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Abstract: This paper presents two novel clustering approaches and their 
application to open-domain question answering. The One-Sentence-Multi-
Topic clustering approach is first presented, which clusters sentences to 
improve the language model for retrieving sentences. Second, regarding each 
cluster in the results for One-Sentence-Multi-Topic clustering as aligned 
sentences, we present a pattern-similarity-based clustering approach that 
automatically learns syntactic answer patterns to answer selection through 
vertical and horizontal clustering. Our experiments on Chinese question 
answering demonstrates that One-Sentence-Multi-Topic clustering is much 
better than K-Means and is comparable to PLSI when used in sentence 
clustering of question answering. Similarly, the pattern-similarity-based 
clustering also proved to be efficient in learning syntactic answer patterns, the 
absolute improvement in syntactic pattern-based answer extraction over 
retrieval-based answer extraction is about 9%. 

1 Introduction 

Open-domain question answering (QA) returns the exact answer to a natural language 
question, which is identified from a large collection of documents. The typical 
pipeline architecture consists of a question analyzer, a relevant passages/sentences 
retriever, an answer candidate extractor and an exact answer selector. Each of these 
components plays a very important role in open-domain QA. Most of the recent QA 
approaches have adopted semantic taggers, WordNet, parsers, ontologies and hand-
tagged corpora to pinpoint answers [1, 2, 3, 4]. 

Compared with conventional document retrieval, question answering has various 
unique characteristics. For instance, it is difficult for traditional document retrieval to 
identify the user’s exact intentions, while intention analysis is practical for open-
domain question answering. Given the query {发明 /invent, 电话 /telephone}, the 
search engine cannot identify what the required information is that the user wants to 
know. However, when given the question { 谁发明了电话？ /who invented 
telephone?}, it is easy for QA to identify that the user is searching for the person who 
invented telephone, but not other information about the question. In fact, most of the 
components of QA can benefit from such distinct characteristics. This paper mainly 



focuses on the researches conducted on mining these characteristics to improve the 
overall performance of sentence retrieval and the answer selector in question 
answering. 

For sentence retriever, a novel sentence-clustering approach called the One-
Sentence-Multi-Topic is presented, which only utilizes the results obtained from the 
question analyzer. The basic idea is to identify the topics of sentences according to 
candidate answers, and then organize the sentences into corresponding clusters 
according to these candidates. In other words, a particular type of entity is expected 
for each question, and every special entity of that type found in a retrieved sentence is 
regarded as a cluster/topic. It’s to note that cluster and topic have the same meaning 
in this paper and can be interchanged. Obviously, One-Sentence-Multi-Topic 
clustering is more adaptive for various questions. Based on sentence clustering, we 
adopted a cluster-based language model to retrieve sentences in open-domain 
question answering, which involved incorporating the topics of sentences into the 
language model to improve it for retrieving sentences. 

For answer selector, a novel pattern-similarity-based clustering approach is 
presented to learn the syntactic answer patterns of all types of questions from the 
Web. Our approach is a kind of unsupervised machine learning because no <question, 
answer> seeds are needed as the seeds for learning. The main idea can be summarized 
as follows. Given two or more questions for each type of question, the approach can 
automatically learn the corresponding answer patterns from the Web through web 
retrieval, sentence clustering, pattern extraction, vertical clustering and horizontal 
clustering. In order to evaluate the learned syntactic answer patterns, we apply them 
to the answer extraction module of open-domain question answering. 

2 Sentence Clustering for Cluster-based Language Model 

Many approaches to retrieving sentences in open-domain question answering have 
recently been presented. For example, Ittycheriah and Roukos [4] presented the vector 
space model. Emmanuel et al. [5] presented the language model, and Murdock and 
Croft [6] presented the translation model. However, the translation model is limited 
because it is difficult to obtain a training corpus. Compared to the vector space model, 
the language model is theoretically attractive and a potentially very effective 
probabilistic framework for researching information retrieval problems [7]. 

However, the language model for information retrieval is not yet mature and 
suffers from numerous complicated problems that remain unsolved. One of the main 
problems with the language model is that each document model (estimated from each 
document) is interpolated with the same collection model (estimated from the whole 
collection) through a unified parameter. Therefore, it does not make any one 
particular document more probable than any other, on the condition that no document 
originally contains the query term. In other words, if a document is relevant, but does 
not contain the query term, it is still no more probable, even though it may be 
topically related. This paper presents a cluster-based language model for sentence 
retrieval in question answering to overcome the disadvantages of the language model. 



2.1 Main Idea 

The main idea behind the cluster-based language model for sentence retrieval is to 
group the retrieved sentences into several clusters (called sentence clustering), 
integrate the topics of sentences into the language model through the aspect model, 
and combine sentence model pML(w|S), cluster model pML(w|T), and collection 
model pML(w|C) into a mixed model. The idea can be formulated as Eq. (1). 

( ) ( ) ( ) ( ) ( ) ( )( )| | 1 - | 1 - |ML ML MLp w S α p w S α β p w T β p w C= × + × × + × ,    (1) 

where pML(w|S) and pML(w|C) can be estimated by maximum likelihood. pML(w|T) 
is in the form of the term distribution over the topic, associated with the distribution 
of topics over the  sentence, which can be expressed by Eq. (2). 

( ) ( ) ( )∑
∈Tt

ML StptwpTwp ||=| ,                                        (2) 

where T is the set of clusters/topics and p(t|S) is the topic sentence distribution, 
which means the distribution of the topic over the sentence. p(w|t) is the term topic 
distribution, which means the term distribution over the topics. 

The topic-related sentences to build the cluster model pML(w|T) should be grouped 
into corresponding clusters to estimate the probabilities of p(t|S) and p(w|t). 
However, conventional clustering approaches like K-Means are not suitable for 
clustering sentences because the sentences are too short and they have too few 
features to cluster them. This paper presents a novel sentence-clustering approach 
called the One-Sentence-Multi-Topic to resolve this problem,. 

2.2 One-Sentence-Multi-Topic 

The principle of One-Sentence-Multi-Topic clustering can be explained using the 
following example. The retrieved sentences and the candidate answers for question 
Q1 {谁发明了电话？/who invented telephone?} are listed in Table 1.  

Table 1. Sentences and Corresponding Candidate Answers 

ID Sentences Candidate 
Answers 

S1 1876年3月10日贝尔发明电话。/Bell invented telephone on Oct. 
3rd, 1876. 贝尔/Bell 

S2 
西门子发明了电机，贝尔发明电话，爱迪生发明电灯。/ Bell, 
Siemens, and Edison invented telephone, electromotor and electric 
light respectively. 

西门子/ Siemens 
贝尔/Bell 

爱迪生/ Edison 

S3 
最近，移动电话之父库珀再次成为公众焦点。/The public has 
recently paid a great deal of attention to Cooper who is the father 
of the cell phone. 

库珀/Cooper 

S4 1876年，贝尔发明了电话。/In 1876, Bell invented telephone. 贝尔/Bell 

S5 
接着，1876年，美国科学家贝尔发明了电话；1879年美国科

学家爱迪生发明了电灯。/Subsequently, American scientist Bell 
invented phone in 1876; Edison invented electric light in 1879. 

贝尔/Bell 
爱迪生/Edison 

S6 1876年3月7日，贝尔成为电话发明的专利人。/On March 7th, 贝尔/Bell 



1876, Bell became the patentee of telephone. 

S7 
贝尔不仅发明了电话，还成功地建立了自己的公司推广电

话。/Bell not only invented telephone, but also established his 
own company to spread his invention. 

贝尔/Bell 

S8 

在首只移动电话投入使用30年以后，其发明人库珀仍梦想着

未来电话技术实现之日到来。/Thirty years after the invention of 
the first mobile phone, Cooper still anticipated when the future 
phone’s technology would be implemented. 

库珀/Cooper 

S9 

库珀表示，消费者采纳移动电话的速度之快令他意外，但移

动电话的普及率还没有达到无所不在，这让他有些失望。
/Cooper said, he was surprised at the speed that the consumers had 
switched to mobile phones; but the popularity of mobile phone is 
not ubiquitous, which disappointed him a little. 

库珀/Cooper 

S10 

英国发明家斯蒂芬将移动电话的所有电子元件设计在一张纸

一样厚薄的芯片上。 /English inventor Stephen designed the 
paper-clicked CMOS chip, which included all electronic 
components. 

斯蒂芬/Stephen 

One-Sentence-Multi-Topic clustering will organize the above sentences into their 
corresponding clusters according to the candidate answers, which are, {贝尔/Bell, 西
门子 /Siemens, 爱迪生 /Edison, 库珀 /Cooper, and 斯蒂芬 /Stephen}. Here, the 
candidate answers can also be regarded as the names of the clusters. The principle of 
One-Sentence-Multi-Topic can be summarized as follows. 

1. If a sentence includes M different candidate answers, then the sentence consists of 
M different topics. For example, sentence S5 in Table 1 includes two topics, the 
names of the topics are 贝尔/Bell and 爱迪生/Edison. 
2. Different sentences have the same topic if their candidate answers are the same. 
For example, sentences S4 and S5 in Table 1 have the same topic name of 贝尔
/Bell. 

The sentence clustering results in Table 1 based on One-Sentence-Multi-Topic 
clustering are listed in Table 2. 

Table 2. Results of Sentence Clustering 

Names of Topics Sentence IDs Names of Topics Sentence IDs 
贝尔/Bell S1 S2 S4 S5 S6 S7 S8 库珀/Cooper S3 S8 S9 

西门子/Siemens S2 斯蒂芬/Stephen S10 
爱迪生/Edison S2 S5   

After sentence clustering, p(w|t) and p(t|S) can be estimated with Eq. (3) and (4). 
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where klst is the Kullback-Leibler divergence between a sentence with a cluster/topic, 
and k denotes the number of clusters/topics. 

2.3 Experiments with Sentence Retrieval 

Research on Chinese open-domain question answering, however, is still at an early 
stage. And there has also been no public platform for evaluating Chinese open-
domain question answering. In this paper, we use the evaluation environment 
presented by Wu et al. [12] which is similar to the TREC question answering track 
[8]. The documents collection is about 1.8 Gb, which was downloaded from the Web, 
and 7050 Chinese testing questions were collected via four different approaches. The 
style of the questions is almost the same as the TREC QA-style, except all questions 
are written in Chinese. 

We randomly select 807 testing questions for this experiment that are fact-based, 
short-answer questions. Moreover, the answers to all testing questions are named 
entities identified by Wu et al. [13]. Table 3 shows the details. Note that, LOC, ORG, 
PER, NUM, and TIM denote the questions whose answer types are location, 
organization, person, number and time respectively. SUM means all question types. 

 The sentence retrieval system returns a ranked list of the sentences for each testing 
question, and is strictly evaluated using the mean reciprocal rank (MRR) [8]. 

Table 3. Distribution of Testing Questions 
PER LOC ORG TIM NUM SUM 
165 311 28 168 135 807 

2.3.1 Cluster-based Language Model for Sentence Retrieval 
The experimental results for the cluster-based language model based on the One-
Sentence-Multi-Topic are shown in Table 4 and the relative improvements over the 
baseline system are listed in the brackets. Here, the baseline system means the 
standard language model for sentence retrieval. 

Table 4. Cluster-based Language Model Based on One-Sentence-Multi-Topic 

 PER LOC ORG TIM NUM SUM 

MRR1 60.61% 
(+5.24%) 

49.20% 
(+7.75%) 

53.57 
(+36.4%) 

53.57 
(+4.65%) 

45.19 
(+0.00%) 

51.92 
(+5.81%) 

MRR5 67.45% 
(+2.68%) 

57.70% 
(+5.79%) 

59.76% 
(+17.2%) 

61.68% 
(+0.31%) 

55.51% 
(+4.22%) 

59.54% 
(+2.78%) 

MRR20 68.58% 
(+2.91%) 

59.44% 
(+5.54%) 

59.87% 
(+16.2%) 

62.07% 
(-0.43%) 

54.33% 
(-0.51%) 

61.02% 
(+2.92%) 

From Table 4, we can find that integrating the clusters/topics of the sentence into 
the language model can improve the performance of sentence retrieval. For example, 
the relative improvements in MRR1, MRR5 and MRR20 for all types of questions 
are 5.81%, 2.78% and 2.92%, respectively. The experiment reveals that the cluster-
based language model based on the One-Sentence-Multi-Topic effectively retrieves 
sentences in Chinese open-domain question answering. 



2.3.2 Comparison with PLSI and K-Means 
As we know, PLSI and K-Means clustering approaches can also be used in sentence 
clustering. Therefore, in this section, the comparative experiments will be conducted 
to compare the cluster-based language model based on PLSI and K-Means with that 
based on the proposed approach, i.e., the One-Sentence-Multi-Topic. Table 5 gives 
the performance of the cluster-based language model based on PLSI and K-Means. 

Table 5. Cluster-based Language Model Based on PLSI and K-Means 

  PER LOC ORG TIM NUM SUM 
MRR1 60.61% 47.91% 39.29% 50.00% 47.01% 50.62% 
MRR5 67.30% 56.16% 51.01% 60.42% 54.34% 59.00% PLSI 
MRR20 68.32% 57.98% 52.05% 61.55% 55.64% 60.35% 
MRR1 55.15% 42.44% 39.29% 47.62% 42.93% 46.03% 
MRR5 63.12% 51.60% 49.88% 58.01% 51.75% 55.20% K-

Means MRR20 64.25% 53.68% 50.33% 59.02% 52.76% 56.63% 

Comparing Table 5 with Table 4, we can find that the differences between the 
One-Sentence-Multi-Topic and PLSI are not significant. However, the One-Sentence-
Multi-Topic is much better than the K-Means, the relative improvements in MRR1, 
MRR5 and MRR20 over K-Means are 12.8%, 7.86%, and 8.23% respectively.  

3 Pattern-similarity-based Clustering to Learn Answer Patterns 

As the same meaning in natural language, can often be expressed in various ways, 
mismatches between question and answer-bearing sentences are very common. Open-
domain question answering should be able to deal with this flexibility and diversity in 
natural language.  

One solution is to parse the question and the answer-bearing sentences into 
semantic representations, and semantically match them to find the answer. However, 
many techniques for natural language processing are still in their early stages. It is 
challenging to conduct deep linguistic processing and deal with the flexibility and the 
diversity in natural language. In fact, producing presentations of the question 
semantics and answer-bearing sentence semantics, and conducting semantically 
matching is not the only alternative. Surface text analysis like pattern-based approach 
can also be used to solve the problems and many English question answering systems 
[9, 10, 11] have obtained the surprising performances in TREC using the pattern-
based approach. We also apply a pattern-based approach to tackle the obstacles in 
Chinese open-domain question answering. 

The focus of the pattern-based techniques is to obtain the answer patterns for 
various types of questions and numerous supervised machine learning approaches 
have been presented [3, 9, 10, 11], which are heavily dependent on <question, 
answer> training seeds. In order to improve the recall of the supervised approaches, 
all forms of the answer to the question should be supplied. However, this is difficult 
because of the diversity in answer. For instance, the answer to the question “where 
was Mao Zedong born?” could be 湖南/Hunan, “湖南省/Hunan Province”, 韶山



/Shaoshan, “韶山冲/Shaoshan Chong”, “韶山市上屋场/Shangwu Chang, Shaoshan 
City”, etc. In this case, if only one of the <question, answer> seeds is provided to the 
approaches, the answer patterns that only appear in the other <question answer> seeds 
will be lost, and thus the recall of the supervised approaches will be adversely 
influenced. To overcome the disadvantages of the supervised approaches, we present 
a novel pattern-similarity-based clustering to automatically learn answer patterns. 

3.1 Architecture for Answer Pattern Learning 

The architecture for the proposed approach consists of nine steps, query term 
extraction and classification, query expansion, web retrieval, sentence splitting and 
retrieval, sentence clustering, pattern extraction, vertical clustering, horizontal 
clustering, and pattern evaluation. Specifically, the query term extraction and 
classification module segments the question, extracts query terms, and classifies the 
terms into two types, q_focus and q_i. Here, q_focus means the key phrase or word 
representing the object the question is asking about, and q_i means the other terms in 
the question. The query expansion module, the web retrieval module, and the sentence 
splitter and retrieval module are similar to the approaches by Ravichandran et al. [3] 
and Du et al. [11]. The sentence clustering module, pattern extraction module, 
vertical clustering module, horizontal clustering modules are the kernel modules in 
our approach and will be explained in detail in sections 3.2~3.4 respectively. The 
pattern evaluation module is also the same as the approach in Ravichandran et al. [3]. 

3.2 Sentence Clustering & Pattern Extraction 

Collecting aligned sentences is the first step in learning answer patterns to the 
questions. Most current approaches have built aligned sentences from retrieved 
sentences according to <question, answer> training seeds. In this paper, aligned 
sentences are collected with the One-Sentence-Multi-Topic mentioned in section 2.2. 
In other words, each cluster in the results for One-Sentence-Multi-Topic sentence 
clustering is regarded as aligned sentences. 

When aligned sentences are available, the patterns can be extracted by finding the 
shortest path between the anchors in the sentences. Here, q_focus terms and candidate 
answers serve as anchors, and dependency syntactic patterns are extracted. To extract 
dependency syntactic patterns, sentences are parsed using a dependency parser [14] 
which was reported to achieve about 80% precision.  

The process of extracting syntactic patterns is similar to those in [3] and [11]. Fig.1 
gives an example of extracting dependency syntactic pattern. In Fig.1, the q_focus 
term “悲惨世界 /Les Miserables” and the candidate answer 雨果 /Hugo serve as 
anchors, the shortest dependency structure between the anchors such as “悲惨世界

/Les Miserables  是/is  代表作/representative work  雨果/Hugo” is finally 
converted into the syntactic pattern “q_focus  是/is  代表作/representative work 

 answer” where q_focus and answer are slots to fill in. After sentence clustering and 
pattern extraction, the pattern clusters are obtained for each question. 



 
Fig.1. Example of Syntactic Pattern Extraction 

3.3 Vertical Clustering 

Because the answers to the question may be multiform, some of the pattern clusters 
are answer patterns corresponding to the question and should be merged into a cluster 
to improve the recall of the learning approach. In supervised learning approaches, a 
user should provide as many forms of answer as possible to resolve diversity in the 
answer. However, there is no need to provide the answer to the question with the 
unsupervised learning approach. Vertical clustering is used to identify various forms 
of the answers. Because clustering is conducted within the pattern clusters of a 
question, we call it vertical clustering.  

[Vertical clustering]: If some pattern clusters correspond to answer patterns, then 
their similarities are comparatively high. If the similarities are higher than threshold 
V1, they should be grouped. Similarities with vertical clustering can be estimated 
with Eq. (5). 

( ) ( ), ,i j im jnsim C C sim C C=∑          ( ) 1
,

0
im jn

im jn

if C C
sim C C

else
=

= 


,        (5) 

where Ci represents the i-th pattern cluster,  Cj represents the j-th pattern-cluster. Cim 
represents the m-th pattern in the i-th cluster, and Cjn represents the n-th pattern in the 
j-th cluster.  

For instance, Tables 6 and 7 list some patterns in pattern clusters Ci and Cj of 
question Q2 {《悲惨世界》的作者是谁？/who is the author of Les Miserables?}. 

Table 6. Some Patterns in Pattern Cluster Ci from Question Q2 

< PatternClusterNo> 雨果/Hugo </ PatternClusterNo> 
q_focus  answer 
q_focus  是/is  代表作/representative work  answer 
q_focus  有/has  作品/work  answer 
q_focus  改编/adapted  由/from  名著/masterpiece  answer 
q_focus  是/is  作品/work  answer 
q_focus  作品/work  answer 
...... 

大/great 

悲惨世界/ Les Miserables 
anchor

法国/French

文豪/eminent writer

的/of 

是/is 

q_focus 

代表作/representative work 

answer 
是/is 

代表作/representative work 

雨果/Hugo 



Table 7. Some Patterns in Pattern Cluster Cj from Question Q2 

<PatternClusterNo > 维克多·雨果/Victor Hugo</ PatternClusterNo> 
q_focus  完成/finish  answer 
q_focus  是/is  代表作/representative work  answer 
q_focus  answer 
q_focus  有/has  作品/work  answer 
...... 

Obviously, pattern clusters Ci and Cj are the answer patterns corresponding to 
question Q2. Therefore, vertical clustering will merge them.  

3.4 Horizontal Clustering 

Because the answer patterns corresponding to the question type is still in the dark 
after vertical clustering, horizontal clustering is done to identify the answer pattern 
cluster of the question type. Horizontal clustering is conducted between the pattern 
clusters of different questions. 

[Horizontal clustering]: If the similarities between a pattern cluster of question A 
and a pattern cluster of question B are higher than threshold H1, we should also 
group them. After vertical and horizontal clustering, the pattern cluster that is 
composed of the most original pattern clusters (before vertical and horizontal 
clustering) is the answer pattern corresponding to the question type. Similarities with 
horizontal clustering can be estimated with Eq. (6). 

 ( ) ( ), ,k l km lnsim C C sim C C=∑      ( )
1

,
0

km ln
km ln

if C C
sim C C

else
=
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,        (6) 

where Ck is the k-th pattern cluster of question A, and Cl is the l-th pattern cluster of 
question B. Ckm is the m-th pattern in the k-th cluster and Cln is the n-th pattern in the 
l-th cluster. 

For example, Table 8 lists some patterns for pattern cluster Ck from question Q2 
{《悲惨世界》的作者是谁？/who is the author of Les Miserables?}. Table 9 lists 
some patterns for pattern cluster Cl from question Q3 {《便衣警察》是谁的作品？
/who wrote Plainclothes Police?}. Q2 and 3 belong to the same question type. 
Clearly, as cluster Ck in Table 8 and cluster Cl in Table 9 are answer patterns 
corresponding to questions Q2 and Q3, Ck and Cl should be merged into a cluster.  

Table 8. Some Patterns in Pattern Cluster Ck from Question Q2 
<PatternClusterNo> 维克多·雨果/Victor Hugo </PatternClusterNo> 
q_focus  answer 
q_focus  是/is  代表作/masterpiece  answer 
q_focus  有/has  作品/work  answer 
q_focus  改编/adapted  由/from  名著/masterpiece  answer 
q_focus  是/is  作品/work  answer 
q_focus   作品/work  answer 
...... 



Table 9. Some Patterns in Pattern Cluster Cl from Question Q3 
< PatternClusterNo > 海岩/Haiyan </ PatternClusterNo > 
q_focus  作品/work  answer 
q_focus  小说/fiction  answer 
q_focus  是/is  处女作/maiden work  answer 
q_focus  作者/author   answer 
q_focus  创作/write  answer 
…… 

3.5 Experiments with Unsupervised Answer Pattern Learning 

Using the approach described in the previous sections, we are able to learn the 
syntactic answer patterns for the following question types. In order to validate the 
learned syntactic answer patterns, we apply them in the answer extraction module of 
Chinese open-domain question answering. In this experiment, 72 training questions 
and 178 testing questions are selected from Wu et al. [12] which are plotted in Fig.1.  
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Fig. 1. Distribution of Question Types 

The numbers of the learned syntactic answer patterns corresponding to each 
question type are shown in Table 10, which are obtained using the proposed 
unsupervised learning approach. 

Table 10. Statistics for the Learned Syntactic Answer Patterns 

Question Type No. Question Type No. Question Type No. 
Inventor_Stuff 137 Loc_Nickname 31 Death_Time 13 
Book_Author 132 Address 191 Event_Day 176 
Per_Nickname 153 Birth_Place 83 Length 144 

Old_Name 94 Capital_Country 322 Population 45 
Job_Position 237 Birth_Time 22 SUM 1780 



This section will discuss syntactic pattern-based answer extraction (SP_bAE) in 
Chinese open-domain question answering, which is evaluated using the metric of 
precision [8] to validate the performance of the unsupervised answer patterns learning 
approach. Retrieval-based answer extraction (R_bAE) is implemented as the baseline 
for comparison, which is based on the cluster-based language model for sentence 
retrieval. The performances of the baseline and syntactic pattern-based answer 
extraction are shown in Table 11. 

Table 11. Comparison of R_bAE and SP_bAE 

Question Type R_bAE SP_bAE Question Type R_bAE SP_bAE 

Inventor_Stuff 38.5% 38.5% Capital_Country 100% 100% 

Book_Author 50.0% 75.0% Birth_Time 57.1% 71.4% 
Per_Nickname 76.9% 100% Death_Time 100% 100% 

Old_Name 60.0% 40.0% Event_Day 28.6% 42.9% 
Job_Position 100% 66.7% Length 40.0% 60.0% 

Loc_Nickname 33.3% 33.3% Population 20.0% 20.0% 
Address 15.7% 37.3% SUM 38.8% 47.8% 

Birth_Place 36.8% 10.5%    

From Table 11, we can find that the performance of the SP_bAE system for all 
question types has been improved over that of the R_bAE system from 38.8% to 
47.8%, and that the average absolute improvement is 9.0%. This experiment 
demonstrates that pattern-similarity-based clustering is efficient in the unsupervised 
learning of answer patterns. Since the Chinese question answering dataset is not 
publicly available, it is not possible to directly compare the experimental results with 
the supervised answer pattern learning approach. However, we believe that the 
performance of our approach is comparable to that of the conventional techniques, 
even though it does not depend on <question, answer> training seeds. 

4 Conclusion and Future Work 

The input of a question answering system is natural language question which contains 
richer information than the query in traditional document retrieval. This paper mainly 
focuses on mining richer information to improve sentence retrieval and unsupervised 
syntactic answer pattern learning in open-domain question answering. 

We first present a One-Sentence-Multi-Topic sentence clustering approach to the 
cluster-based language model to improve sentence retrieval for answering question. 
Our experiments on Chinese open-domain question answering reveal that One-
Sentence-Multi-Topic clustering is much better than K-Means and is comparable to 
PLSI when used in sentence clustering for answering question. 

Second, to resolve the disadvantages with the supervised learning approaches that 
heavily depend on <question, answer> training seeds, a novel pattern-similarity-based 



clustering approach is presented to automatically learn syntactic answer patterns for 
answer selector. The basic ideas behind the approach lay in: each cluster in the results 
for One-Sentence-Multi-Topic clustering is regarded as aligned sentences; vertical 
clustering is to identity the multi-forms of the answer to the question, and horizontal 
clustering is to identity the answer pattern for the question type. Our experiments 
reveal that the improvement in syntactic pattern-based answer extraction over 
retrieval-based answer extraction is about 9%. 

Because sentence clustering is supported by a semantic tagger that is presently a 
named entity identifier, we only conduct experiments on those questions whose 
answers are named entities [13]. Other questions will be studied in future work. 
Moreover, although the current similarities in patterns for vertical and horizontal 
clustering are simple, they will be expanded in the future. As our approach is not 
language specific, we intend to apply it to other language question answering system 
to compare the proposed techniques with state-of-the-art factual open-domain 
question answering systems. 
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