Learning Better Monolingual Models
from Bilingual Data

University of
California

John Blitzer

David Burkett, Wei Gao, Dan Klein, Slav Petrov, Ming Zhou



O C

=1

N L) 0
Berkeley

niv
if

ersity of
ornia

Improvmg Named Entity Recognition (NER)
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English parallel text can improve German NER
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2 Lhan feizi
@ chow all © Only English
Han Feizi - China culture

Han Fei, Li Si, Xunzi Han Feizi, Han Fei, Confucianism
General (but short) introduction to Han Feizi

HIEF - #IUEE Translate this page
gk BHET ... FREEK | FRIEE
| BRMEAE | 24/NET R #26:010-58511234
Chinese Spam

Han Feizi (book) - Wikipedia

The Han Feizi 1s a work written by Han Feizi at
the end of the Warring States Period

On topic, but missing some information

.... Lower ....
www.hawickert.de/HanFeizi.htm

Improving Web Search
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The complete works of Han Feizi

A much more complete description of Han Feizi’s work, with excerpts


http://www.ilib.cn/Abstract.aspx?A=qxnmzsfgdzkxxxb200301011
http://www.ilib.cn/Abstract.aspx?A=qxnmzsfgdzkxxxb200301011
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Part 1: Sentence-Level Models

Berkeley

Input: Original Monolingual Models
Bilingual Data

Output: Bilingual Model
Improved Monolingual Models

Multi-view Training

(1) Label bilingual data with original monolingual models
(2) Train bilingual model on the output of the monolingual models
(3) Combine bilingual and monolingual models

(4) Retrain improved monolingual models on combined output
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v = (1, 22) y = (Y1, 92)
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Bilingual label-label alignments
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We want features that generalize (1.e. only use pairs of nodes in each tree)

But we don’t know how label pieces correspond

VP
VP
Np NP
I\|IP V|B Nb e A\
T~ /\ / \ VB NP N0 BE NN

increased the attractiveness of Tianjin to Taiwanese

These
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po(y|z) = ZP@ y, alz) 4 (y|z) = max p(y, alz)

pe(y,alr) =exp |0 ¢(y1,a,y2) — A(6; z)
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Bilingual Training: Inside Ratio Feature
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Monolingual Features in the Bilingual Model

Berkeley

We need some monolingual input for accurate modeling

KRE But we can’t include the full
Xy monolingual models as features

[T

7]

<
5] 71 > ©  We include weakened versions
of the monolingual models

Ir, 2o.0(Y|T) def max exp {)\1611/[/ + )\gﬁgv + GTqb(yl,a,,yg) — A(M1, Ao, 0; aj)} .
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Final Training Procedure
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Input: full and weakened monolingual models:
pi (y1lz1), p3 (y2lz2), pi (valz1), P2 (y2|22)

unannotated bilingual data

ol e e

Output: bilingual parameters: 6,A{, s

1. Label U with full monolingual models:
Ve € U, yu = argmax, p1(y1|r1)p2(yz2|r2)-

2 * Return a’rgmaX)\l,Az,e ngEU qe7>\1 a)\2 (:&M ‘ZU)
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Combining Mono and Bilingual Models
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How to do prediction? 3 Choices:

1) Bilingual model only:

argmax max exp {/\16‘1/[/ + Aol + BTgb(yl, a,ys) — A(A1, Ao, 0; :U)}
Y a

2) Uniform combination:

argmax Imax exp {Ef + 05 + BTgb(yl, a,ys) — A(A1, Ao, 0; .:L’)}
Y a

3) Replace weakened with full monolingual model:

argmax Imax exp {Alff + Aolh + 60" d(y1,a,y2) — A(A1, As, 6; 33')]
Y a
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Parsing Data and Setup

Berkeley

* Labeled Data: Penn Treebank and Chinese Treebank

* Parser: Berkeley Parser (State-split, latent variable parser)

* Weakened Models: 3 iters of state splitting (5 for full model)
* Unlabeled Data: Parallel portion of Chinese treebank

* Testing Data: Parallel portion of Chinese treebank

* Bilingual Features: Burkett & Klein (2008)
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Parsing Results — Chinese & English

Berkeley
Model Chinese F1 |English F1
Monolingual Baselines
Weakened Monolingual 78.3 67.6
Full Monolingual 84.2 75.4
Bilingual Models
Bilingual only 30.4 70.8
Bilingual + Monolingual |85.9 77.5
Retrained Monolingual Models
Self-Retrained 83.6 76.7
Bilingual Retrained 33.9 77.4
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Syntactic MT Rule Extraction

Berkeley

* Unlabeled Data: 100,000 parallel Chinese-English sentences

* Testing Data: 1-reference test set from the same domain

Model BLEU

Phrase-based
Moses 18.8

Syntactic (Galley et al. 2006) Models
Penn Treebank 18.7
Burkett & Klein (2008) 21.1
Bilingual 21.2
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Comparing Prediction Methods

Combined F,

81.8-82.1
~ 81.5-81.8
wg81.2-81.5
H80.9-81.2
® 80.6-80.9

Chinese Weight

% 82.1

+ 82.0

— 814
0o 02 04 06 08 10 12 14

English Weight

— Uniform combination =+ Weakened Weights * Optimal
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Part 2: Bilingual Web Search Ranking

Berkeley

Input: Bilingual query log,

documents

Click-through statistics for each query-document pair

Output: Improved Ranking Model for Bilingual Queries

Training

(1) Create a bilingual ranking prob
similar web pages (one from each -

lem, where instances consist of pairs of
anguage)

(2) Train a ranking model that exploits bilingual and monolingual features

Prediction: Reconstruct monolingual ranking from bilingual ranking

We never need to show machine-translated pages to an end user!
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Input: Query pair, documents, & clickthroughs for each language

Bilingual query pair (Mazda, 5 HX) el>e2
doc URL Aggr. click # el>es
el www.mazda.com 229 e2>e3
e2 www.mazdausa.com 185 e2>e4
e3 www.mazda.co.uk 5 o
e4 www.starmazda.com 2 ed>e5
€ www.mazdamotorsports.com 2
cl www.faw-mazda.com 50 cl>c2
c2 price.pcauto.com.cn/brand.jsp?bid=17 43 cl>c3
c3 auto.sina.com.cn/salon/FORD/MAZDA .shtm 20 ce
c4 car.autohome.com.cn/brand/119/ 18 c2>c3
c5 jsp.auto.sohu.com/view/brand-bid-263.html 9 c2>c4

c4>c5
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From monolingual to bilingual rankings
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2 natural conditions for constructing a bilingual ranking
from monolingual rankings

(egl),c(-l)) > (€§2),C(-2)) if and only 1f

(1)
(1)

) and c(-l) > c(-z)

> e§
or
> e 1 > 2

and c

cl>e2, el>e3, el>ec4 (el,cl)>(el, c2), (el,cl)>(e2,cl)
e2>e3, e2>e4 ‘I‘ (el, c2) > (el, c3), (el,c2)>(e2,c2)

cl>c2, c1>c3, cl>c4
(e2,c3)>(e2,cd), (e2,c3)>(e3,c3)

c2>e3, c2>c4
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Learning a bilingual ranking function
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Training data

(el,cl)>(el,c2), (el,cl)>(e2,cl)

(el, c2)>(el, c3), (el,c2)>(e2,c2) |I~ f : (ei’ Cj) — R

(e2,c3)>(e2,c4), (e2,c3)>(e3,c3)

Score given by [ allows us to reproduce the ranking

(e%,cjl-) ~— (e?,c?) — f(ezl,cjl-) > f(e%,c?)

We learn a linear function with RankSVM (Herbrich et al. 2000)
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Features

Berkeley

® Monolingual Features
® BM 25 features

® Janguage model ranking, pseudo-relevance feedback, etc.
® PageRank (Brin and Page 1998) & HITS (Kleinberg 1999)

® Bilingual Features

® Dictionary-based cosine similarity

B Machine translation based similarities (forward & backward)

® URL LCS ratio (URL)

www.airbus.com vs. www.airbus.com.cn
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] Prediction — Construct monolingual ranking

Berkeley
= Reconstructing a monolingual ranking is over-constrained
(el,cl): 0.4 (el,c2): 0.3
(e2,cl): 0.1 (e2,c2): 0.5
(e3,cl1): 0.6 (e3,c2): 0.2

" Two heuristics (English):

H-1 (max score) H-2 (avg score)
N — R 1
8(67,) mja;Xf(e?,)Cj) 3(671) p— Ez'f(ezjcj)
J
e3: 0.6 e3:04
e2: 0.5 el: 0.35
el: 0.4 e2: 0.3
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@47 How many queries are bilingual?
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" Examples of local
(monolingual) queries

English: Map of Alabama
o] v £ By 3 [

Chinese: K i FE AL
Changhong TV set

= Statistics — Bilingual
queries by token

English query log: 1.3%
Chinese query log: 2.3%

Bilingual queries by type

50% -
45% A
40% -
35% A
30% -
25% -
20% -
19% A
10% -
5% -
0%

Proportion of queries in query logs of

different languages

—8— English

—x— Chinese

12} Q Q \) Q Q
N ) S IN) \) \) Q
N 2 Q \) Q \)
N < \@ @Q

Frequency (# of times queries are issued)
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Evaluation Setup

Berkeley
® Query logs: AOL (English) and Sougou (Chinese)

® Total bilingual queries : 1,000 after discarding low click-
through documents

B Total document count: 21,000 English, 28,000 Chinese

® Evaluation: Kendall’s Tau on heldout click-through
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Chinese Ranking Performance
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Pair H-1 (max) H-2 (mean)

Monolingual baseline n/a 0.2935 0.2935

IR (no similarity) 0.3201 0.2938 0.2938

[R+DIC 0.3220 0.2970* 0.2973*
(p=0.0060) (p=0.0020)

IR+MT 0.3299 0.2992* 0.3008*
(p=0.0034) (p=0.0003)

IR+DIC+MT 0.3295 0.2991* 0.3004*
(p=0.0014) (p=0.0008)

[R+DIC+MT+URL 0.2979 0.2981* 0.3024*
(p=0.0005) (p=1.5e-6)
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Top Improved Queries
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Most improved CH queries

Most improved EN queries

IR

-

Zn

(salmonella)

free online tv (R R ELL HAL)

7% == (scotland)

weapons (FL %)

UILERPS

(caffeine)

lily (H &)

5 T IJE% (epltaph)

cable (FH.45

Hi|E [ 52 (british history) sunrider (il ¥ 25 145)
HyA78 1H] (political cartoons) | aniston (ZZ e HiN)
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® Bilingual data is plentiful & covers many domains
® Monolingual models can be improved with bilingual data

® MT is useful as a backend, as well as a goal in itself



Thanks!
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NER Data and Setup

Berkeley
* Labeled Data: CoNLL 2003 German and English corpora
* Weakened Models: Obtained by dropping features
* Unlabeled Data: European Parliamentary Proceedings

* Testing Data: Manually annotated parliamentary proceedings
and parallel newswire text

* Bilingual Features: Typed and untyped bispan INS-OUT
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NER Results — German Parliament
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Model Precision |Recall |F1
Monolingual Baselines
Weakened Monolingual 71.3 36.4 48.2
Full Monolingual 69.4 44 4 54.0
Bilingual Models
Bilingual only 70.1 66.3 68.2
Bilingual + Monolingual |70.1 70.1 70.1
Retrained Monolingual Models
Self-Retrained 70.4 44 4 54.2
Bilingual Retrained 74.5 63.6 68.6




