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CS540 Introduction to Artificial Intelligence
Neural Networks: Review

University of Wisconsin-Madison
Spring 2024




Announcements

Homework:
HW7 is due on Thursday Apr. 4 at 11 AM

Thursday, Apr. 4 Search I: Un-Informed
search

Tuesday, Apr. 9 Search |lI: Informed search



Single-layer
How to classify Perceptron

Cats vs. dogs? Multi-layer
Perceptron

Training of neural
networks

P | Convolutional
Neural networks can also be used for regression. neural networks

- Typically, no activation on outputs, mean squared error loss function.


Presenter Notes
Presentation Notes
What we’ve learned so far is how to classify images, but we can also use neural networks for regression. 
Typically,  with no activation on output and using the mean squared error loss function. 
We’ve started with describing what is a single layer perceptron, then multi-layer… 

https://courses.d2l.ai/berkeley-stat-157/index.html

Inspiration from neuroscience

- Inspirations from human brains
- Networks of simple and homogenous units (a.k.a neuron)
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(wikipedia)

Cell body
(soma)

Terminal buttons
(form junctions
with other cells)

Dendrites
(receive messages
from other cells)

Axon

(passes messages away
from the cell body to
other neurons, muscles, .
or glands) '

Action potential

(electrical signal

traveling down Myelin sheath

the axon) (covers the axon of some

neurons and helps speed
neural impulses)

\

Dendrites
(from another
neuron)

/N


Presenter Notes
Presentation Notes
All these where inspired by neuroscience and how our brain works. 


Perceptron

» Given input x, weight w and bias b, perceptron outputs:
1 ifx>0

0 otherwise

0 = O'(WTX + b) g(x) ={ Activation function

Cats vs. dogs? W1

@%
Input I Output (0 or1)




Perceptron

» Goal: learn parameters W = {w{,W,,..., W4} and b to
minimize the classification error

Cats vs. dogs?

W1
(2w
Input I Output (0 or 1)




Example 2: Predict whether a user likes a song or
not

model




Example 2: Predict whether a user likes a song or
not using Perceptron

ﬁ Intensity

\.f

User Sharon

© DisLike
| @
® Like ® ° y =0
Relaxed Fast

Tempo



Learning logic functions using perceptron

The perceptron can learn an AND function

x
x1=1,x2=1,y=1

x1=1,x,=0,y=0
1
X1=O,x2:1,y:()

x1=0,x, =0,y =0



Learning logic functions using perceptron

The perceptron can learn an AND function

X Y1
2 > Output o (xq1wq1 + x,w, + b)
W, a(x)={1 if x>0

0 otherwise

w, =1,w, =1,b=—15

X1



Learning OR function using perceptron

The perceptron can learn an OR function

W1

X
2 > Output 0(X1Wy + Xw, + b)
W» 1 ifx>0

0(x) = {

0 otherwise

w, =1,w, =1,b = —0.5

X1



XOR Problem (Minsky & Papert, 1969)

The perceptron cannot learn an XOR function
(neurons can only generate linear separators)

x1=1,x,=1,y=0
x1=1Lx,=0,y=1
x1=0x,=1,y=1
x1=0,x,=0,y=0

This contributed to the first Al winter



Quiz break

Which one of the following is NOT true about perceptron?

A. Perceptron only works if the data is linearly separable.
B. Perceptron can learn AND function

C. Perceptron can learn XOR function
D. Perceptron is a supervised learning algorithm



Quiz break

Which one of the following is NOT true about perceptron?

A. Perceptron only works if the data is linearly separable.
B. Perceptron can learn AND function

C. Perceptron can learn XOR function

D. Perceptron is a supervised learning algorithm



Multilayer
Perceptron



Presenter Notes
Presentation Notes
Since 1 one perceptron is not enough, people came up with the multilayer perceptron.


Single Hidden Layer

Hidden layer
m neurons

How to classify Input

Cats vs. dogs?

Output



Presenter Notes
Presentation Notes
L


Single Hidden Layer

. d
InPUt xR Hidden layer

e Hidden W € R™*4 p € R™ M Neurons
_ Input
* |Intermediate output

h =o0(Wx+Db)

o IS an element-wise
activation function



Neural networks with one hidden layer

dXx1

I
Mm

7
.

< >
Q.
PG



Neural networks with one hidden layer

Key elements: linear operations + Nonlinear activations

m X d mx1l mX1
R————————s D¢ *

| -
0.2+
|

Element-wise
activation function

|
9000000000


Presenter Notes
Presentation Notes
Another better visualization here. 
What is m here? And d? 


Single Hidden Layer

. Output f= W;—h n b2 Hidden layer

| | m neurons
* Normalize the output into Input
probability using sigmoid

— 1 —
pLy %) | + e/ Output

Sigmoid




Multi-class classification

Turns outputs 7 into k probabilities (sum up to 1 across k classes)

Hidden layer
M neurons
Input Output
N~ p(y|x) = softmax(f)
f1
ce R expfy (*)

e . ~ Yrexpfi(x)


Presenter Notes
Presentation Notes
When we have multi-class classification we need to turn our output to probabilities. 
So now instead of having 1 output we have k outputs, why is that? 


| Deep neural networks (DNNs)

Output layer '{‘1 . ']6‘2

Hidden layer o o

Hidden layer

h, = 6(Wx+ b))
h, = 6(W-h, + b,)
h, = 6(W-h, + b))
f = W,h, + b,
y = softmax(f)

NNs are composition

of nonlinear
functions



Presenter Notes
Presentation Notes
We also discussed the fact that we can have even deeper neural networks as this one here. 
But we will need to find more parameters.. How many? 
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Presenter Notes
Presentation Notes
What type of network is this? 


How to train a neural network?

1
|D| Zf(xl’ yl)
Hidden layer

Per-sample loss: M neurons
X Input

{(x,y) = ), —y;logp;

1

Also known as cross-entropy loss
or softmax loss

Loss function:

Output



Presenter Notes
Presentation Notes
Now that we saw how we can build neural networks let’s see how to train the networks. 
The goal is always to find the best parameters to minimize some loss function.



Cross-Entropy Loss

softmax
(model prediction)

0.8 f Leeg = 2 — yjlog(pj)

= —]log(0.8)

True label

Y Goal: push p and Y to be identical

P



How to train a neural network?

Update the weights W to minimize the loss function

1 Hidden layer

Zf(xu YL) m neurons
|[)| Input

Output
Use gradient descent!



Gradient Descent :

* Choose alearningrate a« > 0 @
* Initialize the model parameters w,
* Fort=1, 2, ...

* Update parameters:

oL D can be very
W =W g — large. Expensive
per iteration
1

g g P YD)
o Dl xep OW¢_q

* Repeat until converges



Minibatch Stochastic Gradient Descent

* Choose a learning rate @ > 0

* Initialize the model parameters w
* Fort=1, 2, ...

* Randomly sample a subset (mini-batch) 5 C D
Update parameters:

W ai 0€(X;, ¥i)
; T |B|xep O0W;_q

* Repeat



Calculate gradient: backpropagation with chain rule

. . oL OL
* Define a loss function L, must compute —, — for all

weights and biases. OW’ db

* Gradient to a variable =

gradient on the top X
oL oL

@
@ @ a = sigmoid(WX + b)



0.5~ Single Model m |
04 Standard LR Sch_edule i)

Non-convex
Optimization .

[Gao and Li et al., 2018]



Dual

12MP

wide-angle and
telephoto cameras

How to classify

Cats vs. dogs?

36M floats in a RGB image!



Fully Connected Networks

Hidden layer
100 neurons

Input

Cats vs. dogs?

Output

~ 36M elements x 100 = ~3.6B parameters!



Convolutions come to rescue!



Where Is




Why Convolution?

e [ranslation
lnvariance

 Locality



Presenter Notes
Presentation Notes
Useful biases for computer vision that enable generalization with less data.

First, the location of a face in the image does not change the identity of the person in it.
 -  This probably seems obvious to you but a regular fully connected network has different parameters corresponding to different locations in the image. That means the network has to learn the translation invariance property.

Second, the identity of a face only depends on pixels in a small portion of the image. No need to look at pixels not belonging to the face.
Again this may seem obvious but in a fully connected network, all inputs are connected to each hidden unit so the locality property has to be learned.


In principle, with tons of data and compute, a fully connected network could learn these properties. But not practical to do so.



2-D Convolution

Input Kernel Output

O0X0+1Xx1+3X%Xx2+4X%x3=19,
1X0+2X1+4X2+5X%X3 =25,
3X0+4xXx1+6%x2+7%x3=3737,
4X0+5%xXx1+7%x2+8x%x3=43. (vdumouiin@ Gihub)




2-D Convolution Layer

B
X:n, Xn,, Input matrix

W: k, x k, Kkernel matrix

b: scalar bias

Y:(n, — ky, + 1) X (n,, — k,, + 1)output matrix
Y=X*xW+5)

W and b are learnable parameters



2-D Convolution Layer with Stride and Padding

o Stride Is the #rows/#columns per slide
» Padding adds rows/columns around input
. OUtpUt Shape Input Kernel Output

rrrrrrrrrrrrrrrr

Kernel/filter size Wl A Bl O > | 3 6 | 8

1 (
I.._._._r---. -n.-n.-n.:
'0’0:0'0°¢0:
. --------------------

l(nh o kh T Pp T Sh)/ShJ X l(nw - kw T Pw T SW)/SWJ

4 /N

Input size Pad Stride




Multiple Input Channels

 |nput and kernel can be 3D, e.g., an RGB image have 3
channels

« Have a kernel for each channel, and then sum results over
channels

Input Kernel Output

o6 | 72
1041120

(1X1+2X2+4%X3+5x%x4)
+(0X0+1X1+3X2+4x3)
= 56

N O
EH




Multiple Input Channels

 |nput and kernel can be 3D, e.g., an RGB image have 3
channels

« Have a 2D kernel for each channel, and then sum results over
channels

x

' One 3D kernel




Multiple Input Channels
* |nput and kernel can be 3D, e.g., an RGB image have 3

channels

» Also call each 3D kernel a “filter”, which produce only one
output channel (due to summation over channels)

P — —“

-
.

R S

One filter . ~
(3 channels) G

-

i 8 % " RGB (3input channels)

-3
e
1-1...:‘
o
- il
.:u-':"-;‘:"

2 2ol



Multiple filters (in one layer)

* Apply multiple filters on the input

» Each filter may learn different features about the input
» Each filter (3D kernel) produces one output channel

F"‘“

"-..“-

et R '“" ! RGB (3 input channels)



Conv1 Filters in AlexNet

* 96 filters (each of size 11x11x3)
» Gabor filters

207 3
CONY
11x11,
stride=4, 90
U6 kernels
:.r."'____________
11 (227-11)/4 +1
| = 55
--33---
227

Figures from Visualizing and Understanding Convolutional Networks
by M. Zeiler and R. Fergus


Presenter Notes
Presentation Notes
Gabor filter is a linear filter used in image processing for edge detection, texture classification, feature extraction and disparity estimation.


Multiple Output Channels

* The # of output channels = # of filters

e Input X:c; Xny Xn
_ | " Yi,:,: = X % wi
o Kernel W:c, X ¢; X k;, X k,,

* Output Y:c, X my, X m,,

) A

fori =1, ..., ¢,



Convolutional Neural Networks



LeNet Architecture

convolution

convolution

pooling

N

_——

6@14x14

o2 feature map

32x32 image 6@28x28
C1 feature map

gluon-cv.mxnet.io

pooling

16@-
C3 feature map

Ox10

120 - F5 full

84 - F6 full

16@5x5
5S4 feature map



Presenter Notes
Presentation Notes
1 input-channel,6 outputs. 

This global connectivity enables the network to make decisions based on the entire image, rather than just local patches.

Convolutions are local operations, pooling are local operations. Fully connected layers are global (they can introduce any kind of dependence). 

Fully connected layers allow the network to learn complex patterns that may not be captured by local operations alone.
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Quiz break

Which one of the following is NOT true”?

A. LeNet has two convolutional layers

B. The first convolutional layer in LeNet has 5x5x6x3 parameters, in case of RGB
Input

C. Pooling is performed right after convolution
D. Pooling layer does not have learnable parameters



Quiz break

Which one of the following is NOT true”?

A. LeNet has two convolutional layers

B. The first convolutional layer in LeNet has 5x5x6x3 parameters, in case of RGB
Input

C. Pooling is performed right after convolution

D. Pooling layer does not have learnable parameters

Pooling is performed after ReLU: conv -> relu -> pooling



Evolution of neural net architectures

i o Lo maps 1680
IMPLIT G0 leaburn maps LT B rr::l:_-q: Lt s 1

B2 el
B Fra ks T =L - -:_‘il.:_lm'm

Fisll powwsen it Gaussan menedione
Carrazh Signs Subzamphng Cereduliarn Subzamping Ful connactan

-

oo

= ER -
3 3. 14

Inception Net
(2014)

Rflagflee

B 51 58
7 B 15
L

-
_ _ T |
o (2 HEEIEIREY IEIRE
;E 2 E L 15} L u‘l_L u‘l_L E. =
ﬂ ‘ g
> : EPEHEPIEPIEPIE =
% 2 z| |3 & 3] |3] |3
56

Max
pooling

dense | [dense

1000

128 Max

. 204¢ 502,
= Max pooling 048 2048
pooling

1 x1x4096 1x l“x: l('l()[)

@ convolution+ ReLLU
( A1 max pooling
—
| fully connected+ReLU

® : Channel-wise concatenation


Presenter Notes
Presentation Notes
LeNet =  first architecture, by Yan LeCun
Alexnet = similar to LeNet but deeper network, Alex Krizhevsky
Inception uses  1 X 1 convolution to reduce number of multiplications during convolution 
VGG 2014: stacking more layers, deeper network
ResNet: skip connections for learning identity function and avoid gradient vanishing
DenseNet: Every layer is directly connected to every other layer within a Dense Block to avoid the vanishing gradient problem.
This dense connectivity allows information to flow more efficiently across layers.



Deng et al. 2009



Presenter Notes
Presentation Notes
These all came architecture came from the imagenet challenge where researchers we trying to compete.


AlexNet

227 3
CONV Overlapping Overlapping
11x11, Max POOL CONV Max POOL CONV
stride=4, G5 ax3 g 5H5,p3d=2 3x3, 256 3H3,p3d=1
96 kernels stride=2 256 kernels stride=2 384 kernels
£TTTTTTT — —
| 27T+2*2-5)1 27-3)2 +1 13+2%1-3)/1
11 (227-11)/4 +1 (55-3)/2 +1 {,,1 = a7 | {: 13 : {+1 =13 ]
i = K5 =27 13
-1 13
227
w0 [0
CONV CONV Max POOL
Jx3,pad=1 3x3,pad=1 256 3Ix3, 256
384 kernels 256 kernels stride=2
(13+271-3)1 (13+2°1-3)/1 (13-3)/2 +1 FC ‘ FC )
+ =13 +1 =13 =6 . .
: E Ol 10O
13 6
§ 9216 O O 1000
13 Softmax
4096 4096

[Krizhevsky et al. 2012]



AlexNet vs LeNet Architecture

AlexNet

3x3 MaxPool, stride 2

11x11 Conv (96), stride 4

image (3x224x224)

LeNet

2x2 AvgPool, stride 2

5x5 Conv (6), pad 2

image (32x32)


Presenter Notes
Presentation Notes
In comparison to lenet..


AlexNet Architecture
AlexNet

3x3 MaxPool, stride 2

3x3 Conv (384), pad 1 L eNet

3x3 Conv (384), pad 1 2x2 AvgPool, stride 2
3x3 Conv (384), pad 1 5x5 Conv (16)
A

3x3 MaxPooling, stride 2

5x5 Conv (256), pad 2
A



ResNet: Going deeper in depth

152 layers

28.2

10.4

22 layers
11.7 19 layers

7.3

I 0.7/

3.0f

8 layers 8 layers

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

| Net Top- Y
mageNet Top-5 error% [He et al. 2015]



Other neural network architectures

* Convolutional neural networks are one of many special types of layers.
* Main use is for processing images.
* Also can be useful for handling time series.

* Other common architectures:

* Recurrent neural networks: hidden activations are a function of input and
activations from previous inputs. Designed for sequential data such as text.

* Graph neural networks: take graph data as input.

* Transformers: take sequences as input and learn what parts of input to pay
attention to.

64


Presenter Notes
Presentation Notes
RNNs used for sequential data (such as for text). They include loops. 


Brief history of neural networks

Deep Neural Network

(Pretraining)
s

Perceptron
ADALINE (Backpropagation)
4 A
Perceptron
4 Golden Age | ~ Dark Age ("Al Winter”)
Electronic Brain
1943 1957 1960 1969 1986 1995 2006

1950 1960 1980 1990 2000 2010

2D

& |
5 /m

M. Minsky - S. Papert D. Rumelhart - G. Hinton - R. Wiliams V. Vapnik - C. Cortes G. Hinton - 5. Ruslan
Foward Actvity e ‘ . _ ' . ‘ ' ’
‘ . ‘. O ."',. ...'-,_ O am : - » r . -
® - ® O . —— Backward Error &’ ]
« Adjustable Weights « Learmable Weights and Threshold « XOR Problem « Solution to nonlinearly separable problems  « Limitations of leaming prior knowledge * Hierarchical feature Leaming

» Weights are not Learned « Big computation, local optima and overfitting + Kernel function: Human Intervention



What we’ve learned today...

Modeling a single neuron

* Linear perceptron

* Limited power of a single neuron
Multi-layer perceptron

Training of neural networks

* Loss function (cross entropy)

* Backpropagation and SGD
Convolutional neural networks

* Convolution, pooling, stride, padding
* Basic architectures (LeNet etc.)

* More advanced architectures (AlexNet, ResNet etc)
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Thank you!

Some of the slides 1n these lectures have been adapted from materials developed by Alex Smola and Mu Li:

https://courses.d21.ai/berkeley-stat-157/index.html
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https://courses.d2l.ai/berkeley-stat-157/index.html
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