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Machine Translation
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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 . 

The holy grail of natural language processing.

Requires capabilities in both interpretation and generation.

About $10 billion spent annually on human translation.

Mainly slides from Kevin Knight (at ISI)

Scott Klemmer:  I learned a surprising fact at our research group lunch today. 
Google Sketchup releases a version every 18 months, and the primary difficulty of 
releasing more often is not the difficulty of producing software, but the cost of 
internationalizing the user manuals!
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Translation (human and machine)

Ref: According to the data provided today by the Ministry of Foreign
Trade and Economic Cooperation, as of November this year, China
has actually utilized 46.959 billion US dollars of foreign capital, including
40.007 billion US dollars of direct investment from foreign businessmen.

the Ministry of Foreign Trade and Economic Cooperation, including foreign
direct investment 40.007 billion US dollars today provide data include
that year to November china actually using foreign 46.959 billion US dollars and

today’s available data of the Ministry of Foreign Trade and Economic Cooperation
shows that china’s actual utilization of November this year will include 40.007
billion US dollars for the foreign direct investment among 46.959 billion US dollars
in foreign capital

IBM4:

Yamada/Knight:
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Machine Translation History

• 1950s: Intensive research activity in MT
• 1960s: Direct word-for-word replacement
• 1966 (ALPAC): NRC Report on MT

– Conclusion: MT no longer worthy of serious scientific 
investigation.

• 1966-1975: ‘Recovery period’
• 1975-1985: Resurgence (Europe, Japan)

– Domain specific rule-based systems

• 1985-1995: Gradual Resurgence (US)
• 1995-2010: Statistical MT surges ahead

http://ourworld.compuserve.com/homepages/WJHutchins/MTS-93.htm
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Warren Weaver

• “Also knowing nothing official about, but having guessed 
and inferred considerable about, the powerful new 
mechanized methods in cryptography—methods which I 
believe succeed even when one does not know what 
language has been coded—one naturally wonders if the 
problem of translation could conceivably be treated as a 
problem in cryptography.  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 (1955:18, quoting a letter he wrote in 1947)
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What happened between 
ALPAC and Now?

• Need for MT and other NLP applications confirmed
• Change in expectations
• Computers have become faster, more powerful
• WWW
• Political state of the world
• Maturation of Linguistics
• Hugely increased availability of data
• Development of statistical and hybrid 

statistical/symbolic approaches
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Three MT Approaches: Direct, 
Transfer, Interlingual (Vauquois triangle)

Interlingua

Semantic
Structure

Semantic
Structure

Syntactic
Structure

Syntactic
Structure

Word
Structure

Word
Structure

Source Text Target Text

Semantic
Composition

Semantic
Decomposition

Semantic
Analysis

Semantic
Generation

Syntactic
Analysis

Syntactic
Generation

Morphological
Analysis

Morphological
Generation

Semantic
Transfer

Syntactic
Transfer

Direct
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Hieroglyphs

Statistical Solution

• Parallel Texts
– Rosetta Stone (Egypt,

196 BCE)

Enchorial Egyptian

Greek
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Statistical Solution

– Instruction Manuals
– Hong Kong Legislation
– Macao Legislation
– Canadian Parliament 

Hansards
– United Nations Reports
– Official Journal

of the European 
Communities

� Parallel Texts Hmm, every time one sees 
�banco�, translation is 
�bank� or �bench� �  
If it�s �banco de��, it
always becomes �bank�, 
never �bench��
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Alignment in Statistical MT
We either align words or 
phrases (learning distortions 
and fertility)...

...or align pieces of trees 
(learning tree transducers)
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Graphs from Simon Arnfield�s web tutorial on speech, Sheffield:
http://www.psyc.leeds.ac.uk/research/cogn/speech/tutorial/

�l� to �a�
transition:

Speech Recognition: Acoustic Waves

• Human speech generates a wave 
– like a loudspeaker moving

• A wave for the words “speech lab” looks like:
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25 ms

10ms

. . .

a1      a2      a3

Result:
Acoustic Feature Vectors

(after transformation,
numbers in roughly R14)

Acoustic Sampling

• 10 ms frame (ms = millisecond = 1/1000 second)
• ~25 ms window around frame [wide band] to allow/smooth 

signal processing – it let’s you see formants
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• Frequency gives pitch (sort of); amplitude gives volume
– sampling at ~8 kHz phone, ~16 kHz mic (kHz=1000 cycles/sec)

• Fourier transform of wave displayed as a spectrogram
– darkness indicates energy at each frequency
– hundreds to thousands of frequency samples

   s             p       ee         ch           l     a          b
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Spectral Analysis

June 1999 38 38

The Speech Recognition Problem

• The Recognition Problem: Noisy channel model
– We started out with English words, they were encoded as an audio 

signal, and we now wish to decode.
– Find most likely sequence w of “words” given the sequence of 

acoustic observation vectors a 

– Use Bayes’ rule to create a generative model  and then decode

– ArgMaxw  P(w|a) = ArgMaxw  P(a|w) P(w) / P(a)

                                 = ArgMaxw  P(a|w) P(w) 

• Acoustic Model:      P(a|w)
• Language Model:     P(w) A probabilistic theory

of a language
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• Assign probability P(w) to word sequence w = w1 ,w2,…,wk 
• Can’t directly compute probability of long sequence – one 

needs to decompose it
• Chain rule provides a history-based  model: 
           P(w1 ,w2,…,wk) = 

                      P(w1) P(w2|w1) P(w3|w1,w2) 
… P(wk|w1,…,wk-1)

• Cluster  histories to reduce number of parameters
• E.g., just based on the last word (1st order Markov model): 

       P(w1 ,w2,…,wk) = P(w1|<s>) P(w2|w1) P(w3|w2) 
… P(wk|wk-1)

• How do we estimate these probabilities?
– We count word sequences in corpora
– We “smooth” probabilities so as to allow unseen sequences

Probabilistic Language Models

  

 


