


Announcements

* Final exam, Dec. 215, 1;10-4PM

* Dan Jurafsky, Stanford Univ., "Does This
Vehicle Belong to You?" Processing the
Language of Policing for Improving Police-
Community Relations, Dec. 5t", 5pm Davis
Auditorium

* Rupal Patel, Northwestern Univ., Speech
recordings — a life altering form of biological
donation, Dec. 4t 11:30AM, Davis
Auditorium




Slide from Radev

Multilingual Users

Content languages for websites Percentage of Internet users by language

Others - 11%

Portuguese - 2% _4
Arabic - 3%

French - 4%

Chinese - 4%

Russian - 6%

http://en.wikipedia.org/wiki/Global Internet usage




Google Translate

Albanian
Amharic
Arabic

Armenia
n

Azerbaija
ni

Basque
Belarusia
n

Bengali

Bosnian

Catalan

Cebuano

Chichew

d

Chinese

Corsican

Croatian

Czech

Danish

Dutch

English
Esperant
0
Estonian
Filipino
Finnish
French
Frisian

Galician

Georgian

Gujarati
HaitianCr
eole
Hausa
Hawaiian
Hebrew
Hindi
Hmong
Hungaria

n

Icelandic

Indonesi

an

Irish

Italian

Japanese

Javanese

Kannada

Kazakh

Khmer

Korean

Kyrgyz
Lao
Latin
Latvian

Lithuania
n

Luxembo
urgish

Macedon
ian

Malagasy

Malay

Maltese

Maori

Marathi

Mongolia
n

Myanma
-

Nepala
Norwegi
an

Pashto

Persian

Yiddish
Yoruba
Zulu

Bulgaria WEIEWE] Tamil
n m

Portugue
se

Punjabi
Romania
n
Russian
Samoan
Scots
Gaelic
Serbian

Sesotho

Shona

Sinhala
Slovak
Sloveian
Somali
Spanish
Sundane
se
Swabhili

Swedish

Tajik

Telugu
Thai
Turkish
Ukranian
Urdu
Uzbek
Veitnam
ese

welsh

Xhosa




Thank you for your attention!
Questions?




* Romance languages handled well

 Similar language pairs handled well
(e.g., Spanish, Portuguese)

* Formal genres handled better

- Still many problems!




Today

* Multilingual Challenges for MT

* MT Approaches
Statistical
Neural net (Thursday)

* MIT Evaluation




Today

* Multilingual Challenges for MT

* MT Approaches
* Statistical

* Neural net

* MIT Evaluation




Multilingual Challenges

* Orthographic Variations
Ambiguous spelling
Lylas! 3N 381 oS Tyl 5Y Y1 S
Ambiguous word boundaries

=& B2 77 I o [E &7 2R A 1 O BC R

* Lexical Ambiguity
Bank = L. (financial) vs. iox(river)
Eat = essen (human) vs. fressen (animal)

Slide from Nizar Habash




Multilingual Challenges

Morphological Variations

» Affixation vs. Root+Pattern

write = written
kill = Kkilled
do = done

cod =

G ysda

Jed = Jsoda
Jed = Jspda

e Tokenization

And cars | =¥ |and cars
Griicl) Cplural) Et les voitures | = | et le voitures

Slide from Nizar Habash




Translation Divergences

conflation
e Sd [ am not here  Je ne suis pas ici
[-am-not here I not am not here

Slide from Nizar Habash



Translation Divergences

English |John swam across the river quickly

Spanish | Juan cruzo rapidamente el rio nadando
Gloss: John crossed fast the river swimming

Arabic [dabs il e Cysa
Gloss: sped john crossing the-river swimming

Chinese |£J#]  fRE  Hb Ui it X o
7

Gloss: John quickly (DE) swam cross the
(Quantifier) river

Russian | J[>KOH OBICTPO HEPEIIBLI PEKY
Gloss.: John quickly cross-swam river

Slide from Nizar Habash .



Language Differences -
vocabulary

-

[Example from Jurafsky and Martin]




Language Differences - Syntax

* Word order
SVO: English, Mandarin
VSO: Irish, Classical Arabic
SOV: Hindi, Japanese

* Word order in phrases (Fr.)

la maison bleue, the blue house

* Word order in sentences (Jap.)
| like to drink coffee

watashi wa kohii o nomu no ga suki desu
I-subj coffee-obj drink-dat-rheme like

* Prepositions (Jap.)
to Mariko, Mariko-ni Slide adapted from Radevc .




Today

* Multilingual Challenges for MT

* MT Approaches
» Statistical

* Neural net

* MIT Evaluation




MT Approaches
MT Pyramid

I (Interlingua)

(Source)




String-to-String Translation

semantics semantics

phrases

Slide from Radev



MT Approaches
Gisting Example

Sobre la base de dichas experiencias se establecido en 1988 una metodologia.

On the basis of these experiences, a methodology was arrived at in 1988.




Phrase-Based Translation

Slide from Radev



Tree-to-Tree Translation

semantics semantics

phrases

Slide from Radev



MT Approaches
Transfer Example

* Transfer Lexicon
* Map SL structure to TL structure

oot [ butter ]
:subj : smod
robj :subj /\:obj
X mantequilla en )
L
:0bj
Y
X puso mantequillaen'’Y X buttered Y

Slide from Nizar Habash



Tree-to-String Translation

semantics semantics

phrases

Slide from Radev



MT Approaches
MT Pyramid

I (Interlingua)

(Source)



MT Approaches

Interlingua Example: Lexical Conceptual Structure

e | @
&)

(19 B;. ( John ] ( into ] ——
(ToHN) (1)
G (o)
John broke into the room

E2

John forzo la entrada
en el cuarto

ST
[

( John J (gor‘fa)

igtaHama John algorfata

(Dorr, 19




MT Approaches
MT Pyramid

I (Interlingua)

Interl}ﬁéial Lexic01>

semantics

/ Transfer Lexicons

phrases/ phrase
q i]éictionaries/Parallel Corpo_r_a >

(Target)

semantics

(Source)




Today

* Multilingual Challenges for MT

* MT Approaches
» Statistical

* Neural net

* MIT Evaluation




Translation as Decoding

* “One naturally wonders if the problem of
translation could conceivably be treated as
a problem in cryptography. When | look at
an article in Russian, | say: 'This is really
written in English, but it has been coded in
some strange symbols. | will now proceed
to decode.' “

Warren Weaver, “Translation (1955)”

Slide from Radev .




The first parallel corpus:
The Rosetta Stone

Carved in 196 BC in Egypt
Deciphered by Champollion in 1822
Mixture of Egyptian (hieroglyphs and Demotic) and Gree

http:// www.ancientegypt.co.uk/writing/rosetta.ht

Slide from Radevm.




Europarl: A Parallel Corpus for
Statistical Machine Translation

* Proceedings of the European Parliament

* 21 European languages

Romanic (French, Italian, Spanish, Portuguese,
Romanian), Germanic (English, Dutch, German,
Danish, Swedish), Slavik (Bulgarian, Czech, Polish,
Slovak, Slovene), Finni-Ugric (Finnish, Hungarian,
Estonian), Baltic (Latvian, Lithuanian), and Greek

* 60 million words/language

* Must be aligned first
Koehn, MT Summit, 2005
http://homepages.inf.ed.ac.uk/pkoehn/publications/
europarl-mtsummitOs ndf




Danish: det er nzsten en personlig rekord for mig dette efterdr .
German: das ist fiir mich fast personlicher rekord in diesem herbst .
Greek: TTPOKELTKL YLX TO TIPOOWTILKO HOL PEKOP RLTO TO POLVOTIWPO .

English that is almost a personal record for me this autumn !

Spanish: es la mejor marca que he alcanzado este otofio .

Finnish: se on melkein minun ennatykseni tana syksyna !

French: c ’ est pratiquement un record personnel pour moi , cet automne !
Italian: e ’ quasi il mio record personale dell * autunno .

Dutch: dit is haast een persoonlijk record deze herfst .

Portuguese: ¢ quase o meu recorde pessoal deste semestre !

Swedish: det dr nédstan personligt rekord for mig denna host !

Figure 2: One sentence aligned across 11 languages

Koehn, MT Summit, 2005

http://homepages.inf.ed.ac.uk/pkoehn/publications/
europarl-mtsummitOs ndf



hat other parallel corpora can you think of

Start the presentation to activate live content

If you see this message in presentation mode, install the add-in or get help at PollEv.com/app




Statistical MT
Noisy Channel Model

\
- ‘_,_,../ s /,-r
e SN/ - £
NOISY CHANNEL

Portions from http://www.clsp.jhu.edu/ws03/preworkshop/lecture ya



Statistical MT

Translate from French: “une fleur rouge™?

p(e)

p(fle)

p(e)*p(fle)

1. a flower red

2. red flower a

3. flower red a

4. ared dog

5. dog cat mouse

6. a red flower

Slide from Radev .



Which phrases have high p(e)?

Start the presentation to activate live content

If you see this message in presentation mode, install the add-in or get help at PollEv.com/app




Statistical MT

Translate from French: “une fleur rouge™?

pe) | p(fle) | p(e)*p(fle)
1. a flower red Low
2. red flower a Low
3. flower red a Low
4. a red dog High
5. dog cat mouse | Low
6. a red flower High

Slide from Radev .



ich phrases have high probability under p(f|

phrases
1-3,6

Start the presentation to activate live content

If you see this message in presentation mode, install the add-in or get help at PollEv.com/app



Statistical MT

Translate from French: “une fleur rouge™?

pe) | p(fle) | p(e)*p(fle)
1. a flower red Low High
2. red flower a Low High
3. flower red a Low High
4. a red dog High | Low
5. dog cat mouse | Low Low
6. a red flower High | High

Slide from Radev .



Statistical MT

Translate from French: “une fleur rouge™?

pe) | p(fle) | p(e)*p(fle)
1. a flower red Low High Low
2. red flower a Low High Low
3. flower red a Low High Low
4. a red dog High | Low Low
5. dog cat mouse | Low Low Low
6. a red flower High | High High

Slide from Radev .



Slide based on Kevin Knight’ s http://www.sims.berkeley.edu/courses/is290-2/f04/lectures/mt-lecture.pp

Statistical MT
Automatic Word Alignment

o GIZA++

* A statistical machine translation toolkit used to train word alignments.

* Uses Expectation-Maximization with various constraints to bootstrap
alignments

Maria no dio una bofetada a la bruja verde

Mary
did

not

slap
the

green

witch

Slide from Nizar Habash



straints might be used to bootstrap word ali

Start the presentation to activate live content

If you see this message in presentation mode, install the add-in or get help at PollEv.com/app




Statistical MT
IBM Model (Word-based Model)

Mary did not slap the green witch

_/
Mary noét slap slap slap the green witch

Fepspsie iR

Mary not slap slap slap NULL the green witch

R T T

- Mary no daba una botefada a la verde bruja

[ X

Mary no daba una botefada a la br(Jja verde

http://Www.clsp.jhu.edu/wsO3/prew0rkshop/lectureya.




IBM's EM trained models (1-5)

*  Word translation

* Local alignment

*  Fertilities

* Class-based alignment

* Re-ordering

All are separate models to train!
Model 1:

p(fale)=plal o) p(f lae) = O ]jp(f,- e,)




Slide courtesy of Kevin Knight http://www.sims.berkeley.edu/courses/is290-2/f04/lectures/mt-lecture.p

Phrase-Based Statistical MT

Morgen fliege ich nach Kanada zur Konferenz
Tomorrow I will fly to the conference In Canada

« Foreign input segmented 1n to phrases
— “phrase” 1s any sequence of words
« Each phrase 1s probabilistically translated into English

— P(to the conference | zur Konferenz)
— P(into the meeting | zur Konferenz)

» Phrases are probabilistically re-ordered

See [Koehn et al, 2003] for an intro.
This was state-of-the-art before neural MT




Slide courtesy of Kevin Knight http://www.sims.berkeley.edu/courses/is290-2/f04/lectures/mt-lecture.p

Word Alignment Induced Phrases

Maria no di6 wuna bofetada a la bruja verde

Mary

did

not

slap

the

green

witch

(Maria, Mary) (no, did not) (slap, dié una bofetada) (la, the) (bruja, witch) (verde, green)




Slide courtesy of Kevin Knight http://www.sims.berkeley.edu/courses/is290-2/f04/lectures/mt-lecture.p

Word Alignment Induced Phrases

Maria no di6 wuna bofetada a la bruja verde

Mary

did

not

slap

the

green

witch

(Maria, Mary) (no, did not) (slap, dié una bofetada) (la, the) (bruja, witch) (verde, green)
(a la, the) (di6 una bofetada a, slap the)




Slide courtesy of Kevin Knight http://www.sims.berkeley.edu/courses/is290-2/f04/lectures/mt-lecture.p

Word Alignment Induced Phrases

Maria no di6 wuna bofetada a la bruja verde

Miary E_

the I

green

witch

(Maria, Mary) (no, did not) (slap, dié una bofetada) (la, the) (bruja, witch) (verde, green)

(a la, the) (di6 una bofetada a, slap the)

(Maria no, Mary did not) (no dié una bofetada, did not slap), (di¢ una bofetada a la, slap the
(bruja verde, green witch)




Slide courtesy of Kevin Knight http://www.sims.berkeley.edu/courses/is290-2/f04/lectures/mt-lecture.p

Word Alignment Induced Phrases

Maria no di6 wuna bofetada a la bruja verde

Mary

did

not

slap

the

green

witch

(Maria, Mary) (no, did not) (slap, dié una bofetada) (la, the) (bruja, witch) (verde, green)

(a la, the) (di6 una bofetada a, slap the)

(Maria no, Mary did not) (no dié una bofetada, did not slap), (dié una bofetada a la, slap the
(bruja verde, green witch) (Maria no dié una bofetada, Mary did not slap)

(a la bruja verde, the green witch) ...




Slide courtesy of Kevin Knight http://www.sims.berkeley.edu/courses/is290-2/f04/lectures/mt-lecture.p

Word Alignment Induced Phrase

Maria no di6 wuna bofetada a la bruja verde

(Maria, Mary) (no, did not) (slap, dio una botetada) (la, the) (bruja, witch) (verde, green)

(a la, the) (di6 una bofetada a, slap the)

(Maria no, Mary did not) (no dié una bofetada, did not slap), (didé una bofetada a la, slap the
(bruja verde, green witch) (Maria no dié una bofetada, Mary did not slap)

(a la bruja verde, the green witch) ...

(Maria no dio una bofetada a la bruja verde, Mary did not slap the green witch)




Slide courtesy of Kevin Knight http://www.sims.berkeley.edu/courses/is290-2/f04/lectures/mt-lecture.p

Advantages of Phrase-Based SMT

* Many-to-many mappings can handle non-
compositional phrases

* Local context is very useful for
disambiguating
“Interest rate” = ...
“Interestin” = ...
* The more data, the longer the learned
phrases
Sometimes whole sentences




String to Tree Translation

VB VB
i \1|e1 VB2 Reorder PrlP VB2 \181 Insert
He  ances » He: ancres
\19 T0 T0 \18
sening sening VB
TIO NN NN TO ‘
mL . m!m: l PFP VB2 e
He  ha - e  dest
1. Channel Input 2. Reordered S
He music to W T
He adores listening  istening adores I
to music Reading off Leaves VlB 3 cereg
PRP VB2 VB1 .
kare ha ongaku wo kiku no ga daisuki desu * ?  ha “‘.!l_w.ﬂ e 'Translale He/ha music to
T0 VB iy . .
5. Channel Output m|“ fo hstenlng/ no ga
o adores/desu
4. Translated

Figure 1: Channel Operations: Reorder. Insert. and Translate .
(Yamada and Knight 200



Clause restructuring (Collins et
al.)
* Ich werde Ilhnen den Report aushaendigen ... damit Sie den
eventuell uebernehment koennen.
* | will pass_on to_you the report, so_that you can adopt that
perhaps
* verb initial: that perhaps adopt can -> adopt that perhaps
can

* verb second: so that you adopt...can -> so that you can
adopt

* move subject: so that can you adopt -> so that you can
adopt

* particles: we accept the presidency *Particle* -> we accept
the presidency

(in German, split-prefix phrasal verbs are very common,
o" ” o = O = ” =
e.g., “anrufen” -> “rufen sie bitte noch einmal an” — call right back please)

Slide from Radev .




Synchronous Grammars

* Generate parse trees in parallel in two
languages using different rules

*E.g.,
NP -> ADJ N (in English)
NP -> N ADJ (in Spanish)

* ITG (Inversion Transduction Grammar)
[Wu 1995]

Don’t allow all permutations in derivations

Only <> and [ ] are allowed
Slide from Radev .




MT Approaches
Practical Considerations

* Resources Availability
Parsers and Generators
Input/Output compatability
Translation Lexicons

Word-based vs. Transfer/Interlingua

Parallel Corpora
Domain of interest
Bigger is better

* Time Availability
Statistical training, resource building

Slide from Nizar Habash .



Today

* Multilingual Challenges for MT

* MT Approaches
* Statistical
* Neural net (Thursday)

* MIT Evaluation




MT Evaluation

* More art than science

* Wide range of Metrics/Techniques

interface, ..., scalability, ..., faithfulness, ...
space/time complexity, ... etc.

* Automatic vs. Human-based
Dumb Machines vs. Slow Humans

Slide from Nizar Habash




Human-based Evaluation Example
Accuracy Criteria

contents of original sentence conveyed (might need minor
corrections)

contents of original sentence conveyed BUT errors in word order

contents of original sentence generally conveyed BUT errors in
relationship between phrases, tense, singular/plural, etc.

contents of original sentence not adequately conveyed, portions
of original sentence incorrectly translated, missing modifiers

N | W | U

contents of original sentence not conveyed, missing verbs,
subjects, objects, phrases or clauses

Slide from Nizar Habash




Human-based Evaluation Example
Fluency Criteria

clear meaning, good grammar, terminology and sentence
structure

clear meaning BUT bad grammar, bad terminology or bad
sentence structure

meaning graspable BUT ambiguities due to bad grammar, bad
terminology or bad sentence structure

meaning unclear BUT inferable

—t DN W | =& | N

meaning absolutely unclear

Slide from Nizar Habash




Today: Crowdsourcing

* Amazon Mechanical Turk or CrowdFlower
* Create a HIT for each sentence

* Get multiple workers to rate

* Pay .01 to .10 per hit

* Complete an evaluation in hours (vs days/
weeks)

* Ethics?




Automatic Evaluation Example

Bleu Metric
(Papineni et al 2001)

* Bleu
BiLingual Evaluation Understudy
Modified n-gram precision with length penalty
Quick, inexpensive and language independent
Correlates highly with human evaluation
Bias against synonyms and inflectional variations

Slide from Nizar Habash




Automatic Evaluation Example

Bleu Metric
Test Sentence Gold Standard Reference
colorless green ideas sleep furiously all dull jade ideas sleep irately

drab emerald concepts sleep furio
colorless immature thoughts nap an

Slide from Nizar Habash




Automatic Evaluation Example

Bleu Metric
Test Sentence Gold Standard Reference
colorless green ideas sleep furiously all dull jade ideas sleep irately

drab emerald concepts sleep furiou
colorless immature thoughts nap an

Unigram precision = 4/5

Slide from Nizar Habash



Automatic Evaluation Example

Bleu Metric
Test Sentence Gold Standard Reference
colorless green all dull jade ideas sleep irately
green ideas drab emerald concepts sleep furiou
ideas sleep colorless immature thoughts nap an

sleep furiously

Unigram precision =4 /5=0.8
Bigram precision=2/4=0.5

Bleu Score = (a; a, ...a )"
= (0.8 X 0.5)”2=0.6325 = 63.25

Slide from Nizar Habash



bLEU scores for 110
translation systems trained on

Europarl
Source Target Language

Language | da de el en es fr fi it nl pt SV
da - 184 | 21.1 | 28.5 | 264 | 28.7 | 142 | 222 | 214 | 243 | 283
de 223 - 207 | 253 | 254 | 277 | 118 | 213 | 234 | 232 | 205
el 227 | 174 - 272 | 31.2 | 321 | 114 | 268 | 20.0 | 276 | 21.2
en 252 | 17.6 | 23.2 - 30.1 | 31.1 | 13.0 | 253 | 21.0 | 27.1 | 248
es 24.1 | 182 | 28.3 | 30.5 - 40.2 | 125 | 323 | 214 | 359 | 239
fr 237 | 185 | 26.1 | 30.0 | 38.4 - 126 | 324 | 21.1 | 353 | 226
fi 20.0 | 145 | 182 | 21.8 | 21.1 | 224 - 183 | 17.0 | 19.1 | 18.8
it 214 | 169 | 248 | 27.8 | 34.0 | 36.0 | 11.0 - 20.0 | 31.2 | 20.2
nl 20.5 | 183 | 174 | 23.0 | 229 | 246 | 103 | 20.0 - 20.7 | 19.0
pt 232 | 182 | 264 | 30.1 | 379 | 39.0 | 119 | 32.0 | 20.2 - 21.9
SV 303 | 189 | 228 | 30.2 | 28.6 | 29.7 | 153 | 239 | 219 | 259 -

Table 2: BLEU scores for the 110 translation systems trained on the Europarl corpus

Koehn, MT Summit, 2005

http://homepages.inf.ed.ac.uk/pkoehn/publications/
europarl-mtsummitOs ndf




Language From | Into | Diff
Danish (da) 234 |1 233 0.0
German (de) | 22.2 | 17.7 | 4.5
Greek (el) 238 | 229 | -0.9
English (en) 238 | 274 | +3.6
Spanish (es) 26.7 | 29.6 | 2.9
French (fr) 26.1 | 31.1 | +5.1
Finnish (fi) 19.1 | 124 | -6.7
Italian (it) 243 | 254 | +1.1
Dutch (nl) 19.7 | 20.7 | +1.1
Portuguese (pt) | 26.1 | 27.0 | +0.9
Swedish (sv) | 24.8 | 22.1 | -2.6

Table 3: Average translation scores for systems
when translating from and into a language. Note
that German (de) and English (en) are similarly dif-
ficult to translate from, but English is much easier to

translate into.




Automatic Evaluation Example

METEOR

(Lavie and Agrawal 2007)

* Metric for Evaluation of Translation with Explicit word
Ordering

* Extended Matching between translation and reference
Porter stems, wordNet synsets

* Unigram Precision, Recall, parameterized F-measure
* Reordering Penalty

* Parameters can be tuned to optimize correlation with
human judgments

 Not biased against “non-statistical’ MT systems

Slide from Nizar Habash




Metrics MATR Workshop

* Workshop in AMTA conference 2008

Association for Machine Translation in the Americas
* Evaluating evaluation metrics
* Compared 39 metrics

7 baselines and 32 new metrics

Various measures of correlation with human judgment

Different conditions: text genre, source language,
number of references, etc.

Slide from Nizar Habash




Automatic Evaluation Examj

SEPIA

1:Among 12:Roed-Larsen {16 :dispute
IN NNP NN
(Habash and EIKholy 2008) mo \s”b" / obij
. . 6.crises 11:, 14:the 15:Arab-lsraeli
A syntactically-aware evaluation s PUNC DT )
metric
(Liu and Gildea, 2005; Owczarzak et al., 2ithe Siexsting T:in
2007; Giménez and Marquez, 2007) mod mod  mod
Uses dependency representation Ed A
MICA parser (Nasr & Rambow 2006) . /’;‘L‘}P
77% of all structural bigrams are surface l
n_grams Of Size 2’3’4 i:qutential g:_lt_he ?x]ﬁll:i'ddle
Includes dependency surface span as mod Mol me
o 50%
a factor in score 35%
long-distance dependencies should ggf
receive a greater weight than short 20%
distance dependencies 10%
Higher degree of grammaticality? T 2 3 apie




