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• Build accurate natural language systems
• Part-of-speech tagging
• Parsing
• Entity mention detection
• Entity Linking
• Relation Extraction
• ...

• Goal: Build such systems in ~100 languages

Syntax
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Traditional Supervised NLP

• Example: Syntactic analysis for English:
• Not solved, but accuracies are high
• 97% for parts-of-speech
• 93% for parse trees

New Task

Linguists Machine Learning

Treebank: 
2 million words

S

NP

P

She

VP

V

heard

NP

D

the

N

noise
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Average accuracy is 96.2% (Brants, 2000)
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Several major languages with little or no data

Punjabi 109 million

Vietnamese 69 million

Oriya 32 million

Indonesian-Malay 37 million

Azerbaijani 20 million

Haitian 7.7 million

e.g Native speakers
However, lots of 

translations to English and 
unlabeled data

Basic tools like POS 
taggers essential for 

language technologies
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Talk Outline

• Cross-lingual learning for part-of-speech tagging

• Use of translated data from English to target languages

• Crowdsourced dictionaries

• A word about cross-lingual learning for syntactic 
parsing
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Learning Part-of-Speech Taggers with Projected Dictionaries

Incorporating Hard Constraints from Translated sentences
and Dictionaries

Generalizing above with Posterior Regularization

Das and Petrov (ACL 2011)

Täckström, Das, Petrov, McDonald and Nivre (TACL 2013)

Ganchev and Das (EMNLP 2013)

http://research.google.com/pubs/oscart.html
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Expectation-Maximization algorithm
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? ? ? ? ? ?start end

Merialdo (1994)

One of the 
12 POS tags

bei Google
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? ? ? ? ? ?start end

: word sequence
x

: tag sequencey

Hidden Markov Model estimated with the
Expectation-Maximization algorithm
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HMM with locally-normalized log-linear models

Das Essen

? ?start

emission multinomials
p(xi|yi) / exp✓ · f(xi, yi)

suffix
hyphen

capitalization
numbers

: word sequence
x

: tag sequencey
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Unsupervised POS Tagging with Dictionaries

HMM with locally-normalized log-linear models

Das Essen ist gut bei Google

DET NOUN VERB ADPstart end

NOUN
or

ADJ?

NOUN
or

VERB?

Portland hat eine prächtig gedeihende Musikszene . 

NOUN VERB 

PRON 
DET 
ADJ 

NUM 

ADJ 
ADV ADJ NOUN . 

Unsupervised POS Tagging with Dictionaries 

Hidden Markov Model (HMM)  
with locally normalized log-linear models 

State space constrained by possible gold tags 

Danish Dutch German Greek Italian Portuguese Spanish Swedish Average 

68.7 57.0 75.9 65.8 63.7 62.9 71.5 68.4 66.7 

69.1 65.1 81.3 71.8 68.1 78.4 80.2 70.1 73.0 

93.1 94.7 93.5 96.6 96.4 94.0 95.8 85.5 93.7 

EM-HMM 

Feature-HMM 

w/ gold  
dictionary 

19!
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Unsupervised POS Tagging with Dictionaries

Can we construct dictionaries 
for new languages easily?

Ideas:

• Use supervised systems in resource-rich languages

• Use translations or parallel data with a target language

• Construct noisy, projected tag lexicons
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Cross-Lingual Projection

Das Essen ist gut bei Google

The food at Google is good

DET NOUN ADP NOUN VERB ADJ

Bilingual Projection 

Portland    has   a   thriving   music   scene   . 
NOUN VERB DET ADJ NOUN NOUN . 

automatic labels from supervised tagger, 97% accuracy 

21!
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Cross-Lingual Projection

Das Essen ist gut bei Google

The food at Google is good

DET NOUN ADP NOUN VERB ADJ

Bilingual Projection 

Portland    has   a   thriving   music   scene   . 
NOUN VERB DET ADJ NOUN NOUN . 

Portland    hat   eine    prächtig    gedeihende   Musikszene   . 

Automatic unsupervised alignments from translation data 
(available for more than 50 languages) 

22!

(available for ~100 languages)
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Cross-Lingual Projection

Das Essen ist gut bei Google

The food at Google is good

DET NOUN ADPVERB ADJ

noisy annotation

Unaligned 
word

NOUN

most frequent 
tag in English
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Model I : Direct Projection

Bilingual Projection 

Baseline 1: direct projection 

25!

Danish Dutch German Greek Italian Portuguese Spanish Swedish Average 

68.7 57.0 75.9 65.8 63.7 62.9 71.5 68.4 66.7 

69.1 65.1 81.3 71.8 68.1 78.4 80.2 70.1 73.0 

73.6 77.0 83.2 79.3 79.7 82.6 80.1 74.7 78.8 

EM-HMM 

Direct 
projection 

Feature-HMM 

Yarowsky and Ngai (2001) 
Yarowsky and Ngai (2001)



Cross-Lingual Projection

Model I : Direct Projection

Bilingual Projection 

Baseline 1: direct projection 

25!

Danish Dutch German Greek Italian Portuguese Spanish Swedish Average 

68.7 57.0 75.9 65.8 63.7 62.9 71.5 68.4 66.7 

69.1 65.1 81.3 71.8 68.1 78.4 80.2 70.1 73.0 

73.6 77.0 83.2 79.3 79.7 82.6 80.1 74.7 78.8 

EM-HMM 

Direct 
projection 

Feature-HMM 

Yarowsky and Ngai (2001) 
Yarowsky and Ngai (2001)

consistent improvements
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Cross-Lingual Projection

After scanning all the parallel data:

Das Essen ist gut bei

NOUN
VERB

ADJ
ADP
DET

.
PRON

ADV

NOUN
VERB

ADJ
ADP
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.
PRON

ADV

NOUN
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.
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NOUN
VERB
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.
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p(y|x) = probability of a tag given a word

Bilingual Projection 

Baseline 2: lexicon projection 

Portland gedeihende hat eine Musikszene . 

After scanning all the parallel data: 

= probability of a tag given a word 
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Bilingual Projection 

Baseline 2: lexicon projection 

Feature HMM constrained with projected dictionary 

Improvements over simple projection for majority of the languages 
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Words with no alignments are not covered 
by the projected dictionaries

Can we automatically improve coverage?

Solution:
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Unsupervised POS Tagging with Projected Dictionaries



Graph-Based Semi-Supervised Learning



Graph-Based Semi-Supervised Learning

• For a target language,

• Build a graph over several million trigrams types as vertices

• Compute similarity of vertices using distributional statistics



Graph-Based Semi-Supervised Learning

• For a target language,

• Build a graph over several million trigrams types as vertices

• Compute similarity of vertices using distributional statistics

• Label distribution at each vertex

• POS tag distribution of the middle word in the trigram



Example Graph in German

ist gut bei 

ist lebhafter bei 

ist wichtig bei 

ist fein bei 

gutem Essen zugetan 

fuers Essen drauf 

1000 Essen pro 
schlechtes Essen und 

zum Essen niederlassen 

zu realisieren , 

zu erreichen , 

zu stecken , zu essen , 

Example Graph in German 

38!



ist gut bei 

ist lebhafter bei 

ist wichtig bei 

ist fein bei 

gutem Essen zugetan 

fuers Essen drauf 

1000 Essen pro 
schlechtes Essen und 

zum Essen niederlassen 

zu realisieren , 

zu erreichen , 

zu stecken , zu essen , 

Example Graph in German 

39!

NOUN 

VERB 

Example Graph in German



Graph-Based Semi-Supervised Learning

• For a target language,

• Build a graph over several million trigrams types as vertices

• Compute similarity of vertices using distributional statistics

• Label distribution at each vertex

• POS tag distribution of the middle word in the trigram

• Plug in auto-tagged words from a source language

• Links between source and target vertices are word 
alignments
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• Run first stage of label propagation
• Source language      Target language
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Graph-Based Semi-Supervised Learning

• Plug in auto-tagged words from a source language

• Links between source and target vertices are word 
alignments

• Run first stage of label propagation
• Source language      Target language

• Run second stage of label propagation
• Within target language vertices
• Graph objective function with squared penalties
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68.7 57.0 75.9 65.8 63.7 62.9 71.5 68.4 66.7 

69.1 65.1 81.3 71.8 68.1 78.4 80.2 70.1 73.0 
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So far ...

• Incorporating type constraints from a dictionary in a 
hidden Markov model
• type signifies information from a dictionary or lexicon

• No token level supervision in the previous models
• Sequence information is important in any tagging problem

• Can we inject information to our model from parallel data?

• Can we switch to a more powerful, discriminative model 
like in supervised learning?
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Better Dictionaries

• Recent research, inspired by our work resorted to the 
use of crowdsourced dictionaries
• Li, Graça and Taskar (2012)

• Wiktionary

• ~170 languages
• Moving resource with regular snapshots

https://www.l2f.inesc-id.pt/wiki/index.php/Jo%C3%A3o_Gra%C3%A7a
https://www.l2f.inesc-id.pt/wiki/index.php/Jo%C3%A3o_Gra%C3%A7a
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Transition information in provided supervision

p(y|x) = exp✓ · f(x,y)X

y
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exp✓ · f(x,y0
)

Discriminative model (Conditional Random Field):

All possible tag sequences 
for     x
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exp✓ · f(x,y)
X

y

02Y(x)

exp✓ · f(x,y0
)

Model 4:
Latent-Variable CRF



Model Comparison

Graph-Based Lexicon Wiktionary Union Latent-Variable CRF
80

81

82

83

84

85

86

83.4
83

84.5

Measured across 8 Indo-European Languages

(Model 3) (Model 4)



Model Comparison

Graph-Based Lexicon Wiktionary Union Latent-Variable CRF
80

81

82

83

84

85

86

83.4
83

84.5
84.2

Measured across 8 Indo-European Languages

(Model 3) (Model 4)



Model Comparison

Graph-Based Lexicon Wiktionary Union Latent-Variable CRF
80

81

82

83

84

85

86

83.4
83

84.5
84.2

Measured across 8 Indo-European Languages

(Model 3) (Model 4)

Generative Discriminative



Model Comparison

Graph-Based Lexicon Wiktionary Union Latent-Variable CRF
80

81

82

83

84

85

86

83.4
83

84.5
84.2

Measured across 8 Indo-European Languages

(Model 3) (Model 4)

Generative Discriminative

No dictionary!



Coupled Token and Type Constraints

Produkterna måste vara helt rena
ADJ VERB VERB ADJ

start end

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

Space of all possible 
tags

partial
supervision



Coupled Token and Type Constraints

Produkterna måste vara helt rena
ADJ VERB VERB ADJ

start end

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

Space of all possible 
tags

partial
supervision

Can we impose 
type-level 
dictionary 

constraints?



Coupled Token and Type Constraints

Produkterna måste vara helt rena
ADJ VERB VERB ADJ

start end

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON



Coupled Token and Type Constraints

Produkterna måste vara helt rena
ADJ VERB VERB ADJ

start end

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON



Coupled Token and Type Constraints

Produkterna måste vara helt rena
ADJ VERB VERB ADJ

start end

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

First, impose 
dictionary constraints

(Wiktionary!)



Coupled Token and Type Constraints

Produkterna måste vara helt rena
ADJ VERB VERB ADJ

start end

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

First, impose 
dictionary constraints

(Wiktionary!)

Next, project partial 
token information



Coupled Token and Type Constraints

Produkterna måste vara helt rena
ADJ VERB VERB ADJ

start end

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON



Coupled Token and Type Constraints

Produkterna måste vara helt rena
ADJ VERB VERB ADJ

start end

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON



Coupled Token and Type Constraints

Produkterna måste vara helt rena
ADJ VERB VERB ADJ

start end

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

Filter dictionary 
violating token 

projections



Coupled Token and Type Constraints

Produkterna måste vara helt rena
ADJ VERB VERB ADJ

start end

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

Filter dictionary 
violating token 

projections

Get a coupled 
“observation”



Coupled Token and Type Constraints

Produkterna måste vara helt rena
ADJ VERB VERB ADJ

start end

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON



Coupled Token and Type Constraints

start end

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON



start end

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

Coupled Token and Type Constraints



start end

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

Coupled Token and Type Constraints



start end

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

NOUN

...

VERB

ADJ

ADV

ADP

DET

PRON

Coupled Token and Type Constraints

p(y 2 wiki(x) _ ˜

y|x) =

X

y2wiki(x)_ỹ
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Optimized using alternating stochastic gradient descent
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Model Comparison

Coupled CRF Posterior Regularization
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Talk Outline

Learning Part-of-Speech Taggers with Projected Dictionaries

Incorporating Hard Constraints from Translated sentences
and Dictionaries

Generalizing above with Posterior Regularization
See paper for experiments on named-entity segmentation



Talk Outline

• Cross-lingual learning for part-of-speech tagging

• Use of translated data from English to target languages

• Crowdsourced dictionaries

• A word about cross-lingual learning for syntactic 
parsing



Cross-Lingual Learning of Parsers



Cross-Lingual Learning of Parsers

• Large body of work
• Learning of parsers jointly using parallel data

• Snyder, Naseem and Barzilay (2009)

• Parameter transfer from source languages to a target 
language
• Cohen, Das, Smith (2011)
• Naseem, Barzilay and Globerson (2012)

• Target language adaptation of projected parsers
• Täckström, McDonald and Nivre (2013)

http://research.google.com/pubs/oscart.html
http://research.google.com/pubs/oscart.html
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Constrained unsupervised learning



Summary

• Several methods for learning part-of-speech tagger 
systems without any direct supervision.

• Using large amounts of parallel data that are available 
for tens of languages.

• Using Wiktionary, a crowdsourced, free resource.



Summary

• Performance measured across a variety of languages 
from different language families.

• This work has influenced similar research in:

• semantic analysis

• named-entity mention detection
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