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ABSTRACT

As an effective technique for improving retrieval effectiveness,
relevance feedback (RF) has been widely studied in both
monolingual and cross-language information retrieval (CLIR)
settings. The studies of RF in CLIR have been focused on query
expansion (QE), in which queries are reformulated before and/or
after they are trandated. However, RF in CLIR actually not only
can help select better query terms, but also can enhance query
trandation by adjusting trandlation probabilities and even resolve
some out-of-vocabulary terms. In this paper, we propose a novel
RF method called trandation enhancement (TE), which uses the
extracted translation relationships from relevant documents to
revise the translation probabilities of query terms and to identify
extra trandation alternatives if available so that the translated
queries are more tuned to the current search. We studied TE using
pseudo relevance feedback (PRF) and interactive relevance
feedback (IRF). Our results show that TE can significantly
improve CLIR with both types of RF methods, and that the
improvement is comparable to that of QE. More importantly, the
effects of TE and QE are complementary. Their integration can
produce further improvement, and makes CLIR more robust for a
variety of queries.

Categoriesand Subject Descriptors
H.3.3 [Information Storage and Retrieval]: Relevance feedback

General Terms
Algorithms, Languages, Experimentation, Performance

Keywords
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1. INTRODUCTION

One of the most commonly used approaches for Cross-
Language Information Retrieval (CLIR) isto utilize translation to
cross the language barriers between a query and the documents
[18]. Because of its flexibility and effectiveness, query
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trandation-based approach has been the dominant method for
CLIR [18]. In this approach, it is the query -- not the documents --
that is translated so that the retrieval can be performed. However,
the problems of not knowing which trandation alternatives are
appropriate for the current query (caled translation ambiguities)
are much more pervasive in query translation. Researchers have
developed various methods to handle translation ambiguities.
These include methods for reducing the impact of translation
ambiguities such as the structured query method [21] and the
probabilistic structured query method [5], as well as methods for
disambiguating trandations by using phrase translation [3], or
resources such as parallel corpus[30].

Researchers also borrow tested techniques from monolingual
IR to improve CLIR effectiveness. One example is query
expansion (QE) based on relevance feedback (RF). In CLIR, there
are pre-trandation QE that performed before translating the query
with the help of an extra document collection at the query
language side, post-translation QE that performed after the query
istranslated, and the combination of pre and post-translation QE.

As discussed in iCLEF experiments (such as in [19]), and as
demonstrated by Google's recently launched CL search engine
inside Google Trandate!, it is too-narrow a view to think that
CLIR ends with a ranked list of documents in a language that the
user cannot understand. Such view is reasonable for testing
retrieval algorithms in TREC-like testing frameworks. However, a
CLIR system that is truly useful to the user has to consider how
the user can select, examine or even use the returned documents.
To help the user, some form of the trandations of returned
documents has to be provided. The translations can be the outputs
from machine trandations (MT) [10], from noun phrase based
trandations [16], or from word-by-word gloss tranglations [27].
Conseguently, there are two trandation processes in a truly useful
query translation-based CLIR -- one is for translating queries, and
the other is for trandating returned documents. It is possible for
CLIR systems to use the same translation resources for both
trandation processes, but most CLIR systems rely on an existing
MT system to provide the translation of returned documents, so
the translation resources used in the two translation processes are
often different. Therefore, there is an advantage for certain
trandation information to be exchanged between the two
trandation processes.

Although QE has shown to be an effective method for
improving CLIR performance [17], it is not the only possible
method for using RF information in CLIR. We believe that users’
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feedback on relevant documents can be viewed as the
confirmation of the trandation relationships expressed by the
terms in the origina returned relevant documents and their
trandations in the translated documents. Therefore, naturally,
these trandlation relationships can be applied back to the query
translation process to remove translation ambiguities, just like
using translation relationships obtained from parallel corpus for
the same purpose. The difference here is that the trandlation
relationships obtained through RF have been extracted from
relevant document set. In addition, the extracted trandlation
relationships can sometimes produce better quality or even new
trandations that do not exist in the origina dictionary. We call

this new usage of RF information “translation enhancement” (TE).

Our goal in this paper is to examine the usage of TE as a RF
technique in CLIR. Our research here has three objectives:

e  First, through studying several methods of extracting
trandation relationships based on RF information, we want
to examine whether TE is an effective method for using
pseudo RF (PRF) information in CLIR.

e Second, because TE and QE are actualy working on
different parts of the CLIR process, it is important to know
whether TE and QE can be integrated for further
improvement.

e Third, we will study whether TE is still an effective
technique for dealing with interactive RF (IRF) information.

In the remainder of this paper, we will first review the related
work on RF and QE in monolingual and CLIR in section 2; then
in section 3, we talk about TE in detail with the focus on our
current methods of implementing TE in CLIR process. Then, we
will talk about a group of experiments conducted in order to
obtain answers to the research objectives. Finaly, we will
conclude with discussions about TE, the relationship between TE
and QE, and future works.

2. RELATED WORK

Using RF to improve retrieval effectiveness has a long history.
It was initially introduced in the mid 1960s, and some of the early
important work was achieved in vector space modeling using the
SMART system [24, 25]. Since then, RF has also been explored in
probabilistic modeling [9] and statistical language modeling [22]
too. Relevance-based language model [15] represents a recent
attempt to directly model relevance based on RF information.
There are two ways to obtain RF information. Interactive RF
relies on users' relevance judgments on the retrieved results [25],
whereas pseudo RF assumes that the top N returned documents
are all relevant so that users do not have to make judgments [4].

In monolingual IR, it has been well studied about the issues of
how exactly RF information can be extracted, and how such
information should be applied in query reformulation. There are
basically two methods of applying RF information in query
reformulation. Term reweighting adjusts the relative importance
of the query terms (e.g., their associated weights) based on RF
information (including using Rocchio’s methods [24] and Ide's
improvements [13]). Query Expansion (QE), on the other hand,
adds more terms into the query with the hope that the users
information needs are more closely represented [8]. Between the
two, QE is more effectiveness and received well deserved

attentions. For example, Harman examined different algorithms
for QE [8], Voorhees used lexical semantic information for QE
[26], and Xu studied local and global context information for QE
[29].

Term mismatch is a difficult problem in monolingua IR, but it
is a significantly more serious problem in CLIR. This is because
CLIR users have to identify the right query terms whose
trandations rather than the terms themselves would match to the
critical words used by the authors of the relevant documents.
Naturally, QE plays an important role in using RF in CLIR.
Depending upon whether it has happened before or after the query
trandation, QE in CLIR is classified into pre-, post-trandation QE,
or the combination of the two. Ballesteros and Croft demonstrated
that post-translation QE is more effective in improving CLIR
performance [3], whereas McNamee and Mayfield found that the
combination of the two actually performs better particularly when
the translation resources are not of a high quality [17]. Orengo et
al. [20] confirmed that CLIR users can provide reliable RF
information based on translations of original documents. Hiemstra
et. d. [12] provided a formula for applying RF back to a unigram
statistical language model for CLIR. The cross-language
relevance models proposed by Lavrenko et. a. [14] use either
paralel corpora or a bilingual lexicon to estimate a relevance
model between two languages, and the model is used for QE and
disambiguation.

Except for when Hiemstra et. al. [12] touched in the statistical
language modeling setting, no study in the CLIR literature has
focused on examining whether and how RF can affect the quality
of query trandation, and whether and how translation
enhancement can be integrated with query expansion.

3. TRANSLATION ENHANCEMENT: A

NEW RF APPROACH IN CLIR

As stated in Section 1, in addition to trandating its queries to
the document language side, a query trandation-based CLIR
system also needs to translate the returned documents back to the
query language side in order to present them to the users. This
allows the users to seamlessly search and utilize documents in
foreign languages. But more importantly, the relevance feedback
on these returned documents should be viewed as performed on
the translated documents (i.e., at the query language side) rather
than on the original documents (i.e., a the document language
side). Therefore, our TE modeling makes the following two
assumptions:

1. RF information obtained in these situations not only tells us
which query terms can be useful for QE, but also informs us
about the users' intended trandlation relationship between a
word in the translated relevant documents and the
corresponding term in the original relevant documents.

2. Regardless of the translation resources used in the translation
of both the queries and the returned documents, it still makes
sense to apply the trandation relationships obtained through
RF to the query translation in order to improve retrieval
effectiveness.

Therefore, the core issues related to TE include: 1) how to
extract the intended translation relationships from a set of relevant



document pairs; and 2) how to apply such relationships to query
trandation.

3.1 Extracting Intended Tranglation

Relationships from Relevant Documents Pairs

When obtaining relevance feedback from users, the relevance
judgments can be performed on various granularities of
documents. Researchers in the HARD track of TREC have
explored RF on terms, named entities, passages, and documents,
and find that they each have their own advantages and limitations
[1]. Because feedback on documents involves the lesst effort from
users, it is the most commonly used RF approach. In this study, all
our RF was performed at the document level. However, the
developed TE techniques can be easily applied to other RF
granularities.

The purpose of extracting translation relationships is to
improve the translation quality of the query; therefore, in our
current design of TE, we concentrate on identifying the intended
trandation relationships to the query terms. Future studies can aim
for extracting various other types of translation relationships, such
as important named entities, potential QE terms, and out-of-
vocabulary terms, etc.

Since the set of relevant documents and their translations can be
viewed as a small scale paralel corpus, it is natural to borrow
ideas from parallel corpus based text processing. The first step in
our extraction of indented translation relationships is to establish
sentence alignment within the document pairs. Thisis a relatively
easy and accurate step to perform, but it gives us a much narrower
searching space to look for intended translation relationships,
which helps to achieve better extraction accuracy.

Based on the sentence aignment of document pairs, we
designed four methods to extract intended translation relationships
(see below). In all four methods, we extended the back-off
trandation approach [23] to maximize the search for instances of
query terms and their translations in the relevant document set.
The first three methods assume that we only have the sentence
aligned document pairs. The fourth one (TWA) assumes that word

alignment information is either available or can be easily obtained.

Keep All Trandations (KAT): This approach only requires a
set of document pairs aligned at sentence level, and a dictionary
that is used for translating the query. It firstly searches for all the
instances of the query terms inside the documents at the query
language side (i.e., those MT documents). Then, it utilizes the
sentence alignment information to search inside the documents at
the document language side (i.e., those original documents) for all
the instances of the tranglation alternatives of the query term. All
the found instances of the query terms and their trandation
aternatives in the same sentence pairs are treated as the intended
trandlation relationships.

Keep One Best Trandation (K1T): The fact that the KAT
approach views all found translation alternatives in a sentence pair
as the intended trandlation relationships may introduce lots of
noise, especially when the dictionary is automatically generated,
in which many translations are noise themselves. Following one
of the heuristics often used in word sense disambiguation
community, the K1T approach assumes that the translation that
has the highest translation probability in the dictionary is probably
the most plausible meaning in the relevant feedback. Therefore, it
favors the one trandation aternative that has the highest

trandation probability in the dictionary among al of the
trand ation alternatives returned by the KAT approach.

Keep Most Frequent Trandlations (KFT): Like K1T, this
approach is again based on KAT, but with a different assumption.
Extending the heuristics used in word sense disambiguation [31],
KFT assumes that the correct translation of a query term is
consistent in a discourse (say in a relevant document) so that that
trandation would appear in the highest frequency in the discourse
among al the trandations. Therefore, KFT only keeps the
trandation that has the highest frequency in arelevant document.

Translations based on Word Alignment (TWA): Regardless
of using KAT, K1T or KFT, the search space is the whole
sentence, where lots of noise may be introduced. To obtain more
accurate identification of translation relationships, we used word
alignment tools that have been widely used in a paralel corpus
setting for extracting trandlation relationships. The tool we used
was GIZA++2. After obtaining word level alignments for each
sentence pair in the relevant document set, it is straightforward to
extract the tranglation relationships. All the found instances of the
query terms and their translation alternatives identified by word
alignment in the relevant document set are treated as the intended
trandation relationships for transation enhancement later.

3.2 Enhancing Query Translation with

Extracted Trandation Relationships

Trandlation probabilities have been demonstrated to be very
important in CLIR [7]. This is why we think that, by enhancing
the translation probabilities used in query translation, the CLIR
effectiveness can be improved. However, we do not think that the
extracted translation relationships can replace the translation
probabilities in the dictionary because the feedback from the users
could sometimes be incomplete or even inaccurate. Therefore, our
approach is to firstly convert the extracted tranglation
relationships into translation probabilities, then to integrate these
probabilities with the corresponding translation probabilities in
the dictionary to obtain the fina enhanced translation
probabilities.

To estimate the translation probability of a query term based on
the extracted trandlation relationships, we use the frequency of a
particular trandation relationship over the total count of the
extracted trandation relationships for a given query term.
Therefore, the extracted translation probability for a translation
aternative j as the trandation of atermi in arelevant document
set iscalculated asin formula (1):

> w *tf
= ' 1
P, (Rel) = — i @

D D> wrtf,

VaeM; VbeN

where P; j(Rel) is the probability of trandation alternative j being
the tranglation of term i based on arelevant document set; tfj and
tf,p are the frequency of trandation alternative j or a in document
k or b; N is the relevant document set; M; is the set of unique
trandation alternatives identified in the document set N for term i;
wiis the relevance weight of document k, which takes 1 (relevant)

http://www-i6.informatik.rwth-aachen.de/web/Software/



or O (irrelevant) for binary relevance judgments, but wy can take
different values for graded relevance assessments.

We then use weighted linear interpolation to integrate the
extracted trandation probabilities with their corresponding

original translation probabilitiesin the dictionary (see formula (2)):

R, =4#R(Rel)+(1-2)*PR,(Dic) @

where P;; is the final probability of trandation alternative j being
the trandation of term i after translation enhancement; P;;(Dic) is
the original translation probability of j being the trandation of
term i in the dictionary; A is the parameter to adjust different
weights between the extracted probabilities and the original ones.

Finally, suppose M; is dill the set of unique translation
aternatives identified from the relevant document set for termii, L;
is the set of unique trandation aternatives in the dictionary for
termi, so M, UL, is the union of the two sets. We then normalize

the enhanced probabilities of each tranglation alternative j of term
i so that the sum of the normalized probabilities Pi'j is 1 (see

formula (3)):

ZR:j =1 @
VieM;ul;

3.3 Trandation Enhancement and Query
Expansion

Both trandation enhancement and query expansion are
relevance feedback techniques. QE improves retrieva
effectiveness by introducing new terms into the query, with the
hope that the terms would provide highly content related
information. Pre-trandation QE expands the original query at the
query language side, whereas post-translation QE adds terms to
the trandated query at the document language side. TE, on the
other hand, mainly concentrates on improving the translation
resources used for query translation without necessarily
introducing new query terms at both language sides. The
improvement of TE often come from better or tailored translation
probabilities, or newly identified translation alternatives that did
not exist in the translation resources before the feedback.
Therefore, asillustrated in Figure 1, TE and QE occur at different
stages of the CLIR process. An interesting research question is
whether or not it is beneficial to combine TE and QE in CLIR.
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Figure 1: Trandation Enhancement and Query Expansion
(preand post-trandation) in CLIR

Because QE alone is not the focus of this paper, we directly
adopted a state of the art QE implementation that is the adaptation
of Lavrenko's relevance model [15] and is implemented inside the
Indri search engine. Formula (4) summarizes this implementation,
where | isthe origina query, r isaterm to be considered for query
expansion, and D is a document. The details of this
implementation can be found online at http://ciir.cs.umass.edu/
~metzler/ indriretmodel .html.

> P(r|D)P(I |D)P(D)
P(r|1)=-2 0 (€)

4. EXPERIMENTSAND RESULT
ANALYSIS

The goal of our experiments is to examine the effectiveness of
the proposed approaches for translation enhancement. In
particular, we are interested in the following three research
questions:

1. IsTE an effective Pseudo RF technique in CLIR? Here the
effectiveness is measured by comparing to the non-RF CLIR
and monolingual baselines. We are also interested in the
effectiveness difference among the four translation
relationship extraction methods: KAT, K1T, KFT, and TWA.

2. Isit beneficial to combine TE with QE in Pseudo RF? Here,
we want to compare TE and QE, and examine how TE can
be integrated with QE.

3. Can TE till be effective in interactive RF? Here, we want to
examine the extent to which TE can perform when RF is
gathered from users.

4.1 Experiment Setup

All our experiments were performed on English-Chinese CLIR,
where English queries are used to retrieve Chinese documents.
The document collections used in the experiments were TDT4 and
TDT5 Multilingual News Text corpora issued by Linguistic Data
Consortium (LDC)®. The English and Chinese news articles were
collected daily from 20 news sources in two time periods: Oct.
2000-Jan. 2001 and Apr.-Sept. 2003. In total there are 83,627
Chinese documents and 306,498 English documents. For each
original Chinese document, there is an output from the MT system
developed at the Information Sciences Institute (ISI) at the
University of Southern California.

The reasons that we use TDT4&5 collections rather than the
collections from CLEF or NTCIR are: 1) TDT4&5 collections are
standard CLIR collections too. They have been used in
multilingual Topic Detection and Tracking (TDT) experiments
from 2002 to 2005 [2]; 2) for our TE experiments, we need
English translations for Chinese documents. Then for our study of
pre-translation QE, it is better that we have a comparable English
collection besides the Chinese target collection. As stated above,
the TDT collections not only have English translations for the
Chinese documents, but also have the English comparable
documents from the same time period. Therefore, the TDT
collections are perfect for our current experiments. Of course, we
acknowledge that it is possible to trandate a CLEF or NTCIR

3 http://www.ldc.upenn.edu/



collection using a machine translation system. However, this is
much more expensive and subject to the availability of areliable
machine translation system/service for usto use.

<num> Number: 41012
<E-title> Troublein the Ivory Coast

<E-desc> Description:
Presidential election; Laurent Gbagbo, Alassane Ouattara, |vory Coast
voters, Ivory Coast; October 25, 2000

<E-narr> Narrative:

On October 25, Laurent Ghagbo, head of the Ivorian Popular Front,
declared himself president, as early polls showed him in the lead.
Alassane Ouattara called the election unfair, but then conceded, though
tens of thousands of his supporters took to the streets. A recent history
of power struggle that led to the current election. Disputes concerning
the election including violence by the opposition groups.

Figure 2: An Example of the modified TDT Topic

We selected 44 English topics which have more than 20
relevant documents each from TDT4&5 corpora, and manually
trandated them into Chinese to obtain topic statements at Chinese
side. We reorganized TDT topics into the TREC topic like style
with aftitle, a description and a narrative field (see Figure 2). This
helped us to generate three types of queries based on these topics:
short length queries that contain titles only (T query), medium
length queries with title and description (TD query), and long
length queries with all the three fields (TDN query). The average
lengths of queries were: T queries (4 terms), TD queries (27
terms), and TDN queries (127 terms).

The bilingual dictionary we used was an English-Chinese
lexicon compiled by training GIZA++ on multiple sources
including the Foreign Broadcast Information Service (FBIS)
corpus, HK News and HK Law, UN corpus, and Sinorama, et a
[28]. The dictionary contains 126,320 English entries with
trandation probabilities for each Chinese trandation alternative.
The translation probabilities are obtained based on the normalized
frequency of an English word and a Chinese word being linked
together by word alignment. All Chinese texts and queries were
segmented using the Stanford Chinese word segmenter®. The
Porter stemmer® was used to stem English texts, queries and the
dictionary when necessary. Stop words were removed using a
Chinese stopword list® and an English stopword list”. We used our
own sentence breaker to identify sentence boundaries in order to
achieve sentence alignment. The breaker uses punctuation, such as
periods, question marks, exclamation points, and ellipses. It also
compares the sentence length line by line between the sentence
pairs based on the assumption that the length of a translation
sentence (English in our study) should be roughly the same as that
of the origina sentence (Chinese). If the difference exceeds a

4 http://nlp.stanford.edu/software/segmenter.shtml
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certain amount (6 terms®in our study), we combined the shorter
sentence with its next one.

For query trandlation in the baseline, to remove low probability
trandations which often are noise, we took a fixed threshold
cadled Cumulative Probability Threshold (CPT) to select
trandations from the dictionary. This is done by ranking the
trandations in decreasing order of their normalized probabilities,
then iteratively selecting the trandations top-down until the
cumulative probability of the selected trandations is firstly
reached or exceeds the threshold. A threshold of O thus
corresponds to using the single most probable translation (a well-
studied baseline) and a threshold of 1 corresponds to the use of all
trandation alternatives in the dictionary. Once the queries were
trand ated, we used Indri v.2.4° to perform the document retrieval.

The main evaluation metric is mean average precision (MAP).
Statistical significance tests were two tailed paired samples t-test.

4.2 TE Experiment with Pseudo RF

In total, we performed seven runs in this experiment. Pseudo
RF was performed on the top 20 documents from the original
ranked lists.

Monolingual Baseline (MONO-BASE): a run of retrieving
Chinese documents using the manually translated Chinese queries.

CLIR Basdine (CLIR-BASE): a run using English queries to
retrieve Chinese documents without using any RF techniques. In
order to fully cover the dictionary, we adopted a four-stage back-
off translation strategy [23]. First, the surface form of an input
English term is matched to the surface forms of the English terms
inthe dictionary. If it fails, the input English term is stemmed, and
then is matched to the surface forms of the English terms in the
dictionary again. If this still fails, the dictionary is stemmed, so
that the surface form of the input term is matched to the stems of
the terms in the dictionary. If all these fail, match the stem of the
input term to the stems of the termsin the dictionary.

Higher CLIR Baseline (CLIR-QE): We performed pre-
trandation QE, post-trandation QE, and the combination of the
two over CLIR-BASE. Top 20 expanded terms were selected
from the top 20 returned documents. We selected the best
performance of the three QE methods as the higher CLIR baseline
CLIR-QE.

CLIR Trandation Enhancement using all translations (CLIR-
KAT): aTE run using KAT approach as stated in Section 3.1.

CLIR Translation Enhancement using one-best translation
(CLIR-K1T): aTE run using K1T approach as stated in Section
3.1

CLIR Trandation Enhancement using most-frequent
trandation (CLIR-KFT): aTE run using KFT approach as stated
in Section 3.1.

CLIR Trandation Enhancement using word alignment
(CLIR-TWA): a TE run using TWA extraction approach as
stated in Section 3.1.

8 The parameter is within 5-7 terms based on prior experience.
Here wefix it at 6 in our study after testing.
® http://sourceforge.net/projects/lemur/



To get a better idea of the effectiveness of translation
enhancement, we compared the results from all seven runs at
different CPT from 0.0 to 1.0 with an increment of 0.1 at each
time. Table 1 shows the best CPT results of these seven runs.

As shown in Table 1, all four TE approaches performed better
than the lower CLIR baseline CLIR-BASE. The smallest
improvement came from CLIR-KAT, and CLIR-TWA performed
the best among the four. However, only CLIR-TWA significantly
outperformed CLIR-BASE with all three types of queries. Only at
the short (T) and medium query (TD) conditions, did CLIR-KFT
perform significantly better than CLIR-BASE. Only at the long
query (TDN) condition, did CLIR-K1T perform significantly
better than CLIR-BASE. All these demonstrate that TE is a valid
and effective RF technique for improving CLIR performance.

Table 1: Comparison of four TE methods with monolingual

and CLIR baselines (* indicates that theimprovement is
statistically significant)

MAP(Perc. of Impr. over
MONO-BASE) CLIR-BASE
MONO-BASE 0.4739(100%) +42.06%*
CLIR-BASE 0.3336(70.39%) -
CLIR-QE 0.4415(93.16%)  +32.34%*
Pre-Trans QE 0.3714
Post-Trans QE 0.4118
T Combined QE 0.4415
CLIR-KAT 0.3510(74.07%)  +5.22%
CLIR-K1T 0.3599(75.94%) +7.88%
CLIR-KFT 0.3552(74.95%)  +6.48%*
CLIR-TWA 0.3992(84.24%)  +19.66%*
MONO-BASE 0.5817(100%) +36.84%*
CLIR-BASE 0.4251(73.08%) -
CLIR-QE 0.5080(87.33%)  +19.50%*
Pre-Trans QE 0.4377
Post-Trans QE 0.5080
™ Combined QE 0.5007
CLIR-KAT 0.4410(75.81%) +3.74%
CLIR-K1T 0.4602(79.11%) +8.26%
CLIR-KFT 0.4584(78.80%)  +7.83%*
CLIR-TWA 0.5340(91.80%)  +25.62%*
MONO-BASE 0.6215(100%) +32.21%*
CLIR-BASE 0.4701(75.64%) -
CLIR-QE 0.5182(83.38%)  +10.23%*
Pre-Trans QE 0.4477
TDN Post-Trans QE 0.5182
Combined QE 0.5170
CLIR-KAT 0.4885(78.60%) +3.91%
CLIR-K1T 0.5016(80.71%)  +6.70%*
CLIR-KFT 0.4936(79.42%)  +5.00%
CLIR-TWA 0.5818(93.61%)  +23.76%*

Compared to the higher CLIR baseline CLIR-QE, the TE
approach CLIR-TWA outperformed CLIR-QE when the queries
were TD and TDN. However, only the improvement obtained
with TDN queries was statistically significant. When we further
examine the specific QE methods (i.e., pre-translation, post-
trandation and combined, see Table 1), al four TE methods
obtained better results than the pre-translation QE approach with
the TD and TDN queries. It should be noted that the TE methods
are mostly comparable to post-translation QE and the combined

QE methods except that CLIR-TWA with TD and TDN queries
are better than the QE methods. Besides the difference between
QE and TE, our results also confirm the finding in the literature
that post-trandation QE and combined QE are generaly better
than the pre-translation QE method [17].

With TE alone, the CLIR performance cannot outperform the
corresponding monolingual baselines. However, all four TE
methods met at least 75% of the monolingual effectiveness, with
CLIR-TWA matching 93.61% of the effectiveness of MONO-
BASE with the TDN queries.

The quality of the extracted trandation relationship can affect
the TE performance significantly. With extra resources such as
word alignment, TWA method can extract much better translation
relationships, and better extracted translation relationships helped
CLIR-TWA to outperform the other three runs consistently. The
differences between CLIR-TWA and CLIR-KAT were
statistically significant for al three query types. The difference
between CLIR-TWA and the remaining two runs (CLIR-K1T and
CLIR-KFT) were significant for TD and TDN queries.

Besides extracting much better translation relationships than
other TE methods, TWA can sometimes identify the trandations
for some out-of-vocabulary (OOV) terms with the help of word
alignment information. Table 2 shows 11 OOV terms and their
trandations found by TWA method. Almost all these terms are
named entities (NEs) of people names, locations, etc. This is
consistent with previous findings that many OOV terms are NEs
because the translations of NEs often do not exist in the dictionary
[6]. Therefore, it becomes an important advantage for TWA (thus
for TE) to be able to identify trandlations for some OOV NEs. Of
course, as shown in Table 2, some of the found translations are
wrong (such as the translations for No 3 and 5) which is the result
of word alignment errors. However, the fact that majority found
trandations are correct indicates that it is reasonable reliable to
use TWA method for resolving some OOV terms.

Table2: OOV termsand their translationsfound by TWA. #
after the No meansthat the translation iswrong

No | TopiclD OOV Term | Trandations
found by TWA

1 55087 Bingol B IRE

2 55087 diyarbakir TP B TR

3# | 40007 Garner BN

4 55087 kandilli 17§ iv|

5# | 55029 karolinska WS/ B

6 55179/55127 Kumba [

7 41025 montesinos EJaniingrain

8 | 40037 morariu R

9 41012 ouattara Ly

10 | 55181 Qurei T i

11 | 41025 vladimiro Fpridik %

There could be some concern about using word alignment for
TE. It might be infeasible to conduct word alignment on the fly
when users are waiting for their search results, or it may be
difficult to obtain aword alignment tool at al. However, there are
solutions to the concerns. For example, word alignment can be



done offline on the whole collection as soon as the translations of
the documents are ready. Or, we can rely on modern statistical
machine translation systems to generate hypothesized translation
relationships at the word or phrase level. These trandlation
relationships can then be transformed into the word alignment
information needed in our TWA based TE approach. Therefore, it
is reasonable to rely on word alignment information for TE.

The three less effective TE methods all have their weakness.
KAT is unstable particularly when the translations in the
dictionary are generated automatically, which contains a grest
deal of noise. K1T pays much attention to the information in the
dictionary, and could be too restricted in selecting trandations. If
such selection fails, K1T has no way to recover. Although KFT
selects trandations in the scope of the individual relevant
document, which has a reasonable large context in which to make
selections, it still selects just one translation. Like K1T, this could
be too restricted.

In both monolingual and cross-language retrieval, query length
is a factor that affects the performance of RF techniques. For
example, as shown in Table 1, QE worked the best with short T
queries, and its effectiveness decreased with TD and TDN queries.
When the query is along query, pre-translation QE even hurts the
results. TE is affected by query length as well. For example,
CLIR-TWA performed the best with long TDN queries, and was
significantly better than with the short T queries. However,
whatever the query length is, all the four TE methods get positive
results. Therefore, it seems that TE and QE are most effective
with different query length, which is another motivation to
combine these two in one CLIR.

Table 3: MAP of the two new runswith short, medium, and
long queries. MAP of MONO-BASE, CLIR-QE and CLIR-
TWA are copied from Table 1 for comparison purpose

MAP
Run 1D T TD  TDN
MONO-BASE 04739 05817 06215
CLIR-QE 04415 05080 05182
CLIR-TWA 03992 05340 05818
CLIR-TEQE 04748 05905 05972
MONO-QE 05575  0.6255  0.6364

4.3 Experimentson Integrating TE and QE

with Pseudo RF

In this section our goa is to study whether it is beneficia to
integrate TE and QE in CLIR. We will examine this question with
pseudo RF. For this part of the experiments, we conducted another
two runs with the same resources stated in Section 4.1:

Integrated TE and QE run (CLIR-TEQE): arun combined the
best method of TE, which is the word aignment approach, with
the best QE method, which is post-trandation QE.

Higher Monolingual Baseline (MONO-QE): a monolingual
baseline run with query expansion.

As shown in Table 2, and then further elaborated in Table 3, it
makes sense to combine TE and QE in CLIR. First, the combined
run CLIR-TEQE outperformed CLIR-BASE with significant
improvement over all three types of queries. This is the evidence
that the combination works. More importantly, CLIR-TEQE also

outperformed runs with TE or QE individualy (i.e., CLIR-TWA
and CLIR-QE). Again, some of these improvements were
statistically significant (with T and TD over TE and with TD and
TDN over QE).

The combination of TE and QE (CLIR-TEQE) achieved
comparable results to the monolingua baseline MONO-BASE for
all three types of queries. In the case of TD queries, CLIR-TEQE
even exceeded the monolingual run. Of course, these runs still
cannot outperform the higher monolingual baseline MONO-QE.

Another interesting point is that CLIR-TEQE showed relatively
stable performance with all three types of queries. Different to TE
that works better with long queries than short queries, and to QE
that works well with short queries but is losing performance with
long queries, the combined run performed consistently
comparable to the monolingual run with all three types of queries.
It seems that the combination helped to use one's advantages to
overcome the limitations of the other. Therefore, we can conclude
that it is beneficial and effective to combine TE with QE.

There could be questions about the improvement obtained by
TE over the smple CLIR baseline. For example, one criticism
could be that the reason that TE obtained significant improvement
is because the CLIR baseline CLIR-BASE is rather low. We
acknowledge that CLIR-BASE is a simple baseline that adopted
CPT as a threshold to control the translation noises and used
probabilistic structured query method. Without any other
performance enhancement method, its performance is lower that
the state of the art of CLIR performance. However, we have also
established several higher baselines (such as CLIR-QE and
MONO-BASE). The performance of TE has been comparable to
CLIR-QE, and close to MONO-BASE even it is based on the
simple CLIR basegline. More importantly, our study of integrating
TE and QE clearly demonstrates that the benefits of TE is not to
use it in isolation, but rather to integrate it with other RF
techniques such as QE. The combinations of TE and QE have
achieved the state of the art CLIR performance, which is around
95% of monolingual retrieval. In addition, it is important to know
that TE can help to resolve OOV terms too.

Table 4: Comparison of combining translation enhancement
with query expansion (CLIR-TEQE) to monolingual baseline,
CLIR basdlineand CLIR runswith TE or QE alone (*
indicates that the improvement is statistically significant)

MAP
CLIR- Perc. Of  Impr. Impr. Impr.
TEQE MONO-  over over over
BASE CLIR- CLIR- CLIR-
BASE TWA QE
T 100.19%  +42.33%* +18.94%* +7.54%
TD 101.51%  +38.91%* +10.58%*  +16.24%*
TDN 96.09% +27.04%*  +2.65% +15.25%*

4.4 TE Experiment with Interactive RF

Through Sections 4.2 and 4.3, we have established that TE isa
valid and effective RF method for CLIR. However, al those
experiments were conducted using pseudo-relevance feedback
(PRF) information. We do not know whether it would make any
difference if the relevance feedback information is from users
directly, that is with the interactive RF condition. We therefore



tested the TE methods with IRF information. Because we are till
interested in TE's effectiveness, and based the evaluation ideas
tried in the previous TREC HARD experiment [1], we used the
evaluation measures for judging ranked retrieva results rather
than the measures that are more user-oriented.

The test collections and the CLIR system used in this
experiment were the same as in the previous PRF experiments. To
elicit relevance judgments from users, we again followed the
HARD experiment design. Instead of asking users to issues
queries to obtained initial search results, we asked users to
perform relevance judgments on the top 20 documents generated
by our system. To more closely resemble the real search process
where users' queries are short, we only used the results from short
T queries. We aso only examined the TE method based on word
alignment. We had to reduce the number of topics to 40 because
the remaining 4 topics had zero relevant documents in the top 20
returned documents. It makes no sense to ask users to select
relevant documents from those results.

Eight native English speakers from University of Pittsburgh
were recruited to participate in the experiment. Six of them were
master students, one was a PhD student, and one was an
undergraduate. Five were female, and the average age was 24.6
years old. Five of them have taken IR course before. The average
time they spend on online searching was 2 hours per day. The
average degree of how confident they feel in being able to locate
specific information was 4 with 5 as the highest confidence value
and 1 asthe lowest.

The whole experiment lasted for 120 minutes for each person.
Each participant was given 10 topics to judge. Their tasks were to
go through the 20 retrieved documents denoting one of the three
possible judgments. “not relevant”, “somewhat relevant”, and
“highly relevant”. The default value is “not judged”. They had a
maximum of 10 minutes to finish a topic. Topic alocation was
carefully designed so that each topic was judged by 2 participants.
There was also time allocated for training, breaks, and completion
of questionnaires. Our logging ability included using the screen
capture tool Camtasia Studio™.

Our relevance judgment interface (see Figure 3) provided
adequate cues to the participants: (1) topic descriptions were
printed out for users to consult during judgments; 2) the query
used to generate the results were displayed at the top of the screen;
(3) English surrogate of each returned document is displayed too.
The surrogate consists of three sentences that contain the most
query terms extracted from MT document, and the sentences were
displayed according to their origina sequences in the documents.
Query terms inside the surrogates were highlighted; (4) if the user
requested it, the full text of the returned documents and their
corresponding MT version were displayed in a pop-up window.
Query terms and their trandations were highlighted in the pop-up
window too.

In our handling of IRF information for TE, we took advantage
of the facts that we had 2 relevance judgments on each document
for a given topic, and that the judgment had three levels of
relevance degree. Formula (5) shows how we assigned weight w
to arelevant document k.

19 hitp://www.techsmith.com/camtasia.asp

2N*S 4

ie{ high,some,none}
2N,

Je{ high,some, none}

W, =

where Npign is the number of users who judged “highly relevant”
for document Kk; Ngme iS the number of users who judged
“somewhat relevant”; Npone IS the number of users who judged
“not relevant”; Sy is the score (set as 4 here) given to a highly
relevant document; Sgme IS the score (set as 1) given to a
somewhat relevant document; S, iS the score (set as 0) given to
anon-relevant document.
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Figure 3: The interface for user making relevance judgments
on sear ch results

To examine how well the interactive RF information worked,
we calculated the precision (P) and recall (R) of the judgments
across all the topics and users. Here precision is the ratio of the
number of correctly identified “relevant” documents over the total
number of identified documents which is 20 in this experiment.
Recall is the ratio of the number of correctly identified “relevant”
documents over the actual number of relevant documents based
on the ground truth in the top 20 documents. When calculating the
numbers of “relevant” documents, we followed the “strict” and
“loose” relevance judgment approach of converting three levels of
relevance judgments into two levels [11]: “strict” relevance
judgment treats “ somewhat relevant” documents as the part of the
“not relevant” documents, whereas “loose” relevance judgment
treats “somewhat relevant” documents as the part of the
“relevant” documents. As shown in Table 7, because the
calculations of both the strict and loose relevance methods
generate precision and recall values greater than 0.7, it is
reasonable to state that the RF from usersisreliable.

Before we performed TE on IRF data, we further removed
ancther 3 topics because none of the participants marked any
relevant document for them. Therefore, the reports presented
below are from the remaining 37 topics. For this part, three runs
were performed:

CLIR Basdine with IRF (USER-CLIR-BASE): an IRF run
used 37 English queries to retrieve Chinese documents without
using any QE or TE technique.



CLIR TE with IRF (USER-CLIR-TE): an IRF run with TE
using word alignment.

CLIR TE with PRF (BLIND-CLIR-TE): a PRF run that is
identical to CLIR-TWA but the results reported here are based on
the 37 topics.

Table5: Performance of user’srelevance judgments

P R
Strict Relevance | 0.8411 0.7397
L oose Relevance | 0.7327 0.9274

Table 6: Comparison for therunswith IRF and PRF (*
indicates that the improvement is statistically significant)

Impr. over Impr. over
USER- BLIND-
RunlD MAP 1 cLIR- CLIR-TE
BASE
USER-CLIR-BASE 0.3945
USER-CLIR-TE 0.4533 | +14.91%* +2.65%
BLIND-CLIR-TE 0.4416 | +11.94%*

As shown in Table 6, similar to TE based on PRF, the TE run
based on IRF (USER-CLIR-TE) outperformed the corresponding
CLIR baseline (USER-CLIR-BASE), and the improvement is
statistically significant. Comparing to the TE run using PRF
information (BLIND-CLIR-TE), USER-CLIR-TE also earned a
level of 2.65% relative improvement, although the difference is
not statistically significant. This demonstrates that TE is a valid
and effective method for interactive RF too, and that the users
relevance judgments can be a better RF source that PRF.

5. CONCLUSION AND FUTURE WORK

In this paper, translation enhancement is proposed as a novel
RF technique for CLIR. Based on the experiment results, al four
TE approaches are found to be effective. However, only the TWA
approach achieved competitive performance as compared to QE,
the most commonly used RF technique in CLIR. The limited
capability of KAT, K1T, and KFT methods to find translation
relationships accurately in relevant documents is probably the
reason that these three methods showed relatively small
improvements. TWA relies on word alignment to provide more
accurate trandation relationships, which increased its
effectiveness. The effectiveness of TE was examined using both
interactive RF and pseudo RF information, and the improvement
of TE isactualy higher with interactive RF.

Although both TE and QE are RF techniques, they actually
improve CLIR performance at different retrieval stages. In
addition, our studies show that TE is more suitable for long
queries, whereas QE is more useful for short queries. And TE is
more stable than QE when different length queries are processed.
Therefore, the integration of TE and QE is beneficial not only
because more RF information is used, but also because the
retrieval system is more robust for avariety of queries.

Our future work on TE isin three areas. First, by knowing that
the quality of the extracted translation relationships from the

relevant documents is critical, we would like to explore methods
for better extracting the relationships without many extra
resources. Second, we want to explore an integrated model for
both QE and TE because they are complementary RF techniques.
Third, we are in the process of implementing TE into a fully
interactive CLIR system so that we can examine the effectiveness
of TE inamoreredlistic setting.
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