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Abstract. Aiming at open domain question answering system evaluation task in
the fourth CCF Natural Language Processing and Chinese Computing Confe-
rence (NLPCC2015), a solution of automatic question answering which can
answer natural language questions is proposed. Firstly, SPE (Subject Predicate
Extraction) algorithm is presented to find answers from the knowledge base, and
then WKE (Web Knowledge Extraction) algorithm is used to extract answers
from search engine query result. Experimental data provided in the evaluation
task includes the knowledge base and questions in natural language. The evalu-
ation result shows that MRR is 0.5670, accuracy is 0.5700, and average F1 is
0.5240, and indicates the proposed method is feasible in open domain question
answering system.

Keywords: Automatic question answering - Open domain - Natural language
understanding - Information extraction

1 Introduction

Google, Baidu, Bing and other search engines return hyperlinks containing the key-
words of user queries, which do not give users a simple and direct answer, and users
need to browse web pages to find answers they need. Although search engines can help
users find answers to a certain extent, but users may need to click many hyperlinks of
pages. Driven by the mobile Internet, the automatic question answering system based
on domain knowledge base can directly get an intuitive and accurate answer, so it
becomes an important focus of research.

This paper presents a solution of open domain question answering (QA). The me-
thod mainly includes three parts: (1) SPE (Subject Predicate Extraction) algorithm; (2)
WKE (Web Knowledge Extraction) algorithm; (3) answer format standardization. SPE
algorithm extracts subject and predicate in questions, searching answers from the
knowledge base according to the subject and predicate of questions. SPE solves the
problem of QA in limited domain, such as People, Time and Geography. For other
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domains, WKE algorithm is used to extract answers from the unstructured texts of
search engine results, and can effectively solves the problem of QA in open domain. In
order to improve the accuracy of question answering system, answers are turned into a
standardized format. The knowledge base is from Baidubaike, and the quantity of it is
about 4 million triples which are in the format of <Subject, Predicate, Object>. Testing
data are 1000 natural language questions which are from Microsoft's Bing query log
and generated from the knowledge base.

The rest chapters of this paper are arranged as follows: the second chapter is about
the related work. The third chapter introduces the proposed method. The fourth chapter
is the experiment. The last chapter concludes the whole paper and looks forward to the
future research.

2 Related Work

QA is to provide a quick, direct and accurate answer for the natural language questions
[1]. The existing QA technologies can be divided into three categories according to the
source of answers: (1) QA based on search engine; (2) QA based on community, (3)
QA based on knowledge base [1]. In QA based on search engine, the answers are
extracted from the web pages of search result [2]. QA based on community calculates
the similarity between the questions raised by users and questions stored in database
asked in the past to get results [3]. The main works of QA based on knowledge base is
semantic analysis [4,5,6,7,8,9] and knowledge base building [10], such as Poon [11],
Yahya [12] and Berant [13,14,15] put forward a method to build the QA system based
on semantic analysis. First, they extracted the subject entities and predicate words of
questions. Then the questions are converted into SPARQL structured query language.
Finally, answers are acquired through retrieving knowledge base by SPARQL. Bordes
[16] and Yao [17] proposed a way of information retrieval to build QA system. Fader
[18] and Kushman [19] presented a method of building QA system based on open
information extraction. Bao [20] and Comas [21] raised an approach of constructing
QA system based on translating question into answer on the basis of knowledge base.

3 Methods

The procedure of open domain QA is shown in Figure 1 as follows:

As shown in Figure 1, the system is mainly composed of four parts: question clas-
sification, SPE algorithm, and WKE algorithm and answer format standardization.
Firstly, natural language questions are classified. Then, SPE algorithm is applied to
extract subject and predicate of the questions, and retrieve the answers from the
knowledge base. If there are no answers, WKE algorithm is applied to search
the questions in search engine to get the web pages containing the questions, to analyze
the texts of search results, and extract answers from the texts. Finally, the answers are
turned into a standard format.
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Fig. 1. Procedure of open domain question answering

3.1  Question Classification

The questions are divided into four categories: A#|People’, Hi1 | Geography, ]|
Time and Others. In this paper, the category of questions is got through feature words
matching. Some of feature words for each category are described in Table 1.

Table 1. Feature word examples

Category Feature words
A¥)|People ifilwho, 44 F|name, P4 |name, H3C4|Chinese name, &304
|[English name, |4 |alias, M+ 4 |what’s called

53 |Geography  fEMf|where, W |where, HiJ5|address, & [position

i 8] | Time W 4F|which year, {14 Hf{#|when, HJ[E]|time, #E4|born, HYHH
|date, WF4F|which year, {i]Hf|when

Other JEinull

If any question contains the feature words, the category of the question can be ac-
quired. The category has two functions: one is used to identify the predicate of the
question in SPE algorithm, and the other is to extract answers in WKE algorithm.

' The content after “|” is the English translation of Chinese words.
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3.2 SPE Algorithm

The knowledge triples consist of Subject, Predicate, and Object. The questions usually
contain the words describing Subject and Predicate but the Object is absent. The goal of
SPE algorithm is to extract the words describing Subject and Predicate and to search the
knowledge base to find the Object. The procedure of SPE algorithm is shown in Figure 2:

natural language question

'

subject recognition

I

v ¥
l subject ‘ non-subject words
+
' category of the quesion
retrieving knowledge base 8oy q

all predicates of the subject
in knowledge base

¥
similarity computation
¥
predicate name

]

answer

Fig. 2. SPE algorithm description

Ilustrated as Figure 2, the steps of SPE algorithm are shown as below.

(1) Identify the subject entity name based on CRF (Conditional Random Field)
algorithm and SWJTU Chinese Word Segmentation System.

(2) If the question contains a subject, then retrieve knowledge base to find all
triples of the subject.

(3) The words except the subject which are called non-subject words are combined
with category of the question.

(4) Compute the similarity [22] between each predicate of the subject and the
combination of non-subject words and categories. Select predicate name which simi-
larity value is the highest.

(5) According to the subject and predicate, the object can be got from triples in the
knowledge base and the object is the answer of the question.

For example, the question is £k %' 21 Jt41 4 {5 L1 (When will Jurassic World
release.
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The feature word is {14 W[ {%|when, so the category of the question is HJH][Time.
The subject is recognized asf{k %' &0 (I 4t |Jurassic World based on CRF. The
non-subject word is_t- M |release. The combination of category and non-subject word is
M) [H]jrelease time. There is a predicate named *_MEH [i[release time” in the
triple <k &' 40 {H: % [Jurassic World, BT [H]|release time, 2015-06-12> of the sub-
ject {k Z &40 {5 Jurassic World, so the object “2015-06-12” can be found as the
answer of the question. The detailed descriptions of main steps are as follows.

3.2.1 Subject Recognition

We firstly use SWJTU Chinese Word Segmentation System [23] to recognize the
entities in questions. This system can achieve good performance on recognizing several
categories of entities such as Person, Place, and Organization etc. However it cannot
recognize many other categories such as Film and Music etc. To realize good perfor-
mance of entity recognition, then we use the CRF algorithm [24] to recognize the
entities of Film, Music, Book, Game and Application categories.

CRF named entity recognition algorithm requires the establishment of a training
model which is used to predict the new entities. Because the better the quality of training
data is, the higher performance the algorithm becomes, it needs to collect a lot of
high-quality questions manually labeled as training data. We collected a large number of
questions through crawling on the Internet or writing by hand, and labeled these ques-
tions manually. The training data are got mainly from the following resources.

(1) Web. We crawled the data from Baidu Knows, Douban, 360 search engine and so
on.

(2) Question collection online system. We developed a question collection online
system and about more than 300 students participated in writing and labeling
questions.

(3) Mobile assistant voice data..We bought the mobile assistant voice data from
Datatang Corporation. The number of the questions is 145371 and we labeled
the data manually.

The total number of the questions is about more than 30000. The average F-measure
value of recognizing subject named entities for the five categories based on CRF is
92.44%.

3.2.2 Retrieve Knowledge Base

Once the subject entity in questions is recognized, the triples in knowledge base con-
taining this subject can be acquired by retrieving knowledge base. A predicate dictio-
nary of the subject can be created according to the triples.

For example, the question is ¥2/F A4 H JE{T 4 1% When is Qichao Liang’s
birthday. The subject is recognized as a personi#2 )2 #i|Qichao Liang. By retrieving the
knowledge base, we can get the knowledge triples as shown in Table 2.

The predicate dictionary of Qichao Liang is created from triples as follows:

[* 3L 4 |Chinese name, #4344 [English name, 7l 4 |alias, [E£#nationality, X
& volk, {4 Hi|birthplace, 4= H i |birthdate, #f {H: H #|death time, Hk
|career, {5{MI|faith, F=ZEfkit|achievement, {tF{E ih| representative works].
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Table 2. The triple examples of subject “%2Z #4|Qichao Liang”

No. <Subject, Predicate, Object> No. <Subject, Predicate, Object>

1 <#J5#8|Qichao Liang, ' 3C4 |Chinese name 7 <# |2 #8|Qichao Liang, 4 H #|birthdate,
, ZJ2#|Qichao Liang > 187342 A 23 H [February 23, 1873 >

2 <2 #8|Qichao Liang, 4434 |English name 8 <2 #8|Qichao Liang, it H #f|death time,
, Qichao Liang > 192941 A 19 A [January 19, 1929 >

3 <ZJ5#8|Qichao Liang, %l4[alias, Ei#N[Zhuo 9 <# 2 #8|Qichao Liang, MV |career, BEIEZE
Ru> [thinker>

4 <2 #8|Qichao Liang, [E%E[nationality, FE 10 <i# 2 #|Qichao Liang, &1 |faith, 5|
|China> Confucianism >

5 <#:2#8|Qichao Liang, FjE|volk, PUK[Han> 11 <#:2#8|Qichao Liang, FZEpLit|achievement

, A% 45| Gong Che Shang Shu | &4

% |Wu Xu Reformation>

6 <5 #8|Qichao Liang, HiA#hi|birthplace, /= 12 <2 #8|Qichao Liang, {{FAF | representa-
754478143 7 [Xinhui city, Guangdong province> tive works, (FEEL=ZEEFAL) | (

scholastic history of the past 300 years in China
o (FRED;LAGE) | (historiography of
Chinese history)) >

3.2.3 Similarity Computation

There are many different expressions for a predicate in natural language questions.
After acquiring the subject in questions and the predicate dictionary in knowledge base,
the similarity between the words in questions and predicates in dictionary is computed
to determine the predicate in questions. We combine the non-subject words with the
category of the questions into new words.

For example, 4= H |birthday is the non-subject word of the question “¥ 5 # )4 H
ST 4 W% When is Qichao Liang’s birthday” and the question category is HJ[H]
[Time. These two words are combined into a new word “E H I [f]birthday time”.
Then we use the method proposed in [22] to compute the semantic similarity between
£ H I [H] |birthday time” and the words in the predicate dictionary of “%25 #|Qichao
Liang”, and we choose the word with the highest similarity and more than 0.5 as the
predicate in the question. When the predicate of a question has been determined, the
object which is the answer can be found,

3.3  WKE Algorithm

WKE algorithm is a real-time knowledge extraction algorithm based on search engine.
It mainly consists of two parts: 1) structured knowledge extraction from Baidu Zhixin;
2) unstructured text knowledge extraction from web pages. Knowledge extraction
procedure is shown in Figure 3.

Firstly, we use extract structured knowledge from Baidu Zhixin. If we cannot get the
answer from Baidu Zhixin or Baidu Zhixin doesnot return any result in search engine,
we combine the title and abstract of web pages in search engine result into an un-
structured text and extract answers from it.
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Fig. 3. WKE knowledge extraction procedure

3.3.1 Knowledge Extraction from Baidu Zhixin

Baidu Zhixin is a QA system integrated into Baidu search engine, which can answer
simple semantic question. For example, if input the natural language question “AX#S A
% /1> \ I1|What is the population of Chengdu” in Baidu search engine, the search result
of Baidu Zhixin is shown in Figure 4:

PEEBA D :

141775 (2013=)

FAD , ERFE, BIECWEN, WIS 4%, BlEGT, EX
L (FIRD , 19936 [E250 S TR A |
B . S8 PUIESE. B #E

®EEEEH | BE

Fig. 4. Baidu Zhixin search result
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Baidu Zhixin is a semi-structured data, so we can extract the answer by analyzing the
structure of Baidu Zhixin. The structure is different according to different types of
queries. Some flags marking the start of answers in Baidu Zhixin source code are
shown in Table 3.

Table 3. Flags in source code of Baidu Zhixin

Flags Question examples
op_exactqa_s_answer Rl A 270 A 0| what is the population of Chengdu

. %@(ﬂﬁ%’iﬁlwho are the Five Overloads in Spring and Au-
c-text c-text-important

tumn Period

op_exactqa_body E‘Tﬂﬁ@%%iﬁlwho are the Four Beauty in Capital City

op_definitive_answer_po_item_img %@EUI&IEE%T\@ who are the Four Emperor in One Piece

Baidu Zhixin can only answer some of questions. If the questions cannot be solved
by Baidu Zhixin, we need to analyze the unstructured text and extract answers from it.

3.3.2 Knowledge Extraction from Unstructured Texts

The title and abstract information of the first page of the search engine are formed an
unstructured text which may contain the answer with high probability. For example, the
search result of the question “#3 1 453 A\ /& #E|who is the founder of Google™ is shown
in Figure 5.

(1)
Baloi &nuMARE

0V 2TED - RO ARCECII SN ANESST M+
o I L= §

ALY LR 00 R Google | B o1,

: = st BB SIS, WS SRELE (2 |
: - R BERWET SN SRR, RN :
| e PO A S — R '
C . - :
1 KaEl .. 8 - D03

Fig. 5. Search result example
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The process of extracting knowledge from unstructured text is as follows:

(1) Get the title and abstract content of each link in the first page.

(2) Segment and tag POS for the unstructured text.

(3) Remove stop words.

(4) Count word frequency and sort the words

(5) Extract the word with the highest frequency according to the category of
questions.

We use the term frequency-inverse document frequency (TF-IDF) to count word
frequency at step 4. To gain the useful feature of answer, WKE algorithm defines the
categories of questions as Time, Geography, People and Others, which are also the
types of answers. When the category of the question is Time, the answer of the question
is a time. When the category is People, the answer of the question is a person name. We
extract the answer according to the POS tag of words. The POS tag of Time is “t”, the
tag of People is “nr” and the tag of Geography is “ns”. Other category is not limited to
any POS tag. Therefore, the answer extraction and features selection rules are sum-
marized as following:

(1) In Geography category questions, if multiple words have “ns” POS tag and appear
in the text continuously, they can be combined into a complete geographic name.
Otherwise the word tagged as “ns” with the highest frequency is extracted as the
answer.

(2) In People category questions, if the question contains “F1.§5|The Five Wverloads” ,
“PUA|Four Outstanding Poets”, “PU K |Four Celebrities” , “PU/*|Four Talented
People”, “/N# T-|Six Nobles”,, and the words in the text have “nr” POS tag and
appear in successive, these person names are extracted as the answer. Otherwise,
the word tagged as “nr” with the highest frequency is extracted as the answer.

(3) In Time category questions, if the unstructured text contains the words with “t” POS
tag, the word with the highest frequency is extracted. If the unstructured text doesn’t
contain the words with “t”, the word with the POS tag of “m” which refers to
quantifiers and the highest frequency is extracted as the answer.

(4) For the above three categories, if there is not any part of speech needed, any word
with the highest frequency is as the answer.

(5) Other question category, the word with the highest frequency is the answer.

34 Answer Format Standardization

Answer format standardization refers to change the format of answer which is tagged as
Time or Geography according to the words contained in questions.

For the Geographic category questions, if the questions contain the characters such
as “%province”, “[EZ |country”, “|state”, or “Tfi|city”, the part in answers after
these above characters is removed.

For the Time category questions, if the questions contain about the characters such

as “#|year”, the part in answers after the above character is removed.
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4 Experiment

4.1 Data Set
The data set used in this paper is published by NLPCC2015 evaluation task and in-

cludes knowledge base and testing questions. The knowledge base is huge which has
about 48 million triples given in the form as shown in Table 4:

Table 4. The triple knowledge information in Knowledge base

Subject Predicate Object

f#l|Chengdu 34 FR|Chinese name AR Chengdu

fit&B|Chengdu 41304 |English name chengdu

i #R|Chengdu  Hll4|alias 3| Rong city, 22| lotus city, 475 3f|the
city of brocade, KJFZ[E]| the land of abun-
dance

F%#l|Chengdu P J@ X |subordinate regions P EF X | southwest

F#|Chengdu M fH|area 1239037 22 B112390 square kilometers

F%#f|Chengdu A [ [population 141777 (20134F) |1.417 millions (2013)

f%#B|Chengdu  # A 0| resident population 143577 (20134F) |1.435 millions (2013)

FiEf|Chengdu B4 {4 climate condition P44 i 2= XL S 7 i [subtropical monsoon

humid climate

The number of the testing questions is 1000, which contains 421 questions of People
category, 179 questions of Geography category, 168 questions of Time category, and
the remains belong to Others category. Some of question examples of each category are
shown in Table 5:

Table 5. Question examples of each category

Category Question example Category  Question example

People #) B DU 7 J2& ik 2)who is the Time A A5 FF A K 7K A6 T T
four distinguished poet in £ ? | when did the
Primary Tang? South-North Water Transfer

Project start ?
Geography B4 (LI {E W H ?jwhere is the Other B ROEE— (T4 ? [what
Wudang Mountain? is the national flower of Sin-
gapore ?

4.2 Evaluation Metric

This evaluation uses the MRR (Reciprocal Rank Mean), accuracy and averaged F1
values to measure the performance of open domain QA, and the related calculation
formula is defined as following:
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1L
MRR = — 1
012 rank; @

| O | denotes the total number of testing questions set, rank, denotes position of the

first correct answer, if the all answer is not correct, . is set to 0.
rank.
1 L
Accuracy = @Zé‘(Cl. ,A4) 2)
i=1

C, denotes test answer, 4, denotes standard answer, if 4, contains one answer of

C, atleast, 0(C,,4,) equalsto 1, otherwise it equals to 0.

1 Q
lel

If 4; are not fully existed in C,, F equals to 0, otherwise, F, canbe calculated

AveragedF1 = 3)

by using the following formula:

(C4) L H(C,u )
o 1CGI 4]
TTHC4) | HC A

Gl 14l

4)

#(C,, A) denotes the total number of same answer between C,and 4,, |C, |and

| A4 | is the total number of the answers in | C, |and| 4, |.

4.3  Experimental Results

The methods presented in this paper are described below: (A) SPE algorithm based on
knowledge base; (B) SKEBZ (Structured Knowledge Extraction Based on Baidu
Zhixin); (C) UKEWP (Unstructured Knowledge Extraction Based on Web Page). After
the QA system receives a natural language question, firstly, we firstly use method (A)
to answer the question, and then uses method (B), finally, uses method (C). In order to
evaluate the performance of each method, the averaged F1, accuracy and MRR
values of each algorithm are given for the 1000 testing data, the results is shown in
Table 6:

Table 6. Performance comparison of the three methods proposed in this paper

Question answering methods MRR Accuracy Average F1
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SPE 0.1601 0.1730 0.1312
SKEBZ 0.3600 0.3690 0.3314
UKEWP 0.4841 0.4970 0.4479
SPE+SKEBZ 0.3914 0.4022 0.3692
SPE+UKEWP 0.5317 0.5540 0.5066
SKEBZ+UKEWP 0.5390 0.5481 0.5211

The results of the methods proposed in the evaluation task in NLPCC2015 are
shown in Table 7:

Table 7. Evaluation results in the task

Registered team MRR Accuracy Average F1
Team-1 0.1430 0.1660 0.1196
Team-2 0.5675 0.5700 0.5240
Team-3 0.3360 0.4130 0.2990

Our methods achieve the best performance that MRR is 0.5675, accuracy is 0.57,
and average F1 is 0.5240 in all teams.

5 Conclusion

Aiming at NLPCC2015 open domain QA evaluation task of complex sentence struc-
ture, the paper presents a solution of open domain QA. Firstly, question is divided into
“People”, “Time”, “Geography” and “Other” category, and then SPE algorithm is
proposed to search answers in knowledge base. If the answer is not retrieved in
knowledge base, WKE algorithm is adopted to answer the questions. In addition, the
paper studies how to use question context information to standardize the answer format
in order to enhance the accuracy of QA. The proposed methods achieve good perfor-
mance that MRR is 0.5672, accuracy is 0.57 and average F1 value is 0.5240 in
NLPCC2015 open domain evaluation, and the evaluation results fully proves the fea-
sibility of method proposed in this paper.
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