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Abstract
We computed linguistic information at the lexical, syntactic, and 
semantic levels for the RITE (Recognizing Inference in TExt) 
tasks for both traditional and simplified Chinese in NTCIR-10. 
Techniques for syntactic parsing, named-entity recognition, and 
near synonym recognition were employed, and features like counts 
of common words, sentence lengths, negation words, and anto-
nyms were considered to judge the logical relationships of two 
sentences, while we explored both heuristics-based functions and 
machine-learning approaches. We focused on the BC (binary clas-
sification) task at the preparatory stage, but participated in both 
BC and MC (multiple classes) evaluations. Three settings were 
submitted for the formal runs for each task. The best performing 
settings achieved the second best performance in BC tasks, and 
were listed in the top five performers in MC tasks for both tradi-
tional and simplified Chinese. 

Categories and Subject Descriptors
I.2.7 [Artificial Intelligence]: Natural Language Processing –
language models, language parsing and understanding, text anal-
ysis; I.2.6 [Artificial Intelligence] Learning – knowledge acquisi-
tion, parameter learning; H.2.8 [Database Management]: Data-
base Applications – data mining. 

General Terms 
Algorithms, Experimentation, Languages 

Keywords
Entailment Recognition, Named-Entity Recognition, Near Syno-
nym Recognition, Heuristic Functions, Support-Vector Machines, 
Negation and Antonyms 

Team Name 
MIG 

Subtasks 
Traditional Chinese BC, Simplified Chinese BC, Traditional Chi-
nese MC, Simplified Chinese MC 

1. Introduction 
Recent advances in natural language processing have led to the 
research work for deep understanding of text material. Among the 
many developments, recognizing entailment between sentences 
has drawn attentions from many researchers these years, and is 
one of the most important techniques to capture the meanings of
texts. 

Recognizing the entailments between sentences has many po-
tential applications. It can improve the ability of information ac-
cess in QA systems, in which query expansions for high recall in 
retrieval systems. RITE can also be used in intelligent tutoring 
systems to evaluate students’ understanding of abstract concepts 
[7].

Since the First Recognizing Textual Entailment Challenge 
(RTE-1) was held in 2005 [4], recognizing entailments between 
sentences has become a popular research topic. For Asian lan-
guages, NTCIR-9 first provides evaluation standards on recogniz-
ing entailment systems [3]. Moreover, NTCIR-10 holds the second 
Recognizing Inference in Text (RITE-2) competition in 2013 [10].
It helps more researchers join the research field.  

RITE task asks participating systems to classify the entailment 
relation between two sentence t1 and t2. There are two subtasks, 
including binary classes (BC) and multiple classes (MC). Our 
systems are developed to classify Yes (Y) or No (N) in BC. There 
are four classes in MC, bidirectional (B), Forward (F), Contradic-
tion (C) and Independence (I). We extended our BC methods to 
infer MC classes. 

We computed lexical, syntactic, and semantics information 
about the sentence pairs to judge their entailment relationships. 
The information was computed by public tools and machine-
readable dictionaries [2]. Preprocessing steps of the original sen-
tences included the conversion between simplified and traditional 
Chinese, Chinese segmentation, and converting formats of Chi-
nese numbers. Major linguistic information used in the recognition 
of entailment included words that were shared by both sentences, 
synonyms, antonyms, negation words, the similarity of the parse 
trees, and information about the named entities of the sentence 
pair. 

We explored both heuristic functions and support-vector ma-
chine models for the classification task. The best performing sys-
tems of our submissions were ranked the second position in the 
BC tasks for both traditional and simplified Chinese, the third for 
the MC task for traditional Chinese, and the fifth for the MC task 
for the simplified Chinese. 

We describe the preprocessing steps and named-entity recogni-
tion in Section 2, discuss both the heuristic function and the ma-
chine-learning based classification models in Section 3, present 
the evaluation results in Section 4, and summarize and discuss our 
experience in Section 5. 

2. System Components 
In this section, we briefly describe components of the running 
system, including preprocessing units and semantic lexicon search.  

2.1 Preprocessing 
In this subsection, we explain the preprocessing functions:  simpli-
fied Chinese conversion, numeric format conversion, Chinese 
segmentation and named-entity recognition. 

2.1.1 Simplified Chinese Conversion 
We relied on public tools to do Chinese segmentation and named-
entity recognition, and those tools were designed to perform better 
for simplified Chinese. Hence, we had to convert traditional Chi-
nese into simplified Chinese. We converted words between their 
traditional and simplified forms of Chinese with an automatic 



procedure which relied on a tool in the packages of Microsoft 
Word. We did not design or invent a conversion dictionary of our 
own, and the quality of conversion depended solely on Microsoft 
Word.  

2.1.2 Numeric Format Conversion 
There are several formats of numbers in Chinese. The differences
between numeric formats may lead to ambiguous interpretations 
of sentences. In order to solve the problem, regular expressions 
were used to capture specific strings and converted Chinese nu-
merals into Arabic numerals. Figure 1 shows an example of the 
conversion. 

2.1.3 Chinese Segmentation 
Words are separated by spaces in English sentences, but it is quite 
different in Chinese. It is much harder for computers to separate 
individual words in Chinese strings. Figure 2 shows an example of 
Chinese segmentation. In addition, the meanings of Chinese sen-
tences may change because of different segmentation results. Stan-
ford Word Segmenter was used to generate Chinese segmentations 
in our system [9].  

2.1.4 Named-entity Recognition 
We expect that proper nouns provide important information for 
entailment recognition. S-MSRSeg is an NER tool developed by 
Microsoft Research in 2005 [5]. We used it to identify names of 
persons, locations and organizations. In Section 3, we will de-
scribe how to use information about named entities to recognize 
entailments. 

2.2 Lexical Semantics 
We are also in the belief that synonyms, antonyms and negation 
words in sentences are important in judging the meanings of sen-
tences. E-HowNet employs an entity-relation model to represent 
lexical senses. It contains 88079 traditional Chinese words in its 
2012 version. Word senses are defined by primitives, concepts and 
conceptual relations. Figure 3 shows a lexical sense expression in 
E-HowNet. 

Some words are often used to express negation meanings. 
Hence, we want to capture these words in sentences. We retrieved 
words whose E-HowNet expressions contain function word “not”, 
and they were filtered manually to construct a negation words

dictionary. The dictionary was applied to check whether the sen-
tences have opposite meanings. 

Furthermore, antonyms may also be used to represent opposite 
meanings in two sentences. Hence, our system should be capable 
of capturing antonyms in sentences. We detect antonyms by an 
antonym dictionary that was provided by the Ministry of Educa-
tion in Taiwan [1]. 

In our approach, we tried to retrieve synonyms to improve our 
ability in identifying overlapping words in sentence pairs. Based 
on E-HowNet expressions, we proposed a method to compute the 
similarity between words and output a confidence score from 0 to 
1. We would then set a threshold to tell whether two words were 
synonyms by experiments. 

To compare whether two words are similar, we first parse their 
E-HowNet expressions into tree structures as shown in Figure 4.
Each node represents one primitive, function word, or a semantic 
role. From the tree structures, we can realize the relations between 
nodes. We think the relations show how two words share their 
semantics in more details. We compute the similarity between two 
words by how their tree structures match, and output a similarity 
score. 

3. Recognition Methods 
We applied different linguistic information to recognize entail-
ment between two sentences. Several NLP tools, dictionaries and 
semantic resources were used to construct the heuristic functions 
and to extract features from sentences. The features were trained 
as classification models by machine learning algorithms. Initially, 
we focused on recognizing binary relations when we designed 
these two approaches. A while later, we determined to participate 
in MC tasks and chose to generate our decisions based on BC 
models. Figure 5 shows the inferences from BC to MC. Notice 
that we did not do the Contradiction decisions with the right model, 

Original:
(The Suharto regime ended in May 21, 1998)
Conversion: 1998 5 21

Figure 1. Numeric Format Conversion Example

Original:
(John Paul II is the national leader of the Holy City)

Segmented:  

Figure 2. Chinese Segmentation Example

Word: (dissolve)

Expression: {StateChange| :StateFin={StateLiquid|
}} 

Figure 3. E-HowNet Lexical Sense Expression

Word: (Increase in price)
Expression: {BecomeMore| :domain={economy|

},theme={price({object| })}}
Tree:

Figure 4. E-HowNet Expression and Tree Structure

if t1 →t2 =’ Y’ and t2 → t1 = ‘N’ then output ‘F’
if t1 →t2 = ‘Y’ and t2 → t1 = ‘Y’ then output ‘B’
if t1 →t2 =’ N’ and t2 → t1 = ‘N’ then output ‘I’
if t1 →t2 =’ N’ and t2 → t1 = ‘Y’ then output ‘C’

Figure 5. Inferences from BC to MC



and our performance in this category in the formal runs reflected 
this flaw. 

3.1 Heuristic Functions 
Figure 6 shows the system architecture with which we learned the 
threshold from training data for entailment decisions and used to 
compute scores of test data. First, preprocessing steps mentioned 
in Section 2.1 are done. After that, we computed the ingredients 
for the final scores step by step. The process will output a score of 
each sentence pair from 0 to 1. The scores could be used for train-
ing purposes, and could be used to determine entailments of test 
data. 

Intuitively, a sentence t1 is much easier to imply another sen-
tence t2 if they share more common words. Hence, we determined 
entailments based on the proportion of shared words in the sen-
tence pair. Obviously, the same concept may not be expressed in 
exactly the same terms. Hence, we search synonyms between t1
and t2 to obtain a better estimate of the ratio. The ratio of words 
overlapping is defined as follows:

,

where T1 and T2 are the set of words after t1 and t2 are segmented. 
As we mentioned earlier, NEs are expected to be important in-

formation in sentences. Based on the ratio of overlapping words,
we further checked whether the NEs retrieved from t2 appear in t1
simultaneously. If there are NEs from t2 which are not shown in t1,
we believe that it is much harder to say t1 entails t2. The function 
becomes:   

,

where Count(t1,t2) returns the numbers of NEs in t2 that do not 
appear in t1 and α is the penalty manually chosen between 0 and 1
based on some experiment results.

Sometimes the ratio of overlapping words is extremely high, but 
t1 does not really entail t2. Figure 7 illustrates this problem. Nega-
tion words change the meanings of sentences; they often make 
totally opposite meanings from one to another. Therefore, it is
desirable to be capable of identifying negation words. In addition,
we add another step to examine whether two sentences share the 
same number of negation words. Hence, the function is further 
refined to: 

where fNegDet is the penalty that t1 and t2 do not have the same 
number of negation words. The penalty was defined between 0
and 1.

Antonyms also can lead to opposite meanings between sentenc-
es. Unlike negation words, we believed that antonyms are much 
easier to show there were possible opposite meaning and none 
entailment between two sentences. Hence, we want to decrease the 
entailment score heavily to indicate this problem. We then modi-
fied our function as below: 

,

where fAntonymDet is the penalty, in the range [1, 2], when any some 
words in t1 and t2 are antonyms. 

Figure 6. System Architecture

t1:
(John Paul II is the first non-Italian Pope in the past four 

hundred and fifty years)
t2

(John Paul II is the first Italian Pope in the past four hun-
dred and fifty years)

Figure 7. Negation Word Leads to Opposite Meaning



NEs carry important information as we have mentioned. When 
we began to consider the syntactic structures, we found that NEs’
orders played a significant role in recognizing entailments. When 
the score computed from previous steps is high, two sentences 
may share many words, suggesting they are about the same events.
However, differences in NEs’ orders possibly change the mean-
ings of sentences because the subjects and objects may be 
switched. We tried to retrieve the differences of NEs’ orders and 
decreased entailment score by specified penalty. Moreover, syn-
tactic structures should be considered to avoid the usage of passive 
sentences in the future. Our function with NEs’ orders is improved 
by: 

where fNEOrder is the penalty whenever the NEs’ orders in t1 are 
different in t2 and its range is between 1 and 2. 

We have been done many experiments to set up the entailment 
threshold and penalties. In the next section, we explain another 
approach of our system. 

3.2 Classification Models 
To compare with the approach of heuristic functions, we used 
different combinations of lexical and syntactic features to train 
classification models to recognize entailments between sentences.
Classification algorithms were used to automatically analyze and 
to learn the generality from data. The trained models were further 
used to predict the classifications of new instances. In this section, 
we list the features used to train classification models as shown in 
Figure 8.  

For quick implementation, we extracted features as Section 3.1 
described: ratio of overlapping words, counts of named entities,
counts of negation words, and synonyms etc. These features were 
considered to tell how the two sentences shared linguistic infor-
mation at lexical level. Also, the lengths of sentences were thought 
as an important feature. Many of the sentences pairs were classi-
fied as entailment when the length of t1 was longer than the length 
of t2. Hence, we extracted the lengths of sentences and generated 
Boolean features to show if the length of t1 is longer than the 
length of t2. 

In addition to the lexical level features, syntactic features are 
considered to show if the two sentences use similar syntactic 
structures. A sentence structure is similar to another when they 
have more common patterns in parse trees. Stanford Parser was 
used to generate parse trees of t1 and t2 [8]. We proposed a simple 
method to compute the syntactic similarity between t1 and t2 and to
output similarity scores from 0 to 1. Subtrees were retrieved from 
each parse tree. We calculated the ratio of matching subtrees as 
follows: 

where SubtreeTr1 is the set of subtrees retrieved from the parse tree 
of t1. 

Without external data sets, we used development sets to train 
the classification models. The development sets of traditional and 
simplified Chinese consist 1321 and 814 sentence pairs individual-
ly. C50 and LibSVM were selected to train the classification mod-

els. We compared the two algorithms on their 10-fold cross-
validation performance with several combinations of features. The 
models trained by LibSVM provided better performance than the 
models trained by C50. Hence, we used LibSVM to train the clas-
sification models [6]. The models were used to classify BC results. 
To recognize MC results, we swapped t1 and t2 to extract features 
and classified their BC results. MC results were generated from 
the two BC results as the inferences shown in Figure 5.

4. Evaluation 
In this section, we describe the settings of our systems for formal 
runs. We also discuss systems performance based on the evalua-
tion results. 

We participated in both BC and MC subtasks for traditional and 
simplified Chinese. There are 881 and 781 sentence pairs without 
labeling answers in traditional and simplified Chinese testing sets. 
Our systems are able to output BC results. MC results were in-
ferred by BC results afterwards. 

4.1 Settings 
For each subtask, we submitted three runs for the testing sets. We 
set up three different settings for this purpose. 
Run 01: For the approach of heuristic functions, we had conduct-
ed many experiments to find the threshold and penalties to opti-
mize our performance for the development sets. We did not con-
sider synonyms in this setting. 
Run 02: We added the consideration for synonyms to achieve the 
setting for Run 01. Based on results that we observed in explora-
tive experiments, we would consider two words synonymous if 
their confidence score is greater than 0.88 (cf. Section 2.2). 
Run 03: We trained two separate SVM models for traditional and 
simplified Chinese. The features to train models were searched for 

(1) Words' Overlapping Ratio
(2) NE Quantities (|NEt1|, |NEt2|)
(3) NEt2 Match Ratio in t1
(4) NEt2 Not Match Quantities in t1
(5) Sentence Length (Lent1, Lent2)
(6) Sentence Length Comparison
(7) Parse Tree Matching Ratio
(8) Negation Words Quantities (|Negt1|, |Negt2|)
(9) Negt2 Match Ratio in t1
(10) Synonym Quantities (Synset)
(11) Synonym Ratio

Figure 8. Features

(1) Words' Overlapping Ratio*
(2) NE Quantities (|NEt1|, |NEt2|)*
(3) NEt2 Match Ratio in t1*
(4) NEt2 Not Match Quantities in t1*
(5) Sentence Length (Lent1, Lent2)*
(6) Sentence Length Comparison*
(7) Parse Tree Matching Ratio*
(8) Negation Words Quantities (|Negt1|, |Negt2|)
(9) Negt2 Match Ratio in t1
(10) Synonym Quantities (Synset)
(11) Synonym Ratio

* (1) – (7) were used to train simplified Chinese model 

Figure 9. Features to Train Models



the highest 10-fold cross-validation accuracy of the development 
sets. Figure 9 shows the features for training the two models. The 
features marked with star symbols were used to train simplified 
Chinese model. 

4.2 Formal Run Results 
Table 1 and Table 2 show the results of the formal runs of BC and 
MC subtasks. Because our system development focused on the BC
subtasks, we discuss the results of only BC subtasks. 

Table 1 shows our performance in the BC subtasks. We 
achieved better results with the setting of Run 02 than with the 
setting of Run 01. We used our synonym retrieval method to fig-
ure out whether two words are synonyms in the setting of Run 02. 
The results indicate that synonyms are useful to improve the sys-
tem performance on recognizing binary relations. Moreover, Run 
03 results show the capability of the two models trained by differ-
ent features. The model of traditional Chinese still had great abil-
ity to recognize the entailments between sentences, but the model 
of simplified Chinese did not receive similar results. As figure 9 
shows, negation words and synonyms were not used to train the 
model of simplified Chinese, because the combination of features 
did not receive higher cross-validation performance on the devel-
opment set. Without negation words and synonyms, we think 
some linguistic information was lost to train recognition models.
Hence, the result of Run 03 in simplified Chinese was dropped 
down sharply. 

In terms of the ranked results of the formal runs for both BC 
and MC and for both traditional and simplified Chinese, we per-
formed relatively good compared with most other systems.  

5. Discussions 
We explored two approaches to recognize entailments, employing 
public tools for Chinese segmenter, syntactic parsing, named-
entity recognition, and additional semantic resources. Heuristic 
functions and SVM models which considered different combina-
tions of the linguistic features were proposed and applied to the 
RITE tasks. Our systems performed relatively well in the formal 
runs. We achieved the second best scores for the BC subtasks for 
both traditional and simplified Chinese, and ranked among the top 
five teams for the MC subtasks. The results suggest the general 
applicability of the considered features and explored methods. 

The proportion of words shared by the sentence pairs formed an 
important basis in our heuristic functions. It is certainly risky just 
to rely on words that were literally the same in computing the 
shared words. Results of some internal evaluations showed that 
our computing near synonyms with the help of E-HowNet provid-

ed instrumental help to the overall performance. The score com-
ponents that considered the named entities enhanced the perfor-
mance of our systems, as indicated by the performance of the set-
ting of Run 02. We have not achieved good results using the SVM 
models, which remains as an item for future work.  

Further examination of the judgments of our systems showed
the weakness of the current systems. There is room for improving 
the contributions of negation words and antonyms. Our ability to 
identify temporal relationships remained to be enhanced. Some 
forms of automatic or semi-automatic detection and identification 
of negation expression, antonymous relationships, and time stamps 
are greatly desirable.  

For the formal runs, we adopted SVM models for the machine-
learning approach, but did not achieve results that we expected. In 
some follow-up experiments, we switched to weighted linearly 
score functions and learned the weights for the selected features. 
Reasonable and encouraging results were observed, and will be 
reported in future reports. 
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Table 1. Formal Run Results of BC Subtask

CT CS

Run 01 65.42 65.71
Run 02 67.07 68.09
Run 03 66.99 57.19

Table 2. Formal Run Results of MC Subtask

CT CS

Run 01 42.16 41.82
Run 02 45.15 44.74
Run 03 44.21 34.42
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