Sequence to Sequence
MO EenNu

N MEXAHN3M BHUMaAHUA

Oner Wnsxko
18 anpena 2018



[1naH nekunm

3agadn Sequence to Sequence
ApXnTeKkTypa aHKkoaep-aekoaep
MexaHn3m BHUMaHUA

Tips & Tricks

Pa36op npumepa Machine Translation

a &~ 0 bdh -~



PeKkyppeHTHasa HeMpoceTb

OaunH K ogHomy  OauH KO MHOrMM ~ MHoOrue K ogHomy MHoOrme Ko MHOrMM MHorme Ko MHOrMM
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PeKkyppeHTHasa HeMpoceTb
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3agayn Sequence to Sequence

o ok b=

PacnosHaBaHue peun (spectrum -> text)
CuHTes peun (text -> waveform)
PykonuncHbin BBOA (image sequence -> text)
MawwmnHHbIN nepeBof (text -> text)

YatboTbl (text -> text)

Cymmapusauma (text -> text)



Speech recognition
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Speech Synthesis

Waveform samples
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Upper: Egyptian Hieroglyphics
Middle: Egyptian Demotic

Script
Lower: Greek

3agada nepesoja
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A BRIEF HISTORY OF MACHINE TRANSLATION
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STATISTICAL MACHINE
RULE-BASED MACHINE TRANSLATION m TRANSLATION
- EXAMPLE- \\,JORD-BASEDI SYNTAX-BASED
DIRECT TRANSFER- | [INTERLINGUA BASED
MACHINE BASED MACHINE MACHINE
TRANSLATION RBMT TRANSLATION TRANSLATION L[ PHRASE-BASED sﬂ
+ ' |
T !
1950 1980 1990




YaTooThl

ﬂs r A F N

Y

) 4

A 4
Y
A 4
A 4

= 81 > Sz S3 Sq Ss Sg Sy Sg —>

A 1; A A A A A

S

Pennuka Ha Bxone Oreer (NOpoXAEHHbIN KakK seq2seq)




RNN Sequence-to-sequence model

...............................................

Decoder
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https://arxiv.org/pdf/1409.3215.pdf



RNN Sequence-to-sequence model

Cho et al. 2014

Encoder (same)
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https://www.aclweb.org/anthology/D14-1179



RNN Sequence-to-sequence model
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RNN Sequence-to-sequence model
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RNN Sequence-to-sequence model

[Mpobnemsl:

1. Pasmep ctenta doukcmpoBaH

2. N3meHeHua n3 Havara rnocrieaoBaTefibHOCTU 3aTUparTCH
3. He Bce BxogHble TOKEHbI OANHAKOBO 3HAYUMBbI
4,

[MpocTo B35ITb CTENTHLI CO BCEX LLAroB Aekoaepa - CIIMLKOM MHOFO JaHHbIX



RNN Sequence-to-sequence model

PeweHue;

BHumMmaHue



MexaHn3am BHMMaHUsA, MOTUBALIUS

~

Xu et al. 2015
Show, Attend and Tell:
Neural Image Caption Generation

with Visual Attention.

-
I8 -

A dog is standing on a hardwood floor.

https://arxiv.org/abs/1502.03044

A little girl sitting on a bed with A group of people sitting on a boat
a teddy bear. in the water.



“Soft” vs “Hard” Attention

Figure 2, Attention over time. As the model generates each word, its attention changes to reflect the relevant parts of the image, “soft”
(top row) vs “hard” (bottom row) attention. (Note that both models generated the same captions in this example.)
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Soft vs Hard Attention

Hard

Beibop ogHown/n obnacten
[Mony4yaem camnnuHrom m3 softmax
He audpdepeHunpyem

Hy>XHO yunTb ¢ nomoLbio RL

A 3HaUUT TSXKENo yymTcd
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Soft

1. B3sBeweHHast cymma obnacrem

2. OuddepeHumpyembin
3. A 3HauuT oby4aem 4yepes backprop



MexaHn3am BHMMaHUsA, MOTUBALIUS

B cnyyae mawmHHOro nepesoaa
in recent years

Economic growth has slowed down
|

NI~

|

st ralentie ces derniéres années

I I La croissance économique s' e
(Edge thicknesses represent the attention weights found by the attention model)
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MexaHn3am BHMMaHUsA, MOTUBALIUS

Encoder € |—m e —_—] €2 || €3 || €4 || 5 |/ | ©s

Decoder d —_— ds _— d»

https://github.com/google/seg2seq
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https://arxiv.org/pdf/1409.0473.pdf



MexaHn3m BHUMaHnA

Bahdanau et al. 2014
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https://arxiv.org/pdf/1409.0473.pdf
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MexaHn3m BHUMaHWS L
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_____________________________________________________

MexaH13M BHUMaHNS L

Bahdanau et al. 2014 so | 51 —| s, —P| s,

T/v ; A l\f Af
Cizzaijhj i SEllEE)
7=1

:Decoder <sos>
. eazp(eij)) ho“\" '''''' \ _____ ' """"" Attention:
L] el B e 3 |
Sohl eapleip) li E

@ttention(si_l,D BOEEEE g
| é_/ é_/ _J

https://arxiv.org/pdf/1409.0473.pdf



Attention function

hT % S Dot Product

attention(s, h) = hT s W, % General
’U;ll- >k t&ﬂh(Wa[h) SD Additive




[1lpakTnyeckme HIaHChHI

Wordpiece models and character-based models
Pretrained embeddings
Multihead Attention

Teacher Forcing

a > 0 bh =

Beam Search



Wordpiece models

NMpobGnembl croBaps
1. OonbLwwon pasmep amobeaanHroB U copTmakc crios (COTHM ThICAY)
2. HeunsBecCTHble crioBa npu nHgepeHce, npuxogutcs sameHaTb Ha UNKNOWN

TOKEH

PeweHue
[laBanTte pa3dbuBaTb NPeanoXeHUs Ha XapakTePHbIE YaCcTUN, KOTOPbIE MEHbLLE YEM

CNoBoO, HO Dorblle YeM DyKBa.
oes npuwina n3 cermeHTauum KOPEeUCKNX U AMOHCKNX NMpeasioXXeHun, rae HeT

SIBHOM rpaHnubl Mexay cJioBaMin.



Pretrained embeddings



Wordpiece models, BPE - byte-pair encoding

Text:

I'= ABABCDEBDEFABDEABC

iy

GGCDEBDEFGDEGC

[ =D

GGCHBHFGHGC

GIHBHFGHI

X1=A;
X2=B;



Multihead Attention
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Decoder

Teacher Forcing

TIPUBET pebsTa <eos> Output
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Beam Search

current proposed cm. rent proposed current
hypotheses extensions hypotheses extensions hypotheses
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Beyond attention

e Attention no3BongeT NOCTPOUTb TEKYLLEE COCTOSAHME C YYETOM BCEIO
NPOLUSIOro NocneaoBaTebHOCTH.

e (OaMHaAKOBO XOPOLLO YYUTLIBAET AaHHbIE KaK U3 JaneKkoro npoLusioro, Tak u
6rnskoro.

e Kak npaBuno He cogepXxnt nHpopmaumm od OTHOCUTENTBHOM PaCcnONOXeHUN
onpeaeneHHbIX AaHHbIX B NOCeaoBaTenbHOCTU, HO 3TO peLlaemo.

e 3adem Torga RNN, koTopasi 0OHOBNSAET CTEUT NOCNeAoBaTeSIbHO N MOTOMY

Xy>Ke yYMTbIBAET Aanekoe npoiunoe?



Transformer

Attention is all you need, Vaswani et al. 2017

https://arxiv.org/abs/1706.03762

Self-attention instead of recurrence

Output
Probabilities

Add & Norm
Feed
Forward
' | ~\ | Add & Norm I:
gl Mult-Head
Feed Attention
Forward ; ) Nx
1
N Add & Norm
r->| Add & Norm | R
Multi-Head Multi-Head
Attention Attention
At ) __t
\_ J \_ _JJ
Positional & ¢ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)



Positional encoding

1. Sinusoidal encoding

100

075

2. Learned positional embeddings. Position index -> embedding layer -> vector



YT0 elle nocMoTpeTh?

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

e https://lilianwengq.qgithub.io/lil-log/2018/06/24/attention-attention.html

e https://pytorch.org/tutorials/intermediate/seqg2seq translation tutorial.html

e https://nlp.stanford.edu/pubs/emnip15 attn.pdf

e https://www.youtube.com/watch?v=IxQtK2SWWM (Stanford Deep NLP)



