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Overview

e How does statistical machine translation work?

e How well does statistical machine translation work?

e Patent translation
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Statistical Machine Translation

e Learning from data (sentence-aligned translated texts)

German documents English documents

= p(banklBank) = 0.75, p(benchlBank) = 0.25

e New machine translation systems can be built automatically

Philipp Koehn Statistical Machine Translation 23 September 2011



Preparing the Data: Sentence Alignment’

The man looks intently at the window.

The sees a shadow. \ —® Der Mann schaut aus dem Fenster.
i - . . . . -
It was in the trees. 0— \ ® SJaSSIe\:;re(IjnaesrlSChatten in den Baumen.

What was it? @— \ £ lamiert und h
He is alarmed and awake. @— LT BRI LIV S

Er hat schon lange im Wald gelebt.

Er genieBt die Einsamkeit des Hauses
Es ist klein.

Aber es ist gemutlich.

Das néachste Dorf ist meilenweit entfernt.
Er geht dorthin nur einmal in Monat.

He has long lived in the woods. o—
He likes the isolation and solitude of his house. —o
It's small, but cozy. @—

The next village is miles away. @—
He only goes there once a week. @—

It just after dusk. @—
The hot sun finally set.

® Es ist nach der Untergang der heiBen Sonne.
Der Wald is voller Geschwétz.

The forest was still abuzz in chatter. o— . . . .

. . . ) . Vogel Insekt ringen herlber.
Voices of birds and insects fill the air. ~ @— mirre e Vel bnd [resiien eliipen heilhe
A comforting sound. @ ® . . )

. o A hatten war gréBer als diese Tiere.
But the shadow was larger than those animanls ~ @— Nﬁ?r}((lj;gsgti:r Ith haile?
Only little creatures live here, not this. o— 9 '

Nicht soetwas Grof3es.

Es erschien fast so gro3 wie ein Mensch.

Aber warum, wenn hier niemand jemals herkommt?
Der Mann schaut.

Sein Augen aus dem Fenster gerichtet.

It seemed almost as large as a man. @—
But why that? @—

Nobody comes ever here. @—
So the man's eyes keep looking. o—

As the minutes passed, nothing happens. g—
But then, cast against the bright moonlit, it returns.

Minuten vergehen, aber nichts passiert.
Dann plétzlich kehrt er im Mondschein zurtck.
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Preparing the Data: Word Alignment

michael
assumes
that

he

will

stay

in

the
house

michael
geht
davon
aus
dass
er

Im

haus

bleibt
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Phrase-Based Translation

natuerlich

of course

e Foreign input is segmented in phrases

— any sequence of words, not necessarily linguistically motivated
e Each phrase is translated into English

e Phrases are reordered
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Extracting Phrases from Data

3 c -

c - (@] n N O

o L > ()] (7)) - CTJ

O O (4v] -~ O (¢b] = C O
michael
assumes
that
he
will
stay
in
the
house

Given a word alignment: extract phrase pairs, estimate probabilities
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Phrase Translation Table

e Phrase Translations for “den Vorschlag”

English ¢(e|f) || English o(elf)
the proposal 0.6227 || the suggestions | 0.0114
's proposal 0.1068 || the proposed 0.0114
a proposal 0.0341 || the motion 0.0091
the idea 0.0250 || the idea of 0.0091
this proposal 0.0227 || the proposal , 0.0068
proposal 0.0205 || its proposal 0.0068
of the proposal | 0.0159 || it 0.0068
the proposals 0.0159
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Language Model

e Language models answer the question: How likely is a string of English words
good English?

— the house is big —
— the house is xxI — worse
— house big is the — bad

e Given: English words W = wy, wa, ws, ..., w,, — what is p(W)?

e Limited history: only previous k£ words matter (here: k=2)

p(w1, w2, w3, ..., wn) = p(wy) p(wa|w) p(ws|ws)...p(wn|wy—1)

e Models trained on large amounts of monolingual text (billions of words)
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Translation Options

er geht ja nicht nach hause

( he ) ( IS ) ( yes ) ( not ) ( after ) ( house )
( it ) ( are ) ( IS ) ( donot ) ( to ) ( home )
( , It ) ( goes ) ( ,ofcourse ) ( doesnot ) ( accordingto ) ( chamber )
( , e ) ( go ) ( , ) C Isnot ) ( in ) ( athome )
¢ itis ) ( not ) ( home )
¢ he will be ) ( IS not ) ( under house )
¢ it goes ) ( does not ) ( return home )
¢ ne goes ) ( do not ) ( do not )

C S ) C fo )

( are ) ( following )

( Is after all ) ( not after )

( does ) ( not to )

( not )

( IS not )

( are not )

( IS not a )

e Task: find the right output phrases, put them in the right order
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Decoding

er geht ja nicht nach hause
Ly~
e X
I 4
e | METTT] NN
P 4 goes [ home
[TT11 I:D:\A
—> e p MENT ____HN
does not —» go home
EEEEE ~a
it L a N
~A to
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Syntactic Models

VP

PRP /MD VB VBG RP NNS
T \
[ [shall  be passing on comments

L4
o °

Ich werde entsprechenden Anmerkungen aushdndigen
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More Data, Better Translations

0. 30
Swedi sh
French
0.25__]
Ger nan
0.20__]
Fi nni sh
0.15__]
I I I I I
10k 20k 40k 80k 160k 320k

e Log-scale improvements on BLEU:

—
N

[from Koehn, 2003: Europarl]

Doubling the training data gives constant improvement (+1 %BLEU)
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More LM Data, Better Translations

BLEU
50448 .5 49.1 49.8 50.0 50.5 51.2 51.7 51.9 52.3 53.1

45
40
35
30
25
20
15
10

5

0
75M 150M 300M 600M 1.2B 25B 5B 10B 18B +web
[from Och, 2005: MT Eval presentation]

e Also log-scale improvements on BLEU:
doubling the training data gives constant improvement (40.5 %BLEU)
(last addition is 218 billion words out-of-domain web data)
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Overview

e How does statistical machine translation work?

e How well does statistical machine translation work?

e Patent translation
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How Good?

e |t depends...

e Better question: Good enough for what?

— understanding the general meaning of a document

— understanding most of the details

— humans faster when post-editing than translating from scratch
— publication-quality
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75% Cost Cut? 16 .

Instant quote

Source language Target language Delivery date

English ( GB) - French ( France ) v Automatic .
Translate into more languages

Subject field Word count

General | —

Word count tools

Premium Professional Economy
2 translators + quality control 1 translator + quality control Automatic translation + revision
‘%‘-%i}r
US$ 1,681.66 US$ 1,243.90 US$ 412.80
about USS 0.168 / word (Details) about UsS% 0.124 / word (Details) about U55 0.041 [ word (Details)
Delivery guaranteed by: Delivery guaranteed by: Delivery guaranteed by:
Tue 27 Sep 13:00 Mon 26 Sep 10:00 Wed 21 Sep 10:30
{GMT 0 London, Lisbon) {GMT 0 London, Lisbon) (CGMT 0 London, Lisbon)
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Language Pairs Differ

Target Language
en bg de ¢ da el es et fi fr hu it It Iv mt nl pl pt ro sk sl Y

40.5 46.8 52.6 50.0 41.0 55.2 34.8 38.6 50.1 37.2 50.4 39.6 43.4 39.8 52.3 49.2 55.0 49.0 44.7 50.7 52.0
38.7 39.4 39.6 34.5 46.9 25.5 26.7 42.4 22.0 43.5 29.3 29.1 25.9 44.9 35.1 45.9 36.8 34.1 34.1 39.9
35.4 43.1 32.8 47.1 26.7 29.5 39.4 27.6 42.7 27.6 30.3 19.8 50.2 30.2 44.1 30.7 29.4 31.4 41.2
43.6 34.6 48.9 30.7 30.5 41.6 27.4 44.3 34.5 35.8 26.3 46.5 39.2 45.7 36.5 43.6 41.3 42.9
34.3 47.5 27.8 31.6 41.3 24.2 43.8 29.7 32.9 21.1 48.5 34.3 45.4 33.9 33.0 36.2 47.2
54.0 26.5 29.0 48.3 23.7 49.6 29.0 32.6 23.8 48.9 34.2 52.5 37.2 33.1 36.3 43.3
25.4 28.5 51.3 24.0 51.7 26.8 30.5 24.6 48.8 33.9 57.3 38.1 31.7 33.9 43.7
- 37.7 33.4 30.9 37.0 35.0 36.9 20.5 41.3 32.0 37.8 28.0 30.6 32.9 37.3
fi 49.3 23.2 36.0 32.0 37.9 27.2 39.7 34.9 - 29.5 27.2 36.6 30.5 32.5 19.4 40.6 28.8 37.5 26.5 27.3 28.2 37.6
fr 64.0 34.5 45.1 39.5 47.4 42.8 60.9 26.7 30.0 - 25.5 56.1 28.3 31.9 25.3 51.6 35.7 61.0 43.8 33.1 35.6 45.8
hu 48.0 24.7 34.3 30.0 33.0 25.5 34.1 29.6 29.4 30.7 - 33.5 29.6 31.9 18.1 36.1 29.8 34.2 25.7 25.6 28.2 30.5
it 61.0 32.1 44.3 38.9 45.8 40.6 26.9 25.0 29.7 52.7 24.2 - 29.4 32.6 24.6 50.5 35.2 56.5 39.3 32.5 34.7 44.3
It 51.8 27.6 33.9 37.0 36.8 26.5 21.1 34.2 32.0 34.4 28.5 36.8 — 40.1 22.2 38.1 31.6 31.6 29.3 31.8 35.3 35.3
v 54.0 29.1 35.0 37.8 38.5 29.7 8.0 34.2 32.4 35.6 29.3 38.9 38.4 - 23.3 41.5 34.4 39.6 31.0 33.3 37.1 38.0
mt 72.1 32.2 37.2 37.9 38.9 33.7 48.7 26.9 25.8 42.4 22.4 43.7 30.2 33.2 - 44.0 37.1 45.9 38.9 35.8 40.0 41.6
nl  56.9 29.3 46.9 37.0 45.4 35.3 49.7 27.5 29.8 43.4 25.3 44.5 28.6 31.7 22.0 - 32.0 47.7 33.0 30.1 34.6 43.6
pl 60.8 31.5 40.2 44.2 42.1 34.2 46.2 29.2 29.0 40.0 24.5 43.2 33.2 35.6 27.9 44.8 - 44.1 38.2 38.2 39.8 42.1
pt 60.7 31.4 42.9 38.4 42.8 40.2 60.7 26.4 29.2 53.2 23.8 52.8 28.0 31.5 24.8 49.3 34.5 - 39.4 32.1 34.4 43.9
ro 60.8 33.1 38.5 37.8 40.3 35.6 50.4 24.6 26.2 46.5 25.0 44.8 28.4 29.9 28.7 43.0 35.8 48.5 - 31.5 35.1 394
sk 60.8 32.6 39.4 48.1 41.0 33.3 46.2 29.8 28.4 39.4 27.4 41.8 33.8 36.7 28.5 44.4 39.0 43.3 35.3 - 42.6 41.8
sl 61.0 33.1 37.9 43.5 42.6 34.0 47.0 31.1 28.8 38.2 25.7 42.3 34.6 37.3 30.0 45.9 38.2 44.1 35.8 38.9

en -—
bg 613 -
de 536 26.3 -
cs 58.4 32.0 42.6 -
da 57.6 28.7 44.1 35.7 -
el 59.5 32.4 43.1 37.7 445 -
es 60.0 31.1 42.7 37.5 44.4 39.4 -
et 52.0 24.6 37.3 35.2 37.8 28.2 40.4

- 427
sv  58.5 26.9 41.0 35.6 46.6 33.3 46.6 27.4 30.9 38.9 22.7 42.0 28.2 31.0 23.7 45.6 32.2 44.2 32.7 31.3 33.5 -
(using the Acquis corpus) [from Koehn et al., 2009]
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What Makes MT Hard?

e Some language pairs more difficult than others

e Finding explanatory factors for diverging performance of Europarl systems

Explanatory Factor R?

Target vocabulary size (~ morphological complexity) | 0.388
Reordering amount 0.384
Language similarity 0.366
Source vocabulary size (~ morphological complexity) | 0.045

[from Birch et al., 2008]

e These factors explain together 75% of the differences in performance

e Similar results in study of Acquis systems [Koehn et al., 2009]

Philipp Koehn Statistical Machine Translation 23 September 2011



Overview

e How does statistical machine translation work?

e How well does statistical machine translation work?

e Patent translation
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e Formulaic language

e Large vocabulary

e Long sentences

e Many specialized domains
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Specific Problems of Patent Translation *

e Formulaic language
— easy to memorize

e Large vocabulary
— learnable with sufficient data

e Long sentences
— hard to translate for syntactically divergent languages

e Many specialized domains
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Who is the Customer?

e Information seekers

— user is tolerant of inferior quality
— machine translation may be good enought

e Lawyers

— high demands for quality
— out of reach for machine translation
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Computer Aided Translation

e Post-editing machine translation

e Other types of collaborations between human and machine

— interactive machine translation

— adapting machine translation to user’'s needs
— interactive terminology database

— bilingual concordancers

— language model based fluency assistance

e Forthcoming EU projects: CASMACAT, MATECAT
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Translation Tool transiate - Mozilla Firefox

Fle Edit Wiew History EBookmarks Tools Help
@ - - |£;] ﬁ | http:/ftool2 statmt.org/sentencesftranslate/563 v & * o,

() Status [ Wiki [AMail MgMail [ JEdU | ) News

Translation Tool pkoehn  logout

Sentence 2 of 20 0z @ a sy e e

[1] &pitzen von Hamburger COU und Griinen éffnen Weg au Koalitionsverhand lun gen [1] Leaders of the Hamburger COL and Grsens open path to coalition negotiations.
[2] Diies erste schware-griine Biindnis mf Landesshene rickt niher Die & piteen vion CT und

Griinen in Hambung halten ihre Differsnzen fiir iiberwindbar. (3] In siner Sondiemngsmindes

beschlossen sie, in den Partsigrzmien iiber den Start von Koalitionsverhandlungen zu

beruten.

[4] Hambury - Sechs Stunden sprichen sie mitsinander. |5 | Dann verkiindsten CEU-C hef [5] Then the COU-leader Michael Freytar and Green party leader Anja Hajduk the division
Michael Freytag und Griinen-Chefin Anja Hajdulk, d& Trennende swischen den Partsien sei between the partiss is brid gahle.

ii bertriickbar,

== || Das erste schwarz-griine Biindnis auf Landesebene riickt niher: Die Spitzen von CDU und Griinen in Hamburg

halten ihre Differenzen fur iiberwindbar. --

enter | the first

das erste schware  @-@  griine  Bindnis auf Landesebene ritckt niher : die  Spitzen
_ black @-@ green alliance in favour of is approaching 2 the lead ers
the first the alliance in favour approaches that the peaple at the top
Allince - on naticmal we are coming o 1 at the top
in Belanis appmachss the top

sk o e clos=l the this



Questions?

statistical
= Machine
= Translation
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