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1Overview

• How does statistical machine translation work?

• How well does statistical machine translation work?

• Patent translation
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2Statistical Machine Translation
• Learning from data (sentence-aligned translated texts)

....Bank..................

..........Bank............

........Bank..............

.................Bank.....

....bank..................

..........bench..........

........bank..............

.................bank.....

German documents English documents

⇒  p(bank|Bank) = 0.75, p(bench|Bank) = 0.25

• New machine translation systems can be built automatically
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3Preparing the Data: Sentence Alignment

Er sieht einen Schatten in den Bäumen.
Der Mann schaut aus dem Fenster.

Was war das?
Er war alamiert und wach.

Er hat schon lange im Wald gelebt.
Er genießt die Einsamkeit des Hauses
Es ist klein.
Aber es ist gemütlich.  
Das nächste Dorf ist meilenweit entfernt.
Er geht dorthin nur einmal in Monat.

Es ist nach der Untergang der heißen Sonne.
Der Wald is voller Geschwätz.
Stimmen von Vögeln und Insekten dringen herüber.

Aber der Schatten war größer als diese Tiere.
Nur Kleingetier lebt hier.
Nicht soetwas Großes.
Es erschien fast so groß wie ein Mensch.
Aber warum, wenn hier niemand jemals herkommt?
Der Mann schaut.
Sein Augen aus dem Fenster gerichtet. 

Minuten vergehen, aber nichts passiert.
Dann plötzlich kehrt er im Mondschein zurück.But then, cast against the bright moonlit, it returns.

As the minutes passed, nothing happens.

Voices of birds and insects fill the air.

But the shadow was larger than those animanls
A comforting sound.

It seemed almost as large as a man.
Only little creatures live here, not this.

But why that?

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

He likes the isolation and solitude of his house.

The next village is miles away.
It's small, but cozy.

It just after dusk.

He only goes there once a week.

The hot sun finally set.
The forest was still abuzz in chatter.

The sees a shadow.
The man looks intently at the window.

What was it?
It was in the trees.

He is alarmed and awake.

He has long lived in the woods.

Philipp Koehn Statistical Machine Translation 23 September 2011



4Preparing the Data: Word Alignment
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5Phrase-Based Translation

• Foreign input is segmented in phrases

– any sequence of words, not necessarily linguistically motivated

• Each phrase is translated into English

• Phrases are reordered
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6Extracting Phrases from Data
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Given a word alignment: extract phrase pairs, estimate probabilities
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7Phrase Translation Table

• Phrase Translations for “den Vorschlag”

English φ(e|f) English φ(e|f)

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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8Language Model

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

– the house is big → good
– the house is xxl → worse
– house big is the → bad

• Given: English words W = w1, w2, w3, ..., wn — what is p(W )?

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

p(w1, w2, w3, ..., wn) = p(w1) p(w2|w1) p(w3|w2)...p(wn|wn−1)

• Models trained on large amounts of monolingual text (billions of words)
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9Translation Options

he

er geht ja nicht nach hause

it
, it

, he

is
are

goes
go

yes
is

, of course

not
do not

does not
is not

after
to

according to
in

house
home

chamber
at home

not
is not

does not
do not

home
under house
return home

do not

it is
he will be

it goes
he goes

is
are

is after all
does

to
following
not after

not to

,

not
is not

are not
is not a

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

Philipp Koehn Statistical Machine Translation 23 September 2011



10Decoding

er geht ja nicht nach hause

are

it

he
goes

does not

yes

go

to

home

home
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11Syntactic Models

I shall be passing on to you some comments

PRP MD VB VBG RP TO PRP DT NNS

NPPP

VP

VP

VP

S

Ich werde Ihnen die entsprechenden Anmerkungen aushändigen
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12More Data, Better Translations

0.15

0.20

0.25

0.30

10k 20k 40k 80k 160k 320k

Swedish

Finnish

German

French

[from Koehn, 2003: Europarl]

• Log-scale improvements on BLEU:
Doubling the training data gives constant improvement (+1 %BLEU)
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13More LM Data, Better Translations

[from Och, 2005: MT Eval presentation]

• Also log-scale improvements on BLEU:
doubling the training data gives constant improvement (+0.5 %BLEU)
(last addition is 218 billion words out-of-domain web data)
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14Overview

• How does statistical machine translation work?

• How well does statistical machine translation work?

• Patent translation
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15How Good?

• It depends...

• 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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1675% Cost Cut?
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17Language Pairs Differ
Target Language

en bg de cs da el es et fi fr hu it lt lv mt nl pl pt ro sk sl sv

en – 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
bg 61.3 – 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
de 53.6 26.3 – 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
cs 58.4 32.0 42.6 – 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
da 57.6 28.7 44.1 35.7 – 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
el 59.5 32.4 43.1 37.7 44.5 – 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
es 60.0 31.1 42.7 37.5 44.4 39.4 – 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
et 52.0 24.6 37.3 35.2 37.8 28.2 40.4 – 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
lt 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
lv 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 39.4
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 – 42.7
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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18What Makes MT Hard?

• Some language pairs more difficult than others

• Finding explanatory factors for diverging performance of Europarl systems

Explanatory Factor R2

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]

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

• Similar results in study of Acquis systems [Koehn et al., 2009]
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19Overview

• How does statistical machine translation work?

• How well does statistical machine translation work?

• Patent translation
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20Specific Problems of Patent Translation

• Formulaic language
→ x

• Large vocabulary
→ x

• Long sentences
→ x

• Many specialized domains
→ x
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21Specific Problems of Patent Translation

• Formulaic language
→ easy to memorize

• Large vocabulary
→ learnable with sufficient data

• Long sentences
→ hard to translate for syntactically divergent languages

• Many specialized domains
→ challenge to develop better domain adaptation methods
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22Who is the Customer?

• Information seekers

– user is tolerant of inferior quality
– machine translation may be good enough

• Lawyers

– high demands for quality
– out of reach for machine translation
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23Computer Aided Translation

• Post-editing machine translation

• 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

• Forthcoming EU projects: Casmacat, MateCat
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25

Questions?
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