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Abstract Airport as Liverpool John Lennon Airportentails
the expected answélfoko Ono is John Lennon’s
This paper describes the Second PASCAL  widow”. Similarly, semantic inference needs of
Recognising Textual Entailment Chal-  other text understanding applications such as Infor-
lenge (RTE-2). We describe the RTE- mation Retrieval (IR), Information Extraction (IE),
2 dataset and overview the submissions  and Machine Translation evaluation can be cast as

for the challenge. One of the main  entailment recognition (Dagan et al., 2006).
goals for this year's dataset was to pro-

vide more “realistic” text-hypothesis ex- Textual entailment may serve as a unifying
amples, based mostly on outputs of ac- generic framework for modeling semantic inference,

tual systems. The 23 submissions for the  Which so far have been addressed independently by
challenge present diverse approaches and separate application-specific research communities.
research directions, and the best results Its formulation as a mapping between texts makes
achieved this year are considerably higher it independent of concrete semantic interpretations,
than last year’s state of the art. which then become a mean rather than the goal. For
example, in word sense disambiguation, it is not al-
ways easy to define explicitly the righet of senses

to choose from. In practice, however, it is suffi-
1.1 Textual entailment recognition cient for most applications to determine whether a

Textual entailment recognition is the task of decidWord meaning in a given contexéxically entails
ing, given two text fragments, whether the mean@nother vv_ordr For instance, the occurrence of the
ing of one text is entailed (can be inferred) from0rd “chair” in the sentencélKEA announced a
another text (see section 2.2 for the specific opeP€W comfort chairentails’furniture” , while its oc-
ational definition of textual entailment assumed iffU’"€nce In the sentent®IT announced a new CS
the challenge). This task, introduced by Dagan arfd@" POsition” does not. Thus, proper modeling of
Glickman (2004), captures generically a broad randg)gcal entailment in context may alIewgt_e the _need
of inferences that are relevant for multiple applical© Intérpretword occurrences into explicitly stipu-

tions. For example, a Question Answering (QA)ated senses.

system ha§ to identify te?<ts that' entail the expected Eventually, we hope that research on textual en-

ar_13wer."G|ven the 9uest|dMVho IS thn Lennon's aiiment will lead to the development of entailment

widow?”, the text "Yoko Ono unveiled a bronze “engines”, which will be used as a standard module

staflie of her !ate husbgnd, John Len1non_, to coma many applications (similar to the role of part-of-

plete the official renaming of England's LIVerpoo'speech taggers and syntactic parsers in current NLP
http://www.pascal-network.org/Challenges/RTE2 applications).

1 Introduction



1.2 The First RTE Challenge 2 The RTE-2 Dataset
The first PASCAL Recognising Textual Entailmenty 1 Qverview

Chal!enge (RTE-1), (Dagan et al._, 2006) mtrodggec}he RTE-2 dataset consists of 1600 text-hypothesis
the first benchmark for the entailment recognition

task. The RTE-1 dataset consists of manually COEZICI:E' g(')\::?;gi:]mosgg ev;lr(;pm\ilr;[ ?(fltlo?/\r/]: dat:]eestbsae_t,
lected text fragment pairs, termeekt (t) (1-2 sen- 9 pairs.

. sic setting of RTE-1: the texts consist of 1-2 sen-
tences) andhypothesis (hjone sentence). The par- :
o . . ences, while the hypotheses are one sentence (usu-
ticipating systems were required to judge for eac

pair whethett entailsh. The pairs represented suc-a”y shorter). .
: . . : . We chose to focus on four out of the seven appli-
cess and failure settings of inferences in various ap-

. oy . cations that were present in RTE-1: Information Re-
plication types (termettasks”), including, among

others, the QA, IE, IR, and MT evaluation describe&Ievall (.IR)’ Information Ex.tractlon (IE), Quesn_on
above. nswering (QA), and multi-document summariza-

: . : _tion (SUM®). Within each application setting the an-
The challenge raised noticeable attention in ( ) ch applice 9
. . .. notators selected positive entailment examples (an-
the research community, attracting 17 submissions .
. . notatedYES, wheret does entaih, as well as neg-
from diverse groups. The relatively low accuracy .. .

achieved by the participating systems suggested that{ve examples (annotateddO), where entailment
. participating sy 199 . does not hold (50%-50% split, as in RTE-1). In

the entailment task is indeed a challenging one, wit

: . otal, 200 pairs were collected for each application

a wide room for improvement. It was followed by an. , oL
. ) in each dataset. Each pair was annotated with its

ACL 2005 Workshop on Empirical Modeling of Se- . .

. . . related task (IE/IR/QA/SUM) and entailment judg-
mantic Equivalence and Entailment. The challenge .
. . “ment (YES/NO, released only in the development
and its dataset motivated further research on empiri- o
. . . .set). Some of the pairs in the development set are
cal entailment, which resulted in a number of publi-

cations in recent main conferences listed in Table 1.
' The examples in the dataset are based mostly on

outputs (both correct and incorrect) of Web-based

. _ systems, while most of the input was sampled from
Following the success and impact of RTE-1, th@yisting application-specific benchmatks Thus,

main goal of the second challenge was t0 SUPPOfhe examples give some sense of how existing sys-
the continuation of research on textual entallmen{ems could benefit from an entailment engine post-

Our main focui in c're.atjng the RTE-2 Qataset was tBrocessing their output. The data collection pro-
provide more "realistic” text-hypothesis exampleScequre for each task is described in sections 2.3
based mostly on outputs of actual systems. As in thg,q,gh 2.6.

previous challenge, the main task is judging whether
a hypothesi# is entailed by a text The examples 2.2 Defining and judging entailment

represent different levels of entailment reasoningue consider an applied notion of textual entailment,

such as lexical, syntactic, morphological and logigefined as a directional relation between two text
cal. Data collection and annotation processes WefE, gments, termed - the entailing text, and - the

improved this year, including cross-annotation of thg ,7ijed text. We say thatentailsh if, typically, a
examples across the organizing sites (most of the,man reading would infer thath is most likely
pairs were triply annotated). The data collection ang e - This somewhat informal definition is based
annotation guidelines were revised and expanded. }j, (and assumes) common human understanding of
order to make the challenge data more accessib|§m§wage as well as common background knowl-

we also provided some pre-processing for the eXqqe  Textual entailment recognition is the task of
amples, including sentence splitting and dependen@éciding givert andh, whethett entailsh.
parsing.

1.3 Goals for the second challenge

- 3Equivalent to the CD task in RTE-1
2A list of related publications can be found at “See the Acknowledgments section for a complete list of
http://www.pascal-network.org/Challenges/RTE2/Introductionsystems and benchmarks used



ID | Text Hypothesis Task | Judgment
. D] | | | |

77 | Google and NASA announced a work-Google may build a cam- SUM YES
ing agreement, Wednesday, that couldus on NASA property.
result in the Internet giant building a
complex of up to 1 million square feet
on NASA-owned property, adjacent {o
Moffett Field, near Mountain View.
110 | Drew Walker, NHS Tayside’s public A case of rabies was con- IR NO
health director, said: “It is important to firmed.
stress that this is not a confirmed case of
rabies.”
294 | Meanwhile, in an exclusive interview Ahmadinejad is a citizen IE YES
with a TIME journalist, the first oner of Iran.
on-one session given to a Western print
publication since his election as presi

dent of Iran earlier this year, Ahmadine-

jad attacked the “threat” to bring the
issue of Iran’s nuclear activity to the
UN Security Council by the US, France,
Britain and Germany.
387 | About two weeks before the trial Shapiro works in Century QA YES
started, | was in Shapiro’s office in Cen-City.
tury City.
415 | The drugs that slow down or haltAlzheimer's disease i$ IR YES
Alzheimer’s disease work best the eartreated using drugs.
lier you administer them.
691 | Arabic, for example, is used denselyArabic is the primary lanqi QA NO
across North Africa and from the East-guage of the Philippines.
ern Mediterranean to the Philippines, jas

the key language of the Arab world and
the primary vehicle of Islam.

Table 1: Examples of text-hypothesis pairs, taken from the RTE-2 development set

Some additional judgment criteria and guidelines  not completely certain) are judged as YES. For

are listed below (examples are taken from Table 1):  instance, in pair #387 one could claim that al-
. _ o _ though Shapiro’s office is in Century City, he

pothesis must be entailed from the given text,  ejsewhere. However, this interpretationtd$
but the text need not be entailed from the hy-  yery unlikely, and so the entailment holds with
pothesis. high probability. On the other hand, annota-
tors were guided to avoid vague examples for
which inference has some positive probability
which is not clearly very high.

e The hypothesis must be fully entailed by the
text. Judgment would be NO if the hypothesis
includes parts that cannot be inferred from the

text.
e Our definition of entailment allows presuppo-

e Cases in which inference is very probable (but  sition of common knowledge, such as: a com-



pany has a CEO, a CEO is an employee of thetandard IR evaluation datasets (TREC and CLEF).
company, an employee is a person, etc. For infexts ) that do or do not entail the hypothesis
stance, in pair #294, the entailment depends omere selected from documents retrieved by differ-
knowing that the president of a country is als@nt search engines (e.g. Google, Yahoo and MSN)
a citizen of that country. for each hypothesis. In this application setting it is
assumed that relevant documents (from an IR per-
spective) should entail the given propositional hy-
This task is inspired by the Information Extractionpothesis.

(and Relation Extraction) application, adapting the _ _

setting to pairs of texts rather than a text and a strué:> ~ Collecting QA pairs

tured template. The pairs were generated using fodnnotators were given questions, taken from TREC-
different approaches. In the first approach, ACEQA and QA@CLEF datasets and the correspond-
2004 relations (the relations tested in the ACE-200ihg answers extracted from the Web by QA sys-
RDR task) were taken as templates for hypothesetems. Transforming a question-answer pair to text-
Relevant news articles were collected as teXts ( hypothesis pair consisted of the following stages:
These collected articles were then given to actudlirst, the annotators picked from the answer pas-
IE systems for extraction of ACE relation instancessage an answer term of the expected answer type, ei-
The system outputs were used as hypotheses, gertber a correct or an incorrect one. Then, the annota-
ating both positive examples (from correct outputsfors turned the question into an affirmative sentence
and negative examples (from incorrect outputs). Iwith the answer term “plugged in”. These affirma-
the second approach, the output of IE systems dive sentences serve as the hypothesgsand the
the dataset of the MUC-4 TST3 task (in which theoriginal answer passage serves as the t@xtKor
events are acts of terrorism) was similarly used texample (pair #575 in the development set), given
create entailment pairs. In the third approach, adhe question'How many inhabitants does Slove-
ditional entailment pairs were manually generatedia have?” and an answer textn other words,
from both the annotated MUC-4 dataset and newsith its 2 million inhabitants, Slovenia has only
articles collected for the ACE relations. For exam5.5 thousand professional soldiergt), the annota-
ple, given the ACE relation “X work for Y” and tors picked‘2 million inhabitants” as the (correct)
the text “An Afghan interpreter, employed by theanswer term, which was used to turn the question
United States, was also wounded{), @ hypothe- into the statemerntSlovenia has 2 million inhabi-

sis “An interpreter worked for Afghanistan.” is cre-tants” (h), producing a positive entailment pair. This
ated, producing a non-entailing (negative) pair. liprocess simulates the need of a QA system to verify
the forth approach, hypotheses which corresportfiat the retrieved passage text indeed entails the pro-
to new types of semantic relations (not found irvided answer.

the ACE and MUC datasets) were manually gener- , ,

ated for sentences in collected news articles. The&e® Collecting SUM pairs

relations were taken from various semantic fielddn this settingt and h are sentences taken from a
such as sports, entertainment and science. All thesews document cluster, a collection of news arti-
processes simulate the need of IE systems to recagles that describe the same news item. Annotators
nize that the given text indeed entails the semantigere given output of multi-document summariza-
relation that is expected to hold between the candiion systems, including the document clusters and
date template slot fillers. the summary generated for each cluster. The anno-
tators picked sentence pairs with high lexical over-
lap, preferably where at least one of the sentences
In this application setting, the hypotheses are propavas taken from the summary (this sentence usually
sitional IR queries, which specify some statemenplayed the role of). For positive examples, the hy-
e.g. “Alzheimer’s disease is treated using drugs’pothesis was simplified by removing sentence parts,
The hypotheses were adapted and simplified frommtil it was fully entailed byt. Negative examples

2.3 Collecting IE pairs

2.4 Collecting IR pairs



were simplified in the same manner. This proces3 The RTE-2 Challenge

simulates the need of a summarization system té’ S . ,

. e . . .1 Submission instructions and evaluation

identify information redundancy, which should be

avoided in the summary, and may also increase the ' _ B

assessed importance of such repeated information!he main task in the RTE-2 challenge waassifi-
cation — entailment judgement for each pair in the

2.7 Creating the final dataset test set. The evaluation criterion for this task was

Cross-annotation of the collected pairs was done paceuracy= the percentage OT pairs correctly Judged.
A secondary task wasanking the pairs, accord-

tween the organizing sites. Each pair was judged h

at least two annotators and most of the pairs (75d g to their entailment confidence. In this ranking,

of the pairs in the development set, and all of th(teP]e first pair is the one for which the entailment is

test set) were triply judged. As in RTE-1, we fiIteredmOSt certain, and the last pair is the one for which

out pairs on which the annotators disagreed. The abhe entailment is least likely (i.e. the one for which

the judgment as “NO” is the most certain). A per-
erage agreement on the test set (between each pair . - .
t ranking would place all the positive pairs (for

C
of annotators_who shared at least 100 exampl_es\;nich the entailment holds) before all the negative
was 89.2%, with average Kappa level of 0.78, which . . .

rs. This task was evaluated using #weerage

corresponds to “substantial agreement” (Landis affrs: o .
. precisionmeasure, which is a common evaluation
Koch, 1997). 18.2% of the pairs were removed fro . - . .
. . ._measure for ranking (e.g. in information retrieval),
the test set due to disagreement. The following situ- " ,
) . . and is computed as the average of the system'’s pre-
ations often caused disagreement: - L o :
cision values at all points in the ranked list in which
recall increases, that is at all points in the ranked
list for which the gold standard annotation is YES
(Voorhees and Harman, 1999). More formally, it can

written as follows:

measures

e t gives approximate numbers ahdjives exact
numbers.

¢ t states an asserted claim made by some entity’
and theh drops the assertion and just states the 1 & E(i) x #CorrectUpToPair(i)
claim. For example: R Z ;
t: “Scientists say that global warming is made =1
worse by human beings.” wheren is the number of the pairs in the test Seis
h: “Global warming is made worse by humanthe total number of positive pairs in the test ge¢;)
beings.” is 1 if the i-th pair is positive and 0 otherwise, and
ranges over the pairs, ordered by their ranking (note
o t makes a weak statement, ahdmakes a the difference between this measure and the Confi-
slightly stronger statement about the sameéence Weighted Score used in the first challenge).
thing. Participating teams were allowed to submit results
of up to two systems, and many of the participants

Additional filtering was done by two of the organiz-made use of this option, and provided the results of
ers, who discarded pairs that seemed controversiglyo runs.

too difficult, or redundant (too similar to other pairs).

In this phase, 25.5% of the (original) pairs were re3-2 Submitted systems

moved from the test set. Twenty-three teams participated in the challenge,
We allowed only minimal correction of texts ex-a 35% growth compared to last year. Table 2

tracted from the web, e.g. fixing spelling and punclists for each submitted run the methods used and

tuation but not style, therefore the English of som¢he obtained results. These methods include lexi-

of the pairs is less-than-perfect. In addition to theal overlapping, based on lexicons such as Word-

corrections made by the annotators, a final prooiNet (Miller, 1995) and automatically acquired re-

reading pass over the dataset was performed by oseurces which are based on statistical measures; n-

of the annotators. gram matching and subsequence overlapping be-

(1)

]



System Description
=
2 £
c o
g | £ |2 2 23| =
= 3 b 2 [EIe) =
TlE] 2 |2s| 212|252 ¢
2 |2y |eg| B | 2|22 £
= B S s 8| = g = 125l =
Average g s 3 I g =2 & o = 5
. o % & g g 3 &b 5 - s g
First Author (Group) Accuracy |Precision i & v I & S |g£8] 4
Adams (Dallas) 0.6262 0.6282) X X
. 0.6162 0.6689 X X X
Bos (Rome & Leeds) 56083 0.6043 % X X X X
0.5900 X X
Burchardt (Saarland) CREE X X X X
0.5275 0.5254 X X
Clarke (Sussex) TEE 05360 X
j 0.5763 06131 X X X X
de Marneffe (Stanford) 55050 0.5800] x X X X X
Delmonte (Venice) 0.5475 0.54951 x X X X
. . . 0.5563 0.6089 X X X
Ferrandez (Alicante) 05475 057 43" X X
. 0.5975 0.5663 X X
Herrera (UNED) 55857 X X X
Hickl (LCC) 0.7538 0.8082f X X X X X X X
. 0.5800 0.5751f X X X X
Inkpen (Ottawa) 0.5825|  05816] X | X | X X
) 0.5900 X
Katrenko (Amsterdam) 05713
. ) 0.5725 0.52491 X X X
Kouylekov (ITC-irst & Trento) 05050 0500 6" X X X X
. . 0.5487 0.5589 X X X X
Kozareva (Alicante) 05500 05185 x X X X
. o 3 0.5813
Litkowski (CL Research) 05663
Marsi (Tilburg & Twente) 0.6050 X X X
. 0.5250 0.5052)f X X X X
Newman (Dublin) 05137 05103 x X X X X
| 05288] 05464 X X X
Nicholson (Melbourne) 05088 05053 x X X
. . 0.5962 0.6464 X X X X
Nielsen (Colorado) TSE YTy X X X X
) . 0.5900 0.60471 X X
Rus (Memphis) 0.5837] 0.5785 X
. . 0.5437 X X X X
Schilder (Thomson & Minnesota) 05550 X X X X
Tatu (LCC) 0.7375 0.7133] X X X
Vanderwende (Microsoft Research & 0.6025 po18lfl X X X X
Stanford) 0.5850 0.6170)0 X X X
- . . 0.6388 0.6441l X X X X
Zanzotto (Milan & Rome) 06350 0637 x X X X

Table 2: Submission results and system description. Systems for which no component is indicated used
lexical overlap.



tweent and h; syntactic matching, e.g. relationsure, gets close to 60% in accuracy. Bar-Haim et
matching, and tree edit distance algorithms; seal. (Bar-Haim et al., 2005) also showed by man-
mantic annotation induced using resources such asally analyzing the RTE-1 dataset, that lexical sys-
FrameNet (Baker et al., 1998); logical inference usems are expected to achieve up to around 60%, if we
ing logic provers; statistics computed from local correquire thath is fully lexically entailed from (cov-
pora or the Web (including statical measures avaikred by)t. For the RTE-2 test set, Zanzotto et al.
able for lexical resources such as WordNet); ugound that simple lexical overlapping achieves ac-
age of background knowledge, including inferenceuracy of 60%, better than any other sophisticated
rules and paraphrase templates, and acquisition (daxical methods they tested (Katrenko and Adriaans
tomatic and manual) of additional entailment correport 57% for a slightly different baseline).
pora. Many of the systems derive multiple similarity o
measures, based on different levels of analysis (lext:4 The contribution of knowledge and
cal, syntactic, logical), and subsequently use them as ~ training data
features for a classifier that makes the final decisiorlthough it is clear that deeper analysis is a must for
Overall, the common criteria for entailmentachieving high accuracy, most of the systems par-
recognition weresimilarity betweent andh, or the ticipated in RTE-2 that employed deep analysis did
coverageof h by t (in lexical and lexical syntactic not improve significantly over the 60% baseline of
methods), and the ability tmfer h from t (in the lexical matching. The participants’ reports point out
logical approach). Zanzotto et al. also measureivo main reasons for the shortcoming of current sys-
the similarity between differentt,h) pairs (cross- tems: the size of the training corpus (RTE-2 devel-
pair similarity). Some groups tried to detect nonopment set and the RTE-1 datasets together contain
entailment, by looking for various kinds of mis-less than 2,200 pairs), and the lack of linguistic and
match between the text and the hypothesis. This apackground knowledge.
proach is related to an earlier observation in (Van- It seems that the best performing systems were
derwende et al., 2005), which suggested that it i10se which better coped with these issues. Hickl
often easier to detect false entailment. et al. utilized a very large entailment corpus, auto-
matically collected from the web, following (Burger
3.3 Results and Ferro, 2005). In addition, they manually anno-
The accuracy achieved by the participating systenmated a corpus of lexical entailment, which was used
ranges from 53% to 75% (considering the best ruto bootstrap automatic annotation of a larger lexical
of each group), while most of the systems obtainedntailment corpus. These corpora contributed 10%
55%-61%. Two submissions, Hickl at el. (accuracyo the overall accuracy they achieved. Tatu et al. de-
75.4%, average precision 80.8%) and Tatu at el. (ageloped an entailment system based on logical infer-
curacy 73.8%, average precision 71.3%), stand oahce, which relys on extensive linguistic and back-
as about 10% higher than the other systems. Tlggound knowledge from various sources.
top accuracies are considerably higher than the bestThe success of these systems suggests that per-
results achieved in RTE-1 (around 60%). haps the most important factors for deep entailment
The results show, for the first time, that systemsystems are the amount of linguistic and background
that rely on deep analysis such as syntactic matcknowledge, and the size of training corpora, rather
ing and logical inference can considerably outperthan the exact method for modelibgndh and the
form lexical systems, which were shown to achievexact inference mechanism.
around 60% on the RTE datasets. In the RTE-1 chal-
lenge, one of the two best performing systems was® Per-
based on lexical statistics from the web (GlickmarPer-task analysis shows that systems scored consid-
et al., 2006). Zanzotto at el. experimented witkerably higher on the multi-document summarization
baseline lexical systems, applied to both RTE-1 ansk (SUM). The same trend was observed in RTE-
RTE-2 datasets. For RTE-1 they found that even & for the comparable documents (CD) task, which
simple statistical lexical system, based on IDF meawas similar to the RTE-2 summarization task. For

task analysis



most systems, the lowest accuracy was obtained férdevelopment sets, respectively, for training), and,
the IE task. Katrenko and Adriaans report that simas described above, similar scores were obtained for
ple lexical overlapping was able to predict correctlyboth datasets.

entailment for 67% of the SUM pairs, but only for

47% of the IE pairs. 4 Conclusion and future work

Some of the participants took into account sucq.

. : Pe submissions for the Second PASCAL Recog-
inter-task differences, and tuned the parameters qr . . .
nising Textual Entailment Challenge show growing

their model_s separately for each task._ Given thf%terestinthis applied framework. The considerable
observed differences among the tasks, it seems that . ; hieved withi I
better understanding of how entailment in each tasllznprovement n periormance achieved within only
. o one year is very encouraging, and the diversity of
differs might improve the performance of future sys- L .
em new approaches and research directions introduced
ems. this year seem very promising for further research.
3.6 Additional observations While the setting for the entailment recognition task

Some participants tested their systems on both RTE— RTE-2 followed the same setting of RTE-1, we
P P y expect that the next RTE challenges will introduce

1 and RTE-2 datasets. Some systems performed bet- . . N .
. new settings. One possible direction is to provide
ter on RTE-1 while others performed better on RTE- . : )
: . wider contexts, i.e. expandirigrom 1-2 sentences
2, and the results were usually quite close, with up t% paragraphs or even complete documents
5% difference for either side. This indicates similar '
level of difficulty for both datasets. However, SimpleAcknowledgment
lexical overlap systems were found to perform better
on the RTE-2 test set than on RTE-1 test set - 60%he following sources were used in the preparation
on RTE-2 vs. 53.9% on RTE-1, as reported by Zaref the data:
zotto et al., (although for the RTE-1 development ) )
set they obtained 57.1%). Interestingly, de Marn- ® AnswerBus question answering system, pro-
effe et al. and Zanzotto et al. report that adding the ~ Vided by Zhiping Zheng, Computational Lin-
RTE-1 data to the RTE-2 training set reduced the re- ~ 9uistics Department, Saarland University.
sults, which indicates the variance between the two ~ Ntte://answerbus.coli.uni-sb.de/
datasets (notice that the RTE-1 datasets include three.
tasks not presentin RTE-2. Inkpen at el. showed that
the results somewhat improve if only the compatible
tasks in RTE-1 are considered). Schilder and Thom-
son Mclnnes found that classification using only the
lengths oft andh as features could give accuracy of
57.4%.

In the RTE-2 dataset (both the development set

and the test set), multiple IR pairs were created for 4 columbia NewsBlaster multi-document sum-
a single IR query (wherewas extracted from dif- marization system, from the Natural Language

ferent documents retrieved), and similarly, multiple  processing group at Columbia University’s De-
QA pairs were created for a single question (where  partment of Computer Science.

t was extracted from different answer passages).
Some of the groups (de Marneffe et al., Nicholson et
al.) noted that these dependencies between the pairs NewslnEssence multi-document summariza-
could potentially have a negative effect on the learn-  tion system, provided by Dragomir R. Radev
ing, and somewhat bias the evaluation on the test set. and Jahna Otterbacher from the Computational
In practice, however, there was no evidence that sys- Linguistics And Information Retrieval research
tems perform significantly worse on the RTE-2 test  group, University of Michigan.

set than on the RTE-1 test set (using RTE-2/RTE-  http://www.newsinessence.com/

PowerAnswer question answering system,
from Language Computer Corporation, pro-
vided by Dan Moldovan, Abraham Fowler,
Christine Clark, Arthur Dexter and Justin
Larrabee.
http://www.languagecomputer.com/solutions/
questionanswering/poweanswer/

http://newsblaster.cs.columbia.edu/



e IBM’'s information extraction system, pro- Workshop Chair, Rodolfo Delmonte, for their efforts
vided by Salim Roukos and Nanda Kambhatlaand support, which made this challenge possible.
[.B.M. T.J. Watson Research Center.

e New York University’s information extraction References
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e ITC-irst’s information extraction system, pro- Roy Bar-Haim, Idan Szpecktor, and Oren Glickman.
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