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Abstract

Recognizing Textual Entailment (RTE) is a task of deciding given two text
fragments, whether the meaning of one text is entailed from another text. Semantic
features are mainly focused on the semantic relationship between two text fragments,
for examples, synonym ~ antonym and negation words. Machine learning methods
have been widely used for Natural Language Processing (NLP) and Information
Retrieval (IR). Prior research shows that recognizing textual entailment is more
common on English in comparison to Chinese. The purpose of this paper has tended
to focus on semantic-based approaches we proposed in order to compare with syntax

features and thoroughly evaluate the proposed system on Recognizing Inference in



Text (RITE). In this paper, we present both semantic and syntactic features methods
for machine learning within the text fragments provided by NTCIR-9 RITE task. The
results showed that the best performance of our system achieved 73.28% within
semantic features, machine learning methods, adjusting parameters and optimal
features selection. Concerning the contribution of this study, we offer feasible and
optimal approaches to greatly enhance the system accuracy on recognizing inference
in text in Chinese.

Keywords: Textual Entailment, Semantic Features, Syntactic Features, Machine
Learning, Support Vector Machine (SVM)
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T1 String Length:30 T1 String Length:30
T2 String Length:28 T2 String Length:28
T1_T2 length Difference:2 T1_T2 length Difference:2
T1_T2 ratio:1.0714 T1_T2 ratio:1.0714
LCS:22 LCS:22
T1 Token Length:13 T1 Token Length:13
T2 Token Length:12 T2 Token Length:12
T1_T2 Token Length Ratio:1.083 T1_T2 Token Length Ratio:1.083
T1_T2 Token Length Difference:1 T1_T2 Token Length Difference:1
Edit Difference: 13 Edit Difference: 13
Edit Token Distance: 6 Edit Token Distance: 6
Noun Number Difference: 0 Noun Number Difference: 0
Verb Number Difference: 0 Verb Number Difference: 0

Word Semantic (Synonym) Similarity:
12.6042
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% 2. H - ez CV 2 Open Test % % (Dev_421)

e ID FHEciE Cross Validation Open Test
BO) BO)
Feature(O1 T1 String Length 58.43% 60.11%
Feature(2 T2 String Length 64.13% 61.44%
Feature03 String Length Difference 68.65% 68.56 %
Feature04 String Length Ratio 69.12% 67.11%
Feature05 Longest Common Substring 59.86% 60.67%
Feature06 Word-Based Edit Distance 60.09% 60.00%
Feature(7 T1 Token Length 58.91% 60.44%
Feature08 T2 Token Length 62.93% 61.67%
Feature09 Token Length Difference 69.12% 67.44%
Featurel0 Token Length Ratio 66.27% 66.67%
Featurell Token-Based Edit Distance 57.48% 60.00%
Featurel2 Noun Number 65.30% 66.78%
Featurel3 Verb Number 58.43% 63.44%
Featurel4 Word Semantic Similarity 59.95% 60.00%

F. 3. GEFHAECELE T L2 CV 2 Open Test & %

KL FHE Cross Validation (BC)  Open Test (BC)
(R4 >3FR)
Configl Featurel~13 73.63 % 67.78%
Config2 Feature 4~13 72.21% 68.67 %
(except 10)
Config3 Feature 1~11 72.92% 67.11%

4 GEFHEGFFET F L FH)2 CV 2 Open Test & %

KL PHcE Cross Validation (BC) Open Test (BC)
(e > FR)
Config4 Featurel~14 70.02% 70.33%
Config5 Feature 4~14 69.64% 69.78%

(except 10)
Configb Feature3,6,9,10,14  71.23% 71.89 %
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% 5. @ * grid.py 4 % fselect.py z {¢ e CV % Open Test 2 5 %

FHcE Cross Validation (BC) Open Test (BC)
Feature 4~13(Except10) 75.29 % 72.65%

(R 7 3F ¥

Feature 3,6,9,10,14 73.20% 73.28 %
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