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Abstract

As MT approaches demand longer
context for better translation qual-
ity, the limitations of current lan-
guage modeling techniques become
explicit. The computational inabil-
ity to model the likelihood of longer
ngrams and the likelihood of their
usage in probabilistic manner, have
prevented us from exploring long
ngrams in MT. In this paper, we pro-
pose and investigate a new set of fea-
tures called occurrence based statis-
tics for machine translation that
overcome these limitations. Occur-
rence based statistics are obtained
by looking up the existence of se-
quence of lexical units (ngrams) in
huge human created language repos-
itories without actually dealing with
their probabilities. We also experi-
ment occurrence based statistics for
certain syntactic units like the head-
word chains (nchains). Our experi-
ments show that they correlate well
with translation quality and are use-
ful as discriminative features in clas-
sification too.

1 Introduction

Present day Statistical Machine Transla-
tion systems make extensive use of a Lan-
guage Model, built over a very large cor-
pus of the language. In particular Language
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Modeling is extensively used in the decod-
ing phase of Machine Translation systems for
the task of distinguishing between well formed
fluent translation hypotheses from the rest.
Although language models are effective in
handling disfluencies in translation that are
caused due to local reordering of lexical items,
they fail miserably when working with highly
divergent language pairs with global lexical
reordering. The main reason being that most
LMs used for MT are restricted to trigram
language models due to computational feasi-
bility.

Some MT groups are investigating the fea-
sibility of improving the capacity of language
models by accommodating longer ngrams
(Zhang and Vogel, 2005) (Callison-Burch et
al., 2005). Although this is promising, esti-
mating the probabilities with these LMs of
long phrases requires vast computational re-
sources. Google, for example, uses an im-
mense distributed computer farm to work
with 6-gram LMs. Many researchers will not
be able to afford to compute these LMs or at
least use them in their systems.

Even with long ngrams statistical LMs it is
not completely clear, how we would overcome
the problem of low likelihood of long ngrams .
For example during the decoding phase a hy-
pothesis that has high probability calculated
from individual smaller units of ngrams is fa-
vored over other hypotheses, although con-
sisting of long ngrams with low likelihood
probability. Studies show that there are a
lot of sentences quite below in the nbest lists



formed as intermediate outputs during the de-
coding, which have better hypotheses than
the highly likely chosen one and reranking of
the nbest hypotheses is frequently performed
to improve translation quality (Shen et al.,
2004).

This has motivated us to look at the prob-
lem of language modeling as merely a discrim-
inative method that returns a binary score
of the validity of a sequence of lexical units.
We propose that long sequences of words can
be used as discriminative features without di-
rectly modeling their probability, by deter-
mining whether a given sequence of n words
has ever been seen in large corpora of raw
human-authored text. This can be done us-
ing IR methods against vast monolingual text
collections, and ultimately, it may be com-
putationally feasible to execute such queries
over the entire web, or a local snapshot of the
web. These features are what we call "oc-
currence based statistics”. Occurrence based
statistics are obtained by looking up the ex-
istence of sequence of lexical units (ngrams)
in huge human created language repositories
without actually dealing with their probabil-
ities. We also experiment occurrence based
statistics for certain syntactic units like the
headword chains (nchains).

The rest of the paper is organized as fol-
lows. In section 2 we discuss some related
work that motivates and is related to our ap-
proach. Section 3 discusses language model-
ing and issues when applied in Machine Trans-
lation. Section 4 discusses the proposed set
of features in details. Section 5 discusses the
framework for extracting such features on a
large scale. Section 6 discusses how syntax
features can be introduced in our framework.
Section 7 discusses the experiments and re-
sults in detail. We conclude by discussions
and future work.

2 Related Work

To our knowledge an investigation of occur-
rence based statistics for machine translation
has not been pursued so far and there is rela-
tively less prior work. Web-ngrams proposed
by Kevin Knight (Koehn and Knight, 2003)

have been used for NP translation. In a dif-
ferent scenario, Dan Giledia and others ex-
plored the discriminative nature of syntactic
features like headword chains in the context
of MT Evaluation. We propose occurrence
based features of ngrams and other syntactic
units as a more convenient and effective way
for modeling language.

3 Language Modeling and
Problems for MT

Language modeling aims to capture lan-
guage as a probabilistic distribution and uses
it elsewhere to distinguish between a proba-
ble sentence in the language from a very im-
probable one. Statistical approaches to MT
have relied on language models to prune the
gigantic search space encountered in the pro-
cess of decoding by maximizing the probabil-
ity of the final target translation based on pre-
computed probabilistic distributions.

The language models used by most if not
all of todays state-of-the-art MT systems are
traditional statistical ngram models. These
LMs were originally developed within the
speech recognition research community. MT
researchers later adopted these LMs for their
systems, often as is. The CMU-Cambridge-
SLM and SRI-LM toolkits, originally devel-
oped for speech, are broadly used to con-
struct the LMs used in most current MT sys-
tems. While there has been a large volume
of language modeling work within the speech
community, it has often been observed that
sophisticated LMs are unable to outperform
simple appropriately smoothed trigram LMs.
Also the phrase based machine translation
(Koehn et al) have shown that the likelihood
of longer ngrams or phrases being used in the
translation is quite low and so the computa-
tional complexity and space complexity out-
weights the improvement in translation qual-
ity due to long ngrams. Consequently, tri-
gram LMs are the most commonly used, not
only in speech, but also in MT. Although the
characteristics of the search space in MT is
fundamentally different than in speech, there
has not been much prior work in investigat-
ing the suitability of using trigram models for



MT. Whereas in speech, competing alterna-
tives are usually homonyms, with little se-
mantic relationship, and the time-linear or-
dering of the words results in hypotheses that
often follow basic syntax, the translation al-
ternatives in MT are often semantically re-
lated, and divergent syntax between source
and target languages often results in highly
mis-ordered ungrammatical and disfluent hy-
potheses.

4 Occurrence Based Statistics as
Features

Traditional statistical language models aim
to assign a probability to a given sequence
of words that is reflective of its relative like-
lihood in the language. Reliably estimat-
ing such probabilities however is a challeng-
ing task. LMs that use longer ngram histo-
ries hope to derive better estimates, but face
harsh issues of training data sparsity, and re-
quire vast computational resources for storing
and retrieving the ngram counts and probabil-
ities. The basic MT search scenario, however,
does not inherently require exact probabili-
ties of strings. What is needed is a source
of information that can reliably identify word
sequences that are grammatical in the target
language, and that can distinguish such se-
quences from among the large number of al-
ternative word sequences hypothesized by the
MT system that are ungrammatical.

This observation inspired us to look at
the problem differently. Sequences of words
that have been observed to occur in human-
authored texts can be assumed to be gram-
matical by nature. On the other hand, the
grammaticality of word sequences that can-
not be found in human-produced texts is un-
known. It is possible that they are ungram-
matical. Its also possible that a human sim-
ply never produced this exact sequence. Poor
translations produced by MT systems com-
monly violate correct word and phrase or-
der. Consequently, many word sequences
from such translations are ungrammatical,
and will not have occurred in human-authored
text. More grammatical translations, how-
ever, will contain more grammatical word se-

quences that are therefore more likely to be
found in human-authored text. This bias sug-
gests that occurrence statistics for reasonably
long word (ngram) sequences can in fact serve
as good discriminators between good and bad
translations. ngrams that are too long, how-
ever, are unlikely to have been observed, and
ngrams that are too short may not discrimi-
nate effectively. We conjecture that there ex-
ists a middle range of ngram orders which can
provide us with discriminative information.

In general, ngram level occurrence based
statistics can be computed as -

OBS(n) =) fgi)

kesS
S = {units of size n}

_ | 1 if present in corpus
fk) = { 0 otherwise

The metrics that we propose in this pa-
per are occurrence based statistics of sub-
sentential and sub-structural elements in a
huge monolingual corpus. These metrics are
inspired from the roots of MT Evaluation re-
search, where a sentence is judged of high
translation quality by the occurrence of frag-
ments in the reference human translation. In
fact the state of the art evaluation approaches
use intelligent ways to calculate these overlaps
by using syntactic measures (Liu and Gildea,
2005). When such reference translations are
not available.

5 Infrastructure for Computing
OBS Features

The basic phases in computing occurrence
statistics are two. First is the construction of
large databases of feature statistics that are
acquired and calculated over large amounts
of grammatical human-authored monolingual
data. Second are fast and efficient techniques
to perform lookup to obtain the statistics. In
this section we discuss in detail each of the
phases.



5.1 Data Creation

With the advent of various Language ini-
tiatives on the Internet, we find a plethora of
corpus available for various languages. For
some languages, there is more corpus that
can be handled by computers at this point in
time. The bottleneck seems to be the appa-
ratus and algorithms used by systems. There
is about 13TB word tokens on the internet,
but the largest possible Language model built
and used to describe English has only been 5
TB of data. Even though the data is publicly
available, it is still difficult for researchers to
make benefit of it due to the lack of compu-
tational resources. Only large companies like
”Google” have been . With intelligent algo-
rithms for language modeling (SALM toolkit)
major strides have been made, but we are still
far away from benefitting from the data avail-
able to us.

Universal Library Project ! at Carnegie
Mellon University is another rich source of hu-
man authored content. The aim of the project
is to accumulate in digital format all the hu-
man knowledge so far documented in print
media. It has a huge collection of literature
from various langauges. There are currently
200 thousand English books alone and many
books belonging to different languages. The
text content in it as opposed to the WWW is
more grammatical and formal. Such resources
can better be exploited to obtain reliable oc-
currence based statistics.

5.2 Lookup Techniques

The lookup function to retrieve the statis-
tics need to be quick and fast.

5.2.1

The suffix array data structure (Manber
and Myers, 1990) was introduced as a space-
economical way of creating an index for string
searches. The suffix array data structure
makes it convenient to compute the frequency
and location of any substring or ngram in a
large corpus. Abstractly, a suffix array is an
alphabetically-sorted list of all suffixes in a
corpus, where a suffix is a substring running

Suffix Array Lookup Technique

"http://www.ulib.org

from each position in the text to the end.
However, rather than actually storing all suf-
fixes, a suffix array can be constructed by cre-
ating a list of references to each of the suffixes
in a corpus. Figure 1 shows how a suffix array
is initialized for a corpus with one sentence.
Each index of a word in the corpus has a cor-
responding place in the suffix array, which is
identical in length to the corpus. This is fur-
ther sorted to form a list of the indices of
words in the corpus that corresponds to an
alphabetically sorted list of the suffixes.

Suffix arrays have been used as a super-
efficient data structure for scaling phrase
based SMT systems (Callison-Burch et al.,
2005). For our purpose we only use the suffix
array as an efficient string retrieval mecha-
nism.

5.2.2 Traditional Information
Retrieval Technique

Although Suffix Arrays is an effective data
structure for storing and handling large cor-
pora, the space complexity might quickly be-
come unmanageable when scaling to the ter-
abyte or petabyte corpora that we might want
to use in future. Since better occurrence
based statistics can be obtained by looking at
large volumes of corpora. The other concern
is that it is not completely straightforward to
incorporate syntactic information or extend
the occurrence based statistics to handle gen-
eralizations at various level.

For this we explore the feasibility of tra-
ditional Information Retrieval methods that
already are famous for scaling to terabytes of
data at economical costs of complexity. Also
recently some IR groups have been looking
at structured query languages for Informa-
tion Retrieval task. Indri search engine (Met-
zler et al., 2004) built on top of the Lemur
toolkit 2 has been successful in indexing and
storing annotated data as well as providing
sophisticated retrieval languages that exploit
these syntactic annotations. For example In-
dri search engine facilitates queries like:

2www.lemurproject.org



The #any:country ambassador will be
visiting  #any:country in december

This is a #any:ADJ place

This will enable obtaining better occur-
rence based statistics on sparse data sets with-
out loss of generality. This could easily be ex-
tended to handle any level of generalizations
either at syntactic categories like named enti-
ties, part of speech etc or semantic categories.

6 Syntax based Occurrence
Statistics

In addition to the information that can be
gathered from surface words, we hypothesize
that statistics about deeper linguistics phe-
nomena gathered at the syntactic and seman-
tic level also have discriminative powers. The
idea discussed in section 2.1 can be naturally
extended to deeper linguistic levels. For ex-
ample, instead of looking for the occurrence
of a long ngram sequence (from a translation
candidate) in a human-produced corpus, we
might look for the occurrence of a parse-tree
fragment. If we have never seen a particular
syntactic construct proposed by a translation
candidate in a large treebank of well-formed
English sentences, there is a good chance that
the proposed construction is not grammatical.

The potential benefit of using linguistic
features as discriminators is that they are
a more restrictive model of grammaticality
judgments than word statistics (i.e., in addi-
tion to co-occurrence, words must form the
right relationship). A major challenge is
that this approach faces a more serious data
sparsity problem. Another challenge is that
most off-the-shelf NLP applications are not
intended to process ungrammatical sentences
such as those produced by translation sys-
tems. With respect to the first challenge,
we focus on capturing head-modifier relation-
ships with our features instead of full argu-
ment frames. With respect to the second chal-
lenge, we perform direct structural compar-
isons between a translation sentence against

a model of well-formed English sentences in-
stead of using parse tree probabilities as fea-
tures. Similar to the argument made earlier
for matching long ngrams instead of trusting
standard language modeling scores, we believe
that features that verify the existence of parse
fragments will be more indicative of the gram-
maticality of the translation sentence.

6.1 Headword Chains

A headword chain is a sequence of words
which corresponds to a path in the depen-
dency tree. In order to extract headword
chains we first parsed the sentences using a
dependency parser (McDonald et al., 2005)
to obtain a dependency tree. From the de-
pendency tree, all possible headword chains of
different orders were extracted which is basi-
cally all possible paths starting from any node
in the tree to the root node. The original dis-
tribution of the parser is trained only on a
subset of the Penn Tree Bank (Marcus et al.,
1994) and so we retrained the parser on the
entire Penn Tree Bank corpus.

Optionally, a full constituent parser can
also be used to obtain a syntactic tree and
then obtain a dependency tree from it. De-
pendency trees can be obtain from syntactic
constituent trees by applying the determin-
istic headword extraction rules used by the
Yamada and Matsumoto (Yamada and Mat-
sumoto, 2003) or other available tools like
Penn2Malt 3

ate

il

boy

4

the

apple

a

green

Figure 1: Dependency Tree

The dependency tree is a kind of structure
constituted by headwords and the top node
is the root headword and every subtree rep-

resents the modifier information for its root

3http://w3.msi.vxu.se/ nivre/research/Penn2Malt.html



headword. For example, the dependency tree
in the syntax tree in Figure 1 corresponds
to a sentence ”The boy ate an green apple”.
The ngrams corresponding to order '1’ are all
the unigrams or the individual words. The
2grams in the sentence are "the boy”, ”ate
an”, ”green apple”, "boy ate” and ”an green”.
Similarly the higher order ngrams can be enu-
merated. The maximum order of ngrams in
this sentence is a 6gram which is the entire
sentence.

Similarly for the same example the head-
word chain information is as follows. To
draw correspondence easily we name these as
nchains. So the 1chain are all the individual
headwords which is all the nodes in the depen-
dency tree. A 2chain is a sequence of words at
any two nodes - a parent and a sibling. The
2chains in the above example are ”the boy”,
"boy ate”, "a apple”, "green apple”, ”apple
ate”. Similarly the 3chains are ”the boy ate”,
”a apple ate”, "green apple ate”. There are
no 4chains in this particular example as the
depth of the tree is only 3.

7 Experiments

7.1 Data and Setup

For the data repository we collected the
source side of the Europarl corpus and in-
dexed it using the SALM toolkit (Zhang and
Vogel, 2006). We only use the retrieval ca-
pability of the toolkit and do not require the
language modeling capability of it. Since our
experiments were mainly targeted to provide
insight into occurrence based statistics both
at lexical level and syntactic level, we chose
the same amount of data for both the exper-
iments. As can be seen large corpus will re-
sults in a much broader coverage and aid in
better analysis of the features. However, run-
ning parsers on a large scale to obtain accu-
rate annotation data for a large scale of corpus
is time and resource consuming. We therefore
perform our experiment with 500K sentences
from the English side of the Europarl corpus.
A parsed version of the Europarl corpus was
obtained from (Univ of Edinburgh). We then
extracted the dependency tree structures from

the parsed corpus and extracted all possible
headword chains from the same.

Therefore our data repository consisted of
500K English sentences to extract lexical
occurrence based statistics from and 500K
parsed and headword chains extracted sen-
tences to obtain syntactic occurrence based
statistics from.

7.2 Features

The features extracted were of two kinds.
A set of lexical occurrence based statistics
and a set of syntactic occurrence based statis-
tics. As discussed in (SECTION 4) we con-
sider lexical occurrence based statistics at 7
levels starting from bigram, trigram to eight
grams. Similarly we consider syntactic occur-
rence based statistics at 7 levels, starting from
bichain, trichain to eight chains. Although
eight chains are quite sparse and most of the
extracted statistics at eight chains are zero,
primarily because the sentence from which we
extract does not contain a headword chain of
length 8, and even if it does, it is never seen
in the corpus that we perform lookups on.

7.3 Correlation with Goodness of
Translation

Automatic MT Evaluation is a major re-
search problem and has been addressed by
various research groups. The task is to com-
pare automatically the goodness of the trans-
lation which is usually judged by the ad-
equacy of the translation in conveying the
meaning of its source and the fluency of the
translation as per the target language. Au-
tomatic evaluation methods are still long way
from making a highly accurate judgement, al-
though metrics like BLEU (Papineni et al.,
2001) and METEOR (Banerjee and Lavie,
2005) calculate scores that highly correlate
with human output. In this experiment we do
not compare our correlation with the scores of
BLEU or METEOR.

The most important criterion for new fea-
tures that aim to improve quality of MT out-
puts is to bear some sort of correlation with
the quality of goodness of translation. In this
experiment we try to compare the Spearman



Type | Sysl | Sys2 | Sys3 | Sys4
2gram | 0.072 | 0.147 | 0.064 | 0.071
3gram | 0.091 | 0.221 | 0.53 | 0.023
4gram | 0.134 | 0.231 | 0.034 | 0.093
Sbgram | 0.344 | 0.391 | 0.138 | 0.170
6gram | 0.459 | 0.492 | 0.423 | 0.388
Tgram - 0.523 | 0.576 | 0.488
Table 1: Correlation of NGram occurrence

statistics with Fluency

Type | Sysl | Sys2 | Sys3 | Sys4
2chain | 0.085 | 0.196 | 0.132 | 0.060
3chain | 0.016 | 0.152 | 0.103 | 0.071
4chain | 0.253 | 0.450 | 0.244 | 0.205
5chain | 0.502 | 0.510 | 0.439 | 0.477
6chain | 0.519 - 0.569 | 0.538
7chain - - - -

Table 2: Correlation of Headword Chain oc-
currence statistics with Fluency

correlation of each of these extracted features
with the actual human judgements of "fluency’
and ’adequacy’. We believe that a score ob-
tained by some linear combination of these
features will have even higher correlation with
human judgements.

7.3.1 Fluency

A fluent sentence is one that is well-formed
grammatically, contains correct spellings, ad-
heres to common use of terms, titles and
names, is intuitively acceptable and can be
sensibly interpreted by a native speaker of En-
glish.

7.3.2 Adequacy

The judge is presented with the gold-
standard translation and should evaluate how
much of the meaning expressed in the gold-
standard translation is also expressed in the
output translation.

7.4 Syntax vs Lexical occurrence
based features

In order to explore the discriminative power
of each of the syntactic and lexical occurrence
based features, we trained individual classi-
fiers based on these features to classify hu-

Type | Sysl | Sys2 | Sys3 | Sys4
2gram | 0.123 | 0.161 | 0.131 | 0.044
3gram | 0.085 | 0.181 | 0.129 | 0.044
4gram | 0.156 | 0.184 | 0.142 | 0.068
S5gram | 0.373 | 0.329 | 0.266 | 0.124
6gram | 0.493 | 0.506 | 0.459 | 0.382
Tgram - 0.553 | 0.563 | 0.534

Table 3: Correlation of NGram occurrence
statistics with Adequacy

Type | Sysl | Sys2 | Sys3 | Sys4
2chain | 0.158 | 0.164 | 0.173 | 0.163
3chain | 0.134 | 0.129 | 0.165 | 0.173
4chain | 0.376 | 0.381 | 0.209 | 0.192
Schain | 0.499 | 0.514 | 0.443 | 0.448
6chain - - 0.571 | 0.549
Tchain - - - -

Table 4: Correlation of Headword Chain oc-
currence statistics with Adequacy

man translated and machine translated out-
puts. We selected the same MT 2003 data of
2 systems and 2 human outputs. Out of the
919 sentences for each of the system, we se-
lected 400 sentences as training data and 200
sentences as testing data. Therefore the total
training data consisted of 1600 sentences out
of which 800 were human translated texts and
800 were from system translations. Similarly
the test data had equal number of human and
machine sentences. The results obtained are
as shown below.

From the experiment, it can be seen that
syntactic occurrence based statistics as fea-
tures have greater discriminative powers when
compared to pure lexical based occurrence
features. We realize that better feature se-
lection techniques and better scoring and fea-
ture combination functions will further im-
prove the discriminative classification capabil-
ities of the occurrence features in general.

8 Conclusion and Future Work

In this paper, we have proposed and in-
vestigated a new set of features called occur-
rence based statistics for machine translation.
Occurrence based statistics are obtained by



Features | Accuracy | Prec | Recall
NGrams 52.2% 56% 44%
NChains 69% 2% 48%

Table 5: Classification Evaluation

looking up the existence of sequence of lex-
ical units (ngrams) in huge human created
language repositories without actually dealing
with their probabilities. We have also exper-
imented occurrence based statistics for cer-
tain syntactic units like the headword chains
(nchains). Our experiments show that OBS
correlate well with translation fluency and ad-
equacy and are useful as discriminative fea-
tures in classification task of identifying hu-
man translations and system translation from
a set of sentences. We have calculated the
OBS using a repository of 500K sentences
from Europarl corpus, which is quite limiting.
We would like to immediately scale this to a
Giga word corpus and then to the entire Uni-
versal Digital Library of texts. We will also
be experimenting with variations of Informa-
tion Retrieval datastructures and algorithms
that provide quick realtime retrieval for OBS.
Our primary goal is using these features as
a supplement to traditional language model-
ing to improving the decoding in a Statistical
Machine Translation system.
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