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Abstract

We present a filtering mechanism using two cross-lingual
information extraction (CLIE) systems for improving
document relevance of cross-lingual information retrieval
(CLIR) for queries conforming to predefined templates.
Experiments on retrieving Chinese documents in response
to English GALE" arrest queries show that this approach
can obtain a 12.7% absolute improvement in relevance
(representing a 24.8% relative error reduction) for the top
25 retrieved documents. We also demonstrate that Chinese
IE can provide a valuable supplement to English IE to
enhance retrieval performance.
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1. Introduction

A shrinking fraction of the world’s Web pages are
written in English, and so the ability to access pages
across a range of languages is becoming increasingly
important for many applications. This need is being
addressed in part by the research on Cross-Lingual
Information Retrieval (CLIR), which, given an arbitrary
query stated in one language, seeks to retrieve relevant
documents in one or more foreign languages. CLIR
combines two difficult problems, document retrieval and
term or text translation, and these have limited the
performance of CLIR systems in general.

For some applications, however, we are able to
identify particular types of queries which are of primary
interest to a community of users. In such circumstances
we can optimize the document retrieval function for these
queries, while still using general CLIR mechanisms for
other queries. In this paper we study the benefits of this
optimization.

Specifically, we conducted this study in the context of
the “distillation evaluation” of the GALE program. As
we will describe in more detail below, the evaluation task
involves answering queries with respect to a multilingual
collection, where the queries must conform to one of a
set of query templates. Some of these templates allow for
very general queries, while others involve specific types
of relations or events. We examine one of the more
specific query templates in detail, focusing on the
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problem of retrieving relevant Chinese documents in
response to the (English) query. We compare several
retrieval strategies, using as a baseline keyword-based
retrieval on the English (machine) translations of the
documents, and then adding filters based on the output of
two information extraction systems, one operating on the
Chinese source, the other on the translated documents.
We show in particular the benefits (and some of the
limitations) of using source-language information
extraction for document filtering.

The rest of this paper is structured as follows. Section
2 describes our main research task and experimental
setting. Section 3 briefly describes the previous efforts
made by researchers of using sophisticated linguistic
analysis to enhance IR performance. Section 4 describes
the motivation for our approach. Section 5 presents an
overview of our system architecture and strategies for
using IE to filter out the irrelevant documents. Section 6
presents the experimental results. Section 7 compares our
approach with two possible alternative approaches and
Section 8 then concludes the paper and sketches our
future work.

2. Task and Terminology

Our approach has been evaluated in the framework of the
U.S. Government’s DARPA GALE program. One of the
GALE evaluations (the distillation task) involves
responding to queries based on a set of question
templates (17 templates in GALE 2007). For the
experiments presented here, we used the arrest class of
questions (template number 15, according to the GALE
program). These take the form: “Describe arrests of
persons from X and give their role in the organization”,
in which X is an organization name such as “Peruvian
government”, “Shining Path”, “WorldCom”, “US Federal
Bureau of Investigation”, “Enron Corporation”, “Jemaah
Islamiyah”, “ETA”, “al Qaeda” and “the PLF".

We use the University of Massachusetts INDRI IR
system? as a major component to return the top N
(N<=50 in this paper) relevant documents in response to
a query. We then use a statistical approach to extract
sentences from these documents. Our goal in this paper is
to improve the precision of identifying Chinese
documents relevant to these questions (we don’t consider
the sentence extraction phase in this paper).

2 http://www.lemurproject.org/indri/



We make use of two cross-lingual IE systems
developed around the ACE? evaluations to reach these
goals. ACE defines 8 types of events, with 33 subtypes,
including Arrest-Jail events which cover arrests, capture
events, extraditions, jailing events, incarceration, etc.

3. Related Work

The attempt to marry natural language processing (NLP)
techniques with large-scale IR is not new, but effective
integration of the two remains an open research question.
Researchers have experimented with syntactically
derived word pairs (Strzalkowski et al., 1996; Zhai et al.,
1996; Arampatzis et al., 1998), case frames (Croft and
Lewis, 1987), paraphrases (Duclaye and Yvon, 2003),
part-of-speech tagging (Eichmann 2003), name tagging
(Eichmann 2003; Harabagiu et al., 2005; Katz and Lin,
2003), reference resolution (Harabagiu et al., 2005),
parsing (Smeaton et al., 1994; Harabagiu et al., 2005)
and syntactic relation patterns (Shen et al., 2005) as units
of indexing. However, none of these experiments
resulted in a dramatic improvement in precision or recall,
and sometimes even resulted in degraded performance.
Note however these efforts aim to handle arbitrary
retrieval queries, whereas we can take advantage of
specific types of query templates. In that regard, our
work is more similar to the document filtering
experiments which are sometimes used to assess
information extraction (Yangarber et al., 2000).

Our spirit of using IE results as a post-processor for IR
is closest to (Schiffman et al., 2007). But we have a
different focus, on the problem of CLIR, whereas they
emphasized the extraction of sentences from English
texts only. They use IR at the first stage to return a small
number of relevant documents; IE results are then used to
select highly relevant words to revise the query for a
second retrieval pass. But in our cross-lingual
environment, the candidate documents returned by IR
engine are much more noisy, therefore we use IR in high
recall mode to return a large collection, then use
extracted events to filter the irrelevant documents to
improve precision. Our work can be considered as an
application of the filtering approach in (Hakkani-TUr et al.,
2007) in a cross-lingual environment.

4. Motivation

Despite the intuition that linguistically sophisticated
techniques should be beneficial to IR, real gains in
performance have yet to be demonstrated empirically in a
reliable manner. We believe that the key to effective
application of NLP technology is to selectively employ it
in situations where we can expect to improve
performance, without abandoning simple techniques. We
felt that these template-based queries offer such an
opportunity.

The setting of template-based CLIR has encouraged
the development of CLIE systems, but it also raises the
issue of the best approach for CLIE performance. We can
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employ the following two cross-lingual IE (CLIE)
pipelines to process Chinese documents:

MT_English IE: Translate Chinese texts into English, and
then run English IE on the translated texts.

Chinese IE_MT: Run Chinese IE on the Chinese texts, and
then use MT word alignments to translate (project) extracted
information into English.

In the mono-lingual environment English IE systems
generally perform better than Chinese IE, so it’s natural
to apply English IE. However, Chinese is linguistically
very different from English and statistical MT
performance for Chinese-English is still quite poor.
Therefore the process of applying English IE on MT
output becomes much more lossy than on English
documents.

In order to quantify the information lost by MT, we
count the number of “arrest” event trigger words (A
trigger is the word that most clearly expresses the event
occurrence) which have associated arguments, detected
from 19 ACE Chinese texts, and their overlap with the
true events. The results are shown in Figure 1.
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2

Chinese IE

Reference
MT English IE

Figure 1. Number of event triggers with arguments

We can see that applying English IE on MT provides
high precision (only 2 of 32 extracted events are not in
reference), but only covers a small fraction (30/74) of the
key events. On the other hand, by bypassing MT,
Chinese IE can be a useful supplemental procedure,
recovering 40 correct events missed by English IE,
although it has lower accuracy (9 wrong events were
generated at the same time).

In the following we use two translated example texts,
to give more intuition about how these relevant events
were missed by MT.

Example 1:

[Query] Describe arrests of persons from [al Qaeda] and
give their role in the organization.

[Chinese Text] [l 7] HEFHT #1175 1 AT 7R 18 i i A 4]
R, IR G7E ) B T B2 25 7 B 5

[Text Machine Translation] DUBAI Arab news channel,
reported yesterday that the terrorist organization Al-Qaida



second, Osama's right-hand man, Abdurrahman Wahid in
Iran.

[Text Reference Translation] (DUBAI) Arab News Channel
reported that Zawahiri, the second most important person of
Al-Qaeda and Osama's right-hand man, was arrested in Iran.

Example 2:

[Query] Describe arrests of persons from [the PLF] and give
their role in the organization.

[Chinese Text] #7RE, “[IHHHIMEIRIELE” STFA LT
I EF5 A FTRBHI LT P # 56 F 3 o
[Text Machine Translation] According to reports, PLF

leader Abbas in Baghdad outside the residence of the US
military.

[Text Reference Translation] According to reports, the
leader of the PLF, Abbas was arrested by the US military in
his residence in the outskirts of Baghdad.

Although the organization names “al Qaeda” and
“PLF” in these queries are correctly translated, the event
trigger words representing “arrest” are missing. In
example 1, the “arrest” trigger “ % M (fall into
meshwork)” is fairly rare and metaphorical; in example 2,
MT met difficulty probably because of the re-ordering of
phrases. In these cases, applying IE directly on source
(Chinese) texts could help.

To sum up, combining both CLIE pipelines could
allow us to incorporate information from a much wider
knowledge base, spanning both the original and the
translated documents. In the following section we will
describe the algorithms to capture these intuitions.

5. System Architecture

5.1 System Overview

The overall system pipeline is presented in Figure 2.
We split document retrieval into a two-stage process. The
first stage simply applies cross-lingual IR, without any IE
knowledge, and initially retrieves the top N (N<=50)
documents for each query. Then we use the events
detected from CLIE as additional constraints to
determine whether a document is relevant or not. In the
following we shall present the system components and
detailed filtering algorithm.

5.2 Machine Translation

Both CLIE systems need machine translation to translate
Chinese documents (for English IE) or project the
extraction results from Chinese IE into English. We use
the RWTH Aachen Chinese-to-English machine
translation system (Zens and Ney, 2004) for these
purposes. It’s a statistical, phrase-based machine
translation system which memorizes all phrasal
translations that have been observed in the training
corpus. It computes the best translation using a weighted
log-linear combination of various statistical models: an
n-gram language model, a phrase translation model and a
word-based lexicon model. The latter two models are

used in source-to-target and target-to-source directions.
Additionally, it uses a word penalty and a phrase penalty.

The model scaling factors are optimized on the
development corpus with respect to the BLEU score
similar to (Och 2003). Almost all bilingual corpora
provided by LDC were used for training, which account
for about 200 million running words in each language.
Language modeling used the English part of the bilingual
training corpus and in addition some parts of the English
GigaWord corpus. The total language model training
data consists of about 600 million running words.

This MT system produces a translation for each source
document, and also the word-to-word mapping derived
from phrase-based alignment.

Chinese

Texts English

Query

[ Chinese IE ] [ MT ]

Chinese
Events

[ English IE ]

Candidate
Texts

Filter

Relevant
Texts

Figure 2. System Architecture

5.3 Baseline Cross-lingual IR

For an English query, we use the INDRI retrieval system
(Strohman et al., 2005) to identify the top N translated
documents, ranked by IR score. INDRI combines
language modeling and inference network approaches in
an architecture designed for large-scale applications.
INDRI expands the query by keyword parsing, operator
conversion, and date/numeric word processing. Like
most other IR systems, INDRI is task independent and
does not perform any deep analysis that particularly
addresses the event information. However, since the
query templates are known in advance, it has been
possible to hand-craft queries for each template,
incorporating additional keywords into the query (for
example, adding “apprehend” and other related terms to
the arrest query).
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We present the training and test procedures for the two
IE systems as follows. Both of them are trigger-based
and use pattern matching.

The English IE system combines pattern matching
with statistical models (Grishman et al., 2005). For every
instance of an event in the ACE training corpus, we
construct two types of patterns representing the
connection between the trigger word and the event
arguments, and record the type and subtype of the
associated event. One pattern is the sequence of
constituent heads separating the trigger and arguments.
The other pattern is the predicate-argument structure
(Meyers et al., 2001) connecting the trigger to all the
event arguments. For each argument, we record its ACE
type and subtype and its head. In addition, we train a set
of MaxEnt classifiers to distinguish events from non-
events, to classify events by type and subtype, to
distinguish arguments from non-arguments, and to
classify arguments by argument role. In the test
procedure, each document is scanned for instances of
triggers from the training corpus. When an instance is
found, we first try to match the environment of the
trigger against the set of patterns associated with that
trigger. This pattern-matching process, if successful, will
assign some of the phrases in the sentence as arguments
of a potential event. The argument classifier is applied to
the remaining roles in the sentence; for any passing that
classifier, we use the role classifier to assign a role to the
mention. Finally, once all arguments have been assigned,
we apply the event classifier to the potential event; if the
result is successful, we report this as an event instance.

The Chinese IE system is based on patterns semi-
automatically extracted from the ACE training corpus.
For each event instance we replace the trigger word by
its event type and subtype, and each argument by its
entity type. Then we apply the Purdue University POS
tagger (Huang et al., 2007) and chunker (Harper et al.,
2005) on each event training instance. Then we edit the
patterns by hand, replacing tokens by their POS tag,
chunk type, or a wild card or deleting them entirely if
they are not relevant to detecting the event type. Some
patterns are collapsed, and some patterns which appear
too specific or too general are deleted. To ensure that
patterns are not over-generalized by the hand editing, the
training corpus is split in two and patterns derived from
one half are, after hand editing, applied to the other half
to review their accuracy in event prediction. In the test
procedure, each document is annotated with POS tagging
and chunking, and then scanned against the patterns
derived from the training corpus. Unlike the English 1E
system, currently we don’t have statistical models
following pattern matching.

5.5 Filtering Approach

In the GALE task we are given templates for queries in
advance. When a template-based query is submitted to
this IR engine, one challenge is determining the number
of relevant documents that can be used for template-

based question answering from the information retrieval
output. This is problematic since it is hard to know the
optimal value that holds for all queries. Sometimes a
query has only one relevant document in the huge
document repository and sometimes thousands. If the
sentence extraction system processes a larger number of
returned documents, this is expected to result in a higher
number of false alarms unless document level processing
is available.

One solution might be getting fewer documents from
IR but this may result in poor recall. Alternatively one
could exploit document and argument scores returned by
INDRI. Here, the argument score reflects matches
between the document and the value of the slots in the
queries. However the document and argument scores
usually have different dynamic ranges depending on the
query and it is not easy to perform thresholding that
works optimally for all queries using them.

Therefore, we use an intermediate processing stage
between the IR engine and the sentence extraction
module, to filter out irrelevant documents. The basic idea
is as follows: Since the distillation query templates are
known beforehand, it is sometimes possible to associate
expected document contents with one or several types of
ACE event annotations. For example for:

Query template 15: Describe arrests of persons from
[organization] and give their role in the organization.

the relevant document must have the ACE event of
subtype Arrest-Jail. Since the CLIE systems provide
such annotations from both source language and
translated documents, the post-processing stage needs to
check only whether the event mentioned in the query
appears in the documents returned by IR. A more
extensive version can also require that the organization
name specified in the query be present in the returned
document. However, in this work, we only considered
filtering according to event types and subtypes.

6. Experimental Results

In this section we shall present the results of applying
this method to improve GALE cross-lingual document
retrieval.

6.1 Data

We evaluated our approach by using 12 example queries
of GALE template 15 to retrieve documents from the
English machine translation of the TDT5 Chinese corpus
consisting of 56,485 newswire texts from four different
news agencies. For each query the baseline IR system
returns the top N (N<=50) documents, in total 421
documents.

Then these documents were manually labeled as
relevant or not-relevant by one of the authors to construct
the reference set for the evaluation. The decisions were
made against the original Chinese documents, using the



rules in the GALE annotation guidelines*. For example, a
document describing “the history of the Muslim
Brotherhood” (e.g. “The Muslim Brotherhood is viewed
as the second strongest political force in Egypt”) is not
relevant to the query for X= “the Muslim Brotherhood”.
We did not judge against MT output because when the
translation quality is poor that procedure tends to be too
subjective and MT system-specific. In total 130
documents were judged as relevant.

6.2 Evaluation Metric

6.2.1 Precision, Relative-Recall and F-Measure

We use the traditional IR metrics, precision and relative-
recall, to evaluate our approach. As we have noted, the
INDRI engine was set to return a maximum of 50
documents per query, and alternative results were
obtained by filtering the set returned by INDRI.
Consequently, for evaluation purposes our ‘relevant
document set’ R was the subset of these 50 (or fewer)
documents per query judged to be relevant. The baseline
system therefore had a maximum relative recall of 100%.

If the system (with filtering) returns document set D,
then precision and relative-recall can be defined as
follows:

#(D NR)

Precision =
#D

#(D NR)
Relative Recall =

#R
F-measure combines these two metrics:

2*Precision * Relative_Recall

F-Measure =

Precision + Relative Recall

6.2.2 Search Length i

We also use the Search Length i Measure (Cooper, 1968)
to measure user effort in terms of the number of non-
relevant documents that a user must examine before
finding i relevant documents. In our study we seti=5.

6.3 Overall Performance
Figure 3 presents the overall precision and relative recall
for the baseline and after adding cross-lingual IE to filter
the irrelevant documents. The numbers on the curve
show the F-measure (%) scores when N (the number of
documents returned by INDRI) = 10, 20, 30, 40 and 50.
We can see that using English 1IE on MT output does
indeed help achieve significant improvements in
precision, but also relatively large loss in recall. Then by
adding Chinese IE at the end, the system dramatically
boosts recall, with a small loss in precision. As N

4http://projects.ldc.upenn.edu/gale/DistiIIation/DistiIIationTrainingDataGuideIine
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increases, the overall improvement in F-measure
increases from 4.8% to 18.8%.
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Figure 3. Overall Precision/Relative-Recall

6.4 Performance Breakdown
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Figure 4. F-Measure for Each Query When N=25

We then performed experiments to evaluate the impact of
IE on each query, with a fixed N=25°. Figure 4 shows the
results. Overall the F-measure increases from 48.8% to
50.5% by using English IE on MT, and increases to
61.5% by further adding Chinese IE.

Except for the small losses for queries 3, 5 and 11, IE
produces clear improvements for all the other nine
queries, with 1.5%-36.3% gain in F-measure. By adding
Chinese IE, the F-measures for all the queries except for

5 We assume N=25 reflects the number of texts a user would look at for a
document retrieval task.



query 2 are significantly boosted. In the contrast, the
performance by adding only English IE is much less
consistent.

In order to check how robust our approach is, we
conducted the Wilcoxon Matched-Pairs Signed-Ranks
Test on relevance F-measures for these 12 queries, for all
the retrieved documents (N<=50). The results show that
we can reject the hypothesis that the improvements using
IE were random at a 94.6% confidence level, and reject
the hypothesis that the improvements by adding Chinese
IE were random at a 94.5% confidence level.

6.5 User Effort Measure

For the 8 queries which retrieved at least 5 relevant
documents, we measure their search length with i=5 as
defined in section 6.2.2. In general, our approach using
IE knowledge significantly outperforms the baseline,
reducing the mean of search length from 1.625 to 0.375.

6.6 Error Analysis

Getting a reasonably complete set of patterns (linguistic
expressions) for an event type is inherently difficult.
Gaps in the pattern sets used by IE lead to the filtering
out of relevant documents:

Example 3:

[Query] Describe arrests of persons from [Hezbollah] and
give their role in the organization.

[Chinese Text] 2000 410 /7 LI F 358 C# 4 i id ¢
LIFE A
[Text Reference Translation]: Since October of 2000, four

Hezbollah members have been (detained and seized) by the
Israeli army.

The arrest event was missed because the trigger
compound word “#/1# (detain and seize)” doesn’t appear
in the ACE training data.

Other errors reflect the drawbacks of not using richer
CLIE outputs:

Example 4:

[Query] Describe arrests of persons from [Peruvian
government] and give their role in the organization

[Chinese text] ZEAYZE 0 2 77 30 [ & 47 7 i 5 17 S5 4 o
186.3 272U AL, TFEHG 5 FIRAFIREEN o H7 EE 07 H
I, 5 EIRFFIFFEN L8 5 1 BRI 551t »
HTERE 1T R, BRI PRI L2 56 [FL TR

[Text Reference Translation] On 30th Bolivian Police
announced that 186.3 kilogram of pure cocain were captured
in the middle of the country, and five suspects of selling
drugs were arrested. According to the policeman Louis ,these
suspects often collected drugs in Boliva, and regularly
shipped to Peru, and then sold to America and Europe..

The document is not relevant to the query because
“Peru” is not an event argument of “arrest”. But our filter
mistakenly confirmed it as a relevant text without using
event argument information. Taking advantage of this
information (which is generated by IE) could filter out
some irrelevant documents, but (due to errors in IE

argument output) could also block some relevant
documents.

7. Discussion

7.1 Comparison with Query Expansion

One alternative solution to reduce query/document
mismatch is to add a more extensive list of “arrest”
trigger words to the query. But when such trigger words
are used without context, they may be highly ambiguous,
leading to many false hits. For example, “pursue” can
mean “to follow in an effort to overtake or capture” to
indicate an arrest event: *“US-Britain special troop
pursued Bin Laden”; but it also can mean “to strive to
gain or accomplish” such as “pursue lofty political goals”.

Furthermore, the Chinese ACE 2005 training corpus
includes 43 different “arrest” trigger words, some of
which appear in different forms, noun and verb,
sometimes singular and plural, yielding many different
trigger translations for a given event type (e.g. armies
attack, bombs explode...can all indicate “attack’).

7.2 Comparison with Query Translation

The work described here complements the cross-lingual
question answering (CLQA) research such as (Mitamura
et al., 2006). They presented an English-to-Chinese QA
system that translates the query from English to Chinese
and then searches the translated query among Chinese
documents. Combining this approach into our framework
can magnify the gains possible with IE for cross-lingual
IR.

However, as Mitamura et al. mentioned, the English to
Chinese translation accuracy is low because of word
sense ambiguities as well as regional language
differences for Chinese. In our task the main difficulty of
applying this approach is to properly translate English
names into Chinese. In particular, many names in our
task are written in abbreviations, such as “ETA” and “the
PLF”, which will be difficult to translate/expand into
Chinese. The regional language difference problem also
commonly exists in English-to-Chinese name translation.
For example, “al Qaeda” is translated into “FEihzH 21"
(based on meaning) in mainland China but “[i /R #%iA”
(based on its pronunciation) in Taiwan, and “J<f+ik” in
Singapore (based on part of its pronunciation). This
could immediately lead to failure in document retrieval
using a query-translation approach.

8. Conclusion and Future Work

We identified the linguistic phenomena that cross-lingual
IR has difficulty with, even with predefined query
templates, and demonstrated that IE enables us to
successfully handle these difficulties by effectively
exploiting events that can be reliably extracted from texts
and matching queries with documents at the event level,
thereby significantly improving precision of document
retrieval with little loss in recall.

The experiments suggest that some further gains can
be achieved through employing richer IE results such as



event arguments, combining this with additional shallow
linguistic features such as the positions of events, titles,
document structure, document topic and name
concurrence. We are also interested in applying the
filtering approach to the snippet (sentence and sub-
sentence) retrieval system described in (Hakkani-Tur and
Tur, 2007).
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