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Abstract

Translation rule selection is a task of selecting approgtianslation rules for an ambiguous
source-language segment. As translation ambiguitiesemeagive in statistical machine transla-
tion, we introduce two topic-based models for translatigde selection which incorporates global
topic information into translation disambiguation. We@sate each synchronous translation rule
with source- and target-side topic distributions.Withsthéopic distributions, we propose a topic
dissimilarity model to select desirable (less dissimitals by imposing penalties for rules with a
large value of dissimilarity of their topic distributions those of given documents. In order to en-
courage the use of non-topic specific translation rules, ls@@esent a topic sensitivity model to
balance translation rule selection between generic ruidgs@pic-specific rules. Furthermore, we
project target-side topic distributions onto the souride-fopic model space so that we can benefit
from topic information of both the source and target languafje integrate the proposed topic dis-
similarity and sensitivity model into hierarchical phres@sed machine translation for synchronous
translation rule selection. Experiments show that ourddyaised translation rule selection model
can substantially improve translation quality.

1. Introduction

Translation rulesare bilingual segmentghat establish translation equivalences between the sourc
and target language. They are widely used in statisticahinadranslation (SMT) with various rep-
resentations ranging from word pairs to bilingual phrasessynchronous rules in word-, phrase-
and syntax-based SMT respectively. Normally, a large nurobéranslation rules can be learnt
from bilingual training data for a single source segmentalvhoccurs in different contexts. For
example, Xiong, Zhang, and Li (2012) observe that each Gkinerb can be translated with more

1. Here a segment is defined as a string of terminals and/d¢emmimals.
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than 140 different translation rules on average. Therdfo to select an appropriate translation
rule for an ambiguous source segment is a very crucial iSsGMIT.

Traditionally the appropriateness of a translation rulengasured with multiple probabilities
estimated from word-aligned data, such as bidirectioraidiation probabilities (Koehn, Och, &
Marcu, 2003). As such probabilities fail to capture locadl gtobal contexts of highly ambiguous
source segments, they are not sufficient to select coraatdlation rules for these segments. There-
fore various approaches have been proposed to captureamtbxts at the sentence level to help
select proper translation rules for phrase- (Carpuat & W0,/2) or syntax-based SMT (Chan, Ng,
& Chiang, 2007; He, Liu, & Lin, 2008; Liu, He, Liu, & Lin, 2008)These studies show that local
features, such as surrounding words, syntactic informatial so on, are helpful for translation rule
selection.

Beyond these contextual features at the sentence levelpmeature that translation rules are
also related to high-level global information, such as tpa (Hofmann, 1999; Blei, Ng, & Jordan,
2003) information at the document level. In order to vizalihe relatedness between translation
rules and document topics, we show four hierarchical pHoased translation rules with their topic
distributions in Figure 1. From the figure, we can observé tha

e First, translation rules can be divided into two categoinegrms of their topic distributions:
topic-sensitive ruleéi.e., topic-specific rules) antpic-insensitive rule$i.e., non-topic spe-
cific or generic rules). The former rules, e.g., the traimtatule (a), (b) and (d) in Figure
1, have much higher distribution probabilities on a few #ietopics than other topics. The
latter rules, e.g., the translation rule (c) of Figure 1,ehax even distribution over all topics.

e Second, topic information can be used to disambiguate ambgysource segments. In Figure
1, translation rule (b) and (c) have the same source segidentever their topic distributions
are quite different. Rule (b) distributes on the topic abtnternational relations” with the
highest probability, which suggests that rule (b) is muchigrrelated to this topic than other
topics. In contrast, rule (c) has an even distribution oVleopics. Therefore in a document
on “international relations”, rule (b) will be more appraie than rule (c) for the source
segment 457 X;".

These two observations suggest that different translatil@s have different topic distributions and
document-level topic information can be used to benefitstedion rule selection.

In this article, we propose a framework for translation madéection that exactly capitalizes on
document-level topic information. The proposed topicdoaganslation rule selection framework
associates each translation rule with a topic distribugrate-topic distribution) on both the source
and target side. Each source document is also annotatedtsvitbrresponding topic distribution
(document-topic distribution). Dissimilarity betweerettlocument-topic distribution and rule-topic
distribution is calculated and used to help select traisiatules that are related to documents in
terms of topics. In particular,

e Given a document to be translated, we use a topic dissityilarodel to calculate the dis-
similarity of each translation rule to the document basedhair topic distributions. Our
translation system will penalize candidate translatioith tigh dissimilarities

2. Section 6 explains why our system penalizes candidatsl&@ons with high dissimilarities.
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Figure 1: Four synchronous rules with topic distributiorisach sub-graph shows a rule with its
topic distribution, where the X-axis shows the topic index ¢he Y-axis the topic prob-
ability. Notably, the rule (b) and rule (c) shares the samga®Chinese string, but they
have different topic distributions due to the different Estytranslations.

e The dissimilarity between a topic-insensitive translatiale and a given source document
computed by our topic dissimilarity model is often very high documents are normally
topic-sensitive. We don’t want to penalize these geneipictmsensitive rules. Therefore
we further propose a topic sensitivity model which rewaimsid-insensitive rules so as to
complement the topic dissimilarity model.

e We associate each translation rule with a rule-topic distion on both the source and tar-
get side. In order to calculate the dissimilarity betweegedgside rule-topic distributions
of translation rules and source-side document-topicildigions of given documents during
decoding, we project the target-side rule-topic distidng of translation rules onto the space
of source-side document topic model by one-to-many mapping

We use a hierarchical phrase-based SMT system (Chiang) &D0alidate the effectiveness of
our topic-based models for translation rule selection. dfixpents on Chinese-English translation
tasks (Section 7) show that our method outperforms the ibaskierarchial phrase-based system
by +1.2 BLEU points on large-scale training data.

The use of topic-based dissimilarity and sensitivity medelimprove SMT was first presented
in our previous paper (Xiao, Xiong, Zhang, Liu, & Lin, 2012 this article, we provide more
detailed comparison to related work and formulations oftiln® models as well as the integration
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procedure. More importantly, we carry out large-scale grpents with more bilingual and mono-
lingual training data and incorporate a detailed analybith@® output of topic-based dissimilarity
and sensitivity models at both the document and transldymothesis level.

The rest of this article is organized as follows. SectiontPonfuces related work. Section 3
provides background knowledge about statistical macharestation and topic modeling. Section 4
elaborates our topic-based translation rule selectiondveork, including the topic dissimilarity and
topic sensitivity model. Section 5 discusses how we esémale-topic and document-topic distri-
butions and how we project target-side rule-topic distidns onto the source-side topic space in a
one-to-many mapping fashion. Section 6 presents the etiegrof the topic-based translation rule
selection models into hierarchical phrase-based SMTi@e¢tdescribes a series of experiments
that verify the effectiveness of our approach. Section &iges a detailed analysis of the output of
our models. Section 9 gives some suggestions for bilingymt tmodeling from the perspective of
machine translation. Finally, we conclude in Section 1hwWiture directions.

2. Related Work

Our topic-based dissimilarity and sensitivity models fantlation rule selection are related to three
categories of work in SMT: translation rule selection, topiodels for SMT and document-level
translation. In this section, we introduce related appnea®f the three categories and highlight the
differences of our method from previous work.

2.1 Translation Rule Selection

As we mentioned before, translation rule selection is a wagortant task in SMT. Several ap-
proaches have been proposed for it recently. Carpuat andxplare both word and phrase sense
disambiguation (WSD and PSD) for translation rule selectiogphrase-based SMT (Carpuat & Wu,
2007a, 2007b). Their WSD and PSD system integrate sentemeklocal collocation features. Ex-
periments show that multi-word PSD can improve phrase sefecAlso following the WSD line,
Chan et al. (2007) integrate a WSD system into hierarchicedge-based SMT for lexical selection
or the selection of short phrases of length 1 or 2. Their WS&esy also adopts sentence-level
features of local collocations, surrounding words and so on

Different from lexical or phrasal selection using WSD/P$I2, et al. (2008) propose a maxi-
mum entropy (MaxEnt) based model for context-dependerdhspmous rule selection in hierarchi-
cal phrase-based SMT. Local context features such as phoaselary words and part-of-speech
information are incorporated into the model. Liu et al. (2D6xtends the selection method of He
et al. to integrate a similar MaxEnt-based rule selectiomehmto a tree-to-string syntax-based
SMT system (Liu, Liu, & Lin, 2006). Their model uses syntadtiformation from source parse
trees as features.

The significant difference between our topic-based rulecsiein framework and previous ap-
proaches on translation rule selection is that we use glopat information to help select transla-
tion rules for ambiguous source segments rather than sentewvel local context features.

2.2 Topic Models for SMT

Topic modeling (Hofmann, 1999; Blei et al., 2003) is a poptéahnique for discovering underlying
topic structures of documents. Recent years have witndbs¢dopic models have been explored
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for SMT. Zhao and Xing (2006, 2007) and Tam, Lane, and Schali®7) have proposed topic-
specific lexicon translation adaptation models to impreoaagiation quality. Such models focus on
word-level translations. They first estimate word trarigfaprobabilities conditioned on topics, and
then adapt lexical translation probabilities of phrasethiege topic-conditioned probabilities. Since
modern SMT systems use synchronous rules or bilingual phitastranslate sentences, we believe
that it is more reasonable to incorporate topic models foagd or synchronous rule selection than
lexical selection.

Gong, Zhang, and Zhou (2010) adopt a topic model to filter bwage pairs that are not con-
sistent with source documents in terms of their topics. Tdmsign a topic for each document to
be translated. Similarly, each phrase pair is also assigrigtdone topic. A phrase pair will be
discarded if its topic mismatches the document topic. THerdnces from their work are twofold.
First, we calculate the dissimilarities of translationesito documents based on their topic distri-
butions instead of comparing the best topics assigned nsl&iion rules and those of documents.
Second, we integrate topic information into SMT in a sofitstoaint manner via our topic-based
models. They explore topic information in a hard-constréshion by discarding translation rules
with unmatched topics.

Topic models are also used for domain adaptation on tramslahd language models in SMT.
Foster and Kuhn (2007) describe a mixture model approaclsfér adaptation. They divide a
training corpus into different domains, each of which isdus®etrain a domain-specific translation
model. During decoding, they combine a general domain flmdos model with a specific domain
translation model that is selected according to various déestances calculated by topic model.
Tam et al. (2007) and Ruiz and Federico (2011) use a bilingpeat model to project latent topic
distributions across languages. Based on the bilinguat tmpdel, they apply source-side topic
weights onto the target-side topic model so as to adapt thettaiden-gram language model.

2.3 Document-Level Machine Translation

Since we incorporate document topic information into SMT, work is also related to document-
level machine translation. Tiedemann (2010) integratebed®ased language and translation mod-
els that are built from recently translated sentences iMd.&0ng, Zhang, and Zhou (2011) further
extend this cache-based approach by introducing two additicaches: a static cache that stores
phrases extracted from documents in training data whickiaméar to the document in question and
a topic cache with target language topic words. Xiao, Zhw, dad Zhang (2011) try to solve the
translation consistency issue in document-level traioslaty introducing a hard constraint where
ambiguous source words are required to be consistentlglataa into the most frequent transla-
tion options. Ture, Oard, and Resnik (2012) soften this isterscy constraint by integrating three
counting features into the decoder. These studies norrfadlys on the surface structure to cap-
ture inter-sentence dependencies for document-level imattanslation while we explore the topic
structure of a document for document translation.

3. Preliminaries

We establish in this section some background knowledgetddmth statistical machine translation
and topic modeling. Although the introduction here is shibiis sufficient for understanding our
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Sub-models Descriptions

S llogP(ei[f,) direct translation probabilities

S MlogP (¥, [e:) inverse translation probabilities

Z{ logPe. (8| f;) direct lexical translation probabilities

ST logPe. (F;]e:) inverse lexical translation probabilities
If‘ logP(e;le1...e;_1) | language model

S logy (e, 1) reordering model

le] word count

I rule count

Table 1: The most widely-used sub-models of statisticalhimgctranslation./ is the number of
translation rules that are used to generate the targetrmerteaiven the source sentence
f. € andf, are the target and source side of a translationsrule

topic-based dissimilarity and sensitivity models thatttnbridge the gap between topic modeling
and statistical machine translation.
3.1 Statistical Machine Translation

Given a source sentenge most SMT systems find the best translatioamong all possible trans-
lations as follows.

A exp [0 Anhn(f€)]
€ = argmax m
o | e e[S Ak €)]
M
argmax {exp [Z Ambon (f, e)] } (1)

m=1

M
= argmax { Z Amhun (f5 e)}

m=1

whereh,,,(f, e) is a feature function defined on the source sentgrened the corresponding transla-
tione, A, is the weight of the feature function. Since the normalaa}i __, exp {Ei” Al (f€')
is constant for all possible translatioels we do not need to calculate it during decoding.

The weighted model in the equation (1) is a log-linear modéle feature functiong,,, (f, )
are also referred to as sub-modeés they are components of the log-linear model. In Table 1,
we show the most widely-used feature functions in SMT. Mdshem can be easily factored over
translation rules, which facilitates the application ofhdynic programming in decoding. We will
show that our proposed topic-based dissimilarity and seitgimodels can be also easily factorized
in Section 4.

3. This notation is used when we want to emphasize that a fudelis a component of the log-linear model. Otherwise
we just call them models, such as a language model, a repgd@ddel and so on.
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In the log-linear model of SMT, the sub-models are traingoasstely and combined under
the assumption that they are independent of each other. S3ueiated weightas can be tuned
using minimum error rate training (MERT) (Och, 2003) or tharyin Infused Relaxed Algorithm
(MIRA) (Chiang, Marton, & Resnik, 2008). Note that the notination factor in the equation (1)
is not calculated in these training algorithms. This is liseathese algorithms directly optimize the
log-linear model of SMT towards some translation qualityaswee such as BLEU. Feature weights
that are optimized towards criteria such as Maximum Mutfdrimation (MMI) are not necessarily
optimal with respect to translation quality (Och, 2003).

As we integrate the proposed two models into the log-lineadeh of a hierarchical phrase-
based SMT system (Section 6) in order to validate the effetiss of the two models, we provide
more details about hierarchical phrase-based SMT (Ch20@R) in this section. Translation rules
in hierarchial phrase-based SMT are synchronous contegtgrammar rules, which can be denoted
as follows.

X = (o, 8,~) 2)

whereX is an undifferentiated nonterminal,and 3 are strings of terminals and nontermirfats

the source and target side respectivelyjenotes the one-to-one mapping between nonterminals in
« and nonterminals irs. These rules can be automatically extracted from wordiabigbilingual
training data. In addition to these rules, two special r@des also introduced into hierarchical
phrase-based SMT.

S — <XN1, XN1>

3
S = (SoXw1, S0 X 1) )

These two rules are used to serially concatenate nonteris&n a monotonic manner to form an
initial symbol .S, the start symbol of the grammar of hierarchical phraseth&MT.

The log-linear model of hierarchical phrase-based SMT efobmulated as follows.
w(D) = exp (Z log(t(r)) + A\imlogPyy, (e) + Awple] + ATPI> 4)
reD

whereD is a derivation defined as a set of triplesi, j), each of which denotes an application of a
translation rule that spans worélfrom j on the source sidd. is the number of translation rules in
D. The probability of a translation ruleis defined as

t(r) = P(a|B)™ P(B]a)* Preg (0 8) Preq (Blcr)™ (5)
where the lexical translation probabiliti€.. («|3) and P, (5|«) estimate the probabilities that
the words inn translate the words iff in a word-by-word fashion (Koehn et al., 2003).

3.2 Topic Modeling

Topic modeling is used to discover topics that occur in aectibn of documents. Both Latent
Dirichlet Allocation (LDA) (Blei et al., 2003) and Probalstic Latent Semantic Analysis (PLSA)

4. In order to simplify the decoder implementation, at mest honterminals are allowed in hierarchical translation
rules.
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(Hofmann, 1999) are topic models. As LDA is the most widelgdisopic model, we exploit it to
mine topics for our translation rule selection.

LDA views each document as a mixture of various topics, edethich is a probability distri-
bution over words. More particularly, LDA works in a genératprocess as follows.

e For each documenb;, sample a document-topic distribution (per-documentctaistribu-
tion) #; from a Dirichlet distribution Dif«): 6; ~ Dir(«);

e for each wordw; ; of N; words in the documenb;;,

— Sample a topic assignment; ~ Multinomial(¢;);

— Sample the wordv;; ~ Multinomial(e., ;) whereyp. , is the per-topic word distribu-
tion of topic z; ; drawn from Dir(3).

Generally speaking, LDA contains two groups of parametdise first group of parameters
characterizes document-topic distributiofis) (which record the distribution of each document over
topics. The second group of parameters is used for topichwistributions ¢;), which represent
each topic as a distribution over words.

Given a document collection with observed wovds= {w, ;}, the goal of LDA inference is to
compute the values for these two sets of paramétargly as well as the latent topic assignments
z = {z;,;}. The inference is complicated due to the latent topic asségsz. An efficient inference
algorithm that has been proposed to address this problemliapSed Gibbs Sampling (Griffiths
& Steyvers, 2004), where the two sets of paramefeandy are integrated out of the LDA model,
and only the latent topic assignmemtare sampled fronP(z|w). Once we obtain the values bf
we can estimaté and by recovering their posterior distributions giverandw. In Section 4, we
will use these two sets of estimated parameters and the @aspignments of words to calculate the
parameters of our models.

4. Topic-based Dissimilarity and Sensitivity Models

In this section, we elaborate our topic-based models fostation rule selection, including a topic
dissimilarity model and a topic sensitivity model.

4.1 Topic Dissimilarity Model

Sentences should be translated in accordance with theast¢phao & Xing, 2006, 2007; Tam

et al., 2007). Take the translation rule (b) in Figure 1 asyample. If the source side of rule

(b) occurs in a document on “international relations”, wedto encourage the application of rule
(b) rather than rule (c). This can be achieved by calculatimgdissimilarity between probability

distributions of a translation rule and a document overdapi

In order to calculate such a topic dissimilarity for tratisia rule selection, we associate both
the source and target side of a translation rule withle-topic distribution P(z,|r,), whereo is
the placeholder for the source sideor target side, r,, is the source or target side of a translation
rule r, andz, is the corresponding topic af. Therefore each translation rule has two rule-topic
distributions: P(z¢|r¢) on the source side ané(z.|r.) on the target side.
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Supposing there arkE topics, the two distributions can be represented By-dimension vec-
tor. Thek-th componentP(z, = k|r,) denotes the probability of topik givenr,. The source-
and target-side rule-topic distributions are separatsiyrated from training data. The estimation
method is described in Section 5, where we also discuss #smmewhy we estimate them in a
separate manner.

Analogously, we represent the topic information of a docotveo be translated by@cument-
topic distribution P(z|d), which is also aK-dimension vector. Thé-th dimensionP(z = k|d)
is the topic proportion for topi& in documentd. Different from the rule-topic distribution, the
document-topic distribution can be directly inferred byddiiathe-shelf LDA tool.

Based on the defined rule-topic and document-topic distdbs, we can measure the dissimi-
larity of a translation rule to a document so as to decide drahe rule is suitable for the document
in translation. Traditionally, the similarity of two probiity distributions is calculated by informa-
tion measurements such as Jensen-Shannon divergenc@Di), or Hellinger distance (Blei &
Lafferty, 2007).

Here we adopt the Hellinger distance (HD) to measure the tdigisimilarity, which is sym-
metric and widely used for comparing two probability distiions (Blei & Lafferty, 2007). Given
a rule-topic distributionP(z,|r,) and a document-topic distributioR(z|d), HD is computed as
follows.

K
HD(P(:d). P(zo]ro)) = 3 (P(z = FId) —/P(zo = klro)) ©)

k=1

Let D be a derivation as defined in Section 3.1. Pétz|r) represent corresponding rule-topic
distributions for all rules irD. Our topic dissimilarity model DsifP(z|d), P(z|r)) on a derivation
D is defined on the HD of the equation (6) as follows

Dsim(P(z|d), P =Y HD(P(2]d), P(z0|r)) (7
reD

Obviously, the larger the Hellinger distance between aickatel translation yielded by a derivation
and a document, the larger the dissimilarity between thenith tHe topic dissimilarity model
defined above, we aim to select translation rules that aréesito the document to be translated in
terms of their topics.

4.2 Topic Sensitivity Model

Before we introduce the topic sensitivity model, let’'s s#tvFigure 1. We can easily find that the
probability of rule (c) distributes evenly over all topickhis indicates that it is insensitive to topics,
and can be therefore applied on any topics. In contrast, tgbditions of the other three rules
peak on a few topics. Generally speaking, a topic-insemesitile has a fairly flat distribution over
all topics, while a topic-sensitive rule has a sharp distidm over a few topics.

As a document typically focuses on a few topics, it has a stetpibution over these topics.
In other words, documents are normally topic-sensitivac&the distribution of a topic-insensitive
rule is fairly flat, the dissimilarity between a topic-ins#tive rule and a topic-sensitive document
will be very low. Therefore, our system with the proposedidatissimilarity model will punish
topic-insensitive rules.
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However, topic-insensitive rules may be more preferalkdm tiopic-sensitive rules if neither of
them are similar to given documents. For a document aboutia &b “love”, the rule (b) and (c) in
Figure 1 are both dissimilar to the document as rule (b)esl&d the “international relations” topic
and rule (c) is topic-insensitive. Nevertheless, since (a) occurs more frequently across various
topics, we prefer rule (c) to rule (b) when we translate a doent about “love”.

To address such issue of the topic dissimilarity model, wehéur propose a topic sensitivity
model. The model employs an entropy based metric to measarwpic sensitivity of a rule as
follows

H(P(zs|rs)) = ZP 2o = k|ro) X 10g(P(z0 = kl|rs)) (8)

According to this equation, a topic-insensitive rule nollgnhas a large entropy while a topic-
sensitive rule has a smaller entropy.

Given a derivationD and rule-topic distribution® (z|r) for rules inD, the topic sensitivity
model is defined as follows.

Ser(P Z H Zo‘ro (9)

reD

Incorporating the topic sensitivity model with the topisslimilarity model, we enable our SMT
system to balance the selection of topic-sensitive ana{mgiensitive rules. Given rules with ap-
proximately equal values of topic dissimilarity, we prefepic-insensitive rules.

5. Estimation

Unlike document-topic distributions that can be direcigiined by LDA tools, we need to estimate
rule-topic distributions for translation rules. As we wantexploit topic information of both the
source and target language, separatelytrain two monolingual topic models on the source and
target side, and learn correspondences between the twortapdels via word alignments in the
bilingual training data.

Particularly, we adopt two rule-topic distributions forcharanslation rule: 1) the source-side
rule-topic distributionP(z¢|r) and the 2) the target-side rule-topic distributiBiiz.|r.), both of
which are defined in Section 4.1. These two rule-topic distibns are estimated using trained
topic models in the same way (Section 5.1). Notably, onlye®language documents are available
during decoding. In order to compute the dissimilarity begwthe target-side rule-topic distribution
of a translation rule and the source-side document-togitillution of a given documentwe need
to project the target-side rule-topic distribution of angtation rule onto the space of the source-side
topic model (Section 5.2).

We can also establish alternative approaches to the ekiimat rule-topic distributions via
multilingual topic models (Mimno, Wallach, Naradowsky, #fm& McCallum, 2009; Boyd-Graber
& Blei, 2009) or bilingual topic models that also infer wotmhword alignments in document pairs
(Zhao & Xing, 2006, 2007). The former multilingual topic nedd only require that documents in
different languages are comparable in terms of contentaityi In contrast, the latter bilingual
topic models require that documents are parallel, i.enstations of each other, so as to capture
word alignments.

10
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Figure 2: Graphical model representations of (a) our hiladgopic model, (b) polylingual topic
model of Mimno et al. (2009), and (c) bilingual topic model4ffao and Xing (2007)
whereS is the number of parallel sentence pairs in a documeigthe word alignment
between a source and target sentence. For simplicity, weddisplay HMM transitions
among word alignments. Subfigure (a*) shows how we build topic correspondences be-
tween the source and target language after source and tiaypigst are separately learned
as shown in (a).

The biggest difference between our method and these mgliidil/bilingual topic models is that
they use the same per-tuple topic distributébior all documents in the same tuple. Here we define
the tuple as a set of documents in different languages. Auymde-topic distribution is similar to
a per-document topic distribution. The only differencewissn them is that the per-tuple topic
distribution is shared by all documents in the tuple.

Topic assignments for words in these languages are natu@ihected since they are sampled
from the same topic distribution. In contrast, we assumedhah document on the source/target
side has its own sampled document-specific distributiorr tsygics. Topic correspondences be-
tween the source and target document are learned by pojegd word alignments. We visualize
this difference in Figure 2.

Yet another difference between our models and the topicHépéexicon translation model of
Zhao and Xing (2007) is that they use their bilingual topieamprove SMT at the word level
instead of the rule level. Since a synchronous rule is radeatorized into individual words, we
believe that it is more reasonable to incorporate the tomgidehdirectly at the rule level rather than
the word level. In Section 7.2.3, we empirically compare madel with the topic-specific lexicon
translation model.

Tam et al. (2007) also construct two monolingual topic medet parallel source and target
documents. They build the topic correspondences betweares@and target documents by en-
forcing a one-to-one topic mapping constraint. We projaaydt-side topics onto the space of the
source-side topic model in a one-to-many fashion. In Secti8.1, we compare these two different
methods for building topic correspondences.

11
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5.1 Rule-Topic Distribution Estimation

We estimate rule-topic distributions from word-alignedirigiual training corpus with document
boundaries explicitly given. The source- and target-side-topic distributions are estimated in the
same way. Therefore, for simplicity, we only describe thinetion of the source-side rule-topic
distribution P(z¢|rs) of a translation rule in this section.

The estimation of rule-topic distributions is analogouthttraditional estimation of rule trans-
lation probabilities (Chiang, 2007). In addition to the @aligned corpus, the input for rule-topic
distribution estimation also contains source-side doaustapic distributions inferred by LDA tool.

We first extract translation rules from bilingual trainingtd in a traditional way. When the
source side of a translation ruleis extracted from a source-language docunagntith a document-
topic distributionP(z¢|ds), we obtain an instance s, P(zy¢|dy), €), wheree is the fraction count
of an instance as described by Chiang (2007). In this way, arecollect a set of instances
= {(r¢, P(zf|dy), €)} with different document-topic distributions for each station rule. Using
these instances, we calculate the probabifity.; = k|r/) of r; over topick as follows:

25:1 >orez € X Plzp = K|dy)
Based on this equation, we can obtain two rule-topic distidins P(z¢|r) and P(z.|r.) for each

rule using the source- and target-side document-topicitulisions P(z¢|d¢) and P(z|d.) respec-
tively.

P(zp = klry) = (10)

5.2 Target-Side Rule-Topic Distribution Projection

As described in the previous section, we also estimatettarde rule-topic distributions. How-
ever, we can not directly use the equation (6) to calculatedibsimilarity between the target-side
rule-topic distributionP(z.|r.) of a translation rule and the source-side document-togitilition
P(z¢|dy) of a source-language document that is to be translated.der d» measure this dissim-
ilarity, we need to project target-side topics onto the setgide topic space. The projection takes
the following two steps.

e First, we calculate a correspondence probabjlity;|z.) for each pair of a target-side topic
z. and a source-side topic;, which are inferred by the two separately trained monolaigu
topic models respectively.

e Second, we project the target-side rule-topic distributida translation rule onto the source-
side topic space using the correspondence probabilitteadd in the first step.

In the first stepwe estimate the topic-to-topic correspondence prohisilusing co-occurrence
counts of topic assignments of source and target words mwading-aligned corpus. The topic assign-
ments of source/target words are inferred by the two mogolhtopic models. With these topic
assignments, we characterize a sentence(pait) as(zy, z., a), wherez; andz,. are two vectors
containing topic assignments for words in the source amgtaentencg ande respectively, aned
is a set of word alignment link§(i, j)} between the source and target sentence. Particularlyg a lin
(i,7) represents that a source-side positi@tigns to a target-side positign

12



ToPIC-BASED DISSIMILARITY AND SENSITIVITY MODELS

With these notations, we calculate the co-occurrence cofiat source-side topié; and a
target-side topié. as follows.

Yo D Sz kp) 0(ze; k) (11)

(Zf7Z67a) (%J)ea
wherezy, andz., are topic assignments for worgsande; respectivelys(z, y) is the Kronecker
function, which isl if x = y and0 otherwise.

We then compute the topic-to-topic correspondence prbtyabi P(z; = kf|z. = k.) by
normalizing the co-occurrence count as follows.

Z(zf7z~‘iva) Z(i7j)€a 5(zfi7 kf) * 5(26]‘ ) ke)
Z(Zf,ze,a) Z(i,j)Ea 5(26]‘ ) ke)
Overall, after the first step, we obtain a topic-to-topicrespondence matri¥i . x i ,, where the

item M, ; represents the probabilith (z; = i|z. = 7).

In the second stemiven the correspondence mathf . « i, We project the target-side rule-
topic distributionP(z.|r.) to the source-side topic space by multiplication as follows

P(zp = ky|ze = ke) = (12)

T(P(zelre)) = P(ze|re) - MKefo (13)

In this way, we get a second distribution for a translatide m the source-side topic space, which
we call projected target-side topic distributi@ii P (z|r.)).

Word alignment noises may be introduced in the equation, {@tjch in turn may flatten the
sharpness of the projected topic distributions calculaigtie equation (13). In order to decrease
the flattening effects of word alignment noises, we take til®wing action in practice: if the
topic-to-topic correspondence probabili(z; = k¢|z. = k.) calculated via word alignments is
less than% where K is the predefined number of topics, we set it to 0 and then rnaxalize all
other correspondence probabilities of the target-sidi tp

Obviously, our projection method allows one target-sigede, to align to multiple source-side
topics. This is different from the one-to-one corresporgensed by Tam et al. (2007). We inves-
tigate the correspondence matNf . x i, obtained from our training data. We find that the topic
correspondence between the source and target languagenscegsarily one-to-one. Typically, the
correspondence probability(zy = k¢|z. = k.) of a target-side topic mainly distributes over two
or three source-side topics. Table 2 shows an example ofjattside topic with its three mainly
aligned source-side topics.

6. Integration

We incorporate our topic dissimilarity and sensitivity nebes two new features into a hierarchical
phrase-based system (Chiang, 2007) under the log-linsariminative framework (Och & Ney,
2002). The dissimilarity values are positive as Hellingistahces are positive. The weight of this
dissimilarity feature tuned by MERT will be negative. THere the log-linear model will favor
those candidate translations with lower values of the whiggiity feature (less dissimilar). In other
words, translation rules that are more similar to the doaurttebe translated in terms of their topics
will be selected.
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e-topic f-topic 1 f-topic 2 f-topic 3
enterprises| &\ (agricultural) | 1V (enterprise)| k& J&(develop)
rural £} (rural) M (market) | £ ¥ (economic)
state 1% R (peasant) [ (state) %1 (technology )

agricultural | 2% (reform) v A) (company) F [E (China)
market W E (finance) &Hl(finance) | #iAK(technique)

reform 4> (social) 47 (bank) Pk (industry)
production |  {ff&E(safety) | # & (investment)| 45 (structure)
peasants i % (adjust) “H(manage) | B (innovation)
owned Bk (policy) 2 & (reform) hntk(accelerate)
enterprise | it \(income) 24’2 (operation) S (reform)
[ P(zlz) | 0.38 | 0.28 | 0.16 |

Table 2: An example of topic-to-topic correspondence. Tdst line shows the correspondence
probability. Each column shows a topic represented by fslid topical words. The first
column is a target-side topic, while the remaining thre@iewis are source-side topics.

One possible side-effect of the integration of such a digaiity feature is that our system will
favour translations generated by fewer translation rudgsrest those generated by more translation
rules because more translation rules result in higherrdiksity (see the equation (7)). That is to
say, the topic-based dissimilarity feature also acts aaneslhation rule count penalty on derivations.
Fortunately, however, we also use a translation rule caattife (see the last row in Table 1) which
normally favours translations yielded by a derivation vattarge number of translation rules. This
feature will balance against the mentioned side-effectuottapic-based dissimilarity feature.

As each translation rule is associated with a source-sigetopic distribution and a projected
target-side rule-topic distribution during decoding, vael four features as follows.

o Dsim(P(zy|d),P(z|ry)) (or DsimSrc): Topic dissimilarity feature on source-sidieftopic
distributions.

o Dsim(P(z¢|d), T(P(z,|r.))) (or DsimTrg): Topic dissimilarity feature on projectedgdat-
side rule-topic distributions.

e Ser(P(z;|ry)) (or SenSrc): Topic sensitivity feature on source-side-tafgc distributions.

e Sen(T'(P(z,|r.)) (or SenTrg): Topic sensitivity feature on projected taigide rule-topic
distributions.

The source-side and projected target-side rule-topiciloligions for translation rules can be
calculated before decoding as described in the last sectirring decoding, we first infer the
topic distributionP(z¢|d) for a given document of the source language. When a tramslatie is
adopted in a derivation, the scores of the four featuresbsillpdated correspondingly according to
the equation (7) and (9). Obviously, the computational obsitese features is rather small.

5. Since the glue rule and rules of unknown words are not edddrom training data, we just set the values of the four
features for these rules to zero.
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For topic-specific lexicon translation models (Zhao & Xi2@07; Tam et al., 2007), they first
calculate topic-specific translation probabilities bymalizing the entire lexicon translation table
and then adapt the lexical weights of translation rulesespondingly during decoding. This makes
the decoder run slower. Therefore, comparing with previopg-specific lexicon translation meth-
ods, our method provides a more efficient way for incorpogatopic models into SMT.

7. Experiments

In this section, we conducted two groups of experiments lidai@ the effectiveness of our topic-
based translation rule selection framework. In the firsugrof experiments, we use medium-scale
bilingual data to train our SMT system and topic models. Tingppse of this group of experiments
is to quickly answer the following questions:

e Is our topic dissimilarity model able to improve translatiwle selection in terms of Bzu?
Furthermore, are the source-side and target-side rule-thgtributions complementary to
each other?

¢ Is it helpful to introduce the topic sensitivity model to tiliguish topic-insensitive and topic-
sensitive rules?

e Is our topic-based method better than previous topic-fipdéexicon translation method (Zhao
& Xing, 2007) in terms of both BEu and decoding speed?

After we confirm the efficacy of our topic-based dissimikar@nd sensitivity model on medium-
scale training data, we conducted a second group of expetsnoa large-scale training data to
further investigate the following questions:

e Is our one-to-many target-side rule-topic projection rodtibetter than previous methods
proposed by Zhao and Xing (2007) or Tam et al. (2007)?

e What are the effects of our models on various types of rulesh sis phrase rules and rules
with non-terminals?

e What else can we achieve if we use more monolingual dataitotbpic models?

7.1 Setup

We carried out our experiments on NIST Chinese-to-Englishdation. We used the NIST eval-
uation set of 2005 (MTO05) as our development set, and setsTE&fa¥MTO8 as the test sets. The
numbers of documents in MT05, MT06, MTO08 are 100, 79, and &8pectively. Case-insensitive
NIST BLEU (Papineni, Roukos, Ward, & Zhu, 2002) was used to measumnsl&i#on performance.
We used minimum error rate training (Och, 2003) to optimimfeature weights.

In our medium-scale experiments, we used the FBIS corpusrdslimgual training data, which
contains 10,947 documents, 239K sentence pairs with 6.9MeSha words and 9.14M English
words. In our large-scale experiments, the bilingual trgjrdata consists of LDC2003E14, LD-
C2004T07, LDC2005T06, LDC2005T10 and LDC2004T08 (Hong ¢kbtansards/Laws/News).
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These selected corpora contain 103,236 documents and Z80tdnces. On average, each docu-
ment has 28.4 sentences.

We obtained symmetric word alignments of training data kst furnning GIZA++ (Och & Ney,
2003) in both directions and then applying the refinemermt fgtow-diag-final-and” (Koehn et al.,
2003). Our hierarchical phrase translation rules wereaeteéd from word-aligned training data.
We used the SRILM toolkit (Stolcke, 2002) to train languagededs on the Xinhua portion of the
GIGAWORD corpus, which contains 238M English words. Werteal a 4-gram language model
for our medium-scale experiments and a 5-gram language Irfardmur large-scale experiments.

In order to train the two monolingual topic models on the sewand target side of our bilingual
training data, we used the open source LDA tool GibbsLDA43ibssLDA++ is an implementation
of LDA using gibbs sampling for parameter estimation anerefce. The source- and target-
side topic models were separately estimated from the Chinad English part of the bilingual
training data. We set the number of togic= 30 for both the source- and target-side topic models,
and used the default setting of the tool for training andririee! During decoding, we inferred
the document-topic distribution for each document in the'tdst sets before translation using the
trained source-side topic model. Note that the topic imfeeeon the dev/test sets was performed
after all parameters of the two topic models were estimatetthe training data.

The case-insensitive BLEU-4 was used as our evaluationiendtfe performed the statistical
significance in BLEU differences using the paired bootsteygampling (Koehn, 2004). In order
to alleviate the impact of the instability of MERT, we ran tiui@ing process three times for all our
large scale experiments and presented the average BLEWBssoorthe three runs following the
suggestion by Clark, Dyer, Lavie, and Smith (2011)

7.2 Medium-Scale Experiments

In this section, we conducted medium-scale experimentsvistigate the effectiveness of our two
topic-based models for translation rule selection.

7.2.1 BFFECT OFTOPIC DISSIMILARITY MODEL

We quickly investigated the effectiveness of our topic idisrity and sensitivity model using
medium-scale training data. Results are shown in Table@nkhe table, we can observe that

¢ If we use the topic dissimilarity model only with the souside or projected target-side rule-
topic distributions (“DsimSrc/DsimTrg” in the table, seesdriptions in Section 5), we can
obtain an absolute improvement of 0.48/0.38&B points over the baseline.

o If we combine the two topic dissimilarity features togethvee can achieve a further improve-
ment of 0.16 BEU points over “DsimSrc”.

These two observations show that our topic dissimilaritylel@s able to improve translation quality
in terms of B.EU.

6. http://gibbslda.sourceforge.net/

7. We determineX” by testing{15, 30, 50, 100, 200in our preliminary experiments. We find that = 30 produces
a slightly better performance than other values. In ordémgrove the stability of the topic estimation, we run the
tool multiple times and use the best model with respect tdatpdikelihood.
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System| MT06 | MT0O8 | Avg | Speed

Baseline| 30.20 | 21.93 | 26.07| 12.6
TopicLex | 30.65 | 22.29 | 26.47| 3.3
DsimSrc| 30.41 | 22.69 | 26.55| 11.5
DsimTrg | 30.51 | 22.39 | 26.45| 11.7
DsimSrc+DsimTrg| 30.73 | 22.69 | 26.71| 11.2
Dsim+Sen| 30.95| 22.92 | 26.94| 10.2

Table 3: Results of our topic dissimilarity and sensitivitpdel in terms of BEU and speed (words

per second), comparing with the traditional hierarchigatem (“Baseline”) and the sys-
tem with the topic-specific lexicon translation model (“ldpex”). “DsimSrc” and “D-
simTrg” are topic dissimilarity features on the sourceesiohd projected target-side rule-
topic distributions respectively. “Dsim+Sen” activatasttbthe two dissimilarity features
and the two sensitivity features as described in SectiorA@g™denotes average I&kU
scores on the two test sets. Scores in bold are significaettgritharBaseling(p < 0.01).
“Speed” denotes the number of words translated per second.

Rule Type| Count Src-Sen(%) Trg-Sen(%)
Phrase| 3.9M 83.4 84.4
Monotone| 19.2M 85.3 86.1
Reordering| 5.7M 85.9 86.8
All | 28.8M 85.1 86.0

Table 4: Percentages of topic-sensitive rules listed bg tybes according to entropies of their
source-side (“Src”) and target-side (“Trg”) rule-topicstlibutions. Phrase rules are fully
lexicalized, while monotone and reordering rules containterminals.

In order to gain insights into why the topic dissimilarity ded is helpful for translation rule
selection, we further investigate how many rules are tgpitsitive. As described in Section 4.2,
we use entropy to measure whether a translation rule is-tgpisitive based on its rule-topic dis-
tribution. If the entropy of a translation rule calculatedthe equation (8) is smaller than a certain
threshold, the rule is topic-sensitive. Since documertendbcus on a few topics, we use the aver-
age entropy of document-topic distributions of all tragnatocuments as the threshold. We compare
entropies of source-side and target-side rule-topicibigions against this threshold. Our findings
are shown in Table 4. 85.5% translation rules are topicisemsules if we compare entropies of
their source-side rule-topic distributions against theshold. If we compare entropies of target-
side rule-topic distributions against the threshold, ¢eg@nsitive rules account for 86%. These
strongly suggest that most rules only occur in documents syiecific topics and topic information
can be used to improve translation rule selection.

7.2.2 BFFECT OFTOPIC SENSITIVITY MODEL

As we can see from Table 4, there are still about 15% trapslatiles which are generic, not sen-
sitive to any topics. These rules are also widely used in ahecus. As mentioned before, our
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topic dissimilarity model always punishes such rules asidwmnts are normally topic-specific. We
therefore introduce a topic sensitivity model to completiba topic dissimilarity model. The ex-

periment result of this model is show in the last line of Tahl&Ve obtain a further improvement of
0.23 BLEU points when incorporating the topic sensitivity model. Simdicates that it is necessary
to distinguish topic-insensitive and topic-sensitivesaul

7.2.3 GOMPARISON WITH TOPIC-SPECIFIC LEXICON TRANSLATION MODEL

We also compared our topic models against the topic-spdéekficon translation model proposed by
Zhao and Xing (2007). They introduce a framework to combiigdein Markov Model (HMM) and
LDA topic model for SMT, which is shown in Figure 2. In theiemework, each bilingual sentence
pair has a single topic assignment sampled from the docupaéntopic distributiond. Then all
words of the target language (e.g., English) are sampleshdive sentence-pair topic assignment
and a monolingual per-topic word distributian After that, word alignments and words of the
source language are sampled from a first-order Markov psoaed a topic-specific translation
lexicon respectively.

Zhao and Xing integrate the topic-specific word-to-worch$tation lexicons estimated from
their bilingual topic model described above into the togpecific lexicon translation model, which
is formulated as follows.

P(we|lwy,dy) o< P(wg|we,dyp)P(we|dy)
= ZP(wf|we,z =k)P(we|z = k)P(z = ]{;|df) (14)
k

In this model, the probability of a candidate translationfor a source wordv in a source docu-
mentd; is calculated by marginalizing over all topics and corregfiog topic-specific translation
lexicons. We simplify the estimation @{w¢|w., z = k) by directly computing these probabilities
on our word-aligned corpus associated with target-sidie tagsignments that are inferred from the
target-side topic model. Despite this simplification, tmpiovement of our implementation is com-
parable with the improvement obtained by Zhao and Xing (20Gfen a new document, we need
to adapt the lexical translation weights of rules. The aglhf#xicon translation model is integrated
as a new feature into the log-linear discriminative framewo

We show the comparison results in Table 3. The topic-spelgkicon translation model is
better than the baseline by 0.4.8u points. However, our topic-based method (the combinatfon o
topic dissimilarity and sensitivity models) outperfornhe thaseline by 0.87 [BU points.

We also compare these two methods in terms of the decodiragl §p@rds/second). The base-
line translates 12.6 words per second, while the system twétiopic-specific lexicon translation
model only translates 3.3 words in one second. The overhieid dopic-specific lexicon transla-
tion model mainly comes from the adaptation of lexical wésght takes 72.8% of the time to do
the adaptation. In contrast, our method has a speed of 10dswer second for each sentence on
average, which is three times faster than the topic-spdekicon translation method.

7.3 Large-Scale Experiments

In this section, we investigated deeper into our models tithsecond group of experiments on
large-scale training data.

18



ToPIC-BASED DISSIMILARITY AND SENSITIVITY MODELS

7.3.1 BFFECT OFONE-TO-MANY PROJECTION

As we discussed in Section 5.2, we need to project targetisigics onto source-side topic space
S0 as to calculate the dissimilarity between a target-sidie-topic distribution and a source-side
document-topic distribution. We propose a one-to-manyeption method for this issue. In order

to investigate the effectiveness of this method, we cortliekperiments with large-scale training
data to compare it with the following 3 other methods.

e One-to-One MappingWe enforce a one-to-one mapping between source-side ayed-tade
topics, similar to the method by Tam et al. (2007). We achtbi®by aligning a target-side
topic to the corresponding source-side topic with the lstrgerrespondence probability as
calculated in Section 5.2.

e Marginalization over Word AlignmentsFollowing Zhao and Xing (2007), we first obtain
topics on the target side using LDA and then retrieve topith@source language through a
marginalization over word alignments as follows.

Plwglk) = 3 Pluwg|we) Pluwelz = k) (15)

e Combination of the source and target language documaftsconcatenate each target docu-
ment and its aligned source document into one document. &vertin the LDA tool on these
combined documents to train one topic model with mixed-legg words. During decoding,
we use the trained topic model to infer topics only on souaichents.

In order to compare our one-to-many projection method viaghthree methods described above,
we only add the target-side topic dissimilarity featurei(&rg) to the log-linear translation model.
The experiment results are reported in Table 5. Clearlyhalfour methods achieve improvements
over the baseline. However, our one-to-many projectiorhotkperforms better than all three other
methods. In particular,

e Our method outperforms the one-to-one topic mapping metlvbdth indicates that source-
side and target-side topics do not exactly match in a or@&eorrespondence manner.

e The reason that the marginalization method performs theevamong the four methods may
be that the topic model is trained only on target documents.

e Surprisingly, the combination method performs quite wehis shows that the LDA model
can find hidden topics even on mixed-language documents.

7.3.2 BFFECT OF THETOPIC-BASED RULE SELECTION FRAMEWORK ON VARIOUS TYPES OF
RULES

We conducted experiments to further investigate the efiéctur topic-based models for various
types of rules selection. Particularly, we divide tranelatules in hierarchical phrase-based SMT
into three types: 1) phrase rules, which only contain teafsiand are the same as bilingual phrase
pairs used in phrase-based system; 2) monotone rules, wbitthin non-terminals and produce
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System| MT0O6 MTO08 Avg
Baseline| 31.77 24.89 28.33
One-to-One| 32.15 25.32 28.73
Marginalization| 32.23 24.99 28.61
Combination| 32.17 25.56 28.86

One-to-Many| 32.44 25,54 28.99

Table 5: Effect of our one-to-many topic projection methgghiast other methods. Marginaliza-
tion: Marginalization over Word Alignments; Combinatio@ombination of the source
and target language documents.

System| MT06 MT08 Avg
Baseline| 31.77 24.89 28.33
Phrase rulg 32.43 25.53 28.98
Monotone rule| 32.24 25.62 28.93
Reordering rule 31.82 25.15 28.48
All | 32.77 26.29 29.53

Table 6: Effect of our topic-based rule selection modelshord types of rules. Phrase rules are
fully lexicalized, while monotone and reordering rules zom nonterminals.

monotone translations; and finally 3) reordering rulesohwkilso contain non-terminals but change
the order of translations. We define the monotone and rdagdenles according to Chiang et al.
(2008).

When we study the impact of our topic-based models on traosleule typeA, we activate all
of the four features described in Section 6 only on thosesrafeype A. Topic dissimilarity and
sensitivity features on the other two types of translatides are deactivated.

Table 6 shows the experiment results. From the table, we lcseree that

e Our topic-based models achieve the highest improvement&fBLEU points over the base-
line on phrase rules among the three types of translati@s.rurhis is reasonable as phrase
rules consist of topical words.

e We also obtain improvements of 0.6 and 0.15%B points over the baseline on the monotone
and reordering rules respectively. This shows that our fsoalke also able to help select
appropriate translation rules with non-terminals.

e When we activate the topic dissimilarity and sensitivitydals on all translation rules, we can
still achieve an additional improvement of 0.5 points. In total, our models outperform
the baseline by an absolute improvement of 1L2B points.

7.3.3 BEFFECT OFMORE MONOLINGUAL DATA

Comparing Table 6 and Table 3, we find that our topic-basesindikrity and sensitivity models
trained with medium-scale data (about 10K documents) cidliely achieve an improvement of 0.87
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System| MT0O6 MT08 Avg
Baseline| 31.77 24.89 28.33
DsimSrc + SenSrc + DsimTrg + SenTrg32.77 26.29 29.53
DsimSrc+ SenSrc+ DsimTrg + SenTrgl 32.70 25.91 29.31
DsimSrc + SenSrc bsimTrg + SenTrg | 32.37 25.80 29.09
DsimSrc+ SenSrc+ DsimTrg + SenTrg | 32.61 25.66 29.13

Table 7: Effect of using more monolingual data to train tapiodels. The features in bold are the
topic-based dissimilarity/sensitivity model where theA.pic model is trained using the
combination of source/target part of the large-scale diilai data and the corresponding
monolingual corpus.

BLEU points over the baseline while the two models trained withdescale data (about 100K doc-
uments) obtain an improvement of 1.2 By points. This suggests that further performance gains
may be obtained if we have more data. As parallel bilingutd gath document boundaries provid-
ed is not easily accessible, we try to collect monolinguah ad the source or/and target language.
Our interest is to study whether we can gain further impraseis by using more monolingual data
to train our topic models.

We used a Chinese monolingual corpus where documents wieted from the Chinese Sohu
weblog in 200$ The collected Chinese corpus contains 500K documents Wis8® Chinese
words. We also used an English monolingual corpus wheremdents were collected from the
English Blog Authorship corpus (Schler, Koppel, ArgamonpP&nnebaker, 2006). The English
monolingual corpus consists of 371K documents with 98M Bhglvords. We combined this new
Chinese corpus with the source part of our large-scaleguiihdata to train a source-side LDA topic
model ST. The English monolingual corpus is also combined with tingetepart of the large-scale
bilingual data to train a target-side LDA topic modé&T".

We then used the two topic modedd” and7'T to infer topics for the test sets. Topic informa-
tion on the source and target part of the large-scale biéihtaining data inferred by T andTT
was used to estimate source-side rule-topic distributaorts projected target-side rule-topic distri-
butions. In this way, we can obtain a new topic-based disaiityi and sensitivity model on the
sourceftarget side.

Experiment results are shown in Table 7. Unfortunately, arerot obtain any further improve-
ments by training topic models on larger data, such as thébiration of Chinese monolingual
corpus and the source part of our bilingual training datstelad, the performance drops from 29.53
to 29.31 if we use the topic mod8IT” to build the source-side dissimilarity and sensitivitytteas
and to 29.09 if we adopt the topic modEll" to build the target-side dissimilarity and sensitivity
features.

One reason for the lower performance with larger topic mtd@ling data may be that we only
use 30 topics. Using more topics may improve our models osetlerger corpora. In order to
investigate this, we conducted new experiments with mgosathan 30. We trained our source-
side topic model using the combination of source part ofdingd-scale bilingual data and the Sohu
weblog data. Based on this topic model, we built our souide-tpic dissimilarity model and

8. http://blog.sohu.com/.
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System| MTO06 | MTO8 | Avg
Baseline| 31.77 | 24.89 | 28.33
K =30 | 32.32 | 25.41 | 28.86
K =50 | 31.96 | 25.73 | 28.85

K =100 | 32.26 | 25.53 | 28.90
K =200 | 32.16 | 25.28 | 28.72

Table 8: Experiment results with different number of top(és). Only the source-side topic dis-
similarity model (DsimSrc) is integrated into the SMT syste

Test Set| MonoSrc BiSrc  MonoBiSrc
MTO6 0.359 0.238 0.297
MTO8 0.232 0.136 0.261

Table 9: The Hellinger distances of the MT06/08 test setsh&o @hinese monolingual corpus
(MonoSrc) and the source part of the bilingual training d&i&rc) as well as their com-
bination (MonoBiSrc) in terms of their average documemti¢alistributions.

integrated it into our SMT system. Experiment results avshin Table 8. From this table, we
find that using more topics is not able to improve our modehasé corpora.

Yet another reason may be that the additional monolingualusas not similar to the test sets in
terms of their topic distributions. In order to examine thigothesis, we inferred document-topic
distributions for all documents in the test sets, the Clmasnolingual corpus and the source part of
the bilingual corpus using the topic modgl'. We then average these document-topic distributions
and obtain four average document-topic distributions farOd, MTO08, the Chinese monolingual
corpus and the source part of the bilingual corpus respagtivihese average topic distribution-
s can be approximated as the corpus-topic distributions tvefour corpora. We calculate the
Hellinger distances between the corpus-topic distrilmgtiof the test sets and those of the Chinese
monolingual corpus and the source part of the bilinguahing data, which are shown in Table 9.

From the table, we can clearly find that the additional mamgplal corpus is much less similar
to the test sets comparing with the bilingual training cerphe Hellinger distance of the test
set MTO08 to the MonoBiSrc corpus is almost twice as large astththe bilingual training data
(0.261 vs. 0.136). A topic model trained on such an enlargegus will make our topic-based
models select translation rules that are not similar to treuchents of the test sets in terms of topic
distributions. This suggests that we should select adwitimonolingual data that are similar to the
test sets if we want to obtain further improvements.

We further conducted a new group of experiments to emplyieamine this hypothesis by
translating a web-domain test set that is similar to thetawdil weblog corpus in terms of their
topics. We used the web portion of the NIST MTO06 set as our neveldpment set and the web
portion of the NIST MTO08 as the new test set. Results are a@yggl in Table 10, which show that
the additional monolingual data can improve the performeahis time. This again suggests that we
should select monolingual corpus that is similar to our $e$$ to learn topics for our topic-based
dissimilarity and sensitivity models.
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System| MT08-web
Baseline 20.45
DsimSrc + SenSrc + DsimTrg + SenTrg 21.42
DsimSrc+ SenSrc+ DsimTrg + SenTrg ~ 21.77

Table 10: Results of translating a web-domain test set witht@pic-based models trained on the
data augmented with the monolingual weblog corpus. Theifeatin bold are the topic-
based dissimilarity/sensitivity model where the LDA topimdel is trained using the
combination of source/target part of the large-scale dpilai data and the corresponding
monolingual corpus. MT08-web is the web portion of the NIST08 test set.

8. Analysis

In this section, we will study more details of our topic-béseodels for translation rule selection by
looking at the differences that they make on target docusnemd individual translation hypotheses.
These differences will help us gain some insights into hapifesented models improve translation
guality. In the analysis, both the baseline system and teiesythat is enhanced with the proposed
topic-based models (all four features in Section 6 acttljediee trained with the large-scale bilingual
data as described in Section 7.1. For notational conveajenereafter we refer to the baseline
system asASE and the system enhanced with our topic-based dissimilantysensitivity models
asTOPSEL

8.1 Differences on Target Documents

In order to measure the impact that our topic-based modets dratarget documents, we calculate
the Hellinger distances between target documents geddrgtineBASE/TOPSEL System and refer-
ence documents generated by human in terms of their todiesead by the target-side LDA topic
model according to the following 4 steps. The target-sidéLt@pic model is trained on the target
part of the large-scale bilingual data described in Sectian

e Use the target-side LDA topic model to infer document-tagigtribution for each document
in reference translations (called reference distribgtion

e Use the target-side LDA topic model to infer document-tapigtribution for each target doc-
ument generated by thEnSE system (calleaASE distribution).

e Similarly, we can obtainropPsEL distribution on each target document generated by the
TOPSELSYystem.

e Calculate the dissimilarity between tiBase and reference distribution as well as that be-
tween theropseLand reference distribution according to the equation (Bgsg dissimilar-
ities are first averaged on all documents and then averagémlioreference translations.

Table 11 shows the calculated dissimilarities. Accordimdghe equation (6), the smaller the
Hellinger distance between two items, the more similar thiey The average Hellinger distance
betweerropseLand reference documents is 0.123 while the distance beteresnand reference
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System| MT0O6 MT08 Avg
BASE | 0.119 0.137 0.128
TOPSEL| 0.116 0.129 0.123

Table 11: Dissimilarities (measured by Hellinger distgrmmtween reference documents and target
documents generated by thase andTOPSELsystem in terms of their topics according
to the equation (6).

MT06 MTO8
More similar (+)| 49 72
Less similar (-)] 30 37
p<| 0.05 0.01

Table 12: The number of target documents generatedd®sEL that are more/less similar to ref-
erence documents than thoseHnsE.

documents is 0.128. Therefore, the target documents dedeby theTOPSEL system in both
MTO06 and MTO8 are more similar to the documents in referengastations than those by the
baseline system. We further calculate the number of targetirdents generated by PSEL that
are more/less similar to reference documents than thosbg based on the average Hellinger
distances. These numbers are shown in Table 12. Accordiagsign test using these numbers,
TOPSEL is statistically significantly better than the baselinetaysin terms of the similarity of
translations generated by the two systems to human-gederainslations.

8.2 Differences on Translation Hypotheses

We now look deeper into translation hypotheses to undetdtam our models select translation
rules. Table 13 shows three translation examples that caripa baseline against the system
enhanced with our topic-based models. In order to conduabatigative comparison, we calculate
dissimilarity values (measured by Hellinger distance) Iblinderlined phrases in Table 13 using
our topic-based dissimilarity model. The dissimilarityjues are computed between the projected
target-side rule-topic distributions of the underlinedgses and the source-side document-topic
distributions of the corresponding documents where thhsesp are used. The values are shown in
Table 14.

From the two tables, we can easily observe that the systemthét topic-based dissimilarity
model prefers those target phrases that have smaller gtldistances to the documents where they
occur in terms of topic distributions. In contrast, the lliageis not able to use this document-level
topic information for translation rule selection. FiguréuBther shows the topic distributions of the
source-side document, tl@PSEL phrase “allow” and theASE phrase “permit” in Eg. 2. The
major topics of the source-side document are topic 12 andBéToPsEL phrase “allow” mainly
distributes over 12 different topigsncluding topic 12 and 36 while thease phrase “permit”
mainly over 10 different topics which do not include topic 12

9. The distribution probability over these topics is lartfean 0.03.
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Source | fli45 [ LR 4 | IF A B
BASE he described the “ northern limit line ” and unlawful
Eg. 1 | TOPSEL | he referred to the “ northern limit line ” is not legitimate
Reference he pointed out that the “ northern limit line " is not legititea
Source | B4 = AW HC % KA B FK 852 5N K %
BASE how would permitits love others also accepted by the people .
Eg. 2 | TorseL | will allow their love of love others also accepted by the people
Reference how would someone allow the person he loves to accept otluglgie
love at the same time
Source | HHT BN AN 2/ X vEE VEAl 1) BOR)
BASE at present , the internet is not entitledstach a statutory right to leave
Eg. 3 | TOPSEL | at present the internet does not engmch a statutory right to leave
Reference at present the internet does not enjoy these rights

Table 13: Translation examples from the NIST MTO06/08 te$$,seomparing the baseline with
the system enhanced with the topic-based models. The imstervords highlight the
difference between the enhanced models and the baseline.

HD
3.08
2.27
3.75
3.47
3.45
3.24

Phrase
unlawful
not legitimate
permit
allow
entitled to
enjoy

Table 14: Dissimilarity values (measured by Hellinger aiisie) of the underlined phrases in Ta-
ble 13 between their projected target-side rule-topiaibistions and the corresponding
source-side document-topic distributions of documernitautated by our topic-based dis-
similarity model.

9. Discussion on Bilingual Topic Modeling

Although topic models are widely adopted in monolinguak &xalysis, bilingual or multilingual
topic models are less explored, especially those tailooedrultilingual tasks such as machine
translation. In this section we try to provide some suggaestifor bilingual topic modeling from
the perspective of statistical machine translation as aglbur practice on the integration of top-
ic models into SMT. These suggestions are listed as folleeme of which are also our future
directions.

e Investigation on Topic divergences across different laggs Cross-language divergences
are pervasive and become one of big challenges for mactanslation (Dorr, 1994). Such
language-level divergences hint that divergences at thie tor concept level may also exist
across languages. This may explain why our one-to-mang fpjection from the target side
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Figure 3: Topic distributions of the source-side documeit theTopPsEL phrase “allow” (b) and
the BASE phrase “permit” shown in Eg. 2 of Table 13.

to the source side is better than the one-to-one mappingoidih Mimno et al. (2009) have
studied on topic divergences using Wikipedia articles, whelie that a deeper and wider
investigation on topic divergence is needed as it will shed tight on how we can build
better bilingual topic models.

e Adding more linguistic assumptions into topic modeliRgactices in SMT show that integrat-
ing more linguistic knowledge into machine translationmally generates better translations
(Chiang et al., 2008). We believe that adding more lingaiagsumptions beyond bag-of-
words will also improve topic modeling. A flexible topic mdihg framework that allows us
to integrate rich linguistic knowledge in the form of feaswill definitely further facilitate
the application of topic models in natural language praogss

e Joint modeling of topic induction and synchronous grammaluction Synchronous gram-
mar induction for machine translation is a task of autonadiiidearning translation rules from
bilingual data (Blunsom, Cohn, Dyer, & Osborne, 2009; XiaX#&ng, 2013). As Bayesian
approaches are successfully used in both topic modelingsamchronous grammar induc-
tion, joint modeling of them is an very interesting direatiavhich will also benefit grammar
adaptation from one domain to another domain in machinelatan.

10. Conclusions

In this article we have presented a topic-based translatitnselection framework which incor-
porates the topic information from both the source and tdeggguage for translation rule disam-
biguation. Particularly, we use a topic dissimilarity mbideselect appropriate translation rules for
documents according to the similarities between tramsiatiles and documents. We also adopt a
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topic sensitivity model to complement the topic dissimilamodel in order to balance translation
rule selection between topic-sensitive and topic-ingmesrules. In order to calculate dissimilari-
ties between source- and target-side topic distributiamsproject topic distributions on the target
side onto the source-side topic model space in a new anceeffisiay.

We have integrated our topic-based rule selection modidsaihierarchical phrase-based SMT
system. Experiments on medium/large-scale training daia shat

e Our topic dissimilarity and sensitivity model are able tdstantially improve translation
quality in terms of BEU and improve translation rule selection on various typesilefsr (i.e.,
phrase/monotone/reordering rules).

e Our method is better than previous topic-specific lexicangfation method in both transla-
tion quality and decoding speed.

e The proposed one-to-many projection method also outpagomrious other methods such
as one-to-one mapping, marginalization via word alignmamid so on.

e If we want to use additional monolingual corpus to train ¢opiodels, we should first in-

vestigate whether the new monolingual corpus is similah@test data in terms of topic
distributions.

Topic models can provide global and document-level infdiomafor machine translation. In
the future, we would like to use topic models to address decustevel machine translation issues,
such as coherence and cohesion (Barzilay & Lee, 2004; Hagdrévre, & Tiedemann, 2012). We
also want to integrate our topic-based models into lingray syntax-based machine translation
for syntactic translation rule selection (Liu et al., 2006)
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