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- 150 labeled training examples
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» Evaluation

- Prec, Recall over gold alignments
- BLEU end-to-end
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GIZA++ 23.22
HMM 77 79 23.05
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» Blocks are important, ITG tractable

» Normal form and oracle projection allow
for likelihood training

» Word alignment improvements yield
BLEU improvements

» Software available @ nlp.cs.berkeley.edu




University of
California

http://nlp.cs.berkeley.edu



http://supriseme.com
http://supriseme.com

llllllllll

'Yﬁ’”i

\_/\J\/

' Likelihood Criterion

Berkeley

A




313?3 Likelihood Criterion

Berkeley




?if“ Likelihood Criterion

Berkeley

M(a™)

m* = min L(a",a)
acArra

/\/l(a*) = {a c Arra s.t. L(a*,a) — m*}




\/W}

WROR.

Likelihood Criterion

Berkeley




University of
Californi a

oYoYe—

{4 Likelihood Criterion

MIRA 21.1

LogLike 20.1

|5 19 23

Saturday, September 26, 2009




"\C

of
os »f\Z
N © ®
Berkeley
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Adding External Features
Adding Joint HMM posteriors from

MIRA

Likelihood

Features

I-1

P R  AER

ITG

P R  AER

P

BITG
R

AER

BITG-S

P R  AER

BITG-N

P R  AER

Dice, dist,
blcks, dict, lex
+HMM

8577 63.77 26.8
90.5 694 21.2

86.2 658 252
91.2 70.1 203

85.0 733
90.2 80.1

21.1
15.0

85.7 737 20.6
87.3 82.8 14.9

853 74.8 20.1
88.2 83.0 144

TODO: Keynote Chart
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Model Prec | Rec | Rules | BLEU
GIZA++ 62 84 | 1.9M | 23.22
Joint HMM 79 | 77 | 4.0M | 23.05
Viterb: ITG 90 80 | 3.8M | 24.28
Posterior ITG 81 83 | 4.2M | 24.32
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