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The U.S. island of Guam is maintaining a high 
state of alert after the Guam airport and its offices 
both received an e-mail from someone calling 
himself the Saudi Arabian Osama bin Laden and 
threatening a biological/chemical attack against 
public places such as the airport. 

MT

Overview

What is this course about?
• introduction of statistical machine translation (SMT)
• training SMT models and using them for translation
• identifying MWEs in parallel texts and using them in MT

Setup
• Foundations of statistical MT
• Translation as decoding
• Multi-word expressions and MT
• Lab-session on phrase-based SMT

Computational Linguistics and MT
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Multi-Word Expressions and MT

What are multi-word expressions?
• non-compositionality

Machine translation models
• must generalise (using composition)

Everything depends on the context
• I’ll get a cup of coffee
• I didn’t get the joke
• I get up at 8am
• I get nervous
• Yeah, I get around

Expert-Driven Rule-Based Systems
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3.3 Synchronous Context Free Grammar (SCFG) 

      SMT systems often produce ungrammatical and disfluent translation hypotheses. 

This is mainly because of language models that only look at local contexts (n-gram 

models). Syntax-based approaches to machine translation aim at fixing the problem of 

producing such disfluent outputs. Such syntax-based systems may take advantage of 

Synchronous Context Free Grammars (SCFG): mappings between two context free 

rules that specify how source language phrase structures correspond to target language 

phrase structures. For example, the following basic rule maps noun phrases in the 

source and target languages, and defines the order of the daughter constituents (Noun 

and Adjective) in both languages. 

 

NP::NP [Det ADJ N] Æ [Det N ADJ] 

 

This rule maps English NPs to French NPs, stating that an English NP is constructed 

from daughters Det, ADJ and N, while the French NP is constructed from daughters 

Det, N and ADJ, in this order. Figure 3a demonstrates translation using transfer of such 

derivation trees from English to French using this SCFG rule and lexical rules. 

 

 

 

 

 

 

 

 

 

 
 
 

Figure 3a – translation of the English NP “The  red  house”  into  the  French  NP  

“La  maison  rouge”  using  SCFG 

N Æ house 
ADJ Æ red 
Det Æ the 
NP Æ Det ADJ N 
 

N Æ maison 
ADJ Æ rouge 
Det Æ la 
NP Æ Det N ADJ 
 

la maison rouge 

Det N ADJ 

NP 

the red house 

Det ADJ N 

NP 

VP → PP[+Goal] V  ⇒  VP → V PP[+Goal] Text

What are the problems?

• Static categorical models
• But languages are dynamic, 

ambiguous, distributional

source language target language

meaning

Machine Translation as Decoding

When I look at an article in Russian, I say: 
This is really written in English, 
but it has been coded in some strange symbols.
I will now proceed to decode. 

[Weaver, 1947, 1949]

learn the 
unknown code

Finding Patterns (Knight, 1997)

Your Assignment: Translate Klingon to Acturan

• farok crrok hihok yorok clok kantok ok-yurp

No expert around ...
No grammar at hand ...



Finding Patterns (Knight, 1997)
Centauri/Arcturan [Knight, 1997]

1a. ok-voon ororok sprok .

1b. at-voon bichat dat .

7a. lalok farok ororok lalok sprok izok enemok .

7b. wat jjat bichat wat dat vat eneat .

2a. ok-drubel ok-voon anok plok sprok .

2b. at-drubel at-voon pippat rrat dat .

8a. lalok brok anok plok nok .

8b. iat lat pippat rrat nnat .

3a. erok sprok izok hihok ghirok .

3b. totat dat arrat vat hilat .

9a. wiwok nok izok kantok ok-yurp .

9b. totat nnat quat oloat at-yurp .
4a. ok-voon anok drok brok jok .

4b. at-voon krat pippat sat lat .

10a. lalok mok nok yorok ghirok clok .

10b. wat nnat gat mat bat hilat .
5a. wiwok farok izok stok .

5b. totat jjat quat cat .

11a. lalok nok crrrok hihok yorok zanzanok .

11b. wat nnat arrat mat zanzanat .
6a. lalok sprok izok jok stok .

6b. wat dat krat quat cat .

12a. lalok rarok nok izok hihok mok .

12b. wat nnat forat arrat vat gat .

Your assignment, translate this to Arcturan:    farok crrrok hihok yorok clok kantok ok-yurp

Database
of example 
translations

translated
sentence

Klingon
Arcturan

Finding Patterns (Knight, 1997)Centauri/Arcturan [Knight, 1997]

1a. ok-voon ororok sprok .

1b. at-voon bichat dat .

7a. lalok farok ororok lalok sprok izok enemok .

7b. wat jjat bichat wat dat vat eneat .

2a. ok-drubel ok-voon anok plok sprok .

2b. at-drubel at-voon pippat rrat dat .

8a. lalok brok anok plok nok .

8b. iat lat pippat rrat nnat .

3a. erok sprok izok hihok ghirok .

3b. totat dat arrat vat hilat .

9a. wiwok nok izok kantok ok-yurp .

9b. totat nnat quat oloat at-yurp .
4a. ok-voon anok drok brok jok .

4b. at-voon krat pippat sat lat .

10a. lalok mok nok yorok ghirok clok .

10b. wat nnat gat mat bat hilat .
5a. wiwok farok izok stok .

5b. totat jjat quat cat .

11a. lalok nok crrrok hihok yorok zanzanok .

11b. wat nnat arrat mat zanzanat .
6a. lalok sprok izok jok stok .

6b. wat dat krat quat cat .

12a. lalok rarok nok izok hihok mok .

12b. wat nnat forat arrat vat gat .

Your assignment, translate this to Arcturan:    farok crrrok hihok yorok clok kantok ok-yurp

Finding Patterns (Knight, 1997)

Your assignment, translate this to Arcturan:    farok crrrok hihok yorok clok kantok ok-yurp

Centauri/Arcturan [Knight, 1997]

1a. ok-voon ororok sprok .

1b. at-voon bichat dat .

7a. lalok farok ororok lalok sprok izok enemok .

7b. wat jjat bichat wat dat vat eneat .

2a. ok-drubel ok-voon anok plok sprok .

2b. at-drubel at-voon pippat rrat dat .

8a. lalok brok anok plok nok .

8b. iat lat pippat rrat nnat .

3a. erok sprok izok hihok ghirok .

3b. totat dat arrat vat hilat .

9a. wiwok nok izok kantok ok-yurp .

9b. totat nnat quat oloat at-yurp .
4a. ok-voon anok drok brok jok .

4b. at-voon krat pippat sat lat .

10a. lalok mok nok yorok ghirok clok .

10b. wat nnat gat mat bat hilat .
5a. wiwok farok izok stok .

5b. totat jjat quat cat .

11a. lalok nok crrrok hihok yorok zanzanok .

11b. wat nnat arrat mat zanzanat .
6a. lalok sprok izok jok stok .

6b. wat dat krat quat cat .

12a. lalok rarok nok izok hihok mok .

12b. wat nnat forat arrat vat gat .
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3b. totat dat arrat vat hilat .

9a. wiwok nok izok kantok ok-yurp .

9b. totat nnat quat oloat at-yurp .
4a. ok-voon anok drok brok jok .

4b. at-voon krat pippat sat lat .

10a. lalok mok nok yorok ghirok clok .

10b. wat nnat gat mat bat hilat .
5a. wiwok farok izok stok .

5b. totat jjat quat cat .

11a. lalok nok crrrok hihok yorok zanzanok .

11b. wat nnat arrat mat zanzanat .
6a. lalok sprok izok jok stok .

6b. wat dat krat quat cat .

12a. lalok rarok nok izok hihok mok .

12b. wat nnat forat arrat vat gat .

Your assignment, translate this to Arcturan:    farok crrrok hihok yorok clok kantok ok-yurp
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Finding Patterns (Knight, 1997)
Centauri/Arcturan [Knight, 1997]
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1a. ok-voon ororok sprok .

1b. at-voon bichat dat .

7a. lalok farok ororok lalok sprok izok enemok .

7b. wat jjat bichat wat dat vat eneat .
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Finding Patterns (Knight, 1997)
Centauri/Arcturan [Knight, 1997]

1a. ok-voon ororok sprok .

1b. at-voon bichat dat .

7a. lalok farok ororok lalok sprok izok enemok .

7b. wat jjat bichat wat dat vat eneat .

2a. ok-drubel ok-voon anok plok sprok .

2b. at-drubel at-voon pippat rrat dat .
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9a. wiwok nok izok kantok ok-yurp .

9b. totat nnat quat oloat at-yurp .
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Your assignment, translate this to Arcturan:    farok crrrok hihok yorok clok kantok ok-yurp
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Finding Patterns (Knight, 1997)

Your assignment, put these words in order:    { jjat, arrat, mat, bat, oloat, at-yurp }

Centauri/Arcturan [Knight, 1997]

1a. ok-voon ororok sprok .

1b. at-voon bichat dat .
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4a. ok-voon anok drok brok jok .

4b. at-voon krat pippat sat lat .
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6b. wat dat krat quat cat .
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12b. wat nnat forat arrat vat gat .

zero
fertility



Finding Patterns (Knight, 1997)
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Finding Patterns (Knight, 1997)

Clients do not sell pharmaceuticals in Europe => Clientes no venden medicinas en Europa

It’s Really Spanish/English

1a. Garcia and associates .
1b. Garcia y asociados .

7a. the clients and the associates are enemies .
7b. los clients y los asociados son enemigos .

2a. Carlos Garcia has three associates .
2b. Carlos Garcia tiene tres asociados .

8a. the company has three groups .
8b. la empresa tiene tres grupos .

3a. his associates are not strong .
3b. sus asociados no son fuertes .

9a. its groups are in Europe .
9b. sus grupos estan en Europa .

4a. Garcia has a company also .
4b. Garcia tambien tiene una empresa .

10a. the modern groups sell strong pharmaceuticals .
10b. los grupos modernos venden medicinas fuertes .

5a. its clients are angry .
5b. sus clientes estan enfadados .

11a. the groups do not sell zenzanine .
11b. los grupos no venden zanzanina .

6a. the associates are also angry .
6b. los asociados tambien estan enfadados .

12a. the small groups are not modern .
12b. los grupos pequenos no son modernos .

Data-Driven Machine Translation

source language target language

meaning

decoding

MT model

human translations

Data-Driven Machine Translation

Hmm, every time he sees 
“banco”, he either types 
“bank” or “bench”  but if 
he sees “banco de ”,
he always types “bank”, 
never “bench” 

Man, this is so boring.

Translated documents

Data-Driven Machine Translation

Hmm, every time he sees 
“banco”, he either types 
“bank” or “bench”  but if 
he sees “banco de ”,
he always types “bank”, 
never “bench” 

Man, this is so boring.

Translated documents

target language data

translation
modeling

language
modelingLearning Algorithm

Statistical Machine TranslationMachine Translation

初⦌␂⼪⦌棔㧉⧉♙␅┭⏻⸳⧖㘴噆₏
⚜呹䱿㼨⦿棎㕘↾⹛⟕㕘䤊䷘♠⒉䤓䟄
⷟挽ↅ᧨Ⲑ卐⺕↩⚠㧉⧉䷘⏻↦⦿㡈♠
┷䞮▥嬼⒊㈛᧨␂⼪兞≬㖐浧ㄵ㒡⮖ᇭ

The U.S. island of Guam is maintaining a high 
state of alert after the Guam airport and its offices 
both received an e-mail from someone calling 
himself the Saudi Arabian Osama bin Laden and 
threatening a biological/chemical attack against 
public places such as the airport. 

P(e|f) Search problem (decoding):
e* = argmax P(e|f)
              e

Probabilistic Model:



Use Bayes’ Rule to Decompose p(e|f) into
• Translation Model p(f |e)
• Target Language Model p(e)

What’s in a translation model?
What’s in a language model?

Statistical Machine Translation
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Let us step through the mathematics of trigram language models,
(i.e. using n-gram language models with n=3).

p(e) = p(e
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, e
2

, ..., en)
= p(e
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, en�1

)
(4.22)

We decompose the whole-sentence probability into single-word probabil-
ities, using the chain rule. Then, we make the independence assumption
that only the previous two words matter for predicting a word.

To estimate the probabilities for a trigram language model, we need
to collect statistics for three word sequences from large amounts of text.
In statistical machine translation, we use the English side of the parallel
corpus, but may also include additional text resources.

Chapter 7 has more detail on how language models are built.

4.3.3 Noisy Channel Model

How can we combine a language model and our translation model? Recall
that we want to find the best translation e for an input sentence f. We now
apply the Bayes rule to include p(e):

argmaxep(e|f) = argmaxe
p(f |e)p(e)

p(f)
= argmaxep(f |e)p(e)

(4.23)

Note that, mathematically, the translation direction has changed from
p(e|f) to p(f |e). This may create a lot of confusion, since the concept of
what constitutes the source language di↵ers between the mathematics of the
model and the actual application. We try to stay away from this confusion
as much as possible by sticking to the notation p(e|f) when formulating a
translation model.

Combining a language model and translation model this way is called the
noisy channel model. This method is widely used in speech recognition,
but can be traced back to early information theory.

Shannon [Shannon, 1948] developed the noisy channel model for his work
on error correcting codes. In this scenario, a message is passed through a
noisy channel, such a low-quality telephone line from a source S to a receiver
R. See Figure 4.6 for an illustration.

The receiver only gets a corrupted message R. The challenge is now
to reconstruct the original message using knowledge about possible source

Statistical Machine Translation

Modeling Translation
• word-based models
• phrase-based models
• hierarchical models

Learning Model Parameters
• sentence and word alignment
• rule extraction and scoring
• parameter tuning

Decoding
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Figure 5.1: Phrase-based machine translation. The input is segmented into
phrases (not necessarily linguistically motivated), translated one-to-one into phrases
in English and possibly reordered.

by five phrase pairs. The English phrases have to be reordered, so that the
verb follows the subject.

The German word natuerlich best translates into of course. To cap-
ture this, we would like to have a translation table that maps not words
but phrases. A phrase translation table of English translations for the
German natuerlich may look like the following:

Translation Probability p(e|f)
of course 0.5
naturally 0.3
of course , 0.15
, of course , 0.05

It is important to point out that current phrase-based models are not
rooted in any deep linguistic notion of the concept phrase. One of the
phrases in Figure 5.1 is fun with the. This is an unusual grouping. Most
syntactic theories would segment the sentence into the noun phrase fun and
the prepositional phrase with the game.

However, learning the translation of spass am into fun with the is very
useful. German and English prepositions do not match very well. But the
context provides useful clues how they have to be translated. The German
am has many possible translations in English. Translating it as with the is
rather unusual (more common is on the or at the), but in the context of
following spass it is the dominant translation.

Let’s recap: We have illustrated two benefits of translations based on
phrases instead of words: For one, words may not be the best atomic units
for translation, due to frequent one-to-many mappings (and vice versa).
Secondly, translating word groups instead of single words helps to resolve

Language Models

Probabilistic Language Models

Prefer one string over another (ensure fluency)
• “small step”:  5,880,000 hits on Google
• “little step”:   1,780,000 hits on Google

Language model
• estimate how likely a string is in a given language

Chapter 7

Language Models

One essential component of any statistical machine translation system is
the language model, which measures how likely a sequence of words may
be uttered by an English speaker. It is easy to see the benefits of such
a model. Obviously, we want a machine translation systems to not only
produce output words that are true to the original in meaning, but string
them together in fluent English sentences.

In fact, the language model typically does much more than just enable
fluent output. It supports di�cult decisions in word order and word transla-
tion. For instance, a probabilistic language model p

lm

should prefer correct
word order over incorrect word order:

p
lm

(the house is small) > p
lm

(small the is house) (7.1)

Formally, a language model is a function that takes an English sentence
and returns a probability how likely it is produced by an English speaker.
According to the example above, it is more likely that an English speaker
utters the sentence the house is small than the sentence small the is house.
Hence, a good language model p

lm

assigns a higher probability to the first
sentence.

This preference of the language model aids a statistical machine transla-
tion system to find the right word order. Another area where the language
model aids translation is word choice. If a foreign word (such as the Ger-
man Haus) has multiple translations (house, home, ...), lexical translation
probabilities already give preference to the more common translation (here:
house). But in specific contexts, other translations are preferred. Again,
the language model steps in. It gives higher probability to the most natural
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word choice in context, for instance:

p
lm

(I am going home) > p
lm

(I am going house) (7.2)

This chapter presents the dominant language modelling methodology,
n-gram language models, along with smoothing and back-o↵ methods that
address issues of data sparseness: the problems that arise from having to
build models with limited training data.

7.1 N-Gram Language Models

The leading method for language models is n-gram language modelling. N-
gram language models are based on statistics how likely words follow each
other. Recall the last example: If we analyze a large amount of text, we
will observe that the word home follows more often the word going than the
word house does. We will be exploiting such statistics.

Formally, in language modelling, we want to compute the probability of
a string W = w

1

, w
2

, ..., wn. Intuitively, p(W ) is the probability that if we
pick a sequence of English words at random (by opening a random book or
magazine at a random place, or by listening to a conversation) it turns out
to be W .

How can we compute p(W )? The typically approach to statistical es-
timation calls for first collecting a large amount of text and counting how
often W occurs in it. However, most long sequences of words will not oc-
cur in the text at all. So we have to break down the computation of p(W )
into smaller steps, for which we can collect su�cient statistics and estimate
probability distributions.

Dealing with sparse data that limits us to collect su�cient statistics
to estimate reliable probability distributions is the fundamental problem in
language modelling. In this chapter, we will examine methods that address
this issue.

7.1.1 Markov chain

In n-gram language modelling, we break up the process of predicting a word
sequence W into predicting one word at a time. We first decompose the
probability using the chain rule:

p(w
1

, w
2

, ..., wn) = p(w
1

) p
(

w
2

|w
1

) ... p(wn|w
1

, w
2

, ..., wn�1

) (7.3)



N-Gram Language Models

Parameter estimation
• p(“the house is small”) = …?

Markov assumption: Limit context, e.g. trigrams only
• p(the) * p(house | the) * p(is | the, house) * p(small | house, is)

Maximum likelihood estimation

•
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The language model probability p(w
1

, w
2

, ..., wn) is a product of word
probabilities given a history of preceding words. To be able to estimate
these word probability distributions, we limit the history to m words:

p(wn|w
1

, w
2

, ..., wn�1

) ' p(wn|wn�m, ..., wn�2

, wn�1

) (7.4)

This type of model, where we step through a sequence (here: a sequence
of words), and consider for the transitions only a limited history, is called a
Markov chain. The number of previous states (here: words) is the order
of the model.

The Markov assumption states that only a limited number of previous
words a↵ect the probability of the next word. It is technically wrong, and
it is not too hard to come up with counter-examples that demonstrate that
a longer history is needed. However, limited data restrict the collection of
reliable statistics to short histories.

Typically, we chose the actually number of words in the history based on
how much training data we have. More training data allows for longer his-
tories. Most commonly, trigram language models are used. They consider
a two word history to predict the third word. This requires the collection of
statistics over sequences of three words, so-called 3-grams (trigrams). Lan-
guage models may also estimated over 2-grams (bigrams), single words
(unigrams), or any other order of n-grams.

7.1.2 Estimation

In its simplest form, the estimation of trigram word prediction probabilities
p(w

3

|w
1

, w
2

) is straight-forward. We count how often the sequence w
1

, w
2

is followed by the word w
3

in our training corpus, opposed to other words.
According to maximum likelihood estimation, we compute:

p(w
3

|w
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, w
2

) =
count(w
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3

)P
w count(w

1
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2
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(7.5)

Figure 7.1 gives some examples on how this estimation works on real
data, in this case the European parliament corpus. We consider three dif-
ferent histories: the green, the red, and the blue. The words that most fre-
quently follow are quite di↵erent for the di↵erent histories. For instance the
red cross is a frequent trigram in the Europarl corpus, which also mentions
a lot the green party, a political organization.

Let us look at one example for the maximum likelihood estimation of
word probabilities given a two word history. There are 225 occurrences

trigram frequency counts 
in large data sets

frequency of anything
else following w1 and w2

the
the house
the house is
      house is small
                 is small . Translation Models

Word-Based Translation Models

6

Reordering

• Words may be reordered during translation

das Hausistklein

the house is small

1 2 3 4

1 2 3 4

a : {1 → 3, 2 → 4, 3 → 2, 4 → 1}

Koehn, U Edinburgh ESSLLI Summer School Day 2

7

One-to-many translation

• A source word may translate into multiple target words

das Haus ist klitzeklein

the house is very small
1 2 3 4

1 2 3 4

5

a : {1 → 1, 2 → 2, 3 → 3, 4 → 4, 5 → 4}

Koehn, U Edinburgh ESSLLI Summer School Day 240

Generative Model:  Source language words are 
generated by target language words

Translation:  Find the most likely word 
sequences that may have generated the foreign 
string of words.

Words translate without looking at any context

Count translation statistics in aligned training data:
• How often is Haus translated into ....

Context-Independent Models

Collect Statistics

Look at a parallel corpus (German text along with English translation)

Translation of Haus Count
house 8,000
building 1,600
home 200
household 150
shell 50

Chapter 4: Word-Based Models 2



Estimate Translation Probabilities:
• Maximum Likelihood Estimation (MLE)

• for f = Haus:

Context-Independent Models

Estimate Translation Probabilities

Maximum likelihood estimation

pf(e) =

8
>>>>>><

>>>>>>:

0.8 if e = house,
0.16 if e = building,

0.02 if e = home,
0.015 if e = household,

0.005 if e = shell.

Chapter 4: Word-Based Models 3

t(f |e) = count(f, e)

count(e)

t(f |e) =

Context-Independent Models

What does this mean for p(f |e)?

What does this mean for p(e|f) = p(f |e) p(e)?
• p( the house is small | das Haus ist klein )
• p( the is small house | das Haus ist klein )
• p( the house is small | das Haus ist klein )

4.4. Higher IBM Models 111

As a consequence, according to IBM Model 1 the translation probabilities
for the following two alternative translations are the same:

natürlich ist haus klein

of course the house is small

das

1 2 3 4 5 6

1 2 4 53

natürlich ist haus klein

ofcoursethe houseissmall

das

1 2 4 53

521 643

IBM Model 2 addresses the issue of alignment with an explicit model for
alignment based on the positions of the input and output words. The trans-
lation of a foreign input word in position i to an English word in position j
is modelled by an alignment probability distribution

a(i|j, le, lf ) (4.24)

Recall that the length of the input sentence f is denoted as lf , the length
of the output sentence e is le. We can view translation under IBM Model 2
as a two step process with a lexical translation step and an alignment step.

natürlich ist haus klein

of course is the house small

das
1 2 4 53

of course the house is small
1 2 3 4 5 6

lexical translation step

alignment step

The first step is lexical translation as in IBM Model 1, again modelled
by the translation probability t(e|f). The second step is the alignment step.
For instance, translating ist into is has a lexical translation probability of
t(is|ist) and an alignment probability of a(2|5, 6, 5) — the 5th English word
is aligned to the 2nd foreign word.

Note that the alignment function a maps each English output word j to
a foreign input position a(j) and the alignment probability distribution is
also set up in this reverse direction.

Distortion Models

Add a model for positional alignment:

New parameters (different variants):
• d( pos(e) = 5 | pos(f) = 2, length(e) = 6, length(f) = 5)
• d( pos(e) = 5 | pos(e-1) = 2, length(e) = 6) 
• d( pos(e) = 5 | pos(f) = 2, length(e) = 6, f = “ist”, e = “is”)

IBM Model 2

Adding a model of alignment

natürlich ist haus klein

of course is the house small

das
1 2 4 53

of course the house is small
1 2 3 4 5 6

lexical translation step

alignment step
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Fertility Models

Add a fertility parameter:
• What is the likelihood that “natürlich” generates 2 words?
• What is the likelihood that some words are dropped?

new parameters:
• n( 2 | ”natürlich” ) = 0.9
• n( 1 | ”natürlich” ) = ...

IBM Model 2

Adding a model of alignment

natürlich ist haus klein

of course is the house small

das
1 2 4 53

of course the house is small
1 2 3 4 5 6

lexical translation step

alignment step

Chapter 4: Word-Based Models 37



Training Word-Based Models

Need word aligned parallel training data
• large quantities of translated documents
• automatic sentence alignment

Parameter estimation
• word alignments as latent (hidden) variables
• expectation-maximisation algorithm

Language modeling
• probabilistic n-gram models trained on large monolingual data

Phrase-Based Models

Generative Model of Word-Based SMT
Word-based SMT: Generative Model

Bakom huset hittade polisen en stor mängd narkotika .

Bakom huset huset hittade polisen en stor mängd mängd narkotika .

Behind the house found police a large quantity of narcotics .

Behind the house police found a large quantity of narcotics .

1 Fertility
2 Word translation
3 Output ordering

Generative Model of Word-Based SMT
Word-based SMT: Generative Model

Bakom huset hittade polisen en stor mängd narkotika .

Bakom huset huset hittade polisen en stor mängd mängd narkotika .

Behind the house found police a large quantity of narcotics .

Behind the house police found a large quantity of narcotics .

1 Fertility
2 Word translation
3 Output ordering

Fertility (and NULL insertion)



Generative Model of Word-Based SMT
Word-based SMT: Generative Model

Bakom huset hittade polisen en stor mängd narkotika .

Bakom huset huset hittade polisen en stor mängd mängd narkotika .

Behind the house found police a large quantity of narcotics .

Behind the house police found a large quantity of narcotics .

1 Fertility
2 Word translation
3 Output ordering

Fertility (and NULL insertion)
Word translation

Generative Model of Word-Based SMT
Word-based SMT: Generative Model

Bakom huset hittade polisen en stor mängd narkotika .

Bakom huset huset hittade polisen en stor mängd mängd narkotika .

Behind the house found police a large quantity of narcotics .

Behind the house police found a large quantity of narcotics .

1 Fertility
2 Word translation
3 Output ordering

Fertility (and NULL insertion)
Word translation
Re-ordering (distortion)

Generative Model of Phrase-Based SMT

Same example sentence:
• Bakom huset hittade polisen en stor mängd narkotika .

Generative Model of Phrase-Based SMTPhrase-based SMT: Generative Model

Bakom huset hittade polisen en stor mängd narkotika .

Behind the house found police a large quantity of narcotics .

Behind the house police found a large quantity of narcotics .

1 Phrase segmentation
2 Phrase translation
3 Output ordering

Segmentation (into “phrases”)



Generative Model of Phrase-Based SMTPhrase-based SMT: Generative Model

Bakom huset hittade polisen en stor mängd narkotika .

Behind the house found police a large quantity of narcotics .

Behind the house police found a large quantity of narcotics .

1 Phrase segmentation
2 Phrase translation
3 Output ordering

Segmentation (into “phrases”)
Phrase translation

Generative Model of Phrase-Based SMTPhrase-based SMT: Generative Model

Bakom huset hittade polisen en stor mängd narkotika .

Behind the house found police a large quantity of narcotics .

Behind the house police found a large quantity of narcotics .

1 Phrase segmentation
2 Phrase translation
3 Output ordering

Segmentation (into “phrases”)
Phrase translation
Phrase reordering (distortion)

Alternative Segmentation

Additional challenge in PB-SMT: Any segmentation is possible!
• in practice: fixed maximum phrase length (typically 7 words)
• fixed distortion limit (typically 6)

Phrase-based SMT: Alternative segmentation

Bakom huset hittade polisen en stor mängd narkotika .

Behind the house police found a large quantity of narcotics .

Behind the house police found a large quantity of narcotics .

1 Phrase segmentation
2 Phrase translation
3 Output ordering

agreementreordering
definiteness

• can handle non-compositional expressions
• lexical disambiguation based on local context

Training Phrase-Based ModelsWord alignment – union

a
moment

ago
I

had
just
lost
my
ice

cream
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de
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g
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ta
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se

n

En-Sv (M–1)

Sv-En (1–N)

Both

Intersection

Union

word alignment

target language
sentence

source language
sentence



Phrase Extraction

Extract ALL phrase pairs that are consistent with underlying 
word alignment

Extracting phrase pairs

Extract phrase pairs that are consistent with word
alignments

A
moment

ago
I

had
just
lost
my
ice

cream

N
ys

s
ha

de
ja

g
pr

ec
is

ta
pp

at
bo

rt
gl

as
se

n

just lost–precis tappat bort

Consistent Phrase Pairs

No word is aligned to any word outside of the phrase pair!

Phrase Extraction
Phrases extracted

A

moment

ago

I

had

just

lost

my
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cream
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y
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d
e

j
a
g

p
r
e
c
i
s

t
a
p
p
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t

b
o
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t

g
l
a
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s
e
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a moment ago–nyss, I–jag, had–hade, just–precis

lost–tappat bort, ice cream–glassen

lost my–tappat bort, my ice cream–glassen

I had–hade jag, lost my ice cream–tappat bort glassen

just lost–precis tappat bort, just lost my–precis tappat bort

a moment ago I had–nyss hade jag, I had just–hade jag precis

just lost my ice cream–precis tappat bort glassen

a moment ago I had just–nyss hade jag precis

I had just lost my ice cream–hade jag precis tappat bort glassen

. . .

a moment ago I had just lost my ice cream–

nyss hade jag precis tappat bort glassen

Phrase Extraction
Phrases extracted
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a moment ago I had just–nyss hade jag precis

I had just lost my ice cream–hade jag precis tappat bort glassen

. . .

a moment ago I had just lost my ice cream–

nyss hade jag precis tappat bort glassen
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just lost–precis tappat bort, just lost my–precis tappat bort

a moment ago I had–nyss hade jag, I had just–hade jag precis

just lost my ice cream–precis tappat bort glassen

a moment ago I had just–nyss hade jag precis

I had just lost my ice cream–hade jag precis tappat bort glassen

. . .

a moment ago I had just lost my ice cream–

nyss hade jag precis tappat bort glassen



Phrase ExtractionPhrases extracted

A

moment

ago

I

had

just

lost

my

ice

cream

N
y
s
s

h
a
d
e

j
a
g

p
r
e
c
i
s

t
a
p
p
a
t

b
o
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a moment ago–nyss, I–jag, had–hade, just–precis

lost–tappat bort, ice cream–glassen

lost my–tappat bort, my ice cream–glassen

I had–hade jag, lost my ice cream–tappat bort glassen

just lost–precis tappat bort, just lost my–precis tappat bort

a moment ago I had–nyss hade jag, I had just–hade jag precis

just lost my ice cream–precis tappat bort glassen

a moment ago I had just–nyss hade jag precis

I had just lost my ice cream–hade jag precis tappat bort glassen

. . .

a moment ago I had just lost my ice cream–

nyss hade jag precis tappat bort glassen

Phrase Translation Probabilities

Extract all phrase pairs
• up to a certain size (typically: max 7 words)
• from all sentence pairs in the training data
• sort them and count

Probability estimation by MLE:

Scoring phrase translations

Phrase pair extraction: collect all phrase pairs from the data
Phrase pair scoring: assign probabilities to phrase
translations
Score by relative frequency (MLE):

�(t|s) = count(s, t)P
ti
count(s, t

i

)

Potentially improve scoring by smoothing

phrase pair count

count of source phrase
aligned to any other
target language phrase

Phrase Translation Tables

Translations of “begreppet” extracted from Europarl

• lexical variation (announcement, message, news, told, …)
• morphological variation (information, informed)
• including function words and lots of noise

Real example

Phrase translations for begreppet learned from the Europarl
corpus

English �(t|s) English �(t|s)
the 0.226415 the news 0.012816

told 0.169811 the report 0.008544

announcement 0.075472 the information 0.008544

message 0.056604 the back 0.004272

news 0.056604 the suspension 0.004272

information 0.037736 the death 0.004272

informed 0.037736 this announcement 0.002848

learnt 0.037736 this news 0.002136

peace of mind by ensuring 0.027778 a message 0.001539

insight 0.018868 his answer 0.000356

the announcement 0.017088 were told 0.000229

the message 0.012816 the back and 2.917e-05

lexical variation (announcement, message, news, told, . . . )
Morphological variation (information, informed)
Included function words (the, a, were, this)
Noise (the, the back and)

translated
EU speeches

translation
probability

Extension: Weighted Models

Components of Phrase-Based SMT
• phrase translation model
• reordering model
• language model

Log-Linear models with weighted feature functions:
• forget about generative models
• give components different weights

Log-linear models

Such a weighted model is a log-linear model:

p(x) = exp

nX

i=1

�

i

h

i

(x)

Our feature functions:
three feature functions n = 3

random variable x = (s, t, start, end)
feature function h1 = log �

feature function h2 = log d

feature function h3 = log pLM

feature function
(component)

feature-specific
weight



Extension: Weighted Models

Flexible framework
• add more feature functions if necessary
• optimize contribution of each component (but how?)

Typical systems have additional feature functions:
• bidirectional phrase translations φ(s|t) and φ(t|s) 
• lexical weighting of phrase pairs
• word count feature (avoid short translations)
• phrase count feature (prefer fine segmentation)
• lexicalised reordering
• (multiple language models)

Summing Up

Take Home Messages

Data-driven machine translation
• learn to translate from parallel training data
• unsupervised alignment and statistical scores
• n-gram language modeling

Statistical translation models
• context-independent word-based models
• local context with phrase-based models

Next Steps

Translate with statistical models
• translation as decoding
• left-to-right beam search decoder

Hierarchical models
• hierarchical phrase-based models
• linguistically-motivated syntax in SMT
• translation by parsing with synchronous grammars

Multi-word expressions and SMT
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