BHUMAHWE N TPAHCOOPMEPHI

Ceprent HUKoneHko

Cneéry — CaHkt-Metepbypr
24 oKTAGPA 2024 T.

Random facts:

+ 24 okTA6ps B OOH — [leHb OOH; MMeHHO 24 okTa6ps 1945 1. ouuUManbHO BCTYNUA B CUy
yCTaB OpraHu3aunm

+ 24 OKTAGPA 1745 1. ENnu3aBeTa MNeTpoBHa NoBenena 3aBes3t B Lapckue ABOPLbI KOTOB ANs
NOBMU MbllUew

-+ 24 OKTAGPA 1857 I. BbINYCKHMKU Kembpuaxa ocHoBanu B LWeddunae nepsyio B Mupe
yTOONBLHYI KOMaHAy, Sheffield F.C, a 24 okTa6pa 1897 . B CaHKT-MeTepbypre 6bin
NPOBEAEH NepBblit B UCTOpPUU Poccnn oduumnanbHo 3ainkcMpoBaHHbIA (yTOONbHbLIA MaTy

24 OKTAGPSA 1911 1. C MbiCa IBAHC K KOKHOMY Moftocy oTnpaBuncs PobepT CKOTT 1 ewé 11
Yenosek; 06PaTHO He BEPHYCA HUKTO

+ 24 OKTAGPA 1929 1. MHAeKC [oy-[KoHCa 3@ OAUH AeHb CHM3UNCA Ha 11%, a B LeNOM 3a
Hefento — 6onee yem Ha 40%; «4EPHbIN YETBepPr» CTan Havanom Benukon aenpeccuu

+ 24 okTAGPA 1975 . npom3owna «AnnHHas NATHULA» — BCeobLan 3a6aCTOBKA XKEHLUH
VicnaHanw, B KOTOPOW NPUHANO yyacTe 90% eHWUH CcTpaHbl; B 1976 rogy B cnaHawu
NPUHANK 3aKOH 0 paBHonpasuuy, a B 1980 roagy Buranc GMHHO0raaoTTVp CTana nepeon
XEHLLMHOW B MUpPE, M36PAHHOM Ha NOCT KOHCTUTYLMOHHOMO FMaBbl rocyaapcraa



YTO TAKOE BHUMAHUE?



BHUMAHUNE

- Bbl e cenyac eHUMamenbHO MeHs ClyllaeTe, NpaBUNbHO?
+ A YTO 3TO 3HAUUT?..

- N306paxeHune c ceTyaTkn Toxe npoxoant yepes CNN, HO MOTOM
Mbl YaCTb €ro 3ameyaem, a 4YacCTb He 0COHBEHHO. YTO 3TO 3HAUNT?

- OKa3sblBaeTCs, YTO 3TO JOBOTbHO CITOXH bl BOMpPoOC.

+ A.P.Jlypud: BHUMaHWe, NamsaTb U akTUBaL WS KOpPbI.



BHUMAHUE

- [leno BO B3aMMOAenCcTsmm ¢ pabouen namatbio (Knudsen, 2007):
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BHUMAHUNE

- Kak 3To peanv3oBaTb B HEMPOHHOW ceTu? OCOBEHHO
«CO3HATeNbHOE» BHUMAHWE.

- Ho 1 «6ecco3HaTenbHoe» TOXe; Hanpumep, C KAPTUHKAMM: Mbl
Ke Ha CAaMOM fiefle Masno Yero BUANM B KaX/blii MOMEHT
BpPEMEHN.

- LleHTpanbHas amka cetyatku (fovea):

Foveal Spotlight

What you actually see What you actually see (annotated) What you think you see

- Simons, Chabris, 1999: https://www.youtube.com/watch?v=vIG698U2Mvo 3


https://www.youtube.com/watch?v=vJG698U2Mvo

BHUMAHUNE

- Mbl genaem cakkaobl, NPUYEM 3TO TOXKe He BCerga NOMOraeT:

A typical saccade trace

Attentional Spotlight Foveal Spotiight

Foveal vs Attentional Spotlights: Convergence

Attentional Spqmgm

o oo |

Foveal vs Attentional Spotlights: Divergence

+ ANV BOT He COBCEM 3pUTENbHbIN MpuUMep:

- § 445, Bunws XIV. Jucuya, npecandyeras saduess, Hao-
Jumea oms wew wa pescmoaniu 60 e crawsom; Owa disgems

Bmmasmepmxmsampoemwdmmmb‘




FOVEAL GLIMPSES

- B HempoceTn Mbl TOXe XOTUM OCO3HAHHO MOHUMATb, «HA UTO»
CMOTPETb.
- OpgHa 13 nepsbix pabor (Larochelle, Hinton, 2010):

Periphery (low-resolution)
\ . Retinal transformation

(reconstruction from X N ©OO0O000000000) h

Image T x 2(iy, js)

Fovea (high-resolution)

- MbITalOTCH MOAENMPOBATb NONOXEHUA DUKCALUI U CTPOUTD
nocnefoBaTelbHOCTb NpKY nomoLn RBM.

-+ [locnenoBaTenbHOCTb — 3HAYWT...



PEKYPPEHTHbIE MOAENWN
3PUTE/TIbHOIO BHUMAHNA



RECURRENT VISUAL ATTENTION

- Mo-HacToALemy BCé noasunnoch B (Mnih et al,, 2014), «Recurrent
Models of Visual Attention»:
* 13 Npedblaywero h, ; 1 NONOXKeHNA , ANA HOBOTO «B3rNAAa» f,
Aenaet g,, BXoA ANnd wara t;
- u3'h, ; ng, dyHkuren f, nonyyaercs h;
- 13 Hero - «aencrtene» a, = f,(h,) N NONOXEHNe cneayloLLero
«3rnaga» ., = f,(h,).




RECURRENT VISUAL ATTENTION

- [laBanTe pazbepemca B moaenn opmManbHo:

gt :fg(xtvlt—l;eg)7
hy =f,(h,_1,80)),
1, ~p(- | fi(hy; 0)),
a; ~p(- | fa(hy;6,))-

- Mocne o4yepeaHOro AENCTBUS NONYYaeTCs HOBOE HaboAeHe
X,,1 W Harpaga r,, Kotopas 6yeT ckopee BCero B KoHLe, nocne
BCEX LIAroB, 32 MPaBUIbHYIO KNnaccuuKkaLmio.

- Y70 3TO HAaNmoOMMHaeT?..



RECURRENT VISUAL ATTENTION

- ..0 Aa, 3To reinforcement learning!

- BblyuuTb Hago ctoxactuyeckyto crpateruto m((1,, a,) | s1.4;0),
KOTOpasa no uctopuu 6yaeT BblAaBaTh CleaytoLiee JencTBre.

- Y Hac 7 3agaéetcd yepe3 RNN, a onTMMM3NpOBaThb HaJ0

T
J(Q) = IEP(SI:T3‘9> [R] = [EP(SLT39) [Z Tt‘| !
t=1

- BbIMaguT o4eHb CIOXHO — OXUaHVe Mo Noc/ief0oBaTelbHOCTAM
[eNCTBUI, T.e. MO NPOCTPAHCTBY 6OMbLIOV PAa3MEPHOCTH.

- Ho ecTb meToAbl — JaBanTe caenaem preview TOMy, YTO NOTOM
6ynet B reinforcement learning.



RECURRENT VISUAL ATTENTION

- (Williams, 1992): anroputm REINFORCE, B KOTOPOM [0Ka3blBAETCA
1 UCMONb3yeTcs BbIGOPOUHASA OLEHKA 3TOr0 OXUAaHNA. laBanTe
BbIBEJEM, @ MNOTOM MPUMEHUM K HALIEMy CIyyalo...

+ Ham Hago onTMMM3npoBaTtb

ZT 1 ZM ZT @ ()
J(0) = [E7-~7r3 { T¢(Ses at)] & i (s, a;”),
=1 i

rAe Mbl B3Ny M NprmMepoB TPAeKTOPUN 7.
- Onpegenum r(r) = >, 7(sy, a;). Toraa

J(0) =E, . [r(7)] = / ro(r)r(r)dr,

T.e. TOT CaMblil CTPALLHbIN MHTErpan no TPAEKTOPUAM.
- Ho oka3blBaeTCs, YTO MOXHO NpoanddepeHLUMpoBaTh No 6...



RECURRENT VISUAL ATTENTION

- MpoanddepeHLmnpyem no o
V,J(6) = / el

/ (T)W+‘f?r(7)df

/ T)Vylog my(T)r(r)dr

[E'r~7r9('r) [VO log 7r6’<7-)7n<7—)]

szologﬂe( z)) ()( )

ecnu npubnu3nTb BbIGOPKOW; HO CHavana AasBanTe eLle
MOCMOTPUM Ha 7y(T)...



RECURRENT VISUAL ATTENTION

- BepoATHOCTb onpeaenseTcs Kak

T
mo(1) = p(s1) Hﬂe(at | 50)P(Sp41 | S45a0)-
t=1

- bepém norapudm, a NOTOM 3aMeTWM, UTO OT 6 3aBUCAT TONbKO

LencTeng:
VQ 10g770(7—> =
7P 7P
=V <logp(81) + Zlogwe(at | 8) + ZIng(StH | Stvat)> =
t=1 =1

7P
= " Vylogmy(a, | s,)-
t=1



RECURRENT VISUAL ATTENTION

- Wtoro nonyyaetca BnonHe tractable rpagneHT:

-+ Y Hac TOXe MOXHO CYMTaTb, UTO Harpaga R OAETCA LEennKoM:

1 MT
szelognr(lt ,atz)| )
=

=1

- T.e. HaO YMETb cunTaTh log ™ (19, a@ | s(fi,e) HO B ciiydyae RNN
3TO NPOCTO FPAAMEHT CETU, KOTOPbIA MOXHO MNOCYUTATb Yepes
backpropagation.

- ELLLE MOXHO caenaTb YacTnyHo supervised l0ss Ha nocnegHem
ware, rae Mbl 3HaeM Knaccuurkaumio. 0



RECURRENT VISUAL ATTENTION

- Pesynbrarthbl:

HENE

(a) Translated MNIST inputs. (b) Cluttered Translated MNIST inputs.
(@) 28x28 MNIST (b) 60x60 Translated MNIST

Model Error Model Eror
FC, 2 layers (256 hiddens each)  1.69% g5 oo -6 hiddens cach) 6.42%
Convolutional, 2 layers 1.21% .
RAM. 2 oli FC, 2 layers (256 hiddens each) 2.63%

»2 glimpses, 8 x 8, 1 scale  3.79% Convolutional, 2 layers 1.62%
RAM, 3 glimpses, 8 x 8, 1 scale 1.51% 2 &8y e

RAM, 4 glimpses, 12 x 12, 3 scales  1.54%
RAM, 6 glimpses, 12 x 12, 3 scales 1.22%
RAM, 8 glimpses, 12 x 12, 3 scales 1.2%

RAM, 4 glimpses, 8 x 8, 1 scale 1.54%
RAM, 5 glimpses, 8 x 8, 1 scale  1.34%
RAM, 6 glimpses, 8 x 8, 1 scale 1.12%
RAM, 7 glimpses, 8 x 8, 1 scale 1.07%



RECURRENT VISUAL ATTENTION

- PesynbraTtbl:

(a) 60x60 Cluttered Translated MNIST

(b) 100x100 Cluttered Translated MNIST

Model Error Model Frror
FC, 2 layers (64 hiddens each) 28.58% -

X Convolutional, 2 layers 14.35%
FC, 2 layers (256 hiddens each) 11.96% RAM. 4 oli 12 % 12. 4 scal 0.41%
Convolutional, 2 layers 8.09% » % £ 1MPSEs, » 4 8CAES - A%

RAM, 6 glimpses, 12 x 12, 4 scales 8.31%
RAM, 8 glimpses, 12 x 12, 4 scales 8.11%
RAM, 8 random glimpses 28.4%

RAM, 4 glimpses, 12 x 12, 3 scales 4.96%
RAM, 6 glimpses, 12 x 12, 3 scales 4.08%
RAM, 8 glimpses, 12 x 12, 3 scales 4.04%
RAM, 8 random glimpses 14.4%

+ A BOT KaK BHUMaHMe TynaeT no KapTUHKe:




RECURRENT VISUAL ATTENTION

- B cnepytowein paborte (Ba et al,, 2015) caenanu rmy6oKyio MOAenb:

~—

- KcTatn, obyvanu no-gpyromy, BapuauMoHHbIMK MeTogamu. Kak
3TO?..



RECURRENT VISUAL ATTENTION

-+ Ham Hy)kHO Knaccuuunposats, T.e. p(y | x,6)
MaKCVMU3POBATb.

- MapruHanusyem no nonoxexuam glimpses:

logp(y | x,0) =log»_ p(l|x,0)p(y | 1,x,6).
l

- 3anuiem BapmaLnoHHYIO HUXKHIOK OLEHKY CBOBOLHON IHEPTUM
(kak eé nonyunTb?):

log Y p(l|x,0)p(y | 1,x,0) > > p(l|x,0)logp(y.l| x,0) + H[]
l l

= " p(l|x,0)logp(y | 1,x,6).
l



RECURRENT VISUAL ATTENTION

- /I Tenepb MOXHO 6paTb MPON3BOAHbIE:

aJ _ dlogp(y | 1,x,0) ap(l] x,0)
= Zl:p(l | x,0) - +lelogp(y L%, 0)=——]

_ dlogp(y | 1,x,0) 0logp(l]| x,0)

- A 3Ty cymmy yrke byaem Npubnmxatb BbiI6OPKON:

+logp(y | 19, x,6)

07 1 L [dlogply|17,x,0)

a7 dlogp(I” | x,6)
00 o0 ’

00

rme 19 ~p(l, |x,0)=N(,]|1,,%).

- W 3T0 y)Ke anropuTm: camnnupyem glimpses, NOTOM 1Crnonb3yem
nx B backpropagation.

- Kak 1 8 (Mnih et al., 2014), Hago 6bl yMEHbLWWTb JUCTEepCUIo; 418
3TOro BblunTaoT baseline, noka He 6yaem yrnyb6naTbes.



RECURRENT VISUAL ATTENTION

- Mony4ynnca nHTepecHbIn pesynbTaT — Mbl YBUAEAN, YTO
NPUMEPHO OAUH W TOT XXe aJITOPUTM MOXET MONYYNTLCA C ABYX
Pa3HbIX CTOPOH:

-+ 13 06y4yeHuns c nogkpenneHnem yepes REINFORCE;
13 BapvaLMOHHOW OLEHKM COBCTBEHHO LIeneBon yHKLUN.

-+ BaxkHbI runepnapameTp — pa3mep glimpse, T.e. Kak NepeBoanTb
eAVNHWLbl U3MEPEHNIN B cucTeme KoopanHaT glimpses B nukcenu.

- To e camoe Nerko pacliMpuTb Ha NocnefoBaTebHyo
KnaccnurKaumio HeCKONbKNX 06EKTOB — MPOCTO
ukcmpoBaHHoe ymncno glimpses Ha 06bEKT, NOTOM
Knaccuduumpyem, NNoc TepMnHanbHoe 1encTBue B KoHLe
BCETrO.



RECURRENT VISUAL ATTENTION

- BOT kak 370 paboTaeT Ha pacno3HaBaHWM ABYX LUQp:

vu\: v@‘ \( ¥ \
o' o o '
¢ N = . g g g
‘LL’ ‘l.{g E n@ %

- Tto6OMNbITHO, UTO HA COXEHWUY NO-APYroMy:

6 ] £
E




MALLWHHbBIV MEPEBOA:
ENCODER-DECODER
N BHUMAHWE




MALUMHHbIA NEPEBOA

. HepeBO,El — O4YeHb Xopolad 3ajava:
© 0YEBMOHO OYEHb MpaKTUYeckas;
+ OYeBUOHO OYeHb BbICOKOYPOBHEBAS, TPEOYET MOHUMAH S,
+ CYMTAETCA JOBOMIbHO HEMTOXO KBAHTUMD UL MPYEMON (BLEU, TER -
XOTS CM. BbiLUe);
© MMeeT 60Nbluve AOCTYNMHble AaTaceTbl NapanieNbHbiX NepeBoaoB.



MALUMHHbIA NEPEBOA

- CTaTUCTUYECKNI MaLUMHHbIA nepeBof (statistical machine
translation, SMT): Moaenvpyem yCnoBHyto BepOSTHOCTb p(y | x)
nepesBofa y Npw yCNOBUM NCXOAHOTO TEKCTA .

- Knaccnyeckun SMT: mogenupyem log p(y | ) nuHenHown
KOMOVHaLVen NPU3HaKoB, CTPOMM MPU3HaKMU.

Source Source Source
sentence sentence sentence

4 4 4

SMT
- -
Target Target
sentence sentence

Target
sentence




MALUMHHbIA NEPEBOA

- Ham 60nblie WHTePeCcHO MoAeNMpoBaHmue
sequence-to-sequence:
- RNN ecTecTBeHHbIM o6pa30M mogenunpyet nocnegoBaTe/lbHOCTb

X = (xy,29,....,27p) KAK D(zy), (25 | ), ..\
p(xr | xop) = plxy | Tp_y, ..., z1), U TENepb p(X) - 370 NPOCTO

p(X) = p(x)p(wy | 1) o p(xy | Top) o p(Tp | T o)

- Tak RNN 1 B A3bIKOBbIX MOAENAX UCNONb3YIOTCS;
- NpeackasbiBaem cnefytollee C/1I0BO Ha OCHOBE CKPbITOro
COCTOSSHUA 1 NpeablayLlero cnosa;

-+ Kak npuUMeHuUTb 3Ty uaeto K nepesoay?



METPUKWN KAYECTBA /11 SEQUENCE-TO-SEQUENCE MOJE/NEN

- [lanblie 6yaeT caMoe MHTEePeCcHOoe: MallVHHbIN NepeBos,
ANanorosble MOAenu, OTBET Ha BOMPOCHI.
- Ho Kak mbl byaem oueHnBatb NLP-mofgenu, KoTopble reHepupyoT
TeKCT?
- ECTb MeTpuKkn KauecTBa, KOTOpPble CPAaBHMUBAKT Pe3ynbTtaT C
NMpaBubHbIMN OTBETAMMU:
- BLEU (Bilingual Evaluation Understudy): nepes3selleHHas
precision (B TuU. 419 HECKONbKMUX NPABUNbHbIX OTBETOB);
- METEOR: rapmoHuyeckoe cpefiHee precision v recall no
YHUTpaMMaM;
- TER (Translation Edit Rate): uncno ucnpaBneHnin Mexay BbiXogom
¥ NPaBUbHbIM OTBETOM, IeNEHHOE Ha CpeiHee YnUCNOo CNoB;
- LEPOR: KOM6UHUpPYem 6a30Bble haKTOpbl U METPUKHK C
HacTpanMBaemMbIMU NapameTpamu.
- ECTb ellé Kyya MeTpuk, CBSA3aHHbIX C NPeACTaBNEHUSMU CNOB U
NpeanoXeHun (XoTum nobAMKe K NpaBuibHOMY OTBETY).
- OfgHa ToAbKO Npobnema...



METPUKWN KAYECTBA /11 SEQUENCE-TO-SEQUENCE MOJE/NEN

- ...BCE 370 BOOOLIE He paboTaeT.

Twitter Ubuntu
Metric Spearman p-value | Pearson p-value | Spearman p-value | Pearson p-value
Greedy 0.2119 0.034 | 0.1994  0.047 0.05276 0.6 0.02049 0.84
Average 0.2259 0.024 | 0.1971 0.049 -0.1387 0.17 -0.1631 0.10
Extrema 0.2103 0.036 | 0.1842  0.067 0.09243 0.36 | -0.002903  0.98
METEOR 0.1887 0.06 0.1927  0.055 0.06314 0.53 0.1419 0.16
BLEU-1 0.1665 0.098 0.1288 0.2 -0.02552 0.8 0.01929 0.85
BLEU-2 0.3576 < 0.01 0.3874 < 001 0.03819 0.71 0.0586 0.56
BLEU-3 0.3423 <001 | 0.1443 0.15 0.0878 0.38 0.1116 0.27
BLEU-4 0.3417 <001 | 0.1392 0.17 0.1218 0.23 0.1132 0.26
ROUGE 0.1235 0.22 | 0.09714 034 0.05405  0.5933 | 0.06401 0.53
Human 0.9476 < 0.01 1.0 0.0 0.9550 < 0.01 1.0 0.0

Table 3: Correlation between each metric and human judgements for each response. Correlations shown in
the human row result from randomly dividing human judges into two groups.

+ TyT HY)KHO YTO-TO HOBOE. / MOKa He COBCEM SICHO, YTO MMEHHO.



ENCODER-DECODER APXUTEKTYPbI

- Encoder-decoder apxutektypbl (Sutskever et al., 2014; Cho et al.,
2014):

" Encoder

f

- CHayana Koaupyem, NoTom Aekoampyem 06paTHO.

1



ENCODER-DECODER APXUTEKTYPbI

- Tak e MOXeT paboTaTb 1 C MEPEBOAOM.

Awesome sauce
Y1 Y2

(e00e| (0000 (0000

- Mpobnema: Haao OKMMaTb BCE npegnoxeHume B OAUH BEKTOP.

- C ANVIHHBIMKM y4aCcTKaMm TEKCTA 3TO BOOOLLE NepecTaeT paboTath.

1



BHUMAHUE B HEMPOHHbIX CETAX

- PelleHve: gaBante 06y4nm crneumanbHble Beca, NOKa3blBatoLne,
HACKO/MbKO Ta UM MHAs YaCTb BXOAA BaXHa AN Tekyllero
BbIXOAa.

- MpsaMoe NnpumeHeHne — AByHanNpasneHHbin LSTM natoc
BHUMaHune (Bahdanau et al. 2014):

Encoder




BHUMAHME B HEMPOHHbIX CETSIX

- Msekoe sHumaHue (soft attention) (Luong et al. 2015a; 2015b;
Jean et al. 2015):
- encoder - gByHanpaBneHHas RNN, ecTb 06a KOHTEKCTa;
* CEeTb BHMMaHWA BblﬂaéT OUEeHKY pefnieBaHTHOCTK — Hafdo Nu
nepeBoaWTb 3TO CI0BO NMPSIMO cenvac?

Encoder



BHUMAHME B HEMPOHHbIX CETSIX

. CDopmaano OYeHb MPOCTO: CYUTaeM BeCa BHMMaHNA Qyj n
nepes3BellBaeM BeKTOPbl KOHTEKCTOB:

€5 = a(z4-1,7) Qi = SOftma‘X(etj; €i)s

G = Zatjhj’ nTenepb z, = f(S;_1,Y-1,¢;)-
J

Encoder



BHUMAHUE B HEMPOHHbIX CETAX

- B pesynbrate MOXXHO BM3yanu3npoBaTb, Ha YTO CMOTPUT CETb:

< el

o c

=1 5] v ®Y
s €Ew [} o5
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<end>



BHUMAHME B HEMPOHHbIX CETSIX

- [lonyyaeTca ropasgo nyyile nopagok Cnos:

Economic growth has slowed down in recent years

N T

Das Wirtschaftswachstum hat sich in den letzten Jahren verlangsamt .
Economic growth has slowed down in recent vyears

La croissance économique s' est ralentie ces derniéres années .



BHUMAHUE B HEMPOHHbIX CETAX

- [pyras Heobbl4Haa paboTta — «Grammar as a Foreign Language»
(Vinyals et al,, 2015)

e
VED PP PP

AN [P A

oT NN N rose 0 NP NP o1 NN N

| A~ |

he yild on BT NN NN to CD NN from CD NN | [The yield on OT
[ (. | | |

[ | [
the benchmark issue 0 % 5 % the benchmark issue 5 %
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| |
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GOOGLE TRANSLATE

- CeHT6pb 2016: Wu et al., Google’s Neural Machine Translation
System: Bridging the Gap between Human and Machine
Translation:

+ KaK Ha camom fiene paboTaeT Google Translate;
- 6a30Ban apxuTeKTypa Ta xe camas: encoder, decoder, attention;
- RNN rny6okue, no 8 yposHewn B encoder n decoder:

v, Py, > o e <ls>
- e

Encouder LsTHs ; (T Sofinas T}

T

.- Detoder LSTMS ~ _

GPUB GPUg

8layers

+>
=
Y —
+—>

GPU3

T e GPU3

> Attention
\ s GPU2

GPU1

GPU2

GPU2

GPU1

<Us> >y >y

13



GOOGLE TRANSLATE

- CeHT6pb 2016: Wu et al., Google’s Neural Machine Translation
System: Bridging the Gap between Human and Machine
Translation:

- npocto stacked LSTM nepectatoT paboTath fanee 4-5 ypoBHeu;
+ MO3TOMY A06ABNSAIOT OCTAaTOUHbIe CBA3M, KaK B ResNet:

¢ @9 P A

(st —{ s F—{ s —{ ) LSTM, LSTM, LSTM,
® O @
éb G(::9 A A x
P2 Z4 b1
(T —>{(E5T)—{ i) (T —{[isi) (s ()

13



GOOGLE TRANSLATE

- CeHT6pb 2016: Wu et al., Google’s Neural Machine Translation
System: Bridging the Gap between Human and Machine
Translation:

© HWKHUR YypoOBeHb, eCTeCTBEHHO, rElByHaI'I|Z)aBI'IeHHbII;I:

(L™, }—{ 5TV }—{ sty —{ )

Bidirectional ™,
Bottom Lavyer :

13



GOOGLE TRANSLATE

- CeHTn6pb 2016: Wu et al., Google’s Neural Machine Translation
System: Bridging the Gap between Human and Machine
Translation:

- B GNMT ewe aBe naen o cerMeHTaLmnm cnos:

- wordpiece model: pa36uTb cNoBa Ha Kycouku (OTAeNbHOM
MOJENblO); MPUMEP W3 CTaTby:

Jet makers feud over seat width with big orders at stake
npeBpallaeTca B
_J et _makers _fe ud _over _seat _width _with _big _orders _at _stake

+ mixed word/character model: KOHBEPTMPOBATbL CI0BA, HE
nonagatmluve B CnoBapb, B NOCNEA0BATENbHOCTb BYKB-TOKEHOB;
npumep 13 CTaTbu:

Miki npeBpawaerca s <B>M <M>i <M>k <E>i
13



TEACHING MACHINES TO READ

- (Hermann et al, 2015): «Teaching machines to read and
comprehend» (Google DeepMind)

- [peanaraloT HOBbIM CMNOCO6 MOCTPOUTL AATACET ANS MOHUMAHUS,
aBTOMaTUYeCKN co3aaBas Tponku (context, query, answer) u3
TEKCTOB HOBOCTEW U T.N.

Original Version Anonymised Version

Context
The BBC producer allegedly struck by Jeremy the ent381 producer allegedly struck by ent212 will
Clarkson will not press charges against the “Top not press charges against the ““ ent/53 ” host , his
Gear” host, his lawyer said Friday. Clarkson, who  lawyer said friday . ent212 , who hosted one of the
hosted one of the most-watched television shows most - watched television shows in the world , was

in the world, was dropped by the BBC Wednesday  dropped by the ent381 wednesday after an internal
after an internal investigation by the British broad-  investigation by the ent!80 broadcaster found he
caster found he had subjected producer Oisin Tymon had subjected producer ent193 “ to an unprovoked

“to an unprovoked physical and verbal attack.” ... physical and verbal attack . ” ...
Query
Producer X will not press charges against Jeremy producer X will not press charges against ent212 ,
Clarkson, his lawyer says. his lawyer says .
Answer
Oisin Tymon ent193
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TEACHING MACHINES TO READ

- basoBasi mofenb — rny6okum LSTM:

G- EEE
ARALLL

X visited England ||| Mary went to England

- Ho Tak, KOHEUYHO, COBCEeM MMOX0 paboTaer.

14



TEACHING MACHINES TO READ

- Attentive Reader: obyyaemcst, Ha Kakyto 4acTb JOKYMEHTa
CMOTPETb

T

went to England visited England




TEACHING MACHINES TO READ

- Impatient Reader: Moxem NepeunTbiBaTb HYXXHble YacTu
[OKYMeHTa Nno Mepe NpoyTeHnd 3anpoca

L= I V- V= -

Mary went to England X visited England

14



TEACHING MACHINES TO READ

- TlonyyarTcsa pasymHble KapTbl BHUMAHUS:

by ent423 ,ent261 correspondent updated 9:49 pmet , thu
march 19,2015 (ent261) aent114 was killed ina parachute
accidentinent45 ,ent85 ,nearent312 ,aent119 official told
ent261onwednesday . he was identifiedthursday as
special warfare operator 3rd ent187,
ent265 . ent23 distinguished himself consistently
throughout his career .he was the epitome of the quiet
professionalinall facets of his life ,andhe leaves an

inspiring legacy of naturaltenacity and focused

by ent270 ,ent223 updated 9:35 amet ,monmarch2,2015
(ent familial for fall atits fashion show in
ent231onsunday ,dedicating its collection to " mamma"
with nary apair of > momjeans "insight .ent164 andent21,
who are behindthe ent196 brand ,sent models down the
runway indecidedly feminine dresses and skirts adorned
with roses , lace and even embroidered doodles by the
designers 'own nieces and nephews .many of the looks

featured saccharine needlework phrases like " ilove you,

ent119 identifies deceased sailor as X ,who leaves behind

awife

X dedicated their fall fashion show to moms

14



SHOW, ATTEND, AND TELL

. Tenepb faBaunTe MNpPo nNoANnCKN K KapTUHKaM.

- CHauana 6bino «Show and Tell» (Vinyals et al,, 2015):

Vision Language A grou_p of peopla
Deep CNN  Generating| |Shopping at an
RNN outdoor market.

] @ There are many
vegetables at the
fruit stand.

15



SHOW, ATTEND, AND TELL

- [10BOMbHO NPSAMONMHENHAS apXUTEKTYpa:
- uenesas yHKUMA — 3TO NPOCTO Z(LS) logp(S | I;6), roe I -
KapTUHKa, S — onuncaHue;
- packnagbiBaem un mogenunpyem p(S, | 1,5y, ..., S, 1) peKyppeHTHon
CeTbt C LSTM;
- a CNN ncnonb3yem, 4tobbl M3BAEYD MPU3HAKM.

[togpisn ] [togpasa | [togpnisw ]

I

15



SHOW, ATTEND, AND TELL

HOﬂyqaﬂOCb XOPOLWO, HO MOXHO Nnyyule:

A person riding a
‘motorcycle on a dirt road.

Two dogs play in the grass. A skateboarder does a trick
on a ramp.

Two hockey players are A little girl in a pink hat is
fighting over the puck. 2 ?'blwl‘n‘g bubbles.
7

A close up of a cat laying

gt A red motorcycle pamd on the

ide of ti

A dog is jumping to catch a

A refrigerator filled with lots of

food and drinks.

A yellow school bus parked
in a parking lot.|

15



SHOW, ATTEND, AND TELL

- U3 3t10oro nosasunoch «Show, Attend, and Tell» (Xu et al,, 2015)

14x14 Feature Map

. - body
g

1. Input 2. Convolutional 3. RNN with attention 4. Word by
Image Feature Extraction over the image word
generationJ
A

15



SHOW, ATTEND, AND TELL

- Soft attention vs. hard attention (cToxacTuuecku BbiGrpaem
O[IHO3HAYHbIN KYCOK KapPTUHKM).

pEEEENEINSW
 PERREERRR

flying over water

- Soft attention — cTpPOMM aHHOTALMIO C BECaMK

L
o({a};, {oy}) = Z Oy ;4.
i=1

15



SHOW, ATTEND, AND TELL

- Hard attention obyyaeTca Makcmm3aumen BapraunoHHoOM
HVKHEW OLEeHKN

L,=> p(s|a)logp(y | s,a) <log) p(s|a)p(y| s a)=logp(y|a).

- OT L, MOXXHO 6paTb NPOU3BOAHbIE:

6Ls _ 310gp(y | sva) 310gp(3 | a)
oW - Z:p(s | a) [T +10gp(y | Saa)T

-l panblue CAMNANPYEM s, C BEPOSITHOCTAMM cv; U MPUBNMKAEM
OXUWaaHue BbI6OPKON.

- OnAaTb Te Xe TProKuK, BbiunTaem baseline, BCE Takoe.

15



SHOW, ATTEND, AND TELL

- YacTo nonyyatoTcst O4eHb XOpoLlune pesynbTaThi:

g

A woman is throwing a frisbee in a park. A dog is standing on a hardwood floor. A stop sign is on a road with a
- mountain in the background.
1. g = A
A little girl sitting on a bed with A group of people sitting on a boat A giraffe standing in a forest with
a teddy bear. in the water, trees in the background.

+ A KOrga naoxue, MOXXHO MOCMOTPETb MOYeMy.

15



SHOW, ATTEND, AND TELL

- Mpumepsbl - hard attention:

(a) A man and a woman playing frisbee in a field.

15



SHOW, ATTEND, AND TELL

- Mpumepsbl — soft attention:

5(0.37)

frisbee(0.37) in(0.21)

throwing(0.33),

park(0.35)

a‘

(b) A woman is throwing a frisbee in a park.

15



SHOW, ATTEND, AND TELL

- Mpumepsbl — hard attention:

standing,

(a) A giraffe standing in the field with trees.

15



SHOW, ATTEND, AND TELL

- Mpumepsbl — soft attention:

large(0.49), white(0.40)

Wu .ﬂdngwm
forest(0.54) (0.46)

(b) A large white bird standing in a forest.

15



SHOW, ATTEND, AND TELL

- Mpumepsbl — hard attention:

oman,

.

(a) A woman is holding a donut in his hand.

15



SHOW, ATTEND, AND TELL

- Mpumepsbl — soft attention:

)man(0.80)

u

clock(0.62), in(0.45), her(0.39)

(b) A woman holding a clock in her hand.

holding(0.68)

A(1.00)

hand(0.64)

15



TRANSFORMER N 4YTO W3 HEIO
nonyyvynnocob




TRANSFORMER

+ Mbl 3yyanu nepeBo Ha PEKYPPEHTHbIX CETAX U AOWN 4O
apxuTekTypbl Google NMT

- Ho B 2017 roay 0Ka3anocb, YTO BCE MOXET ObITb eLlé MpoLLe U
NHTEpEeCHee

- Google: «Attention is all you need» (Vaswani et al., 2017)

- OcHOBHaa uaes - self-attention; okasbiBaeTca O4eHb
NNOAOTBOPHOW ANA BCEBO3MOXHbIX S€q2seq 3aaay

- [naBHaa MoTUBaLMA — NONPO6OBATb BCE-TaKW YUTU OT
KOAMPOBAHWS BEKTOPOM MOCTOSAHHOW A/UHbI



TRANSFORMER

- O6bLwasn

cXema:
Output
Probabilities
Stage5 !
|
’"""'""' H
Stage 4 |
Feed
Forward H
£ (Add & Nom Stage 3
Siage s age
g Add & Norm R
Feed Attention
Forward Nx
------------------ 1 (vrivss e
Stage 2 Nx x age 2 !
g Add & Norm e H
Multi-Head Multi-Head
Attention Attention
A
1 Positional Stage 1 |
Encoding Encoding 9
Input Output
Embedding Embedding H
T T :
Inputs Outputs

- Tenepb nogpobHee...

(shifted right)



TRANSFORMER

- CyTb, KaK 1 paHble, - encoder-decoder:

- 6 CNoés encoder’a, pe3ynbTaT NOTOM AatOT 6 CIOAM [leKoaepa:

L3

ENCODERS

-

DECODERS

OUTPUT | | am a student
4

-

O
1

et




TRANSFORMER

- B kaxgom cnoe - cnow self-attention, a notom feedforward layer,
KOTOPbIV HE3ABUCUMO MPUMEHSAETCS K KaXA0W no3nuum Bxoga. Y
flekoaepa ellg ecTb attention mexay HUMK:

DECODER ?

Feed Forward )
ENCODER Y

1 3

( Feed Forward J ( Encoder-Decoder Attention J
[} 7'y

( Self-Attention J ( Self-Attention )
T

f




TRANSFORMER

- CnoBa, ecTeCcTBEHHO, NpeacTaBnatoTca Bektopamu, B feedforward
cnoe BCe napannenbHo:

ENCODER #2 Kk JJ
ENCODER#1 W)
Feed Forward Feed Forward
Neural Network Neural Network
Self-Attention
N 7 7 v
x: (I L
Thinking Machines

- Ho yTo e 310 Takoe — self-attention?



TRANSFORMER

- Miges B TOM, uTo6bl 06YUYNTb BECa, C KOTOPbIMKU 06paboTKa
TeKyLlero cnosa 6yaeT y4nTbiBaTb Apyrue cnoBa:

Layer:| 5 §|Attention:| Input - Input %

The_ The_
animal_ animal_
didn_ didn_
t t
Cross_ Cross_
the_ the_
street_ street_
because_ because_
it_ it
was_ was_
too_ too_
tire tire
d d_

- Tenepb getanbHo... -



TRANSFORMER

- Scaled Dot-Product Attention coctouT n3 queries, keys v values:

1
Attention(Q, K, V') = softmax ( \/d_QKT> 1%
k
Scaled Dot-Product Attention Multi-Head Attention

Ilf

L
Scaled Dot-Product h
Attention

MatMul




TRANSFORMER

- BekTopbl query 1 key cuMTatoTcA 06bIUHBIM YMHOXEHMEM Ha
MaTpPULIbl BECOB:

Input Thinking Machines

Embedding x T X[

Queries o [ a:[C1T we
Keys o (I ke [T WK

Values Vi D:D wl:lj] wv



TRANSFORMER

+ OHM HYXHblI, UTOObI BbIUMCINTL BECA BHUMAHUSA CKanApHbIM

nponssegeHnem, COBCemM Kak B NMNoucCKe:

Input

Embedding
Queries
Keys
Values

Score

Thinking
. I
a [
kO
A

qre ki=112

Machines
x. [
e [
[
v. [T
qr s ke =96



TRANSFORMER

+ OHW HYXHbI, YTOObI BbIUMCIUTL BECA BHUMAHUSA CKanapHbImM

nponssegeHnem, COBCemM Kak B NMNouncCkKe:

Input

Embedding

Queries

Keys

Values

Score

Divide by 8 (/dy )

Softmax

Thinking
x: [
i D:D
@ [
Vi D:D
qi e ki =112

14
0.88

Machines
x2 (R
gz Djj
[
V2 Djj
g1+ ke =96
12
0.12 17



TRANSFORMER

- Utoro:

Input

Embedding

Queries

Keys

Values

Score

Divide by 8 (Vd; )

Softmax

Softmax
X
Value

Sum

Thinking Machines
x [ x: [
CI N o [T
« [ « DI
v [ v. [T
qie ki=112 g1 o ke =96

14 12
0.88 0.12
Vi I:\:\:‘ V2
z [ = [




TRANSFORMER

- Multi-head attention c6beguHseT Heckonbko self-attention kapT:

X
Thinking
Machines
ATTENTION HEAD #0 ATTENTION HEAD #1
Qo Qi
HH Weo HH Wie
Ko Ki
HH Wer HH Wi
Vo V4
HH Woy HH Wiy




TRANSFORMER

+ A MOTOM Mbl MPOCTO BCE KOHKATEHUPYEM 1 06beaNHNM eLlé

OfIHOW MaTpuLIeN BECOB:
X
Thinkir
Mawcrlmzsg EEEH
lCaIcuIating attention separately in

eight different attention heads

ATTENTION ATTENTION ATTENTION
HEAD #0 HEAD #1 HEAD #7

H = HH

1) Concatenate all the attention heads 2) Multiply with a weight
matrix /° that was trained
jointly with the model

S CmEE - EEEs--EEEsccma x

3) The result would be the 7 matrix that captures information
from all the attention heads. We can send this forward to the FFNN

-




TRANSFORMER

- Putting it all together:

_,( Add & Normalize ) \

I
L]
: ( Feed Forward ) ( Feed Forward )
4 Add & Normalize A
X
g LayerNorm
5. vernorm( FHH + FEEED
Ll
5]: 4 4
ol . 1] T
1
w
E ( Self-Attention )
L]
Y
U S a5 J
POSITIONAL é é
ENCODING
x [EIEEE P i |
Thinking Machines



TRANSFORMER

U BCE 3TO MOXHO MpefCcTaBuUTb Kak 0JHO 601blIoe MATPUUHOE
BblUMCneHue:

MultiHead(Q, K, V) = Concat (head,, ..., head, ) W,
head; = Attention(QWZQ, KWE VWY,

raoe npoekunn Wi* —= 3T0 o6yqaeM ble MaTphLbl BECOB.
Scaled Dot-Product Attention Multi-Head Attention

Mask (opt.)

———H
Scaled Dot-Product "
%

Attention




TRANSFORMER

- MocneaHWin BONPOC — cenyac Mofenb COBCEM He yYNTbiBaeT
nopaaoK cnos!

- [1na 3Toro go6aBnsem K npefacTaBneHnam cnoB ele positional
embeddings:

C ENCODER #1 ' ‘ DECODER #1

i i i

C ENCODER #0 DECODER #0

EMBEDDING
WITH TIME
SiGNAL  xi[ [ [ | | [ T1] x[ T 1]
PO oML W [ 1] L[] t T T 1]
+ + +
EMBEDDINGS i [ [ | ] x [ xs [T

INPUT Je suis étudiant 7



TRANSFORMER

- [0 KaKOOW pasMepHOCTY i WAET CBOA CUHycouaa; naed sin/cos B
TOM, YTO6bI A1 KKAOTO (OMKCMPOBAHHOMO k PE (., 6bIN0 6bl
nuHenHon dyHkunen ot PE ., 1 3T0 06nerymno 6ol obyyeHmne

pos’

TOro, Kak CMOTPETb Ha OTHOCKTE/IbHble CMeLLleHNA:

PE 05 2i) = in (pos /100007 dmoder )
PE (05 2i11) = €08 (pos/10000%/dmodet ) |

17




TRANSFORMER

- Putting it all together:

1) This is our 2) We embed 3) Split into 8 heads. 4) Calculate attention  5) Concatenate the resulting ~ matrices,
input sentence* each word* We multiply X or using the resulting then multiply with weight matrix W° to
R with weight matrices  Q/K/V matrices produce the output of the layer
X Wo?
K
Thinking Wo v Qo
Machines Wo K
wo
W1 Q W]
* |n all encoders other than #0, W1 K
we don't need embedding. WqVv
We start directly with the output inm| EEEEI
of the encoder right below this one A
R
HH 4 |
WK
w7V




TRANSFORMER

- [lekogep yCTPOEH NMOYTK TOUYHO TakK Xe, HO C eLlé OQHUM BNOKOM:

DECODER
t

Feed Forward j
ENCODER s

i 4

[ Feed Forward J [ Encoder-Decoder Attention J
[ 7 Y

[ Self-Attention J [ Self-Attention J
t t




TRANSFORMER

- 370 Takom xe 6nok self-attention, Ho Q n K 6epyTca oT encoder’a
(aV— or decoder'a):

Decoding time step: 1@3 456 OUTPUT

t

Kencser Voneaoo  (___Linear+softmax )

o t

ENCODERS DECODERS
EMBEDDING t t t 4
WITH TIME Y 1 A o o | [EEEE]
SIGNAL
EMBEDDINGS ~[EEE [EEE — EEED T
e suis  étudiant PREVIOUS
et ! OUTPUTS



TRANSFORMER

- 1 BCE, manblie gekogep pabotaeT aBTOpPerpeccuBHO:

H ) ( Softmax )
(‘,( Add & Normalize y L

L Y Yy ( Lin:ar )
#0

S T

o ; 4 i3

% ."C ) Add & Normalize 1 ) ,0( Add & Normalize )

( Feed Forward ) ( Feed Forward )

(" =) | ¢

."( Add & Normalize ) 1 a :*( Add & Normalize )
, '

L} [}

' -

. N 3*

H ( Self-Attention ) o

S. [=)
1

i :: ( Feed Forward ) ( Feed Forward ) Encoder-Decoder Attention )
[l Iy v T || e F------c---c-------- )
g ,«»( Add & Normalize ) ,»( Add & Normalize )
sl [} L} : L) L}

Q ( Self-Attention ) H ( Self-Attention )

A e 7y j M eeeee e eeeeee————————
" @ ®

Thinking Machines



TRANSFORMER

- boHyc ot self-attention — Bo-nepBbIX, BbIYNCAUTENbHbIN,
BO-BTOPbIX, COKpALLAET MNyTU MEXAY CNOBaMW, B-TPETbUX,
noTeHUManbHaa UHTEPNpPETUPYemMoCTb.

Table 1: Maximum path lengths, per-layer complexity and minimum number of sequential operations
for different layer types. n is the sequence length, d is the representation dimension, & is the kernel
size of convolutions and r the size of the neighborhood in restricted self-attention.

Layer Type Complexity per Layer Sequential Maximum Path Length
Operations

Self-Attention O(n?-d) o(1) 0o(1)

Recurrent O(n-d?) O(n) O(n)

Convolutional O(k -n-d?) 0o(1) O(logk(n))

Self-Attention (restricted) O(r-n-d) 0(1) O(n/r)




TRANSFORMER

- PaboTaet nydlle, obyyaeTcs B CTO pa3 bbiCcTpee:

BLEU Training Cost (FLOPs)

Model
EN-DE EN-FR EN-DE EN-FR

ByteNet [15] 23.75
Deep-Att + PosUnk [32] 39.2 1.0- 1020
GNMT + RL [31] 24.6 39.92 2.3.101°  1.4.10%
ConvS2S [8] 25.16  40.46 9.6-10® 1.5.10%
MoE [26] 26.03 40.56 2.0-101° 1.2.10%
Deep-Att + PosUnk Ensemble [32] 40.4 8.0-10%
GNMT + RL Ensemble [31] 26.30 41.16 1.8-10° 1.1.10%
ConvS2S Ensemble [8] 2636  41.29 7.7-101°  1.2.102t
Transformer (base model) 27.3 38.1 3.3.10'8

Transformer (big) 28.4 41.0 2.3-10%




Cnacubo!

Cnacn60 3a BHMMaHue!
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