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Machine Translation

c )it E . The U.5. island of Gi i intaini high
RRAGSGAERALISRT  TeUS i our s miarigenet

FIRME  AUSEERARADITE T  Lovsett e Sackl Aenoan Oseom o L odon

h&vitte - xBEMRIERERE - threatening a biologicalichemical attack against

public places such as the airport .

The classic acid test for naturat language processing.
Requires capabilities in both interpretation and generation.
About $10 billion spent annually on human translation.

People around the world stubbornly refuse to write
everything in English.

Data-Driven Machine Translation

Hmm, every time he saes
“banco”, he sither types

*bank” or *bench” ... but if
he sees “banco de...”,
he always types “bank”,
never “bench”...

Man, this is so boring.
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Translated documents




Recent Progress in Statistical MT

insistent Wednesdat may
recurred her trips to Libya
tornorrow for flying

Cairo 6-4 [ AFP) - an official
announced today in the
Egyptian lines company for
fiying Tuesday is a company "
insistent for flying " may
resumed a consideration of &

day Wednesday tomomow her
trips to Libya of Security Council
decision trace international the
imposed ban comment .

And said the official " the
institution sent a speech fo
Ministry of Foreign Affairs of
lifting on Libya air , a situation
her receivin% replying are so a
trip will pull 0 Libya a morning

(RO NE S

slida fram C. Woyna, DARPA

Egyptair Has Tomorrow to
Resume Its Flights to Libya

Cairo 4-6 (AFP) - said an official
at the Egyptian Aviation
Company today that the
company egyptair may resume
as o? tomorrow, Wednesday its
flights to Libra after the
International Security Council

resolution to the suspension of
the embargo imposed on Libya.

* The official said that the
company had sent a letter to the
Ministry of Foreign Affairs,
information on the lifting of the
air embargo on Libya, where it
had received a response, the
first take off a trip to Libya on
Wednesday morning "

Centauri/Arcturan [Knight, 1997]

Your assignment, translate this to Arcturan:

farok crrrok hihok yorok clok kantok ok-yurp

1a. ok-voor 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-dribel 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 .

Sa. 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 guat cat ,

12a. lalok rarok nok izok hihok mok .

12b. wat nnat forat arrat vat gat .




Centauri/Arcturan [Knight, 1997]

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

1a. ok-voon ororok sprok .

1b. at-voon hichat dat .

7a. lalok|farok|ororek lalok sprok izok enemok .

7b. wat {jat bichat wat dat vat eneat .

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

2b. at-drubel at-yoon pippat trat dat .

8a. lalok brok anok plok nok .

8b, iat lat pippat rrat nnat .

d—3a erok Spl‘;)-.].-i izok hihol-( éﬁirok .

| 3b. totat dat arrat vat hilat .

9a, wiwuk-nok izok kantok o.l;—}urp .

9b. totat nnat quat oloat at-yurp . _ . —

4a. ok-voon anok drok brok jok .

10a, lalok mok nok yorok ghirok clok . ”

10b. wat nnat gat mat bat hilat .

| 5b. totat jjat quat cat .,

11a. lalok nok crrrok hihok yorok zanzanok .

11b. wat npat arrat mat zanzapat

ba. lalok sprok izok jok stok .

L_6b, wat dat krat quat cat .

12a. lalok rarok nok izok hihok mok .

12b. wat nnat forat arrat vat gat

Centauri/Arcturan [Knight, 1997]

Your assignment, translate this to Arcturan: | farok ererok hihok yorok clok kantok ok-yutp

1a. ok-voon ororok sprok .

1b. at-voon bichat dat .

Ta. lalok| farok|ororok lalok sprok izok gnemok .

7b. wat bichat wat dat vat eneat .

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

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

$a. lalok brok anok plok nok .

8h. 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-voor krat pippat sat lat .

10a. lalek mok nok yorok ghirok clok .

10b, wat nnat gat mat bat hilat .

5a. wiwok. farok|izok stok .

11a, lalok nok crrrok hihok yorok zanzanok .

11b. wat nnat arrat mat zanzanat .

6b. wat dat krat quat cat .

12a. lalok rarok nok izok hihok mok .

12b. wat npat forat arrat vat gat '




Centauri/Arcturan [Knight, 1997]

Your assignment, translate this to Arcturan: hibok yorok clok kantok ok-yurp

1a, ok-voon ororok sprok .

1b. at-voon bichat dat .

7a. lalok farek ororok lalok sprok izok enemok .

Tb. wat jjat bichat wat dat vat eneat .

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

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

8a. lalok brok anok plok nok .

8b. iat jat pippat rrat nnat .

3a. erok sprok. izok hihok ghirok .

3b. totat dat arrat vat hilat .

9a. wiwok nok izok kantok ok-yurp

Sb. totat nnat quat oloatat-ywrp, |

4a, ok-voon anok drok brok jok .

4b. at-voon krat pippat sat iat .

10a. lalok mok nok yorok ghirok clok .

Sa. wiwok farok izok stok .

Sb. totat jjat quat cat .

1a. lalok nohﬂmkyorokzanzanok

11b. wat nnat arrat mat t.

6a. lalok sprok izok jok stok .

6b. wat dat krat quat cat .

12a. lalok rarok nok izok hikok mok .

12b. wat nnat forat arrat vat gat .

Centauri/Arcturan [Knight, 1997]

Your assignment, translate this to Arcturan: | l‘arog ciTro . yorok clok kantok ok-yurp

la. ok-voon ororok sprok .

1b. at-voon: bichat dat .

7a. lalok farok ororok lalok sprok izok enemok .

7Tb. wat jjat bichat wat dat vat eneat .

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

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

8a. lalok brok anok plok nok .

8b. jat lat pippas rrat nnat .

[ 3a. erok sprok izok|thok]ghirok .

3b. totat dat arrat vat hilat .

9a. wiwok nok izok kantok ok-yurp .

9. totat nnat guat oioat at-yurp . __4

4a. ok-voon anok drok brok jok .

4b. at-voon krat pippat sat Jat .

10a. lalok mek nok yorok ghirok clok .

5a. wiwok farok izok stok .

5h. totat jjat quat cat .

6a. lalok sprok izok jok stok .

6b. wat dat krat quat cat ,

12a. lalok rarok nok tzok m mok .

12b. wat ninat forat arrat vat gat .




Centauri/Arcturan [Knight, 1997]

Your assignment, translate this to Arcturan: rarol_zl errrok (hihok|yorok F: lok kantok ok-yurp

1a. ok-voon ororok sprok .

1b. at-voon bichat dat .

Ta. lalok farok ororok lalok sprok izok enemok .

Th. wat jjat bichat wat dat vat eneat .

2a. ok-drubel ok-voon anck plek 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 vathilat .
4a. ok-voon anok drok brok jok .

|_4b. at-vooy krat pippat sat lat .

9a. wiwok nok izok kantok ok-yurp .

_9b. totat nnat quat oloat at-yurp .
10a. lalok mok nok- ghirok clok .

5a. wiwok farok izok stok .

| 5b. totat {jat quat cat .

10b. wat nnat gat mat ilat
11a. lalok nok L‘who yorok zanzanok .

11h. wat nnat arTat mat zanzanat . !

6a. lalok sprok izok jok stok .

6b. wat dat krat guat cat

12a. lalok rarok nok izok hihok mok .

12k, wat nnat forat arrat vat gat .

Centauri/Arcturan [Knight, 1997]

Your assignment, translate this to Arcturan: ‘ farok| errrok ‘hilmk yoroK clok Fzmtok ok-yurp

la. ok-voon ororck sprok .

1b. at-voon bichat dat .

7a. lalok farok ororok lalok sprok izok enemek

7b. wat jjat bichat wat dat vat eneat .

2a. ok-drubel ok-veon anck plok sprok .

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

8a. lalok brok anok plok nok ,

8b. iat lat pippat rrat nnat .

3. erok sprok izok hihok ghirok .

3b. totat dat arrat vat hilat .

9a. wiwok nok izok kantok ok-yurp .

Ob. 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 .

| 5h, totat jjat quat cat .

11a. lalok nok ¢rirok hihok yorok zanzanok .

11b. wat nnat arrat mat zanzanat .

6a. lalok sprok izok jok stok .

12a. lalok rarok nok izok hihok mok .

&b. wat dat krat quat cat .

12b. wat anat forat arrat vat gat . '




Centauri/Arcturan [Knight, 1997]

Your assignment, transiate this to Arcturan: ‘ rarok‘ crrrok ‘hihok yoml{ clok ’mntok ok-yurp

la. 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. erck sprok izok hihok ghirgk .

3b. totat dat arrat vat hilat .

9_a. wiwok nok izok kantok ok-yurp .

Sh. totat nnat quat oloat at-yur

4a. ok-voon anok drok brok jok .

77

10a. lalok mok nok yorok ghirok clok .

10b, wat nnat gat mat bat hi

4b. at-voon krat pippat sat lat .

5a. wiwok farok izok stok .

5b. totat jiat guat cat .

11a. lalok nok crrrok hihok yorok zanzanok .

11b. wat nnat arrat maf 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

Centauri/Arcturan [Knight, 1997]

Your assignment, translate this to Arcturan: ‘ (‘arok‘cn'rok ‘hihok yorol{ clok kantok ok-yurp

1a. ok-voon ororok sprok .

1b. at-voon bichat dat .

Ta. lalok farck orcrok lalok sprok izok enemok |

7b. wat jjat bichat wat dat vat eneat .

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

2h. at-drubel at-veon pippat rrat dat .
3a. erok sprok izok hihok ghirok .

3b. totat dat arrat vat hilat .

8a. lalok brok anok plok nok .

8b. iat lat pippat trat nnat .

9a, wiwok l‘lt:J_k izok {antok ok-yuip .

9b. jotat nnat quat oloat at-yurp

4a. ok-voon anok drok brok jok .

-| _
10a] lalok mok nok yorok g};;mq clok .

4b, at-voon krat pippat sat lat .

Sa. wiwok farok izok stok .

Sb, totat jjat quat cat

10b, vat gn_xgt gat m/g_t bat hilat .
11a. lalok nok crrok hihok yorok zanzanok .

11b. wat nnat artat mit zanzanat .

6a. lalok sprok izok jok stok .

6b. wat dat krat quat cat .

12a. lalok rarck nok izok hikok mok .

12b. wat nnat forat arrat vat gat . i




Centauri/Arcturan [Knight, 1997]

Your assignment, translate this to Arcturan; ‘ faruk!:cmok ‘hllmk yorolri clok}kamok ok-yurp

1a. ok-voon ororok sprok .

1b. at-voon bichat dat .

Ta. lalok farok ororok lalok sprok izok enemok .

7b. wat jjat bichat wat dat vat eneat .

2b, at-drube} at-voon pippat mrat dat .

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

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 .

4a. ok-voon anok drok brok jok .

4b. at-voo) i sat Jat .
5a. wiwok farok izok stok .

5 t jjat gnat

fas «* process of
| 10b, wat iat git riat i il . elimination

9b. totat nnat quat oloat at- ——
t0a. 1a|10k m>ol?0k yorok ghlmﬂ clok .

11a. lalok nok crrmok hihok yorok zanzanok .

11b. wat nnat arTat mat zanzanat .

6a. lalok sprok izok jok stok .

6b. wat dat krat guat cat .

12a. lalok rarok nok izok hihok mok .

12b. wat nnat forat arrat vat gat .

Centauri/Arcturan [Knight, 1997]

Your assignment, translate this to Arcturan: ‘ rarok”crrroq‘hihok yorok do# kantok ok-yurp

1a. ok-voon ororok sprok .

1b. at-voon bichat dat .

7Ta. lalok farok ororok lalok sprok izok enemok .

Th. wat jiat bichat wat dat vat eneat .

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

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

3a. erok sprok izok hihok ghirok .

3b. totat dat arrat vat hilat.
4a. ok-voon anck drok brok jok .

4b. at-voon krat pi t1

9b. totat nnat quat oloatat-yurp. = _|

8a. lalok brok anok plok nok .

8b. iat lat pippat rrat nnat .

‘)a W1wok nok 1zok kantok ok-yurp

10a. lzlok mok nok yorok ghirok clek .

10b. wat nnat gat t kil

5a. wiwok farok izok stok .

Sh. totat jjat quat cat .

11a. lalok nok

b, .t nate?

6a, lalok sprok izok jok stok .

|_6b, wat dat krat quatcat .

12a. Ialok rarok nok izok hlhok mok .

i

12b. wat nnat forat arrat vat gat . .




Centauri/Arcturan [Knight, 1997]

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

1a. ok-voon ororok sprok .

1b. at-voon bichat dat .

7a. lalok farok ororok lalok sprok izok enemak .

Th. wat jiat 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- . -

4a, ok-voon anok drok brok jok .

4b. at-voon krat pippat sat lat .

10a. lalok mok nok vorok ghirok ¢lok .

10b. wat nnat gat mat bat hiiat ,

Sa. wiwok farok izok stok .

Sb, totat jjat quat cat .

11a. lalok nok|crrrokd hihok yorok zanzanok .

Zero
11b. wat nnat arfat maf zanzdnat , fertility

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 pat

It’'s Really Spanish/English

Clients do not sell pharmaceuticals in Europe( => [Clientes no venden medicinas en Europ%

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

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

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

8a. the comparry has three groups .
8b. la emptesa tiene tres prupos .

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

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

4a. Garcia has a company aiso .

4b. Garcia tambien tiene una empresa .

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

10a. the modern groups sell strong pharmaceuticals .
10b. Ios prupos modernes venden tnedicinas fuertes .

1la. the groups do not sell zenzanine .
11b, ios grupos no venden zanzaning ,

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 .
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Ready-to-Use Online Bilingual Data

140
120

100

Millions of words 80
{English side}

40
20

=4 Chinese/English
== Arabic/English

=i~ Franch/English

=]
EEEREER

e 2 2
- @ 2 = N NN

{Data stripped of formatting, in sentence-pair format, available
from the Linguistic Data Consortium at UPenn).




Ready-to-Use Online Bilingual Data

180
160
140

- 120
Millions of words 100

(English side) 80

60
40
20

0

} 4

/
/
[

—4—Chinese/English
-8 Arabic/English

=i Franch/English

2000

2002

T
———

: 8

-
o~

+ 1m-20m words for
many language pairs

{Data stripped of formatting, in sentence-pair format, avaitable

from the Linguistic Data Consortium at UPenn),

Ready-to-Use Online Bilingual Data

180
160 /’
140

Millions of words
(English side)

1994

1996

1998

2000

?7??

=4 Chinese/English
- Arabic/English

=& French/English

2002

2004

- One Billion?




Chinese/English News

3.5m words of human-translated text
(training data available from LDC)

| sess| oo [69258 | 7039| sss |i4ss2| 117a| 63 | 200] 46 [ods]
¢l ¢2 c3 ¢d ¢S5 6 ¢7 8 9 cl0 cll

Previously unseen 11-word
Chinese sentence Frequency of word ¢8
from a news article in human-translated tex

(test data available from NIST)

Chinese/English News

3.5m words of human-translated text
(training data available from LDC)

3 Subsequence “c6 ¢7”
| |
[ 14 I ( > | has been observed

56 times in training data
| | 3]

T s [ A —
| & I[ 1016 [ 110 [ | [z ]

| sess| ous 69258 | 7039| 855 [14852 | 1174] 63 | 200 46 [92428 |
cl ¢2 «¢3 ¢d ¢§ 6 ¢7 ¢8 9 cld cll




Future Data?

One billion words of human-translated training text?

Subsequence “cl...c7”

I 7 I has beer.l obs?r\'red
r — ] 4 times in training data
Subsequence “c6 77
| 1400 I | el | has been observed
| 100 I 300 | " 5600 times in training data
| 24500 ||  s00 || seo0 | | 300 [
| 4700 10,600 | 11,000 | 100 | | 2200 ]

r v v ]

¢l ¢2 ¢3 ¢d ¢5 ¢6 ¢7 ¢c8 ¢9 cl0 cll

Occurrences of Arablc tesl data n-grams ln training taxi

] 1100 3501000
NIST 2003 Test Set 1000- !
10000 1 fooctm

. Vartous fqusncy bands for
Plot by ignacio Thayer eharvations In trafning data
{USCHSH)

>




Occumences of Chinese teat data n-grams in training text

Numbar of
running 15000
word n-grams g
In Chinsm
fotals 10000
amund 25k

NIST 2003 Test Set

Plot by Ignacio Thayer Various fequancy bands for
(USCHSI) obesrvationsin training data

Welcome to the Chinese Room

Chinese texts with
English translatio
N \
0 0 English
J Translation
\ HIGH

ACCURACY

You can teach yourself to translate Chinese
using only bilingual data (without grammar books,
dictionaries, any people to answer your questions...)




From No Data to Sentence Pairs

» Easy way: Linguistic Data Consortium (LDC)
» Really hard way: pay $$%

— Suppose one billion words of parallel data were sufficient
— At 20 cents/word, that's $200 million

» Pretty hard way: Find it, and then earn it!
— De-formatting
— Remove strange characters
— Character code conversion
— Document alignment
— Sentence alignment
— Tokenization (also called Segmentation)

Document Alignment

* Input:
- Big bag of files obtained from somewhere, believed to
contain pairs of files that are translations of each other.

* Qutput:
— List of pairs of files that are actually translations.




Document Alignment

* Input:
— Big bag of files obtained from somewhere, believed to
contain pairs of files that are translations of each other.

— List of pairs of files that are actually translations.

Sentence Alignment

The old man is El viejo esta feliz
happy. He has porque ha pescado
fished many times. muchos veces. Su
His wife talks to mujer habla con él.
him. The fish are Los tiburones
jumping. The esperan.

sharks await.




Sentence Alignment

The old man is
happy.

He has fished
many times.
His wife talks to
him.

The fish are
jumping.

1.

The sharks await.

El viejo esta feliz
porque ha
pescado muchos
veces.

Su mujer habla
con él.

Los tiburones
esperan.

Sentence Alignment

The old man is 1.
happy. ;
He has fished

many times.

His wife talks to === 2.

him.

The fish are =1
jumping.

The sharks await.

.

El viejo esta feliz
porque ha
pescado muchos
veces.

Su mujer habla
con él.

Los tiburones
esperan.




Sentence Alignment

1. Theoldmanis == 1. El vigjo esta feliz

happy. He has porque ha
fished many pescado muchos
times. veces.
2. His wife talks 10 == 2. Su mujer habla
him. con él,
3. The sharks await. === 3. Los tiburones
esperan.

Note that unaligned sentences are thrown out, and
sentences are merged in n-to-m alignments (n, m > 0}.

Tokenization (or Segmentation)

» English
— Input (some byte stream):
"There," sald Bob.

— Output (7 “tokens” or “words”):

" There , "™ said Bob .
* Chinese
— Input (byte stream): smxsEmIRRLLASSER
—& B H PR B ¥ R
BIR TR
— Qutput: XE XBE L % RR HA

EWREE —& g% i Fh B
= BRE ¥4 4 W ATt




Lower-Casing

» English
— Input {7 words):
" There , " said Bob
— Output (7 words):
" there , " said bob

Idea of tokenizing and lower-casing:

The

the b Smaller vocabulary size.

“The ——, the More robust counting and learning.
“the

What About Comparable Corpora?

=] ) fd )
Billion words Billion words
of English news of Chinese news
A B

Which sentences from A are transiations of which sentences from B?

Which words from A are translations of which words from B?

“If x and y are translations, the translations of words that hang
around x In corpus A may be found hanging around y in corpus B..."

See:
[Munteanu, Fraser & Marcu, 2004; Fung & Cheung, 2004;
Fung & McKeown, 1995; Rapp, 1999; Koehn & Knight, 2000;
Zhou & Vogel, 2002; Yamada & Hideki, 2002; Masao & Hitoshi, 2002]




It Is Possible to Draw
Learning Curves:
How Much Data Do We Need?

Quality of
automatically trained
machine translation
system

Amount of bilingual training data

+ |ntroduction
+ Data for Statistical MT

* MT Evaluation

* Word-Based Statistical MT

« Phrase-Based Statistical MT

» Advanced Training Methods

= Syntax and Semantics in SMT Models




MT Evaluation

Source only
Manual;

— S35ER {subjective sentence error rate)

— Comect/Incorrect

— Error categorization
Objective usage testing

Automatic:

— WER (word error rate)
BLEU (Bilingual Evaluation Understudy)

NIST
Named-Entity

BLEU Evaluation Metric

(Papineni et al, ACL-2002)

Refersnce {human) translation:
The U.S. island of Guam is
maintaining a high state of alert
after the Guam airport and #s

offigas both received an e-mail

from =omeone caillng himself the

Saulli Arablan Osarna bin Laden

and threatening a,*

blologlcalfchemlc'al attack against

publlc placaa sul.':h as the al@rt

Machine tmnqlatlon

The Arnenpan [?] intematipnal
the coffice afl

received one calls self the sand
Arab rich business [7} anﬂ 50 On
eted.mnlc mail , which sands out ;
The thregt will be able after publlc
place and 50 on the airport to start
the biochdmistry attack , [7] highly
alerts after the maintenance.

» N-gram precision (score is between 0 & 1)
— What percentage of machine n-grams can
be found in the reference translation?
— An ngram is an sequence of n words
— Not allowed to use same portion of reference

translation twice (can t cheat by typing out
“the the the the the”)

» Brevity penaity

— Can'tjust t¥pe out single word “the”
(pracision 1.0N

*** Amazingly hard to ﬁame" the system (i.e,, find a
way to change machins oulput so that BLEU
goes up, but quality doesn’t




BLEU Evaluation Metric

(Papineni et al, ACL-2002)

Reference (human) translation: + BLEU4 formula
The U.S. island of Guam is
maintaining a high state of alert {counts n-grams up to length 4)
after the Guam airport and its
offices both receved an e-mall exp (1.0 *logpl +
fror somecne callmg himself the 0.5%logp2 +
Sau;li Arabian Osa.ma bin Laden 0.25* |°g p3 +
and ﬂ\raatamng &. 0.125* |°g p4 -

blolagmlfctwmml attack against

publlc places sunh as the girport . max({words-in-reference / words-in-machine — 1,

H F 0}
H -" p1 = 1-gram precision
Ma‘?l':lanﬁe\mk::::t[lg]ﬁnteman;nal P2 = Z-gram preision
i {tg the office af P3 = 3-gram precision

receives one calis seif thé sand P4 = 4-gram precision

Arab richi business [7] aqﬂ S0 0N
electrenit mail , which sends out ;
The thredt will be able after public
place and so on the airport to start
the biochdmistry attack , [7] highly
alerts after the maintenanca.

Multiple Reference Translations

transktion 1:
gil).5. mland d Guam s rnnlﬂnlnmg
ortiafiar the)

intion 4
Guam licnal Airport and fis
offiareceived in email from Mr. Bin
Laden drd pther i) businessman

Arpun and mher putll: places . Guam
naads 1o ba in high pracaution about
Lhis matier .

alihcrity hag basen 3 abort




DARPA MT Evaluation Corpus: 11 Human
Translations of 100 Chinese News Articles

EABIRSRS B DTN AN ER,
At least 12 people were killed in the battle last week,
Last week 's fight took at least 12 Lives.
The fighting last week killed at least 12.
The batile of last week killed at least 12 persons.
At least 12 people lost their lives in last week 's fighting.
At least 12 persons died in the fighting last week.
At least 12 died in the battle last week.
At least 12 people were killed in the fighting last week.
During last week 's fighting , at least 12 people died.
Last week at least twelve people died in the fighting.
Last week 's fighting took the lives of twelve people.

BLEU Tends to Predict Human Judgments

& Adequacy

® Fluency

{varlant of BLEt)

MNIST Score

Human Judgmants

slide from G. Doddington (NIST)




BLEU in Action

SR, S Fakit N
the gunman was shot to death by the police .

the gunman was police Kill .

wounded police jaya of

the gunman was shot dead by the police .

the gunman arrested by police kill .

the gunmen were killed .

the gunman was shot to death by the police .
gunmen were killed by police ?SUB>0 ?SUB>D
al by the police .

the ringer is killed by the police .

police killed the gunman .

{Foreign Original)
{Reference Translation)

i

ETELEHERRN

BLEU in Action

WFEW .
the gunman was shot to death by the police .

the gunman was police kill .

wounded police jaya of

the gunman was shot dead by the police .

the gunman arrested by police kill .

the gunmen were killed .

the gunman was shot to death by the police .
gunmen were killed by police 7SUB>0 ?SUB>0
al by the police .

the ringer is killed by the police .

police killed the gunman .

green = 4-gram maich (good!)
red = word not matched {bad!}

{Foreign Original)
{Reference Translation)

#1

EBELBEEEN




BLEU in Action

WM 5, (Foreign Original)
the gunman was shot to death by the police . {Reference Translation)
the gunman was police kill . # Machine
wounded police jaya of #2 Machine
the gunman was shot dead by the police . #3 Human
the gunman arrested by police kill . #4 Machine
the gunmen were killed . #5 Machine
the gunman was shot to death by the police . #6 Human
gunmen were killed by police ?SUB>0 ?7SUB>0  #7 Machine
al by the police . #8 Machine
the ringer is killed by the police . #9 Maching
police killed the gunman . #10 Human

green = 4-gram match (good!)

red = word not matched (bad!)

BLEU: Problems?

* Not currently very sensitive to global syntactic
structure.
— though you can dispute that ...

» Doesn’t care if an incorrectly translated word is a
name or a preposition

~ gave it to Albright (reference)
— gave it at Albright (translation #1)
— gave it to altar (translation #2)

+ What happens when a program reaches human
level performance in BLEU but the translations
are still bad?

— maybe sooner than you think ...




BLEU: Prospects

» As MT advances, MTE will fail to distinguish
between humans and machines

» So MTE must advance to be able to distinguish
better...

» So MT must advance...
» So MTE must advance...

» A benign arms race?

— of course, there is way more data for developing MT
(bilingual text) than for developing MTE (human
judgments} ...

11 Human Translation Agencies Employed to
Translate 100 Chinese News Articles

EABIERER L RADFDN 2N AR LS,
At least 12 people were killed in the battle last week.
Last week 's fight took at 1east 12 lives.
The fighting last week killed at least 12.
The battle of last week killed at least 12 persons.
At least 12 people lost their lives in last week 's fighting.
At least 12 persons died in the fighting last week.
At least 12 died in the battle last week.
At least 12 people were killed in the fighting last week.
During last week 's fighting , at least 12 people died.
Last week at least twelve people died in the fighting.
Last week 's fighting took the lives of twelve people.




Merging Translations

(Pang, Knight, and Marcu, NAACL-HLT 2003)

Create word graphs by merging paraphrases
=> from 10 sentences to over a thousand

11th human translation is often found in the graph!

Sample Learning Curves

0.35
0.3 Swedish/English
French/English
BLEU 0.25 4 German/English
score i Finnish/English
0.2
0.15 —
0.1
0.05
o 1 T T T ¥
10k 20k 40k 80k 160k 320k
# of sentence pairs used in {raining
Experiments by

Philipp Koshn




Common MT Evaluations

New common evaluations administered by NIST
— www.nist.gov/speech/tests/mt/index.htm

First evaluation held June, 2002

— 7 participants

— Scores returned immediately by automatic email
BLEW/NIST scoring server

» Second evaluation held May, 2003
— 10 participants

Third evaluation heid May, 2004

— 17 participants

= Introduction
» Data for Statistical MT
» MT Evaluation

« Word-Based Statistical MT

» Phrase-Based Statistical MT
+ Advanced Training Methods
+ Syntax and Semantics in Statistical MT




Statistical MT Systems

Spanish/English English
Bilingual Text Text
Statistical Analysis  Statistical Analysis

! !

Spanish —»| |— Broken — {—» English
' English

What hunger have I,
Hungry I am so,

I am so hungry,
Have I that hunger ...

Que hambre tengo yo — — [ am so hungry

Statistical MT Systems

Spanish/English
’ Bilingual Text

Statistical Analysis Statistical Analysis
Spanish =" ~—  Broken -y =  English
| English
| Translation : Language
jiodelisie) Model P(e)

“ a

Que hambre tengo yo —*

| argmax P(e)} * P(s|e)
e

o

Decoding algorithmJ — ] am so hungry




Bayes Rule

Spanish —— — Broken — — Engllsh
English
Translation Language
Model Psle) Model P(e)

— [ am so hungry
argmax P(e) * P(s|e)

R
Que hambre tengo yo — \\Decoding algorithm
e

Given a source sentence s, the decoder should consider many possible
translations ... and return the target string e that maximizes

Pfe | s)
By Bayes Rule, we can also write this as:

P(e) x P(s | e) / P(s)
and maximize that instead. P(s) never changes while we compare
different e's, so we can equivalently maximize this:

P(e} x P(s | e)

Three Problems for Statistical MT

» Language model
— Given an English string e, assigns P(e) by formula
— good English string -> high P{e)
— random word sequence -> low P(e)

* Translation model
— Given a pair of strings <f,e>, assigns P(f | e} by formula
— <f,e> look like translations -> high P(f | )
— <f.e> don't look like translations  -> low P(f | )

» Decoding algorithm

— Given a language model, a translation model, and a new
sentence f ... find translation e maximizing P(e) * P(f | e)




The Classic Language Model
Word N-Grams

Goal of the language model:

He is on the soccer field
He is in the soccer field

Is table the on cup the
The cup is on the table

Rice shrine
American shrine
Rice company
American company

The Classic Language Model

Word N-Grams

Generative story:
w1 = START
repeat until END is generated:
produce word w2 according to a big table P(w2 | w1)
wl=w2

P(l saw water on the table) =

P{l | START) "

P(saw | ) *

E(water l tsaw,), Probabilities can be learned
(on | water) from online English text.

P{the | on) *

P{table | the) *
P(END | table)




Translation Model

Learn How to Translate from Data

Direct Estimation:

| Mary did not slap the green witch |

not enough data for this
{most input sentences unseen)

\4
Maria no di6é una botefada a la bruja verde

Generative Model

Break up process into smaller steps:

[Mary did not slap the green witch ]

/ _L/A\-\ \. \ sufficient

statistics for

l 1 l l l\‘\\\fmaller steps
[ Y A N N B

Ll )X

Maria no dié una botefada a la bruja verde




What kind of Translation Model?

May use syntactic and semantic representations:

|Mary did not slap the green witch |

[ TN\

Source-language morphological analysis

Source parse tree
Saman%c reprasentation

Generate target structure

Ll L NS

Maria no di6 una botefada a la bruja verde

The Classic Translation Model
Word Substitution/Permutation [I1BM Model 3, Brown et al., 1993]

Generative story:

[Mary did not slap the green witch

L TN\ O\
Ma{v ﬂots/lap slap slap the gree\nwitch n(3|slap)

] P-Nutl
Mary not slap slap slap NULL the green witch

, [N I/ ] talthe
Maria no di6é una botefada a la verde>bzu'a

|l | ]

Maria no di6 una botefada a la bruja verde

o

dgli

| Probabilities can be learned from raw bilingual text. |




Probabilistic Method

» Generative story for how an English string e gets
to be a French string f

— Choices in the story are decided by reference to
parameters -- e.g., t(juste | correct)

« Formula for P(f | ) in terms of parameters

— Usually long and hairy, but mechanical to extract from
the story

» Training to obtain parameter estimates from
possibly-incomplete data
— Off-the-shelf EM (“Expectation Maximization™)

How do we Learn the Parameters?

 Incomplete training data:
— we know input and output words
—we do not know the connections
(“alignments”) between them
» Chicken and egg problem:

— if we knew the alignments,
we could estimate the model

— if we knew the model,
we could find the best alignments




Finding Word Alignments

... 1a maison ... la maison bleue ... la fleur ...

X g X

... the house ... the blue house ... the flower ...

All word alignments equally likely

Ali P(french-word | english-word) equally likely

Finding Word Alignments

... lamaison ... la maison bleue ... la fleur...

W BB X

... the house ... the blue house ... the flower ...

“la” and “the” observed to co-occur frequently,
so P(la | the) is increased.




Finding Word Alignments

... la maison ... la maison bleue ... la fleur ...

Vi D |/

... the house ... the blue house ... the flower ...

“house” co-occurs with both “la” and “maison”, but
P(maison | house) can be raised without limit, to 1.0,
while P(ia | house) is limited because of “the”

(pigeonhole principle)

Finding Word Alignments

... la maison ... la maison bleue ... la fleur ...

WS a4

... the house ... the blue house ... the flower ...

settling down after another iteration




Finding Word Alignments

... lamaison ... la maison bleue ... la fleur ...

\ 11 X

... the house ... the blue house ... the flower ...

Inherent hidden structure revealed by EM training!
For details, see
- “A Statistical MT Tutorial Workbook” (Knight, 1999).

- 37 easy sections, final section promises a free beer.
- “The Mathematics of Statistical Machine Translation”
{Brown et al, 1993)
- Software: GIZA++

Statistical Machine Translation

... la maison ... la maison bleue ... la fleur ...

VX |

... the house ... the blue house ... the flower ...

S g
—

P(maison | house ) = 0.411
P(maison { building) = 0.027
P(maison | manson) = 0.020

Estimating the model from training data




Statistical Machine Translation

Applying the model to new input

Translation model Language model

P(maison | house ) = 0.411 P(house green the) = 0,00001
P(maison | building) = 0.027 | | P(the green house) = 0.001
P(maison | manson) = 0.020 | | P(the house green) = 0.0001

new French ~ Possible
sentence English translations

— English

Decoding for “Classic” Models

Of all conceivable English word strings, find the
one maximizing P(e) x P(f | e)

Decoding is an NP-complete challenge
— (Knight, 1999)

Several search strategies are available

Each potential English output is called a
hypothesis.




Greedy decoding

(Germann et al, ACL-2001)

NUAL wel hear , t wikihg o beauthul vistoy .

TN\ T s

bien anieniy , 1 perie de wne el widom ¢

NAL wel baand , & ks & gmal  wiciony .

W\\ | \ trmeireTaoWo sz undeesten §Epbont]

kion ermndy , 1 porie de une Il vichole

Action

MULL woll understond , k& wlks sbout & gest viclow .
\ LT ] /] oot
bian smisndy | | pere de um belle vicloie

belie wctele *

Dynamic Programming Beam Search

1stsource 2% source 3™ source

word word word

4t source

word

-‘-‘-\N.._\

start /
\ wimu

\D

]
T Sd

/all source

words

Each partial translation hypothesis contains:

- Last English word chosen + source words covered by it

- Next-to-last English word chosen

- Entire coverage vector (so far) of source sentence o 0

- lLanguage model and translation modetf scores

(so far)

covered

[delinek, 1969;
8rown et al, 1996 US Patent;
(Och, Usffing, and Ney, 2001]




Dynamic Programming Beam Search

1t source 2™ source 3dsource  4th source
word word word word

maps best predecessor

L}
start / fink end
k11l
\ v _— A source

words
covered

--__‘______‘-U

Each partial translation hypothesis contains:
- Last English word chosen + source words covered by it
- Next-to-last English word chosen . )
K [Jelinek, 1869;
- Entire coverage vector (so far) of source sentence ™M O “sioun st al, 1996 US Patent;
- Language model and translation model scores {so far} | (Och, Ueffing, and Ney, 2001]

The Art of Beam Search

» Coalesce hypotheses with the same future
behavior, throw away weaker ones
— Cover same source words
— End in same two target words

» When pruning, use hypotheses’ estimated-
future-cost as well as cost-so-far

» Make multiple passes to get estimated-
future-cost




Post-Processing

 |f an MT system translates to English, then...
We have to change this kind of output:
" there , " said bob

into something that looks better:
"There, " said Bob.

» For English output, this involves de-fokenization
and re-capitalization (latter is nontriviall).

» For Chinese output, we need to remove the
spaces between the words.

» For German output, etc., efc.
* In general: need to reverse the pre-processing.

The Classic Results

» la politique de la haine . {Foreign Original)
politics of hate . : {Reference Translation)
the policy of the hatred . {IBM4+N-grams+Stack)

* nous avons signé le profocole . (Foreign Original}
we did sign the memorandum of agreement . {Reference Translation}
we have signed the protocol . (IBM4+N-grams+Stack)

»  oi élait le plan solide ? (Foreign Originaf}

» but where was the solid plan ? (Reference Translation)
where was the economic base 7 {IBM4+N-grams+Stack)

NHEFE B ERSRIBHEERY, SFE+— A VEXFRIAS
EATLATINZET, KPamEstiassiiy A eiZxmn.
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




Flaws of Word-Based MT

» Multiple English words for one French word
— IBM models can do cne-to-many (fertility) but not
many-to-one
» Phrasal Translation

- “real estate”, “note that", “interest in”

» Syntactic Transformations
— Verb at the beginning in Arabic
— Translation model penalizes any proposed re-
ordering

— Language model not strong enough to force the verb
to move to the right place

* Introduction

« Data for Statistical MT

= MT Evaluation

« Word-Based Statistical MT

 Phrase-Based Statistical MT

« Advanced Training Methods
+ Syntax and Semantics in Statistical MT




Phrase-Based Statistical MT

l Morgen I |ﬂiege I | ich] | nach Kanada | | zur Konferenz |

=

I Tomorrow l |I| | will fly | [to the conference | | In Canada |

» Foreign input segmented in to phrases
— “phrase” is any sequence of words
» Each phrase is 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 is state-of-the-art!

Advantages of Phrase-Based

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

» Local context is very useful for
disambiguating
—“Interest rate” 2> ...
—“Interestin” > ...

» The more data, the longer the learned
phrases
— Sometimes whole sentences




How to Learn the Phrase
Translation Table?

» One method: “alignment templates” (Och et al, 1999)
« Start with word alignment, build phrases from that.

Mary
did
not
slap
the

green
witch

Maria no dié una bofetada a la bryja verde

This word-to-word
alignment is a

by-product of

training a
translation modet

like IBM-Model-3.

This is the best

(or “Viterbi”)

alignment,

How to Learn the Phrase
Translation Table?

* One method: “alignment templates” (Och et al, 1999)
+ Start with word alignment, build phrases from that.

Mary
did
not
slap

green
witch

Maria no did una bofetada a la broja verde

This word-to-word
alignment is a
by-product of

I training a
translation model
____J_J like IBM-Model-3.

This is the best

(or “Viterbi”)

alignment.




IBM Models are 1-to-Many

* Run IBM-style aligner both directions, then
merge:

E->F best
alignment

F-2E best
alignment

Union or Intersection

How to Learn the Phrase

Translation Table?

 Collect all phrase pairs that are consistent with
the word alignment

Mary
did
not
slap
the

witch

Maria no did una bofetada a la bruja verde
I —

B -

one
example
phrase
pair




Consistent with Word Alignment

Maria no dio [ Maria no did ] Maria no dié [

Mary Mary Mary I ;
|
did did Iid l!
not not X ot
A
slap ‘ slap ‘ slap X
| . .‘: L 1 L

Phrase alignment must contain all alignment points for all
the words in both phrases!

Word Alignment Induced Phrases

Maria no dib una bofetada a la bruja verde

Mary

did

not

slap

the

green

witch

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




Word Alignment Induced Phrases

Maria no did una bofetada a la bmja verde

Mary

did

not

slap

the

Breen

witch

(Maria, Mary) (no, did not) {slap, dié una bofetada) {la, the} (bnja, witch} (verds, green)
{a la, the) (did una bofetada a, stap the)

Word Alignment Induced Phrases

Maria no di6 una bofetada a la bruja verde

Mary

did

not

slap

the

green

witch

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

(a la, the) {did una bofetada a, slap the)

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




Word Alignment Induced Phrases

Maria no di5 wuna bofetada a la bruja verde

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

{a la, the) {did 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 did una bofetada, Mary did not slap)

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

Word Alignment Induced Phrases

Maria no dié una bofetada a la brujz verde

Mary

did

not

slap

the

green

witch

{Maria, Mary) (no, did n . ; . , greeny
{ala, the} (did una bofetada a, slap the)

{Maria no, Mary did not} (no dié una bofetada, did not slap), {di¢ una bofetada a Ja, slap the)
{bruja verde, green witch) (Maria no di6 una bofetada, Mary did not slap)

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

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




Phrase Pair Probabilities

» A certain phrase pair (f-f-f, e-e-e) may appear
many times across the bilingual corpus.

— We hope so!

» So, now we have a vast list of phrase pairs and
their frequencies — how 1o assign probabilities?

Phrase Pair Probabilities

+ Basic idea:
— No EM fraining
- Just relative frequency:
P(f-f-f | e-e-e) = count(f-f-f, e-e-e) / count(e-e-e)

» [mportant refinements:
-~ Smooth using word probs P(f | e) for individual words
connected in the word alignment

» Some low count phrase Ipairs now have high probability,
others have low probability

— Discount for ambiguity

= If phrase e-e-e can map to 5 different French phrases, due to
the ambiguity of unaligned words, each pair gets a 1/5 count

— Count BAD events too

+ |f phrase e-e-e doesn’t map onto any contiguous French
phrase, increment event count{BAD, e-e-e




Phrase Pair Probabilities

* Lots of variations on this theme:
— [Tillmann, 2003]
—[Zens and Ney, 2004]
— [Venugopal et al, 2003]
— [Zhang et al, 2003]
— [Marcu and Wong, 2002]

Joint Phrase Model (Marcu and Wong, 2002)
EM-based trained model

enfait, ilya quatre ans quelecanada aadopté cette politique

indeed, canada adopted this policy four years agoe




Phrase Table Learned Examples

possessives:

— ( la réaction de : 's response ) :5.30995e-06

— { laréponse de : 's response ) :5.29405e-06
complex nominals:

— { monsieur le président : mr. speaker ) :4.07544e-05
negation:

— { ne est pas : is not ) :0.000173962

— ( est inadmissible : is not good enough } :2.31636e-06
— ( ne est pas ici : is not here ) :3.57434e-06
adj-noun order:

— ( figvre typhoide : paratyphoid fever ) :1.77204e-06
paraphrase:

— ( fonction de les plus importantes : most important responsibility }
1.77e-06

Phrase-Based Decoding

* Monotonic version:
~ Substitute phrases for phrases, left to right

- Word order can change within a phrase, but phrases
themselves don’'t change order

— Allows a dynamic programming soiution

- Monotonic assumption sometimes does not severely
damage BLEU score (surprisingly}
= For Arabic/Chinese - English, about 3-4%

« Non-monotonic version
— Explore re-ordering of phrases themselves




* Introduction

+ Data for Statistical MT

* MT Evaluation

+ Word-Based Statistical MT
Phrase-Based Statistical MT

. Advanced Training Methods

= Syntax and Semantics in SMT Models

Basic Model, Revisited

argmax P(e|f) =
e

argmax P(e) xP(f|e)/P(f) =
e

argmax P(e) x P(f| e)
e




Basic Model, Revisited

argmax P(e|f) =
e

argmax P(e)xP(f|e)/P(f) =
e

argmax P(e)?4xP(f|e) ... works better!
e

Basic Model, Revisited

argmax P(e |f) =
e

argmax P(e) x P(f | ) / P(f)
e

argmax P(e)’* x P(f | ) x length(e)*!
e \

Rewards longer hypotheses, since
these are unfairly punished by P(e}




Basic Model, Revisited

argmax P(e)?* x P(f | e) x length(e)1' x KS 37 _..

e - e
———

Lots of knowledge sources vote cn any given hypothesis.

“Knowledge source” = “feature function” = “score component”.

Feature function simply scores a hypothesis with a real value.
(May be binary, as in “e has a verb”).

Problem: How to set the exponent weights?

Discriminative Training
(Och & Ney, 2002)

» Basic Idea:

— Set parameters to get the right translation,
rather than to maximize the likelihood of the
data

» Application:
— Learn handful of weights for language model,

phrase-translation model, word-translation-
model, length model, re-ordering model.

— Don'’t try to set (the millions of) word and
phrase translation probabilities this way.




Maximum BLEU Training
(Och, 2003)

Translation Length
Model
. Model English
anguage Reference Translations
nguage Cther . .
Model #1 \Mo del #2 Features (sample "right answers™)
Translation Translation
. System English Quality BLEV
Farst =1 (Automatic, | ™ MT Output | Evaluator |™ score
Trainable) (Automatic)

—_— =

Learning Algorithm for Directly Reducing Translation Error
Yields big improvements in quality.

Learn Model Weights

. Start with initial weights

. Generate list of n-best translations for each
source sentence in a development set

. Score all those translations with BLEU

. Figure out which model weights push the
best-BLEU translations to the top

. Change model weights
. Go o Step 2




Discriminative Training

Find model weights that make the correct translations score best.
Methods vary depending on how they implement “find”, “correct”, and “score best.”

LM ™ LEN | | Correct
1 Mary not give slap witch green . 172 -5.2 -7 no
2 Mary not slap the witch green . -163 57 -7 no
3 Mary not give slap of the green witch . -181 49 -9 no
4 Mary not give of green wifch . -16.5 -51 -8 no
5 Mary did not slap the witch green . 201 47 -8 no
6 Mary did not slap green witch . -155 -3.2 -7 no
7 Mary not slap of the witch green . -192 53 -8 no
8 Mary did not give slap of witch green . -232 50 -9 no
9 Mary did not give slap of the green witch ; -21.8 -44 -10 ne
10 Mary did slap the witch green . -1565 6.9 -7 no
[ 14 Mary did not slap the green witch . 174 53 -8 yes
12 Mary did slap witch green . -169 68 -6 no
13 Mary did slap the green witch . -143  -7.1 -7 no
14 Mary did not slap the of green witch . -242 53 -9 no
15 Mary did not give slap the witchgreen . | -262 -55 -9 no

Discriminative Training

« Example work in machine translation:
—[Och and Ney, 2002]
—[Och, 2003]
—[Shen et al, 2004]

« Also becoming popular to use Simplex
algorithm to optimize model weights.




Summary: Phrase-Based MT

[MorgenJ Ifliege | ich nach Kanada

|Tom‘orrow| I_T_I |wii| ﬂyl {to the conferencel | In Canadal

This is state-of-the-art!

* Introduction

= Data for Statistical MT

* MT Evaluation

= Word-Based Statistical MT

* Phrase-Based Statistical MT
+ Advanced Training Methods

« Syntax and Semantics in
Statistical MT




MT Pyramid

intertingua

semantics semantics

phrases phrases

words words
SOURCE TARGET
Why Syntax?

Need much more grammatical output

Need accurate control over re-ordering

Need accurate insertion of function words

Word translations need to depend on
grammatically-related words




pregnant(her, now)
+ speaker-aftitude
+ focus, elc.

interingua

‘there is a baby
happening inside ‘she is going
her.” fo have a baby.”

ntics

Shouid give some
indication of the complexity
of the necessary
transformations

required as we get

deeper in the pool.

Commercial Systems

Compare statistical word-based
output with these commercial
systems — which one “has
more syntax"?

interlingua

semantics

semantics

words words

SOQURCE TARGET




Wu (97), Alshawi et al (98)
- learning from string pairs
- inducing syntactic structure
as a by-product of aligning

interlingua
words

semantics semantics

Language Model
words O words

Su 95
- candidate outputs at each

step are generated by rules
- statistical training learns how

interlingua
to rank candidates

semantics

semantics

Language Model
O words

words




Japangloss (Knight et al 95)
- domain-independent
meaning-based translation
- composition rules implemented
intertingua with feature unification
- use of a target language model
to cope with ambiguity

semantics semantics

Language Maodel

words ()  words

Nitrogen/Halogen
(Knight & Hatzivassitogiou 95,
Langkilde and Knight 98)
- domain-independent
interiingua natural language generation

semantics semantics

Language Model

words O words




Nitrogen/Halogen
(Knight & Hatzivassiloglou 95,
Langkilde and Knight 98)
) - domain-independent
intertingua natural language generation
- possibility for LM to score trees
instead of word sequences

semantics semantics
Language Model

Language Model

words O words

Yamada/Knight {01,02)
- tree/string model
- used existing target language
interlingua parser trained on Treebank
in supervised manner

semantics semantics

syntax

Language Model

words O words




Yamada/Knight (01,02)
- tree/string model
- used existing target language
interlingua parser trained on Treebank
in supervised manner

semantics semantics

Language Model

Language Model

words . ®) words

Yamada/Knight 01: Modeling and Training

Parse Tree(E)

~ PRP/\%M
FE R e T AT
s R N, e

listening

L me  ©
o music
V8 V8
A\Wl Translate PA\VBI
her\ha ﬁ" ua I\ — Inr: ha ﬁ G I\
” . [\ adores desu , = I\ daisuld desu
T b 3

music to listening no ongaky wo kiku
Take Leave/

Sentence(1) | Kare ha ongaku wo kiku no ga daisuki desu




Japanese/English Reorder Table

Qriginal Ordexr Recrdering P{reorder|original)
PRF VBl VB2 PRP VBl VB2 0.074
PRP VB2 VE1 0.723
VE1l PRP VB2 0.061
VBl VB2 PRP 0.037
VB2 PRP VBl 0.083
VB2 VBl PRP 0.021
VB TO VB TOC 0.107
TO VB 0.893
TO NN TO NN 0.251
NN TO 0.749

For French/English, useful parameters like P(N ADJ | ADJ N).

Japanese/English Reorder Table

How well does this re-order model fit the data?

(S (NP1 (VP V NP2)) => V NP1 NP2
- one solution: flattening trees before training

No discontinuous constituents.

See [Galley, Hopkins, Knight, Marcu, 04] for a full
analysis of how this model fits the data.




Decoding Direction: Reverse of the Model Direction

OUTPUT: Many such trees, packed into a forest.
Ve B

/&
w7 ROT

he adares YB T he /TO\ ‘T
Z{ listaning
listering T MN i

I'iiN TO
to music RS L
VB VB
P VB2 vB1 PRP VB2 VBl
P S — ™~ S—
he ha K ow e = e ha g
M 'l“ _Il_o aores  desu - o I\ daisuk) desu
music o Nstening no ongaku wo kil no

/

INPUT: | Aare ha ongaku wo kiku no ga daisuki desu

Decoded Tree

NPB This tree is disgusting!

PRN
NP’B"S\ l
{

PRN VP

NPB /\ NPB NPB )\
/D NNS yN r
he briefed reporters statement major contents

Eﬂﬁﬂiﬂﬁﬁ.ﬁ‘i’ﬁﬁ% FEAE
Deceding with Trigram Language Model




Decoded Tree

NB

PFI{N
PRN
NII’B
PRN VP
)
N'fB /\ NPB NPB BB

PRVD NNS)N J NS P{QPVD NSIIT

he bnefed reporters statement major contents  he briefed reporters on m in co t
fmm% /ﬁa_i’ﬁ;_ﬁm §5§" ﬂl}.ﬁjézﬂ FUT wET
Decoding with Trigram LM Decoding with Charniak Tree-Based LM

Analysis of Charniak/Knight/'Yamada

+ Big increase in the number of grammatically correct
outputs

* No increase in the number of semantically correct
outputs

* No increase in BLEU score

“If you get it almost all the way there, then | can make it
perfect.” -- Charniak

{Though for dissemination applications, perfection
matters).




Analysis of Charniak/Knight/Yamada

» Only short sentences can be decoded
» Missing the phrasal translations
— the only phrasal entries are for English constituents
» Missing integrated search
— TM hands forest of possibilities to LM
— pruning often eliminates good translation
» Distortion is too uncontrolied

* Lots of interesting problems ... !

Some Generative Statistical
Models Using Syntax

» Su 95+, Wu 96+, Alshawi et al 98
» Richardson et al 01, Yamada & Knight 01

» Cmejrek et al 03, Gildea 03, Melamed 03,
Cherry & Lin 03, Schafer & Yarowsky 03

» Tree-to-tree mappings, dependency mappings,
better word alignments using syntactic
dependencies, projection of English syntax tools
onto other languages. ..

» Parallel treebanks coming from UPenn & LDC
« Synchronous grammars
» Tree transducers




Casting Syntax MT Models As Tree
Transducer Automata [Graeh! & Knight 04]

Non-local Re-Ordering (English/Arabic) Non-copstituent Phrasal Translation (English/Spanish)

a8 q8 8
o O — PRO” VP — pi Ne
I | D/\
NN VF NP1 NP2 therevml’ hay ¢ NN
BR A PZaN el N dos hothbres
two mén
Lexicalized Re-Ordering (English/Chinese) Long-distance Re-Ordering (Englisk/Japanese)
q58 ]
NP NP . A
WH-] SINVINP — * S ka
N B — N PR A e~
4./_\1)/N\112 AB}]A Whe MD S/NP NP A
i 1
JAPZAN did NP/V\P;NP NE B NP S
| I
VAN \)B A ga P(C)} VB
A Lo
dare o <saw>

Summary

» Phrase-based models are state-of-the-art
— Word alignments

Phrase pair extraction & probabilities

N-gram language models

Beam search decoding

Feature functions & learning weights

1

» But the output is not English
— Fluency must be improved
— Better translation of person names, crganizations, locations

— More automatic acquisition of parallel data, exploitation of
monolingual data across a variety of domains/languages

— Need good accuracy across a variety of domains/languages




Available Resources

Bilingual corpora
— 100m+ words of Chinese/English and Arabic/English, LDC (www.ldc.upenn.edu)
- Lots of French/English, Spanish/French/English, LDC
— European Parliament {sentence-aligned), 11 languages, Philipp Koehn, ISI -
«  (www.isi.edu/~koehn/publicationsfeuroparl)
- 20m words (sentenoe-allgned) of Engllsthrench Ulrich Germnann, ISI

Sentence ahgnrnent
— Dan Melamed, NYU (www.cs.nyu.edu~melamed/GMA/docs/README. him)
— Xiaoyi Ma, LDC {Champallion)
Word alignment
- GIZA, JHU Workshop ‘99 {www.clsp. jhu.eduws39/projects/mt/)
~ GIZA++, RWTH Aachen (www-i6.Informatik. RWTH-Aachen. defweb/Software/GIZA++.himl)

- iﬂ:nﬁlally word-aligned test corpus (500 French/English sentence pairs), RWTH
chen
— Shared task, NAACL-HLT'D3 workshop

Decoding

— 18I ReWrita Model 4 decoder (www.isi.edullicensed-swirewrite-decoder/)
~ 15l Pharagh phrase-based decoder

Statistical MT Tutorial Workbook, |51 (weww.isi.edus~knight?)
Annual common-data evaluation, NIST (www.nist.gowspeechiests/myindex.htm)

EMNLP

Al Magazine

www.isl.edu/~knight

Some Papers Referenced on Slides

ACL +  AMTA
— [Och, Tillmann, & Ney, 1999] — [Soricut et al, 2002]
— [Och & Ney, 2000} — [Al-Onaizan & Knight, 1998}
— [Germann et af, 2001] = EACL
— [Yamada & Knight, 2001, 2002] — [Cmejrek et al, 2003]
~ [Papineni et al, 2002] = Computational Linguistics
— [Alshawi et al, 1998] - [Brown et al, 1993]
- [Collins, 1997] — [Knight, 1999]
- [Koehn & Knight, 2003) ~ [Wu, 1997]
— [Al-Onaizan & Knight, 2002] «  AAAI
— [Och & Ney, 2002] — [Koehn & Knight, 2000]
~ [Och, 2003} « IWNLG

~ [Koehn et al, 2003 — [Habash, 2002]

= MT Summit
- Eg:f;o‘%,zv]" ong, 2002] ~ [Chaniak, Knight, Yamada, 2003]
\ - NAACL

— [Munteanu & Marcu, 2002] — [Kaehn, Marcu, Och, 2003]

— [Germann, 2003]
~ [Graehl & Knight, 2004]
— [Galley, Hopkins, Knight, Marcu, 2004]

- [Knight, 1997]

— [MT Tutorial Workbook]




