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Abstract

The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. The best
performing models also connect the encoder and decoder through an attention
mechanism. We propose a new simple network architecture, the Transformer,
based solely on attention mechanisms, dispensing with recurrence and convolutions
entirely. Experiments on two machine translation tasks show these models to
be superior in quality while being more parallelizable and requiring significantly
less time to train. Our model achieves 28.4 BLEU on the WMT 2014 English-
to-German translation task, improving over the existing best results, including
ensembles, by over 2 BLEU. On the WMT 2014 English-to-French translation task,
our model establishes a new single-model state-of-the-art BLEU score of 41.0 after
training for 3.5 days on eight GPUs, a small fraction of the training costs of the
best models from the literature.
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Attention Is All You Need
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by A Vaswani - 2017 - Cited by 4209 - Related articles
12 Jun 2017 - Attention Is All You Need. The dominant sequence transduction models are

based on complex recurrent or convolutional neural networks in an encoder-decoder
configuration. The best performing models also connect the encoder and decoder through an

attention mechanism.




Outline
* Seg2Seq modelling via RNN Encoder-Decoder

e Attention Mechanism
e Self-Attention

e Transformer
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" Sequence-to-Sequence Modelling

* Many-to-Many mapping

p(Y1,Ya, ..., Yo | X1, Xo, .., X)) = p(¥; ¥ | XT")

E. Loweimi

c
rw
IR

2/38



" Sequence-to-Sequence Modelling

* Many-to-Many mapping Yi ¥z Y3
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Pt T ! Encoder
B A
X1 X2 XT,—1 XT,
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" Sequence-to-Sequence Modelling

* Many-to-Many mapping Yi ¥z Y3

* Some approximation &
conditioning required!

p(Y1,Ya, .., Yo | X1, Xo, ooy X ) = p(Y; ¥ | XT")
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Learning Phrase Representations using RNN Encoder—Decoder
for Statistical Machine Translation
Kyunghyun Cho
Bart van Merriénboer Caglar Gulcehre
Université de Montréal

firstname.lastname@umontreal.ca

Dzmitry Bahdanau
Jacobs University, Germany

d.bahdanaufjacobs-university.de

Yoshua Bengio
Université de Montréal, CIFAR Senior Fellow

find.mefon.the.web

Fethi Bougares Holger Schwenk
Université du Maine, France

firstname.lastname@lium.univ-lemans.fr

p(Yi|Y1,..Yio1, X{7) ~ g(Yi_1, s, )
Si = f(yi—h Si—1,C)

E. Loweimi

RNN Encoder-Decoder

Decoder

Yr

X1

Encoder

Learning Phrase Representations using RNN Encoder ...
https://arxiv.org > ¢s ~

| by K Cho - 2014 - Cited by 6907 - Related articles | 9/10/2019
3 Jun 2014 - One RNN encodes a sequence of symbols into a fixed-length vector representation,
and the other decodes the representation into another sequence of symbols. The encoder and
decoder of the proposed model are jointly trained to maximize the conditional probability of a target

sequence given a source sequence.
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RNN Encoder-Decoder

* Break the Many-to-Many into

- Many-to-One

- One-to-Many

hirF™ ha > - - > h —~>=
! T T_ !

****** R S .
X1 X2 XT,—1 XT,

E. Loweimi 3/38




RNN Encoder-Decoder

* Break the Many-to-Many into

- Many-to-One - Encoder

- One-to-Many - Decoder

E. Loweimi 3/38




e “One” - Bottleneck

- Context/thought vector

- Fixed-length representation B

: ) t + 7777777777777777777777 f 7777777777777 f Encoder
— Combines all info X1 X2 XT,-1 XT,

* LocallGloballDependencies i— ;
P p(Yi]Yi ™, XT7) ~ g(Yie1, s:.¢)
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" RNN Encoder-Decoder Problems (1)

e Sequential computation is hard to parallelise
- Not what modern HPCs excels at!

<3

NVIDIA

T HHS

n il | eee

AMD EEEENE B0

GPUs - Hundreds to
Thousands Cores
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* Information flow
— Combination of all info in a single embedding
- Info path between En and De states is long
— Capturing long-term dependencies is tricky

E. Loweimi
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Possible Solutions/Alternatives

e Attention mechanism
e Transformer

* CNNs for sequence modelling
- Appendix (A)

E. Loweimi 5/38



Attention Mechanism

Published as a conference paper at ICLR 2015

NEURAL MACHINE TRANSLATION
BY JOINTLY LEARNING TO ALIGN AND TRANSLATE

Dzmitry Bahdanau
Jacobs University Bremen, Germany

KyungHyun Cho Yoshua Bengio®
Université de Montréal

T, . . . . _
. . ~~ . . . Neural Machine Translation by Jointly Learning to Align and ...
p(E|Y71,...Y;_1,X1 ) Ng(h_l,sz,cz) y Jointly g to Alig

hiips://arxiv.org > cs v
| by D Bahdanau - 2014 - Cited by 9235 - Related articles | 9/11/2019

Neural Machine Translation by Jointly Learning to Align and Translate. ... Unlike the

S . — f y . S . C . traditional statistical machine translation, the neural machine translation aims at building a
T 1—1y21—15 41

single neural network that can be jointly tuned to maximize the translation performance.

E. Loweimi 6/38




yi1 Y2 Yi-1 Yi yr,

—. e

S —p| Attention - g g 1 > i}

Mechanism |. : ! T ! ;

As Ci i | | o

bt 5 \ |

hih; b R .
Decoder

— Te\ ~ ;hl_’h2—>"-th-1 ‘thi‘ 7'
p(}/z|Y1'L 1,X1 )Ng(i/:i—hsivci) : T T T T ; Attention I

S; — f(yi—h Si—15 Ci) __________________________________ o
¢ ! i } Encoder

X1 X2 XT,-1 XT,

E. Loweimi 6/38



Attention Mechanism

e Attention I1s a focus mechanism on task-
Important parts of input

* Input — A set of {key:value} pairs, and queries

* Output - A weighted mean of values

E. Loweimi 7/38



Attention Mechanism

e Attention Is a focus mechanism on task-
Important parts of input
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Attention Mechanism

» Attention is a focus mechanism on task-
Important parts of input

* Input — A set of key-value pairs, and queries

 Output - A weighted mean of values

* Welights - prop. to similarity of query & keys

E. Loweimi 7/38



Attention Mechanism
Query (Q)

- Determines where focus should be steered

* Keys (K) and Values (V) pairs, {k:v}

- Some prototypes

 In RNN En-De models

C
S
T
R

- Q - Decoder states (si.1)
- K and V - Encoder states (hi:x) — ldentical HERE!

E. Loweimi 7/38



Attention Advantages

e Solves the info bottleneck issue of RNN En-De

e Shorten info path between hi.tx and each s;
- Long-range dependencies better captured/modelled

.
—
e ] —"

E. Loweimi 8/38



Attention Advantages

* Solves the info bottleneck issue of RNN En-De
* Shorten info path between hi.7x and each s;
* Helps with gradient vanishing

 Jointly learns alignment & classification
- Visualisation and understanding

E. Loweimi 8/38



BLEU score

30

10

Attention Advantages in NMT

Sentence length

|| — RNNsearch-50 }F..................... ST \\\ - ]
""" RNNsearch-30 N IR
-l — — RNNenc-50 e REEEL e .
-+ - RNNenc-30 ) -
| | |
10 20 30 40 50 60

Dealing with long-range dependencies

E. Loweimi
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Attention Model

* Alignment (a;) = softmax(e;; )
. Context_(c,-,-) ¢;=al hj =) a; h,
- aka glimpse (g)) j

| ; ~ Label-Distribution(y;_1, s;, C;
+ RNN Decoder y (Yim1,8i; 1)

E. Loweimi 9/38



Alignment model - Compute Score

e Dot-product
- Basic e;j =S, h;

- Linear projection e =T W h,;

1

E. Loweimi 10/38



Alignment model - Compute Score

* Dot-product
- Basic Cij = S,LThj
— Linear projection

62'3' — S,LT %74 hj
o Additive
- Content e;;j = v’ tanh(Ws;_; + Vh; +b)
— Location

€ij = UT tanh(Wsi_l -+ Vh] -+ U fij -+ b)

S
E. Loweimi a;—1 10/38




" Sharpening the Focus / Attention

* Use inverse temperature, B,

- B>1 => sharpening the pdf — exp(fe;;)
- B <1 => smoothing the pdf Y Zj/ exp(fe;;r)
* Top-k

- Keep top k values of ei - Set the rest to zero - Normalise

e Caveat: requires computing all ;s
- Computational complexity — O(TxTy)
- Solution: Windowed attention

E. Loweimi 11/38



Sharpening the Focus / Attention

* Windowed Attention
- Window length: 2w - 2w << L

- Window centre: pi - median of ai.;
* q;.;shortlists the encoder states (h))

- Compute attention only on /, = (Rp;—wy -y Py f0—1)
* Caveats:
— Not useful for short utterances, too sharp
» Solution —~ Smoothing - Replace exp with sigmoid in softmax

- Window length and location are suboptimal
e Solution - Fully-trainable Windowed Attention

E. Loweimi 11/38



(Fully-Trainable) Windowed Attention

WINDOWED ATTENTION MECHANISMS FOR SPEECH RECOGNITION i ) 42

Shucong Zhang, Erfan Loweimi, Peter Bell, Steve Renals <-) ) q,.Ld, s+1

m 1 Decoder

S0s Y,

Centre for Speech Technology Research, University of Edinburgh, Edinburgh, UK

=1 s
C2 Context Vector

I

D2 Window Length _

5 Step Size
M, Window Centre Pyramm Encoder
~
o
ICASSP 2019

“% X, X, X3 X, Xy X X,
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(Fully-Trainable) Windowed Attention

Y1 ¥y

{ {
- ShLSZ > i1 i
1 A [

! ! T ! Encoder
B F f """" £
X1 X2 X1, -1 XT,
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What if X sequence is very
long & yi is only correlated
with a small part of X ...

h1 — P hz —» Nrx.a—» hT >

! ! T ! Encoder
B FUTY

X1 X2 X1, -1 XT,

E. Loweimi 11/38



Y1 Y2 Yi-1 Y yT,
What if X sequence is very »SHBI+»SFB++ST
long & i is only correlated T T r

with a small part of X ...

> Decoder
ci contains noisy info from /;/l“\\

irrelevant h; - Suboptimal attention

h1 — P hz —» hyaf— hT >
! ! T ! Encoder
B FoTE
3 X1 X2 X1, -1 XT,
)
; E. Loweimi 11/38




(Fully-Trainable) Windowed Attention

yi Y2 Yi-1 Y yr,
Many o are zero. T b g T
Whyl/Can/should we learn s s sy s sy
them?! - T L] !
Decoder
—> hl:_> hz: 10c :hj-z j- h 4‘ th -
T T T T T ! Encoder
4 t } t 4 } 4 4 }
X1 X2 Xj—2 Xj—1 X5 Xji41 X542 XT,-1 XT,
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(Fully-Trainable) Windowed Attention

Y1 Y2 Yi—-1 Yi YT,
Impose sparsity by windowing ... W T b T
- S So > --»Sa»|Si > ™ Sy
| P !
Decoder

—P hlz h2:: :_ ~I;|~Tx-1<=. ht >

ot | ol Encoder
L S N S bt
Xj—2 Xj—1 X5 Xjt1 X542 XT,—1 XT,
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= (Fully-Trainable) Windowed Attention

Lz' = Lma:c O'(MLP(SZ))

Fully-trainable — BOTH window
shi = SHnaw o(MLP(s;)) length and window shift are learned.

m; = m;_1 + sh;

{eXp(W,j € (m; — D, my)

Y] —m;)? )
eXP(—W,J € (mi,m; — DiR)
exp(eij) lz’j
Oéz'j

- m;+D;r
Zmi D~ exp(eix) lik
Windowed Attention Mechanism for Speech Recognition, Zhang et al, ICASSP 2019
E. Loweimi 11/38




" (Fully-Trainable) Windowed Attention

Fully-trainable

’—;- -
I N Y

Lz' = Lma:c O'(MLP(SZ))
shy = SHyaw o(MLP(s;)) TN

m; = m;_1 + sh; L;

_ {GXP(WJ € (m; — Dir,m;) SR S S S .

exp(—%,j € (mi,m; — D;R) sh;

eXp(eij ) l’ij mi Mia Time

St D expler) Lik

Windowed Attention Mechanism for Speech Recognition, Zhang et al, ICASSP 2019
E. Loweimi 11/38




Self-Attention

* An attention within a layer (representation)

- Encoder - Classic -~ Decoder
Decoder
I
N ooN---O---¢O A
EncoderJ ook 0A
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Self-Attention

* An attention within a layer (representation)
* Each weight is prop. to similarity of two vertices

E. Loweimi 12/38



Self-Attention

* An attention within a layer (representation)
* Each weight is prop. to similarity of two vertices

Z; = E ’U}inj
J

{wij = similarity(x;, x;)

wi; >0, Y wi =1

E. Loweimi 12/38



Self-Attention Advantages

Constant path length between positions, O(1)
— Direct interaction, no locality bias

Long-range dependencies are captured well
Multiplicative interaction - some kind of gating
Permutation invariant OON-- O & A
Trivial to parallelise /

E. Loweimi 13/38



Convolution vs Self-Attention

* CNN » Self-Attention
- Linear Time Invariant - Linear(?) Time Variant
— Suboptimal filter replication - One filter per node
- Seg. modelling requires depth - Direct interaction for all
Convolution Self-Attention

AR

E. Loweimi 14/38




Self-Attention Disadvantageous

* Globally, sequentiality is lost
- has no notion of temporal order!
- Permutation invariant!

* Locally, temporal resolution iIs lost
- Owing to attention-weighted averaging

E. Loweimi 15/38



Self-Attention Disadvantageous

* Globally, sequentiality is lost
— has no notion of temporal order!
— Permutation invariant!

» Locally, temporal resolution is lost
- Owing to attention-weighted averaging

* Solution: Positional Encoding

E. Loweimi 15/38



Computational Complexity

e Self-attention —» O(n4d)
— Quadratic in sequence length (n)
- Linear In representation dimension (d)

* RNN - O(nd?)
— Linear in seq. length; Quadratic in repr. dim

E. Loweimi 16/38



Computational Complexity

Self-attention - O(n?d)

RNN - O(nd?)

If n <d - Self-attention iIs more economic, e.g. NMT

If n >d - Self-attention is parallelisable, e.g. ASR

E. Loweimi 16/38



Transformers
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OQutput

Probabilities
Architecture o
Linear
r
| Add & Norm |<wN
Feed
_ Forward
Primary Secondary
winding winding - §
_Add & Norm | :
Feed Attention
Forward T 7 7 Nx
~—
Nix
f_>| Add & Norm l Masked
Multi-Head Multi-Head
Attention Attention
L 1
— Y, g — )
Positional A q Positional
Encoding Encoding
Input Qutput
Embedding Embedding
Inputs Qutputs

(shifted right)




Output

Probabilities
Ingredients s
Linear
& N
| Add & Norm |‘-\
Feed
Forward
at 4 _\ Add & Norm
| Add & Norm | :
. ’ Add & Norm Multi-Head
Feed Attention
oy Forward 7 7 7 Nx
—
N Nix Add & Norm
N Add & Norm Masked
Multi-Head Multi-Head
Attention Attention
' ‘; A_1 I A y)
\. — J \_ v,
~ Positional A q Positional
Encoding i Encoding
Input Output
Embedding Embedding
Inputs Qutputs

C
™
R

(shifted right)




i Pr(%ggiﬁ;[ies %

Ingredients

(1 )

 Encoder-Decoder structure e
o . E d Forward

* Positional Embedding e T

« Multi-Head self-Attention e || | 75— || v

Nx | —(TAdd & Norm )
* Feed Forward NN (FFNN) | M|
u_} & enlon}

° d d — J \C v,
A & N O rm Positional A Positional
Encoding ®_(€ 61; Encoding

Input Output
Embedding Embedding

.. Inputs Qutputs
E. Loweimi (shifted ngﬁlr)7/38




Encoder

e 6 Layers, eachonehas.. P ) |

Feed

— Sublayer 1: Multi-head Self-attention Forward
- Sublayer 2: (Point-wise) FFNN =T S {Addanom ] |

Multi-Head
Attention

 Add & Norm after each sublayer oS

Encoding

- Sublayer = Norm(x+sublayer(x)) Embeding

T

Inputs

E. Loweimi 18/38




~ Multi-head Self-attention — Intuition

* Process multiple types/streams of info or
subtasks independently

ntion

E. Loweimi 19/38



~ Multi-head Self-attention — Intuition

* Process multiple types/streams of info or
subtasks independently, e.g.

- Who?
- Did what?
- To whom?
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~ Multi-head Self-attention — Intuition

* Process multiple types/streams of info or
subtasks independently, e.g.

- Who?
- Did what?
- To whom?

kicked the ball

Each subtask and/or piece of info requires
a different solution and attention.

E. Loweimi 19/38




" Multi-head Self-attention — Intuition

* Process multiple types of info

L4
.
the

Head 1: Who? Head 2: Did what? Head 3: To whom?

E. Loweimi 19/38



" Multi-head Self-attention — Intuition
* Process multiple types of info Parg
@//sab/e

L4
.
the

Head 1: Who? Head 2: Did what? Head 3: To whom?
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opinion
<EQS>
<pad>

= .=

“““““

applicatio
<EOS>/
<pad

— Two heads form encoder self-attention at layer 5 (out of 6).

— Heads learn to perform different tasks.

E. Loweimi 19/38



Multi-head self-Attention

MultiHead(Q, K, V) = Concat(heady, ..., heady, )W ©

where head; = Attention(QWiQ, K W,,;K, VW@-V)

W@Q c Rdmodelx dp,

K dmodel xd
WE e R .

WY € R

WO c thdemodel

!

VA

|

Linear

Concat

AR

/ Scaled Dot-Product

Attention

2

1!

ul
(o

t

Linear

Linearly combines heads’ outputs.

E. Loweimi
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Single-head self-Attention

y e t
& .
[ Matvu | -0 Lnear
A Ya
~~~ Concat
SoftMax oo —
A ‘e
Scaled Dot-Product
[ Mask (Opt') I Attention H& h
IS | A I
Scale L* e _] e c _}
’¢' Linear Linearu Linear
'l
MatMul R
ll’
Q K Vv ° v Kk Q
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Single-head self-Attention

Given: Query, Key and Value ({k:v}) [ t
MatMul
Output: attention-weighted mean of Values X —
SoftMax
Welights prop. to similarity of K & Q 1
.. : I Mask (opt.)
Similarity: scaled-dot product
- Scaled - to control magnitude@high dim @
- MatMul |
Attention = softmax(cf/li_k )V g) J; y

E. Loweimi 20/38




" Generate Q, K, V via Linear transformation

* Embedding - Linear transformation

g1

dmodel =512 Q (o}
W Q=XWRQ

X[ TTT =] |
X[ TTT =] = L]

_ ) Note dq = dk

. WK K,

_ — Ko
[ TTT o] K=XW*

X e R nXdmodel

Not to be confused with similar
Wi, belongs to the heads.

E. Loweimi [T 1T 1] 21/38




MultiHead(Q, K, V) = Concat(head, ..., head;, )W ®
where head; = Attention(QW<, KWX viwY)

WQ e Rdmodelek
¢ — dg = dk = dv= dmoder/ N

WzK [ Rdmodelek - dmodel = 512, h = 8

W@V = Rdmodelev \

Multi-head self-Attention

Linear

Concat

AR

L

Scaled Dot-Product

Attention

2

1!

ul

t

L

L

Linear

)

Linear

)

Linear

)

Linear projection to space where dot
product is a better proxy for similarity.

Value Key

c
rw.
IR
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[ !
X : EZ : | Point-wise
: l l FFNN

y. = FFNN(2!) = ReLU (Z'W! + bYW + b,

Point-wise FFNN

Zi . .
Affine Trans 1 | | ReLU | » Affine Trans 2 |

(Wi, by) (W2, by)

E. Loweimi

Add & Norm

Eem)

Nx | (Adda

Norm |

Multi-

Attention

Head

A__]
]

Positional

-
—
D

Encoding

Input
Embedding

T

Inp
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Point-wise FFNN

Point-wise
FFNN

1

Point-wise
FFNN

} } }
FENN FENN FENN
} } }
71 Z9 Z3

E. Loweimi

T

FFNN

f

FFNN(zl) = ReLU (2!W! + b\ YW + b,
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Point-wise FFNN

I ol ' Y!
X : : Z . | Point-wise : Y
i o FFNN i

y. = FFNN(2!) = ReLU (Z'W! + bYW + b,

— Point-wise: applied to each position (z) independently & identically.
— Each layer has its own FFNN, shared inside layer.

- DlmenSIOnS W{ = Rdmodeleff and W2l - Rdff X dmodel (dff - 2048)

E. Loweimi 23/38



I ol ' Y!
X : : Z . | Point-wise : Y
’ D FFNN :

y. = FFNN(2!) = ReLU (Z'W! + bYW + b,

X - Rndeodel
Z - Rndeodel
Y = Rndeodel

The representation dimension does not
change across layers and sublayers.

E. Loweimi 23/38



Positional Coding

embedding Positional

* Problem: — encoding

- Self-attention is agnostic to =
temporal or positional order -

Forward

EEE

| S—

N« | —{(Add&Norm )

Multi-Head

* Solution: Positional encoding 1ol

- Add it to embeddings 1 Postrd |

* Element-wise or concatenate Embedding

T—NO

E. Loweimi 24/38




Positional Coding

* Problem:
- Self-attention has no notion
., POS
of temporal order PE(yos 20) = sin( o )
 Solution: 0S
. . PE(pos,2d+1) = cos( F ),
- Positional encoding 10D
0 <pos< n
e Sinusoidal positional encoding d=0.1,..D/2

- Limited/stable range —[-1,1]
- Deals with any (unseen) length

E. Loweimi

T—NO
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embedding
€1 E
€2 P2
€3 Ps

10
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)
£06
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Q
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@
£06
204
[

02

Positional Coding

vy
vy
vy

., pos
PE(pos,2d) = Sln( 10% )
DOS
PE(pos,2d—|—1) — COS( 10% )
0 <pos< n

d=0,1,...D/2

E. Loweimi

Positional Encoding
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Add and Norm

* Applied after each sublayer
- Add - residual connection
- Norm - Layer Normalisation
— Sublayer = Norm(x + oropout {SUblayer(x)})

* Note: here batch
size IS small — unreliable stats for Batch Norm

E. Loweimi

H1 Feed
Forward

Nx | —~(Adda Nom ) |
""" Mult-Head | |

Attention

tr
\\_ J

Positional A
Encoding @?

Input
Embedding

T

Inputs
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Add and Norm

* Applied after each sublayer
- Add - residual connection
- Norm - Layer Normalisation
— Sublayer = Norm(X + oropoue {SUblayer(x);)

* Residual connection
— Stabilises the training
— Injects positional info into the model

E. Loweimi

H Feed
Forward

Nx | —~(AddaNom]) |

""" Multi-Head | |
Attention

tr )

. J

Positional A
Encoding ®_(f

Input
Embedding

T

Inputs
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Residual Connection Role

* Residual connection injects positional info into model
— Diagonal alignment in Attention Encoder-Decoder

With residual Without residual

connections . connections
E. Loweimi 25/38




Decoder

| Softmax )

* 6 layers, each one has ... C=r)

f[ Add &tNorm ]4—\N
- Sublayer 1: Masked MHSL* 3 | [ rever
. N .
— Sublayer 2: Attention Encoder-Decoder , |
. . eadZ2 T - d D
- Sublayer 3: Point-wise FFNN Pl

 Each sublayer has Add & Norm @—

Output
Embedding
R, . I
WWW MHSA*: Multi-head Self-attention Outputs
i E. Loweimi (shifted righ26/38




" Masked Multi-head Self-Attention

* Decoder generates one word at a time, left-to-right

 Masks preserve causality and autoregressive property
of decoder, e.g. at t=3, w; for i>3 should be masked ouput

Probabilities

Feed
Forward

Add & Norm

Multi-Head
Attention

E. Loweimi



" Masked Multi-head Self-Attention

* Decoder generates one word at a time, left-to-right

 Masks preserve causality and autoregressive property
of decoder, e.g. at t=3, w; for i>2 should be masked

Wi |W:2 W . EOS
oaognN OO A 4 = - A
/m Decoder :
OO N R || Self-Attention |
‘ g Masked SOS W, W. W: Wal| - - |Wh
E E. Loweimi - >




i Encoder-Decoder attention between each

. decoder layer and the last layer of encoder

Encoder

E. Loweimi

// | 6 Layers

Decoder

12

Output
Probabilities

Linear

Add & Norm

Feed
Forward

Add & Norm

Attention

Add & Norm
Masked

[ MutiHead | || ¢

Multi-Head
Attentinn

28/38



Output

Ingredients — Recap
 Encoder-Decoder structure ﬁ—"“
* Positional Embedding : |
» Multi-Head self-Attention Lo || U555 |
+ Feed Forward NN (FFNN) (=
1t A y)

° d d — J \C v,
A & N O rm Positional A Positional
Encoding ®_(€ 61; Encoding

Input Output
Embedding Embedding

T T

.. Inputs Qutputs
E. Loweimi (shifted ng%5/38




Training Setup

* TensorFlow — Tensor2Tensor library — github
* Optimisation
- Adam w/ learning rate warmup and exponential decay

* Regularisation
- Dropout - rate: 0.1

- Label smoothing - €s=0.1

 Relax confidence on labels (C: #classes)
Ye < yc(1 _els) ‘|_€lk/c
E. Loweimi 29/38
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https://github.com/tensorflow/tensor2tensor
https://github.com/tensorflow/tensor2tensor/blob/master/tensor2tensor/models/transformer.py

State-of-the-art on WMT 2014

BLEU Training Cost (FLOPs)
Model EN-DE EN-FR EN-DE EN-FR
ByteNet [18] 23.75
Deep-Att + PosUnk [39] 39.2 1.0 - 1020
GNMT + RL [38] 24.6 39.92 2.3-10  14-10%°
ConvS2S [9] 25.16  40.46 9.6-10"® 1.5-10%°
MOoE [32] 26.03  40.56 2.0-10" 1.2-10%
Deep-Att + PosUnk Ensemble [39] 40.4 8.0 - 10%Y
GNMT + RL Ensemble [38] 2630  41.16 1.8-10%°  1.1-10%!
ConvS2S Ensemble [9] 26.36  41.29 7.7-10°  1.2-.10%
Transformer (base model) 27.3 38.1 3.3.10'8
Transformer (big) 28.4 41.8 2.3-10%

— BLEU score: * EN-DE: 28.4 * EN-FR:41.8
— Data amount: * 4.5M pairs * 36M pairs

E. Loweimi 30/38



NMT - WMT 2014

English French Translation Quality

pr B e English German Translation quality

30 B BLEU

2%
24
22

GNMT (RNN) ConvS2S (CNN) Transformer v )
GNMT (RNN) ConvS2S (CNN) SliceNet (CNN) Transformer

41

40

38

— Measure: BLEU scores (higher is better)
— Task/Data: Standard WMT newstest2014

E. Loweimi 30/38



WMT 2014

English French Translation Quality

" e English German Translation quality

30 B BLEU

26
24 . I
29
20
20

GNMT (RNN) ConvS2S (CNN) Transformer )
GNMT (RNN) ConvS2S (CNN) SliceNet (CNN) Transformer

41

40

In WMT 2016 summary report, "RNN” appeared 44 times.
In WMT 2018 report “RNN” appeared 9 and “Transformer” 63 times.
https.//web.stanford.edu/class/cs224n/slides/cs224n-2019-lecture07-fancy-rnn.pdf
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Transformer Hyperparameters

. train | PPL  BLEU params
 Data: devset EN-DE N o da b e e T € s | ) dev) x10°
base | 6 512 2048 8 64 64 0.1 0.1 100K | 492 258 65
1 512 512 529 249
— testn eWSZO 13 A 4 128 128 500 255
16 32 32 491 258
32 16 16 5.01 254
(B) 16 5.16 251 58
32 500 254 60
2 6.11 237 36
4 519 253 50
8 488 255 80
© 256 32 32 575 245 28
1024 128 128 466 260 168
1024 512 254 53
4096 475 262 90
0.0 577 246
0.2 495 255
(D) 0.0 467 253
0.2 547 25.7
(E) positional embedding instead of sinusoids 492 257
big | 6 1024 4096 16 0.3 300K | 433 264 213
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Transformer Hyperparameters

train | PPL  BLEU params

N dmos dn ko di v Farep sieps | (dev)  (dev)  x100

. base | 6 512 2048 8 64 64 01 01 100K | 492 258 65
* Base vs big models BT T
(&) 6 32 32 491 258
— dmodel — 512 VS 1024 32 16 16 501 254

16 516 251 58

— di » 2048 vs 4096 2 wne

2
4 519 253 50
8 488 255 80
- h-> 8vs 16 ©) 256 ) 575 245 28
1024 128 128 466 260 168
1024 512 254 S3
- P drop — 0.1vs 0.3 4096 475 262 90
0.0 577 246
- #param - 65vs 213 M o " 00 s 253
0.2 547 257
— I I (E) positional embedding instead of sinusoids 492 257
Blgger model is better big | 6 1024 4096 16 0.3 300K | 433 264 213

E. Loweimi 31/38



Transformer Hyperparameters

train | PPL  BLEU params

base | 6 512 2048 8 64 64 0.1 0.1 100K | 4.92 25.8 65
1 512 512 529 249
o (A) — #h eads (h) o 4 128 128 500 255
16 32 32 4.91 25.8
32 16 16 5.01 254
- h=1 - BLEU 0.9 worse ®) 16 516 251 58
32 5.01 254 60
— 2 6.11 23.7 36
- h=16 - BLEU 0.4 worse 4 519 253 50
8 4.88 25.5 80
_ (C) 256 2 32 575 245 28
h should not be too Iarge 1024 128 128 466 260 168
1024 5.12 254 53
4096 4.75 26.2 90
0.0 5.77 24.6
0.2 495 25.5
D) 0.0 4.67 253
0.2 547 25.7
(E) positional embedding instead of sinusoids 492 257
big | 6 1024 4096 16 0.3 300K | 4.33 264 213

E. Loweimi 32/38



Transformer Hyperparameters

(B) - key size (dy)

- Reducing key size hurts

— More sophisticated

compatibility function

may be beneficial

train

PPL  BLEU params

N dwogs dx b dedy o Farop s gons | (gey)  (dev)  x108
base | 6 512 2048 8 64 64 0.1 0.1 100K | 492 258 65
1 512 512 529 249
(A) 4 128 128 5.00 255
16 32 32 491 258
32 16 16 5.01 254
(B) 16 516 251 58
32 501 254 60
2 6.11 237 36
4 519 253 50
8 488 255 80
© 256 32 32 575 245 28
1024 128 128 466 260 168
1024 512 254 53
4096 475 262 90
0.0 577 246
0.2 495 255
(D) 0.0 467 253
0.2 547 25.7
(E) positional embedding instead of sinusoids 492 257
big | 6 1024 4096 16 0.3 300K | 433 264 213
E. Loweimi 33/38



Transformer Hyperparameters

(C) - Model size
- Larger N helps
— Larger dmoder helps

- Larger di helps

— Larger model is better

train

PPL  BLEU params

N dwogs dx b dedy o Farop s gons | (gey)  (dev)  x108
base | 6 512 2048 8 64 64 0.1 0.1 100K | 492 258 65
1 512 512 529 249
(A) 4 128 128 5.00 255
16 32 32 491 258
32 16 16 5.01 254
(B) 16 516 251 58
32 501 254 60
2 6.11 237 36
4 519 253 50
8 488 255 80
© 256 32 32 575 245 28
1024 128 128 466 260 168
1024 512 254 53
4096 475 262 90
0.0 577 246
0.2 495 255
©) 0.0 467 253
0.2 547 25.7
(E) positional embedding instead of sinusoids 492 257
big | 6 1024 4096 16 0.3 300K | 433 264 213
E. Loweimi 34/38



Transformer Hyperparameters

(D) —» Regularisation

— Dropout helps

- Rate should be adjusted
* 0.1 better than 0 or 0.2

helps

train

PPL  BLEU params

N dwogadn hode dv Paop €5 gono | (dey)  (dev)  x10°
base | 6 512 2048 8 64 64 0.1 0.1 100K | 492 258 65
I 512 512 529 249
A 4 128 128 500 255
16 32 32 491 258
32 16 16 501 254
16 516 251 58
(B) 32 501 254 60
2 611 237 36
4 519 253 50
8 488 255 80
(©) 256 2 32 575 245 28
1024 128 128 466 260 168
1024 512 254 53
4096 475 262 90
0.0 577 246
0.2 495 255
D) 0.0 467 253
0.2 547 257
(E) positional embedding instead of sinusoids 492 257
big | 6 1024 4096 16 0.3 300K | 433 264 213
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Transformer Hyperparameters

(E) - Positional Coding

- Learning embedding
slightly worsen results

- Sinusoidal encoding Is
good enough

train

PPL  BLEU params

N dwoaer dwhdk dv Faep € steps | (dev) (dev)  x106
base | 6 512 2048 8 64 64 0.1 0.1 100K | 492 258 65
1 512 512 529 249
) 4 128 128 500 255
16 32 32 491 258
32 16 16 501 254
16 516  25.1 58
(B) 32 500 254 60
2 6.11 237 36
4 519 253 50
8 488 255 80
(C) 256 32 32 575 245 28
1024 128 128 466 260 168
1024 512 254 53
4096 475 262 90
0.0 577 246
0.2 495 255
(D) 0.0 467 253
0.2 547 257
(E) positional embedding instead of sinusoids 492 257
big | 6 1024 4096 16 0.3 300K | 433 264 213
E. Loweimi 36/38



Coreference Resolution
(Winograd Schemas)

because
because

=
E
c
©

Cross
the
street
animal
didn’t
Cross

didn’t
the

]
L
-

was
too
tired
The
was
too
wide

The
was
too
tired
The
animal
didn’t
Cross
the
because
was
too
wide

— Encoder self-attention visualisation at layer 5 (out of 6) ...
* The animal didn’t cross the street because it was too tired.
* The animal didn’t cross the street because it was too wide.
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Ongoing Work ...

* BERT and OpenAl GPT

» Self-supervision and classification

* Multitask learning

OpenAl GPT

 And many more ...

E. Loweimi 38/38



That'’s It!

* Thanks for your ATTENTION!
- That’s all | needed ;-)

. QIA

* Appendix
(A) CNN Encoder-Decoder

D—NO




(A) CNN Encoder-Decoder

« Exp: ByteNet and ConvS2S  « v oo mi

® © © 0 © 0 06 0 06 0 06 0 0 0 o to \t1 t2 (t3 (ta 5 |l \t7 \Es lo tio 11 f12 ti3 tia t15 tie

(oo Re e

Sp S1 S22 S3 5S4 85 Sg St Sy Sg S1p S11 S12 S13 S14 S15 S1e

wavenet Encoder
E. Loweimi App A/l



(A) CNN Encoder-Decoder
* CNN advantages

— Sparsity of connections — weight sharing

— EXxploiting local dependencies - kernel size
— Translational invariance - pooling

— Easy to parallelise within layer

E. Loweimi App A/2



(A) CNN Encoder-Decoder

* Modelling long-range dependencies requires
- Many layers — makes training harder
- Large kernel —» computational cost, overfitting

* Path length between positions

- Linear « no dilation ettt 20028

EEE -
—C0 0 O Q= O O

-
‘ﬂ

i
et

E. Loweimi App A/3

- Log - with dilation
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