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One-hot Encoding

e @ It uses an array of binary columns to
One-hot represen_t each entity by a unique bit set
encoding to 1 while all others are 0.

?Source:
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One-hot Encoding

e @ It uses an array of binary columns to
represent each entity by a unique bit set
to 1 while all others are 0.
® Treats each entity as

One-hot
encoding

® Encoded vectors are easily interpretable.
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One-hot Encoding

e @ |t uses an array of binary columns to
One-hot represen_t each entity by a unique bit set
encoding to 1 while all others are 0.

® Treats each entity as

® Encoded vectors are easily interpretable.
® Does not require any learning.
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One-hot Encoding

e @ |t uses an array of binary columns to
One-hot represen't each entity by a unique bit set
encoding to 1 while all others are 0.

® Treats each entity as

Encoded vectors are easily interpretable.
Does not require any learning.

Increases the data dimensionality by
creating a new binary column for each
category.
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One-hot Encoding

It uses an array of binary columns to
represent each entity by a unique bit set
to 1 while all others are 0.

Treats each entity as

Encoded vectors are easily interpretable.
Does not require any learning.
Increases the data dimensionality by
creating a new binary column for each
category.

when dealing with
large number of categorical features.
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Embedding

e Embedding: reduces the dimensionality by representing each category as a dense vector of
lower dimensionality (e.g., 8, 16, 32 dimensions).
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Embedding

e Embedding Captures semantic relationships and similarities between categories by placing
similar categories closer together in the embedding space.
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Embedding

are scalable and efficient for high-cardinality features.
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Embedding

are generated during training to capture the relationships between categories,
making them data-driven and context-aware.
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Word Embeddings

® Word Embeddings encapsulates the
word meaning in different contexts.

Male-Female Verb Tense Country-Capital

January 6, 2025 5/35


https://miro.medium.com/v2/resize:fit:2000/1*SYiW1MUZul1NvL1kc1RxwQ.png

Word Embeddings

@ PCA on the Embeddings demonstrates
how similar entities are clustered
together in the embedded space.

Male-Female Verb Tense Country-Capital
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Word Embeddings

’ ® Example: GloVe and Word2Vec

Male-Female Verb Tense Country-Capital

?Source:
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Pre Tranformer Models - RNN, LSTM and GRU

Recurrent Neural Networks (RNN)
Long Short-Term Memory (LSTM)
Gated Recurrent Units (GRU)

“Source:
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Recurrent Neural Network

zp = Wi-hy+b.

hy = c(Whnhi—y + zy + bp)
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Recurrent Neural Network

e If x; is input, h; is hidden state at time t
and W_ _ are connection weights,

o h, = o(Whnhe—1 + Winxe + bp)
o z; = Wy h: + b,

Z n=hy + b

hy = c(Whnhi—y + zy + bp)
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Recurrent Neural Network

. : Vanishing and Exploding Gradients as
the gradient of the error are backpropagated
in time causing it to vanish if it is < 1.0 or
explode if > 1.0

zp = Wy.hy +b. a

hy = c(Whnhi—y + zy + bp)

“Source:
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Long Short-Term Memory Networks (LSTM)

e LSTM use gating mechanisms (input,
forget,output) to control the flow of
information through the network over a
longer period through the to
prevent vanishing gradient problem.

e C; transfers relevant information across
different time steps.

“Source:
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One20ne to Many2Many Architectures

One to One: Simple, vanilla model

One to many: image-to-text conversion

Many to One: Text to Image Generation

Many to Many: Text translation

“Source:
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Encoder-Decoder Architecture

e What if the number of inputs differs from

the number of outputs? For example,
?

?Source:
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Sequence to Sequence Paper (2014)

Sequence to Sequence Learning e Encoder: The Encoder processes each
with Neural Networks token in the input sequence to construct
the fixed-length context vector.

e Context vector: A vector encoded with all
the information in the input sequence.

e Decoder: Converts context vector to
predict the target-sequence token by
token.
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Sequence to Sequence Learning

® LSTM generates fixed length context
vector.

¢ | |
| | | |
0 a rencontrer

LLMs SLMs and LMMs January 6, 2025 12 / 35


https://miro.medium.com/v2/resize:fit:1100/format:webp/1*B5pqh5hTgTaNiuUQhtxBQA.png

Sequence to Sequence Learning

® The Decoder predicts a set of tokens
that goes to a softmax function to
predict the most probable token.

: \
‘ ‘ | ‘ |
neel ol av rencontrer
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Sequence to Sequence Learning

® The most probable token found is now
applied to the context vector to find the
next token.
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Sequence to Sequence Learning

: \
‘ ‘ | ‘ |
neel ol av rencontrer

L . The fixed length context
vector should have the complete
information in the input sequence -

“Source: [View link]
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Sequence to Sequence - Captures Context

#® The most significant feature of seq2seq
learning is that it can efficiently capture
the context and cluster context vectors
in terms of meaning.

imensional PCA projection of the LSTM hidden states th:
clustered by meaning, which in these
capture with a f-words model
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Sequence to Sequence - Captures Context

@ Word Embeddings cluster words
depending on their possible contextual
meanings.

® Seq2Seq Learning cluster sequences
based on their information content.
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Attention Mechanism (2015)

#® |Introduced the first attention mechanism
for neural machine translation

BY JOINTLY LEARNING TO ALIGN

Dzmitry Bahdanau
Jacobs University Bremen, Germany

KyungHyun Cho  Yoshua Bengio

& de Montré

ABSTRACT

the performance of thi

wing a model to automatically (s

anslation performance
h hul system on the
eveals that the
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Attention Mechanism (2015)

NEURAL MACHINE TRANSLATION
BY JOINTLY LEARNING TO ALIGN AND TRANSL

Dzmitry Bahdanau
Jacobs University Bremen, Germany

KyungHyun C Yoshua Bengio
& de Moniréal

ABSTRACT

is a recently proposed approach to machi
watistial machine tramslation, the neur
work that can be jointly

bottleneck in improvi
ture, and propose (o ¢
for parts of a source sentence that are ¢
having to form these parts s
lation performance wm;m fabi 1o th
e

h hul system on the

well ith o inftion

2 No need to encode all the information in
a sequence and its context into a single
vector.
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Attention Mechanism (2015)

Published as a er at ICLR 2015

NEURAL MACHINE TRANSLATION
BY JOINTLY LEARNING TO ALIGN AND TRANSLATE

® |Instead of explicitly depending on a
single Context Vector, the model
searches for relevant parts of the
sequence to get additional information
for accurately predicting the target word.

o the existin
tem on the task of English-to-French translation. Furthermore.
ly als that the (soft- by the ee
with our intuition.
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Attention Mechanism, the Key Concepts

3 LEARNING TO AL AND TRANSLATE

In this section, we propose a novel architecture for neural machine translation. The new architecture
consists of a bidirectional RNN as an encoder and a decoder that emulates searching
through a source sentence during decoding a translation (Sec

3.1 DECODER: GENERAL DESCRIPTION

In a new model architecture, we define each conditional probabi
in
Plyilyrs- - yi1:%) = gl

where s; is an RNN hidden state for time . computed by

sting encoder-decoder ap-
proach (see Eq. (2)), here the is conditioned on a distinet
context vector c; for each targ

The context vector of annotations
iz, ) to which an encoder maps the input sentence. Each

H; contains information about the whole input sequence

s surrounding the i-th word of the

notations are com-

Figure I: The graphical illus-
tration of the proposed model
u nerate the ¢-th tar-

en a source

Each is created by
concatenating forward and backward
bidirectional RNN states.

January 6, 2025
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Attention Mechanism, the

3 LEARNING TO AL AND TRANSLATE
Inthi

consists of
through

ion, we propose a novel architecture for neural machine translation. The new architecture
bidirectional RNN as an encoder and a decoder that emulates searching
source sentence during decoding a translation (Sec

3.1 DECODER: GENERAL DESCRIPTION

In a new model architecture, we define

in

ch conditional probabi
Plyilyre- - yio1.%) = g(ui

where s; is an RNN hidden state for time . computed by

oxisting encoder—decoder ap-

proach (see Eq is conditioned on a distinet

conlext vector ¢;

Tor each targ

of annotations

hz, ) 10 which an encoder maps the input sentence. Each
H; contains information about the whole input sequence
s surrounding the i-th word of the

notations are com-

Figure I: The graphical illus-
tration of the proposed model
nerate the ¢-th tar-

en a source

Key Concepts

® h; contains information about the whole
input sequence with a strong focus on
the parts surrounding the i*" word of the
sequence.
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Attention Mechanism, the Key Concepts

3 LEARNING TO AL AND TRANSLATE

In this section, we propose a novel architecture for neural machine translation. The new architecture
consists of a bidirectional RNN encoder nd a decoder that emulates searching
through a source sentence during decoding a translation (Sec

3.1 DECODER: GENERAL DESCRIPTION

In a new model architecture, we define each conditional probabi
in
Plyilyrs- - yi1:%) = gl

where s; is an RNN hidden state for time . computed by

sting encoder-decoder ap-
proach (see Eq. (2)), here the is conditioned on a distinet
context vector c; for each targ

The context vector c; depends on a sequence of amnotations
(hi.-- . hz.) to which an encoder maps the input sentence. Each
formation about the whole input sequence

s surrounding the i-th word of the

notations are com-

Figure I: The graphical illus-
ition of the proposed model

trying to generate the f-th tar-
t word y; given a source

sentence (2 )

The model dynamically updates the
context vector C; for each target word
using a weighted sum of annotations.
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Attention Mechanism, the Key Concepts

ection, we propose 2 ichine translation. The new architecture

of 4 bidirectional RNN as an encoder (Sec and a decoder that emulates searching
through a source sentence during decoding a translation (Sec

3.1 DECODER: GENERAL DESCRIPTION

In a new model architecture, we define each conditional proba
in Eq. (

1

). here the probability is conditioned on a distinct
or each target word y;

The context vector c; depends on a sequence of amnotations

(hi.---  hz.) to which an encoder maps the input sentence. Eacl

formation about th e input sequence

the i-th word of the

input sequence. We explain in detail how the annotations are com-
puted in the next section

Figure 1: The graphical illus-
hted sum of these  (ration of the proposed model
trying to generate the (-th tar-
t word y, given a source
ence (i1

The training for both models is done

simultaneously using backpropagation.
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Attention Mechanism Challenges

3 LEARNING TO ALIGN AND TRANSLATE
In this section, we propose a novel architecture for neu

s of a bidirectional RNN as an encoder (Sec
through a source sentence during decoding a translation (Sec
3.1 DECODER: GENERAL DESCRIPTION

In a new model architecture, we define each conditional proba

a decoder that emulates searching

xisting encoder—decoder ap

). here the probability is conditioned on a distinct

: for cach target word y;
The context vector c;
to which an encoder maps the input sente
contains information about the whole input s

depends on a sequence of amnotations

focus on the parts surrounding the i-th word of the

input sequence. We
puted in the next sectior

The context vector ¢; is, then, computed as a weighted sum of these

annotations,

plain in detail how the annotations are com-

Figure I: The graphical illus-
tration of the proposed model
rying 10 ¢ rate the f-th ta

get word y; given a sour
sentence (2 ).

e The attention mechanism has efficiently
handled the problem with long sequences
and the exploding/vanishing gradient
problems.
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Attention Mechanism Challenges

LEARNING TO ALIGN AND TRANSLATE

propose a novel architecture for n hine translation. The new arcl
al RNN as an encoder (Sec d a decoder that emulate:
translatior

It should ed that unlike the encoder ecoder ap-
proach (sec Eq. (), here the probability is conditioned on a distinet

context vector ¢; for each t

The context vector c¢; depends on a sequence of amnofatio
) 1o which an enceder maps the input sentence. E:
ntains information about the whole input sequen
the parts surround he i-th word of the
input sequence. We explain in detail how the annotations are com-

graphical illus-
of the proposed model
annotations ate the {-th tar-
word y; given a source
ntence (; )

Although the long sequence
problem is now addressed by the
attention mechanism, still the sequence is
submitted with time stamps X1, X5... X},
which means sequentially (one after
another). This means the model is not
scalable to be trained on large amounts
of data.
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Attention Recap

Step 1: Compute Step 2: Normalize Step 3: Compute
dot products using softmax output
a; j T

softmax “J', Z5)ienn.1 ) A= Ea”x,
Input sequence: k ' j=1

current input

X

-

rrage source: Raschia & Mirjall 2010 P
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From Sequential to Parallel Processing (2017)

Attention Is All You Need

Parmar” Jakob Uszkoreit”

Llion Jones* £ N. Gomez" !
Google Research University of Toronto
1lion 1 aidan

Illia Polosuk]
illia.polo

o Attention is all you need
e BERT, GPT

January 6, 2025
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Transformer Al Revolution

e Transformer is a Deep Learning
Architecture using Attention Mechanism
to handle sequential data in parallel and
pay Attention to the connecting dots in

: » e Rescarch the content and context it captures.

Ao N, Gomer . (personal definition)

University of Toronio

Attention Is All You Need

Jakob Uszkoreit”
e R

o.edu
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Self Attention

trainable weight matrices
Wiy @
wk
x < K
W™y
current input (*query®)

we
x, W‘
W

As in the simplified version, this is a ® - Query, = Wq X

form of similarity or compatibility
measure
("multiplicative attention")

For each query, model learns
which key-value input it should
attend to

weighted sum: values
attention weight (so

o -Key, k = Wy.x;
e Value,v =W, .x;?

N\/iden Qanirra

January 6, 2025
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https://www.youtube.com/watch?v=0PjHri8tc1c&t=2s

Self Attention

As in the simplified version, this is a
form of similarity or compatibility

w4 @ > measure
x W, K i ("multiplicative attention")
wY 41

For each query, model learns
current input ("query”) which key-value input it should

W attend to e - x is word embedding of dimension [1xN]
N § » i - \ e - W is Weight Matrix of dimension [NxM]

"""1-""“E'gup.q,k;]7"] ® - q,k,v are thus having dimension [1xM]
[

trainable weight matrices

softmax
~

NV
weighted sum: values weighte
attention weight (sof
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Self Attention

As in the simplified version, this is a
form of similarity or compatibility

w4 @ & measure
x W, K i ("multiplicative attention")
wY 41

For each query, model learns
current input ("query”) which key-value input it should

we
x, W‘
W

trainable weight matrices

.
qj-k;

weighted sum: values
attention weight (so

e - dot product gives a scalar and
multiplying by the gives a
[1xM] dimension vector.
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Attention vs Self Attention

Input sequence:

Step 1: Compute Step 2: Normalize
dot products using softmax
a

softmax ( [z,

trainable weight matrices

Step 3: Compute
output

current input (*query”)

we
5 WA
wr

As in the simplified version, this is a|
form of similarity or compatibility
measure
("multiplicative attention")

For each query, model learns
which key-value input it should
attend to

weighted sum: values weighi
attention weight (softm:

January 6, 2025
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Self Attention

Scaled Dot-Product Attention e - Since the computation can be done in
parallel, the Attention for the whole A(Q,
K, V) can be computed by treating Q as

the vector of dimension L x N where L is
the sequence Length.
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Self Attention

Scaled Dot-Product Attention

- Resulting A will be a matrix of
dimension and to prevent it from
growing too large than the gradients, we
scale it down by

January 6, 2025 22 /35



Self Attention

Scaled Dot-Product Attention

ok T
® - Thus A(Q,K,V) =softmax( k‘”% )V
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Multi-head Attention

Multi-Head Attention e - Just like multiple channels use different
kernels in CNNs to capture different
details of the image, Multiple
self-attentions with different weight
matrices capture different information
from the sequence!
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Multi-head Attention

Multi-Head Attention

Scaled Dot-Product l

Attention

e - To have the same dimension for the
output from the multi-head Attention as
that of the self-attention, the dimension
of the Weight matrix is kept as 7 where
h is the number of heads and

will ensure that the
resulting dimension is LxM.
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e A ey

Multi-Head Attention

QOutput
Probabilities

Add & Norm

Feed
Forward

([Add & Norm Je=

Generates output words one
at a time

Nx
Add & Norm
Masked
Multi-Head
Attention
-
. —
_______ o
. "__‘.- Positional ®_< Positional
Skip connection Encoding Encoding

(iike in ResNet) [omming | [ crbosi |
x + layer(x) ] |

Inputs Outputs
(shifted right)

Figure 1: The Transformer - model architecture. Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J.,

2017, Attention Is All You Need.
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Figure 5: Many of the attention heads exhibit behaviour that seems related to the structure of the
sentence. We give two such examples above, from two different heads from the encoder self-attention
at layer 5 of 6. The heads clearly learned to perform different tasks

Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A.N., Kaiser, L. and Polosukhin, |., 2017. Attention Is All You Need.




Large Language Models
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Self-Supervised Learning (SSL)

Predict any part of the input from any Time — e Taking a corpus and creating labels by
other part.

Predict the from the past. masking or structure analysis of the
Predict the from the recent past. ( sequence. (QA)

Predict the from the present.

Predict the from the bottom.

Predict the occluded from the visible 'y
Pretend there is a part of the input you Present Future —
don’t know and predict that. ©5¢ Slide: LeCun
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Self-Supervised Learning (SSL)

Predict any part of the input from any
other part.
Predict the from the past.

Predict the from the recent past.

Predict the past from the present. e It empowers the model to learn
underlying semantic features without
introducing label bias.

Predict the from the bottom.

Predict the occluded from the visible

A .
Pretend there is a part of the input you 3 Future —
resent

don’t know and predict that. Slide: LeCun
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Self-Supervised Learning (SSL)

Predict any part of the input from any
other part.
Predict the from the past.

Predict the from the recent past.

Predict the from the present.
Predict the from the bottom.
Predict the occluded from the visible

Pretend there is a part of the input you
don’t know and predict that.

Time —

A N
Past Future —
t

Present ... o Generic Al: The self-supervised learning
framework is one step closer to
embedding human cognition in machines.

?Source:
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Self Supervised Learning - Next Sentence Prediction (NSP)

e e ereeg e Pick two simultaneous sentences from a
document and a random sentence from
the same or a different document, say
sentence A, sentence B, and sentence C.

o Ask the model the relative position of
sentence A with respect to sentence B?’
— and the model outputs either
IsNextSentence or IsNotNextSentence.

January 6, 2025 28 / 35



GPT (Generative Pre-trained Transformer)

e LLMs like GPT use Auto-regressive
Language Modelling

Improving Language Understanding
by Generative Pre-Training

e Predict the next word, having read all the
Alec R.Adlurd Karthik Na i Ilya Sutskever .
l\prn‘\l pens OpenAl preVIOUS ones.

uGopenai

3 anding comprise; e range of diverse tasks such

as textual entailment, question answering, semantic similarity assessment, and

document classification. Althe ¢ unlabeled te

labeled data for learning these specific tasks is scarc

discriminatively trained models to perform adequately. We demonstrate that I
ins on these tasks can be realized by generative pr ofa model

ona diverse corpus of unlabeled text, followed by discrim ie-t n cach

k are input

e of b
nostic model outperforms discriminatively trained models that
chitectures specifically crafted for each task, significantly improving upon the
state of the art in 9 out of the 12 tasks studied. For instance, we achieve absolute
nts of 8.9% on commonsense reasoning (Stories Cloze Test).
RACE), and 1.5 le (MultiNLI)
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GPT (Generative Pre-trained Transformer)

Improving Language Understanding
by Generative Pre-Training

Alec Radford Karthik N 2 Ti Ilya Sutskever
OpenAl OpenAl OpenAl
alec@openai.com karthiks

e A mask is used on top of the full sentence
e so that the attention heads can only see

document clssfcaion. Altou
labeled data for learning these specific tasks is scarc king it chal " .

Al e ol o o st e s it what was before in the text and not what
S ivesesovpasofulabeld 0, oo by e each 3

specific ask. In contrast to previous appro are input ft
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https://cdn.openai.com/research-covers/language-unsupervised/language_understanding_paper.pdf

Large Multimodal Models (LMMs)

e Process multiple data types, including
text, images, audio, and video

o Generate content across different
modalities

o Integrate and interpret information from
diverse sources simultaneously

?Source:
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https://huyenchip.com/assets/pics/multimodal/12-flamingo-chatbots.png

Self Supervised Learning - Patch Localisation

Unsupervised Visual Representation Learning by Context Prediction

ol Doerseh'

Example:

Abstract

L Introduction
. e computer vison

Figure 1. Our task for lea
domly sampling a patch (blue) and then one of ei

neighbors (red). Can you guess the sp:
two pairs of patches? Note that the task is P
have recognized the object!

10190 do,

https://arxiv.org/pdf/1505.05192

?Source:
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https://arxiv.org/pdf/1505.05192
https://i0.wp.com/neptune.ai/wp-content/uploads/2022/10/Self-Supervised-Learning-and-Its-Applications_21.png

Contrastive Language-lmage Pre-training (CLIP)

(2) Greate dataset classifier from label text

(1) Gontrasiive pre-training

models jointly train an image feature extractor and a linear classifier to predict

encoder to predict the correct pairings of a batch of (image, text) training
he names or descriptions of the

ere 1. Summary of our ap While standard im:
some label, CLIP jointly trains an image encoder and a te:
examples. At test time the learned text encoder synthesizes a zero-shot linear classifier by embeddi

get dataset’s classes.

Learning Transferable Visual Models From Natural Language Supervision
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https://arxiv.org/pdf/2103.00020

Human Cogpnition

©h

I think,

therefore I am.

b

e Rene Descartes most famous dictums:
" Cogito, Ergo Sum”.

“Source:
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