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SMT: Future Directions

» Representation
» Unsupervised learning

» Semantics, discourse and SMT
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Representation

» Knowledge representation

Bt one of central concepts in Al

» Translation representation
1 word pairs = word-based SMT
1 bilingual phrases = phrase-based SMT
8 ITG rules = ITG-based SMT

I various tree-based rules = tree-based SMT

2014/5/17 YSSNLP 2014



Representation

» What'’s next!?
B distributional representation
B semantics-based whole-sentence representation

I other new representations ...

» [radeoff

O computational tractability

B expressive capacity



Rule representations with topic
distributions: Xiao et al., 2012
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Topic Similarity Model
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Topic Similarity Model: Bias

Flat Sharp
B Distribution SN Distribution

Source Document

75F X1 = give X1

» Flat distribution is dissimilar to sharp distribution

» Topic similarity model: punish rules with even
distributions

= Topic-insensitive rule
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Topic Sensitivity Model

» Calculate entropy of rule-topic distributions of
rules

» Compensate the bias of the topic similarity model
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SMT: Future Directions

>
» Unsupervised learning

» Semantics, discourse and SMT
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Unsupervised Learning

» EM for word alignhment: big success

» EM for phrase/grammar induction: failure or
moderate success

» Unsupervised discriminative learning: an
exciting direction for grammar induction

(Xiao et al.,, 2012; Xiao and Xiong 201 3)
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Max-Margin Synchronous Grammar
Induction: Xiao and Xiong 201 3
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Max-Margin SGI

0,5X
» Max-margin )
15X
| -BLEU,
° o o I3l
® O e -
o N ° o BEL 15 2 NIE. 3 28T 4 [ & Rs
o
® ® oo
° ® e © ,Obama hold ,a ,talk , with Neta6
N
» Non-local features qr =
Xu

I Target Parse Structures .

x0,6

2014/5/17 YSSNLP 2014



Optimization

For each sent.

Biparse Reference

Collect Rules

Cost-Augmented
Viterbi

Biparse Viterbi
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Optimization
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Optimization

For each sent.

Biparse Reference

Collect Rule
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Optimization

For each sent.

Biparse Reference

Collect Rules

Cost-Augmented
Viterbi
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Optimization

For each sent.

Biparse Reference

Collect Rules
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Optimization

For each sent.

Biparse Reference

Collect Rules

Cost-Augmented
Viterbi

Bi Viterbi
e vsans (1) Sub-gradient: reference - viterbi

(2) Projection: rescale weights
Shalev shwartz et al. (2007)

Update Weights
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Future Unsupervised Learning for SMT

» Learning from big and unstructured data
» Learning tailored for new representations

» Never-ending learning
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SMT: Future Directions

o
o

» Semantics, discourse and SMT

2014/5/17 YSSNLP 2014

25



Tower of Machine Translation

interlingual

4 )
source target

semantics semantics

source target
syntax syntax

source target
2014/5/17 YSSNLP 2014

words words

26



Semantics and SMT: Multi-Level View

» Lexical semantics
&t word senses (Xiong and Zhang, 2014)
B semantic roles (Xiong et al., 2012)

» Sentential semantics

& compositional semantics

» Discourse-level semantics
Bt cohesion (Xiong et al., 2013b, 201 3c)
B coherence (Xiong et al,, 201 3a)
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Hidden Word Senses for SMT:

Xiong and Zhang 2014
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Semantics and SMT: Multi-Level View

» Lexical semantics
a
B semantic roles (Xiong et al., 2012)

» Sentential semantics

I compositional semantics

» Discourse-level semantics
&t cohesion (Xiong et al., 2013b, 201 3c¢)
Bt coherence (Xiong et al,, 2013a)
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Semantic Roles for SMT:
Xiong et al., 2012 arguments
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Translation || reordering

W Argument reordering category:
NC: no change across

Decoder languages

L2R: moving from the left side

predicate

Reordering Category | Percent ~ Of its predicate to the right side
NC 82.43%  after translation

L2R 11.19%  R2L: moving from the right side
RzL 6.38% of predicate to the left side

2014/5/17 YSSNLP 2014 31



Semantics and SMT: Multi-Level View

o
a
a

» Sentential semantics

I compositional semantics

» Discourse-level semantics
B cohesion (Xiong et al., 2013b, 2013c)
Bt coherence (Xiong et al,, 2013a)
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Discourse-Level Cohesion:
Xiong et al., 201 3b |

» Direct reward model: rewards Previously
translation hypotheses qutesr:-:'enrtaetr?ges
whenever lexical cohesion In the same | |~
items occur in them

» Conditional probability model: 4
measures the appropriateness Cﬁgg;‘n 'Src sentence|
of using lexical cohesion items SREE @

» Mutual information trigger 4
model: estimates the strength REEESl
of association between items in @

a lexical cohesion relation tgt sentence
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Discourse-Level Cohesion:

Xiong et al,, 201 3c
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Source chains generation

Compute lexical chains for each
source document to be translated.

Target chains projection

Project the computed source lexical
chains onto the corresponding target
document via maximum entropy
classifiers.

Cohesion model incorporation

Incorporate lexical cohesion into the
target document translation via
cohesion models built on the
projected target lexical chains.
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Semantics and SMT: Multi-Level View

o
a
a

» Sentential semantics

I compositional semantics

» Discourse-level semantics
u i
B coherence (Xiong et al,, 201 3a)
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Discourse-Level Coherence:
Xiong and Zhang, 2013

» Model the sense bmﬁ
continuity as a continuous

sentence topic transition ﬁ Sentence topic model
» Characterize a document Source coherence chain

as a coherence chain of

sentence tOpiCS @ projection model
» Project source coherence target coherence chain

Cham to target ﬁ coherence model

documents - M

target document
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Welcome to our ACL 2014 Tutorial

Semantics, Discourse and SMT
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Tutorial Outline

» SMT Overall Review (30 minutes)
1 SMT architecture
8 phrase- and syntax-based SMT

» Semantics and SMT (| hour and |5 minutes)
B Brief introduction of semantics
1 Lexical semantics for SMT
H Semantic representations in SMT
2 Semantically Motivated Evaluation
1 Advanced topics: deep semantic learning for SMT
B Future directions

» Discourse and SMT (I hour and |5 minutes)
8 Introduction of discourse: linguistics, computational and bilingual discourse
8 Discourse-based SMT: modeling, training, decoding and evaluation
B Future directions
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