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. Outline

* Vanilla seg2seq with RNNs
* SegZseqg with RNNs and attention
* Transformers
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. Sequence-to-sequence modeling with RNNs

* “We are eating bread”

mm) “Estamos comiendo pan”

|. Sutskever, O. Vinyals, Q. Le, Sequence to Sequence Learning with Neural Networks, NeurlPS 2014

K. Cho, B. Merrienboer, C. Gulcehre, F. Bougares, H. Schwenk, and Y. Bengio, Learning phrase
representations using RNN encoder-decoder for statistical machine translation, ACL 2014



https://arxiv.org/abs/1409.3215
https://arxiv.org/pdf/1406.1078.pdf

. Sequence-to-sequence modeling with RNNs @ der s

Decoder: s, = gy (V¢-1,S¢-1)

estamos comiendo pan [STOP]
From final hidden state predict:
Initial decoder state s, Y1 Y2 Y3 YVa
Encoder: h, = f,(x, hy_1) 3 3 5 5
h, > h, > hs > h, " S " S; "' S, > Sq " Sy
X1 X3 X3 X4 Yo Y1 Y2 Y3
we are eating  bread [START] estamos comiendo pan

Problem: It is too hard for the decoder
state to keep track both of the input
context and the decoder context
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. Sequence-to-sequence modeling with RNNs

From final hidden state predict:
Initial decoder state s,

Encoder: h, = f,,(x,, hi_1) Context vector c (often ¢ = h;)
X1 X2 X3 Xy ¢

we are eating  bread

Solution: Introduce a separate context
vector to “remember” the input
sequence
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. Sequence-to-sequence modeling with RNNs

Decoder: s, = g,(V¢—1,St-1,C)

estamos comiendo pan [STOP]
From final hidden state predict:
Initial decoder state s, Y1 Y2 Y3 YVa
Encoder: h, = f,(x;, he—1) Context vector ¢ (often ¢ = h;) 3 3 3 3
h, > h, > hs > h, " S 1S, " S, > Sq " S,
l ‘ ‘ I WY TA A 4 T Y
X1 X3 X3 X4 C Yo Y1 Y2 Y3
we are eating  bread [START] estamos comiendo pan
.
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. Sequence-to-sequence modeling with RNNs

Decoder: s, = g,(V¢—1,St-1,C)

estamos comiendo pan [STOP]
From final hidden state predict:
Initial decoder state s, Y1 Y2 Y3 YVa
Encoder: h, = f,(x;, he—1) Context vector ¢ (often ¢ = h;) 3 3 3 3
h, > h, > hs > h, " S " S; "' S, > Sq " Sy
l ‘ ‘ I \ 4 TA A 4 T Y
X1 X3 X3 X4 C Yo Y1 Y2 Y3

we are eating  bread [START] estamos comiendo pan

through fixed vector

Problem: Input sequence bottlenecked
step of decoder!

ldea: use new context vector at each }

8
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. Sequence-to-sequence w/ RNNs and attention

* |ntuition: translation requires alignment

En
vertu
de
les
Whi:lt nouvelles
tIII: propositions
anticipated ;':ﬁ‘ fquel
mf,: !fji est
_ l=
collecting ;fff coiit
fees .\"&“' prévu
under
de
the perception
new de
proposal les

? \ droits
?
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. Sequence-to-sequence w/ RNNs and attention UNEAE S

* At each timestep of decoder, context vector “looks at” different
parts of the input sequence

hy * h, * hy h, So
X1 X2 X3 Xy

we are eating  bread

10
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Sequence-to-sequence w/ RNNs and attention @D x>
I [ ] +
x x x x Compute context vector as
i 4 t i Normalize to get attention c. = Z a. :h:
a a a a : t Qging
11 112 113 114 weights a ; ¢stamos "
softmax
t f t f Compute scalar alignment scores Y1
"nT \ 6121 €13 : \ 3141 eti = fan(St-1,h) t
I .
L L L L ‘ ‘ Use context vector in decoder:
1 i 1 | 190 171 S¢ = Ju(Ve-1,St-1,C)
l ‘ ‘ I Intuition: Context vector * ‘
X X, X3 X, “attends’ to the relevant Cc1 Yo
part of the input sequence
we are  eating bread ‘estamos” = "we are”
so maybe a,; = a,, = 0.45, [START]
a,; = a,, = 0.05
D. Bahdanau, K. Cho, Y. Bengio, Neural Machine Translation by Jointly Learning to Align and Translate, ICLR 2015 11



http://arxiv.org/pdf/1409.0473.pdf

. Sequence-to-sequence w/ RNNs and attention

X

X

X

’ X /X X
a a a a _

21 22 23 24 estamos domiendo

t t t 1 Repeat: Use s, to

sofdnax compute new context

f f t t vector ¢, Y1 Y2
€71 €22 €73 €74 + +

AR |

h]. i hz o h3 o h4 > SO > S]. > SZ
X1 X X3 X4 C1 Yo C; V1
we are eating  bread

[START]  estamos

TR }J' ﬁl
TS e i)

PEKING UNIVERSITY

Use ¢, to compute s,, v,

12
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[ T T T +
a a |
2l aB}Z ?i3 314 estamos comiendo | pan
softmax

1 1 1 1 V1 Yo Y3
€31 \ €3, \ €33 \ €34 " 5 5

TR TR .
h’l hz o h3 h4_ SO > Sl > SZ > S3
X1 X2 X3 X4 C1 Yo C; V1 C3 Y3
we are eating  bread

[START] estamos comiendo

13
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. Sequence-to-sequence w/ RNNs and attention N R

| T T +
a}“ a‘;z a? a?} estamos comiendo  pan [STOP]
softmax
t i f f Y1 Y Y3 YVa
€41 \ €42 €43 €44 + x x "
] \ \ 1
hl o hz o h3 o h4 > SO > Sl > Sz > 53 > S4

we are

eating

bread

a s a a
v

C1 Yo Cy, V1 C3 | V> Cy | Y3

[START] estamos comiendo pan

14
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* Visualizing attention weights (English source, French target):

)

3] =
£ ]
)] o
)] @]
| - |-
(@)} 0
(v} LUl

Economic

LI
accord
sur

Same word order in source
and target languages

zone
économique
européenne

Verb conjugation
Is different

D. Bahdanau, K. Cho, Y. Bengio, Neural Machine Translation by Jointly Learning to Align and Translate, ICLR 2015 15



http://arxiv.org/pdf/1409.0473.pdf
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. Quantitative evaluation

30 5 g T 3 g With attention
: : ' : : — (trained with sentence
length <= 50)
]
—
Q)
%
- With attention
2 [— ———— N T (trained with
M 10 il S SMNAAE MMt A T i} sentence length
""" RNNsearch-30 | 5 e <= 30)
5H — - RNNenc-50  F-ooooooeoennn e T JRSS—— -
-+~ RNNenc-30 | 5 § B LE U } No attention
0 ] | | | |
0 10 20 30 40 50 60
Sentence length
D. Bahdanau, K. Cho, Y. Bengio, Neural Machine Translation by Jointly Learning to Align and Translate, ICLR 2015 16



http://arxiv.org/pdf/1409.0473.pdf

. Google Neural Machine Translation (GNMT)

yl‘; — Y, - . —P» <[>

__________

GPUS8

8§Iayers

GPU3

GPU2

GPU2

GPU1§

Encoder LSTMs

-~

+—>
—>

A

f

—-—> Attention

A M
N

e e

Y. Wu et al., Google's Neural Machine Translation System: Bridging the Gap between
Human and Machine Translation, arXiv 2016

ﬂj——»—»[-ﬂj GPU3§
) cpuz

. |
h A A E

T »

< ‘P‘f‘ a t = J 'ﬂ

LA 57 =
i500 PEKING UNIVERSITY
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. Google Neural Machine Translation (GNMT)

* Human evaluation results on production data (500 randomly sampled
sentences from Wikipedia and news websites)

Table 10: Mean of side-by-side scores on production data
PBMT GNMT Human Relative

Improvement
English — Spanish  4.885 5.428 5.550 87%
English — French 4.932 5.295 5.496 64%
English — Chinese  4.035 4.594 4.987 58%
Spanish — English  4.872 5.187 5.372 63%
French — English 5.046 5.343 5.404 83%
Chinese — English  3.694 4.263 4.636 60%

Side-by-side scores: range from 0 (“completely nonsense translation”)
to 6 (“perfect translation”), produced by human raters fluent in both languages

PBMT: Translation by phrase-based statistical translation system used by Google
GNMT: Translation by GNMT system

Human: Translation by humans fluent in both languages
18
[



. Image captioning with RNNs and attention AR RS

* |dea: pay attention to different parts of the image when
generating different words

* Automatically learn this grounding ot words to image regions
without direct supervision

body of water

L.

bird flying over

A e[l

K. Xu et al., Show, Attend and Tell: Neural Image Caption Generation with Visual Attention, ICML 2015
[



https://arxiv.org/pdf/1502.03044.pdf

. Outline

* Vanilla segZ2seqg with RNNs
* SegZseqg with RNNs and attention
* Transformers

UNT
.?a "é’.pw at ; J 'ﬂ
i -
d g 57z
7558

PEKING UNIVERSITY

20
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. Basic transformer model

* Seguence-to-seguence architecture using only point-wise
orocessing and attention — no recurrent units or convolutions

Encoder: receives entire input Decoder: predicts next token
seqguence and outputs encoded conditioned on encoder output and
sequence of the same length previously predicted tokens
|
y ™
Feed Forward
1. ., A
F" N 4 t ™
Feed Forward Encoder-Decoder Attention
. S . v
) — I
4 ' 4 '
Self-Attention Self-Attention
. 1- v, . T v,

A. Vaswani, N. Shazeer, N. Parmar, J. Uszkorelit, L. Jones, A. Gomez, L. Kaiser,
|. Polosukhin, Attention Is all you need, NeurlPS 2017

Image source



http://jalammar.github.io/illustrated-transformer/
https://papers.nips.cc/paper/7181-attention-is-all-you-need.pdf

. Key-Value-Query attention model AR ES

Decoder

The decoder generates a query
describing what it wants to focus on

( Sum the values generated by
encoder weighted by the
attention weights

Feed the scores into a softmax
to create the attention weights

L : l : ' | ( : \Compute dot products between
XZ

softmax

®‘\ @\ N @'\
C )

the query and the keys generated
by encoder, giving alignment

X X % scores between source tokens and
1 3 4
the query

Encoder Image source

22
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. Attention mechanisms

* Encoder self-attention: queries, keys, and values come from previous layer
of encoder

* Decoder self-attention: values corresponding to future decoder outputs
are masked out

* Encoder-decoder attention: queries come from previous decoder layer,
keys and values come from output of encoder

i N
Feed Forward
1. . A
Fy
~ ' ' '
Feed Forward Encoder-Decoder Attention
. v \ v,
4 r—— F
F" N y ™
Self-Attention Self-Attention
. T J . T J

23



. Self-attention
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* Used to capture context within the sequence

a3y 4]

— o — [ 5]
g = P & ; - g = w0 T = o

= L i y L= - b o

o 0O ¢ = 5 o = T O o o o B
E S5 55 SHWs: 8 = ESs55c7 2P s 2 s
As we are encoding “it", we As we are encoding “it”, we
should focus on “the animal” should focus on “the street”

Image sou%e



https://ai.googleblog.com/2017/08/transformer-novel-neural-network.html

‘”'”’e at i; J‘ %

PEKING UNIVERSITY

. Self-attention layer v [,

t 4

* Query vectors: Q = XW

Vs |=> | Az Az Az
. K = XW

Key vectors K v, |— | 4, Ays Ass
Value vectors: V. = XWy, v |~ Tar A

* Similarities: scaled dot-product attention t

0 K) Softrr;ax(T)
RS 2 M 24 — T
EL,J VD or k QK /\/5 " Ky ||| Ei3 Bza g
(D 1s the dimensionality of the keys) o Ky ||| Bz | | Bz | | Esz
> Ky ||| E11 Ezq Es,
* Attn. weights: A = softmax(E,dim = 1) Q’ Q* Qf
1 2 3
* Output vectors: t t t
Xl X2 X3
Yi :Z]AL,]V] or Y = AV T
Adapted from J. Johnson One query per input vector 25


https://web.eecs.umich.edu/~justincj/slides/eecs498/FA2020/598_FA2020_lecture13.pdf

This
. Masked self-attention layer B AC o K B

Y, Y, Y,
4 t 4
(@ Product(—), Sum(?)

e The decoder should not “look 1
ahead” In the output sequence Vo ||| As | |42a | | 4ss
V2 g A1,2 A22 A32
Vi |7 Aps Azq Az

t

Softmax(1)

1
K; |— E1,3 E; E33
K, |=— | Ei; E>» Es
K, —  Ei E; E;,
1) t )
Q4 Q> Q3

t t
Xl XZ X3

<START> This IS
Adapted from J. Johnson 26


https://web.eecs.umich.edu/~justincj/slides/eecs498/FA2020/598_FA2020_lecture13.pdf

. Masked self-attention layer

* The decoder should not “look
ahead” In the output sequence

Adapted from J. Johnson

Yl YZ Y3
4 ) t
Product(—), Sum(?)

t
A1,3 A2,3 A3,3
A1,2 A2,2 A3,2
A1,1 A2,1 A3,1

t

Softmax(1)

t
E1,3 E2,3 E3,3
E1,2 EZ,Z E3,2
E1,1 E2,1 E3,1

t t t

Q; Q; Q3
1 1 )

Xl XZ X3

-

27


https://web.eecs.umich.edu/~justincj/slides/eecs498/FA2020/598_FA2020_lecture13.pdf

. Masked self-attention layer

* The decoder should not “look
ahead” In the output sequence

Adapted from J. Johnson

Y, Y, Y,
t 4 1
Product(—), Sum(?)
t
0 0 Az
0 Ayo A3z,
Ajq Azq Aszq
t
Softmax(1)
t
—QC0 —Q00 E3’3
—00 Ez,z E3,2
Eiq E;q E3q
) ) )
Q1 Q> Q3
t t t
X4 X, X3
T

28
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. Attention mechanisms: Summary

* Encoder self-attention: queries, keys, and values come from previous layer
of encoder

* Decoder self-attention: values corresponding to future decoder outputs
are masked out

* Encoder-decoder attention: queries come from previous decoder layer,
keys and values come from output of encoder

r N
Feed Forward
1. . A
ry
e ™\ - '
N transformer Feed Forward Encoder-Decoder Attention N transformer
. >, \ »
blocks Y —_— Y blocks
r ™ r ™
Self-Attention Self-Attention
\ 1- J \ T J

29
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. Attention mechanisms: lllustration

https://ai.googleblog.com/2017/08/transformer-novel-neural-network.html

30


https://ai.googleblog.com/2017/08/transformer-novel-neural-network.html

Transformer architecture: Details

A. Vaswani

et al., Attention is all you

Encoder

N
"\S I

EK

3 I 3N
':: :@
-t_“s“’

ez ¥

PEKING UNIVERSITY

I508

Quiput
Probabilities

t

|  Softmax |

t

| Linear

) Decoder

1 2
| Add & Norm |~

Feed
Forward

-

’ I \ | Add & Norm  Je=
A 1 |
ad &_Norm l Multi-Head
Feed Attention
Forward 7 I} N x
N [ Add & Norm Je=,
Add &_Norm ] Masked
Multi-Head Multi-Head
Attention Attention
At At
\ J \, ——
Positional B Positional
Encoding X ¢ Encoding
Input Output
Embedding Embedding

Inputs

need, NeurlPS 2017

T

Outputs
(shifted right)

31



https://papers.nips.cc/paper/7181-attention-is-all-you-need.pdf
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. Positional encoding

* To give transformer information about ordering of tokens, add
function of position (lbased on sines and cosines) to every Input

! m

Embedding dimension > Image sou#é



https://distill.pub/2016/augmented-rnns/

. Multi-head attention

* Run h attention models
top of different linearly

In parallel on
orojected

versions of Q, K, V: concatenate and

linearly project the resu
* |ntuition: enables mode

S
to attend to

different kinds of information at
different positions (see visualization

tool)

TR z J’ ﬁl
%5 Je 55795

PEKING UNIVERSITY

[ Concat ]

i

Scaled Dot-Product
Attention

H
Linear
\J

33



https://github.com/jessevig/bertviz
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* A Transformer is a sequence of
transformer blocks
* Vaswani et al.. N=12 blocks, embedding
dimension = 512, Forward

. Transformer blocks

6 attention heads

* Add & Norm: residual connection
followed by layer normalization

* Feedforward: two linear layers with N Add & Norm
RelLUs in between, applied .
independently to each vector MUlt"Hlead

* Attention is the only interaction Attention

between inputs! WNE NP

34



https://arxiv.org/pdf/1607.06450.pdf
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Transformer architecture: Zooming back out UNENE S

Qutput
FProbabilities
t
l Softmax |}
t
(_Llnear J Decoder
¢ ™
| Add & Norm Je=
Feed
Forward
Encoder 1 )
’ I ) | Add & Norm Je=
- Add &lNorm l Multi-Head
Feed Attention
Forward J) J) J) N x
S [ )
Add & Norm Jee=,
N x I
> Add & Norm ) Masked
Multi-Head Multi-Head
Attention Attention
it At
— J \ —
Positional o) Positional
Encoding ¥ ¢ Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right) 35

A. Vaswani et al., Attention Is all you need, NeurlPS 2017
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. Results A RN St

English German Translation quality English French Translation Quality
30 - - BLEU B BLEU
GNMT (RNM) ConvS2s (CNN) SliceMet (CNN) Transformer GMMT (RNN) ConvS2S (CHN) Transtarmer

https://al.googleblog.com/2017/08/transformer-novel-neural-network.html -
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Transformers: Pros and cons

RNNSs 1D convolutional networks Transformers

h, — h, — h;, — h, h, h, hs h,
X4 X5 X3 X4 X4 Xy X3 X4

Works on ordered sequences Works on multidimensional grids ¢ Works on sets of vectors

* Pros: Not limited by fixed context * Pro: Each output can be * Pro: Good at long sequences: after
size (In principle): After one RNN computed in parallel (at training one self-attention layer, each output
layer, h; "sees” the whole sequence time) “sees” all inputs!

* Con: Not parallelizable: need to * Con: Need to stack many conv * Pro: Each output can be computed
compute hidden states sequentially layers for outputs to “see” the In parallel (at training time)

* Con: Hidden states have limited whole sequence * Con: Memory-intensive: cost of
expressive capacity attention operator is quadratic in

input size 37
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. Making transformers more efficient

Charformer
(Tay at al, 2021)
) TokenLearner
Perceiver {Ryoo et al, 2071)
(Jaegle at al, 2021)
Transformer-XL Nystromformer
(Dai et al, 2019) [Kiang ot al., 201%)
Memo Memor
Recurrence ry / !

Downsampling Compressed

Set Transformer

Compressive

Transformer
(Ragatal, 2018)

(Lew &t al, 2019) | ”
i Clusterformer
ROU;.IHQ [Wang et al , 2020)
f Transformer
" funnel poolinglormer™\ es-s Reformer
Performer ranstormer ) ~ [Kitae at al, 2020)
(Charemanski et al, 2020) (Daietal. 2020) A \\
ETC Big Bird N\
{inslie et al,, 2020) (Zahear at al, 2020) pY
Low-Rank Transformer / } . AN\
(Wiriata et sl 2020) / Longformer Swin VA )
(Beliagye12l,2020)  Transformer P \'\' Clustered Attention
L R k ! / (Liu etal, 2020 =7 Sinkhorn [Wyas et al, 2020)
Linformer ow Ran I."TLong fShort . . Tr[‘;aa?: E?;?cﬁan'l
weoas.oy  Kernels (Transformer)  Fixed/Factorized/ Adaptive
\svrtheat Random Patterns Sparse

Random Feature Attention |Synthesizer f Transformer
(Peng et al, 2021) \ /Sl S Blockwise T f CC-Net / GShard Caorreia et al, 2019

oc W{'QSZQITD’;';’; armer {Huang et al,, 2018) /| epikhin et al, 2020) (Carreia & a1 2015)

Linear A\
Transformer \ Sparse Transformer |/ Sparse ;nu?uLiTuzu
(Katharapaudos et al, 2020 > Image Transformer S EIREnkR) Switch
{Parmar et al, 2018) Transformear Product Key
Axial Transformer (e ) Memory

(Ha & al., 2019) (Lample at al., 201%)

Scaling Transformer
[Jaszezur et al, 2021)

Figure 2: Taxonomy of Efficient Transformer Architectures.

Y. Tay et al. Efficient transformers: A survey. arXiv 2022 38
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