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The Tower of Babel

Pieter Brueghel the Elder (1563)



Georges Artsrouni’s “mechanical brain”, 
patented 1933 (France)



ENIAC (1946)



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.”

Warren Weaver (1949)



Popular view of MT in 2003



Popular view of MT in 2013



Because we want to provide everyone with access to 
all the world's information, including information 

written in every language, one of the exciting projects 
at Google Research is machine translation... Now you 
can see the results for yourself. We recently launched 

an online version of our system for Arabic-English 
and English-Arabic. Try it out!
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Translation Live

4/28/2006 03:40:00 PM
Franz Och



7 years later

How did they do this?







































...But the probability that an event has 
happened is the same as the probability I 

have to guess right if I guess it has 
happened.  Wherefore the following 

proposition is evident: If there be two 
subsequent events, the probability of the 2d 
b/N and the probability both together P/N, 

and it being 1st discovered that the 2d 
event has also happened, the probability I 

am right is P/b.

Thomas Bayes
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p(English|Chinese) ∼

p(English) × p(Chinese|English)

Machine Translation

What is the probability of an English sentence? 

What is the probability of a Chinese sentence, given a 
particular English sentence? 
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Language Models

Our language model must assign a probability 
to every possible English sentence.

Q: What should this model look like?

Q2: What is the dumbest thing you can think of?

A: An n-gram model.
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IBM Model 1

p(despite| )虽然

p(however| )

p(although| )

p(northern| )

p(north| )北

虽然

虽然

北



IBM Model 1

p(despite| )虽然

p(however| )

p(although| )

p(northern| )

p(north| )北

虽然

虽然

北

???

???

???

???

???



IBM Model 1

p(despite| )虽然

p(however| )

p(although| )

p(northern| )

p(north| )北

虽然

虽然

北

???

???

???

???

???

θ{



虽然  北  风  呼啸  ,  但  天空  依然  十分  清澈  。
Although north wind howls  ,    but     sky      still      very     clear     .

However , the sky remained clear under the strong north wind .

IBM Model 1

???=p(north| )北



Suppose that we only ever see 北 aligned to
north or northern. 

北 → north 北 → northern



p(northern| )p(north| )北 北

Suppose that we only ever see 北 aligned to
north or northern. 

北 → north 北 → northern



p(north| )北

Suppose that we only ever see 北 aligned to
north or northern. 

北 → north 北 → northern

p(north| )北1-



北 → north
北 → northern
北 → north
北 → northern
北 → north

北 → north
北 → north
北 → north
北 → north
北 → northern



北 → north
北 → northern
北 → north
北 → northern
北 → north

北 → north
北 → north
北 → north
北 → north
北 → northern

p(north| )北 ?



北 → north
北 → northern
北 → north
北 → northern
北 → north

北 → north
北 → north
北 → north
北 → north
北 → northern

p(north| )北 ?

p(data) = p(north| )7 + p(northern| )3北 北



北 → north
北 → northern
北 → north
北 → northern
北 → north

北 → north
北 → north
北 → north
北 → north
北 → northern

p(north| )北 ?

北 北p(data) = p(north| )7 + [1− p(north| )]3



0 1

p(data)

北 北p(data) = p(north| )7 + [1− p(north| )]3

p(north| )北



0 1

p(data)

北 北p(data) = p(north| )7 + [1− p(north| )]3

p(north| )北



0 1

p(data)

北 北p(data) = p(north| )7 + [1− p(north| )]3

p(north| )北
.7



虽然  北  风  呼啸  ,  但  天空  依然  十分  清澈  。
Although north wind howls  ,    but     sky      still      very     clear     .

However , the sky remained clear under the strong north wind .

IBM Model 1

# of times 北 occurs
# of times 北 aligns to north
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number of
sentences

French, English
sentence lengths

alignment of French 
word at position i

French, English
word pair
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marginalize over alignments:
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MLE for IBM Model 1 (unobserved)

θ̂ = arg max
θ

log



C ·
�

f,e

p(f |e)E[count(�f,e�)]





Not constant! Depends on parameters, 
no analytic solution.

But it does strongly imply an iterative solution.
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The Plan: Bootstrapping

•Arbitrarily select a set of parameters (say, uniform).

•Calculate expected counts of the unseen events.

•Choose new parameters to maximize likelihood, 
using expected counts as proxy for observed counts.

•Iterate.

•Guarantee: likelihood will be monotonically 
nondecreasing.
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The Plan: Bootstrapping

However , the sky remained clear under the strong north wind .

if we had observed the 
alignment, this line would 

either be here (count 1) or it 
wouldn’t (count 0).

since we didn’t observe the 
alignment, we calculate the 
probability that it’s there.
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Marginalize: sum all alignments containing the link
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Divide by sum of all possible alignments

Is this hard? How many alignments are there?
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Expectation Maximization

北p(north| )
.
�

c∈Chinese words p(north|c)

marginal probability (expected count) of an 
alignment containing the link

For each sentence, use this 
quantity instead of 0 or 1
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北p(north| )
.
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Why does this even work?
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Expectation Maximization

Observation 1: We are still solving a 
maximum likelihood estimation problem.

p(Chinese|English) =
�

alignments

p(Chinese, alignment|English)

MLE: choose parameters that maximize this 
expression.

Minor problem: there is no analytic solution.



(from Minka ’98)
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Decoding

Probability models enable us to make predictions:
Given a particular Chinese sentence, what is the most 

probable English sentence corresponding to it?

In math, we want to solve:
argmaxEnglish p(English|Chinese)

problem: there are a lot of English sentences to 
choose from!
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15,000 possibilities!
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the strong north wind .

Given a sentence pair and an 
alignment, we can easily calculate      

p(English, alignment|Chinese)

Can we do this without enumerating                pairs?O(5n
n!)
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There are                 target sentences.

Key Idea

But there are only               ways to start them.

O(5n
n!)

O(5n)
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北  风  呼啸  。

coverage vector

Key Idea

north
p(north|START ) · p( |north)北

wind

p(wind|north) · p( |wind)风

Work done at sentence beginnings is shared across 
many possible output sentences!

p(strong|north) · p( |strong)呼啸

strong
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Key Idea

Dynamic Programming

each edge labelled 
with a weight and a 

word (or words)

north, 0.014

weighted finite-state automata

bad, but much 
better than

O(5n
n!)

amount of work:
O(5n2n)



Weighted languages

•The lattice describing the set of all possible 
translations is a weighted finite state automaton.

•So is the language model.

•Since regular languages are closed under 
intersection, we can intersect the devices and run 
shortest path graph algorithms.

•Taking their intersection is equivalent to computing 
the probability under Bayes’ rule.
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北  风  呼啸  。

London Paris NY Tokyo .

Can we do better?

Each arc weighted by 
translation probability + 

bigram probability

Objective: find shortest path that visits each word once.

Probably not: this is the traveling salesman problem.



Two Problems

•Exact decoding requires exponential time.

•This is a consequence of arbitrary permutation.

•But in translation reordering is not arbitrary!

•Parameterization of reordering is weak.

•No generalization!
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Garcia and associates .

Garcia y asociados .
Carlos Garcia has three associates .

Carlos Garcia tiene tres asociados .
his associates are not strong .

sus asociados no son fuertes .
Garcia has a company also .

Garcia tambien tiene una empresa .
its clients are angry .

sus clientes estan enfadados .
the associates are also angry .

los asociados tambien estan enfadados .

la empresa tiene enemigos fuertes en Europa .

the company has strong enemies in Europe .
the clients and the associates are enemies .

los clientes y los asociados son enemigos .
the company has three groups .

la empresa tiene tres grupos .
its groups are in Europe .

sus grupos estan en Europa .
the modern groups sell strong pharmaceuticals .

los grupos modernos venden medicinas fuertes .
the groups do not sell zanzanine .

los grupos no venden zanzanina .
the small groups are not modern .

los grupos pequenos no son modernos .

Same pattern:
NN JJ → JJ NN

Finite-state models do not capture 
this generalization.
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NP → hako wo
VP → NP V
  V → akemasu
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Context-Free Grammar

   S → NP VP
NP → watashi wa
NP → hako wo
VP → NP V
  V → akemasu

watashi  wa  watashi  wa  akemasu
watashi  wa  hako  wo  akemasu

hako  wo  hako  wo  akemasu
hako  wo watashi  wa  akemasu

{ }
Note: this particular grammar 

is finite, hence regular.
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Context-Free Grammar

   S → A B
   S → A S B
  A → a
  B → b

S

A B

a b

S

A B

a b

S

A B

a b

S

A B

a b

S

A B

a b

S

A B

a b

L4 = {ab, aabb, aaabbb, ...} = ∀n∈[1,inf)a
nbn
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Context-Free vs. Regular

•Regular languages ⊂ Context-free languages

•Composition of languages:

•Regular ∩ Regular = Regular

•Regular ∩ Context-free = Context-free

•Context-free ∩ Context-free = Undecidable

A→ BC ∈ GCFL s, r, t ∈ states(GRL)
sAt → sBrrCt ∈ GCFL ∩ GRL

Bar-Hillel 1964
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Translation is Parsing

•How many parses of a sentence are there?

•For binary grammar: Catalan number.

•Dynamic programming to the rescue!

O(
(2n)!

(n + 1)!n!
)
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Dyer, NAACL 2010

•Parse the English sentence (intersection).

•Project grammar into French.

•Parse the French sentence (intersection).
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Cambridge: best NIST 2009 Arabic system
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Weighted tree languages, automata, and transducers.
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p(English) × p(Chinese|English)

Bayes’ Rule

translation modellanguage model
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p(English) × p(Chinese|English)

Note: Original model is a special case of this model!
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