CS4501: Introduction to Computer Vision

Neural Networks (NNs)
Multi-layer Perceptrons (MLPs)
By Fuwen Tan (ft3ex@virginia.edu)




Previous

e Softmax Classifier

* Inference vs Training

* Gradient Descent (GD)

* Stochastic Gradient Descent (SGD)

* mini-batch Stochastic Gradient Descent (SGD)

* Max-Margin Classifier
* Regression vs Classification

* |ssues with Generalization / Overfitting
* Regularization / momentum



Today’s Class

Neural Networks

 The Perceptron Model

 The Multi-layer Perceptron (MLP)
 Forward-pass in an MLP (Inference)

* Backward-pass in an MLP (Backpropagation)



Perceptron Model
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More: https://en.wikipedia.org/wiki/Perceptron
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Perceptron Model

Frank Rosenblatt (1957) - Cornell University Activation

function
X = [xlleJ X3, 1] @ W1 J
W = [W1»W2rW3rW4] W '
2
W3
: T /
e B

More: https://en.wikipedia.org/wiki/Perceptron

otherwise



® @@

How Do We Get Two-Layer Perceptron

>



® @@

How Do We Get Two-Layer Perceptron

>




How Do We Get Two-Layer Perceptron

.
%%%é@ v P
e j

o




®®®

How Do We Get Two-Layer Perceptron




® @@

Two-Layer Perceptron
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Activation Functions

sigmoid(x) = € [0,1]
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Activation Functions




Activation Functions

step(x) = 1, x>0
pP\X) = 0, otherwise
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Activation Functions

Rectified Linear Unit

X, x>0
ReLU(x) = {O, otherwise
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Two-Layer Perceptron
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Forward Pass: Short Version

y = W - activation(W - XT)

loss = some_loss_function(y,y)



Concrete Version: Linear Softmax

Xi = [Xi1 Xz Xi3 Xi4] yi= [1 0 0] yi= f: fa [l

Jc = WeiXi1 + WepXip + WesXiz + WeaXig + be
Ja = Wa1Xi1 + WgaXijp + Wg3Xiz + WaaXig + by

Jp = Wp1Xj1 + WpaXia + Wp3Xi3 + WpaXis + by

fC — egc/(egc+egd + egb)
fd — egd/(egc+egd -+ egb)

fb — egb/(egc+egd 4 egb)



Linear Softmax

xXi = [xi1 Xiz Xiz Xia) yi= [1 0 0] Vi
We1

Je = WerXi1 + WeaXip + WesXiz + WeyXig + b = (wyy
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Xi = [Xi1 Xiz Xi3 Xia)

g=wxT +b"

fC — egc/(egc+egd + egb)
fd — egd/(egc+egd -+ egb)

fb egb/(egc+egd 4 egb)

Linear Softmax

Vi =

[1 0 O]
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Xi = [Xi1 Xiz Xi3 Xia)

g=wx" +b"

f =softmax(g)

Linear Softmax

y; = [1 0 0]
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Linear Softmax

N\

xXi = [xi1 Xip X3 Xia) yi= [1 0 0] yi= U fa [l

f = softmax(wx” + b")



Two-Layer Perceptron + Softmax

N\

xXi = [xi1 Xip X3 Xia) yi= [1 0 0] yi= U fa [l

a; = sigmoid(wpyx" + b))

f = softmax(wpa," + bjy)



N-layer Perceptron (MLP) + Softmax

xXi = [xi1 Xip X3 Xia) yi= [1 0 0] yi= U fa [l

a; = sigmoid(wpyx" + b))

a, = sigmoid(wiz)aj + bjy)

ay = sigmoid (Wi ag—y1 + bij)

f = softmax(Wpyan—1 + bjy)



Forward pass (Forward-propagation)

n s . _
“s Z WXt by a; = Sigmoid(z;)
]:

Loss = L(yl' 5}1)



How to train the parameters?

xi = [xi1 X2 X3 Xial yi= [1 0 0] Vyi= e fa /]
a; = sigmoid(wyx" + b[T1]) How to find
a, = sigmoid(w[z]a{ + b[TZ]) the Optlmal W’ b

ay = sigmoid (W ag—, + bjy))

f = softmax(Wp, a5,_; + biy)

[l =loss(f,y)



How to train the parameters?

xi = [Xi1 Xiz Xiz Xi4] yi= [1 0 0] yi= e fa [bl
a; = sigmoid(wyx" + b{y)) SGD, but we need the
a, = sigmoid(wyyaj + b[TZ]) gradients Of W’ b

ay = sigmoid(Wiyaj_; + bi) (millions of parameters)

f = softmax(Wp, a5,_; + biy)

[l =loss(f,y) % %
OW(k]ij by




How to train the parameters?

xi = [Xi1 Xiz Xiz Xi4] yi= [1 0 0] yi= e fa [bl
ar = sigmoid(wyyjx" + bfy)) Chain rule +
az = sigmoid(wz1ai + biy) Reusing the Gradients

ay = sigmoid (W ag—, + bjy))

f= Softmax(w[n]a£_1 + b[Tn]) dl _ ol day,, Odap Oag_,
aW[k]ij aan_l aan_z aak_l aW[k]U

[l =loss(f,y)



Back-propagation: Application of Chain Rule

Geoffrey Hinton

Emeritus Prof. Comp Sci, U.Toronto & Engineering Fellow, Google
Verified email at cs.toronto.edu - Homepage

machine learning psychology artificial intelligence cognitive science computer science

TITLE CITED BY YEAR

Imagenet classification with deep convolutional neural networks 83557 2012
A Krizhevsky, | Sutskever, GE Hinton
Advances in neural information processing systems 25, 1097-1105

Deep learning 37441 2015
Y LeCun, Y Bengio, G Hinton
Nature 521 (7553), 436-444

Learning internal representations by error-propagation 27681 1986
DE Rumelhart, GE Hinton, RJ Williams
Parallel Distributed Processing: Explorations in the Microstructure of ...

Learning internal representations by error propagation rRts 1986
DE Rumelhart, GE Hinton, RJ Wiliams
Learning internal representations by error propagation

Learning internal representations by error propagation 27448 1986
DE Rumelhart, GE Hinton, RJ Williams
MIT Press, Cambridge, MA 1 (318)

Dropout: a simple way to prevent neural networks from overfitting 27063 2014
N Srivastava, G Hinton, A Krizhevsky, | Sutskever, R Salakhutdinov
The journal of machine leaming research 15 (1), 1929-1958

Learning representations by back-propagating errors 24695 1986
DE Rumelhart, GE Hinton, RJ Williams
Nature 323 (6088), 533-536




Back-propagation: Example [*]

1

1 + e—(W1X1+W2x2+b)

f(x) = sigmoid(wxT + b) =

w, == —3.0 4’\ 0 E»

[*] borrowed from http://cs231n.stanford.edu/slides/2016/winter1516_lecture4.pdf



Back-propagation: Example [*]

fx)=0(g) =

5o g=z+b, z=wxT =w;x; + wyx,

w, == —3.0 /' 4’\ 10 a(g) =0.73
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[*] borrowed from http://cs231n.stanford.edu/slides/2016/winter1516_lecture4.pdf



Back-propagation: Example [*]

fx)=0(g) =

5o g=z+b, z=wxT =w;x; + wyx,

sz’z _3'(\@& / A @g;m 3>,
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[*] borrowed from http://cs231n.stanford.edu/slides/2016/winter1516_lecture4.pdf



Back-propagation: Example [*]

fx)=0(g) =

5o g=z+b, z=wxT =w;x; + wyx,

o(x) = !

Wy = 2.0 do(x) e* l4e>—1 1
— _20 - dx - (1+e‘x)2 =< 1+4+e>* )(1+e_x>=(1—o‘(x))a(x)

ok \C
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ag Ny ag
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[*] borrowed from http://cs231n.stanford.edu/slides/2016/winter1516_lecture4.pdf



Back-propagation: Example [*]

f(x)=a(g)=1+e_g, g=z+b, z=wxT =wx; +w,x,

1
W= T

wy = 2.0 L dow) _ e _<1+e—X—1>( 1

) = (1 = 6()) ()

\ 20 dx  (1+e®? \ l+e 1+e=

1.0-(1—10.73)-0.73 = 0.2

[*] borrowed from http://cs231n.stanford.edu/slides/2016/winter1516_lecture4.pdf
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Back-propagation: Example [*]
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[*] borrowed from http://cs231n.stanford.edu/slides/2016/winter1516_lecture4.pdf



Back-propagation: Example [*]

fx)=0(g) =

5o g=z+b, z=wxT =w;x; + wyx,

W2 = 30 _of 6‘%‘ 1.0 0.73
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[*] borrowed from http://cs231n.stanford.edu/slides/2016/winter1516_lecture4.pdf



Back-propagation: Example [*]

g=z+b, z=wxT =w;x; + wyx,

fx)=0(g) =

1+e 9’

[*] borrowed from http://cs231n.stanford.edu/slides/2016/winter1516_lecture4.pdf



Back-propagation: Example [*]

f(x)=a(g)=1+e_g, g=z+b, z=wxT =wx; +w,x,
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[*] borrowed from http://cs231n.stanford.edu/slides/2016/winter1516_lecture4.pdf



Back-propagation: Example [*]

f(x)=a(g)=1+e_g, g=z+b, z=wxT =wx; +w,x,
Wy = 20
—0.2 —20

J \

0.2 \ 1.0 0.73
o / Ol OR
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[*] borrowed from http://cs231n.stanford.edu/slides/2016/winter1516_lecture4.pdf



Back-propagation
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Backprop from scratch: check out
cs231n from Stanford
May appear in interviews


https://cs231n.github.io/optimization-2/

(mini-batch) Stochastic Gradient Descent (SGD)

1=0.01 L(w,b) = )" ~10g f; tabet(w, b)

iEB

Initialize w and b randomly For Softmax Classifier

for e =0, num_epochs do

for b =0, num_batches do
Compute:  dl(w,b)/dw and dl(w,b)/db
Updatew: w=w —Adl(w,b)/dw

Updateb: b=b —Adl(w,b)/db

Print: I(w,b) //Useful to see if this is becoming smaller or not.

end
end



Automatic Differentiation

You only need to write code for the forward pass,
backward pass is computed automatically.

Frameworks such as Pytorch will “record” the operations performed on
tensors and compute gradients through the “recorded”
operations when requested.

Pytorch (Facebook -- mostly): https://pytorch.org/
Tensorflow (Google -- mostly): https://www.tensorflow.org/

DyNet (team includes UVA Prof. Yangfeng Ji):  http://dynet.io/



Example

* Provided in Assignment 4.



Defining a Linear Softmax classifier

import torch

from torch import nn

# This is the softmax classifier as studied in class.

class Classifier(nn.Module):

def  init (self):
super (Classifier, self)._init_ ()
# Linear transformation layer.
# This computes a = wx + b where:
# a is a vector of size 10
# x: is a vector of size 3 x 32 x 32
# b: is a vector of size 10
# w: is a matrrix of size 10 x (3 * 32 * 32)
self.linear = nn.Linear(3 * 32 * 32, 10)

# Softmax operator.
# This is log(exp(a_i) / sum(a))
self.log_softmax = nn.LogSoftmax(dim = 1)

def forward(self, x):
gx = self.linear(x)
yhat = self.log_softmax(gx)
return yhat
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# This computes a = wx + b where:
# a is a vector of size 10
# x: is a vector of size 3 x 32 x 32
# b: is a vector of size 10
# w: is a matrrix of size 10 x (3 * 32 * 32)

self.linear = nn.Linear(3 * 32 * 32, 10) <

Linear layer

# Softmax operator.
# This is log(exp(a_i) / sum(a))
self.log_softmax = nn.LogSoftmax(dim = 1)

def forward(self, x):
gx = self.linear(x)
yhat = self.log_softmax(gx)
return yhat



Defining a Linear Softmax classifier

import torch

from torch import nn

# This is the softmax classifier as studied in class.

class Classifier(nn.Module):

def  init (self):
super (Classifier, self)._init_ ()
# Linear transformation layer.
# This computes a = wx + b where:
# a is a vector of size 10
# x: is a vector of size 3 x 32 x 32
# b: is a vector of size 10
# w: is a matrrix of size 10 x (3 * 32 * 32)
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# Softmax operator.
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Defining a Linear Softmax classifier

import torch

from torch import nn

# This is the softmax classifier as studied in class.

class Classifier(nn.Module):

def

__init_ (self):

super (Classifier, self)._init_ ()

# Linear transformation layer.

# This computes a = wx + b where:

# a is a vector of size 10

# x: is a vector of size 3 x 32 x 32

# b: is a vector of size 10

# w: is a matrrix of size 10 x (3 * 32 * 32)
self.linear = nn.Linear(3 * 32 * 32, 10)

# Softmax operator.
# This is log(exp(a_i) / sum(a))
self.log_softmax = nn.LogSoftmax(dim = 1)

def

forward(self, x):

gx = self.linear(x)

— Forward pass

yhat = self.log_softmax(gx) «
return yhat




Using a Linear Softmax classifier

# Now let's try using it on a batch 5 of images represented
# as 5 vectors of size 3 * 32 * 32,

dummy input = torch.rand(5, 3 * 32 * 32)

out = classifier(dummy input)

print(out.exp())



Training a Linear Softmax classifier

classifier = Classifier()
criterion = nn.NLLLoss()

num_epochs = 30
learningRate = 0.001

classifier.train()

weight = classifier.linear.weight;
bias = classifier.linear.bias;

for epoch in range(0, num_epochs):

for (i, (x, y)) in enumerate(trainLoader):
X = x.view(x.shape[0], 3 * 32 * 32)
yhat = classifier(x)
loss = criterion(yhat, y)

loss.backward()

weight.data.add_(-learningRate * weight.grad.data)
bias.data.add_ (-learningRate * bias.grad.data)

print(loss.item())



What is trainLoader?

batch size = 128

# It additionally has utilities for threaded and multi-parallel data loading.
trainLoader = DatalLoader(train data, batch size = batch size,
shuffle = True, num workers = 0)
valLoader = Dataloader(validation data, batch size = batch size,
shuffle = False, num workers = 0)

# Look-up python iterators if you need:
# https://anandology.com/python-practice-book/iterators.html

X, y = iter(trainLoader).next()
print('batch-of-images: ', x.shape)
print( 'batch-of-labels: ', y.shape)



Training a Linear Softmax classifier (improved)

classifier = Classifier()
criterion = nn.NLLLoOss()

num_epochs = 30

optimizer = torch.optim.SGD(classifier.parameters(), lr = 0.001,
momentum = 0.9)

classifier.train()

This depends on the model
weight™= sifier.li ~weight; —p but we don’t need it
bias = cl +fTer. bias;

anymore

for epoch in range(0, num epochs):
for (i, (x, y)) in enumerate(trainLoader):

X = x.view(x.shape[0], 3 * 32 * 32)
yhat = classifier(x)

loss = criterion(yhat, y)

loss.backward()

optimizer.zero_grad()
optimizer.step()

print(loss.item())



Defining a Two-layer Neural Network

import torch

from torch import nn

# This is the softmax classifier as studied in class.

class Classifier(nn.Module):

def init (self):
super (Classifier, self). init ()
self.linearl = nn.Linear(3 * 32 * 32, 512)

self.sigmoid = nn.Sigmoid()

self.linear2 = nn.Linear(512, 10)
self.log softmax = nn.LogSoftmax(dim = 1)

def forward(self, x):
gx = self.linearl(x)
gxs = self.sigmoid(gx)
mx = self.linear2(gxs)
yhat = self.log_softmax(mx)
return yhat



Questions?



Perceptron Model

Frank Rosenblatt (1957) - Cornell University

dendrites nucleus | ; NEURON
/\ o
n ' axon

1, if wix;i +b >0 |
flx) = i=0 ///// axon ending

0, otherwise \
\ myelin sheath

cell body

More: https://en.wikipedia.org/wiki/Perceptron



Backward pass (Back-propagation)

oL 9 n o 0 S d dL
a—xk = (az W1ijXi + bl) aZl - tgmot (Zl) a

@ N
\ o _

. . oL
. a—SlngLd(pi) 7.

@—»@ @ o
7 day OL oL

a ~
owy; 0wy Dag 5. = 6_371L(y1’ y1)

D@ @
® ¢
®
‘.

> @ q@/
6W1ij awli]’ axk



