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Abstract. This paper proposes an integration @&ecognizing Textual
Entailment (RTE) with other additional information to deal with thnswer
Validation task. The additional information used in our participationthe
Answer Validation Exercise (AVE 2008) is from named-entity (NE) recognizer,
question analysis component, etc. We have submitted tws, rmme run for
English and the other for German, achieving f-measures 64 @nd 0.61
respectively. Compared with our system last year, whichlputepends on the
output of the RTE system, the extra information does showfféstveness.

1 Introduction and Related Work

Using Recognizing Textual Entailment (RTE-1 — [3]; RTE-2 — [1]) to doAnswer
Validation has shown a great success [9]. We also developed our own RSiénsy
and participated in AVE2007 [12]. The RTE system proposedew rsentence
representation extracted from the dependency structodeytlized the Subsequence
Kernel method [2] to perform machine learning. We have aaddairly high results
on both the RTE-2 data set [10] and the RTE-3 data set [11]ecislly on
Information Extraction (IE) andQuestion Answering (QA) pairs.

However, on the AVE data sets, we still found much space feritttprovement.
Therefore, based on the system we developed last year, divatian this year is to
see whether using extra information, ermamed-entity (NE) recognition, question
analysis, etc., can make further improvement on the firallts.

2 TheRTE System

The RTE system ([10]; [11]) is developed for the RTE-3 Chadle [5]. The system
contains a main approach with two backup strategies. Th& @aproach extracts
parts of the dependency structures to form a new repregamtaamedTree Skeleton,
as the feature space and then applebsequence Kernels to represent TSs and
perform machine learning. The backup strategies will deti whe T-H pairs which
cannot be solved by the main approach. One backup strategylesi Triple Matcher,



as it calculates the overlapping ratio on top of the depecystructures in a triple
representation; the other is simplyBag-of-Words (BoW) method, which calculates
the overlapping ratio of words i andH.

3  TheAVE System
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Fig. 1. Our AVE system uses the RTE systeifie(a — Textual Entailment Recognition for
Application) as a core component. The preprocessing module mainly dgesstions, their
corresponding answers, and supporting documentsTiexo(T)-Hypothesis (H) pairs, assisted
by some manually designed patterns. The post-processidglm@.e. theAnswer Validation in
the picture) will validate each answer and select a mostggrope based on the output of the
RTE system. The new modules added areNEeRecognition andQuestion Analysis. Thus, we
will have extra information like NEs in the answeExpected Answer Types (EATS).

3.1 Preprocessing and Post-processing

Since the input of the AVE task is a list of questions, theiresponding answers and
the documents containing these answers, we need to adaptrtteeT-H pairs for the
RTE system. In order to combine the question and the answeranstatement,
manually construct some language patterns for the inpustipunes (cf. [12] for more
details). The constructefl-H pairs can be the input for any generic RTE systems. In
practice, after applying our RTE system, if theH pairs are covered by our main
approach, we will directly use the answers; if not, we wile wsthreshold to decide
the answer based on the two similarity scores and togethbrothier information (see
the following subsection).

The post-processing is straightforward, the “YES” entaifin cases will be
validated answers and the “NO” entailment cases will bectefbanswers. In addition,
the selected answers (i.e. the best answers) will natusellhe pairs covered by our
main approach or (if not,) with the highest similarity scare



3.2 Additional Components

The RTE system is used as a core component of the AVE systesedBm the error
analysis of last year’s results, this year, we use additionenponents to filter out
noisy candidates. Therefore, two extra components aredatbdihe architecture, the
NE recognizer and the question analyzer. For NE recogniti@use StanfordNER [4]
for English and SMES [8] for German; and for question analysie use the SMES
system [8]. The detailed workflow is as follows,
1. Annotate NEs irH, store them in an NE list; if the answer is an NE, store the
NE type as A’_Type;
2. Analyze the question and obtain expected answer type, istased_Type;
3. Synthesize all the information, i.e. NE list, A_Type, A’_g, BoW similarity,
Triple similarity, etc.
Then, heuristic rules are straightforward to be appliedy. ehecking the
consistence between A Type and A’_Type, checking whetthg¢pahow many of)
the NEs also appear in the documents.

4 Reaults

We have submitted two runs, one for English and one for German

Tablel. Results of our submissions compared with last year's

Submission Recall  Precision F- Estimated QA QA

Runs measure  Performance  Accuracy
100% VALIDATED (EN) 1 0.0¢ 0.14 N/A N/A
50%VALIDATED (EN) 0.t 0.0¢ 0.1: N/A N/A
Perfec Selectiol (EN) N/A N/A N/A 0.5¢€ 0.34
Bes QA Systen (EN) N/A N/A N/A 0.21 0.21
dfki07-runi (EN) 0.6z 0.37 0.46 N/A 0.1€
dfkiO7-run2 (EN) 0.71 0.44 0.55 N/A 0.21
dfkiO8runl (EN) 0.78 054 0.64 0.34 0.24
100% VALIDATED(DE) 1 0.1z 0.21 N/A N/A
50% VALIDATED (DE) 0.t 0.1z 0.1¢ N/A N/A
Perfec Selectiol (DE) N/A N/A N/A 0.77 0.52
Bes QA Systen (DE) N/A N/A N/A 0.3¢ 0.38
dfkio8runl (DE) 0.71 0.54 0.61 0.52 0.43

In the table, we notice that both for English and German, @lidation system
outperforms the best QA systems, which suggests the ngce$she validation step.
Although there is a gap between the system performance armuktifiect selection, the
results are quite satisfactory. If we compare this yearslis with last year’s, the
additional information does improve the results signifitya Comparing the recall
and precision, for both languages, the latter is worse.rAfteerror analysis (cf. the
Working Notes), we find that to further synthesize the infation we have, i.e. NE
annotation and dependency parsing, might be more berleficia



5 Conclusion and Future Work

To sum up, based on the experience of last year's partioipasipart from the RTE

core system, we add two extra components, NE recognizer aestign analyzer, to
further improve the results. The strategy is quite succésatcording to the

comparison of system performances. However, the problenmbigbeen fully solved.

Filtering some documents in the preprocessing step couklbe more effective than
working on the post-processing phase; another directimsidered by us is to take a
closer look at the different performances between diffel@rmguages.
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