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Abstract. Unknown words are one of the key factors which drastically impact
the translation quality. Traditionally, nearly all the related research work focus
on obtaining the translation of the unknown words in different ways. In this paper, we propose a new perspective to handle unknown words in statistical machine translation. Instead of trying great effort to find the translation of
unknown words, this paper focuses on determining the semantic function the
unknown words serve as in the test sentence and keeping the semantic function
unchanged in the translation process. In this way, unknown words will help the
phrase reordering and lexical selection of their surrounding words even though
they still remain untranslated. In order to determine the semantic function of
each unknown word, this paper employs the distributional semantic model and
the bidirectional language model. Extensive experiments on Chinese-to-English
translation show that our methods can substantially improve the translation
quality.
Keywords: statistical machine translation, unknown words, distributional
semantics, bidirectional language model.

1

Introduction

In statistical machine translation (SMT), unknown words are the source language
words that are not seen in the training data and thus have no corresponding target
translations. The current SMT systems either discard the unknown words or copy
them literally into the output. It is well known that unknown words are a big hindrance which greatly influences the translation quality. This problem could be especially severe when the available bilingual data becomes very scarce.
A question arises that what kinds of negative impacts would the unknown words
cause? First and at least, we cannot get the meaning of the unknown words in the
target language. For instance, using our small-scale training data for Chinese-toEnglish translation, the Chinese word
is unknown in the test sentence “…
(to)
(court)
…”, thus we have no idea about the meaning of this word in the
English side. Second, the unknown words can negatively affect the lexical selection
and reordering of their surrounding words. Take the same Chinese sentence as an
example, if the Chinese verb
is kept untranslated in the output, we are likely to
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while the correct one is
to
obtain the wrong phrase reordering to the court
the court.
The conventional solution of unknown words is to find their target correspondence
with additional resources in different ways[3,5,6,13,16,18,19]. They use multilingual
data, web data or linguistic resources such as WordNet[17] to induce the translation
of unknown words. By doing this, they hope to solve the above two problems perfectly. However, most of these work only address some part of unknown words, such as
Named Entities[7,15], abbreviations[6,13], compounds[6] and morphological variants[2,9]. Therefore, many unknown words still remain untouched. Furthermore, for
the unknown words handled, their translation may not help the lexical selection and
reordering of the surrounding words because the translation is obtained from other
resources rather than the original bilingual training data from which translation rules
and reordering models are acquired. For example, even if a translation of the Chinese
word
is found (appeal for instance) with additional resources, SMT systems
have no idea about the reordering between to court and appeal because reordering
model is trained without any information about the source word
and its translation appeal.
From the above analysis, we know that finding translation of unknown words
needs additional resources and only some part of them can be well handled. Moreover, the translations obtained from additional resources are not consistent with the
original training data and fail to guide the lexical selection and reordering of surrounding words. As we can see that, it is very difficult to obtain the correct translation
of unknown words and meantime well guide lexical selection and reordering of surrounding words.
In this paper, we take a step back and try to answer the question whether we can
solve the second problem of the unknown words without translating them. In other
words, rather than trying hard to get the target translation of unknown words, we aim
to handle the lexical selection and reordering of their surrounding words quite well
without any additional resources. Our main idea is based on the following assumption: the lexical selection and reordering of the surrounding words depend on the semantic function the unknown word servers as. The semantic function of a word
means the syntactic and semantic role the word plays in the sentence, and thus the
semantic function determines what context the word should take in source and target
language. In turn, we can say that two words are similar in semantic function if they
often take the similar context. With above assumption, to solve the lexical selection
and reordering of the surrounding words, we just need to determine the semantic
function of the unknown word. Using the context as a bridge, we can denote the semantic function of a word W by another word W’ which shares the most similar context with W. Therefore, the central idea of this paper is to find a known word having
the most similar semantic function with the unknown word. Our method consists of
three steps as follows:
First, we use the distributional semantic model and bidirectional language model
respectively to find an in-vocabulary word in original training data, which shares the
most similar context with the unknown word.
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Second, we replace the unknown word with the found in-vocabulary word and input the test sentence to the SMT system. Then, we obtain the translation output.
Third, we find the target language word in the output, which is translated by the invocabulary word, and replace it back with the unknown word. The unknown words in
the final output can still be handled with other approaches which aim to get their
translations.
For example, we have a Chinese sentence “… (is)
(about) …”
in which
is an unknown word that in fact means 6%. Using the proposed
model, we find that
(50%) in the training data takes the most similar context
. Then, we replace the unknown word with
with the unknown word
(50%) and the example sentence yields the translation “… is about 50% …” since
there is an entry “
||| about 50%” in the translation phrase table. At last,
we replace 50% back with the unknown word
resulting “… is about
….” It is easy to see that we obtain the correct reordering of the surrounding
words and it makes the translation more understandable.
We can see from the method that the first step is the most important. Thus, it is our
focus in this paper. We propose two approaches in the framework: distributional semantic model and bidirectional language model. Experiments show that, with appropriate constraints, the two models can find the in-vocabulary words sharing similar
semantic function with the unknown words and can much improve translation quality
as well.
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Related Work

In SMT community, several approaches have been proposed to deal with the unknown words. Nearly most of the related research work focus on finding the correct
translation of the unknown words with external resources. To translate all kinds of
unknown words, [5,20] adopted comparable corpora and web resources to extract
translations for each unknown word; [16,18] applied paraphrase model and entailment
rules to replace unknown words with in-vocabulary words using large set of additional bitexts or manually compiled synonym thesaurus WordNet. More research works
address some specific kind of unknown words, such as Named Entities (NEs), compounds and abbreviations. [1,7,15] utilized transliteration and web mining techniques
with external monolingual and bilingual corpus, comparable data and the web to find
the translation of the NEs. [13] presented an unsupervised approach to find the fullform representations for the unknown abbreviations. [9] translated the compound
unknown words by splitting them into in-vocabulary words or using translation templates. [6] proposed a sublexical translation method to translate Chinese abbreviations
and compounds. For translating highly inflected languages, several methods[2,11]
used morphological analysis and lexical approximation to translate unknown words.
However, almost all of the above works did not consider the lexical selection and
word reordering of the surrounding words when searching the correct translation of
the unknown words.
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[12] addressed the problem of translating numeral and temporal expressions. They
used manually created rules to recognize the numeral/temporal expressions in the
training data and replaced them with a special symbol. Consequently, both of the
translation rule extraction and reordering model training consider the special symbol.
In the decoding time, if numeral or temporal expression is found, it is substituted by
the special symbol so that the surrounding words can be handled properly and finally
the numeral/temporal expression is translated with the manually written rules. However, they only deal with numeral/temporal expressions rather than any kind of unknown words.
Totally different from all the previous methods, we do not focus on trying great effort to find translations for the unknown words with huge external resources. Instead,
we address the problem of the lexical selection and word reordering of the surrounding words caused by unknown words. In this paper, we consider all kinds of the
unknown words and apply the distributional semantic model and the bidirectional
language model to fulfill this task without any additional resources.

3

Distributional Semantic Model

Distributional semantics[4] approximates semantic meaning of a word with vectors
summarizing the contexts where the word occurs. Distributional semantic models
(DSM), such as LSA[10] and HAL[14], have proven to be successful in tasks that aim
at measuring semantic similarity between words, for example, synonym detection and
concept clustering[21]. DSM is effective to synonym detection when the corpus is
large enough. However, in our task, the training data is limited and the unknown
words in the test set are not equipped with rich contexts. Therefore, instead of obtaining the synonym of the unknown words, we take a step back to find the most appropriate word which has the similar semantic function with the unknown word with
DSM.
Next, we elaborate how to construct the DSM for our task and detail how to find
the in-vocabulary word which has the most similar semantic function with the unknown word.
3.1

Model Construction

As it is summarized in [4], the construction of the DSM usually includes seven steps:
1) linguistic pre-processing, 2) use term-document or term-term matrix, 3) choose
structured or unstructured context, 4) apply geometric or probabilistic interpretation,
5) feature scaling, 6) normalization, and 7) similarity calculation.
In the linguistic pre-processing, we first merge the source-side of training data TD
and evaluation data ED, resulting the whole monolingual data MD. Then, we segment
and POS (part-of-speech) tagging the monolingual data MD. In this paper, we just use
the surface form word as the target term and the context unit. The POS will be
adopted as a constraint when choosing the most appropriate in-vocabulary word for
each unknown word.
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After pre-processing, we construct a term-term matrix for our task. In the matrix,
each row is a vector denoting the context distribution for a target term and each column represents a context term. It is easy to see that both the number of rows and columns equals to the size of the vocabulary of MD. Suppose the size of vocabulary is N,
then the term-term matrix is N × N .
Then, we need to choose the specific context. In our work, each context term is
chosen if it occurs within a window of K words around the target term. We can distinguish left context from right context so as to make the context structured. Here, we
just utilize the unstructured context in order to avoid data sparseness. We will try
different window Ks in the experiments to find the best one.
To apply the simple similarity calculation, we adopt geometric interpretation and
consider the vector for a target word as a point in the vector space. In the following
two steps, we detail how to construct the vector Vtw for each target word tw.
For a vector Vtw , the ith element denotes the distribution probability of the ith vocabulary word as the context for the target word tw. Naturally, we can record the cooccurrence frequency for each context term and use it as the ith element. In order to
take the frequency of target word and context word into account, we adopt the association measures mutual information to do feature scaling. Suppose the occurrence
count of target word tw and context word cw is f tw and f cw , the co-occurrence count
of tw and cw is f fcw , and the total occurrence count of all words is f aw . Thus, the
Pointwise Mutual Information (PMI) between tw and cw is:
PMI ( tw, cw ) = log

p ( tw, cw )

p ( tw ) p ( cw )

(1)

f ×f
= log aw tcw
f tw × f cw

Therefore,

the

distributional

context

vector

Vtw = ( PMI ( tw, cw1 ) , , PMI ( tw, cwN ) ) .

Vtw

be

Then, we normalize each vector Vtw by its L2-norm, yielding the normalized
vector Vtwn .
Finally, we apply the cosine measure to calculate the similarity between two target
words tw and tw’, whose distributional context vectors are Vtwn and Vtwn ' respectively:

Sim ( tw, tw ') = cos ( tw, tw ')
=

Vtwn , Vtwn '
Vtwn × Vtwn '
2

= Vtwn ,Vtwn '

(2)
2
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In-vocabulary Word Search for Unknown Words

According to the evaluation data and training data, we can easily distinguish unknown
words from in-vocabulary words. Assume that the unknown words set is UWS and the
in-vocabulary words set is IWS. For each unknown word UW, our goal is to find the
most appropriate word IW * from IWS so that IW * has the most similar semantic
function with UW. With the similarity function defined above, we can use the following formula to meet our goal:

IW * = arg max Sim (UW , IW )

(3)

IW

However, we find that using this formula without any constraint usually cannot obtain
good results. Therefore, we require that the resulting in-vocabulary word IW * should
have the consistent part-of-speech with the unknown word UW. Accordingly, the
search formula will be:

IW * =

arg max

IW ∈{IW '| POS ( IW ') ∩ POS (UW ) ≠Φ}

Sim (UW , IW )

(4)

It should be noted that our final purpose is to improve the translation quality, but not
all of the found in-vocabulary words using formula (4) can guarantee good translation
with the context of the unknown word since they usually lack the corresponding
phrase entry in the translation phrase table. Thus, if the found in-vocabulary word
combining the context of the unknown word matches an entry in phrase table, it will
facilitate the lexical selection and word reordering of the surrounding words. For in(is)
(about) …”, an instance, in the example sentence “…
vocabulary word
is found using (4) for the unknown word
, and after
(about) …”. If there exists a
replacement the sentence becomes “… (is)
substring
has an entry “
||| about 50%” in the phrase table, it
leads to the correct reordering and word selection of the context. Therefore, in order
to guarantee good word reordering and lexical selection, we can further require that
any found in-vocabulary word, which combines the context of the unknown word,
should have an entry in phrase table.
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Bidirectional Language Model

In distributional semantic models, the context modeling does not address the word
order of the context and the conditional dependence between them. For example, if
the context and target word is cwl _ 4 cwl _ 3 cwl _ 2 cwl _1 tw cwr _1 cwr _ 2 cwr _ 3 cwr _ 4 with
window K=4, any word appearing in the window of the target word will be treated
equally without considering the word position. As a result, this model misses a lot of
important information.
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A question arises that how to use the context more effectively? In theory, the goal
of our task is to find the most appropriate in-vocabulary word for the unknown word
given the left and right context of the unknown word. It can be formulized as follows:

IW * = arg max P ( IW | cwleft , cwright )

(5)

IW

Now, let us focus on P ( IW | cwleft , cwright ) which models the probability distribution
of generating a word given the left and right context. However, this probability is
difficult to estimate because the condition is too strict. Following the n-gram probability estimation, we have two backoff ways for probability estimation: 1) back off to
concerning only the left context P ( IW | cwleft ) ; 2) back off to concerning only the

right context P ( IW | cwright ) . Then, we can take a step back and search the invocabulary word with the constraint combining the two backoff probabilities:
IW * = arg max P ( IW | cwleft ) P ( IW | cwright )

(6)

IW

It is easy to see that the first backoff probability P ( IW | cwleft ) can be modeled using
a forward n-gram probability where n equals to the context window K plus one. Thus,
we can just use the conventional n-gram probability estimation method to estimate the
backoff probability of generating each in-vocabulary word given the left context. We
name this backoff model the forward language model.
However, it is not intuitive to see how to estimate the second backoff probability
P ( IW | cwright ) . In contrast to the forward language model P ( IW | cwleft ) ,
P ( IW | cwright ) can be regarded as a backward language model. The difficulty lies in

how to estimate the backward language model. In practice, the backward language
model can be easily estimated through the reversion of the training sentence[22]. Take
the following sentence for example:

w1 w2  wi − 2 wi −1 wi wi +1 wi + 2  wm −1 wm

(7)

After reversion, the sentence will be:

wm wm −1  wi + 2 wi +1 wi wi −1 wi − 2  w2 w1

(8)

If we consider trigram language model, the forward trigram language model
p ( wi | wi −1 wi − 2 ) can be estimated using the original sentence (7) and the backward

trigram language model p ( wi | wi + 2 wi +1 ) can be estimated with the reversed sentence
(8). During the backward n-gram language probability calculation, we can apply the
same way to first reverse the test string.
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Therefore, we call the formula (6) using the forward and backward n-gram language model the bidirectional language model. Like the distributional semantic model, we can impose the same part-of-speech constraints on the objective searching
function (6) resulting the following formula:
IW * =

arg max

IW ∈{IW '| POS ( IW ') ∩ POS (UW ) ≠ Φ}

P ( IW | cwleft ) P ( IW | cwright )

(9)

Likewise, we can further require the obtained in-vocabulary word from (9) combing
the context of unknown word must have a corresponding entry in phrase table.
Compared with distributional semantic model, the bidirectional language model
can well model the word order and dependence among context words. In the following section, we first analyze how often we can find the correct in-vocabulary word
sharing the same semantic function with the unknown word. Then, we substitute the
found in-vocabulary words for the unknown words in test set and evaluate the effectiveness of these two models in SMT.

5

Experiments

5.1

Set-Up

Since the application environment of our model supposes the training data is relatively scarce1, we use the relatively small data set to test our proposed models. In this
experiment, we used the Chinese-English FBIS bilingual corpus consisting of 236K
sentence pairs with 7.1M Chinese words and 9.1M English words. We employed
GIZA++ and grow-diag-final-and balance strategy to generate the final symmetric
word alignment. We trained a 5-gram language model with the target part of the bilingual data and the Xinhua portion of the English Gigaword corpus. NIST MT03 test
data is adopted as the development set and NIST MT05 test data is employed as the
test set. We used the open-source toolkit Urheen2 for Chinese word segmentation and
POS tagging. POS of unknown words are predicted by the MaxEnt model. The test
set consists of 1082 sentences, and there are totally 796 distinct unknown words. According to the part-of-speech, the count distribution of the unknown words is: (NR,
273), (NN, 272), (CD, 122), (VV, 99), (NT, 14), (AD, 7), (JJ, 5), (OD, 2) and (M, 2).
5.2

Experimental Results

5.2.1
Accuracy of Semantic Functions
The proposed two models aim at finding the most appropriate in-vocabulary word that
has the most similar semantic function with the unknown word. However, the models
1

2

Our method can be applied in all the cases where there are unknown words in the test sentences. However, if the training data is relatively scarce and more unknown words exists, the
proposed approach can achieve bigger improvements. Note that the training data cannot be
too small so that most unknown words cannot find semantic similar in-vocabulary words.
http://www.openpr.org.cn/index.php/NLP-Toolkit-for-NaturalLanguage-Processing/
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cannot promise correct result for each unknown word. In this section, we investigate
the accuracy of the two models respectively.
Since there is no automatic method to measure the accuracy of the semantic function between any two words, we ask two native speakers of Chinese to evaluate the
accuracy manually. Table 1 and 2 give the statistics for the distributional semantic
model (DSM) and the bidirectional language model (BLM). Table 1 shows the results
of DSM model with different context window size and different constraints. Overall,
the accuracy of DSM model is not high. We believe that it is because the context of
the unknown word in test data is limited and the training data is not large enough.
Specifically, we can see that requiring the found in-vocabulary word should have an
entry in phrase table substantially outperforms the model only with POS constraint.
Furthermore, among different context windows, the size of 6 performs best. In a deep
analysis, we have found that the unknown words whose POS are NN and VV are the
main reason for the low accuracy.
Table 2 shows the manual results for the BLM model (trigram in both directions)
with different constraints. It is easy to see that the accuracy of the BLM model is
much better than that of the DSM model. We think this is due to the modeling of context word order and dependence between them in the BLM model. We also notice that
the model requiring the found in-vocabulary word should have an entry in phrase
table performs best and achieves the accuracy 77.6%.
Table 1. Manual evaluation results for DSM model with different context window size and
different constraints (only POS constrained and POS plus translation entry constrained)

window size
4
5
6
7

POS (accuracy %)
52.5
54.4
62.5
50.1

POS+Trans (accuracy%)
58.6
62.8
69.2
57.3

Table 2. Manual evaluation results for BLM model with different constraints

constraint
without POS
with POS
POS+Trans

Accuracy (%)
68.5
73.9
77.6

5.2.2
Translation Results
In this section, we evaluate the translation results of the DSM model and the BLM
model. We use the open-source toolkit Moses to conduct all the experiments. We
report all the results with case-insensitive BLEU-4 using shortest length penalty (main
metric) and NIST. We employ re-sampling approach to perform statistical significance test [8].
Table 3 gives the translation results using the DSM model with different context
window sizes and different constraints. The last line shows the performance of the
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baseline using default Moses. With only POS constraint, the DSM model with window 4 and 7 even degrades the translation quality. The reason is obvious since
Table 1 shows that their accuracy of semantic function is only around 50%. When
augmented with translation entry constraint, the model outperforms the baseline in all
different window sizes. The model with window 6 performs best and obtains an improvement 0.42 BLEU score over the baseline.
Table 4 illustrates the translation results of the BLM model with different constraints. We can see that the bidirectional language model can always obtain better
translation quality compared with the baseline. Specifically, the BLM model with the
POS constraint significantly outperforms the baseline by 0.54 BLEU score. And when
enhanced with translation entry constraint, the BLM model achieves the best performance and obtains an improvement of 0.64 BLEU score. The results have shown that
the BLM model is very effective to handle unknown words in SMT even though the
model is relatively simple.
Table 3. Translation results for DSM with different window sizes and constraints

window size
4
5
6
7
baseline

BLEU (%)
POS
29.53
29.86
30.02
29.66

BLEU(%)
POS+Trans
30.02
29.88
30.16
30.01
29.74

NIST
POS
8.2254
8.4487
8.4296
8.3724

NIST
POS+Trans
8.3592
8.3694
8.3910
8.4528
8.3139

Table 4. Translation results for BLM with different constraints

constraint
without pos
with pos
pos+trans
baseline

BLEU (%)
29.89
30.28
30.38
29.74

NIST
8.3885
8.4108
8.4659
8.3139

To have a comprehensive comparison, we have also conducted the experiments
with the forward language model and backward language model respectively. Table 5
and 6 give the translation results. The results in tables show that both forward language model and backward language model cannot outperform the bidirectional language model. The results also show that the forward language model performs better
Table 5. Translation results for forward language model with different constraints

constraint
without pos
with pos
pos+trans

BLEU (%)
29.65
29.98
30.21

NIST
8.2882
8.3900
8.4268
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Table 6. Translation results for backward language model with different constraints

constraint
without pos
with pos
pos+trans

BLEU (%)
29.67
29.82
30.15

NIST
8.3189
8.4127
8.4602

than the backward language model. It is consistent with the conclusion drawn by [22]
that forward language model is more effective than backward language model for
Chinese.

6

Conclusion and Future Work

This paper presents a new idea to handle the unknown words in statistical machine
translation from a new perspective. Instead of trying hard to obtain the translation of
the unknown words, this paper have proposed two new models to find the invocabulary words that have the most similar semantic function with the unknown
words and replace the unknown words with the found in-vocabulary words before
translation. Thus, by doing this, we can well handle the lexical translation and word
reordering for the context of the unknown words during decoding. The experimental
results show that the proposed distributional semantic model and the bidirectional
language model can both improve the translation quality. Compared with the distributional semantic model, the bidirectional language model performs much better. In the
future, we plan to explore more features to handle unknown words in SMT even better. Furthermore, we are going to figure out what is the case if a source-side monolingual large corpus is used for the distributional semantic model.
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