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Goal for Today

Parallel Corpus

Noisy Channel MT (SMT)

e [exical Translation

 Word Alignment

Neural Machine Translation

o Architecture: LSTM, CNN, Transformer
o Multilingual NMT

Open Research Problems on NMT



One naturally wonders if the
oroblem of translation could
concelvably be treated as a
problem in cryptography. When
| look at an article iIn Russian, |
say. ‘This is really written in
English, but it has been coded
in some strange symbols. |
will now proceed to decode.’

Warren Weaver to Norbert Wiener, March, 1947



Parallel Corpus

* We are given a corpus of sentence pairs in two
languages to train our machine translation models.

e Source language is also called foreign language,
denoted as f.

* Conventionally (in earlier studies before NMT)
target language is usually referred to English,
denoted as e.
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Parallel Corpus

57.

58.
59.
60.
61.
62.
63.
64.
65.
66.
67.
68.
69.

CLASSIC SOUPS Sm.
House Chicken Soup (Chicken, Celery,

Potato, Onion, Carrot) ...cceveeevereeienernreneenernenes 1.50
Chicken Rice SoUp ...ovivvciiiiiieeceecevei e 1.85
Chicken Noodle Soup ...ccoovviiiiiiiiiiiiiiicininiinns 1.85
Cantonese Wonton Soup.....ccccevvviivieiiiiiniiinnnnn. 1.50
Tomato Clear Egg Drop Soup ....cccovvvviivinnnnnne. 1.65
Regular Wonton Soup ......ceeevveiiiiiiniiiiiiiciiiennn 1.10

28 Hot & Sour Soup ..., 1.10
Egg Drop Soup....ccv v 1.10
Egag Drop Wonton MiX .......cevviiiiiiiiniiniinciannnnn. 1.10
Tofu Vegetable Soup .....ccoovveviiiiiiiiiiiiiciiicnenn, NA
Chicken Corn Cream Soup .....c.coevvviiiiiiiiiniinnnnnns NA
Crab Meat Corn Cream Soup.......ccccciviieiiiinnnnenn. NA
Seafood SOUD ..vuiiii e NA



Parallel Corpus

& 6 46 www.un.org
(« » N ¢ + | UNhtp://www.un.org/english/ NQ- Google
-— ~ -
. t‘ i ! o
: A ;?.' A
Daily Briefing Radio, TV, Photo Docements, Maps Psblications, Stamps, Databases UN Works Search

Peace & Secunty Ecomommc & Social Development Human Roghts Humanitanasn AMairs International Law

Welcome to the

United Nations

UN Millennium Secretary-General
Development Goals
Situation in Iraq
United Nations
Nows Centre } Mideast Roadmap

About the Renewing the UN
United Nations
UN Action against
Terrorism

Issues on the UN Agenda

Main Bodies

f
Conforeaces & Bvenke Civil Seciety / Business

Member States UN Webcast

Ge IA bl
Mr"..u::::‘ v 8 September 2003 >> CyberSchoolBus

Rocent Adémons Employment UN Precurement Comments O & A UN System Sies Index
G J Frangais Pyccewd Espadol

Copyright, United Nasons, 2000-2008 | Use of UNGO Logo | Torms of Use | Privacy Notice | Help

[ Tout vormon |

& & 46
<> (1[0 [+) s rmowunorgicnnese o o O

R Ny K — " ™, ‘
3|8 PALEL £ 1 4 & (5 A o)
BENE SHE XAS5KE HED SR BEF ES+R HiuAR

RES5&Re BASH2ANR AR AREXES ] T

35 KRB B
FHEERBH
RruRaE%

KEEWN hABE N

A W ER EwRaN

EBMEX
KAMNA RIS
Bl 4 /
KEmaAm A W R0

KM EEHNX

VS HER)

KEMA2ER B XMSORE R — MR ERRS

FRAE IANe BAEREN BR HFHESRE XNeMid HMuRs
g r* English Frangais Pyccxwh Espaiel

B &82000-2005 5 Rt BU B & TR60M MR 0L DM M 88 S AR KA 51 PR RD




Parallel Corpus

NEW
TESTAMENT




Parallel Corpus




Parallel Corpus

-
ANEEIER VTS

'f‘r"i":s' =3
oS/ SISIER

IR0 FES

S 1R

b S S4%E =
/o SRV DI AN S 5 < BT84 2
LSRNV TIEMRVERS L2 TS
‘e o - [ B a2t 1= T
s KA E S BLARY S XM il s TASIVOIR A L
- =T ] - nemm sasn ¥ sy R ZRTFR0EI 2 & » "
S TZN NS VBSOS STV ERL, é;@g(llf;ﬂfﬁm‘%.—:ﬁr’: YATA5=
s - o p ey oy 3 9 .13 _— ~
JEREANIDSEEIZ BECEEHASISETS0 MLDTER
o — o — S NMpes Ot S5 ANk =3 0000 ~
ArEnE a2 SN aanEL=HRANNA0NR 2N
. AT SIS .z.s:z;f:raz;_%gux{-W.ﬂ.%R‘Y’l’t’L‘i‘.zﬁlléE%/.éﬁ;;l')}:.% [ EHTtRL
- Bl R - - oy T L T e L e
E t | a | | — TSN 4N S RS s A EHT 2 TN O]
: e vitnsulon 20> VLD ANAIIRA I Y a1 T Ioub Y T4 S fesnivie  fosaus wasse.t.
f';*-’{‘fﬁ::-,':’:{‘?ﬂ‘;‘f/jj,‘{f}ﬂ};f{;;.&m? ool oA ok X L1 OATE Y LY e VA At e dfors by
T A T Wi WA AAVCIASID 03 G SIE 25 3 T, D 2 R MATAT TN Ko 5k A £ Fr G0 DL 3 o ST o b POt e
Ot R AW S 1V s Wl LTI AL OIS v 1 35T 4 51220 b W15 ) IR ICADINOVAD 1P ULy £ 0103/, oA K12 «
P e SR PR PN LS S K £ hAf’-A:\L‘.w'J DA vl 31ss )bm.s{;-.\'vﬁfx U ) (IS s ool o DL 6o £ p y B Rkév- ke
DrLandtenE esA kK gV WAy D3, T (1103650 BAD%, fafd): ol Myl fenfin BiE|4a33Nwn 90K ban R ol T oafo1IoM05)
D10 vy [l i i v re €0, Bl 123 -SSR w0 T OIS0 jo TS 2. 8,
A (-1 1a 2 Y 2y ZOE LN 41/ 3 1281 v

£ PRIt uapsd VOAL V1D
4 XIS Qo £ ANV N B2 25l 5 1163 £ ($ P01 (e (90 pilo3
(q_y,\)))(c.c.)L\l

o FO7 AT T L AP -2 W
e & ,3,|re(s,,(.,..(:.zm.uwkmunjuul ‘u:,j"l:“ﬁa-"l!“bl_’""f‘a’“'r“""

" N T ¥ele 3 2 o pl L AR - ANy
tr\.y\:.,r,(svv.md-lvmmy-l.‘.:u,vlf\'? ¥ i d & hESE 2 NovS L3 3 (% 1Dk peton i
T e A A SN o gie 1 L BN b e A T SN A e T

g A 8.3 L b Sar s Tes Wiy zJﬁs.Ln«’ZMwJ‘ S e v 1S Vivinae N IE S ¢Ea ED SUb 1D ¢ )L
IE‘FA(“?R ‘.’.“'»\f‘y‘\:;z_ﬂd\lr oy .:1'."(,‘»«-_5(6‘:3 A w3 GG $Uv 233 ] e G, A a2 S e S T el et
U 133 3 ey SV NE £ T P, [ NN sty S PIEL ATV b LA AE S T (A1, 1ot N AL
o0, TN AN ISk S or® 5 e i G RS, S 1o Gy At SR 0110 % D [ YTy Sk 2 kgt
‘“""\:zh’, x‘\)d“ Wiy 412092 5,0 ol lnvie s ¥ Vi (B LTS 2 dace e wifid, €02, 0 0 S P IR R G INERES A ¥1S AN Z 51
LR AW A |u:*7§a§;,v).§/:~,1u1zh 20 NG v whioio g pot A MEAIED I[Thar. Vet wivinZ DA > ALV o, 10y
W AT 05 Y OV (b So1ecd LS POAAN IS & Uith FLTB IS Is T2 2t linfed LtV st fiyifekess $) M- 1600 g o,
VoA ) A NS S LAt RS 15 AL % A 8 Ean T S o e AL, Ve o8 IEA V1 T TSI D S AVt g5
VE-UAS L b X Ve Sy DL L6 171 20 SN v vV D24 S elamiits Ot VY g (L W) G 3 T 20 W[ Caned 15 Wiy
Bard 1T Gr /5,40 (1 A 1oL 0405 U o 00 S E IStk wr e A RPN NS VLL, S U\ 6D S V10T o L ANt e
.«-‘-”-f‘“)’«’-\(‘J’;\"u\wb’.‘.ﬂn}ut&‘?“‘.‘ﬂ'«)lln-wr-,y(./.Vﬂ! 7123 2 P WS S i PR Gty b s ba “"“I“(i"\‘,{)"“w».m.'rilx, YHors
WV [0 A 1A e led < Js.» ""“I""’"‘"‘Y'F“‘«‘hl DS 2adv o ey [ yobin = 5 gy oy Ul w84 uriv0 L et LI & a0 dnidie U Pt )
IR0 b IR ¢ oy (akio rf.v«vh-»v.>.Lui',.lf(.r“_._,%-),-m((h&\[h;lohll\o\Iftklg“l’\“’t'rlyu»\}‘\\ﬂ_déﬁvtﬂbunn e ol
. w1 VS WD N TAlOIE 10 Avwioy \»«\=r‘-fj‘vhbx.|-n..»-5/.mx:t-..(r..\\s:xrr.\omwj;\u,yu o RERD oy Il a5 g L TS Epyg
YU TN V2 JeL o Pl 28 103 D o Bt 1S 23 1) Pl 3 fnsa fge GO 0, 0. S R QWIS NESY VO e v G020 Wine 2t Viqten gy, oy
TIPS ueB et (0% Vi v B2 Wt iy P VDAL a1 3 L Bl DA €A AT vl A L U3 T Tl (TR0 J oAt oty pa - GV
13|-.t.vo-q,.-..’qu\.’«‘.-u(er.r/.t(mn;-,b Putvievig o iy VepBHitel NN PAENALAIT 275910 7 warS P Cone 30 [0y

e P NI 0] 5% i /5 533 Al iconun s BE o v Lvoyy, “,\h R—ﬁ,]bua~‘sxv.l5r:(p\a)13lv1~~ Py y AL DTRvE T
A I‘Ju’\-»’««w-».>,&u+:.\ﬁwwlt"\‘\'K-','tvﬂh’f‘-‘”']r\b W ALICAUT O3 AL EATNNT IO Fohald WXl AND P 54 A oo Ve
Ei”-~iu’:aff-§'~v~>&;g\$‘/,b(\v’-b,_r @ v Pl (A S1D VAV S AR m-,».y,\.uh.[r.q,:.uyd.(hqui,\,) .L,,‘,';,éwb-?_n;._‘ pr

Ve w0 ~fve iz el 'oMn\\hWﬁ\\t\(«»,,*;.\v.-]ﬂ-nnm Lanlq<® 3" e 1|-.wu/;.mn‘-_».~wg./,_u.|- \% -7;)'“':1'
BAZIASYeNTUTOYNEOTKA | AP AIAS ONTOT THHEATIACIANAATAT OV NATPOT : = . '
OrevI BY IThorE N :MAnxvnu"!rw rovy Ieuhsou'r/\w\uo:n r?n::m’n.}Z,Z’{A".‘L‘.Q}?.‘.‘."{,’4:’?5»’:’55}9&2;3‘,':?:(1&1'3‘1‘::";:‘..‘::T{I“x’e:!'rrfﬁfxﬂm‘x'
M EFALBATARYETA AN Y EA 1 KAV TAMK ATA XA pA N ER Fans YOE ANSIASPATORANS: M‘All‘rollAuleAﬁNhloNNﬁl(Ml“‘w)\ﬂ-linullkb&a[lthl‘rovdvtt AL
AIMODIW“PA'\N?'(NQVYﬂQT.YQtAITbvl!NAT VEQIIPIA\A!"o\Tov/‘l?-vAA(:}u‘.'.yumo Tot O AL SEA NAD BA S NN 1Ay s x
otevens ANQY“VKA.'O_!ov\.AHNH\'BI'ullvul'y;,'ir(WIOQXHYNA\TN‘.H\NDYKAN $EPOYARLINONE SiAR AR § 4y APEIAL T
TRINTOARMAIRYMMNUIANAIKO Y'Y £ rPp &1 YO TIAMAC MEALIORTIARAIAL KATHIY, Q-xnuer\i»lutnnpo .}-rmylun\[
S!wa\:’:n PAIKA PAMMASRIC RALSIA ..y‘rl-:n.\rdu:‘AnAuvnlA'ﬂnz( TN KA TATUNKASANIPANLTMEMAINTAID A
B e A et R FA A e Vet 20 v;nwwruy’ A T PN R A W DA
L ewann ToTanen . ¥ ni‘#“v-fi:%‘l"‘"'h:{.’!-’.‘“.’:»-mnmu'n&.-....‘x\‘x'.‘#{‘?}‘.'g‘(‘m‘:ﬁ"":‘."“"‘"""“‘"""‘
Fyehre vixAta AN i AARE YLK RouLyAL fret e :vm(M;Mh'a:Alhukhtvnu«u‘-umuluu-Avvvvm.un"w:{;:?s!\ﬁ:fg!

AT NUKASEEIA Wran TR ARPEE AL o o AT ARy £ o A L AR DTN ALK 7§ W NS AL e
AAREYRAT srasind b KRt e TS T A A st s
I RAPAT oL B T AR ..‘,.‘;.:\'.n."vm AROTER e TAT P U Ao BLaAT TTYeee

1M ENANANTA S TOE () ¢ . A?\:KA"V"‘IANNI;::(‘:":*A::)\‘MK:'

Ly ) AhI
TR L N T T e B T SeAREEEANY W
AT € AAPACELEr A APIAREY EPATKAT YA AN

i A
EONTHNAICYOTWNKATATE THNGAAATTA NKAFTHNHOEINON Y NOMEIHATA A NANA EAPEY P1KA onALY. Y, R
n‘xg‘nAlhlAVll\unnﬂNr)ﬂNlN‘ﬂucﬂlPl?nluuﬂl’«"l\I\HMNlNiKAU\XYh'\HNhh!u[nu\ K LA RAA AASL IﬂYh\lﬂAl""‘lﬁlemAA';‘
KONOYIYNELTHEYIAL THIAMS THOTHTOL TOIT € M l(YnAxcnhut-tAyYunAnau.,‘muu\nu[“Vu PAKAL TOY ZE MM Y TAURATHROVN TATIIOAAANA RALYN T4
FIKACHAL XA MATINTEKA TA G POt E KAITUXETIRAY TIVA ZIOAOF 61X (LT IEAMBEN T OY T EREIASY THWANABA ZIN MUPAAN NN HMEAME Moy €% T/% (OPASAIE TEIKARIOIE AN OYRATARAY £
TANOANOGESYROA FONKAIRATALTHOALININEIZTEMALA§ X0y £ AroX THIATALS
¥ WAISTANEE Y104 € X PR LAN T4 T0Y LENTHIAYE

3

N TVANEAY LEMAT Al TONLEM
T EARYMENANENTUI PR Y
€. 7oy it

P n
EPRMEONAN TOTRATEMIAY TONETAAL
ANATLAYIEHTA AYOMER TAT CLFASAL
MONIOL K AL T 0] KAIoH NAT

oL KA TA

TRAC PO WA oy
OCAIAKATELXENEK N CA ARn FoNA NOXY PATAT TALTOMATA TANNOTAMANXOPHHTIATEIEAY TAY P HAA
AATMNTE r\cAlNMY'VAK'ATdIIA(N !Al-vovl(nAvvnugulnlm € eAn LAV TOTHL )
TEPONTOYIA M HEAMEHOY L TAM TTANTA YW TOVTIATIOIK. TAMTALKAITAICHA MGIKH EANTA LOATA 768 St MOLEI Lo DA HULA MY wAM
EROA AT ENKA PHKONTA TRTUDERI AN TANS AATIINANANEL €1 YIS ATIAIALAM AER ALK AL TAS
ZAATALT IR Tarp EYNTETEACTMEMANIEY AL Alruy y TEIRAN.
AT A § e R TAPTAD] T YMIA oy PAIT WEIRPAL FUE WAL TIE
v Y £ TANNIOAY TeVEALIAGLA M $PONTIZAN YA £2 TANA M
ENACLETA L MLPAME TAGT Lt A AMTAN ANTAN
e A A R AN P e s
A N ANEPAK, \ TATAN EOIEME YHIA MLO1A POOTA Yo £ X ANOLOY MO ¥ B HTOI CAN KK
T AL KT ATIAASARESY T8 ENI THILAY To v Axununlx»w-lv«'4'~~AlvAl\ulmAwrmo‘uuv(:.UANnr::ﬁz‘:ArollAnnAsrm'
AAMEMOYIHIAY TAIKA I TOIITER ML LTONANANTAXP SHON AI’AanlmNlta‘xlnﬂﬂl"l'bTMuAT TN KA PA 0t €PN P AN TIN TAY N APRONTA P
A NTATIA O NERMAY T 0YOEANALA (A THANKA) TATAAN TI? 6 1 0 wAMO EANE Y £ F
0 4 |EN1AN';|

FANENO A TARIaN
)

A WA MM E ALY VS T 0§ AT AULNIAANTIE v AN
v"‘"*"’"“’:.:k\';:mm‘ {T\:'.‘.:‘,,..mm:n-mr [ TAVAR TOYALANGS g T AYO LU R AN T E AT TV Eiron: € KA T AL
ANAACA A ST E A THAN T THIALF Y I ot Vllr‘v‘\novl ~(‘\unmuu‘|’ak1\m~A! UA!KAT‘ REYAIM
AT RIETAINTEALIART e vt A I B TR TS L A RA IO R A DAL TS e A A T TR AT R A O A i atve S
A T Yty A e KA AW TXAN CTAITAIR FBA TIAEAT N oA LMAD YKATATI AT TN DATTINGHES EAN S 0w FIATS P AT ANSHSE A IR OCS
A(uu-uuu\nIMAISL’-“““AA"“N,..“\;.--rAuuxnmmryux|~t~,.|uxu.|m.q-n~m~l\~r, NTANKA ?qﬂygyoiay(n:lknvt‘:
Y TERATE |1 TONENEI TAXPONONENIKEIEOATTAINANITAL TVAATIALATAPY IATLAT ALIATAERAN LIRS AN
NY AAATLN NASN AAAY TOAMNENTAME TAMKA NS Y ENHEA T A!quQNTnNnuntnl~a{u_u_«‘..1': "u”».:‘.n‘
Aufnum. 15 £ AERITEYAEPTATEA TIARIA LT ETPA FANSY KATA TONPOEIPH ME MenB ALIA € Lo, **,‘,{‘,.t‘. ~
TR TS ARAY A WA TA EAJETIE E TR WTIA KA AATEY T0Y MK T0 P WL 0N TAF § M. AI'AI‘\U""N°"Au.ﬂ Pasd
o TALNMEPALTAYTALLSY,

THIBATACLIAL
L3
AnAYE Tz Y
TAhAT (KoL O Ier

% T
STIA
" PANKALT
AuYNYtNlN'«:A ¥ SYEEAARKATI vy x ALy
i amA N YAY AT H ;
e NSRRI PAT BRI ERAIY O -no.\gn-:;.ufrs:‘ix—::‘. % :.nunxv:::&v"c':-
. MATRATL T EHANN A2 W Ta TRINI INT T YN PR IOYRIALKALE Mo N WAL T AMA N KT A
DRYO e ey T LYwAnETor I (e "r‘x:‘“'.(’c‘:.ﬁumvr\-uru-md'Aumn-un-rumunm1Alvunxlnnn.t.n.uu.;.}::“
L P IATCIANAY OV !l-NAlﬂllAl‘lo-!AAhllVA)A?AI(AF(|N7HN[Q'1nNINTDHD'D(\'KM{N&N”A)N\.\"“onv,\\lyuy.n::Ayw‘.lx‘“? !
\uvu«u\ﬂo-cormxrxnn.qw,u-o*nqt'«A\rvr\vAIAyz',nmAmnmn'w?nn(anAuuwalu.nulu\M’AKnA 'NOV*INOI-I‘I
" Y ETEOYAIONY TOILTLINFOILKAIC F X NS KAVEA AWNIROITE PAMAALIN KA l"rkulzngkA‘LTI\HnNY!ml\vrwnklbt\"\'ev_n




WMT

 Annual conference for Machine Translation (2006-now)

 Many shared tasks:

* Translation tasks: News, Biomedical articles,
Translate similar languages, low-resource MT, large-
scale multilingual MT, triangular MT, efticiency,
terminology, unsupervised MT, lifelong learning

* Evaluation tasks: quality estimation, metrics

* Other tasks: automatic post-editing

https://www.statmt.org/wmt21/
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OPUS Parallel Corpus

 OPUS (Tiedemann 2012) is a growing collection of
translated texts from the web.

* Preprocessed parallel texts in tmx, moses format

O.PUS

Search & download resources: { de (German) V] { en (English) VH all V] [J show all versions

Language resources: click on [ tmx | moses | xces | lang-id ] to download the data! (raw = untokenized, ud = parsed with universal dependencies, alg = word alignments and phrase tables)

corpus doc's sent's detokens entokens XCES/XML raw TMX Moses mono raw ud alg dic freq other files
CCMatrix vl 1 2475M 3.8G 39G  xcesdeen deen tmx moses deen deen de en sample
WikiMatrix vl 1 62M  443.1M 1.0G  xcesdeen deen tmx moses deen deen de en sample

ParaCrawl v8 364 363M  450.7M  478.7M  xcesdeen deen tmx moses deen deen de en

EUbookshop v2 15373 96M 3374M  3802M  xcesdeen deen tmx moses deen deen alg dic deen query sample moses/strict
EuroPat v3 1 126M 3182M  3878M  xcesdeen deen tmx moses deen deen de en sample
wikimedia v20210402 1 0.1M 110M  3492M  xcesdeen deen tmx moses deen deen de en sample
CCAligned vl 1852 153M  1508M  1595M  xcesdeen deen tmx moses deen deen de en sample
TildeMODEL v2018 7 43M  1088M  1314M  xcesdeen deen tmx moses deen deen alg smt dic deen sample
DGT v2019 38675 3.6M 66.0M 733M  xcesdeen deen tmx moses deen deen alg smt dic deen sample

https://opus.nlpl.eu/
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Noisy Channel MT
(Statistic Machine Translation)



f-to-e Translation

. We want a model of p(e | f)

Possible English sentence Confusing foreign sentence

Glec¥ necble h?
A e rdamen T 2

(Y
(9




Noisy Channel MT

 Speaker: Have an English sentence in mind, encrypt it through a

noisy channel, and spea
 Listener: Decode what t

"English”

@ q e q [“
k |

K the sen

tence in a foreign

anguage

ney hear to the original English sentence.
p(fle)
- “Foreign”
. — f
i, § ',

.....

Decode



Noisy Channel MT

(Forward) Translation Model
e = argmax p(e| f)

€

p(e) x p(fle)

= arg max

p(f)
= arg 1‘1’13){]9(6) X p(fle)

Language Model  (Backward) Translation Model
.e., Noisy Channel

What's the benefit of the Noisy Channel decomposition in
stead of modeling the forward translation directly”



Noisy Channel Division of Labor

« Language model p(e)
* |s the translation fluent, grammatical, and idiomatic”
* Use any LMs trained on large datasets

. Translation model p(f]e)
* (Backward) translation probability

* Ensures adequacy of translation



Training Noisy Channel MT

* Jraining LMs is simple (refer to the LM lecture)

o Estimating p(f|e) is a bit harder

e f = ie voudrais un peu de frommage p(fle)
« ¢; = | would like some cheese 0.4
« &, = | would like a little of cheese 0.5

« €3 = There is no train to Barcelona >(0.00001



Estimate Channel Translation Model

» How do we parameterize p(f|e)?

count(f, e)
count(e)

p(fle) =

* [here are a lot of possible sentences
 We can only count the sentences in our training data

* This won't generalize to new Iinputs

 Can we break the sentence probability into lexical
(word-level) translation probability”?



| exical Translation

 How do we translate a word”? Look it up in a dictionary!

e e.9., Haus (German): house, home, shell, household

house 5000
home 2000
shell 100

household 80

pvLE(e | Haus) = 4

/

\

0.696
0.279
0.014
0.011
0

Maximum Likelihood Estimation (MLE)

if e = house

if e = home

if e = shell

if e = household

otherwise



| exical Translation

. Goal: a model p(f| e, m), where e = (e, e,, ..., €;) and
f=(f,f,...,[,), assuming that there is some distribution p(m | [) that
models f's length conditioned on e’s length.

e Lexical translation makes the following assumptions:

1.

2.

Each word f; is generated from exactly one word in e

Thus, we have a latent alignment a; that indicates which English
word e, generates f;.

Given the alignments a, translation decisions are conditionally
independent of each other and depend only on the aligned English
word e,



| exical Translation

e Putting our assumptions together, we have:

ple.m)= ) p(le. m)XHp(f\e)

ac[0,/]"

o(Alignment)  p(Translation|Alignment)

where a Is an m-dimensional latent vector with
each element a; in the range of [0,/]



Word Alignment

 Most of the research for the first 10 years of SMT
was focusing on improving word alignment. Word
translations weren’t hard (with MLE), but predicting
word order was hard.

 £E.g. IBM Model 1, 2, 3, Giza++, FastAlign
m

pale.m) = | | p(a]i.1.m)
=1

where |e| =1, [f| =m, f;isalignedtoe, , a; € [0,/]



Word Alignment

* Alignments can be visualized by drawing links
between two sentences, and they are represented
as vectors of positions:

1 2 3 4
das Haus ist klein

e the house Is small
1 2 3 4

a=(1234)"



Reordering

 \Words may be reordered during translation

a= (43127

1 2 3 4

e the house Is small

1 2 3 -



Word Dropping

* A source word may not be translated at all

a = (2,3,4)T

f Haus |st klem

NN\

€ the house i small



Word Insertion

 \Words may be inserted during translation
* e.g., English just does not have an equivalent

* But these words must be explained—we typically
assume every source sentence contains a NULL token

a=(12.3,04)"

1 2 3 4 5
f Das Haus  ist nur klein
€ NULL the house is small

0 1 2 3 4



One-to-many Translation

* A source word may be translated into more than
one target word

a=(1233)"

2 3 4
f das Haus brach zusammen

N\ N

e the house collapsed
1 2 3



Many-to-one lranslation

 More than one source word may not be translated
as a unit in lexical translation

a=27? a=(123,450T 2

1
f das Haus |st klltzekleln

/\

e¢ the house is very small
1 2

This could be addressed by considering
phrase-level alignment instead of word level.



Learn alignment & translation together

« How do we learn from training corpus of (f, e) pairs?

m

pEle.m)= Y palem) x[]r(fle,)
ac[0,/]" i=1
= Y []p@li.t.m)xp(fle,)

ac[0,/]" i=1

p(Alignment)  p(Translation|Alignment)
 MLE of two probability with the latent alignment

count(a, | i, [, m) count(f; eal.)

. °, l, o i ea. —
pla;|i,Lm) count(i, [, m) Pl ’) count(e,.)

count(; | i, [, m) is the no. time f; is aligned to e, in the training set. count(i, /, m) is the
no. time we see a foreign sentence f of length m and an English sentence e of length [



Learn alignment & translation together

« How do we learn from training corpus of (f, ) pairs?
e “Chicken and egg” problem:

* |f we had the alignments, we could estimate the translation
probabilities by MLE (i.e., counting)

count(f; e, )

PUilea) = count(e, )

* |f we had the probabilities, we could find the most likely alignments
greedily by taking the word pairs with the largest probabillity

40

a; = arg max p(a;|i, [, m)
JEIO.]



Expectation-Maximization (EM) Algorithm

Pick some random (or uniform) starting parameters (i.e., counts)

Repeat until converged

1. E- Step: use the current parameters to compute
‘expected” alignments

2. Update the no. of times ¢, is translated to f; i.e.,
count(e,, f;), and keep track of no. of times e, is used in

the training corpus count(e,, ).

3. M-Step: use MLE to update translation probability
count(f;, e, )
p(file,) =

count(e, )




EM for IBM Model 1

la maison ... la maison blue ... la fleur

the house ... the blue house ... the flower

e [nitial step: all alignments equally likely

e Model learns that, e.g., la is often aligned with the



EM for IBM Model 1

la maison ... la maison blue ... la fleur
the house ... the blue house ... the flower

e After one iteration

e Alignments, e.g., between la and the are more likely



EM for IBM Model 1

. la maison ... la maison bleu ... la fleur
the house ... the blue house ... the flower

e After another iteration

e |t becomes apparent that alignments, e.g., between fleur and flower are more
likely (pigeon hole principle)



EM for IBM Model

la maison ... la maison bleu ... la fleur

[ X ||

the house ... the blue house ... the flower

Y

p(lal|the)
p(le|the)
p (maison|house) = 0.876
p(bleu|blue) = 0.563

0.453
0.334

45
33
0

e Parameter estimation from the aligned corpus



Convergence
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the house a

e f initial | 1stit. | 2nd it. | 3rd it. final
the das 0.25 0.5 0.6364 | 0.7479 1
book | das 0.25 0.25 | 0.1818 | 0.1208 0
house | das 0.25 0.25 | 0.1818 | 0.1313 0
the | buch | 0.25 0.25 | 0.1818 | 0.1208 0
book | buch || 0.25 0.5 0.6364 | 0.7479 1
a buch || 0.25 0.25 | 0.1818 | 0.1313 0
book | ein 0.25 0.5 0.4286 | 0.3466 0
a ein 0.25 0.5 0.5714 | 0.6534 1
the | haus | 0.25 0.5 0.4286 | 0.3466 0
house | haus || 0.25 0.5 0.5714 | 0.6534 1




Whole Pipeline of SMT

 Moses (Koehn 2009)

1 Prepare data

< Run GIZA EM algorithms to align

3 Align words & translate words
4 Lexical translation

5 Extract phrases

6 Score phrases

7 Reordering model
8 Generation model
O Configuration file




Extensions: Lexical to Phrase Iranslation

e Phrase-based MT:

e Allow multiple words to translate as chunks
(including many-to-one)

e |ntroduce another latent variable, the source
segmentation

Maria no dio una bofetada a Ila erJa verde

(1 I N N 2 7 ) P
Gl o [
B T O
e




Extensions: Alignment Heuristics

* Alignment Priors:

* |nstead of assuming the alignment decisions are
uniform, impose (or learn) a prior over alignment
grids m =6

4""""'"""‘~"""""""‘s

null

|
/=2 IR :
/=3 MR o
. "y
= ||
= N
J =95
) \

" - —
CE A v o8 &

L\ \ W \ N \ N\

Chahuneau et al. 2013



Extensions: Hierarchical Phrase-based MT

e Syntactics structure

* |nstead of extracting parallel phrases, extract
translation rules of the form: X Z— — one of the X

S S
NP VP
NP VP :
| Australia |
iEL . | v ,_N‘P,
Australia v NP is ™ Sp
| _
is’ ‘ one P NP
NP 2z
‘one of of _
S’ NP Det N'
| i
h r )
s Adj N = N S
| | A~
by ER Adj N
few ‘country’

few countries

Chang 2005, Galley et al. 2006



Neural Machine Translation



Neural Features for Translation

* |nspired by Neural n-gram LMs, use a conditional model to
generate the next English word conditioned on

* The previous n English words that have been generated

* [he aligned source word and its m neighbors

e|

p(e | f, a) — Hp(ez' | €i—2,€i—1, fai—la fa,,;afa.,;—{—l)
i=1 :

) Jo
p(ei I ei—27e’i—1:fai_—lafaufarl-l) — fai_lgD 8

: O —

fai ED O O

o O

R O

I O

fa-i+1§ D 8 O

3 O

ol W o

ei—11:|C O O

H e O

e o O

€i—2 3 C lo 8

_ ; @) d

Devlin et al. 2014 S ol fan
€i-3 3 C |0
i lo




Neural Features for Translation

 Word alignment is still needed.

* Improves over SMT

BOLT Test |
Ar-En |
BLEU % Gain I
“Simple Hier.” Baseline | 338 | - |
S2T/L2R NNIM (Dec) 384 100% |
Source Window=7 38.3 98% |
Source Window=5 38.2 9% |
Source Window=3 37.8 87% |
Source Window=0 35.3 33%
Layers=384x768x768 385 | 102%
Layers=192x512 38.1 93% |
Layers=128x128 37.1 72% |
Vocab=64,000 385 | 102% |
Vocab=16,000 38.1 93% ’
Vocab=8,000 37.3 83% \
Activation=Rectified Lin. | 38.5 102% |
Activation=Linear 373 | 76% |

Devlin et al. 2014



—ully Neural Translation

Fully end-to-end RNN-based MT model
Encode the source sentence using one RNN

Generate the target sentence one word at a time
using another RNN

je suis étudiant </s>

!
\

Encoder Decoder

\ I am a student </s> ’ \ je suis étudiant

” N ”
— o B

Sutskever et al. 2014



Attention MT Models

* [The encoder-decoder model struggles with long
sentences

* An RNN is trying to compress an arbitrarily long
sentence into a finite-length word vector

 What it we only look at one (or a few) source words
when we generate each output word?

Bahdanau et al. 2014



INtultion

25 O KETHFELVRK B AIRB/EMEREC Mid DUV,

V/ / \4 v )| <

Our large  black dog bit the poor mailman

Bahdanau et al. 2014



Attention MT Models

-

m )
Encoder = I : I =
\I am a student </s>/

Bahdanau et al. 2014

~

Decoder

/




Attention MT Models

-

Attention

\

Model |H B B B B

Encoder= I : I
\I am a student</

\

>

Bahdanau et al. 2014
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Attention MT Models
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Bahdanau et al. 2014
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Encoder

Attention MT Models

Bahdanau et al. 2014

Context Vector
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Attention MT Models

Bahdanau et al. 2014

Context Vector
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Attention MT Models
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1
Attention
Model H B B B B
,/
Encoder

am atdt//

Bahdanau et al. 2014
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Convolutional Encoder-Decoder

 CNN:

e encodes words within a fixed size
window

* Parallel computation

» Shortest path to cover a wider range
of words

* RNN:

* sequentially encode a sentence from
left to right

* Hard to parallelize

<p> They agree </s> <p>

Embeddings

Convolutions

Gated
Linear
Units

Attention

-

Dot products

H_H M H H

]

Gehring et al. 2014

<p> <p>

<S> Sie stimmen zu

A

4

A

4

A

y

\

4

|

| |

| |

Sie stimmen zu </s>



Transtformer

* |dea: Instead of using an RNN to encode the source sentence
and the partial target sentence, use self-attention!

Standard RNN Encoder Self Attention Encoder

word-in-context vector
raw word vector
U /

a student </s>

Vaswani et al. 2017



Transtformer

* Computation is easily parallelizable

* Shorter path from each target word to each source word ->
stronger gradient signals

* Empirically stronger translation performance
* Empirically trains substantially tfaster than more serial models

—_— BLEU Training Cost (FLOPs)
. EN-DE EN-FR EN-DE  EN-FR

ByteNet [17] 23.75

Deep-Att + PosUnk [37] 39.2 1.0 - 10
GNMT + RL [36] 24.6 39.92 2.3-101° 1.4.10%0
ConvS2S [9] 25.16  40.46 9.6-101® 1.5.10%
MOoE [31] 26.03  40.56 2.0-101° 1.2.10%
Deep-Att + PosUnk Ensemble [37] 40.4 8.0 -10%°
GNMT + RL Ensemble [36] 26.30  41.16 1.8-1020 1.1-.10%
ConvS2S Ensemble [9] 2636  41.29 7.7-10° 1.2.10%
Transformer (base model) 27.3 38.1 3.3.10'8

Transformer (big) 28.4 41.0 2.3.1019




Google’s Multilingual NMT

Stack 8-layers of LSTM encoder, and 8-layers of LSTM decoder

Only use the last layer of encoder LSTM to perform target-to-source
attention -> Re-use the context vector for each decoder layer

Use the language code to indicate which target language to translate

Yy —_— Y, —_—F e —->;/s>

-~ - \ .
. . .\"-\\. -~ -
'8 layers
H Encoder LSTMs '
H H - ~
- H - -~

L T T T e T LT T ET T

: A A A : -7
%GPUB [_}“’ s B o ) . D }-*—»C] GPUS

=[] ocpuz
3

D GPU2

A

——» Attention

: GPU3

()
?+e
A
| 3+
3+

: GPU2

Gpuzc S = (D = (D ]
gcpmé e P o )

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

7

e imcccccsscccscsssscsssscsssssessssessssessssessssesssssssessssensssensssansennnne o’ e L L L L L L LTy RPN RSP RPRRNIPRPEPAR PRI PRSP ——

Johnson et al. 2016



Google’s Multilingual NMT

* Add the target language code to the start of the source sentence,
which enables sharing parameters for different language pairs
(many-to-one, one-to-many, zero-shot translation)

Hello, how are you? -> Hola, ;cdémo estas?

<2es> Hello, how are you? -> Hola, ;cdémo estas?

Table 5: Portuguese— Spanish BLEU scores using various models.

Model Zero-shot BLEU
(a) PBMT bridged no 28.99
(b) NMT bridged no 30.91
(c) NMT Pt—Es no 31.50
(d) Model 1 (Pt—En, En—Es) yes 21.62
(e) Model 2 (En<>{Es, Pt}) yes 24.75
(f) Model 2 + incremental training no 31.77

Johnson et al. 2016



Google’s Multilingual NMT

* [Interpolate the language code embeddings

(1 —w)<2ja>+ w<2ko>

Russian/Belarusian: I wonder what they’ll do next!

wpe = 0.00 HuTepecHo, 4TO OHU CIEJIAIOT JaJIbIIe!

wpe = 0.20 HNuTepecHo, 9TO OHM CHEJIAIOT JaJbIie!

Wpe = 0.30 [likaBo, uTO OHM OyIyT HEeIaTh JaJIbIie!

wpe = 0.44 [lixaBo, 1m0 BoHU OyayTh podbuTH 1aJi!

Wpe = 0.46 [likaBo, 1110 BOHM OyayTh pobuTH IaJi!

wpe = 0.48 [lixaBo, mMTO STHBI 3pO0SIH Hajei!

wpe = 0.50 IlikaBa, mTo HLI OyayIb pabinb gajei!

wpe = 1.00 IlikaBa, mTo sIHBI OyMyIb pabinb masei!
Japanese/Korean: I must be getting somewhere near the centre of the earth.

Wyo = 0.00 AIFHERDHLDIT KIC & T HICIT» TV BICE WL,

Wgo = 0.40 RIIHERDOHFLIT K D E THICENTWVBICE WL W,

Wio = 0.56 AIFHERDHFLDIT K D ETHITH 5> TWBIZTE WL,

Wko = 0.58 AT A F DL 717} o] of| o] D 7)ol = Zslar §l o] oF st

Wro = 0.60 2] 78] AL E] ©] 7}k o] o]l o] |l 7ol == 2Ha} 3 Qo] oF i,

W =070 =R T 5 A2 o] 9ol = 2] opgh ok

who = 0.90 Vo] 9 71R] 7.9) 541 2 A of = 2l oF g o,

wio = 1.00 o] 8 7hA) 72 24 2 A o = 2] ok g ok,



Google’s Multilingual NMT

* Sentence embeddings learned by MNMT are
clustered by languages
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Multilingual vs Bilingual

 Multilingual NMT especially improves low-resource
language translation

Translation quality of 103 bilingual baselines




Future Research ot NMT



Six Challenges of NMT

. NMT works poorly on out-of-domain sentences

2. Works better in high-resource languages, not in low-
resource languages.

3. Weakness in low-frequency words w.r.t. SMT
4. Bad at very long sentences

5. Attentions do not always fulfill the role of a word
alighment

6. Beam search decoding only works with a smaller
beam size, and deteriorates when exposed to a
larger search space.

Koehn & Knowles 2016



Massively Multilingual NMT in the Wild

 Data and supervision: l[earn from monolingual data for most
low-resourced languages (e.g., pre-training, data
augmentation such as back-translation (Sennrich et al. 2015),
language model fusion (Gulcehre et al. 2015), unsupervised
NMT (Lample et al. 2017)

* Multitask training: cross-lingual transfer (Neubig, Hu 2018),
meta learning (Nichol et al. 2018), curriculum learning
(Graves et al. 2017)

* Increasing Capacity: train on more languages, efficiency

* Architecture & Vocabulary: character NMT (Lee et al. 2017),
byte-based NMT (Gillick et al. 2015)

Arivazhagan et al. 2019



Questions?



