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Artificial neuron

» Biological neuron:

» Stimulus in dendrites

> Fire (activate axon) when stimulus is large enough
» Artificial neuron:

» Weighted sum of the input

» Qutput is a non-linear function of the input

dendrites

|
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terminals

bias



Neural networks

Hidden
Input
Output » Pattern recognition

» Speech recognition

» Language models

» Pattern creation

» Input pattern
» Output pattern
> Adaptive weights

» Approximating non-linear
functions



Neural networks

» Input vector /

» Output vector O(/)

» Transition matrix WU/ bias b,(, bias in layer /
» Learning using a cost function

>

Test goodness



Neural networks: Learning

» Supervised learning

» Data training
» Error (continuous):

E=(T(I)-0()?,
» Cross entropy (discrete) p € {y,1 -y}, g€ {9,1 -7y}

H(p,q) = —ylogy — (1 — y)log(1 — )

where T (/) is the target vector for input /
» Minimize E or H for available set of {/,/(O)} pairs
» Deep learning: many layers of neurons in the neural network

> Test goodness:

> Use only part of {/,/(O)} pairs for learning, the rest is for
testing.



Neural networks: Learning

» Unsupervised learning: No fitness function
» Reinforcement learning: e.g. Q-learning
> Penalize wrong answers and reward good ones
» Used for playing games
» Further improve models



Deep learning: Classification, linear

Linear classification wix =0

wlix >0

wlx <0
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Deep learning: Classification, linear

Attempt

* Given training data {(x;, v;): 1 < i < n}i.i.d. from distribution D

* Hypothesis v = sign(f;, (x)) = sign(w’x)
cy=+1ifwTx >0
cy=—1ifwlx <0

* Let’s assume that we can optimize to find w



Deep learning: Kernel model

Make non-linear model linear
Features: part of the model

Nonlinear model

build r
hypothesis YV =W b (x)

Linear model



Deep learning: Feed forward

Example: Polynomial kernel SVM

y = sign(wl¢p(x) + b)

Fixed ¢(x)



Deep learning: Feed forward

Motivation: representation learning

* Why don’t we also learn ¢(x)?
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Fully connected neural networks

> Ideas from Piotr Skalski (practice), Pataki Balint Armin
(lecture) and HMKCode (lecture)

oy
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Fully connected neural networks

> Model:
» Inputs (x;) or for hidden layer /: Ajlfl
> Weight W,-J’-
> Bias b
> Weighted sum of input and bias: z/ = >, AI"'w} + b]

> Activation function (nonlinear) g: Al = g(z!)

Al W,‘

F(N:)

Yang et el, 2000.



Deep learning: Activation function
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Feed forward

> Example
input layer hidden layer output layer Z(l)l] _ $1Jx0+wlllx1 +w(|)12|x2 +
Ill g(z(\)ll)
lel = w“ulxo +W| le +w| 2X2
|1] g( MI)
= wi2lgltl 4 pl2] 22 = wlia, + wl¥la, + bl
al?l = g(z12)) a? = q< [2 \)

2111 — ity 4 plal
altl = g(z117)

» We have an output, how to change weights and biases to
achieve the desired output?

» Error L



Backpropagation

oL
AW = —Oéa—W

> W is a large three dimansional matrix

» Chain rule!

Geoffrey Hinton FoLLOw
Emeritus Prof. Comp Sci, U_Toronto & Engineering Fellow, Google
Verified email at cs.toronto.edu - Homepage
machine learning neural networks  artificial intelligence  cognitive science
computer science
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*
Learning internal representations by error-propagation 63004 1986

DE Rumelhart, GE Hinton, RJ Williams
Parallel Distributed Processing: Explorations in the Microstructure of




Backpropagation

» Chain rule
a; = g(Zj) = g(wljaj + b7)

oL OL da; Oz oL ,

awzj - da; 0z Bwlj - 8a,~g (zi)aj

oL — oL 8al 82]
8_@1' o Zaalﬁzlaal Zaal

lel el

Z/ wi;



Backpropagation: Example

» From HMKCode

» Note that there is no activation function (it would just add
one more step in the chain rule)

nput Layer Hidden Layer Output Layer




Backpropagation: Example

> Weights




Backpropagation: Example

» Feedforward

laput Layer
F 4]

Hiddlew layer

Output Layer

Forward Pass / Matrix wadtiplisation

} 011 012 0.14

[ B =[0.85 0.48]. =[0.191] /
[0_21 o.os] [0.15 metnits
CXAl40X.21=85 J85X.14 +.48x.15=191 ‘7—/’/
X2+ 0x.02= 48



Backpropagation: Example

» Error from the desired target

11 { oo .
21 14
> o

Brvor =0, bf predietion = actual 1 _ B o
’ ! . Erwr=E(predlctlun—actual)2 Bevor s abunys posicive

Error = §(0.191 -1.02=0327



Backpropagation: Example

» Prediction function
prediction = out
prediction = (h,) w, +(h,) w,  miwro
prediction = (|, w,+ 1 w,) w, + (I, w,+1, w,) w,

to change prediction value,
we need to change weights



Backpropagation: Example

» Gradient descent

| J
*V[K{: m{_ (6?;:)1')

% _ VV6 3 (BError)

aw,




Backpropagation: Example

» Chain rule

8Error _ QError  , dprediction
IW, Oprediction oW,

n — actual)2

prediction = (. wy+ 1 w,) ws + (1 Wi+ W) wy

1 . .
aError _ (predictoin-actula)’ 5 (| w,+ w,) W, +( w,+1 w,) w,

IW, dprediciton oW,
dError w1 . . d(predictoin—actula),,
——=2%= — —_ % + ho= iy ws+i,w
W, 23 (predictoin — actula) Sprediciton (1 wy+i,wy) 2= wat Wy
dError - . *
aw. (pPedlCtOlH — actula) (h,) A = prediction - actual
6
dError

S =,



Backpropagation: Example

» Chain rule

__ 9Error _, dprediction
dprediction w,

1 . .
9Error _z(predictoin—actula)® g (1, w,+ w,) w. + (I, wy+ 1 w,) w,
aw, aprediciton aw,

OError _ 41 s d(predictoin—actula),,
W, 2% (predictoin — actula) T aprediciton
OErT s
a;"r = (predictoin — actula)* (h,)
0

aError _
aw, 2

(i, wy+i, wy)

A= prediction - actual

prediction = (1w, +1,w,) ws + (1wt w,) w,




Backpropagation: Example

» Chain rule
*W6= Wé_ Ahz

*W5= W5_ Ahl

s




Backpropagation: Example

» Chain rule
dError _ OError  , dprediction 4, O0h, - "
aw, aprediction ah, ow, Error = prediction — actual)

prediction = (h,) ws +(h;) w,

1 . .
dError _ ai(predlctatn*nctula)z* F) (hl) W+ (hz) Wy . Al wy+i,w,

aw, dprediciton ah, aw, hy= i wy+isw,
ﬂgr—“::w =2* % (predictoin — actula) %m* (W) * ()
a?";l”r = (prediCtOin - aCtula)* (Ws ) A = prediction — actual
Error

=Aw,
aw, s

1




Backpropagation: Example

» Summarized

i)
=

‘w,=w,—a (h,. 4)

‘w.=w.—a (h,. 4)

‘w,=w,—a(

: "*w3= wa—a

‘w,=w,—a (

‘w,=w;—a

. Aw,)
. Aw,)
. Aw,)
. Aw,)



Backpropagation: Example

» Summarized in matrix form
90t R 0 B

wy wa]:[w1 “"3], [ ] _[ws \1';] 7[a Aw. a Awﬁ]
w, wul lw, w, ad s wil w, W, alAw, alAw,



Backpropagation: Multiple data points

» Generally A is a vector, with the dimension of the number of
training data points.

» The error can be the average of the error, so repeate the
equations below for all training points and average the changes
(the part after a)

» Fortunately numpy does not care about the number of
dinemsions, so insted of the multiplication in the right
matrices we can use dot product.

o 14 R I

Lo W=l Cl=eal Jow wa=[0 DT -F A 2



How many layers?

» Neural network with at least one hidden layer is a universal
approximator (can represent any function).

3 hidden neurons

6 hidden neurons

20 hidden neurons

Do Deep Nets Really Need to be Deep? Jimmy Ba, Rich Caruana,

«4O0>» «Fr» «E)>» «E>»

DA



LeNet Architecture

Yann LeCun
» Convolution

» Non-linearity

» Pooling
» Classification
Convolution Pooling Convolution Pooling Fully Fully Output Predictions
+RelU +Rell) Connected  Connected
[—L
] L =R ——— dnglﬂ{ﬂlol“
p— cat (0.
T g W- boat (0.94)
- rr bird (0.02)
[ u) g [ E -
M- HR N S o T R

Author: ujjwalkarn



Convolution operator

» 2d matrix
» Example:

» Original image:

» Convolution matrix:

» Result:

Image

Convolved
Feature

DA



Convolution operator

» 2d matrix
» Example:

» Original image:

» Convolution matrix:

1c

Convolved
Feature

» Result:

Image

DA



Convolution operator

» 2d matrix
» Example:

» Original image:

» Convolution matrix:

il

Convolved
Feature

» Result:

Image

DA



Convolution operator

» 2d matrix
» Example:

» Original image:

» Convolution matrix:

a1

Convolved
Feature

» Result:

Image

DA



Convolution operator

» 2d matrix
» Example:

» Original image:

» Convolution matrix:

i

Convolved
Feature

» Result:

Image

DA



Convolution operator

» 2d matrix
» Example:

» Original image:

» Convolution matrix:

Convolved
Feature

» Result:

Image

DA



Convolution operator

» 2d matrix
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» Original image:

» Convolution matrix:
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DA



Convolution operator

» 2d matrix
» Example:

» Original image:

» Convolution matrix:

Convolved
Feature

» Result:

Image

DA



Convolution operator

» 2d matrix
» Example:

» Original image:

» Convolution matrix:

Convolved
Feature

» Result:

Image

DA



Convolution operator

» The convolution operator is called filter or kernel

» The result of the convolution is feature map



Convolution operator: examples

Operation Filter
000
Identity 010
000
10 -1
00 o0
=10 1
0 10
Edge detection 1 -4 1
o 1
-1 -1 -1
-1 8 -1
1 -1 -1
0 -1 0
Sharpen -1 5 -1
0 -1 0
Box blur

(nomalizes)

el=
—_—
[
—

Gaussian blur

=~
—

= e e
(O™
- -
o

(approximation)




Full convolution neural network

Convolution Pooling Convolution Pooling Fully Fully Output Predictions
+RelU +RelU Connected  Connected

Dog (0}
Cat (0)
Baat (1)
Bird (0)

i--

¥ itarget — output)?
|1 |
y |

Feature Extraction from Image Classification




Examples of learned features

» MNIST example
https://adamharley.com/nn_vis/cnn/2d.html

Dutput
Layer
FC
Layer 2
FC
Layer 1
Foaling

Foaling
Layer 1

Convolution
Layer 1



https://adamharley.com/nn_vis/cnn/2d.html

Convolutional layers

» Number of parameters (200x200 RGB image):
» Fully connected layer to a layer of 300 nodes:
> Weights: (200 - 200 - 3) - 300
> Biases: 300
> Total: 36000300 ~ 3.6 - 107
» Convolutional layer
> Weights per filter w - w - 3, where w is the width of the filters
One bias
Number of weights per filter w? + 1

For 300 filter (usually people use only a few dozens)
Total: 300 - 10 = 3000

vvyvy



ChatGPT structure

Output
Probabilities

Add & Norm

Add & Norm

Attention

Nx
Nx Add & Norm
Scaled Dot-Product Attention Rl Masked
Mutti-Head Multi-Head
Attention Attention
A ’
| —
Positional Positional
ask opt) swe:m;mw | h Encoding Y Encoding
Input Qutput
Embedding Embedding
Q K Vv Inputs Outputs
" K Q (shifted right)

Attention is all you need

A Vaswani, N Shazeer, M Parmar... - Advances in neural ..., 2017 - proceedings.neurips.cc

... to attend to all pesitions in the decoder up to and including that position. We need to prevent
... We implement this inside of scaled dot-product attention by masking out (setting to —=) ..
7 Save YU Cite Cited by 76320 Related articles Al 46 versions 5§



