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Forewords

The 24th Conference on Computational Linguistics and Speech Processing (ROCLING 2012)
was held at Yuan Ze University, on September 21-22, 2012. ROCLING is the leading and most
comprehensive conference on computational linguistics and speech processing in Taiwan,
bringing together researchers, scientists and industry participants to present their work and
discuss recent trends in the field. This special issue presents extended and reviewed versions of
five papers meticulously selected from ROCLING 2012.

The first paper “Detecting and Correcting Syntactic Errors in Machine Translation Using
Feature-Based Lexicalized Tree Adjoining Grammars” proposes the use of tree adjoining
grammars (TAG) to simultaneously detect and correct multiple ungrammatical types for
machine translation. The second paper “TQDL: Integrated Models for Cross-Language
Document Retrieval” proposes a framework integrating four statistical methods: Translation
model, Query generation model, Document retrieval model and Length Filter model for
cross-language information retrieval (CLIR). The four independent methods work together to
deal with the term disambiguation, query generation and document retrieval. The third paper
“Domain Dependent Word Polarity Analysis for Sentiment Classification” explores the polarity
of words in the corpora from three different application domains: real estate, hotel and restaurant,
and then proposes a method to capture their sentiment differences. The fourth paper “Exploiting
Machine Learning Models for Chinese Legal Documents Labeling, Case Classification, and
Sentencing Prediction” discusses various interesting topics for Chinese legal document
processing such as robbery and intimidation case classification. The fifth paper “Speech
Recognition Leveraging Histogram Equalization Methods” uses a histogram equalization (HEQ)
method for speech feature normalization to reduce the word error rate in speech recognition.

The Guest Editors of this special issue would like to thank all of the authors and reviewers
for their contributions. We would also like to thank all the researchers and participants for
sharing their knowledge and experience at the conference.
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Detecting and Correcting Syntactic Errors in
Machine Translation Using Feature-Based

Lexicalized Tree Adjoining Grammars
Wei-Yun Ma*, and Kathleen McKeown*

Abstract

Statistical machine translation has made tremendous progress over the past ten
years. The output of even the best systems, however, is often ungrammatical
because of the lack of sufficient linguistic knowledge. Even when systems
incorporate syntax in the translation process, syntactic errors still result. To address
this issue, we present a novel approach for detecting and correcting ungrammatical
translations. In order to simultaneously detect multiple errors and their
corresponding words in a formal framework, we use feature-based lexicalized tree
adjoining grammars, where each lexical item is associated with a syntactic
elementary tree, in which each node is associated with a set of feature-value pairs
to define the lexical item’s syntactic usage. Our syntactic error detection works by
checking the feature values of all lexical items within a sentence using a unification
framework. In order to simultaneously detect multiple error types and track their
corresponding words, we propose a new unification method which allows the
unification procedure to continue when unification fails and also to propagate the
failure information to relevant words. Once error types and their corresponding
words are detected, one is able to correct errors based on a unified consideration of
all related words under the same error types. In this paper, we present some simple
mechanism to handle part of the detected situations. We use our approach to detect
and correct translations of six single statistical machine translation systems. The
results show that most of the corrected translations are improved.

Keywords: Machine Translation, Syntactic Error, Post Editing, Tree Adjoining
Grammar, Unification.

* Department of Computer Science, Columbia University, New York, USA
E-mail: {ma, kathy}@cs.columbia.edu
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1. Introduction

Statistical machine translation has made tremendous progress over the past ten years. The
output of even the best systems, however, is often ungrammatical because of the lack of
sufficient linguistic knowledge. Even when systems incorporate syntax in the translation
process, syntactic errors still result. We have developed a novel, post-editing approach which
features: 1) the use of XTAG grammar, a rule-based grammar developed by linguists, 2) the
ability to simultaneously detect multiple ungrammatical types and their corresponding words
by using unification of feature structures, and 3) the ability to simultaneously correct multiple
ungrammatical types based on the detection information. To date, we have developed the
infrastructure for this approach and demonstrated its utility for agreement errors.

As illustrative examples, consider the following three ungrammatical English sentences:

1. Many young student play basketball.
2. John play basketball and Tom also play basketball.
3. John thinks to play basketball.

In 1 and 2 above, number agreement errors between the subjects and verbs (and
quantifier) cause the sentences to be ungrammatical, while in 3, the infinitive following the
main verb makes it ungrammatical. One could argue that an existing grammar checker could
do the error detection for us, but if we use Microsoft Word 2010 (MS Word)’s grammar
checker (Heidorn, 2000) to check the three sentences, the entire first sentence will be
underlined with green wavy lines without any indication of what should be corrected, while no
errors are detected in 2 and 3.

The grammar we use is based on a feature-based lexicalized tree adjoining grammars
(FB-LTAG) English grammar, named XTAG grammar (XTAG group, 2001). In FB-LTAG,
each lexical item is associated with a syntactic elementary tree, in which each node is
associated with a set of feature-value pairs, called Attribute Value Matrices (AVMs). AVMs
define the lexical item’s syntactic usage. Our syntactic error detection works by checking the
AVM values of all lexical items within a sentence using a unification framework. Thus, we
use the feature structures in the AVMs to detect the error type and corresponding words. In
order to simultaneously detect multiple error types and track their corresponding words, we
propose a new unification method which allows the unification procedure to continue when
unification fails and also to propagate the failure information to relevant words. We call the
modified unification a fail propagation unification.
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2. Related Work

Grammar checking is mostly used in word processors as a writing aid. Three methods are
widely used for grammar checking given a sentence: statistic-based checking, rule-based
checking and syntax-based checking. In statistic-based checking, POS tag sequences (Atwell
& Elliot, 1987) or an N-gram language model (Alam et al., 2006; Wu et al., 2006) is trained
from a training corpus and uncommon sequences in the training corpus are considered
incorrect. Huang et al. (2010) extracted erroneous and correct patterns of consecutive words
from the data of an online-editing diary website. In rule-based checking, a set of hand crafted
rules out of words, POS tags and chucks (Naber, 2003) or parsing results (Heidorn, 2000) are
designed to detect errors. In syntax-based checking, Jensen et al. (1993) utilize a parsing
procedure to detect errors: each sentence must be syntactically parsed; a sentence is
considered incorrect if parsing does not succeed.

Focusing on machine translation’s grammar checking, Stymne and Ahrenberg (2010)
utilized an existing rule-based Swedish grammar checker, as a post-processing tool for their
English-Swedish translation system. They tried to fix the ungrammatical translation parts by
applying the grammar checker’s correction suggestions. In contrast of their using an existing
grammar checker, we developed our own novel grammar checker for translated English in
order to better controlling the quality of error detection, error types, and the directions of error
correction in translation context.

Our approach is a mix of rule-based checking and syntax-based checking: The XTAG
English grammar is designed by linguists while the detecting procedure is based on syntactic
operations which dynamically reference the grammar. The work could be regarded as an
extension of (Ma & McKeown, 2011), in which grammatical error detection based on XTAG
English grammar is carried out to filter out ungrammatical combined translations in their
framework of system combination for machine translation. In contrast of (Ma & McKeown,
2011), our approach is not only capable to detect grammatical errors, but also has the
capability of identifying error types and errors’ causes, and correcting certain cases of errors.

3. Background

We briefly introduce the FB-LTAG formalism and XTAG grammar in this section.

3.1 Feature-Based Lexicalized Tree Adjoining Grammars

FB-LTAG is based on tree adjoining grammar (TAG) proposed in (Joshi et al., 1975). The
TAG formalism is a formal tree rewriting system, which consists of a set of elementary trees,
corresponding to minimal linguistic structures that localize the dependencies, such as
specifying the predicate-argument structure of a lexeme. Elementary trees are divided into
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initial and auxiliary trees. Initial trees are those for which all non-terminal nodes on the
frontier are substitutable, marked with “ | ” . Auxiliary trees are defined as initial trees,
except that exactly one frontier, nonterminal node must be a foot node, marked with “*”, with
the same label with the root node. Two operations - substitution and adjunction are provided
in TAG to adjoin elementary trees.

FB-LTAG has two important characteristics: First, it is a lexicalized TAG (Schabes,
1988). Thus each elementary tree is associated with at least one lexical item. Second, it is a
feature-based lexicalized TAG (Vijay-Shanker & Joshi, 1988). Each node in an elementary
tree is constrained by two sets of feature-value pairs (two AVMs). One AVM (top AVM)
defines the relation of the node to its super-tree, and the other AVM (bottom AVM) defines
the relation of the node to its descendants. We use Figl and Fig2® to illustrate the substitution
and adjunction operations with the unification framework respectively.

tr
br % % % tutr
AN = br
t tutr
Y Y tf
[ br b U bf
Figure 1. Substitution of FB-LTAG Figure 2. Adjunction of FB-LTAG

In Fig 1, we can see that the feature structure of a new node created by substitution
inherits the union of the features of the original nodes. The top feature of the new node is the
union of the top features of the two original nodes, while the bottom feature of the new node is
simply the bottom feature of the top node of the substituting tree. In Fig 2, we can see that the
node being adjoined into splits, and its top feature unifies with the top feature of the root
adjoining node, while its bottom feature unifies with the bottom feature of the foot adjoining
node.

3.2 XTAG English Grammar

XTAG English grammar (XTAG group, 2001) is designed using the FB-LTAG formalism,
released? by UPENN in 2001. The range of syntactic phenomena that can be handled is large.
It defines 57 major elementary trees (tree families) and 50 feature types, such as agreement,
case, mode (mood), tense, passive, etc, for its 20027 lexical entries. Each lexical entry is

! The two figures and their descriptions are based on the XTAG technical report (XTAG group, 2001)
2 http://www.cis.upenn.edu/~xtag/gramrelease. html
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associated with at least one elementary tree, and each elementary tree is associated with at
least one AVM. For example, Fig 3 shows the simplified elementary tree of “saw”.
“<number>" indicates the same feature value. For example, the feature — “arg_3rdsing” in
bottom AVM of root S should have the same feature value of “arg_3rdsing” in top AVM of
VP. In our implementation, it is coded using the same object in an object-oriented
programming language. Since the feature value of mode in top AVM of “S | ” is “base”, we
know that “saw” can only be followed by a sentence with a base verb. For example, “He saw
me do that” shown in Fig 4(a) is a grammatical sentence while “He saw me to do that” shown
in Fig 4(b) is an ungrammatical sentence because “saw” is not allowed to be followed by an
infinitive sentence.
[]

agr_3rdsing :< 3>
mode < 4 >

S
agr_3rdsing < 3>
agr_3rdsing :< 3> \ { mode < 4 > }
{ mode <4 > } NP | VP {agr_3rdsing :<1>}
[ ] mode < 2 >
{agr_Srdsing <1 >} /

mode < 2 > [mode : base]
agr_3rdsing : +/— Saw S \L []
mode :ind

Figure 3. Elementary tree for “saw”

=
«7‘~H
e T—
_,_,--""'_F -\_""‘--\_\_

S MP WP _
,-f"“/’7\qﬁ"‘“'--ﬂ | /\ |
MP VP . PREP “ED =

| RN
FRF VED g . He saw MNP WP
I EEVZAN AN
He s=saw MNP WP FRF TO WP
/\ IR VAN
PTF‘ WE MNP me to VB MP
me do D|T do DT
that th!at

Figure 4(a). Grammatical sentence of “saw” (b) Ungrammatical sentence of “saw”
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But if we look at the simplified elementary tree of “asked” shown in Fig 5, we can find
that “asked” can only be followed by a sentence with an infinitive sentence (inf). For example,
“He asked me to do that” shown in Fig 6(a) is a grammatical sentence while “He asked me do
that” shown in Fig 6(b) is an ungrammatical sentence because “asked” is not allowed to be
followed by a sentence with a base verb.

[]

agr_3rdsing i< 3>
[ mode < 4> S agr_3rdsing <3>
mode <4 > }
agr_3rdsing <3 > / \ agr_3rdsing <1l>
[ mode<4> Npi p mode < 2> }

{agr - 3rdsing <1>

mode:< 2> asked NP [l S i[mOde "
{agr_3r((j:|i19 d+/ } []

Figure 5. Elementary tree for “asked”

I/\

NF‘ WP — /T\ T
| | NP .
FRP WEBD MNP = . | /\\ |

] | PRP VBD NP
He asked PRP WP | | | |

/\ He asked PRP VP

me TO WP | /\\
| /\\ me “B MNP

to VB MP | |
| | do DT
cdo DT |
i Lt that
;

Figure 6(a). Grammatical sentence of “asked”(b) Ungrammatical sentence of “asked”
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4. Syntactic Error Detection

Our procedure for syntactic error detection includes 1. decomposing each sentence hypothesis
parse tree into elementary trees, 2. associating each elementary tree with AVMs through
look-up in the XTAG grammar, and 3. reconstructing the original parse tree out of the
elementary trees using substitution and adjunction operations along with AVM unifications.

When unification of the AVMs fails, a grammatical error has been detected and its error
type is also identified by the corresponding feature in the AVM. In order to simultaneously
detect multiple error types and their corresponding words, we adjust the traditional unification
definition to allow the unification procedure to continue after an AVM failure occurs and also
propagate the failure information to relevant words. We call the modified unification fail
propagation unification.

Each step is illustrated in this section.

4.1 Decomposing to Elementary trees

Given a translation sentence, we first get its syntactic parse using the Stanford parser (Klein &
Manning, 2003) and then decompose the parse to multiple elementary trees by using an
elementary tree extractor, a modification of (Chen & Vijay-Shanker, 2000). After that, each
lexical item in the sentence will be assigned one elementary tree. Taking the sentence —
“Many young student play basketball” as an example, its parse and extracted elementary trees
are shown in Fig 7 and Fig 8, respectively. In Fig 8, the arrows represent relations among the
elementary trees and the relations are either substitution or adjunction. In this example, the
two upper arrows are substitutions and the two bottom arrows are adjunctions.

S

,/\

JJ JJ NN VEP MNP

Many voung student play RIR

basketball

Figure 7. Parse of “Many young student play basketball”
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NP

many NP* young NP* student

Figure 8. The elementary trees of “Many young student play basketball” and their
relations

4.2 Associating AVMs to Elementary trees

Each elementary tree is associated with AVMs through look-up in the XTAG English
grammar. Using the same example of the sentence — “Many young student play basketball”, its
elementary trees, relations and one set of AVMs (simplified version) are shown in Fig 9. To
keep tracing what word(s) that a feature value relates to for the next step of reconstruction, we
design a new data structure of word set, named “word trace”. It is represented by “{...}” and
attached with each feature value except the value of “null”, such as “agr_num:pl{play}” in Fig
9.

{agr_m[ml <5 >} S

agr_num:<5>
mode < 6>

mode < 6>

[agr_nu?iii?l NP1 i VP {agr_num <3 1 NP

mode:< 4> []
\ / lagr_num:<75] |
agr_num:<3> .
moder<4> |play NP2 V1 [ #lagr_num:<7>] hasketball
agr_num : pl{play¥ [agr_num :sing{basketball}]
{ mode : ind{play} } e

NP

[
[agr_num : pi{many}] [agr_ num <1>] []
/ \[agr num : pl{many}] / \ [agr_ num <1>] [egr_num '<2>]|
[] many NP* !l [ young NP* [ [agr_num < 2] Student
[agr_num : pi{many}] [agr_num : sing{student}]

Figure 9. The elementary trees of “Many young student play basketball, their
relations and AVMs (simplified version).
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When we loop up the XTAG English Grammar, sometimes one elementary tree could
have multiple possible AVM associations. For example, for the verb “are”, one of its
elementary trees is associated with three different AVMs, one for 2nd person singular, one for
2nd person plural, and one for 3rd person plural. Unless we can reference the context for “are”
(e.g., its subject), we are not sure which AVM should be used in the reconstruction. So we
postpone this decision until later in the reconstruction process. At this point, we associate each
elementary tree with its all possible AVMs defined in the XTAG English Grammar.

4.3 Reconstruction Framework

Once the elementary trees are associated with AVMs, they will be used to reconstruct the
original parse tree through substitution and adjunction operations which are indicated during
the process of decomposing a parse tree to elementary trees. The reconstruction process is able
to decide if there is any conflict with the AVMs values. When a conflict occurs, it will cause
an AVM unification failure, referring to a certain grammatical error.

We already illustrated how substitution and adjunctions along with AVM unifications
work in section 3.1; one implementation complement is, once the original parse is constructed,
it is necessary to unify every node’s top and bottom AVMs in the constructed tree. This is
because, in XTAG grammar, most AVM values are assigned in the anchor nodes of
elementary trees and were not unified with others yet. This end step will assure that all related
AVMs are unified.

As we stated in Section 4.2, sometimes we are not sure which AVM association for one
elementary tree should be used in the reconstruction. So our strategy is to carry out
reconstruction process for all sets out of every elementary tree’s each possible AVM
association. We choose the set that causes the minimal grammatical errors as the detection
result.

4.4 Fail Propagation Unification

Our system detects grammatical errors by identifying unification fails. However, traditional
unification does not define how to proceed after fails occur, and also lacks an appropriate
structure to record error traces. So we extend it as follows:
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[f=x]{t} U [F=x]{t} => [f=x]{t:} union {t-} @)
[f=x]{t} U [f=null] =>  [f=x]{t.} (2)
[f=null] U [f=null]  => [f=null] 3)
[f=x]{t} U [f=y]{t} => [f=fail] {t:} union {t:} 4)
[f=fail] {t3 U [f=null]  => [f=fail] {t.} ()
[f=fail] {t3 U [f=y]{t} => [f=fail] {t.} union {t.} (6)
[f=fail] {t;} U [f=fail] {t} => [f=fail] {t;} union {t.} @)

Where f is a feature type, such as “arg_num”; x and y are two different feature values; U
represents the “unify” operation; t1 and t2 are word traces introduced in section 4.2. “fail” is
also defined as a kind of value.

(1)~(4) are actually traditional unification definitions except that the word trace union
operations and the characteristic of fail have been added. When a unification failure occurs in
(4), the unification procedure does not halt but only assigns f a value of fail and proceeds.
(5)~(7) propagate the fail value to the related words’ AVMs. We use the following two
unifications occurring in order in Fig 9’s adjoining operations to illustrate the procedure of fail
propagation unification:

[arg_num=pl]{many} U [arg_num=sing]{student}
=> [arg_num =fail]{many,student}

[arg_num=fail][{many, student} U [arg_num=pl]{play}
=> [arg_num =fail]{many,student,play}

By the feature value of “fail” and the word trace, we identify that there is an agr_num error
related to three words — “many”, “student” and “play”.

All AVMs in Fig 9 after unifications along with reconstruction operations are shown in
Fig 10.
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[arg_num=fail{many, student, play}]
S [arg_num="failfmany, student, play}]

[arg_num=fail{many, student, play}]

[arg_num=fail{many, student, play}] VP [arg_num=faimany, student, play}]

[arg_num=fail{many, student, play}|

v |arg_num="faimany,student, play}] Np [arg_num=sing{basketbal}]
play [arg_num=faifmany, student play}] basketball [arg_num=sing{basketball]

[arg_num=fail{many, student, play}]

[arg_num=faikmany,student play}] p NP, [arg_num= fail{many, student, play}]

[arg_num=faiKmany, student, play}] Many

[1A NP
[] young

[arg_num=fail{many, student, play}]
[arg_num=fail{many, student, play}]

NN [arg_num=fail{many, student, play}]
student [arg_num=fail{many, student, play}]

Figure 10. Reconstructed parse of the sentence- “Many young student play
basketball” after unifications with fail propagation

5. Syntactic Error Correction

Once error types and their corresponding words are detected, one is able to correct errors
based on an unified consideration of all related words under the same error types.

Given a set of related ungrammatical words, there are two tasks for the correction
process: which words should be corrected and how to correct them? To date, we have
developed the following simple mechanism to handle the agreement problem: First, the words
whose feature value is in the minority will be selected to be corrected. We call this
feature-value voting. Take the above example: “student” should be corrected since its
agr_num is “sing” and the other two words’ agr_num is “plural”. When facing cases of equal
votes, we tend to correct nouns if there are nouns.

Once the corrected words are selected, we replace them with their variations but with the
same elementary tree type, such as replacing the above “student” with “students.”

6. Experiment

Among the 57 major elementary trees and 50 feature types that XTAG defines, we have
implemented 26 major elementary trees and 4 feature types — agr_pers, arg_num, arg_3rdsing
and several cases of mode/mood at this point (The first three belong to agreement features.)
We apply our syntactic error detection and correction on 422 translation sentences of six
Chinese-English machine translation systems A~F from the DARPA Global Autonomous
Language Exploitation (GALE) 2008 evaluation. Every source sentence is provided along
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with four target references. The six systems are described in Table 1, and the results of
syntactic error detection for agreement and mode errors and correction for agreement errors
are shown in Table 2.

Table 1. Six MT systems

System name Approach
A | NRC phrase-based SMT
B | RWTH-PBT phrase-based SMT
C | RWTH-PBT-AML phrase-based SMT + source reordering
D | RWTH-PBT-JX phrase-based SMT + Chinese word segmentation
E | RWTH-PBT-SH phrase-based SMT + source reordering + rescoring
F | SRI-HPBT hierarchical phrase-based SMT

Table 2. The results of syntactic error detection and correction

Detected Corrected Bleu for all | Bleu forall | Bleu for Bleu for
sentences sentences sentences sentences corrected corrected
(arg error + | (arg error) (before) (after) sentences sentences
mode error) (before) (after)

A |23 9 32.99 32.99 26.75 27.80

B |23 14 27.95 27.97 22.08 23.03

C |18 7 34.40 34.41 32.13 32.67

D |25 14 32.96 32.99 31.49 32.17

E |30 11 34.64 34.68 29.31 30.61

F |18 8 34.13 34.14 29.15 28.83

From Table 2, even the overall Bleu score for all sentences is not significantly improved,
but if we take a close look at those corrected sentences for agreement errors and calculate their
Bleu scores, we can see the corrected translations are improved for every system except for
one (F), which shows the effectiveness and potential of our approach.

7. Conclusion

This paper presents a new FB-LTAG-based syntactic error detection and correction
mechanism along with a novel AVM unification method to simultaneously detect multiple
ungrammatical types and their corresponding words for machine translation. The mechanism
can also be applied to other languages if the grammar is well defined in the FB-LTAG
structure of certain languages.



Detecting and Correcting Syntactic Errors in 13

Machine Translation Using Feature-Based Lexicalized Tree Adjoining Grammars

While the basic design philosophy and algorithm are fully described in this paper, we are
continuing to implement more elementary trees and feature types defined in the XTAG
grammar, and we are extending our correction mechanism as our future work.
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TQDL.: Integrated Models for Cross-Language

Document Retrieval
Long-Yue WANG?*, Derek F. WONG*, and Lidia S. CHAO*

Abstract

This paper proposed an integrated approach for Cross-Language Information
Retrieval (CLIR), which integrated with four statistical models: Translation model,
Query generation model, Document retrieval model and Length Filter model.
Given a certain document in the source language, it will be translated into the
target language of the statistical machine translation model. The query generation
model then selects the most relevant words in the translated version of the
document as a query. Instead of retrieving all the target documents with the query,
the length-based model can help to filter out a large amount of irrelevant candidates
according to their length information. Finally, the left documents in the target
language are scored by the document searching model, which mainly computes the

similarities between query and document.

Different from the traditional parallel corpora-based model which relies on IBM
algorithm, we divided our CLIR model into four independent parts but all work
together to deal with the term disambiguation, query generation and document
retrieval. Besides, the TQDL method can efficiently solve the problem of
translation ambiguity and query expansion for disambiguation, which are the big
issues in Cross-Language Information Retrieval. Another contribution is the length
filter, which are trained from a parallel corpus according to the ratio of length
between two languages. This can not only improve the recall value due to filtering
out lots of useless documents dynamically, but also increase the efficiency in a
smaller search space. Therefore, the precision can be improved but not at the cost

of recall.
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In order to evaluate the retrieval performance of the proposed model on
cross-languages document retrieval, a number of experiments have been conducted
on different settings. Firstly, the Europarl corpus which is the collection of parallel
texts in 11 languages from the proceedings of the European Parliament was used
for evaluation. And we tested the models extensively to the case that: the lengths of
texts are uneven and some of them may have similar contents under the same topic,

because it is hard to be distinguished and make full use of the resources.

After comparing different strategies, the experimental results show a significant
performance of the method. The precision is normally above 90% by using a larger
query size. The length-based filter plays a very important role in improving the

F-measure and optimizing efficiency.

This fully illustrates the discrimination power of the proposed method. It is of a
great significance to both cross-language searching on the Internet and the parallel
corpus producing for statistical machine translation systems. In the future work, the
TQDL system will be evaluated for Chinese language, which is a big changing and

more meaningful to CLIR.

Keywords: Cross-Language Document Retrieval, Statistical Machine Translation,
TF-IDF, Document Translation-Based, Length-Based Filter.

1. Introduction

With the flourishing development of the Internet, the amount of information from a variety of
domains is rising dramatically. Especially after the advent of the World Wide Web (WWW) in
the 1900s, the amount of online information from the government, scientific and business
communities has risen dramatically. Although much word has been done to develop effective
and efficient retrieval systems for monolingual resources, the diversity and the explosive
growth of information in different languages drove a great need for information retrieval that

could cross language boundaries (Ballesteros ef al., 1988).

The issues of CLIR have been discussed for several decades. Its task addresses a
situation in which a user tries to search a set of documents written in one language using a
query in a different language (Kishida, 2005). It is of great significance, allowing people
access information resources written in non-native languages and aligning documents for
statistical machine translation (SMT) systems, of which quality is heavily dependent upon the

amount of parallel sentences used in constructing the system.
In this paper, we focus on the problems of translation ambiguity, query generation and

searching score which are keys to the retrieval performance. First of all, in order to increase

the probability that the best translation can be selected from multiple ones, which occurs in the
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target documents, the context and the most likely probability of the whole sentence should be
considered. So we apply document translation approach using SMT model instead of query
translation, although the latter one may require fewer computational resources. After the
source documents are translated into the target language, the problem is transformed from
bilingual environment to monolingual one, where conventional IR techniques can be used for
document retrieval. Secondly, some terms in a certain document will be selected as query,
which can distinguish the document from others. However, some of the words occur too
frequently to be useful, which cannot distinguish target documents. This mostly includes two
cases: one is that the word frequency is high in all the documents of a set, which is usually
classified as stop word; the other one is that the frequency is moderate in several documents of
a set. These words are poor in the ability of distinguishing documents. Thus, the query
generation model should pick the words that occur more frequently in a certain document
while less frequently in other documents. Finally, the document searching model evaluates the
similarity between the query and each document. This model should give a higher score to the
target document which covers the most relevant words in the given query. However, another
problem is that word overlap between a query and a wrong document is more probable when
the document and the query are expressed in the same language. For example, Document 4 is
larger and contains another smaller document B. So the retrieval system would be confused
with a query including the information of B. In order to solve this problem, the length ratio of
a language pair is considered. As the search space is reduced, both the speed efficiency and

the recall value will be improved clearly.

There are two cases to be considered when we investigated the method. In one case, the
lengths of documents are uneven, which are hard to balance the scores between large and
small documents. In the other case, the contents of the documents are very similar, which are
not easy to distinguish for retrieval. The results of experiments reveal that the proposed model

shows a very good performance in dealing with both cases.

The paper is organized as follows. The related works are reviewed and discussed in
Section 2. The proposed CLIR approach based on statistical models is described in Section 3.
The resources and configurations of experiments for evaluating the system are detailed in
Section 4. Results, discussion and comparison between different strategies are given in

Section 5 followed by a conclusion and future improvements to end the paper.

2. Related Work

The issues of CLIR have been discussed from different perspectives for several decades. In

this section, we briefly describe some related methods.

From a statistical perspective, the CLIR problem can be treated as document alignment.

Given a set of parallel documents, the alignment that maximizes the probability over all



18 Long-Yue WANG et al.

possible alignments is retrieved (Gale & Church, 1991) as follows:
argmaxPr(4| D ,D)~argmax [[Pr(L. <> L, |LL) (1)
A4 ( : b

Lol )ed

where 4 is an alignment, D, and D, are the source and target documents, respectively L; and
L, are the documents of two languages, Ly«>L,is an individual aligned pairs, an alignment A is

a set consisting of Ly—L; pairs.

On the matching strategies for CLIR, query translation is most widely used method due
to its tractability (Gao ef al., 2001). However, it is relatively difficult to resolve the problem of
term ambiguity because “queries are often short and short queries provide little context for
disambiguation” (Oard & Diekema, 1998). Hence, some researchers have used document
translation method as the opposite strategies to improve translation quality, since more varied
context within each document is available for translation (Braschler & Schauble, 2001; Franz
etal., 1999).

However, another problem introduced based on this approach is word (term)
disambiguation, because a word may have multiple possible translations (Oard & Diekema,
1998). Significant efforts have been devoted to this problem. Davis and Ogden (1997) applied
a part-of-speech (POS) method which requires POS tagging software for both languages.
Marcello et al. presented a novel statistical method to score and rank the target documents by
integrating probabilities computed by query-translation model and query-document model
(Federico & Bertoldi, 2002). However, this approach cannot aim at describing how users
actually create queries which have a key effect on the retrieval performance. Due to the
availability of parallel corpora in multiple languages, some authors have tried to extract
beneficial information for CLIR by using SMT techniques. Sanchez-Martinez et al.
(Sanchez-Martinez & Carrasco, 2011) applied SMT technology to generate and translate
queries in order to retrieve long documents.

Some researchers like Marcello, Sanchez-Martinez et al. have attempted to estimate
translation probability from a parallel corpus according to a well-known algorithm developed
by IBM (Brown et al., 1993). The algorithm can automatically generate a bilingual term list
with a set of probabilities that a term is translated into equivalents in another language from a
set of sentence alignments included in a parallel corpus. The IBM Model 1 is the simplest
among the five models and often used for CLIR. The fundamental idea of the Model 1 is to
estimate each translation probability so that the probability represented is maximized

m /
£
Pt]s)=—r-r P(t;s,) (2)
(/+1) H Zo‘ !
where ¢ is a sequence of terms 7, ..., t,, in the target language, s is a sequence of terms sy, ..., s,

in the source language, P(t]s;) is the translation probability, and £'is a parameter (& =P(mle)),
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where e is target language and m is the length of source language). Eq. (2) tries to balance the
probability of translation, and the query selection, in which problem still exists: it tends to
select the terms consisting of more words as query because of its less frequency, while cutting
the length of terms may affect the quality of translation. Besides, the IBM model 1 only
proposes translations word-by-word and ignores the context words in the query. This
observation suggests that a disambiguation process can be added to select the correct
translation words (Oard & Diekema, 1998). However, in our method, the conflict can be

resolved through contexts.

If translated sentences share cognates, then the character lengths of those cognates are
correlated (Yang & Li, 2004). Brown et al. (1991) and Gale and Church (1991) have
developed the models based on relationship between the lengths of sentences that are mutual
translations. Although it has been suggested that length-based methods are
language-independent (Gale & Church, 1991), they really rely on length correlations arising
from the historical relationships of the languages being aligned.

The length-based model assumes that each term in L; is responsible for generating some
number of terms in L,. This leads to a further approximation that encapsulates the dependence
to a single parameter 0. d(/,[;) is function of /; and /, which can be designed according to
different language pairs. The length-based method is developed based on the following
approximation to Eq. (3):

Pr(L, & L |L,L)~Pr(L < L |5(,1)) 3)

3. Proposed Models

Source SMT
Document E> Translation <:I Bilingual
(source language) Model Corpora
[ Document | l
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Figure 1. The proposed approach for CLIR
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The approach relies on four models: translation model which generates the most probable
translation of source documents; query generation model which determines what words in a
document might be more favorable to use in a query; length filter model dynamically create a
subset of candidates for retrieval according to the length information; and document searching
model, which evaluates the similarity between a given query and each document in the target
document set. The workflow of the approach for CLIR is shown in Fig. 1.

3.1 Translation Model

Currently, the good performing statistical machine translation systems are based on
phrase-based models which translate small word sequences at a time. Generally speaking,
translation model is common for contiguous sequences of words to translate as a whole.
Phrasal translation is certainly significant for CLIR (Ballesteros & Croft, 1997), as stated in

Section 1. It can do a good job in dealing with term disambiguation.

In this work, documents are translated using the translation model provided by Moses,
where the log-linear model is considered for training the phrase-based system models (Och &
Ney, 2002), and is represented as:

exp(ZM: Ah (e, 1)
p(ell | ﬁj) = m:}M (4)
2P A, (€, £1)

m=1

where 4, indicates a set of different models, 4,, means the scaling factors, and the denominator
can be ignored during the maximization process. The most important models in Eq. (4)
normally are phrase-based models which are carried out in source to target and target to source
directions. The source document will maximize the equation to generate the translation

including the words most likely to occur in the target document set.

3.2 Query Generation Model

After translating the source document into the target language of the translation model, the
system should select a certain amount of words as a query for searching instead of using the
whole translated text. It is for two reasons, one is computational cost, and the other is that the
unimportant words will degrade the similarity score. This is also the reason why it often
responses nothing from the search engines on the Internet when we choose a whole text as a
query.

In this paper, we apply a classical algorithm which is commonly used by the search
engines as a central tool in scoring and ranking relevance of a document given a user query.
Term Frequency—Inverse Document Frequency (TF-IDF) calculates the values for each word

in a document through an inverse proportion of the frequency of the word in a particular
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document to the percentage of documents where the word appears (Ramos, 2003). Given a
document collection D, a word w, and an individual document d € D, we calculate

_ D]
P(w,d) = f(w,d)xlog D) ©)

where f{w, d) denotes the number of times w that appears in d, |D| is the size of the corpus, and
fw,D) indicates the number of documents in which w appears in D (Berger et al., 2000).

In implementation, if w is an Out-of-Vocabulary term (OOV), the denominator f{w,D)
becomes zero, and will be problematic (divided by zero). Thus, our model makes log (|D|/
fw,D))=1 (IDF=1) when this situation occurs. Additionally, a list of stop-words in the target
language is also used in query generation to remove the words which are high frequency but
less discrimination power. Numbers are also treated as useful terms in our model, which also
play an important role in distinguishing the documents. Finally, after evaluating and ranking
all the words in a document by their scores, we take a portion of the (n-best) words for
constructing the query and are guided by:

Sizeq = [ﬂ,pm‘m X Lend] (6)

Size, is the number of terms. A,e.cens 1S the percentage and is manually defined, which
determines the Size, according to Len,, the length of the document. The model uses the first
Size,~th words as the query. In another word, the larger document, the more words are selected
as the query.

3.3 Document Retrieval Model

In order to use the generated query for retrieving documents, the core algorithm of the
document retrieval model is derived from the Vector Space Model (VSM). Our system takes
this model to calculate the similarity of each indexed document according to the input query.
The final scoring formula is given by:

Score(q,d) = coord(q,d) ’th(t,d) xidf (t)x bst x norm(t,d) )

where #(#,d) is the term frequency factor for term ¢ in document d, idf(t) is the inverse
document frequency of term ¢, while coord(q,d) is frequency of all the terms in query occur in
a document. bst is a weight for each term in the query. Norm(t,d) encapsulates a few (indexing
time) boost and length factors, for instance, weights for each document and field. As a

summary, many factors that could affect the overall score are taken into account in this model.
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3.4 Length Filter Model

In order to obtain a suitable filter, we firstly analyzed the golden data' of ACL Workshop on
SMT 2011, which includes Spanish, English, French, German and Czech 5 languages and 10
language pairs. English-Spanish language pair was used for analyzing and the data of the

corpus are summarizes in Table 1.

Table 1. Analytical Data of Corpus of ACL Workshop on SMT 2011

Size of corpus
Dataset
No. of Sentences No. of Characters Ave. No. Characters
English 3,003 74,753 25
Spanish 3,003 79,426 26

Fig. 2 plots the distribution of word number in each aligned sentences. /; is the length of
English sentence while [ is the length of sentence in Spanish. So the expectation is ¢c= E (/[;)
=1.0073, with the correlation R* = 0.9157. This shows that the data points are not substantially
scatter in the plot and many data points are along with the regression line. Therefore, it is

suitable to design a filter based on length ratio.

120

100

80

60

40

The Length of Each Spanish Sentence

20

0 20 40 60 80 100 120
The Length of Each English Sentence

Figure 2. The length ratio of Spanish-English sentences.

To obtain an estimated length-threshold () for filter model, the function 6 (/;, ;) can be

designed as follows:
-1
a(,1) =1 ®
where /; and /; respectively stand for the length of a certain aligned sentence in the corpus we
used. Finally, we got the average ¢ of around 0.15. In implementation, we choose 40 instead of

0 to avoid some unnormal cases, where the right document would be discarded by the filter.

' It can be download from http://www.statmt.org/wmt11/
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Filter F describes the relation between bilingual sentences based on the length ratio.
Since western languages are similar in terms of word representation, the length ratio can be
simply estimated as a 1:1. Given a certain document in source language, F can collect a subset
for retrieval according to the average length ratio. So F is designed as follows:

Llength € C
{O, length ¢ C

= ,C =[length — J,length + 5] )
where length, is the length of source document, and /ength;, is the length of target document. o
is an average threshold obtained through Eq. (8), C is a confidence interval. If length, is
included in C, F is 1, which has a chance to be retrieved, otherwise set as 0, which will be
skipped during searching.

4. Model Evaluation

4.1 Datasets

In order to evaluate the retrieval performance of the proposed model on text of cross
languages, we use the Europarl corpus® which is the collection of parallel texts in 11
languages from the proceedings of the European Parliament (Koehn, 2005). The corpus is
commonly used for the construction and evaluation of statistical machine translation. The
corpus consists of spoken records held at the European Parliament and are labeled with
corresponding IDs (e.g. <CHAPTER id>, <SPEAKER id>). The corpus is quite suitable for
use in training the proposed probabilistic models between different language pairs (e.g.
English-Spanish, English-French, English-German, etc.), as well as for evaluating retrieval

performance of the system.

Table 2. Analytical Data of Corpus

Size of corpus
Dataset -
Documents Sentences Words Ave. words in document
Training Set 2,900 1,902,050 23,411,545 50
TestSet 23,342 80,000 7,217,827 309

The datasets (training and test set) are collected for this evaluation. The chapters from
April 1998 to October 2006 were used as a training set for model construction, both for
training the Language Model (LM) and Translation Model (TM). While the chapters from
April 1996 to March 1998 were considered as the testing set for evaluating the performance of
the model. Besides, each paragraph (split by <SPEAKER id> label) is treated as a document,

for dealing with the low discrimination power. The analytical data of the corpus are presented

2 Available online at http://www.statmt.org/europarl/.
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in Table 2. The TestSet contains 23,342 documents, of which length is 309 in average.
Actually 30% of documents are much more or less than the average number. Table 1
summarizes the number of documents, sentences, words and the average word number of each

document.

4.2 Evaluation Metrics

The most frequent and basic evaluation metrics for information retrieval are precision and

recall, which are defined as follows (Manning et al., 2008):

#(relevant items retrieved)

Precison= (10)

#(retrieved items)

Recall #(relevant items retrieved)

#(relevant items) (1
For reporting the evaluation of our method, we used the 1 measure, the recall and the
precision values. F'1-measure (F) is formulated by Van Rijsbergen as a combination of recall
(R) and precision (P) with an equal weight in the following form:
2PR
F =
P+R

(12)

4.3 Experimental Setup
In order to evaluate our proposed model, the following tools have been used.

The probabilistic LMs are constructed on monolingual corpora by using the SRILM
(Stolcke et al., 2002). We use GIZA++ (Och & Ney, 2003) to train the word alignment models
for different pairs of languages of the Europarl corpus, and the phrase pairs that are consistent
with the word alignment are extracted. For constructing the phrase-based statistical machine
translation model, we use the open source Moses (Koehn er al., 2007) toolkit, and the
translation model is trained based on the log-linear model, as given in Eq. (4). The workflow
of constructing the translation model is illustrated in Fig. 3 and it consists of the following
main steps’:

(1) Preparation of aligned parallel corpus.

(2) Preprocessing of training data: tokenization, case conversion, and sentences filtering where
sentences with length greater than fifty words are removed from the corpus in order to

comply with the requirement of Moses.

(3) A 5-gram LM is trained on Spanish data with the SRILM toolkits.

3 See http://www.statmt.org/wmt09/baseline.html for a detailed description of MOSES training options.
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(4) The phrased-based STM model is therefore trained on the prepared parallel corpus
(English-Spanish) based on log-linear model of by using the nine-steps suggested in

Source
Text

- ] Word | Phrase ,l p—
Bilingual |:>[ GlzA++ | Table Table Extraction
Corpus

Language
Model

Target
Text

Figure 3. Main workflow of training phase

Moses.

ol 3
Corpus

™M
Toolkit

Once LM and TM have been obtained, we evaluate the proposed method with the
following steps:

(1) The source documents are first translated into target language using the constructed

translation model.

(2) The words candidates are computed and ranked based on a TF-IDF algorithm and the
n-best words candidates then are selected to form the query based on Eq. (5) and (6).

(3) All the target documents are stored and indexed using Apache Lucene® as our default

search engine.

(4) In retrieval, target documents are scored and ranked by using the document retrieval model

to return the list of most related documents with Eq. (7).

5. Results and Discussion

A number of experiments have been performed to investigate our proposed method on
different settings. In order to evaluate the performance of the three independent models, we
firstly conducted experiments to test them respectively before whole the TQDL platform. The
performance of the method is evaluated in terms of the average precision, that is, how often
the target document is included within the first N-best candidate documents when retrieved.

* Available at http://lucene.apache.org.



26 Long-Yue WANG et al.

5.1 Monolingual Environment Information Retrieval

In this experiment, we want to evaluate the performance of the proposed system to retrieve
documents (monolingual environment) given the query. It supposes that the translations of
source documents are available, and the step to obtain the translation for the input document
can therefore be neglected. Under such assumptions, the CLIR problem can be treated as
normal IR in monolingual environment. In conducting the experiment, we used all of the
source documents of TestSet. The steps are similar to that of the testing phase as described in
Section 4.2, excluding the translation step. The empirical results based on different
configurations are presented in Table 3, where the first column gives the number of documents
returned against the number of words/terms used as the query.

Table 3. The average precision in Monolingual Environment

Retrieved Query Size (Sizeq in %)
Documents
(N-Best) 2 4 8 10 14 18 20
1 0.794 0.910 0.993 0.989 0.986 1.000 0.989
5 0.921 0.964 1.000 1.000 1.000 1.000 0.996
10 0.942 0.971 1.000 1.000 1.000 1.000 0.996
20 0.946 0.978 1.000 1.000 1.000 1.000 0.996

The results show that the proposed method gives very high retrieval accuracy, with
precision of 100%, when the top 18% of the words are used as the query. In case of taking the
top 5 candidates of documents, the approach can always achieve a 100% of retrieval accuracy
with query sizes between 8% and 18%. This fully illustrates the effectiveness of the retrieval
model.

5.2 Translation Quality

The overall retrieval performance of the system will be affected by the quality of translation.
In order to have an idea the performance of the translation model we built, we employ the
commonly used evaluation metric, BLEU, for such measure. The BLEU (Bilingual Evaluation
Understudy) is a classical automatic evaluation method for the translation quality of an MT
system (Papineni et al., 2002). In this evaluation, the translation model is created using the
parallel corpus, as described in Section 4. We use another 5,000 sentences from the TestSetl

for evaluation®.

5 See http://www.statmt.org/wmt09/baseline.html for a detailed description of MOSES evaluation
options.
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The BLEU value, we obtained, is 32.08. The result is higher than that of the results
reported by Koehn in his work (Koehn, 2005), of which the BLEU score is 30.1 for the same
language pair we used in Europarl corpora. Although we did not use exactly the same data for
constructing the translation model, the value of 30.1 was presented as a baseline of the

English-Spanish translation quality in Europarl corpora.

The BLEU score shows that our translation model performs very well, due to the large
number of the training data we used and the pre-processing tasks we designed for cleaning the

data. On the other hand, it reveals that the translation quality of our model is good.

5.3 TQDL without Filter for CLIR

In this section, the proposed model without length filter model is tested. Table 4 presents the
F-measure given by TQDL system without length filter model. As illustrated, the it can only
achieve up to 94.7%, counting that the desired document is returned as the most relevant
document among the candidates. Although it has achieved a very good performance in the

experiments, the 6.6% of documents have been discarded in the pre-processing.

Table 4. The F-measure of our system without length filter model

Retrieved Documents Query Size (Sizeq in %)
(N-Best) 2.0 4.0 6.0 8.0 10.0
1 0.905 0.943 0.942 0.947 0.941
2 0.922 0.949 0.949 0.953 0.950
5 0.932 0.950 0.953 0.963 0.960
10 0.936 0.954 0.960 0.968 0.971
20 0.941 0.958 0.974 0.979 0.981

To investigate the changes of the performance with removing abnormal documents (too
lager or too small), query size Size, was set as a constant value (8.0%), which can achieve the
best precision as shown in Table 4. We believed that the abnormal document is the main
obstacle to develop the performance of the system. Therefore, we removed the documents, of

which length are out of a certain threshold.
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Figure 4. The changes of evaluation when removing data

Fig. 4 plots the variations of P, R and F with the length scope increasing. As we expected,
the precision increase when the more abnormal documents are discarded from the dataset.
However, the recall declines sharply, which also lead to the falling of F-measure. When the
precision is closed to 100%, nearly 15% documents are removed from the dataset. So the high
precision is often at the cost of reducing the recall rate. F-measure is only 95% at its top, so it

is hard to improve the performance of CLIR using traditional methods.

5.4 TQDL with Filter for CLIR

In order to obtain a higher retrieval rate, our model has been improved from different points.
Firstly, we generate the query with dynamic size, which can do better in dealing with the
problem of similar documents both in length and content. In another words, the longer the
document, the more words will be used for retrieval of the target documents. So the Size, is
considered as a hidden variable in our document retrieval model. Besides, all the indexed
documents can be filtered with F formula in Eq. (9), and it can alleviate the scarcity of tending
to select longer documents when occurring the word overlap between shorter and longer
documents, because a certain source document are only searched in a subset defined by its
length. It can improve the precision without discard any so-called “abnormal” documents from
dataset, so the P, R and F values will always be the same. Table 5 presents the F values given
by TQDL with length filter model.
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Table 5. The F-measure of our system with length filter model

Retrieved Documents Query Size (Sizeq in %)
(N-Best) 2.0 4.0 6.0 8.0 10.0
1 0.958 0.975 0.983 0.990 0.992
2 0.967 0.979 0.986 0.993 0.996
5 0.971 0.982 0.987 0.993 0.996
10 0.974 0.983 0.988 0.995 0.996
20 0.974 0.983 0.990 0.995 0.996

Compared with the results presented in Tables 4 and 5, it shows that the length filter
model is able to give a high improvement by 4.5% in F-measure and achieve more than 99%
of successful rate, in the case that the desired candidate is ranked in the first place. Above all,

there is no documents waste in the dataset.
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Figure 5. The changes of evaluation with N-Best

Fig. 5 presents an ideal distribution of evaluation, of which P and R should be closed to
the F line. In this comparison, query size Size, was still set as a constant value (8.0%). With
the increasing of N, evaluations without filter are in a low level, while the one with this filter
can achieve a good and stable performance. Finally, the precision and recall values are closed
to F measure, which can all keep in a high level (99%-100%).

6. Conclusion

This article presents a TQDL statistical approach for CLIR which has been explored for both
large and similar documents retrieval. Different from the traditional parallel corpora-based
model which relies on IBM algorithm, we divided our CLIR model into four independent parts

but all work together to deal with the term disambiguation, query generation and document
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retrieval. The performances showed that this method can do a good job of CLIR for not only
large documents but also the similar documents. This fully illustrates the discrimination power
of the proposed method. It is of a great significance to both cross-language searching on the
Internet and the parallel corpus producing for statistical machine translation systems. In the
future work, the TQDL system will be evaluated for Chinese language, which is a big
changing and more meaningful to CLIR. In the further work, we plan to make better use of the

proposed models between significantly different languages such as Portuguese-Chinese.
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Abstract

The researches of sentiment analysis aim at exploring the emotional state of writers.

The analysis highly depends on the application domains. Analyzing sentiments of
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the articles in different domains may have different results. In this study, we focus
on corpora from three different domains in Traditional and Simplified Chinese
including real estate, hotel and restaurant, then examine the polarity degrees of
vocabularies in these three domains, and propose methods to capture sentiment
differences. Finally, we apply the results to sentiment classification with LIBSVM
(linear kernel). The experiments show that the proposed method TF-S-S-IDF which
integrates TF-IDF, NTU Sentiment Dictionary, and word sentiment orientation
degree in each specific domain can effectively improve the sentiment classification

performance.

Keywords: Document Sentiment Classification, Word Polarity Analysis, Machine
Learning.
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Abstract

This paper exploits machine learning methods to separate robbery and intimidation
cases, and predicting their sentencing by considering defined legal factors. We
introduce a framework to fetch 21 legal factor labels of robbery and intimidation
cases, then use the labels for case classification and sentencing prediction. Our
experiments show that the legal factor labels can indeed improve the results of case
classification and sentencing prediction. We then discuss the influence of these
legal factors in both case classification and sentencing prediction tasks.
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Abstract

Histogram equalization (HEQ) of speech features has received considerable
attention in the field of robust speech recognition due to its simplicity and excellent
performance. This paper is a continuation of this general line of research,
presenting a novel HEQ-based feature normalization framework which takes
advantage of joint equalization of spatial-temporal contextual statistics of speech
features. In doing so, we explore the use of simple differencing and averaging
operations to capture the contextual statistics of feature vector components for
speech feature normalization. All experiments are conducted on the Aurora-2
database and task. Experimental results show that for clean-condition training, the
methods instantiated from this framework achieve considerable word error rate
reductions over the baseline system, which are indeed quite comparable to other

conventional methods.

Keywords: Speech Recognition, Noise Robustness, Histogram Equalization,
Feature Contextual Statistics.
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