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DISCLAIMER

The content (text, image, and graphics) used in this slide are
adopted from many sources for Academic purposes. Broadly,
the sources have been given due credit appropriately. However,
there is a chance of missing out some original primary
sources. The authors of this material do not claim any
copyright of such material.




WE HAVE LEARNED 50 FOR IN THIS MODULE

Image features and categorization
Choosing right features
Object, Scene, Action, etc.

Bag-of-visual-words
Extract local features
Learn “visual vocabulary”
Quantize features using visual vocabulary
Represent by frequencies of “visual words”

Classifiers

Nearest neighbor, KNN, Linear classifier,
SVM, Non-linear SVM, Multi-class SVM,
Softmax classifier




TODAY'S CLASS

Optimization
Gradient Descent & Back propagation
Update rule

Neural networks




0PTIMIZATION

Optimization is the process of finding the set of parameters W that
minimize the loss function.

Strategy #1:First very bad idea solution: Random search:
Simply try out many different random weights and keep track of
what works best.

Strategy #2: Random local search:
Start out with a random W, generate random changes 6W to it and
if the loss at the changed W+o6W is lower, we will perform an update.

Strategy #3: Following the gradients:
There is no need to randomly search for a good direction:
this direction is related to the gradient of the loss function.

Source:
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GRADIENT DESCENT

The procedure of repeatedly evaluating the gradient of loss function and
then performing a parameter update.

Vanilla (Original) Gradient Descent:
while

weights grad = evaluate gradient(loss fun, data, weights)

weights += - step size * weights grad
Mini-batch Gradient Descent (MGD):
while :

data batch = sample training data(data, 256)
weights grad = evaluate gradient(loss fun, data batch, weights)
weights += - step size * weights grad

Stochastic Gradient Descent (SGD):
Special case of MGD when mini-batch contains only a single example @

Source:
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INTERPRETATION OF THE GRADIENT

Interpretation. Derivatives indicate the rate of change of a function with respect to that
variable surrounding an infinitesimally small region near a particular point:

df(z) .. flz+h)—fz)

il h

Source:
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COMPOUND EXPRESSIONS WITH CHAIN

f(z,y,2) = (z +y)z

RULE
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f(z,y,2) = (z +y)z

RULE

g=x+yand f=gqz
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FORWARD AND BACKWARD PASS
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SIGMOID EXAMPLE

f(x) = L — 4f = —1/z*
flw,z) = ——— ’ v
1 4 e~ (womotwizituws) fo(r)=c+=x — 4y
dx
i df .
w0 2.00 fle)=e - e "

0.20

Modified from:
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SVM LOSS: GRADIENT

SVM loss function for a single datapoint (without regularization):

L; = Z [max((],w?mi — wgf xr; + A)]
I7Yi
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SVM loss function for a single datapoint (without regularization):
L; = Z [max((],w?mi — wgf xr; + A)]
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L, = Zmax((), S;j— Sy, +A)
I7Yi
Gradient w.r.t. Wy, :

V,wyi L; = — (Z l(w?a}i — w@{.:{:i + A > 0)) T;
\ j?éyi }

Count of the numyber of classes that
didn’t meet the desired margin

Source:
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SVM LOSS: GRADIENT

SVM loss function for a single datapoint (without regularization):

L; = Z [max((],w?mi — wgf xr; + A)]

J7Yi \ '\

L, = Zmax((), S;j— Sy, +A)
I7Yi
Gradient w.r.t. Wy, :

V,wyi L; = — (Z l(w?a}i — w@{.:{:i + A > 0)) T;
\ j?éyi }

Count of the numyber of classes that
didn’t meet the desired margin

GCradient for the other rows where 7 7 i
Vo, L; = 1(w?mi — ’u;g;.m@- + A > 0)x;

Source:

L
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PERCEPTRON

* Supervised learning of binary classifier

Input Bias
b

Weights

Output: sign(w-x + b)

>




SINGLE NEURON AS A LINEAR CLASSIFIER

Binary Softmax classifier (Logistic Regression) G(Zi W; T; + b)
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Binary Softmax classifier (Logistic Regression) G(Zi W; T; + b)

l

Probability of one of the classes: p(yi — 1 ‘ T;: ’w)
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SINGLE NEURON AS A LINEAR CLASSIFIER

Binary Softmax classifier (Logistic Regression) G(Zi W; T; + b)

l

Probability of one of the classes: p(yi — 1 ‘ T;: ’w)

Probability of the other class would be:
Ply; =0 | zi;w) =1—P(y; = 1| zi5w)

Binary SVM classifier:
Alternatively, we could attach a max-margin hinge loss to the output of

the neuron and train it to become a binary Support Vector Machine.

@

Source:
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LOOSE INSPIRATION: HUMAN NEURONS

nucleus

dendrites . V’

P

L0 wo

@ synapse
axon from a neuron
wox o

cell body

Zwia:z- +b

w1y

Wo 2

f

cell body

4

impulses carried
toward cell body

branches
of axon
1,;»‘;-
axon \_/L<
> N 2

impulses carried
away from cell body

—

\\r—‘
Rl
N\ U
S

axon
terminals

f (Z w;x; + b)

i3
output axon

activation
function

Source: hitp://cs231n.github.io
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MULTI-LAYER NEURAL NETW

ORKS
«  Network with a hidden layer:
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Layer Layer
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Input #2 —=

Input #3 —




MULTI-LAYER NEURAL NETW

ORKS
«  Network with a hidden layer:

Nt Hidden Lawer Cutput
Layer Layer

Input #1 —=

Input #2 —=

Input #3 —

- Can represent nonlinear functions (provided each perceptron has a ’
nonlinearity) @



MULTI-LAYER NEURAL NETWORKS

- Beyond a single hidden layer:

input layer

hidden layer 1 hidden layer 2

Source: hitp://cs231n.github.io



http://cs231n.github.io/neural-networks-1/

SIZING NEURAL NETWORKS

> O
XK =
2N
/ \\ . output layer
input layer

hidden layer 1 hidden layer 2

output layer

input layer
hidden layer

First network (left):
No. of neurons (not counting the inputs):

No. of learnable parameters:

Source: @
o)

http://cs231n.github.i
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SIZING NEURAL NETWORKS

..
«’)/ .
’4‘\‘\
W

/ \\ . output layer

hidden layer 1 hidden layer 2

output layer

input layer input layer

hidden layer

First network (left):
No. of neurons (not counting the inputs): 4 + 2 =6

No. of learnable parameters:

Source: @

http://cs231n.qgithub.io
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SIZING NEURAL NETWORKS

>0
*:ro%’ AN
7 RN
2R
/ \\ . output layer
input layer

hidden layer 1 hidden layer 2

output layer

input layer
hidden layer

First network (left):
No. of neurons (not counting the inputs): 4 + 2 =6

No. of learnable parameters: [3 x 4] + [4 x 2] = 20 weights +
4 + 2 = 6 biases = 26.

[
Source: @

http://cs231n.github.io
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SIZING NEURAL NETWORKS

output layer
input layer input layer
hidden layer hidden layer 1 hidden layer 2
First network (left):
No. of neurons (not counting the inputs): 4 + 2 =6
No. of learnable parameters: [3 x 4] + [4 x 2] = 20 weights +
4 + 2 = 6 biases = 26.

Second network (right):
No. of neurons (not counting the inputs):

No. of learnable parameters: @

Source:



http://cs231n.github.io/neural-networks-1/

SIZING NEURAL NETWORKS

output layer
input layer input layer
hidden layer hidden layer 1 hidden layer 2
First network (left):
No. of neurons (not counting the inputs): 4 + 2 =6
No. of learnable parameters: [3 x 4] + [4 x 2] = 20 weights +
4 + 2 = 6 biases = 26.

Second network (right):
No. of neurons (not counting the inputs): 4 +4+1 =29
No. of learnable parameters: [3x4]+[4x4]+[4x1] = 32 weights +

4 +4+]1=9bilases =41. Source:

L
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MULTI-LAYER NEURAL NETWORKS

3 hidden neurons 6 hidden neurons | 20 hiddn neurons
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ULTT-LAYER NETWORK DEMO

INPUT + — 1 HIDDEN LAYER QUTPUT
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you want to feed in Y Training loss 0.013
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iy, -l-"‘-.-
h‘h ."',,.-l"" ""‘
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-H-;f 4 . p ..:t-
M 00
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N i ) e y o
M |ll-ll" S 55500
s v e
-~ [ (h ';‘ -“'-.':i
"“h e
“‘ ] > oy .
h“'-— - g -
== 4
This is the output
from one newran.
0

Hover o see it
larger.

&
L-OI0rs SNOwWSs
! | 1

data, neuron and
weight values.

[J Showtestdata [ Discretize output \D

o |
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TRAINING OF MULTI-LAYER NETWORKS

- Find network weights to minimize the error between true and
estimated outputs of training examples:

Ew) =3y, ~ fux)f
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- Find network weights to minimize the error between true and
estimated outputs of training examples:

Ew) =3y, ~ fux)f

oE
- Update weights by gradient descent: W<W-—« -




TRAINING OF MULTI-LAYER NETWORKS

- Find network weights to minimize the error between true and
estimated outputs of training examples:

Ew) =3y, ~ fux)f

oE
- Update weights by gradient descent: W<W-—« -
W

- Back-propagation: gradients are computed in the direction from
output to input layers and combined using chain rule




NEURAL NETWORKS: PROS AND CONS

Pros
= Flexible and general function approximation framework

= Can build extremely powerful models by adding more layers




NEURAL NETWORKS: PROS AND CONS

Pros
= Flexible and general function approximation framework

= Can build extremely powerful models by adding more layers

Cons
= Hard to analyze theoretically (e.g., training is prone to local optima)

= Huge amount of training data, computing power may be required to
get good performance

= The space of implementation choices are huge (network
architectures, parameters)
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NEXT LECTURE

Convolutional Neural Networks

RELU RELU

)
-
L
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Questions?
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