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Abstract
In hierarchical phrase-based translation systems, the grammars
(SCFG rules) have over-generation problem because we can re-
place the non-terminalX with almost everything without know-
ing the syntactic or semantic role ofX . In this paper, we present
an approach that uses topic models to learn the distributions for
non-terminals in each SCFG rule, based on which we further
derive static features for the discriminative framework of sta-
tistical machine translation. Experimental results on three cor-
pora show that we can obtain some gains in BLEU by using
these features derived from topic models to alleviate the over-
generation problem in hierarchical phrase-based translation.
Index Terms: hierarchical phrase-based translation, topic
model, feature, over-generation

1. Introduction
In recent years, there are growing research interests in using
syntax for statistical machina translation (SMT). Syntax-based
translation systems have shown better translation performance
than phrase-based systems [1]. One example is the hierarchi-
cal phrase-based translation model in [2], which uses the syn-
chronous context-free grammar (SCFG) to automatically ex-
tract hierarchical structures of natural language.

The hierarchical phrase-based translation [2] is also re-
ferred to formally syntax-based model because the hierarchi-
cal syntax structures are inferred without any explicit linguistic
knowledge or annotations. On the other hand, another group of
models that relies on linguistic knowledge (i.e., from a parser)
or linguistic annotation (i.e., from Penn Treebank) is called lin-
guistically syntax-based translation. Examples include, but not
limited to, [3, 4, 5].

An SCFG is a synchronous rewriting system generating
source and target side string pairs simultaneously based on a
context-free grammar. Each synchronous production (i.e., rule)
rewrites a non-terminal into a pair of strings, γ and α, with both
terminals and non-terminals in both languages. In particular,
formal syntax-based models explore hierarchical structures of
natural language and utilize only a unified non-terminal symbol
X in the grammar:

X → 〈γ, α,∼〉 (1)

where ∼ is the one-to-one correspondence between X’s in γ
and α.

One problem of SCFG rules in hierarchical phrase-based
translation is that those rules with non-terminals X could be
over-generation, in the sense that X could be replaced by al-
most everything without knowing the syntactic or semantic role

of X . Some previous studies, therefore, have incorporated lin-
guistic knowledge into formally syntax-based models, to con-
straint the over-generation of non-terminals and obtain com-
pensated and augmented performance. For example, [6] used
a hard constraint approach by directly using explicit treebank
categories to annotate phrase pairs. [7], instead, used a soft
constraint method, by inducing a set of latent categories to cap-
ture the syntactic dependencies, and deriving a real-valued fea-
ture vector for each X non-terminal of an SCFG rule based on
the distribution of the latent categories. However, one disad-
vantage of this method is that it highly relies on a parser which
could be inefficient during decoding. A workshop1 at John Hop-
kins University (JHU) also addressed this over-generation prob-
lem by classifying the non-terminal X into sub-categories, i.e.,
X1, X2, . . . , XN , according to the classification of neighbour-
ing contexts. The categories encode the syntactic role of the
phrase pairs. A nonparametric Bayesian model based on hierar-
chical Pitman-Yor processes [8] was used for the unsupervised
category induction.

Similar to [7] and the work at the JHU workshop, we try
to alleviate the over-generation of non-terminals Xs in SCFG
rules. The idea is that we learn distributions for non-terminals
in SCFG rules from topic models, which encodes the semantic
role of what X represents given a training corpus. This method
has some advantages comparing to previous work. Unlike [7]
which set some soft constraints using knowledge from a parser,
we in this paper avoid the usage of a parser, but use topic models
to induce the latent categories (topics). Unlike the work at the
JHU workshop which largely increases the models size and con-
sequently slows down the decoding by using more categories
forX , we differentiate the semantic roles ofX using the classi-
fication property of topic models over the latent topic simplex.
Another difference is that we directly classify the phrase pairs
that X represents given a training corpus using topic models,
rather than the neighbouring contexts in the JHU workshop. Fi-
nally, this work addresses the over-generation problem ofX for
SCFG rules at the semantic level.

2. Probabilistic Topic Models
Topic models, which have received a growing interest in the
machine learning community, aim to find a latent representation
connecting documents and words — the topic. In a topic model,
words in a document exchangeably co-occur with each other
according to their semantics, following the “bag-of-words” as-
sumption.

Suppose there are D documents in the corpus, and W

1http://www.clsp.jhu.edu/workshops/ws10/
groups/msgismt/
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words in the vocabulary. Each document d = 1, . . . , D in
the corpus is represented as a mixture of latent topics, with
the mixing proportions over topics denoted by θd. Each topic
k = 1, . . . ,K in turn is a multinomial distribution over words
in the vocabulary, with the vector of probabilities for words in
topic k denoted by φk.

Latent Dirichlet allocation (LDA) [9] is a three-level hierar-
chical Bayesian model, which pioneered the use of the Dirichlet
distribution for latent topics. That is, the topic mixture weights
θd for the dth document are drawn from a prior Dirichlet distri-
bution with parameters α,π:

P (θd|απ) =
Γ(

∑K
i=1 απi)∏K

i=1 Γ(απi)
θαπ1−1
1 . . . θαπK−1

K (2)

where K is the predefined number of topics in LDA, Γ is the
Gamma function, απ = {απ1, . . . , απK} represents the prior
observation counts of theK latent topics withαπi > 0: π is the
corpus-wide distribution over topics, and α is called the concen-
tration parameter which controls the amount of variability from
θd to their prior mean π.

Similarly, Dirichlet priors are placed over the parameters
φk with the parameters βτ . We write:

θd|π ∼ Dir(απ) (3)
φk|τ ∼ Dir(βτ ) (4)

The generative process for words in each document is as
follows: first draw a topic k with probability θdk, then draw a
word w with probability φkw. Let wid be the ith word token
in document d, and zid the corresponding drawn topic, then we
have the following multinomial distributions:

zid|θd ∼ Mult(θd) (5)
wid|zid,φzid ∼ Mult(φzid) (6)

the main objectives of inference in LDA are to find (1)
the word distribution P (w|zi,β) for each topic zi, and (2) the
topic distribution P (θ|α) for each document. Since exact in-
ference for the posterior distributions in LDA is intractable, a
wide variety of approximate inference algorithms can be used
for LDA, including variational methods [9], and Markov-chain
Monte Carlo (MCMC) methods such as Gibbs sampling [10]
and collapsed Gibbs sampling [11].

Hierarchical Dirichlet process (HDP) [12] is a Bayesian
nonparametric model that is useful to model multiple groups
of data in which each group of data is associated with an un-
derlying parameter and these parameters are shared together
across groups. By using a nonparametric prior called Dirich-
let process [13], the HDP is capable of automatically inferring
the number of topics from the data.

3. Topic Modeling for SCFG Rules
The process for automatically extracting SCFG rules from train-
ing data in a hierarchical phrase-based translation is as fol-
lows [2]. First we extract bilingual phrase pairs, denoted as
BP , from the union of bidirectional word-level alignments [14].
Each phrase pair PP ∈ BP is represented as a production rule
X → 〈f ji , elk〉. Next, we loop through each phrase pair PP and
generalize the sub-phrase pair contained in PP, denoted as SPe
and SPf subject to SP = (SPf , SPe) ∈ BP , with co-indexed
non-terminal symbols X . We thereby obtain a new rule.

During rule extraction, we recursively replace sub-phrase
pairs to obtain SCFG rules. For a rule R, it can be extracted

from different bilingual phrase pairs. This means the non-
terminal X in a given rule R can represent different but lim-
ited word sequences based on a given training corpus. During
decoding, however, we apply the rule R without knowing the
syntactic or semantic role of the word sequence that X repre-
sents. To solve this mismatch problem, we use topic models
to learn the information about what X of a rule R can repre-
sent given a training corpus in a probabilistic way. The detailed
steps are as follows:

1. During rule extraction, we collect the sub-phrases that
represented/replaced by non-terminalX from each bilin-
gual phrase pair, and put these sub-phrases together as
a “bag-of-words” document for each non-terminal rule.
For rules with two non-terminals, we collapse the two
word sequences, one for each non-terminal. Each dis-
tinct rule has a corresponding document.

2. We apply topic models over these exchangeable docu-
ments and carry out the inference. In this paper, we use
latent Dirichlet allocation [9] for topic modeling.

3. After convergence, we obtain a multinomial distribution
θr = {θr1, . . . , θrK} over K topics for each distinct rule
r. Each topic φk = {φkw1 , . . . , φkwn} in turn is a
multinomial distribution over the vocabulary. The K
topics are shared by all rules.

4. Using as Static Features
We describe how we derive static features for the source side,
denoted as FS , based on the distributions. A rule with the
same source side Er may come from different phrase pairs
PP r1 , . . . , PP

r
m, by replacing word sequences sr1, . . . , srm as

a non-terminalX in the source side respectively. We denote the
instances of these unmerged rules as rE1 , . . . , rEm. They have
corresponding distributions {θr,φ} from topic models to rep-
resentX . We can therefore calculate a probability of how likely
each sri ∈ {sr1, . . . , srm} is generated by the distributions in
rEi ∈ rE1 , . . . , rEm:

P (sri |θr,φ) =

J∏

j=1

K∑

k=1

θrk · φkwj/J (7)

where J is the number of words in sri . We treat P (sri |θr,φ)
as a pseudo-count for rEi . By normalizing these pseudo-counts
according to different target side of rEi , we can obtain features
based on the source side for each distinct rule. For phrasal rules,
we simply set the features to a fixed value, e.g., 1.0.

Intuitively, the idea is that we re-evaluate how good it is to
extract a candidate rule from a phrase pair during rule extrac-
tion, by globally considering what X in the candidate rule can
represent.

The similar approach can be applied to obtain features from
the target side, denoted as FT .

Translation using SCFG grammars for an input sentence E
is casted as to find the optimal derivation on the source and tar-
get sides (as the grammar is synchronous, the derivations on
source and target sides are identical). That is, the goal of de-
coding is to search for the best derivation D that maximizes the
following log-linear model over all possible derivations:

P (D) ∝ PLM (e)λLM×
∏
i

∏
X→〈γ,α〉∈D φi(X → 〈γ, α〉)λi , (8)
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where the set of φi(X → 〈γ, α〉) are features defined over
given production rule, and PLM (e) is the language model score
on hypothesized output, the λi is the feature weight. A bottom-
up CKY parser is widely used for decoding.

We can easily incorporate the features from topic models in
the discriminative translation framework in Equation 8.

5. Experiments and Results
We conduct experiments on three corpora: Chinese-to-English
on IWSLT 2006, English-to-Chinese on internal data, and
English-to-German on Europarl. The statistics of the corpora
is shown in Table 1.

Table 1: The statistics of the three corpora.
Task #Train #Dev #Test #Ref

IWSLT F2E 39,953 489 500 7
Chinese E2F 482,017 1,378 1,377 1
Europarl E2F 296,999 1,000 1,000 2

The baseline system we used in this paper is a state-of-the-
art formally syntax-based translation system, as described in de-
tail in [15]. The baseline system has seven basic features includ-
ing four rule and lexicalized translation probabilities plus three
discounting features. We used 4-gram language models with
modified Kneser-Ney smoothing [16] for all the three tasks.
Minimum-error-rate training (MERT) [17] was carried out to
optimize the feature weights on the dev set.

We used the implementation by [9]2 for topic modeling.
We initialized the LDA models with 30 topics for IWSLT data,
and with 40 topics for both the internal Chinese corpus and the
EUROPARL corpus. The inference scheme is variational infer-
ence. The hyperparameters are automatically estimated along
with the topic distributions.

We evaluated the effect of features from the source side
(FS) and the target side (FT ) respectively for each of the three
corpora.

Table 2 shows the results in BLEU [18] on the three cor-
pora. We observe some gains in BLEU using the additional
static features from topic models. We note that the proposed
method for alleviating the over-generation problem in this pa-
per is not resource intensive — we append only static features
for each SCFG rules which does not significantly increase the
decoding time. We can combine the features with the tuned
weights, and store one single pre-computed feature value for
each SCFG rule in the model.

Table 2: The BLEU results. The results on Europarl are based
on models without monotone rules. The bracket indicates if the
features are from the source side (FS) or the target side (FT ).

Task Baseline +Feature ∆

IWSLT Dev 21.61 21.86 (FT ) 0.25
Test 21.74 22.45 (FT ) 0.71

Chinese Dev 46.88 47.34 (FS) 0.46
Test 45.42 45.88 (FS) 0.46

Europarl Dev 16.50 16.81 (FT ) 0.31
Test 15.68 16.49 (FT ) 0.81

2http://www.cs.princeton.edu/˜blei/lda-c/
index.html

6. Discussion
In this paper we apply topic models over short documents, i.e.,
phrases. Basically, we can regard this as a classification prob-
lem for phrases on the continuous topical space. We found in
the experiments that we can obtain reasonable topics in this way.
Table 3 illustrates five example topics from the Chinese corpus,
each showing top 30 words with the corresponding probabilities
in the topic.

We also experimentally verified the effect of topic numbers
in LDA. It seems that topic numbers we set in the experiments
are reasonable — changing the number of topics within small
range does not change the translation performance much. The
HDP [12] claims the ability to automatically induce the number
of topics from the data. We used the implementation of the HDP
by [19]3, and confirmed that the topic numbers we set basically
match the induced numbers by the HDP.

There are two interesting follow-up work. Firstly, we can
use as dynamic features instead of static features introduced in
Section 4. Each distinct rule is associated with distributions
{θr,φ}. Using the distributions based on the source side FS ,
we can dynamically impose soft constraints during decoding.
Suppose we apply a rule r to an input span with word sequence
wj
i = {wi, . . . , wj}. Similar to Equation 7, we can compute

on the fly a feature for r as follows:

P (wj
i |θr,φ) =

j∏

n=i

K∑

k=1

θrk · φkwn (9)

Secondly, rather than applying topic models over “bag-of-
words” documents, we can first do a part-of-speech (POS) tag-
ging and then apply topic models over “bag-of-POSs” docu-
ments. We apply topic models over the source side and target
side to derive static features or dynamic features for each rule.

7. Conclusion
In this paper, we propose a simple method to alleviate the over-
generation problem of SCFG rules in hierarchical phrase-based
translation. By applying topic modeling over the document that
consists of all the phrases that X represents, we can learn dis-
tributions for each non-terminal X in SCFG rules. In this way,
we associate some semantic roles with X in an SCFG rule. By
further deriving static features as semantic constraints, we ob-
serve that using static features computed from topic models can,
to some extent, alleviate the over-generation problem, and im-
prove the performance of hierarchical phrase-based translation.
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