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| ecture Overview

. Attention
. Cross-Attention and Selt-Attention

. Tokenizer

. Transtformer
Model Architecture of the Original Transformer
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Attention
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Attention [Bahdanau+2015]

. |INn a lookup table, we have a table
of keys that map to values

. The guery matches one of the keys,
returning Its value

keys values

a vl
b v2
query
d C V3
output
d vi —> v4
e v5
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Attention [Bahdanau+2015]

. |INn a lookup table, we have a table . |Nn attention, the guery matches all

of keys that map to values <eys softly, to a weight [O, 1
. The query matches one of the keys, . The keys values are multiplied by
returning Iits value the weights and summeo
keys values keys values Weighted
Sum
a vl k1l vl
b V2 k2 v2
query query output
d C v3 g k3 V3 ZH
output
\) d vi —> v4 k4  v4
8! v5 k5 v5
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Attention Is just a soft lookup table

Attention [Bahdanau+ 2015 with a weighted average!
. |INn a lookup table, we have a table . |Nn attention, the guery matches all
of keys that map to values <eys softly, to a weight [O, 1
. The query matches one of the keys, . The keys values are multiplied by
returning Its value the weights and summed
keys values keys values Weighted
Sum
a vl k1l vl
b V2 k2 v2
query query output
d k3 3
\ . v output ; . ZH
d vi —> v4 kd  v4
8! v5 k5 v5
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Note: Seqguence-to-Seguence (seg2seq)

Neural Machine Translation
SEQUENCE TO SEQUENCE MODEL WITH ATTENTION

Encoding Stage Decoding Stage

Encoder Encoder Encoder Attention Attention Attention Attention
RNN RNN RNN Decoder Decoder Decoder Decoder
RNN RNN RNN RNN
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Seg2Seqg with Attention

|[dea: on each step of the decoder,

dot product use direct connection to the
encoder to focus on a particular
oart of the source sequence
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il a m’  entarté <START>
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Source sentence (input)
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Seg2Seqg with Attention

dot product

A

Attention
scores
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Seg2Seqg with Attention

dot product
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Seg2Seqg with Attention

dot product
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Seg2Seqg with Attention

On this decoder timestep, we're

mostly focusing on the first

C
s 2 r encoder hidden state (“he”)
|
C O <
o S
.2 - X T vy vy
o Take softmax to turn the scores
c p into a probability distribution
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Seg2Seqg with Attention

: Attention
®
o| output

Use the attention distribution to take a
weighted sum of the encoder hidden states.

B
*
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: -. . The attention output mostly contains
~ = 2 co = information from the hidden states that
received high attention.
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Seg2Seqg with Attention

: Attention he
: output T .
Vﬁ\ Concatenate attention output
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S S . T AN 91 with decoder hidden state, then
e = e T . A
2 3 A use to compute J; as before
U = $ : g
< g e Y T 7y vy
-
o u
c 5 < ?\'\?\
g. o L T
<
O
— ~ D ®
KT 0) O O : 8 8
el |o o) o
SZY |e[ e[ le[ e ’lo - ®
S e |e] (o] |e O ] =
Z
il a m’  entarté <START>
N J

Y
Source sentence (input)

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)

INnha University



slides credits Stanford cs224n

Seg2Seqg with Attention

: Attention hit
O
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Seg2Seqg with Attention

: Attention me
® output
o P T
- T ~
cC o <
4 o | —|
<2 - F 1 1
-
o wu [
c 5 <
VD O
E v U
. g
§= [ (3] feL sl _[g] f3L[¢ 8
el |o o) a
SZY |e[le[ e[ e lo[ e[ |0 - ©
S el |0 |o]| |eo o| |o| |o -
| T /[ T T T T T :
=2
il a m’ entarté <START> he hit
1\ J
Y

Source sentence (input)

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)

INnha University



slides credits Stanford cs224n

Seg2Seqg with Attention

: Attention with
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Seg2Seqg with Attention
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Seg2Seqg with Attention
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Summary So Far

1. Prepare inputs

2. Score each hidden state

3. Softmax the scores

4. Multiply each vector by
Its softmaxed score

5. Sum up the weighted
vectors

Generative Computing Lab

INnha University

1

Endcé)der Decoder hidden
iaaen state at time step 4
states

=

scores
9 9 | Attention weights for

decoder time step #4

0.96

0.02 | 0.02 | softmax scores

Context vector for
decoder time step #4
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Sehc—Atte ﬂtiOﬂ Cheng+ 2016, Vaswani+ 2017]

. What we talked about: Cross-attention

Paying attention to the input x to generate y,
. Another type of attention: Selt-attention

. To generate y, we pay attention to y_,

this Is an example this I1s an example
kore W - this ™ -
wa - N . IS - N -
rel o N B ar - N -
desu B N example = B

vy \ \ \ \

@ & & & & @
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SGH:—Atte ﬂtiOﬂ Cheng+ 2016, Vaswani+ 2017]

. Why does attending to itselt matter?
e.g."The animal didn't cross the street because it was too tired"

What does "it" refer to?  aver- (I5T8) Attention: (FEEETEENS
[]
The_ The_
. Self-attention can see i -
relevant context within itself t -
CFOSS: c_ross_
the_ the_
street_ street_
because because
it_ -t
was_ was_
too too_
tire tire
d d
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Calculating (Cross-)Attention

. Use query vector (decoder state) and key vectors (all encoder states)
. For each query-key pair, calculate weight
. Normalize attention weignhts to add to one usmg Softmax

kono _eiga_ k/ra/

%

hate " " - g

H L‘ a1= 2 1 az—-O 1 $<’:13—O 3 a4—-1 0

Query Vector softmax

a1=0.76 a>=0.08 ¢c13=0.13 a4=0.03

Key
Vectors
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Calculating (Cross-)Attention

. Combine value vectors (usually encoder states, same as the key vector)
together by taking the weighted sum

kono __eiga_ k/ra/

Value
Vectors

01=O.76 c12=0.08 03=O.13 c14=0.03

—

- N

P <
> <

| -_—
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Attention Score Function

. Notation: g is the query, and k is the key
. Multi-Layer Perceptron [Banhdanau+ 2015]

a(q, k) = witanh(W1|q; k)

. Flexible, often very good with a large dataset

. Bilinear [Luong+ 2015}
a(g, k) = q"Wk
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Attention Score Function

. Notation: g is the query, and k is the key
. Dot Product [Luong+ 2015

a(q, k) =q'k

. NO parameters in Attention! But requires sizes to be the same
Propblem: scale of the dot product increases as dimensions get larger

. Scaled Dot Product [Vaswani+ 2017]
-I1X: scale by size of the vector

. (In practice, # elements of k) a(q7 k) - \/lk
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Summary: Calculating Selt-Attention

. Let wy., be a sequence of words in vocabulary V
dx|V]

. Foreachw;, letx; = Ew; where £ € | s an embedding matrix

. 1. Transtorm each word empedding with weights Q, K, V , each In Réxd

= Qx; (queries) ke; = Kx; (keys) v; = Vx; (values)
. 2. Compbte oalrwise similarities (here, using dot product) between key
and queries. Normalize with softmax ~ exp(e;;)
€ij = di k Qij =
Z]rexp(eu')

. 5. Compute output for each word as weighted sum of values

O; =Zaijvj

J
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Transformer
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"Attention 1s All You Need"

Attention Is All You Need

Ashish Vaswani* Noam Shazeer* Niki Parmar”* Jakob Uszkoreit*
Google Brain Google Brain Google Research Google Research
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"Attention 1s All You Need"

. A seguence-to-seguence model based
entirely on attention

. Strong results on machine translation
—ast: Only matrix multiplications

good evening <eos>

1 1 1
Encoder Decoder
t { t t W ZE 3| t t t
oWe AW UMY U context vector oy MY UMY
1 | t | t t t
l <sos> guten abend <eos> l l <sos> good evening l
£9l0f %104

orevious seg2seg

Vaswani+ 2017]
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Output
Probabillities

Decoder

Add & Norm
Feed
Forward

Add & Norm

Encoder

Add & Norm
Multi-Head
Feed Attention
Forward { 4 NX
NX
_ Masked
Multi-Head Multi-Head
Attention Attention
} 4
Positional Positional
Encoding Encoding

Input Output
Embedding Embedding

Inputs Outputs
(shifted right)
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Core Transformer Modules

. (Tokenizer)
. Positional encodings

. Multi-neaded attention

. Masked attention

. Residual + layer normalization
. Feed-forward network
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Tokenizer
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Tokenization

. Tokenizers convert between strings and seguences of iIntegers (tokens)

O|& S O|x i S
L ....................... *

Clear Show example

Decode

-Ncodge

Tokens Characters

42 66

INHA UNIVERSITY)= QIEEAA| O|F=H A0 X[et 4FH ArE

[56544, 3131, 162154, 7, 65136, 81599, 1640, 53881, 25336, 11, 3203,
12686, 175099, 140986, 16876, 24067, 44313, 21925, 5637, 27233, 32403,
129787, 10997, 12753, 24038, 7820, 10997, 3107, 81267, 3748, 220, 19,
12622, 8021, 9023, 31453, 50632, 13405, 8092, 17253, 24088, 13]

Text Token IDs Text  Token IDs
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Character-Level Tokenization

. Each cha

racter can be converted Into a code

. eg.ord("a")is 97, ord("@") is 127757

. Very simple, but there are ~I50K Unicode characters

. Thisisavery

arge vocabulary

a
-

Ho

Qo

B~

a
0

Bo

Qo

Bo

u
121

Q_.

. Many characters are quite rare (e.g. @), which is inefficient

Generative Computing Lab
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faster

. . ——
Word-Level Tokenization
. Split strings into words, then assign index Eé}f)si
. But there are problems: quickest
. # words is huge (like tfor Unicode characters)

Many words are rare and the model won't learn much apbout them
. e.g.string ="I'll say supercalifragilisticexpialidocious!"
. This doesn't obviously provide a fixed vocabulary size

New words we haven't seen during training get a special <UNK>
token, which is ugly and can mess up perplexity calculations
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fast || er

Byte Pair Encoding (BPE)

. The BPE algorithm was introduced in 1994 for data compression {?E% %ﬁ
t was adapted to NLP for NMT and then also used by GPT-2
BPE I1s subword-level tokenization quick || est
aa 1550 puky 791 o

. Basic Idea: train the tokenizer on raw text to automatically
determine the vocabulary

. INtultion: common seguences of characters are represented by a
single token, rare seqguences are represented by many tokens

. Method: from byte, iteratively merges the most frequent "byte pair"
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Byte Palr Encoding (BPE)

. Incrementally combine together the most frequent token pairs

{"low</w>':5, '"LTower</w>':2, 'newest</w>':6, 'widest</w>': 3}

pairs = get_stats(vocab)

[(('e', 's'), 9), (('s', 't'), 9), (('t', '</w>'), 9), (('w', 'e'), 8), (('l', '0'), 7), .l

vocab = merge_vocab(pairs[0], vocab)
{'"Tow</w>':5, 'Lower</w':2, 'newes t</w>':6, 'widest</w>': 3}

pairs = get_stats(vocab)

[(('es', 't'), 9), (('t', '</w>'), 9), ((C'L', 'o'), 7), (('0', 'w'), 7), (('n', 'e'), 6)]

vocab = merge_vocab(pairs[0], vocab)

{'"Tow</w>':5, '"LTlower</w>':2, 'newest </w>':6, 'widest</w>": 3}
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Transformer: Positional Encoding
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Output

Recap: Inputs and Embeddings e
. Inputs: Generally split using subwords (tokenizer)

WwWords » tokens

Add & Norm

Feed
Forward

Add & Norm

Masked
Multi-Head
Attention

4
Positional 6 B

Encoding \ _Z : _
R LR SR SR TSRS SIS | Input
R SR (SRS Embedding }

|

i,: Inputs ;i
? |
s 3

the books were improved

the book _s were improv _ed

N X

. INput embeddings: Looked up from input tokens
Token indices are converted to dense matrix

num. words

Generative Computing Lab ECE7115 Multimodal VLM (Spring 2026)

Inha University



Positional Encoding

. The transformer model is purely attentional

here Is No way to figure out sequential order

. |If only embeddings were used, there would be no
way to distinguish between identical words

A big dog and a big cat

\ ﬂould be identical!

A big dog and a big cat

Dositional encodl
to a word embec

Whig + Wpos2

Generative Computing Lab

Inha University

A

C

Qs add a sequence order
INg

Whig + Wpos6

Output
Probabilities

Add & Norm

Add & Norm

Masked
Multi-Head
Attention

N X

| Positional 2~ '
@ y &

| Encoding

S Input
Embedding

Inputs
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Vaswani+ 2017,
Kazemnejad+ 2019]

Sinusolidal Positional Encoding

. Calculate each dimension with a sinusoidal funcUon of varying penod

/Sln(l/IOOOOZ*l/d) S _,_3'5" =2 s'éj' :
cos(i/10000%*1/4) | 5 ==
Pi = . 5 =
o E
2%~ /d Q
sin(i/10000 2 )
2% /d
cos(t/lOOOO ° )/ Index in the sequence

. .= Length generalization: (maybe) handle arbitrary length sequences
. = Multi-scale:
High-frequency components are used to differentiate near tokens
Low-frequency components are used to grasp far-distance tokens
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Vaswani+ 2017,
Kazemnejad+ 2019]

Sinusolidal Positional Encoding

Formulation for Positional Encoding

PE ;s 2i) = sin(pos/ 100002/ dmoset)
PE (pos 2i+1) = €08(pos/10000%/dmee)

e + e + e + e + e +
K " N ‘. "
cos( ) | sin( ) | cos( ) | sin( ) | cos( )
10000%5 1000045 1000065 1000085 100001055
Input Encoding for Token n to the Transformer
© AIML.com Research —
n n n n n
cos( ) | sin( ) | cos( ) | sin( ) | cos( )
1000025 10000 100006'5 100008/ 1000010’5
i=1 i=2 =3 =4 =5
Positional Encoding for Token at position n
where, pos=n, d =5
element-wise Addition
Input Token B
) ] *« o o e € e C e
Embeddings 1 2 3 4 5

Embedding for Token 1 (tl)

Embedding for Token n (1] )
1

Generative Computing Lab
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vector of dim

model

vector of dim

model
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Transformer: Multi-Head Attention
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Why Multi-Head?

. Multi-head
. Use multiple attention pathways (and outputs)

. Why? Information from different parts
can be useful to disambiguate In different ways

syntax
(nearby context)

}

ness|

| run a small,

| fun a|

The

semantics
(farther context)

stocking|had|ajrun

P

The|

Generative Computing Lab
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Why Multi-Head?
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Figure 3: An example of the attention mechanism following long-distance dependencies in the
encoder self-attention in layer 5 of 6. Many of the attention heads attend to a distant dependency of
the verb ‘making’, completing the phrase ‘making...more difficult’. Attentions here shown only for
the word ‘making’. Different colors represent different heads. Best viewed in color.
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Scaled Dot-Product Attention
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Multi-Head Attention

Output Multi-head attention
Probabilities
|
e
Linear
t N [ Concat ]
Add &lNorm €
’ Feed l
Forward Scaled Dot-Product i
: ) Attention Scaled dot-product attention
r |
r R Add & Norm Je=
Add & Norm .
I Multi-Head
Feed [ Attention l I MatMul
Forward } } } N X
. t , / SoftMax
» | Add & Norm Je
1
Add &iNorm e Mask (opt.)
I Multi-Head l Multi-Head
Attention Attention Zoom-In! Scale
\ I | )
-\ J \ / MatMul
Positional Positional
Encoding Encoding Q K V
Input Output
Embedding Embedding
1 I Zoom-In!
Inputs Outputs
(shifted right)
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MultiHead(Q, K, V) = Concat(heady, ..., head,) W?

M U ‘tl — H ca d Atte ﬂtIO N where head; = Attention(QWiQ, KWiK, VVVZ.V)
. When implementing multi-nead attention (MHA)
Multiply by  Split/rearrange Run attn over  Concat
weights to n attn inputs each head and *WO

>ﬂ

_

Q * > & &
> >+ < s
A & 4 A
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Transformer: Masked Multi-Head Attention
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Attention Can Look at the Future

N decoders (generating the English part of Korean » English
translation), we need to ensure we don't peek at the future

. Masking the future sequence (tokens)

Self-Attention Masked Self-Attention
*
2 ) F—f—\
_ @ p \ @ y
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Masked Attention

. More efficiently (parallelization-friendly), we mask-out attention to
future words by setting attention score to -inf

We can look at these (not
greyed out) words

. Attention I1s Now:

| QKT
Attention(Q, K, V) = Softmax M|V _
m [START]
Ve — 0 if position j is allowed to attend The
Y] =00 if position j is masked f:;;nvf,z(:ézi

chef

__ who
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Output
Probabilities

Recap

. We learned Cross-attention

. Tokenization (word strings to indices) l

Add & Norm

-Mmbedding (Indices to matrix)

. Positional Encoding (add sequence order) —
: Feed .
Attentions: alUli) N
. Multi-Head Attention N

Masked )
Multi-Head

Attention )

Multi-Head
Attention

Masked Multi-Head Attention

Positional
Encoding

/‘ Positional
% ‘r Encoding

Input Output
Embedding Embedding

Inputs Outputs
(shifted right)
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Transformer: | o
Residual Connection & Layer Normalization
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Residual Connection [He+2016]

. Residual connections are a trick to help models train better
. Instead of X = Layer(X~1)

. We let XD = X0D 4 | gyer(x@D)
. We only have to learn the residual from the previous layer

X1 Layer ?—’ X

Loss landscape visualizatl
w/. w/o residual [noresiduals] [residuals]

Li+ 2018]
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Output

I_ayer NOrmahzathn Ba+ 20106} Probabilities

. Normalizes the outputs to be within a consistent range,
oreventing too mMuch variance in scale of outputs

LayerNorm(x; g, b) =

| Add & Norm J

Masked |
Multi-Head
Attention

. 4
QS
Input
Embedding

Inputs

VEeCTtor

VecCtor
stddev mearn

Positional
Encoding

1 n
,U,(X) — 5 Z L o(x) = \ %Z(xz — )2
i=1 =1
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Transformer: Pointwise FFN
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Pointwise Feed Forward Network

. No elementwise nonlinearities in self-attention

. Stacking more self-attention layers just g 3 u B
re-averages value vectors FTF FTF FTF FTF
1 T T
. : : o self-attention |
. Solution: Adding non-linearities (FEN) to u N , e B
DOSt-process each output vector FTF FTF . FTF
1
FFN(:E; Wl, b1, Wz, bz) — f(xwl =+ bl)Wz + by T self—attenTtion |
B B B N
Wi W W3 Wy,
The chef who food
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Output
Probabilities

Summary

. We learned Cross-attention

. Tokenization (word strings to indices) l

Add & Norm

-Mmbedding (Indices to matrix)

. Positional Encoding (add sequence order) —
: Feed .
Attentions: alUli) N
. Multi-Head Attention N

Masked )
Multi-Head

Attention )

Multi-Head
Attention

Masked Multi-Head Attention
. Residual Connections (standard approach)
_ayer Normalization (increase stability) Positional
. Pointwise FEN (add nonlinearities) eede

/‘ Positional
% ‘r Encoding

Input Output
Embedding Embedding

Inputs Outputs
(shifted right)
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