Lecture 11:
Transformers: Self-Attention Networks

Instructor: Swabha Swayamdipta

USC CSCI 544 Applied NLP
Oct 01, Fall 2024

Some slides adapted from Dan Jurafsky and Chris Manning
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Announcements

® Thu: Quiz 3
® Before that: Install Lockdown Browser
® Cannot take Quiz 3 onwards otherwise

® 36 students did not sign the acknowledgment for the lockdown browser, and may not be able to take the
quiz in time... | won’t be making exceptions for anyone
® Next Tue:

® HW?2 due - please follow naming format etc. (see Brightspace announcement)

® Guest lecture by TA Sayan Ghosh on PyTorch for Transtformers
® Next Thu: No class / Fall Break

® Tue 10/15: Midterm Exam
® 1 hr - format similar to quizzes
® HW1 / Project Proposal grades will be available by the end of the week
® Sign up sheet now open for Paper Presentation and Final Project Presentation dates (see Brightspace
announcement)
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| ecture Outline

® Announcements
® Recap: Seg25eq and Attention
® More on Attention
® Transformers: Self-Attention Networks
® Multiheaded Attention
® Positional Embeddings
® Transformer Blocks
® Transtformers as Encoders, Decoders and Encoder-Decoders
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Recap:
Sequence-to-Sequence and
Attention
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RNNLMs are Autoregressive Models

® Autoregressive models predict a value at time ¢ based on a function of the previous

values attimest— 1, r— 2, and so on

® \Word generated at each time step is conditioned on the word selected by the network
from the previous step

® State-of-the-art generation approaches are all autoregressive!

® Machine translation, question answering, summarization
® Key technique: prime the generation with the most suitable context

Can do better than <s>!
—

Provide rich task-appropriate context!
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(Neural) Machine Translation

Provide rich task-appropriate context!
S ———
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(Neural) Machine Translation

Provide rich task-appropriate context!
S ————

® Sequence Generation Problem (as opposed to
sequence classification)

® x = Source sequence of length n

® y = Target sequence of length m

Sequence-to-Sequence (SegZseq)
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(Neural) Machine Translation

Provide rich task-appropriate context!
S ———

® Sequence Generation Problem (as opposed to
sequence classification)

The green witch arrived

® x = Source sequence of length n

® y = Target sequence of length m

llegd E bruja verde

Sequence-to-Sequence (SegZseq)
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(Neural) Machine Translation

Provide rich task-appropriate context!
S —————————

® Sequence Generation Problem (as opposed to
sequence classification)

The green witch arrived
® x = Source sequence of length n
® y = Target sequence of length m
® Different from reqular generation from an LM A
. llegd |a bruja verde
® Since we expect the target sequence to

serve a specitic utility (translate the source)

Sequence-to-Sequence (SegZseq)
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Sequence-to-Sequence Models

® Models capable of generating contextually appropriate, arbitrary length, output
seguences given an input sequence.

® The key idea underlying these networks is the use of an that takes an
input sequence and creates a contextualized representation of it, often called the
context.

® This representation is then passed to a decoder network which generates a task- specific
output sequence.

Encoder-Decoder Networks
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Fncoder-Decoder Networks
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Fncoder-Decoder Networks

Encoder-decoder networks consist of three components:
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Fncoder-Decoder Networks

Encoder-decoder networks consist of three components:
1. An that accepts an input sequence, X;., and generates a

corresponding sequence of contextualized representations,
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corresponding sequence of contextualized representations,
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Fncoder-Decoder Networks

Encoder-decoder networks consist of three components:

1. An that accepts an input sequence, X;., and generates a
corresponding sequence of contextualized representations,
2. A encoding vector, ¢ which is a function of and conveys the

essence of the input to the decoder

[ Encoding J C
|
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Fncoder-Decoder Networks

Encoder-decoder networks consist of three components:
1. An that accepts an input sequence, X;., and generates a
corresponding sequence of contextualized representations,

2. A encoding vector, ¢ which is a function of and conveys the
essence of the input to the decoder

3. A decoder which accepts ¢ as input and generates an arbitrary
length sequence of hidden states h¢...h¢, from which a

corresponding sequence of output states y,.,, can be obtained

[ Encoding J C
|
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Fncoder-Decoder Networks

Encoder-decoder networks consist of three components:
1. An that accepts an input sequence, X;., and generates a

corresponding sequence of contextualized representations,

2. A encoding vector, ¢ which is a function of and conveys the Y1 Y2 Ym
essence of the input to the decoder T T T
3. A decoder which accepts ¢ as input anddgenerates an arbitrary hd b [ Decoder ]
length sequence of hidden states h¢...h¢, from which a e
corresponding sequence of output states y,.,, can be obtained T

[ Encoding J C
|
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Fncoder-Decoder Networks

Encoder-decoder networks consist of three components:
1. An that accepts an input sequence, X;., and generates a
corresponding sequence of contextualized representations,

2. A encoding vector, ¢ which is a function of and conveys the Vi ¥ Yim
essence of the input to the decoder ! T T

3. A decoder which accepts ¢ as input and generates an arbitrary hd b [ Decoder ]
length sequence of hidden states h¢...h¢, from which a e

corresponding sequence of output states y,.,, can be obtained T

[ Encoding J C

Encoders and decoders can be T
made of FFNNs, RNNs, or
Transformers T I T
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The green witch arrived

Source Sentence X
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The green witch arrived

Source Sentence X
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@ @ @ @
O | @ | @ | ©
O O O O
Q. Q. Q. Q.

The green witch arrived

Source Sentence X
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Represents input sequence.

Provides initial hidden state for
Decoder RNN

[
Encoding\
@ @ @ @
O | @ | @ O
O O O O
Q. Q. Q. Q.
The green witch arrived

Source Sentence X
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Represents input sequence.

Provides initial hidden state for
Decoder RNN

cxxx)

oy

oy

cxxx)
NNy 18pod2(

The

green witch arrived

Source Sentence X
Language Model that produces the target

sentence conditioned on the encoding
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Represents input sequence.
Provides initial hidden state for

Decoder RNN

: llegé
Encodmg\ 90
%
o O
< ®D
® ® ® ® D 0
O IC IC O IC 3
O 0 0 O o L
o o o ]l e >
. Z
<
The green witch arrived <s> llegd

Source Sentence X
Language Model that produces the target

sentence conditioned on the encoding
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Represents input sequence.
Provides initial hidden state for

Decoder RNN

f : lleg¢ |a
Encoding 97 =
. A O
< < 0
@ @ @ @ o O o
O @ IC O |o |® o
O 0 0 O o o L
Q. Q. Q. 9. L2 L} =
“ “ Z
< <
The green witch arrived <s> llegd |a

Source Sentence X
Language Model that produces the target

sentence conditioned on the encoding
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Represents input sequence.

Provides initial hidden state for
Decoder RNN

f . llegd E bruja
Encodmg\ & - -
- = | O
< S < ()
0 0 0 0 0 0 0 2
O IC @ O @ | ® |® Q.
O O O O ° ° ° D
o o o) flo] (o le e 2
“ “ “ Z
| | |
The green witch arrived <s> legd |a bruja

Source Sentence X
Language Model that produces the target

sentence conditioned on the encoding
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Represents input sequence.
Provides initial hidden state for

Decoder RNN

@ @ @ @
O |@ IC O
O O O O

o o o |l

The green witch arrived

Source Sentence X

llegd |a bruj verde
A A\‘ A \‘ A \‘
= = g 0 =
o0 o0 o0 1y
= = = =
" o ) o ) (o (" o
e e e
@ @ @ @
> > > >
e e e e
L3 L3 9 9
\ < \
<s> llegd |a bruja

NNy 189pod2(

\

verde

Language Model that produces the target
sentence conditioned on the encoding
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Represents input sequence.

Provides initial hidden state for Target Sentence y
Decoder RNN

/ . llegd E bruj verde </s>
Encoding & - e — A
§) 5 = =IRN- ",
S S s S S ®
@ @ @ @ @ @ @ 0 @ 3
O I IC O IC IC ® |® C 0
O O O O ° ° ® ° ° L
o o) o) floff leof lel ilel ilel lel 3
A A | 9 A\
The green witch arrived <s> llegd |a bruja verde

Source Sentence x
Language Model that produces the target

sentence conditioned on the encoding
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negative log negative log
prob. of “llegd” prob. of "“</s>"

1 T
Loss L(6) =?2Lt(«9) = Ly + Li©O + L@ + L0 + L,®)
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The green witch arrived <s> llegd |a bruja verde

Source Sentence X Target Sentence y

USC Viterbi

NNy 189pod2(
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Target Sentence y

: llegd |a bruja verde </s>
Encoding & . J — A
o 2R o o O
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The green witch arrived <s> llegd |a bruja verde

Source Sentence X

11
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This needs to capture all information about the
source sentence. Information bottleneck!

Target Sentence y

USC Viterbi
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o o o |l

The green witch arrived

Source Sentence X
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11

This needs to capture all information about the
source sentence. Information bottleneck!

Target Sentence y

USC Viterbi

@ @ @ @
O I IC O
O O O O
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The green witch arrived

Source Sentence X

llegd |a bruj verde </s>
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sentence tnto a single $£* (§@ing vector!”

— Ray Mooney, Professor of Computer Science, UT Austin

NNy 189pod2(
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USC Viterbi

Information Bottleneck: One Solution

Encoding\

@ @ @ @
O |@ IC O
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o o lo |l

The green witch arrived
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Information Bottleneck: One Solution

Encoding\

(0000
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(0000
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(0000
(0000

The green witch arrived The green witch arrived

12
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Information Bottleneck: One Solution

Encoding\
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O O O O O O O O
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The green witch arrived The green witch arrived

What if we had access to all hidden states?

12
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Information Bottleneck: One Solution

Encoding\

@ @ @ @ @ @ @ @
O O O O O O O O
O O O O O O O O
o o o |l ol (| |l |l
The green witch arrived The green witch arrived

What if we had access to all hidden states?

———

How to create this?}

|
|
|

12
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Attention Mechanism

Encoding ¢ = f(h¢, ..., h%, h?)

{oooo]‘

@e0@®@
Xy
oy

The green witch arrived

Source Sentence X

13 Note: Notation different from J&M ___Bahdanau etal, 2015
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Attention Mechanism

® Attention mechanisms allow the decoder to focus on - att _ f(e e hd
| . Encoding ¢ = f(h{, ..., h}, hY)
a particular part of the source sequence at each time
step
. A
O O O @
© O O O
of lloJ{ [fleoJf |l
The green witch arrived

Source Sentence X

13 Note: Notation different from J&M __Bandanau etal,, 2015
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Attention Mechanism

® Attention mechanisms allow the decoder to focus on Encoding ¢! = f(h¢ h¢,, h?)
a particular part of the source sequence at each time t T
step
® Fixed-length vector ¢ (attention context vector) '
@ @ @ @
O O O @
O O © ©
of lloJ{ [fleoJf |l
The green witch arrived

Source Sentence X

13 Note: Notation different from J&M __Bahdanau etal,, 2015
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Attention Mechanism

® Attention mechanisms allow the decoder to tocus on Encoding ¢ = f(h, ..., he, hf)
a particular part of the source sequence at each time
step
® Fixed-length vector ¢/ (attention context vector) '
® Take a weighted sum of all the encoder hidden ) ) @ @
states o O O O
O O © ©
o) floJ| [loJ] [le
The green witch arrived

Source Sentence X

13 Note: Notation different from J&M __Bahdanau etal,, 2015
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Attention Mechanism

® Attention mechanisms allow the decoder to focus on : att _ (e e Thd
a particular part of the source sequence at each time Encoding ¢ = fhy, ... by, )
step
® Fixed-length vector ¢ (attention context vector) '
® Take a weighted sum of all the encoder hidden ) ‘@ @ @
states o O O O
® One vector per time step of the decoder! 8 8 8 8
— T 2 2
The green witch arrived

Source Sentence X

13 Note: Notation different from J&M __Bahdanau etal, 2015
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Attention Mechanism

® Attention mechanisms allow the decoder to focus on : att __ (e e Thd
a particular part of the source sequence at each time Encoding ¢, = fhy, ... hy, )
step
® Fixed-length vector ¢/ (attention context vector) '
® Take a weighted sum of all the encoder hidden ) ‘@ @ @
states o O O O
® One vector per time step of the decoder! 8 8 8 8
® \Weights attend to part of the source text relevant - T T 5
for the token the decoder is producing at step
The green witch arrived

Source Sentence X

13 Note: Notation different from J&M __Banhdanau etal, 2015
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Attention Mechanism

query
® Attention mechanisms allow the decoder to focus on : att _ frhe e < d
a particular part of the source sequence at each time Encoding ¢, = fhy, ... hy, )
step
® Fixed-length vector ¢/ (attention context vector) '
® Take a weighted sum of all the encoder hidden ) ‘@ @ @
states o O O O
® One vector per time step of the decoder! 8 8 8 8
® \Weights attend to part of the source text relevant - T T 5
for the token the decoder is producing at step
® |n general, we have a single query vector and The green witch arrived

multiple key vectors.

Source Sentence X

13 Note: Notation different from J&M __Bandanau etal,, 2015
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Attention Mechanism

query
® Attention mechanisms allow the decoder to focus on : att _ frhe e < d
a particular part of the source sequence at each time Encoding ¢, = fhy, ..., hy, )
step keys
® Fixed-length vector ¢/ (attention context vector) '
® Take a weighted sum of all the encoder hidden ) ‘@ @ @
states o O O O
® One vector per time step of the decoder! 8 8 8 8
® \Weights attend to part of the source text relevant - T T 5
for the token the decoder is producing at step
® |n general, we have a single query vector and The green witch arrived

multiple key vectors.
® \\Ve want to score each query-key pair Source Sentence X

13 Note: Notation different from J&M __Bandanau etal,, 2015
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Seqg2Seq with Attention

@ @ @ @ 0
O O |® O °
O O O O L
O O O O @
S S S .- -
e e e e d
h7 h; h h; h),
The green witch arrived <s>

Source Sentence x
12 Note: Notation different from J&M
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Seqg2Seq with Attention

14

@ ‘@ ‘@ ) @
O |@ |® IC °
O O O O ()
O O O O o
The T e T e Tre T
1 2 3 4
The green witch arrived <s>

Source Sentence X

Note: Notation different from J&M

USC Viterbi

Query 1: Decoder, first time
step
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Attention Scores /

14

USC Viterbi

Seqg2Seq with Attention

Dot product with keys (encoder hidden states) to

encode similarity with what is decoded so far...

W
=
O)
O
—
-
9
€ score(h?, h%) =h?.h¢
O J J
afd
< o
@ @ @ @ ®
O | @ | ® | @ e
O O O O @
O O O O e
N N S N N o
€ € € €
h7 h; h h;
The green witch arrived <s>

Source Sentence X

Note: Notation different from J&M

Query 1: Decoder, first time

step
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Attention Scores /

14

score(hf, h¢) = h - h¢

Attention Logits

USC Viterbi

Seqg2Seq with Attention

Dot product with keys (encoder hidden states) to

encode similarity with what is decoded so far...

@ @ @ @ ®
O | @ | ® | @ e
O O O O @
O O O O e
N N S N N o
€ € € €
h7 h; h h;
The green witch arrived <s>

Source Sentence X

Note: Notation different from J&M

Query 1: Decoder, first time
step
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Seqg2Seq with Attention

score(hf, h¢) = h - h¢

Attention Scores /
Attention Logits

h;

green

Source Sentence x
Note: Notation different from J&M

USC Viterbi

Dot product with keys (encoder hidden states) to

encode similarity with what is decoded so far...

Query 1: Decoder, first time
step

witch arrived

Dot product attention
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-
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\
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The green witch arrived <s>

o Source Sentence x Note: Notation different from J&M
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USC Viterbi

15

Source Sentence X

c
2 v
afd
c = Take softmax to
O d hWe — Thd e
@ O O O @ score(h?,ht) = h?- h¢ ,
\\ probability
® ® ) ) P~ distribution
O O O O e
O O O O e
e e e e d
ohi  lojh; lejhs  loJh: (e I
The green witch arrived <s>

Note: Notation different from J&M
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USC Viterbi

On this decoder tilmestep we are mostly focusing on the

15

Source Sentence X

-
g 0 source token “arrived”
B 5
c 0 / a, = softmax(score(hf, h](?)) e AV
E 7 exph? - h¢
D JA:I ; D = Clt] — : /
c anl €Xp h?’ hfz
2 v
ofd
c = Take softmax to
O d LW\ — hd e
@ O O O @ score(h!,h?) =h?:h ,
2 (% A\A‘sA'\A o t ! turn INto
\ p.rok?abi\.ity
® ® ) ) P~ distribution
O @ @ |® °
O O O O e
e e e e d
ohi  lojh; lojhs  lejtu (o] h;
The green witch arrived <s>

Note: Notation different from J&M
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Attention

Attention

Encoder

C

O

-+

S
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.

afd
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C
O O O

U A A A A

\

@ @ @ @
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2 e e e e
ohi  lofhy lofh; ot
The green witch arrived

Source Sentence X

XXX

<s>

USC Viterbi

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

Note: Notation different from J&M
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Use the attention distribution to take a

weighted sum of the encoder hidden states.

a, = softmax(score(h?, h!)) € A"

Attention
Distribution
||

/o @00
|

c
O w
=
g 9 o O O @ score(hf,h$) =h{-h¢
x

@ @ @ @ ®

O E @ @ °

O O O O @

e e e e d :
@hl ) h; ) h; Q@ h, o/ hg The attention output mostly

contains information the hidden
states that received high attention.

The green witch arrived <s> \ '

» Source Sentence x Note: Notation different from J&M
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SCO

Attention
Scores
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a, = softmax(score(h?, h¢%)) € RY

>

@

re(hf,h$) = h{ - h¢

USC Viterbi

@00

O

oxXxx)

The

green

Source Sentence X

XXX

witch arrived <g>

Note: Notation different from J&M
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USC Viterbi

Attention
Distribution

N

a, = softmax(score(h?, h?)) € RY

>

Attention
Scores

score(h?, h¢) = h{ - h¢

@00

O

O O
A\A\
\
@ @ @ @
0 IC IC IC
O O O O
€ € e €
ohi  lofhy lofh; ot
The green witch arrived

17

Source Sentence X

‘Q
O Catt
ol ©
O
o
o
o

d
o hy
<s>

Note: Notation different from J&M
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USC Viterbi

Attention
Distribution

a, = softmax(score(h?, h))) € RY

Attention
Scores

score(h?, h¢) = h{ - h¢

@00

O

O O
A\A\
\
@ 0 0 0 0
0 % ® |@ |@ |@
O O O O O
- e e e e
C
§ - e lefhy  [ejhy {e)h,
The green witch arrived

17

Source Sentence X

Q&
O Catt .
ol © Concatenate attention output
< with decoder hidden state, then
' A\
® use to compute y, as before
4R Y
o hg
<s>

Note: Notation different from J&M
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USC Viterbi

Attention
Distribution

a, = softmax(score(h?, h))) € RY

Attention
Scores

score(h?, h¢) = h{ - h¢

@00

O

O O
A\A\
\
@ 0 0 0 0
0 % ® |@ |@ |@
O O O O O
- e e e e
C
§ - e lefhy  [ejhy {e)h,
The green witch arrived

17

Source Sentence X

Yo
IW[Z]
Q&
O Catt .
ol © Concatenate attention output
< with decoder hidden state, then
‘ A\
® use to compute y, as before
4R Y
o hg
<s>

Note: Notation different from J&M
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USC Viterbi

Attention
Distribution

a, = softmax(score(h?, h))) € RY

Attention
Scores

score(h?, h¢) = h{ - h¢

@00

O

O O
A\A\
\
@ 0 0 0 0
0 % ® |@ |@ |@
O O O O O
- e e e e
C
§ - e lefhy  [ejhy {e)h,
The green witch arrived

17

Source Sentence X

_,é)<>
=

oo @ @000 0

<s>

5, = softmax(W[h{; ¢{])

W[Z] = RVXZCZ

Concatenate attention output
with decoder hidden state, then

use to compute y, as before

Note: Notation different from J&M
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Attention

Attention

Encoder

A0

e O
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The green witch arrived

Source Sentence X

llegd

>

arg max

[

eo0@e@® (0000 —¥

<s>

USC Viterbi

5, = softmax(W[h{; ¢{])

W[Z] = RVXZCZ

Concatenate attention output
with decoder hidden state, then

use to compute y, as before

Note: Notation different from J&M
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Attention
Distribution

Attention

Encoder

Scores

RNN

a, = softmax(score(h?, h))) € RY

score(h?, h¢) = h{ - h¢

@

oxXxx)

h;

h,

The

green witch

arrived

Source Sentence X

Q

llegd

>
>

00000000 —; =
w{cccc][oooo]—»

~argmax
—, argmax

[

W[Z]

<s> llegd

USC Viterbi

5, = softmax(W/[hf; ¢;])

Note: Notation different from J&M
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-
c O
+ .;a = softmax(score(h?, h¢)) € RV ”egé la
q:) ._9 t to - -
2 g o L
< =2 20 o

o b : ® | $, = softmax(W!“![h?; ¢])
g 0 i
= o ! 2] W2l ¢ pVx2d
'E g scote(h{, h$) = h{ - h¢ [ ) T w -
o o O O © O Q) v (@)
E N \‘s \ O Cati"‘ O cdit

\ Q[0 |e| ™!
§@§@ Query 2: Decoder,

S .
- @ @ @ @ 0 0 second time step
_8 S O | @ | ® 1@ e | @
O O O O O @ @

o e e e e d d
- h
G e ejhn (efhs (ofh (o) I tle)h

v
The green witch arrived <s> llegd

S Note: Notation different from J&M
18 ource Sentence x
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USC Viterbi

Why Attention?

1= e U
o . . = g E
® Attention significantly improves neural machine @ o 9
. U v ~ O
translation performance £ 9cc 30
® \ery useful to allow decoder to focus on certain L'
parts of the source accord
® Attention solves the information bottleneck problem sur
® Attention allows decoder to look directly at la
Zone

source; bypass bottleneck

® Attention helps with vanishing gradient problem ©“°"°Ma4¢

® Provides shortcut to faraway states eumpeenn:

® Attention provides some interpretability 4t
® By inspecting attention distribution, we can see signé
what the decoder was focusing on — en

® \We get alignment for free! We never explicitly ao(t
trained an alignment system! The network just 1992

learned alignment by itselt
19 <end>

Area

was

signed

N

August

1992

<end>
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| ecture Outline

® Announcements
® Recap: Seg25eq and Attention
® More on Attention
® Transformers: Self-Attention Networks
® Multiheaded Attention
® Positional Embeddings
® Transformer Blocks
® Transtformers as Encoders, Decoders and
Encoder-Decoders

20
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More on Attention
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Attention Variants
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Attention Variants

® In general, we have some keys hy, ..., hy, € R% and a query q € R%

® Attention always involves Can be done in multiple ways!
1. Computing the attention scores, e(q,h;.,) € RY T

2. Taking softmax to get attention distribution a, = softmax(e(q, h;.y)) € 10,117
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Attention Variants

® In general, we have some keys hy, ..., hy, € R% and a query q € R%

® Attention always involves Can be done in multiple ways!
1. Computing the attention scores, e(q,h;.,) € RY T

2. Taking softmax to get attention distribution a, = softmax(e(q, h,.y)) € [0,1]"
3. Using attention distribution to take weighted sum of values:

N
¢ = Z a h € R4
i=1
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Attention Variants

® In general, we have some keys hy, ..., hy, € R% and a query q € R%

® Attention always involves Can be done in multiple ways!
1. Computing the attention scores, e(q,h;.,) € RY T

2. Taking softmax to get attention distribution a, = softmax(e(q, h,.y)) € [0,1]"
3. Using attention distribution to take weighted sum of values:

N
¢ = Z a h € R4
i=1

This leads to the attention output ¢/ (sometimes called the attention context vector)

22
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Attention Variants
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® This assumes d, = d,
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Attention Variants

® There are several ways you can compute e(q,h;.,) € R" from h,...h, € R% and q € R%
® Basic dot-product attention: e(q, hy.y) = [q-h]._;.y
® This assumes d, = d,

® \We applied this in encoder-decoder RNNs

® Multiplicative (bilinear) attention: e(q, h;.y) = [qTWhj]jzlzN
® Where W € R“*% is 3 learned weight matrix.

® |inear attention: No non-linearity, i.e. no step (2).
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Attention Variants

® There are several ways you can compute e(q,h;.,) € R" from h,...h, € R% and q € R%
® Basic dot-product attention: e(q, hy.y) = [q-h]._;.y
® This assumes d, = d,

® \We applied this in encoder-decoder RNNs
® Multiplicative (bilinear) attention: e(q, h;.y) = [qTWhj]jzlzN
® Where W € R“*% is 3 learned weight matrix.

® |inear attention: No non-linearity, i.e. no step (2).
® Unsurprisingly, does not work too well...
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Vlore on Attention

Given a set of vector values, and a vector query, attention is a technique to
compute a weighted sum of the values, dependent on the query
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models.
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Vlore on Attention

Given a set of vector values, and a vector query, attention is a technique to
compute a weighted sum of the values, dependent on the query

® \\e sometimes say that the query attends to the values.
® For example, in the seg2seq + attention model, each decoder hidden state (query)
attends to all the encoder hidden states (values)
® Keys and values correspond to the same entity (the encoded sequence).
® The weighted sum is a selective summary of the information contained in the values,
where the query determines which values to focus on.
® Attention is a way to obtain a fixed-size representation of an arbitrary set of
representations (the values), dependent on some other representation (the query).
® Attention is a powertful, flexible, general deep learning technique in all deep learning

models.
® A new idea from after 2010! Originated in NMT
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Attention and lookup tables

In a lookup table, we have a table of keys
that map to values. The query matches
one of the keys, returning its value.

keys values

a vl
b V2

query
d v3
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Attention and lookup tables

In a lookup table, we have a table of keys
that map to values. The query matches

one of the keys, returning its value.

keys values

25

vl
V2
v3

output
v4 % v4
v5

In attention, the query matches all keys so

to a weigh
are multip

query

tly,
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t between O and 1. The keys' va
ied by the weights and summed.

keys values Weighted

Sum
ki vl
k2 V2
output
k3 v3 ZH
k4 v4

k5 v5
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Attention and lookup tables

Attention performs fuzzy lookup in a key-value store

In a lookup table, we have a table of keys
that map to values. The query matches
one of the keys, returning its value.

keys values

25

vl
V2
V3

output
v4 % v4
v5

In attention, the query matches all keys so

to a weigh
are multip

query

tly,

ues

t between O and 1. The keys' va
ied by the weights and summed.

keys values Weighted

Sum
ki vl
k2 V2
output
k3 v3 ZH
k4 v4

k5 v5
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Attention
Distribution
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Attention in the decoder
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Attention in the decoder

Attention
Distribution

Self-Attention!

The monkey ate the banana because

26
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| ecture Outline

® Announcements
® Recap: Seg25eq and Attention
® More on Attention
® Transformers: Self-Attention Networks
® Multiheaded Attention
® Positional Embeddings
® Transformer Blocks
® Transtformers as Encoders, Decoders and
Encoder-Decoders
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Transformers:
Self-Attention Networks

28
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Selt-Attention o == v

k1 vl
Keys, Queries, Values from the same sequence K2 V2
query output
g k3 V3 Yy —

k4 v4

k5 v5
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Selt-Attention o == v

k1 vl
Keys, Queries, Values from the same sequence K2 V2
query output
Let w,.y be a sequence of words in vocabulary V q k3 v3 Yy —

_ dxV -
For each w, , let X; = Ewi, where E € R**" is an P

embedding matrix.
k5 v5

29
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Self-Attention

Keys, Queries, Values from the same sequence
query

Let w,.y be a sequence of words in vocabulary V q

Foreach w;, letx; =E, , where E € RV is an
embedding matrix.

1. Transtorm each word embedding with weight matrices Q, K, V, each in

q; = Qx; (queries) k; = Kx; (keys) v; = Vx; (values)

29

ki

k2

k3

k4

k5

keys values
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V2

V3

v4

v5

Rdxd
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Sum

Yy —
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Self-Attention

Keys, Queries, Values from the same sequence
query

Let w,.y be a sequence of words in vocabulary V q

Foreach w;, letx; =E, , where E € RV is an
embedding matrix.

1. Transtorm each word embedding with weight matrices Q, K, V, each in

q; = Qx; (queries) k; = Kx; (keys) v; = Vx; (values)

ki

k2

k3

k4

k5

keys values

vl

V2

V3

v4

v5

Rdxd

Weighted
Sum

Yy —

2. Compute pairwise similarities between keys and queries; normalize with softmax

exp(e;;)
2.j,exp(e;jr)

a,;j —

29
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29

Self-Attention

Keys, Queries, Values from the same sequence
query

Let w,.y be a sequence of words in vocabulary V q

Foreach w;, letx; =E, , where E € RV is an
embedding matrix.

1. Transtorm each word embedding with weight matrices Q, K, V, each in

L;’ = Qxl 1::[1'} l,_,.]n:":i‘-iﬁ:":.'f:._] kl = le (key5) ‘Ui - Vxl (Va|ues)

ki

k2

k3

k4

k5

vl

V2

V3

v4

v5

USC Viterbi

keys values Weighted

Sum

Yy —

Rdxd

2. Compute pairwise similarities between keys and queries; normalize with softmax

exp(e;;)
2.j,exp(e;jr)

a,;j —

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

0; = Zaij Vj

J

output
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Selt-Attention as Matrix Multiplications
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Selt-Attention as Matrix Multiplications

® Key-query-value attention is typically computed as matrices.
® letX =[X;5..5X,| R4 be the concatenation of input vectors

® First, note that XK € R XQ € R4 and XV € R™¢
® The output is defined as softmax(XQ(XK)HXV € R™

First, take the query- All pairs of
: XQ — XQKT xT attention scores!
key dot products in o
. K X E Rnxn
one matrix y

multiplication:

XQ(XK)"
S ————————
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Selt-Attention as Matrix Multiplications

® Key-query-value attention is typically computed as matrices.
® letX =[X;5..5X,| R4 be the concatenation of input vectors

® First, note that XK € R XQ € R4 and XV € R™¢
® The output is defined as softmax(XQ(XK)HXV € R™

First, take the query- All pairs of Next, softmax,
. X0 — XQKT xT attention scores!
key dot products in S and compute the
) K X = Rnxn :
one matrix >, weighted
multiplication: / average with
XQ(XK)! another matrix

T vT . 1. .
e SOftmax| xokT x XV multiplication.
30 output € R™**¢ S ——
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Why Selt-Attention?

keys values Weighted

Sum
ki vl
k2 V2
query output
g k3 v3 ZH

k4 v4

k5 v5

USC Viterbi
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Why Selt-Attention?

keys values

ki
k2

query
q k3
k4
k5

vl

V2

V3

v4

v5

Weighted
Sum

y—

output

USC Viterbi

® Allows a network to directly extract and use information from arbitrarily large contexts

without the need to pass it through intermediate recurrent connections as in RNNs
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Why Selt-Attention?

Weighted

query

® Allows a network to directly extract and use information from arbitrarily large contexts

without the need to pass it through
® Used often with feedforward networ

31

ki

k2

k3

k4

k5

¢s!

keys values

vl

V2

V3

v4

v5

Sum

y—

output

Intermediate recurrent connections as in RNNs

USC Viterbi
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Transformers are Self-Attention Networks

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* ' Fukasz Kaiser*
Google Research University of Toronto Google Brain
llion@google.com aidan@cs.toronto.edu lukaszkaiser@google.com

Illia Polosukhin* *
illia.polosukhin@gmail.com
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Transformers are Self-Attention Networks

® Self-Attention is the key innovation behind
Transformers!

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* ' Fukasz Kaiser*
Google Research University of Toronto Google Brain
llion@google.com aidan@cs.toronto.edu lukaszkaiser@google.com

Illia Polosukhin* *
illia.polosukhin@gmail.com
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Transformers are Self-Attention Networks

® Self-Attention is the key innovation behind

ransformers!

® Transformers (self-attention networks) map
sequences of input vectors (X, ..., X,) to Attention Is All You Need

sequences of output vectors (yy, ...,Y,) of the
same length.

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* ' Fukasz Kaiser*
Google Research University of Toronto Google Brain
llion@google.com aidan@cs.toronto.edu lukaszkaiser@google.com
Illia Polosukhin* *

illia.polosukhin@gmail.com
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Transformers are Self-Attention Networks

® Self-Attention is the key innovation behind

ransformers!

® Transformers (self-attention networks) map
sequences of input vectors (X, ..., X,) to Attention Is All You Need

sequences of output vectors (yy, ...,Y,) of the
same length.

C Ashish Vaswani” Noam Shazeer"’ Niki Parmar” Jakob Uszkoreit”®

® M d d e u p O Sta Cl(S Of ran Sfo rmer b | OCI(S Google Brain Google Brain Google Research Google Research
. . . avaswani@google.com noam@google.com nikip@google.com usz@google.com

® cach of which is a multilayer network made
o Llion Jones* Aidan N. Gomez* ' Fukasz Kaiser*
by com b| NN 9 QOoglc Research ‘Univcrsity of Toronto quglc Brain
llion@google.com aidan@cs.toronto.edu lukaszkaiser@google.com
® . .
simple linear layers, o

illia.polosukhin@gmail.com

® feedforward networks, and

® No more recurrent connections!
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Selt-Attention and Weighted Averages
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Selt-Attention and Weighted Averages

® Problem: there are no element-wise
nonlinearities in self-attention; stacking
more self-attention layers just re-averages
value vectors
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Selt-Attention and Weighted Averages

® Problem: there are no element-wise
nonlinearities in self-attention; stacking Q Q Q ]

33

] . . ] T
more self-attention layers just re-averages EF EE EF =
value vectors t T T T

® Solution: add a feed-forward network to self-attention
post-process each output vector. C Q Q

FF FF FF FF

T T T T
self-attention

O

W1 W W3 Wn

The chef who food



Fall 2024 CSCI 544: Applied NLP USC Viterbi

Selt-Attention and Weighted Averages

® Problem: there are no element-wise

nonlinearities in self-attention; stacking 7]
_ - - _ | T | |
more self-attention layers just re-averages EF rE o e
value vectors T T | T
® Solution: add a feed-forward network to self-attention
post-process each output vector. ] Q Q T
FF FF FF FF
Hidden layer: T T T T

Output layer: .
PEE 9y self-attention

Usually ReLU
or tanh S \ The chef who food

Input layer:

vector X

33



Fall 2024 CSCI 544: Applied NLP USC Viterbi

Selt Attention and Future Information
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® Problem: Need to ensure we don’t “look at the future” when
predicting a sequence during training
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® Problem: Need to ensure we don’t “look at the future” when
predicting a sequence during training
® c.g. Target sentence in machine translation or generated
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® For word i, self-attention “looks” where Xl-TQT(KXj) is high, but

maybe we want to focus on different j for different reasons?

® Define multiple attention “heads” through multiple Q, K, V matrices

. d . .
® Let Q, K, V), each in R¥%, where h is the number of attention

heads, and 1 <[ < h.
® Fach attention head performs attention independently:

Scaled Dot-Product '

Attention /

® Then the outputs of all the heads are combined!

Each head gets to “look” at different things, and construct value vectors differently
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Multiheaded Attention: Visualization

Still efficient, can be parallelized!

First, take the query-key 3 sets of all pairs of
dot products in one X0 - XQK'XT attention scores!
matrix multiplication: S
XQ(XK)" — o € R3*nxn

~

Next, softmax, and

compute the weighted softmax X0KTXT | xy =
average with another p

matrix multiplication.

output € R™*¢

28 mix
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Scaled Dot Product Attention

output, = softmax(XQ, K, X") * XV,

® So far: Dot product self-attention

® \When dimensionality d becomes large, dot products between vectors tend

to become large
® Because of this, inputs to the softmax function can be large, making the Mask (opt)
gradients small

® Now: Scaled Dot product self-attention to aid in training
XQ,K) X'
\Vd/lh

output = softmax( )*XV,; Q KV

® Ve divide the attention scores by \/d/h, to stop the scores from becoming large just as a

function of d/h, where h is the number of heads

Attention is all you need (Vaswani et al., 2017)
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Selt-Attention: Order Information?
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® Self-attention networks are not necessarily
(and not typically) based on Recurrent
Neural Nets
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Transtormers:
Positional Embeddings
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Missing: Order Information

® Consider representing each sequence index as a vector
® p. € IRd, forie{1,2, ..., n} are position vectors

® Don’t worry about what the p; are made of yet!
® Easy to incorporate this info: just add the p, to our inputs!

® Recall that x; is the embedding of the word at index i. The positioned embedding is:

® X, =X;+DP,

In deep self-attention networks, we do this at the first layer! You could

concatenate them as well, but people mostly just add...
S —————
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Positional Embeddings

® Maps integer inputs (for positions) to real-valued vectors
® one per position in the entire context

® Can be randomly initialized and can let all p; be learnable parameters (most common)
® Pros:

® Flexibility: each position gets to be learned to fit the data
® Cons:

® Definitely can't extrapolate to indices outside 1, ..., n, where n is the maximum

length of the sequence allowed under the architecture
® There will be plenty of training examples for the initial positions in our inputs and
correspondingly fewer at the outer length limits
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Putting it all together:
Transformer Blocks
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Selt-Attention Transtformer Building Block

® Self-attention: Probabilities
® the basis of the method; with multiple heads Softmax
® Position representations: Lir’]‘;m
® Specity the sequence order, since self-attention is an A
unordered function of its inputs. 3 v
. .- Q35 Feed-Forward
® Nonlinearities: §§
® At the output of the self-attention block 553 3 Maskll o
® Frequently implemented as a simple feedforward network. = 9 Attention
® Masking: S .
® In order to parallelize operations while not looking at the B Slock
future. Add Posi:cion
® Keeps information about the future from "“leaking” to the Embe']qdmgS
past. Embeddings

Inputs
45



