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Broad Organization

|. Introduction
. Introduction to CV, ML and DL

. Modern CV and role of ML
Neural network learning

2. Closer Look at Deep Learning
*  More on CNN
*  Training, Learning
*  Understanding AlexNet
3. Recent Advances (beyond AlexNet)
*  Learning
*  Applications
4. Other Topics (as time permits)
*  RNN etc.
*  Practical aspects and challenges
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AlexNet (NIPS 2012)
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ImageNet Classification with Deep Convolutional ImageNet Classification Task:

Neural Networks
Previous Best: ~25% (CVPR-2011)
AlexNet :~15 % (NIPS-2012)
Alex Krizhevsky Ilya Sutskever Geoffrey E. Hinton
University of Toronto University of Toronto University of Toronto

kriz@cs.utoronto.ca 1ilyafcs.utoronto.ca hinton@cs.utoronto.ca




.ﬁ.
Recent Success of “Deep Learning™ ™*
ImageNet Challenge

Top-5 Error on Imagenet Classification Challenge (1000 classes)

SIFT+FV [CVPR 201 1] ~25.7%

AlexNet [NIPS 2012] ~15%

OverFeat [ICLR 2014] ~ 13%

ZeilerNet [ImageNet 201 3] ~11%

Oxford-VGG [ICLR 2015] ~7%

GoogleNet [CVPR 2015] ~6%, ~4.5%

MSRA [arXiv 2015] ~3.5% ( released on 10

December 2015!)

Human Performance 3to5%




mAP over VOC2007
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2007 T 2013 2014
Method BOW BOW  LLC SV VLAD-R FK FK-I  Caffe VGG-CNN
VocSz. 4K 25K 25K 1024 512 (80) 256 256 - -

Code Dim. 32K 200K 200K  1056K 328K 524K 524K 4096 4096

PCA Dim. 2048
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Karpathy, CVPR 2015
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Q: What is the object close to the wall? Q: What is the largest object?

A: whiteboard \: sofa

Q: What is the object in front of the sofa? Q: How many windows are there?
\: table A: 2

Chen, CVPR 2016 ()



What Is this big leap?

A

LeNet(1989) | LeNet(1998) | AlexNet(2012)
Task Digit Digit Objects
# Classes 10 10 1000
image size | 16 x 16 28 x 28 256 x 256 x 3
# examples | 7291 60,000 1.2M
units 1256 8084 658,000
parameters | 9760 60K 60 M
connections | 65K 344K 652M
Operations | 11 billion 412 billion 200 quadrillion




Organization: Part -

Introduction to Deep Learning
Ingredients of recent success in CV
Computer Vision Problems

Neural Networks and Learning
SVMs and Shallow learners

Deep Learning Architectures




What Is deep learning?

Output
4
Mapping
Output Output from
features
A Y A
Mapping Mapping Most
Output from from complex
features features features
) A B 4
Hand- Hand- ;
designed designed Features ?e':tﬂl:s.;
program features
3 3 A a
Input Input Input Input
Rule-based Classic Representation Deep
systems machine learning learning

learning

Y. Bengio et al, 'Deep
Learning”, MIT Press, 2015



CV In last two decades

A number of well defined problems
. Public data sets, evaluation metrics

Friendly competitions

.
2
3
4. Superior features
5. Machine learning
6

. Open codes, libraries

We will visit some of these dimensions as we move forward.
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Caltech 101 (2003)

* Dataset for basic-level categorization
* Obijects from 101 classes

* Famously difficult




s PASCAL [2005-2012]
 PASCAL VOC (Visual Object Classes Challenge)

— Popular dataset

- 20 object categories

. Multlple Tasks
— Classification
— Detection

— Segmentation




PASCAL VOC 2005-2012

20 object classes 22,591 images

Classification: person, motorcycle

Segmentation

Action: riding bicycle

Everingham,Van Gool,Williams,Winn and Zisserman.
The PASCAL Visual Object Classes (VOC) Challenge. lJCV 2010.



&5
IM A GENE | Large Scale Visual 'ﬁ
Recognition Challenge (ILSVRC) 2010 - ??

20-ebject-classes 22,59 1-images
1000 object classes 1,431,167 i |mages

Ol. Russakovsky, . Deng, H. Su,joathan rauée, S Satheesh, S. Ma, Z. Huang, A. Karpathy, A.
Khosla, Mi. Bernstein, A. C. Berg and Li Fei-Fei. ImageNet Large Scale Visual Recognition
Challenge. l)CV, 2015




Output:
Scale
T-shirt
Steel drum

Drumstick
Mud turtle

_
ACC u racy 100,000

100,000
images

v

A

Output:
Scale
T-shirt
Giant panda
Drumstick
Mud turtle

X

Considered as an “easier task now a days. Need the bounding box also.

| [correct on image i]



Fourier and Wavelet
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PCA, Subspaces

and Manifolds of responses
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Well Engineered Features

Bag of Words (Sivic and
Zisserman 2003)

Focus: Dictionary Learning,
Pooling and Coding
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# 1t's deep if it has more than one stage of non-linear feature transformation

Deep Learnt Features

Low-Level Mid-Level| [High-Level Trainable

— ot —_— —
Feature Feature Feature Classifier

Source:Yann LeCun



Learning Interngl Representations
by Error Propagation

I F.RLIMFEIHART, G E HINTOM, 2zl K. ). WILLIAMS

NN was always learning features!

Cutput Pattans
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Thanks: P.S. Sastry for reminding this historical note.
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Machine Learning and Classification

.




Variations

* Binary Classification

X [e L = {ll, ZQ}
 Multi Class Classification
X lEL:{ll,lg,...,lHC”}

Multi Label Classification

X N ={ 0, e L={l, e, oy}

Structured Output Prediction
X ye Y={1,..k}

* Y are complex (structured outputs)
* Images, text, audio, folds of protein




Finding the Maximum Margin Plane‘&

|.  Maximize margin 2/||w]] A oY)
2. Correctly classify all training data points: ’ positive
sSCcores
X, positive(y, =1): X, -w+b>1 ” ¢ *
X. hegative (y, =—1):X.-w+b<-1 < ¢
Quadratic optimization problem: .
>
negative
scores

| M

Tin — 2 _

Min = | w | *CZﬁ
1=

subject to: y;(w!z;) > 1—§,& >0
One constraint for each

\T training point.

Note sign trick.




Structured SVM

A

a N\
Binary SVM:
Minimize: %llwll2 + C Zf;vi1 &i
subject to: y,;(wai) >1—-¢;, ¢&=0
\_ 4
a N\
Structured SVM:
.. 1 C
Minimize: - lw||? + ;Z?:l &
Subjectto:  w!oW;(y) > A(y;,y) — &, Vi,y #y;

p

4




Structured Prediction

4 N
Binary SVM:
Minimize: ;llwll2 +C YN E
subject to: y,;(wai) >1—-¢;, ¢&=0

K

/ One constraint for each

data point x; and output

Structured SVM: configuration y
Minimize: ;llwll2 + %Z}Ll ¢;
Subjectto:  w!oW;(y) > A(y;,y) — &, Vi,y #y;

<




CVIT

Structured Prediction

A

~

Structured SVM:
C

Minimize: l||w||2 — 21 &
= -
Subject to: w7]6‘Pi(_y) > A(yl,y) — &;,

< I

Vi,y * Vi

\

4

v

* Given, ¥: X X Y — R% a feature function
* Extracts some feature vector score from given

sample and label

° 51P1(Y) — lp(xil yl) o qj(xil Y)
* Score for correct output configuration minus
score for incorrect output configuration



Structured Prediction

e N
Structured SVM:
Minimize: g”W”Z + %Z}LlEi
Subjectto:  w'SW;(y) =|A(y, Y)|— & Viy # Y
(U N /
v

e A: Y XY — R, is astructured loss which measures
the distance in label space

* Example: In case of string matching where U is a set of
all strings, A can be Hamming Distance between the
two strings.




Neural Networks

* Biologically inspired
A simple neural network networks.

input hidden output

ayer  laver  layer * Complex function
approximation
through composition
of functions.

* Can learn arbitrary
Nonlinear decision
boundary

A



A

WoTo
Z wity |f : Output Layer
1
Input Layer
w99  Hidden unit/Neuron Perceptron

f

Y,

E.g. Sigmoid Activation Function Multi Layer Perceptron

Input Layer  Hidden Layers Output Layer
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Loss or Objective

L
O
s [~
Input Layer Hidden Layers : Output Layer S
n
Label .
Objective: Find out the best parameters which will minimizes the loss.
N
W* = arg nl}]i/n Z L(zi, yi; W) Weight Vector
i=1
1 n 2
S |2 —wi |5 E.g. Squared Loss



B

wunQQr

Input Layer ' Hidden Layers ' Output Layer

WI Wn
4 |

Solution: Iteratively update W along the direction where loss decreases.

Each layer weights are updated based on the derivative of its output w.r.t. input and weights
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Gradient Descent

* Visualization of loss function

A Loss decreases in
the direction of
negative gradient

Loss (L)

oL
Wipqi=W; —nx oW Parameter update
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CVIT

Training

* Visualization of loss function

Initialization Typically viewed as

highly non-convex

function but more
A "
recently it’s
believed to have
smoother surfaces
but with many
saddle regions !

Loss

W
C“ — —> —> ‘%

Momentum Step size/learning rate Step direction




Loss

Training

Momentum

— Better convergence rates.

— Physical interpretation: Affects velocity of the update.
— Higher velocity in the consistent direction of gradient.
— Momentum update:

VV??H — I/V@i NA  Position

oL
A= 'IA T a7 oW Velocity

gradient

Hyper parameter update

momentum



Training

* Learning Rates (1)

— Controls the kinetic energy
of the updates.

— Important to know the decay
and relationship wrt 1.

— Common methods
(Annealing):-
 Step decay
* Exponential/log space decay
e Manual
— Adaptive learning methods

* Adagrad (Duchi, JMLR 201 1)

* RMSprop (Hinton, Coursera
Slides, Lecture 6)

Loss

>

loss

low learning rate

high learning rate

\

>

good learning rate

epoch

Figure courtesy: Fei Fei et al., cs231n



Loss

Training

Other methods
— Newton method
— Quasi-Newton

SGD u -  SGD
Momentum [ —  Momentum
NAG g ~— NAG
Adagrad | #l — Adagrad
Adadelta ' Adadelta
Rmsprop | 4 Rmsprop

4 O i
0500 00,

{
YR,

ROKDKININD
009,
'u"o"'""""

KD
904
X5

1.0

Animation Courtesy: Fei Fei et al., cs231n

Pros: Hyper parameter free.
Cons: Computation of inverse of Hessian
matrix is very costly
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GD: Discussions

 Momentum:

— Use the past and present

* Learning rate
— Rate of change
* |nitialization
— Good initialization is always looked for

 Batch Size

— Memory, and many other practical considerations

* Convergence
— When to stop
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Variants of Gradient Descent

* Stochastic Gradient Descent (SGD)

— Use ONLY ONE training sample from your training set to
do the update for a parameter in a particular iteration

 Mini-batch Gradient Descent

— Use a small number (m) of randomly chosen training
samples from your training set to do the update for a_
parameter in a particular iteration SGD ——

 (Observations:

If m = |, Stochastic Gradient Descent

| <m <n, Mini-batch Gradient Descent
m =n, Gradient Descent (GD)

where n is the size of training set

-0,
-1000  -500 0 500 1000 1500 2000

Image Courtesy: Machine Learning, Andrew Ng, Coursera
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Variants of Gradient Descent

* Sub-gradient Methods

— Algorithm for minimizing a non differentiable convex
function

— Uses step lengths that are fixed, instead of an exact or
approximate line search as in the gradient method

— Unlike the ordinary gradient method, the function
value can increase




SVM as Neural Network

G(X, ) = ZajK(Xj,X)

Number of units in input (or
first) layer is equal to the
dimension of our feature
vector X

The number of hidden layer
units is equal to number of
support vectors

Activation function (or non
linearity) for hidden layers is
the kernel function K (.,.)

A
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SVM as Shallow Learner

G(X, ) = ZajK(Xj,X)

* Any SVM formulation can be

thought of as a neural
network with one hidden
unit.

GX,a) = ¥ a;K(X',X)
VVe see that output is a
linear combination of kernel
products evaluated on each
support vector which is a
fairly shallow representation
of input features X



— = SVM with Gradient Descent R
a I
Binary SVM:
Minimize: %llwll2 +C YN E
subject to: y,;(wai) >1—-¢;, ¢&=0
A 4
4 I

Binary SVM: Re-writing the objective function

Minimize: %llwll2 +C ¥M ., max(0,1 — y;(w.x; + b))
& 4
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. .
SVM with Gradient Descent
/Binary SVM: (nge Loss) =
w2 + ¢ 2 L(xi, i W)
\where L(x;,v;; w) = maX(O 1— y;(W.x; + b)) .
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. .
CVIT SVM with Gradient Descent
/Binary SVM: (Hlnge Loss) R
w2 + ¢ Z L(xi, i W)
\where L(x;, y;; W) = max(O 1 y;(W.x; + b)) y

Compute Sub-
gradient of hinge loss




SVM with Gradient Descent | I

e The iterative update for gradient descent is

W we —n(Aw, — y;x;), if yilw.x; +b) <1
b+l w, —niw,,  otherwise

where, 17 is the learning rate, and A = 1/C

« PEGASOS: Primal Estimated sub-GrAdient SOlver for SVM! —
is a stochastic (sub) gradient descent algorithm for SVM

|. Shalev-Shwartz, Shai, et al. "Pegasos: Primal estimated sub-gradient solver for
svm." Mathematical programming 127.1 (201 1): 3-30.




Why Shallow is not enough

Consider a highly non linear
function

To approximate it reasonably
accurately, large number of
support vectors are required

Thus shallow networks require

A

exponential number of hidden
layer units, which is undesirable

A deeper network can
approximate such a function much
more efficiently with hidden units.

y=FWE FWE-Lp  Fw0.X)..))




Popular DL Architectures

Auto Encoder

X, —>

Py s(x)

~
Xe —>

Layer L, Layer L3

Layer L,

C3: 1. maps 16@10x10
4:1.maps 16@5x5

Chlayer rp.
r 0 Fa%‘aw %TPUT

r

C1: feature maps

INPUT
2 6@28128

521 maps

| Full conA
Convolutions Subsampling  Convolutions  Subsampling

Full connection

Fig. 2. Architecture of LeNet-5, a Convolutional Neural Network, here for digits recognition. Each plane is a feature map, i a set of units

whose weights are constrained to be identical.

CNN

|
ction ‘ Gaussian connections

g
(e}
e
Q
0
J W
SOD
Unfold
U
%

RBM

hidden units

E

o
©
o
0
[0
©
\
0t+1
V
St+1
>l
AW
U
1+1



Thank you!!




