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The Core Problem in Al

“How can computers understand language, images, and

meaning?”

= Computers only understand numbers.

= So Al needs a way to convert: Cat
Dog 0.12, -0.44,
> words H 0.91,0.33
] Paris ST Ty el
° images Y.l gt
o sounds ™
into numerical representations.
Humans understand Computers only
words, images, and understand numbers
concepts naturally. (vectors).
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Embeddings: The Foundation of Modern Al

* Embeddings are numerical representatlons that capture meaning.

Example: Word Embeddings (2D projection)

A
: cat - car
¢ 4 animals O i vehicles
Bl ¢ ruc
S R iy 0
0 etiger ® bus
")
c
£
i king - e N, ¥
, paris . D
Q ¢ p— ® ; ' cities
® Qu london
O royalty o '’
o prince @ tokyo |
Dimension 1

Dimension 2

____________________________________________________________________________________________________________________________________________________________________________________

= Words with similar meanings are represented by nearby vectors.
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The “Good” Embedding?

s \
Germany — 0o = — Rome
man walked Berlin
O V. Turkey -\
iy % 3¢ Ankara
) “s.,  Woman .
"~ ‘ swam . .
king T- % o O SRS Moscow i
T walking _," Canada Ottawa
queen gt vpaD Tokyo
B O Vietnam Hanoi
swimming China Beijing
Male-Female Verb tense Country-Capital

________________________________________________________________________________________________________________________________________________________________

= vector[Queen] = vector[King] - vector[Man] + vector[Woman]

= vector[Paris] = vector[France] - vector| Italy] + vector[ Rome]
> This can be interpreted as “France is to Paris as Italy is to Rome”.
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Embeddings are used for many types of data

Text Embeddings Image Embeddings Audio Embeddings

Used in: ( = Used in: Used in:

——— « Chatbots O « Image search "I |||‘ « Speech recognition

R « Search /><\ « Classification » Speaker ID

L « Translation « Recommendations » Music recommendation
e LLMs « Retrieval » Sound understanding

“I love reading books.” @ (image) "'I 'I' ™ I‘“"'"h' (audio)

—> vector S A — vector - vector
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How to build these Embedding Vectors




Multiple hidden layers
process hierarchical feat

layer \ //
\\\\\ llll . \\\‘
/ A\ e A “

.\\’ ,'I. \‘ wVia. ' ll.

' \\\ Y "l’ \'\V LA ":' ::':7 :
‘vo ¥ ' ; ..v. '0‘0'* .o = S € Output:
" 0" "‘ Q"’ « ¥ », ‘George’
‘ ' {v, - ~/ 5% \.. } \ ' ‘
7% ‘ \\\\ JII/; S .:‘\\ d; ; :“ S ‘.- - |
Input "’6 \‘{ 55’ ‘ :\‘ / :‘ R
2HES ' r ay
\‘ﬁ’/h&.\\ 0‘ il
\ ‘ N ‘ ] enti
Identi //, ‘ ~ combinations
light/dark or features
pixel value \ Identify |dentify |dentify
edges combinations features
~——3 of edges —7

i HEP “H® mEs GAER
or L BEY NEF HEH

o i ——————t—




Example: CNN

Max Pooling
A new image

Convolution

Max Pooling

A new image

Flatten ’



Multiple hidden | The embedding depends entirely on
SIGEE eIl the task the network is trained on.
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Solution: Self-supervised learning

= This idea—“given a word, predict the surrounding words”

she had to pay using ____instead of any digital or card-based method.

¢ SEMANTIC MEANING CLUSTER: “PHYSICAL CURRENCY

&) (Al

COINS / g2\ MONEY

The model is not learning exact word replacement. It is learning a region of meaning.



word2vec

____________________________________________________________________________

Output layer E \Input layer
: | o

[eXeXe]

Vi

= O mm

[C
[©

X

=

/

Input layer

E ol \ Hidden la}_fg;,faoutput layer
0 o} —\ _— g
: o -

& o 7 X2k :}
O

. - o
V-dim —

z  /

';J’CJ ? 71&/
Xer |

. :/

CxV-dim o/ CxV-dim




Embedding Vector

WordPiece tokens: best - selling music artists
= = = =) ¢= = = S s =

-0.11 0.01 -9.01 0.06 -9.02

0.01 0.07 -90.03 0.11 0.00

Embeddmg vectors: -9.17 -9.04 0.15 0.05 -0.05
©.13 -9.05 ©.00 0.14 0.05

-90.13 -90.11 -0.07 -90.12 -0.12

-0.069 -0.25 0.05 -90.04 0.02
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But... Contextual Embedding

; a nice by the river
i |e.e2| |e.e3 000 |00d [e.e:
i |e.02 0.2 .03 -0.03| |-0.04

______________________________________________________________________________
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Solution.. Attention

\ ’ 0.02

Attention

a || nice by the | | river

- - — - - - - - g -
e.e2 .03 -8 8;] -9.04 -g.0e1

.02 -0.02 8.83 -9.03 -9.04 .04 -9.01

— — — — — — — — — — — — — — — -

—~ - - - r— - — - r—- - — - r~ T ™ - ™~ - - - - - r—- - - - - -
0.29 .48 0.51 .30 -9.13 0.29 .29 0.32 e.39 0.37 9.38 0.60 .46 0.39

0.19| |-0.e4] |-0.03] |e.es 8.15 9.13 8.10 0.37| |e.2e| |e.34 8.02 9.19 0.24| |-0.08
= = x s = ~ = %, = v = = = = ~ = = ~ = 2 2 = =2 = ~ = ~ = 2 = 5 =
~ ~ ~ ~
‘promenade waterside goto cash-machine
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LITT

":%f’:'}lnput embeddings

\ )
by \ river bank

Linear combination

Contextualized embeddings

Scaling/
Softmag

Scalar product

Linear combination

Scaling/
ed embeddings

Softmax
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river bank

l

]

walk

!

Input embeddings

D

64

Scalar product

Scaling/
Softmax

Linear combination

Queries

Scalar product

Scaling/
Softmax

. Contextualized embeddings

— Linear combination
T 1] COntoxtualizod embeddings
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Enrich the input!

Positional embeddings

Input embeddings

Input ‘ oS { my | dog ; s || cute | [Se9] || he || likes || play i seing | | [SEP) i

Token | i

Embeddings | &;':.sq . Eaa; | E. Eoee € o E. Ees €y £ e € e :

L T R T T T I + + |

Segment i

Emigesdings E, (B B |E E E & & { Es | B | B ;

+ + O+ o+ o+ + 2+ - + - - !

p ’ . - ’ - i

Embeddings .E_Q L E‘ | E2 i1 E3 L E'.‘_ E> E_,ﬁ ! E7_ L ES_ : E‘i_ E_m_ |

Figure 2: BERT input representation. The input embeddings are the sum of the token embeddings, the segmenta- !




Transformers
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Transformers

" Transformers are a type of neural
network architecture that
transforms or changes an input
sequence into an output sequence.

" They do this by learning context and
tracking relationships between
seguence components.

* And break the problem into two
parts:

> An encoder (e.g., Bert)
> A decoder (e.g., GPT)
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Output
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Transformers

= Processing Input

HENEEE EEEEE EEEEE NEEEN
1 ) L 1 ) * 1 )

Embedding Layer

* 1 ) 1 ) * 1 )

| ate an apple

1)

Tokenizer

1 )

<eo0s>

| ate an apple

I—':
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Transformers

= |Learn to add context

| ate an

apple

BLACK BOX!
OF SORTS '

Output
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Transformers

= |Learn to add context

CONTEXTUALLY RICH EMBEDDINGS

L L L] *

1 )

BLACK BOX!
OF SORTS '

Attention(Q, K,V) = softmax(

| ate an apple

<eQs>

Output
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A set of keys (representing the indexed or stored

Atte ﬂtIO N COﬂce ptS information — i.e., all other tokens in the

, , context)
® |n the attention mechanism, we can draw
- ! , / {Key, Value store}
an analogy to Information Retrieval (IR).
{"order_100": {"items":"al", "delivery_date":"a2", bei}k
{"order_101": {"items":"bl", "delivery_date":"b2", ...%},
{Query: “Order details of order_104"} {"order_102": {"items":"c1", “"delivery_date":"c2", ...}},
{"order_103": {"items":"d1l", "delivery_date":"d2", ...%}%,
OR {"order_104": {"items":"el", "delivery_date":"e2", ...%},
{Query: “Order details ﬂf-*} {"order_105": {"items":"f1", “"delivery_date":"f2", ...3}},
{"order _106": {"items":"gl", "delivery_date":"g2", ...}%},
] 1"order_107“:-3"items”:"h1", - "delivery_date“:“h2", -...¢¢,
A query (an embeddmg vector {"order_108": {"items":"il1",, "delivery_date":"i2", ...}%},
representing what we want to find {"order_109": {"items":"j1" ,‘“dolivcrymdato“ 32, ... 33,
more abOUt . eg’ 3 SpeCIfIC token or §"oarder 11Q"- $"itome™-"kI" "deliverv date-"ko" | 3
. And a set of values (the actual content or
posnun1n1asequence) . . . .
information associated with each key).
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: A set of keys (repr o rrieve
sl Attention allows the model to dynamically re

ntext
= |n the attention mechani information (values) from the co ,
. relevant intor keys) are to
i based on how similar other tokens (key

- . lthecurrentfocus(auery).
The attention proce%wvrﬁ follows:

1. We compute the similarity between the query and each key (usually
using a dot product).

2. This gives us a set of attention scores, indicating how much focus we
should give to each position in the sequence.

3. We then apply a softmax to normalize the scores into a probability
distribution.

4. Finally, we compute a weighted sum of the values based on these

i scores to produce the attention output. i




Attention

= More formal!

[ TTTT1
Query Key Value Store Key Value
T
T KT K
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Attention

To calculate

Contextually

rich — Of 11
attention weights for z, embedding
input 11, you would 12
usZ uery 1 ‘ ! eda e
j q“ ky o ~® Gz 8 0s —® aye —® %5 =% same for 12,
and a eyS softmax [3, etc
@ | ®| @| =] @b
:@ ;® @
— Y ] [
3 t T
Q K, V, Q, K, V; QG K3 V3 Q KV Qs Ks Vs
t t t t t f t t t t t f t t t
Wq Wi Wy Wq Wk Wy Wqa Wi Wy, Wq W, W, Wg Wi Wy
—t — i;14 —nd
HEEER HEEEN Illlll HEEEN HEEEE
Iy I, L ly ls
| ate an apple <eps>
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Self Attention

Query Inputs = Key Inputs = Value Inputs

3 &
o
\,ﬂm‘i-
6 .";/ R_f s S HI‘i, del % T \\_‘-

II ~ T T III RTIX dmm!r_l
5 ®
. softmax

Qerojection o Kerojection
1II"III'-'r| t
‘\/dmnd el
\"-«...

' RT}(T '
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Positional Encoding

" Injects sequence order information into transformer

models.

* Added to token embeddings to help the model
understand word positions.

* Needed because transformers process tokens in parallel

and lack inherent order sensitivity.

* Can be fixed (e.g., sinusoidal — sine, cosine) or learned N

durmg training.
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Decoder Part
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Post-Transformer Evolution and Milestones
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Transformers

= a Transformer architecture can
be designed in three different
ways depending on the task and
objective:

= 1. Encoder-Only Transformers
= 2. Decoder-Only Transformers

= 3. Encoder-Decoder
Transformers (Seq2Seq)

BERT
Oct 2018
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Transtormers... The l LM Era
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