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/ machine translation (MT)
Translate From: English ~ 4%, To: Swedish ~ m

Finnish  English Swedish Detect language Swedish German English
il x . .
atibute attribut speech synthesis
language identification *
o\ o E v | v
noun
wem egenskap property, attribute, capacity, trait, qualification, quality
wem attribut attribute
lexical d|samb|guat|on = bestémning determination, qualfer, modifer, adjunct, attribute
\ e ké feature, attribute, badge, token, earmark
verb
wu tillskriva ascribe, attribute, accredit, assign to, set down, impute
wm attribuera attribute I
synonyms
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Training statistical models

* natural languages are highly ambiguous and productive
* billions of model parameters

* complex numeric optimization problems

» growing data sets

* many languages and textual domains

Translation as decoding

* ...is a gigantic search problem
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O(2") phrase segmentations,
O(TN) sets of phrase translations, and
O(N!) word reordering permutations.
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2005 French-English %13MW

2005 German—English
2005 Spanish-English

e WMT Shared Task
erman—Englis .
2006 Spanish~English [1 15MW * millions of translated documents
2007 French—English 34MW

2007 German~English [ 33MW * > 200 languages and language variants
2007 Spanish-English 33MW

http://opus.lingfil.uu.se

" . -
2008 French—English [T 38MW pre-processed and aligned
2008 German—English 37TMW
2008 Spanish-English 37TMW
2008 Czech-English [ TIsMW

2009 French—English ] 710MW
2009 German—English 39MW
2009 Spanish—English 43MW

2009 Czech—English [TI8MW

2010 French—English ] 933MW
2010 German—English 45MW
2010 Spanish—English 239MW

2010 Czech-English 87TMW

2011 French—English ] 1065MW
2011 German—English [51IMW
2011 Spanish-English ] 397TMW

2011 Czech—English 8TMW

2012 French—English ] 1087MW
2012 German—English [57MW
2012 Spanish-English ] 423MW

2012 Czech—English 228MW

2013 French—English ] 1169MW
2013 German—English [117MW
2013 Spanish—English ] 470MW

2013 Czech—English 253MW
oMW 100MW 200MW 300MW 400MW 500MW GOOMWW 800MW  900MW 1000MW 1100MW 1200MW

(Source: Philipp Koehn) including Common Crawl corpus
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A English-French baseline model for WMT has

* a 60-90 GB binarized phrase table
* a 60 GB binarized language model

Training and tuning takes time and memory

* several days to word-align and to extract phrase tables
* several days to tune feature weights
* alot of temporary disk space (TB) with fast /O

Research in MT

* re-train & re-tune several models with various features
* new feature functions, new domains, new test data

o1
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Good News: Parallelization

* data pre-processing

* alignment (paragraphs, sentences, words)
* phrase and rule extraction / scoring

* parameter tuning (requires decoding)

* translation

HPC infrastructure is very useful!

UppsalaMT@HPC: > 500,000 h used in 2013/14
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A Collaborative MT Platform: Let’sMT!
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Distributed Document Translation
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Scaling Up Limitations

Example: Huge Language Models (Edinburgh WMT’14)

Lang Lines (B) Tokens (B) Bytes 201272013
. en 59.13 975.63 5.14 TiB CommonCrawl
English LM: de 3.87 51.93 svascn A
- size:3.5TB fr 3.04 49.31 273.96 GiB
- required ﬁltering! ru 1.79 21.41 220.62 GiB
- tuning: | TB RAM cs 0.47 5.79 34.67 GiB
hi 0.01 0.28 3.39 GiB
Pair | Baseline | +HugelM’s
newstest | 2013 | 2014 | 2013 | 2014
Not all language en-de 20.85 | 20.10 - 20.61 +0.51 BLEU
pairs could be run! en-cs 19.39 | 21.00 | 20.03 +0.64 | 21.60 +0.60 k score gains
en-ru 19.90 | 28.70 | 20.80+0.90 | 29.90 +1.20
en-hi 1143 | 11.10 | 12.83 +1.40 | 12.50 +1.40

hi-en 15.48 | 13.90 - 14.80 +0.90
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Conclusions

Real-World Applications use SMT
Data-Driven MT requires Big Data

SMT needs a lot of Computing Power



