


→

!" #$%& '( )*+ ),- .*+!/ 012 03405 )467+89 :( ;<=>9 '> ?4@5 'A/B4 C( . 



→

After this incident, a large number of local residents fled from these areas.

!" #$%& '( )*+ ),- .*+!/ 012 03405 )467+89 :( ;<=>9 '> ?4@5 'A/B4 C( . 



→

In this attack a large number of local residents has should vacate areas.

!" #$%& '( )*+ ),- .*+!/ 012 03405 )467+89 :( ;<=>9 '> ?4@5 'A/B4 C( . 
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Grammar Induction
Trevor Cohn

• Problem recap

• Clustering hypothesis

• Evaluation
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Baseline (Chiang, 2007):

ne  veux  pas , does not wantveux want
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X ! ⟨ ⟩ne X   pas ,does not

ne  veux  pas , does not want

X

Problem: over-generation

X ! ⟨ ⟩chat , cat

Wednesday, 28 July 2010



Baseline (Chiang, 2007):

X ! ⟨ ⟩ne X   pas ,does not

ne  veux  pas , does not want

X

Problem: over-generation

X ! ⟨ ⟩chat , cat

X ! ⟨ ⟩ne chat pas , does not cat
licences
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A solution
Use categories which encode the syntactic 

role of the phrase(pair)
 

X ! ⟨ ⟩ne X   pas ,does not618

18 comes from classification of 
ne  veux  pas ,does not want

ne  veux  pas , does not want6 6

X6

6 comes from classification of 
 veux , want

Wednesday, 28 July 2010



货币 兑换处 在 哪里 ？

Where is the currency exchange office ?

C=1 C=1 C=5 C=7 C=2

C=1 C=3

C=3

S

Clustering must label every n-gram ‘phrase’
constituents:          the currency exchange office
and distituents:     where is

Wednesday, 28 July 2010



“A word is known by 
the company it keeps.”

“Words that occur in the same contexts 
tend to have similar meanings.” 

(Harris, 1954)

Wednesday, 28 July 2010



Find instances of phrases in context

 by spelling out the words and teaching them how to sing with the correct pronunciation and intonation .

 adopting the professional name marina Koshetz , she went on to sing with the New York metropolitan opera and the boston symphony orchestra .

hold your friend's hand and sing along with teacher ... "

l disagreed with us but on how to deal with the threat.

the fire is out within seconds , and the sailors move on to deal with the next emergency.

What a deal !

"It was a deal ," the broadcaster quoted Blechschmidt as saying .

“What a disgrace !

“It was a disgrace ," Clinton said bitterly.

somewhat like mozart , falco lived in excess and died in disgrace .

Wednesday, 28 July 2010



Cluster based on neighbouring words

 by spelling out the words and teaching them how to sing with the correct pronunciation and intonation .
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What a deal !
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“What a disgrace !

“It was a disgrace ," Clinton said bitterly.
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Cluster based on neighbouring words

 by spelling out the words and teaching them how to sing with the correct pronunciation and intonation .

 adopting the professional name marina Koshetz , she went on to sing with the New York metropolitan opera and the boston symphony orchestra .

hold your friend's hand and sing along with teacher ... "

l disagreed with us but on how to deal with the threat.

the fire is out within seconds , and the sailors move on to deal with the next emergency.

What a deal !

"It was a deal ," the broadcaster quoted Blechschmidt as saying .

“What a disgrace !

“It was a disgrace ," Clinton said bitterly.

somewhat like mozart , falco lived in excess and died in disgrace .

Verbs

Nouns
Wednesday, 28 July 2010



Phrase-Context Graph

a_with a_that to_with not_with

deal compete meetcountrymeeting world way agree

• Desiderata:

• Edges from a phrase have few category labels

• Edges from a context have few category labels

• Similar phrases and contexts share labels

Wednesday, 28 July 2010



Chris: target parameter 
sparsity using a hierarchical 
Pitman-Yor process prior

Desai: find models with sparse 
posterior distributions using 

Posterior Regularisation

Wednesday, 28 July 2010



Evaluation

• Primary

• translation quality (BLEU)

• Secondary

• intrinsic evaluation against treebank 
parsers

• compare induced categories to 
syntactic constituent labels

Wednesday, 28 July 2010



我� 想要 � 靠 窗� 的 桌子 。

we .want to have a table near the window
PRP VBP TO VB DT NN DTIN NN .

NP NP
PP

NP

NP

VP
VP

S
VP

S Evaluation
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我� 想要 � 靠 窗� 的 桌子 。

we .want to have a table near the window
PRP VBP TO VB DT NN DTIN NN .

NP NP
PP

NP

NP

VP
VP

S
VP

S

X4 X5X23 X23
X4 - PRP
X4 - NP
X23 - VP/VP
X23- VP/NP
X5 - NP\DT

Evaluation

Wednesday, 28 July 2010



Conditional Entropy

• quantifies the ‘surprise’ at seeing the 
syntactic category, s, given the 
predicted category, c

• p(s,c) and p(c) are simple frequency 
estimates

H(S|C) =
�

s,c

p(s, c) log
p(c)

p(s, c)

Wednesday, 28 July 2010



rows are 
predicted 
categories

columns are 
syntactic categoriesnoun punctuation

colour denotes p(s|c) value

1 0

X23
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Nonparametric Clustering
for Category Induction

Blunsom & Dyer

Wednesday, July 28, 2010



Clustering with 
Nonparametrics

• Generalization of LDA model (Blei, 2001)

• Corpus consists of phrases, each of which 
occurs in one or more contexts

• Generative model

• Each phrase is mixture of categories

• Categories generate contexts

Wednesday, July 28, 2010



The Model I

X1 X2 X3 X4 X5

“Prime Minister”

phrase =

Every phrase is characterized as a mixture 
of categories (X1, X2, X3, ...):

Wednesday, July 28, 2010



The Model II

X3

the_of the_is a_of the_has <s>_. saw_in <s>_Blair

Each category generates contexts 
with some probability

category =

Wednesday, July 28, 2010



The Model III: Priors

• Use priors to impose beliefs about the 
solutions we would like to find

• Each category should generate a small 
number of contexts

• Each phrase should be a mixture of a 
few categories

Wednesday, July 28, 2010



Our prior beliefs

X1 X2 X3 X4 X5

Hypothesis 1

Wednesday, July 28, 2010



Our prior beliefs

X1 X2 X3 X4 X5 X1 X2 X3 X4 X5

Hypothesis 1 Hypothesis 2

Wednesday, July 28, 2010



Our prior beliefs

X1 X2 X3 X4 X5 X1 X2 X3 X4 X5

Hypothesis 1 Hypothesis 2
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Our prior beliefs

X1 X2 X3 X4 X5 X1 X2 X3 X4 X5

Hypothesis 1 Hypothesis 2

!
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Modeling contexts

that the of Great__

X16 !
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Modeling contexts

that the of Great__ is the of the__

X16 ! X16 !
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that the of Great__

the of__

is the of the__

Modeling contexts
X16 ! X16 !
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that the of Great__

the of__

~PYP(a0,b0,P0=U)GXn
|a0,b0,P0

~PYP(a1,b1,GXn
(c0)!U)HXn

|a1,b1

c ~HXn

is the of the__

How we do it...

U=(1/V)2 , ! c0

c = cl c0 cr

Modeling contexts
X16 ! X16 !

Wednesday, July 28, 2010



• We use Pitman-Yor Processes to

• enforce sparsity in the distribution over 
contexts for each category

• enforce sparsity in the distribution over 
categories for each phrase

• Values of hyperparameters 
(concentration, discount) have priors as 

The Chinese Restaurant Process

Wednesday, July 28, 2010



Remarks

• Caveats

• Prior beliefs are about parameters 
(i.e., not posterior distributions)

• No global consistency constraints on 
grammars

• Independence assumptions (i.e., “bag of 
contexts”) enable fast inference.

Wednesday, July 28, 2010



Inference

• Given the data (phrases and their 
contexts)

• And given the priors infer what 
categories generated what contexts

Wednesday, July 28, 2010



Inference
• We use collapsed Gibbs sampling

• We don’t explicitly represent category-context 
parameters or category mixture proportions

• Only represent assignments of 
contexts to categories!

• Sample for n iterations

• Reason about assignments in last sample

• Reason about MAP category (given context) 
in last sample

Wednesday, July 28, 2010



Inference

Prime minister traveled reported

the_of

<s>_Blair

the_of

a_is

British_David

representatives_to

has_to

has_to

has_long

has_that

has_that

the_problem
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Inference

Prime minister traveled reported

the_of

<s>_Blair

the_of

a_is

British_David

representatives_to

has_to

has_to

has_long

has_that

has_that

the_problem

Do this many 1000s of times, and it will converge!
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Experiments

• Questions

• What should we cluster?

• Source or target?

• Words, word clusters, POS tags? 

• Proper context size?

• How many classes?

Wednesday, July 28, 2010



Evaluation

• Extrinsic evaluation

• BLEU score (translation quality)

• Intrinsic evaluation

• conditional entropy with respect to 
supervised baseline

• How well does the intrinsic metric 
correlate with extrinsic performance?

Wednesday, July 28, 2010



Predictions

• Target language clustering will be 
better for translation than source language

• Larger contexts (with sensible backoff) 
will improve clustering / translation

Wednesday, July 28, 2010
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Intrinsic evaluation

0

5

1-cat Random Word Class POS Supervised
0

1.84

2.27

2.86

4.494.46

Conditional Entropy

(0)

1.84
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Source word
(Entropy=3.25)

Random word
(Entropy=4.49)
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Source word
(Entropy=3.25)

Target word
(Entropy=2.86)
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Target word
(Entropy=2.85)

Target POS
(Entropy=1.85)
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B
LE

U

Conditional Entropy

Hiero

Supervised

Target classes
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Context size?

19

20.5

22

23.5

25

1 word 2 word

20.8

22

BLEU

Entropy=2.86 Entropy=3.16
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How many categories?

19

20.5

22

23.5

25

1 10 25 50

21.822

21.3
20.9

BLEU Rules
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Summary

• Unsupervised syntax, induced using Pitman-
Yor clustering from contextual information 
improves translation 

• “Bag of contexts” assumption not 
unreasonable

• Context back-off (using hierarchical PYPs) 
needs more investigation

Wednesday, July 28, 2010
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SMOOTHING WITH 
BACKOFF GRAMMARS 
Olivia Buzek 
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Hierarchical Translation Overview 

!  Induce a synchronous CFG which simultaneously 
parses a sentence in both the source and target 
languages 
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Hierarchical Translation Overview 
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Hierarchical Translation Overview 

!  Induce a synchronous CFG which simultaneously 
parses a sentence in both the source and target 
languages 

!  Can result in problems where rules for certain 
constructions are absent 
! Natural language data is inherently sparse 
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Motivation 

!  Translations affected by data sparsity 
! Rules are too specific 

!  Backing off to more general categories allows 
handling of constructions not in the training data 
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Naïve Backoff Grammar 

 Rather than specific rules… 

 …we should be able to optionally move to any 
category, with a penalty: 

6 



Naïve Backoff Grammar 

!  Based on 25-cat PYP-induced grammar 

!  Plus backoff rules 

!  BackoffRule feature weights 
!  BR=0 when backing off to the same category 

!  BR=1 when backing off to a different category 

7 



Naïve Backoff Grammar 

�威尔 

8 

-bo represents a backoff rule 



Naïve Backoff Grammar 

!  Results from Chinese-
English corpus BTEC 

!  Didn’t perform as well 
! Backing off with no 

preference performs 
poorly 

! Need to encode 
preference in structure 
or features 
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Hierarchical Backoff Grammar 

!  Can we encode a backoff hierarchy from our 
induced grammars? 
! Backoff categories could preferentially move to 

categories which are similar to the expected category 
! Linguistic motivation: subcategories of nouns behave 

similarly 

!  Inducing a strict hierarchy tricky, possibly 
unnecessary 
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Hierarchical Backoff Grammar 

!  Instead, we derive a rough hierarchy based on four 
induced grammars at varying levels of granularity 

!  Backoff rules allow redirecting from coarser 
categories to finer categories 

!  BackoffRule feature: 

11 



Hierarchical Backoff Grammar 

!  Not truly hierarchical, but does encode some 
similarities in the categories 

12 



Hierarchical Backoff Grammar 
13 

X10-* represent coarse X10 categories 
X15-* represent fine(-r) X15 categories 



Results and Future Work 
14 
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backoff 
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BLEU Scores on Urdu-English 

SAMT is Syntax-Augmented Machine Translation  



Results and Future Work 
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!  Hierarchical backoff performs very well 
! Not quite the improvements of supervised syntax-based 

translation, but good for automated 

!  Possible improvements 
! Vary levels of granularity 
! More sophisticated feature weighting 
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Phrase Clustering with Posterior 
Regularization 

CLSP Summer Workshop 2010 
SMT Team 
Desai Chen 

joint work with Trevor Cohn 
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clustering problem 
EM with posterior regularization 
results and future experiments 

 
 

Outline 
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i 'll bring you some now . 
 
 

我 这 就 给 您 拿 一些 。 

Phrase clustering 

Example from btec 

Phrases are defined as contiguous spans 
aligned with each other 
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Phrase clustering 
Phrases are defined as contiguous spans 
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i 'll bring you some now . 
 
 

我 这 就 给 您 拿 一些 。 

Example from btec 

Phrase clustering 
Phrases are defined as contiguous spans 
aligned with each other 
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i 'll bring you some now . 
 
 

我 这 就 给 您 拿 一些 。 

Phrase clustering 
Phrases are defined as contiguous spans 
aligned with each other 
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Contexts are words before or after the phrase: 

i 'll bring you some now . 
 
 

我 这 就 给 您 拿 一些 。 

target side context 

source side context 

Phrase clustering 



Objective 

Put all phrase-context pairs into categories 



Objective 

Put all phrase-context pairs into categories 
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Where do phrases come from? 
EM with posterior regularization 
results and future experiment  

 
 

Outline 

Phrase z context 
Phrase z context 

Phrase z context 

constraint 
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Expectation-Maximization 
 
naïve Bayes model for phrase labeling 

Phrase z context 
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EM clustering 
 
naïve Bayes model for phrase labeling 

Phrase z context 

Unobserved 
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EM clustering 
 
naïve Bayes model for phrase labeling 

Phrase z context 

M-step E-step 
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EM clustering 
 
naïve Bayes model for phrase labeling 

Phrase z context 

M-step E-step 
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EM clustering 
 
naïve Bayes model for phrase labeling 

Phrase z context 

M-step E-step 

 

 



Problem with EM 

Problem: EM uses as many categories as 
it wants for each phrase. 
We want to limit the number of categories 

associated with each phrase. 
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Sparsity:Each phrase/context should be labeled 

with fewer kinds of labels. 

Phrase z context 

Sparsity constraints 
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Sparsity:Each phrase/context should be labeled 

with fewer kinds of labels. 

Phrase z context 

constraint 

Sparsity constraints 
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Sparsity constraints 
Minimize  
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Sparsity constraints 

Phrase: there are 

Contexts: 
 i understand there are some sightseeing bus tours here , is 
that right ? 

there are only a few seats left in the dress circle . 

well , of course there are fine restaurants . 

your hotel brochure shows there are some tennis counts at 
your hotel . 

Minimize  
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Sparsity constraints 

Phrase: there are 

Contexts: 
 i understand there are some sightseeing bus tours here , is 
that right ? 

there are only a few seats left in the dress circle . 

well , of course there are fine restaurants . 

your hotel brochure shows there are some tennis counts at 
your hotel . 

Minimize  
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Sparsity constraints 

Phrase: there are 
Minimize  

Contexts: 
i understand _ some 
sightseeing 

<s> <s> _ only a 

of course _ fine 
restaurants 
brochure shows _  
some tennis 
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Sparsity constraints 

Phrase: there are 

0 

1 P(Z=1) P(Z=2) P(Z=3) P(Z=4) 

Minimize  

Contexts: 
i understand _ some 
sightseeing 

<s> <s> _ only a 

of course _ fine 
restaurants 
brochure shows _  
some tennis 
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Sparsity constraints 

Phrase: there are 

P(Z=1) P(Z=2) P(Z=3) P(Z=4) 

max P(tag|phrase) 
0 

1 

Minimize  

Contexts: 
i understand _ some 
sightseeing 

<s> <s> _ only a 

of course _ fine 
restaurants 
brochure shows _  
some tennis 
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Sparsity constraints 

Phrase: there are 

P(Z=1) P(Z=2) P(Z=3) P(Z=4) 

max P(tag|phrase) 
0 

1 

Minimize  

Contexts: 
i understand _ some 
sightseeing 

<s> <s> _ only a 

of course _ fine 
restaurants 
brochure shows _  
some tennis 
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Sparsity constraints 

Phrase: there are 

P(Z=1) P(Z=2) P(Z=3) P(Z=4) 

max P(tag|phrase) 
0 

1 

Minimize  

Contexts: 
i understand _ some 
sightseeing 

<s> <s> _ only a 

of course _ fine 
restaurants 
brochure shows _  
some tennis 
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Sparsity constraints 

Phrase: there are 

P(Z=1) P(Z=2) P(Z=3) P(Z=4) 

max P(tag|phrase) 
0 

1 

Minimize  

Contexts: 
i understand _ some 
sightseeing 

<s> <s> _ only a 

of course _ fine 
restaurants 
brochure shows _  
some tennis 
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Sparsity constraints 

Phrase: there are 

P(Z=1) P(Z=2) P(Z=3) P(Z=4) 

max P(tag|phrase) 
0 

1 

sum 

Minimize  

Contexts: 
i understand _ some 
sightseeing 

<s> <s> _ only a 

of course _ fine 
restaurants 
brochure shows _  
some tennis 
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Sparsity constraints 

Phrase: there are 

P(Z=1) P(Z=2) P(Z=3) P(Z=4) 

max P(tag|phrase) 
0 

1 

 

Minimize  

Contexts: 
i understand _ some 
sightseeing 

<s> <s> _ only a 

of course _ fine 
restaurants 
brochure shows _  
some tennis 
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Posterior Regularization 

Follows Posterior Regularization for Structured 
Latent Variable Models, Ganchev et al., 2009 
During E-step, impose constraints on the 

posterior q to guide the search 
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Posterior Regularization 
 
impose constraints on the posterior q 

Phrase z context 

M-step E-step 
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Posterior Regularization 
 
impose constraints on the posterior q 

p 
q 

Q 

Phrase z context 

M-step E-step 

 
 

 



Sparsity constraints 

Phrase: like this 

Define feature functions: 
 

Contexts: 
i understand _ some 
sightseeing 

<s> <s> _ only a 

of course _ fine 
restaurants 
brochure shows _  
some tennis 

Minimize  
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Sparsity constraints 

Soft constraint. Softness 
controlled by . 
During E-step, find q distribution: 

 

s.t.   

 are maximums of 
expectation for each word tag pair 
by definition. 

Minimize  
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Primitive results 

sparse 
Clustering for a few phrases with 25 tags on 

BTEC ZH-EN 
 Phrase/Word Count of the 

most used tag 
Number of tags 
used 

the 1194 1571 11 4 

there is 53 50 5 4 

 723 873 5 2 
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More experiments 

should agree on posterior distribution 
what model to agree with: another naïve Bayes 

model in the reverse direction or in the other 
language. 
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Agreement model 

implementation: 
multiply posteriors 

of two models 
together. 

Phrase z context 
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Agreement model 

implementation: 
multiply posteriors 

of two models 
together. 

Phrase z context 
Only look at the 
first and last word 
of a phrase. 
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Agreement model 

× 

Phrase z context 

Phrase z context 

implementation: 
multiply posteriors 

of two models 
together. 

Only look at the 
first and last word 
of a phrase. 
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Agreement model 

× 
Phrase z context 

Phrase z context 

× 
Phrase z context 

Phrase z context 
English side 

Chinese/Urdu side 

implementation: 
multiply posteriors 

of two models 
together. 
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Where do phrases come from? 
EM with posterior regularization 
results and future experiments 

 
 

Outline 
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Evaluation through the translation pipeline on 
Urdu-English data 

BLEU score, higher is better 

 Developed 
During WS10 

19

20

21

22

23

24

25

1 tag
1 tag+POS
Supervised
EM
PR100
Agree-language
Agree-direction
non-parametric

PR =100 
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Evaluation against supervised grammar  
(Conditional Entropy, lower is better) 

0

1

2

3

4

5

6

7

1 tag
1tag+POS
Supervised
EM
PR  
Agree-language
Agree-direction

 



Confusion matrix against supervised 
labeling 

EM 

Agreement 
model 
between 
languages 
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working 

Semi-supervised training with POS tags. 
Label single-word phrases with their POS tags.  



Bayesian Bayesian Bayesian 
 
Bayesian Bayesian  Bayesian 
 
Bayesian Bayesian Bayesian 
 
Bayesian Bayesian  Bayesian 
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working 

variational Bayes inference  
 



Bayesian Bayesian Bayesian 
 
Bayesian Bayesian  Bayesian 
 
Bayesian Bayesian Bayesian 
 
Bayesian Bayesian  Bayesian 
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working 

variational Bayes inference  
 

  t c 
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Where do phrases come from? 
EM with posterior regularization 
results and future experiments 
 
 

Thanks! 
 
 

Outline 




