DS323: Al in Design (AIID)

Autumn 2023

Week 03 Lecture 05
Artificial Neural Network

Wan Fang

Southern University of Science and Technology



DS323: Al in Design

Linear Regression

°w
* The weight determines the influence of each feature on our
prediction, usually a vector form with w;

*b

* The bias says what value the predicted price should take
when all features take 0

* Given a dataset, our goal is

* To choose the weights w and bias b such that on average,
the predictions made based on our model best fit the true
prices observed in the data.

Jy=wiy X1+ ...+wg -xyg+0b ) =W/ X+ b
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Linear Regression

Jy=wy X1+ ...+wg -xg+0b > = w!x + b=

. . v = XW + b
 Vectorization y

 All features into a vector x for a single data point
* All weights into a vector w

* Our entire dataset as the design matrix X, including one row
for every example and one column for every feature

| xil) | xo(ll)| . one row for every example
) I 4—=
X - | :. :
o
one column

for every feature
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[Loss Function

* To quantify the distance between the predicted and real value.

 usually be a non-negative number where smaller values agg better
 perfect predictions incur a loss of 0

: 2
 The Sum of Squared Errors 1Y (w, b) = = (y( )y ")>

* the empirical error 1s only
a function of the model parameters y

* Loss Function as an averaged SSE y

Y

12

1 T ('.) s 2
_ Z h Z . ) 4 b <a>)
L(w,b) - [\ (w, D) 5 (w X 4+b—y

1=1

» W', b" = argmin L(w,b)
w.b
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Gradient Descent

* Iteratively reducing the error by updating the parameters in the
direction that incrementally lowers the loss function
* On convex loss surfaces, it will eventually converge to a global minimum

* For nonconvex surfaces, it will at least lead towards a (hopefully good) local
minimum.

Convex

/ Initial weighte

Jw) y

~

Global minimum

"

* The key technique for optimizing nearly any deep learning model
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[inear Classification

Hypothesis
* Acceptance depending on
Test and Grade

Data
. (x®,y®)

Input
. xf) as test scores and xgl) as
test scores

Output
« 9 ag a threshold decision of
Accept or Reject

Model

* A linear boundary line to
separate the data
® W1.X1+W2x2+b=0
A threshold to activate a
decision against the line
* >0: Accept; < 0: Reject

GRADES
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An example of acceptance at a University
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A Linear Boundary Line of 2x; +x, — 18 =0
as a decision criteria from regression to classification
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Perceptron with an Activation Function

* An Artificial Neuron with two nodes
* Weighted-sum node
 Calculate a linear equation s(x) with inputs on the weights plus bias

* Activation node
* Apply the step function to get the predicted result y(s)

9 1 ifs=0
Ss=wWIX+b O if s <0

y Y Activation [fWelghtedSum (X)]
step(s, 0)
step(w'x + b, 0)

b Weighted-Sum Activation
Function Function
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A Perceptron as an Artificial Neuron

Neuron (peripheral nervous system)

Dendrite Axon
terminal

Node of A 4
Ranvier

Nucleus

4

nucleus /

perceptron /

neuron

cell body

asdeufs

sajusp
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Sigmoid

o(z) = 1+(la—w

tanh
tanh(x)

RelLU
max (0, x)

Activation Function

I |
I e e
— o o
o
8 = "y C\d
! = (=
o o (=}

Leaky RelL U )
max(0.1z, )

_M

Maxout
max(wi x + by, wlz + by)

ELU
T x>0
ale® —1) <0 - - B0
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Limitation of Single Perceptron

What if the boundary line is non-linear?
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* Unable to classify nonlinear scenarios
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Multi-Layer Perceptrons

output layer
input layer

hidden layer

“2-layer Neural Net”, or
“1-hidden-layer Neural Net”

:
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tput layer

hidden layer 1 hidden layer 2
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N
>
)‘\“'

input layer

.
N
X

)

“3-layer Neural Net”, or
“2-hidden-layer Neural Net”

“Fully-connected” layers
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Exercise |

* Build your first neural networks on the website
* https://playground.tensorflow.org/

* Play with different data types, features, network structures.
Can Neural networks separate nonlinear features?

* How does nonlinearity come?
* How important is input features

* How important 1s number of neurons and layers of
neurons?


https://playground.tensorflow.org/

“Hello, MNIST!”

Exercise 11

S MINIST

..“.“mo °
X0
000 aoo
X
..’euooo
Xy
oooo.“m-tq ..
o”oof.&..
I me;
Y
©
-
Q
+—J
+J
-
=
©
c
48]
-
T
—
=
9O
I3
I

ORI o= O
~A T LECOT O TRNO

S LM NN s
AT T AP0 0
OSSNSOV NNFNO
HVIA o~ 0D LN\ o
WN—— VTl rC
a Se O~

- >
v 70 v &
y S e~
"R rNNSGe=3 T
YW —QO 8 ~WNT o
QO FY X
v\ N O WS — N
~~Q M-~ -3 de
Y00 ;0P O A
DS ale s S R VYO B ) N
YDA — NN}
FON = ) © O a~ My WO AN

xdb/mnist/

.com/e

dataset at http://yann.lecun

ad the

logy - Downlo

<

nd Techno

rds a

ed National Institute of Standa

MNIST = Mix



DS323: Al in Design

A Toy Example of Training a Neural
Network

digits the

a

590/@09345750 730 0dRs0éy
7 /OQI%K¢70@ 015q7%q76b5

Tensors as matrices storage of data
« [28, 28, 1]: A 28x28 pixel grayscale image (Gray)
« [128, 28, 28, 3]: A batch of 128 color images (RGB)

(Lw Loss
! et
1#'}}4‘ "L _ ‘l J wsaaANERE HANNL
M‘N" AN |
'MM%I” W mlmw '
r { ‘ 1” l“'f #ll f‘"ﬂlﬁ"u A
ccuracy

predictions from local fonts (bad predictions in red)
0123456789012345()7890123
0 1 8 3 2 5 2 8 9 9 8 1 3 2 5 5 1 8 4 9 8 1 3

168 sample validation digits out of 10000 with bad predictions in red and sorted first
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A Single-layer Network of Image
Classification

Straightened into an array of features (x)

_ 784 p/)(di _—

28x28
pixels

_—

Input

0 1 2 9

Through Softmax operation to predict 10
labels (y) with a normalized distrution

weighted sum of all
p/'XdS + bids

/)

softmax(L,) = °

\

newron abd'pb(fs

softmax

[le" ]

Vectorized dataset into
a batch (of 100 images)
for efficient operation

\

X100 images,
one per line,
Alottened
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Softmax on a Batch of Images

Fredictions Imoges Wejghts — Biases O I Z E 4 5 6 7 8 2
Y(100, 10] X0, 7847  W(78410]  b[10] 7] 0 (%] 0 0 0 1 0 0 0
\ \ / / actuod probobilities, "one—hot' encoded

Y = softmax(X. W +b) /
/ )

broadcast E
0////1//60( line moArix MM/{‘////)/ 0; //j:{//c///l:”é; - }/i, . log(l/;:) C\"Ogg erH'\"OPY

by line
tensor SACI//M; in [ ] / f'A/S s oo

&on//po(%éd /)mbw/l/ﬁe; /

.01/|.03||.00|| .04 0.8 \02 .01)|.01
/7 8 9

) AR R N,

Y = tf.nn.softmax(tf.matmul(X, W) + b)

moAtrix MM(%WZ/ \ broadeast

on adl lines

tensor shapes. X(100, 7841  W[748/01  bli0]

https://github.com/GoogleCloudPlatform/tensorflow-without-a-
phd/blob/master/tensorflow-mnist-tutorial/’keras_01_mnist.ipynb



https://github.com/GoogleCloudPlatform/tensorflow-without-a-phd/blob/master/tensorflow-mnist-tutorial/keras_01_mnist.ipynb
https://github.com/GoogleCloudPlatform/tensorflow-without-a-phd/blob/master/tensorflow-mnist-tutorial/keras_01_mnist.ipynb
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Adding Layers
g OO QIO 0 00D |
100 ooooooooooo\\

si9nioid
0 QO0O000000 —"
20 OO0O00OO0
10 O O QO —— softmax
o1 2 ..9
o<f sigmoid | 1 .
oo SIGT! e Getting flat
§§ ‘ ] * The gradient can become very small and
oa training get slower and slower.
6

Simply adding more layers with sigmoid activations does not give us the
expected results ...
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Special Care for Deep Networks

relu 1
784
@ m =mEm EEE EEEE E N

/ﬂ,ﬁ/&f‘ﬁ

w0 O00000000000O0 s /B 1

Y = relu(z W;X; + b)
i

100 OQOOO0OO0OO0OOOOOO ,u / \ \

activation bios
wejghts
60 O Q Q O O Q O Q O relu HANDS ON:
Replace the 'sgd' optimizer with a better one, for example 'adam' and train again.
20 OO 0O0O0 relu .
I B .  ———nicinss 9T%
[ wme T o————— 1 4
/0 OO O —— soffmaox o EE
| &
0 1 2 ..9 ‘.‘
o
\
HANDS ON:

Replace all activation='sigmoid' with activation="relu' inyour layers and train again. | md#ﬁ#f&l”w&%‘ b

https://github.com/GoogleCloudPlatform/tensorflow-without-a-phd/blob/master/tensorflow-mnist-tutorial/keras 02 mnist dense.ipynb



https://github.com/GoogleCloudPlatform/tensorflow-without-a-phd/blob/master/tensorflow-mnist-tutorial/keras_02_mnist_dense.ipynb
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Convolutional Networks
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Convolutional Networks Applications

. Face:Deteqion Face Recognition #"P st e -

Erily. |

Classification ’ : Instance
+ Localization Qigec Desachon Segmentation
& FLTW -

Machine Learning Project

Handwritten Character Recognition

SwinUNETR
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A Design Challenge with Increasing

1mensions

D

512x512%x3 = 765,432

aa)
QO
=
-
S
o
@

10

<
=
O

Gray-scaled

Input Features 32x32%x3 = 3,072

28x28x1 = 784

Weighted-Sum
(10x784 « W — 10x3072)

Activation

(?)

frog ship

airplane cat

Output Label

Regular Neural Nets don’t scale well to full images
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Convolutional Operation

Kernel
c || ¢ An Image
w with 3
h
9 channels
)
Z. 0, of RGB
Output
_>
aw bxr + bw + cx cw dr +
ey fz fy + gz 9y hz
ew fz + fw + gz gw hz +
1y jz jy + kz ky lz

Output Volume (3x3x2)
o[:,:,0]

-55 (-)4 24+1+5+1

4 5 2

o[:,:,1]
-6 -3

-8
6 6 -1
5 3 -1

toggle movement

Input Volume (+pad 1) (7x7x3) Filter WO (3x3x3) Filter W1 (3x3x3)
x[:,:,0] wO[:,:,0] wl[:,:,0]
ofoffoJo o o o 11 1 © |- |=i
of2]ft]o 2 1 o 1o -1 KRR 0
of2]ft]o 1 o o 0 [[o [[-1 -1 -1 0
0O 1 01 2 1 O wo[:,:,1] wl[z:,:,1]
01 2010 0 0 LT i
R GR N ERE 0 0 [fo |11 1 0 0 -1
T T 50 0 1o 1 1 -10
T 1 wl[:,+,2] wlf[:,:,2]
ATEY 11> il N
ofojfjofo o o
02 |t i 2 4L 5 s L
7 ﬂfz 8 6 [0 |1 i =t |1
NSRS Bias b (1x1x1) Bias bl (1x1x1)
01 2 1,1 0 bo{%,:,0] bl[:,:,0]
0 0 00 0 1 1 0
0 0 0 0 o
2,:,2]
ofofjo}o o o0
0 2142 11 0 Motivati
=I5 —T 1 otivations
0001010 * Sparse interactions
2 i1 |2 |2 :
0 | * Parameter sharing
0 01 2 2 0 0
00 00 0 O0 O

* Equivariant representations



DS323: Al in Design

Convolution in 3D Volumes

Preserved spatial structure between the input and output volumes in width, height, number of channels

7X7X%X3
Input / _
Volume 7 (height)
in 3D
% (width)
3 (depth)

Layers in a ConvNet:
Transform an input 3D volume to
an output 3D volume with some
differentiable function that may
or may not have parameters.

Input Volume (+pad 1) (7x7x3) Filter WO (3x3x3) Filter W1 (3x3x3) Output Volume (3x3x2)
x[:,:,0] w0[:,:,0] wl[:,:,0] o[:,:,0]
0Oflofjofo o 0 O L1 ff-1 0 -1 -1 5 |0
offl21fo 2 1 0 -1 -1 1 -10 0 5 4 3)(3)(2
oOfl2f1fo 1 0 O 0 |0 JI-1 -1 -1 0 4 -5 -2
N BINN LORN BINN E258 N1AN 1) w0[:,:,1] wl[z:,:,1] o[:,:,1]
R N 7 R R 0 1 0 -1 6 8 3 . OUtPUt
oz [0 |2 |2 0 0t 0 0 -1 B |6 |- 3 (helght) Volume
0 0 0 ) -1ff0 |f1 1 -1 0 S5 03 -1 11’1 3D
L7, 1] wl[:,+,2] wl[:,:,2]
<T||-1|f > =1l il 1
0Oflojjo (o 0 O .
oo fofo o il Bl 3 (width)
Lo 1o |1 i =il
L I P 2 (depth)
Sl (<0 OB IR 9 g Bias b (1x1x1) Bias bl (1x1x1)
012 110 0 bOf*,:,0] bl[:,:,0]
00 00 0 1 0
0 0 0 0 O .
Convolve the filter with the
0floloy0 0 00 lmage
2 z ? 2 : 1 g i.e. “slide over the image spatially,
S (o 5 R Filter sizes in 3X3X3 computing dot products”
HEHEEEE » always extend the full depth
UM [ON BISN 23N 2 (0NN 10) .
of the input volume
0O 0 0 0 0 0 O
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The Design of a Convolutional Layer

A convolutional layer 1s defined by the filter (or kernel) size,
the number of filters applied and the stride
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Output Volume Size

v.a Z Z Z
1111111111111
/////////////
1111111111111

e * Depth (number of channels):

. I """""" {/\// [ _5) }) L/) é] * adjusted by using more or fewer filters
* Width & Height:
- A * adjusted by using a stride > 1
s . W C Z 2 & /0] * (or with a max-pooling operation)

6 ( - /

» WL, 1,00, ]

stride 2
/0
N

Defined by the filter (or kernel) size, the number of
filters applied and the stride
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The Last Layer

From a Cubic Volume 1n 3D to predicted labels

Fully connected layer Global average pooling

Similar like a

normal neural V’ Much llghter in
network % calculation
B . 7] The average
xpensive in Y ) ..
H#weiohts pooling explicitly
¢ Ll b disca.rds all
Vi v location data
Butpreseves the g pprrarty. o9
location data (x, ‘ SIS W[ ]
=== 2N, T
») 909600 R PP OO S
softmidox softmidox
1225 weights aAea/per 7 0 weights
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Stacking Up a ConvNet

Layer-by-layer

convolutionod
5ubsam,0[ in9

convolutionod
5«b5amp( in9

——

convolutionod
Sb(bsampl in9

= 25128

28x28

Tx7

Hotten

Tx7x%2-1568

N

S9989995599

softnioox

Convolutionod x> Filters=12
{/\// . & 2]

Convolutionod exe Filters=24

WL[é, 6, 12, 24] stride 2

Convolutionod exe Ffilters=32
Wle ¢ 24, 22] stride 2

) ©
strided \v
convolution
|

Dense loyer
Wq[/ﬁéz?, L?Z;l

Softmox dense loyer
W [z00, 10]
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Exercise: Handwritten digits
classification

e MNIST forward Neural Network:

* https://ml4a.github.io/demos/forward pass mnist/

 MNIST confusion matrix
* https://ml4a.github.io/demos/confusion _mnist/

e MNIST Convolutional Neural Network: filters

* https://ml4a.github.io/demos/convolution all/

* crfm.stanford.edu/2023/03/13/alpaca.html

 MNIST TensorFlow.js playground:
https://cs.stanford.edu/people/karpathy/convnetjs/demo/mnist.

html

* Explainable AI Demos:
https://Irpserver.hhi.fraunhofer.de/image-classification



https://ml4a.github.io/demos/forward_pass_mnist/
https://ml4a.github.io/demos/confusion_mnist/
https://ml4a.github.io/demos/convolution_all/
https://cs.stanford.edu/people/karpathy/convnetjs/demo/mnist.html
https://cs.stanford.edu/people/karpathy/convnetjs/demo/mnist.html
https://lrpserver.hhi.fraunhofer.de/image-classification
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Wan Fang
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