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Outline: Review of ML

Classification and Regression
Gradient descent for training models
Deep learning

— Neural networks architectures
— Feed-forward neural networks

— Convolutional networks

Large Language Models (LLMs)

— Transformers and self-attention
— GPT-2 architecture



Supervised Learning: Classification
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Supervised Learning: Regression

Training
Pre- Feature
Data : .
processing extraction

Labeled Normalization Feature h(x)
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Supervised learning

Training data
— X; = |x; 4, ... X; q]: vector of features
— v;: labels N 0
Models (hypothesis)
— Example: Linear model
* hg(x) =6, + 0,x
Loss function
— Error function to minimize during training
Training algorithm
— Training: Learn model parameters 6 to minimize objective
— Output: “optimal” model according to loss function
Testing
— Apply learned model to new data x’ and generate prediction h(x")




* Linear classifiers: represent decision boundary by hyperplane

- 0
0;

6

Linear Classifiers

:IIT:[] Ty ... .r”r} o

ho(x) = f(6"x)
For example f = sign:
e If87x > 0 classify “Class 1”
« If 8Tx < 0 classify “Class 0”



Linear vs Non-Linear Classifiers




Logistic Regression

he(x) =g (0Tx)
1

//’
g(z

—
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* Assume a threshold and...
— Predict y = 1if hg(x) > 0.5
— Predict Y =0if hg(x) < 0.5

Logistic Regression is a linear classifier!




Cross-Entropy Loss

* Standard loss function for binary classification
e Derived from Maximum Likelihood Estimation (MLE)

min J(6)
N

J©) = = ) [log hg(xy) + (1 = yp)log (1 — h(x)]

=1



Softmax classifier

> —p =0
2.0 0.7 "
Py
X > ) —p> p(y=1) Y
1+0 0.2
> —p py=2)
0.1 0.1
Scores (Logits) Probabilities
e’
o(z); = = forj=1, ..., K.
D k1 €%

e Predict the class with highest probability
* Generalization of sigmoid/logistic regression to multi-class
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How to Train ML Models?

Goal: find @ to min J(0)



Goal:

Gradient Descent

find @ to min J(0)

* Choose initial value for @

* Until we reach a minimum:

— Choose a new value for @ to reduce J(Q)

J(Bﬁael)
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Gradient Descent

* |nitialize @

* Repeat until convergence

J imult dat
9‘<—9—Of J9 Slm'l.l dneous update
! J/ 00 (6) forj=0...d
e
learning rate (small)
e.g.,, a=0.05 3

J(G)j A,

-05 0 05 1 15 2 25

7,
* Gradient = slope of line tangent to curve

* Function decreases faster in negative direction of gradient

Vector update rule: 6 « 6 — a_a]a(:)
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Deep Learning: End-to-End Representation Learning

Hand engineered features are time consuming, brittle, and not scalable in practice

Can we learn the underlying features directly from data?

Low Level Features Mid Level Features High Level Features

S CHR B B
B EN=0

=N

Lines & Edges Eyes & Nose & Ears Facial Structure
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Deep Learning

Training
Data Pre- Feature
processing extraction
Labeled Normalization Feature
X Selection

Yi

h(x)
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Neural Network Architectures

Feed-Forward Networks

* Neurons from each layer
connect to neurons from
next layer

Deep Feed Forward (DFF)

e
1X_ AR 2.

X
KU A A

-

Convolutional Networks

* Includes convolution layer
for feature reduction

e Learns hierarchical
representations

>_< - ""--..O
e
>_< foxofo “;
X0 - DONEANEA
X io:Of A
~

Recurrent Networks

* Keep hidden state

* Have cyclesin
computational graph
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Inputs  Weights

Sum

The Perceptron

Non-Linearity

Linear combination
Output of inputs

| (oo$ 1
y=g| wot z Xi Wi
\l=1 )

Non-linear Bias
activation function

ey

Output
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Feed-Forward Neural Network

/

bias units ! :L‘O\s a([)l]\

Training example
X = (Xl,XZ,X3)

(Input Layer) (Hidden Layer) (Output Layer)

Layer O Layer 1 Layer 2
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Feed-Forward Neural Network

Training example
X = (lexZJxS)

(Input Layer) (Hidden Layer) (Output Layer)

Layer O Layer 1 Layer 2

No cycles 6 = (b1, wiil pl2l wizl
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Layer Operations

[1] = W, (e b and ”[11] =g(21)

:[11] = H'_l[l] T + b_[ll] and ”[1] = g(z [l]}

w1 "yl
| ] [
_ N .

) — Wil — ) ;?I;jl ,‘fj[ll] ,

21 g R4 Wil g Ri<? b1l € R*

= Wty + plil alll = g(z )

Linear Non-Linear



Activation Functions

Sigmoid

o(z) = —

14+e— =

tanh
tanh

RelLU
max (0, x)

o
S

Binary
Classification

Regression

Intermediary
layers
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Neural Network Classification

Given:
{(x0:11)s (X952)s wons (X5,) )

L
s € NT7 contains # nodes at each layer

— 5, = d (# features)

Binary classification Multi-class classification (/A classes)
P K 1 0 0 0
y=0ort R it

pedestrian car motorcycle truck

1 output unit (s; ;= 1) K output units (s; ;= K)
L-1—

Sigmoid Softmax
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Convolutional Nets

e Particular type of Feed-Forward Neural Nets
— Invented by [LeCun 89]

* Applicable to data with natural grid topology
— Time series
— Images
* Use convolutions on at least one layer
— Convolution is a linear operation that uses local information
— Also use pooling operation

— Used for dimensionality reduction and learning hierarchical feature
representations for computer vision



Image Representation

* Image is 3D “tensor”: height, width, color
channel (RGB)

* Black-and-white images are 2D matrices:
height, width

— Each value is pixel intensity

Haeight <

Width



The Convolution Operation

Suppose we want to compute the convolution of a 5x5 image and a 3x3 filter:

&

filter

image

We slide the 3x3 filter over the input image, element-wise multiply, and add the outputs...
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The Convolution Operation

We slide the 3x3 filter over the input image, element-wise multiply, and add the outputs:

Lilinylis o
RS O —
1|01

filter feature map
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The Convolution Operation

We slide the 3x3 filter over the input image, element-wise multiply, and add the outputs:




CNNs for Classification

ssssmesssssssdosssslodushosssssaspaas

leccaa-

Fully-

Input image Convolution Maxpooling daretadact
(feature maps) e
|. Convolution: Apply filters to generate feature maps. D t£ keras.layers.Conv2p

2. Non-linearity: Often RELU 1P tf keras. activations. *

3. Pooling: Downsampling operation on each feature map. |F' tf keras layers MaxPool2D

Train model with image data.
Learn weights of filters in convolutional layers.
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CNNs for Classification: Feature Learning

-~ INPUT CONVOLUTION + RELU POOLING CONVOLUTION + RELU POOLING

N J

v

FEATURE LEARNING

|. Learn features in input image through convolution
2. Introduce non-linearity through activation function (real-world data is non-linear!)
3. Reduce dimensionality and preserve spatial invariance with pooling
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CNNs for Classification: Class Probabilities

— CAR
— TRUCK
= VAN

JEEREEERS

AP RENRES

JHMEEREERS

-\E’ / \ - -
‘[] [[] — BICYCLE

FULLY

FLATTEN SOFTMAX

k CONNECTED _/
k il
CLASSIFICATION
- CONYV and POOL layers output high-level features of input eYi
- Fully connected layer uses these features for classifying input image softmax(y;) = > o)
- Express output as probability of image belonging to a particular class j¢
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LeNet 5

[LeCun et al., 1998]

Image Maps
Input

Fully Connected

7

Convolutions
Subsampling

Conv filters were 5x5, applied at stride 1
Subsampling (Pooling) layers were 2x2 applied at stride 2
i.e. architecture is [CONV-POOL-CONV-POOL-FC-FC]
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History

ImageNet Large Scale Visual Recognition Challenge (ILSVRC) winners

First CNN-based winner

152 layers
A \

\ 164

' 11.7

shallow

ILSVRC'15  ILSVRC'14  ILSVRC'14  ILSVRC'13 | ILSVRC'12 | ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet
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How to train Neural Networks?

Backpropagation algorithm

David Rumelhart, Geoffrey Hinton, Ronald Williams. "Learning

representations by back-propagating
errors"”. Nature. 323 (6088): 533—-536. 1986

Applicable to both FFNN and CNN
Extension of Gradient Descent to multi-layer neural networks



Training Neural Networks

Training data x4, Y1, ... Xy, VN

One training example x; = (x;jq, ... X;4),label y;
One forward pass through the network

— Compute predictiony; = h(x;)

Loss function for one example

— L[y, y) = —[(1 —y)log(1l —P) + ylogy]

Cross-entropy loss

Loss function for training data
1 ~
—JW,b) ==2; L (i ,y:)



GD for Neural Networks

* |nitialization
— For all layers £
e Initialize W1 pl?]
* Backpropagation
— Fix learning rate

— For all layers ¢ (starting backwards)

o [£] — — N aL(ZVl Vi)
w a )i =

o b[ | — b[f ZN aL(yl%/l)




GD for Neural Networks

* |nitialization
— For all layers £
« Set Wl pltlat random
e Backpropagation
— Fix learning rate

— Repeat
* For all layers € (starting backwards)

e Wl = —aylN, OL(YiYi)
6W g] . .
This is
o plfl = plel — g 3N aLO'ng expensive!




Mini-batch Stochastic Gradient Descent

* |nitialization
— For all layers £
« Set Wl plfl gt random
* Backpropagation
— Fix learning rate

— Repeat
* For all layers ¢ (starting backwards)
— For all batches b of size B with training examples x;, V;3

] = wltl — B OL(DipYib)
W W aYi—q av;[{’] b
B

plel= plel — oy OLQib Yin)
abltl

i=1



New Trend in Al: Foundation Models

Data

Text l !

J/ Images
/

Speech %

~ Structured
2’ Data

3D Signals é

Training

Foundation
Model

Adaptation

Tasks
Question i
%’b Answering =3

y Sentiment
&P -
‘%;3. ' Analysis

IV//‘
(a
,«k : N
A Information )
2 Extraction ”

Image
Captionin )
sl SsQ/

Object

%,/ o
XN Recognition
W g

& Instruction

XN Following ..
S L

On the Opportunities and Risks of Foundation Models
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Training LLMs

Context: Sequence of words

Large Language
Model (LLM)

Predict next word
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Training LLMs

Context: Sequence of words

Large Language
Model (LLM)

Predict next word
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Training LLMs

Context: Fixed-size Sequence of words / tokens

Large Language
Model (LLM)

Predict next word / token n - -

41



Tokenization

character-based vocabulary size word-based
models models
e L{J fast gj faster \
n 5 y 19731 ol 288

E}J EJ fast || est \ fastest
n 19731 5 —ZE)—

@@L;J quick H estl quickest
—

Bo
8~

flla
26 e 1 5

Q-o.
Bo
8~
Qo

AN

9—0

F
'
“El



Training
Objective

Autoregressive Language Models

X1 Xi-1 Xi
Maximize likelihood of . given context . . .
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Training
Objective

Autoregressive Language Models

X1 Xi-1 Xi
Maximize likelihood of . given context . . .

max JI7_, pe@l[xl, yiis ,x,-_lI)
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Autoregressive Language Models

xl xl_l xl
Tr:funlr.\g Maximize likelihood of . given context . . .
Objective

min L(0) = exp [ -logIT’_; pe(x l[xl, xz 1])]

Perplexity loss [

Prewous ]
function

Tokens

e Usually, when training a model, we minimize loss function
* Loss function is perplexity: exp of negative log likelihood of tokens given context
* Train with backpropagation 45



Generating Text

-
e | e | e e

Sampling strategies for next token generation:
* Greedy: Get the most probable token (has low diversity)

* Top-k: Sample from top-k with highest likelihood by re-normalizing the
probabilities

 Beam search: Keep a number of most likely sequences and then select
highest probability

In training, model learns
probability distribution of
next token given context

3
5
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The

Greedy search

guy

car
0.3

drives

o
wh

0.1

turns

0.5

0.2/
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The

Beam search

and

rns

car
0.3

0.1

drives

Q
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turns

0.5

0.2
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Top-k Sampling

1.0

Z*{UEV}OP_K P(w‘ “The”) = 0.68

f_/%

0.0 ]

nice dog car woman guy man people big house cat

P(w|“The”)

Z?I}EVtop_K P(w‘ “The”, Hcar”) = 0.99

r_/%

—

drives s

turns stops down a not the small told

P(w

CﬁThe” : ucar” )
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LLM Architectures

LLMs are built out of transformers

Transformer: a specific kind of network architecture, like a
fancier feedforward network, but based on attention

Attention Is All You Need

Ashish Vaswani* Noam Shazeer™ Niki Parmar™ Jakob Uszkoreit*
Google Brain Google Brain Google Research Google Research
avaswani@google.com noam@google.com nikip@google.com usz@google.com

Llion Jones* Aidan N. Gomez* FLukasz Kaiser*
Google Research University of Toronto Google Brain
1lion@google.com aidan@cs.toronto.edu lukaszkaiser@google.com

Illia Polosukhin* *
illia.polosukhin@gmail.com

50



Transformer Models

Transformer
(" )
Please — " ) pa— ’-\
S S
518l |E] |
© = © 3
EblSlepl EBlSte softmax
Z “— ) v 8 )
o 3 o) L
> D >
© Q]
=1 —
& _ J o J 3 J G J J). Outqu
Inout Token T ) Embedding
P Embedding ¥ L

(Context)

 Token embedding: Represent tokens as numerical vectors
* Self-Attention: Automatically learn which tokens in context are most relevant

* Training: Standard backpropagation to learn probability of next token
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>< “deep” *’[ J* “learning”

Neural networks cannot interpret words

Encoding Language

Ve el

Neural networks require numerical inputs

Embedding: transform indexes into a vector of fixed size.

5
this cat for
took
| walk
a :
morning
|. Vocabulary:

Corpus of words

i R o : R
- One-hot embedding | Learned embedding
cat —» 2 “cat’=[0,1,0,0,0,0] | e [ 48 cat
—> T D day happy "
e b i-th index ; B l ol
S o \ 1 /
2. Indexing: 3. Embedding:
Word to index Index to fixed-sized vector
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Problem with static embeddings (word2vec)

They are static! The embedding for a word doesn't reflect how its
meaning changes in context.

The chicken didn't cross the street because@was too tired

What is the meaning represented in the static embedding for "it"?

53



Contextual Embeddings

* Intuition: a representation of meaning of a word
should be different in different contexts!

*  Contextual Embedding: each word has a different
vector that expresses different meanings
depending on the surrounding words

* How to compute contextual embeddings?
* Attention

54



Intuition of Attention

Build up the contextual embedding from a word by
selectively integrating information from all the

neighboring words

We say that a word "attends to" some neighboring
words more than others



Attention
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Attention Definition

Given a sequence of token embeddings:
X;] X, X3 X4 X5 X,

Produce: a; = a weighted sum of x, through x,
Weighted by their similarity to x;

SCOI'C(Xi,Xj) = Xj Xj

0;; = softmax(score(x;,x;)) Vj<i

ad;, = E OCinj

J<i




Attention
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Learning Self-Attention with Neural Networks

X
Goal: identify and attend to most
: g He tossed the tennis ball to serve
important features in input. =
embedding
Encode position information ®
 Poson Pr P2 Ps Pa Ps  Pe
information

|

Position-aware encoding

Data is fed in all at once! Need to encode position information to understand order.
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Learning Self-Attention with Neural Networks

e Q
Goal: identify and attend to most " _!_!_ = . Query
important features in input.
|.  Encode position information K
2. Extract query, key, value for search g B Key
\'
X =
- . Value

Positional Linear Output
embedding layer
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Learning Self-Attention with Neural Networks

Goal: identify and attend to most Attention score: compute pairwise
important features in input. similarity between each query and key
Encode position information How to compute similarity between two

sets of features?

2. Extract query, key, value for search

3.

Compute attention weighting <7 o J———
K product 1 O . KT !
/ < ‘ I
I
- scaling :
Similarity
metric

Also known as the “cosine similarity”
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Learning Self-Attention with Neural Networks

Goal: identify and attend to most Attention weighting: where to attend to!
important features in input. How similar is the key to the query?
3 2_ ¢
|.  Encode position information PSE£8582 9
He
2. Extract query, key, value for search tossed Q-KT
the
. . - softmax ( )
tennis o
3. Compute attention weighting e scaling
to
serve

Attention weighting

62



= W

Learning Self-Attention with Neural Networks

Goal: identify and attend to most
important features in input.

Encode position information
Extract query, key, value for search
Compute attention weighting

Extract features with high attention

Last step: self-attend to extract features

Vv

Attention Value Output
weighting
Q T
softmax -V =A(Q,K,V
/ (scaling) (@ )
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Learning Self-Attention with Neural Networks

Goal: identify and attend to most
important features in input.

|.  Encode position information

2. Extract query, key, value for search
3. Compute attention weighting
4

Extract features with high attention

These operations form a self-attention head
that can plug into a larger network.

Each head attends to a different part of input.

f

f .
Matmul

x ry

Softmax
*

Scale

x

MatMul

Query L Key Value

Positional Encoding

\

Q-K"

softmax (

scaling

).v
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