other variations: cross entropy loss, log loss CONV
X >~




Training
LOSS
* Loss functions. rA
— Classification F"f‘ l,
* Hinge Loss L = maz(0, 1 — y;z;) |
Hinge loss is a convex function but not

differentiable but sub-gradient exists. A

NORM

POOL

Sub-gradient w.r.t. x; CONV

@ _ )Y ity <1 NTeTTY

0x; 0 otherwise POOL

CONV

c
X >
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Training +

LOSS
* Loss functions. r 1
— Regression s
* Euclidean loss / Squared loss T ‘1’
1 ) °
L= 5 i — yill5 )
NORM
Derivative w.r.t. x; POOL
oI CONV
=T — i T
813?;
NORM
POOL
CONV
Read MatConvNet manual for understanding derivatives specific to each layer.
http://www.vlfeat.org/matconvnet/matconvnet-manual.pdf
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Training

* Generalization

_ ? A
How to prevent! val-2 accuracy (overfitting)

* Underfitting — Deeper
n/w’s

* Overfitting
— Stopping at the right time.

top5- error

— Weight penalties.

» LI training accuracy

» L2 >

epoch

» Max norm

— Dropout
— Model ensembles

* E.g. Same model, different
initializations.
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CVIT _ _
Generalization
* Dropouts O O O
. . e, O 0
— Stochastic regularization. O o O
\dea applicabl h O Q
— ldea applicable to many other O 8 o O
networks. O
— Dropping out hidden units Before dropout
randomly with fixed probability ‘p’
(say 0.5) temporarily while training. (O O C’) o
— While testing all the units are ¢ : O
preserved but scaled with ‘p’. = O p O
o o ®
— Dropouts along with max norm O
constraint is found to be useful. After dropout
Nitish Srivastava, Geoffrey E. Hinton, Alex Krizhevsky, llya Sutskever, Ruslan Salakhutdinov, Dropout: a
simple way to prevent neural networks from overfitting. JMLR 2014



Generalization

* Without dropout

Mean Activation Activation
1200 T

1000

a00

00123456?89

1 2 3 4 5

Features learned
with one hidden

layers auto-encoder
on MNIST dataset.

Sparsity
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Nitish Srivastava, Geoffrey E. Hinton, Alex Krizhevsky, llya Sutskever, Ruslan Salakhutdinov, Dropout: a
simple way to prevent neural networks from overfitting. JMLR 2014
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Data Augmentation/Jittering

A popular scheme to minimize overfitting

The easiest and most common method to reduce
overfitting on image data is to artificially enlarge
the dataset using label-preserving
transformations.

Researchers employ different forms of data
augmentation:

— image translation

— horizontal reflections

— changing RGB intensities

Control the emount of jitter. Excessive can be
counter productive



AlexNet Implementation Detalils

* Trained with stochastic gradient descent
— on two NVIDIA GTX 580 3GB GPUs

— Highly optimized GPU implementation of 2D
convolution (for a batch size of 128)

— Originally implemented using cuda-convent

— Trained for 90 epochs through training set of |.2
million images

— Training time about 5 to 6 days

— Data augmentation and dropout to prevent overfitting.
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Madagascar cat

| agwric dmimatian %ﬂ' monkey

mushroom ‘ spider monkey

plckup jelly fungus widerberry utl
beach wagon glll fungus |ffordshire bullterrier Indr|
fire enaine | dead-man s-finoers currant howler monkev

Source: Krizhevsky et.al. NIPS’12

Hand-crafted Deep Deep Deep
features ConvNet ConvNet ConvNet
(2012) (2012) (2013) (2014)

Top-5 classification accuracy



Feature Visualization

Corners and other edge/color conjunctions




Feature Vlsuallzatlon

Similar textures
(note the mesh patterns and text, highlighted with
yvellow square)
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Object Parts ( dog face & bird legs) Entire object with pose variation (dogs)




* Lower layers converge faster

* Higher layers start to converge later




“Stimulus”

CNN: Visualization

] ]
AN\
3|_ S
' 13 se| |d
000
192 8 Max L
pooling J 2048 2048
< featurechannels» _— cells 227 pixels
y //
N~ 6 227
6
256

pools feature map

feature position receptive field
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CNN: Visualization







CNN: Visualization
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CVIT

Historical Note: LeNet (1989,1998)

C3:f. maps 16@10x10
INPUT C1: feature maps S4: 1. maps 16@5x5

6@28x28
32x32 @ S2: f. maps
6@14x14

Co: layer pg- OUTPUT
120 FEE‘. layer 0

| | Fullconljlecti{m ‘ Gaussian connections
Convolutions Subsampling Convolutions  Subsampling Full connection

Architecture of LeNet-5 used for recognizing digits.




A

Historical Note: Neocognitron

* Inspired from [Hubel & Wiesel 1962]
* Simple cells detect local features

* Complex cells “pool” the outputs of simple cells

within a retinotopic neighborhood.
Uy Wiy Usg i U
s1 Ugq YUs2 Uss s3Uc3

A @ 4, Uss

Us

input 3 HV
contrast / recognition
extraction layer  Slide Courtesy:

v [ masker LeCun ICML 2013
layer

b



Summary

Deep Convolutional Networks
— Conv, Norm, Pool, FC, Layers

— Training by Back propagation
Many specific enhancements

— Nonlinearity (ReLU), Dropout, Superior GD, ..
Lots of data, Lots of computation

Anatomy and Physiology of AlexNet
— Architecture, Parameters

— Feature Visualization

Next: What is going on during 2012-2016




Thank You!!




