Journal of Computers Vol. 27, No. 4, 2016, pp. 55-67
do0i:10.3966/199115592016122704005

Content Linking for Online Forums via Word Embedding Model

Lei Li!", Zhi-Qiao Gao!, and Li-Yuan Mao!

! Department of Intelligence Science and Network Engineering, Beijing University of Posts and
Telecommunications
Beijing100876, China
{leili, giaogaozhi, circleyuan}@bupt.edu.cn

Received 20 April 2015; Revised 29 September 2015; Accepted 6 October 2016

Abstract. As a kind of important social network, online forums with rich and interactive user-
generated contents (UGCs) have shown an explosive rise year by year. Generally, an originally
published article often gives rise to thousands of readers’ comments, which are related to spe-
cific points of the article or previous comments. This has formed the links of contents, which
can provide a very good communication channel between publishers and their audience. Hence
it has suggested the urgent need for automated methods to implement the content linking task,
which can also help other related applications, such as information retrieval, summarization and
content management. Up to now, most of the methods used for content linking are focused on
similarity computing based on various traditional grammatical and semantic features. The major
problem comes from the disadvantage that they mainly deal with the surface features of texts
and words. In order to solve this problem, we propose to adopt deeper textual semantic analysis
in this paper. Recently, the Word Embedding model based on deep learning has performed well
in Natural Language Processing (NLP), especially in mining deep semantic information. There-
fore, we study on the Word Embedding model trained by different neural network models from
which we can learn the structure, principles and training ways of the neural network based lan-
guage models in more depth to complete deep semantic feature extraction. We then put forward
a new method for content linking between comments and their original articles for online forums,
and verify the validity of the proposed method through experiments and comparison with tradi-
tional ways based on feature extraction using two realistic datasets.
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1 Introduction

The development of social networks has attracted more and more gaze of people in recent years with
massive user-generated contents (UGCs) as the major component of information sharing. As a kind of
important social network, online forums with rich and interactive UGCs have also shown an explosive
rise year by year. Note that usually an author / publisher publishes an original article firstly in an online
forum, then this article is followed or replied by a lot of readers in general, which are called comments or
reviews. For instance, a given news article can often give rise to thousands of reader comments—some
related to specific points / sentences within the article, others that are replies to previous comments [1].
Fig. 1 shows an example. This has formed the links of contents, which can provide a very good commu-
nication channel between publishers and their audience. In fact, this is also an important feature of Web
2.0 applications, which has replaced prevalent one-way reporting from publishers to their readers in pre-
vious Web 1.0 networks. In these cases, we should pay more attention to the comments instead of ne-
glecting them, because they can help people understand the original article more objectively.

According to Aker et al. [2], several user groups in media business now rely on online commenting to
build and maintain their reputation and broaden their readers and customer base. Unfortunately, in the
present set up of online forums, comments are difficult to organize, read and engage with, which affects
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Fig. 1. Content linking in online forums

the quality of discussion and the usefulness of comments for the interested parties. One problem with
comments in their current form is their detachment from the original article. Placed at the end of the arti-
cle without clear reference to the parts of the article that triggered them, comments are hard to put into
the context from which they originated, and this makes them difficult to interpret and evaluate. Hence,
content linking built automatically between comments and articles is very useful for understanding online
forums. It is also necessary in more complex systems such as information extraction, information re-
trieval, article / comment summarization and content management.

As far as we know, Online Forum Summarisation (OnForumS) pilot task [1] at MultiLing 2015
(http://multiling.iit.demokritos.gr/pages/view/1516/multiling-2015) is a pioneering attempt at setting
content linking for online forums as one of its sub-tasks for automatic summarization and at bringing
crowdsourcing to the evaluations. OnForumS 2015 has established itself as a valuable exercise in ad-
vancing the state-of-the-art in this new emerging area. According to its point of view, the high volume of
such user-supplied comments suggests the need for automated methods to analyze these links, which in
turn poses an exciting and novel challenge for the Natural Language Processing (NLP) community. The
problem of producing a linking structure of such mass of comments touches on the area of text under-
standing in NLP, which leads to the task of content linking. Thus content linking task is to determine
what comments link to, be that either specific points within the text of the article, or previous comments
made by other users.

Up to now, most of the methods used for content linking are focused on similarity computing based on
various traditional grammatical and semantic features, such as n-gram, word, term, named entity and co-
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occurrence. We find out that the major problems come from the disadvantage that they mainly deal with
the surface features of texts. Just as Tanev et al. [3] have also mentioned that lexical similarity cannot
account for semantic similarities between different terms. For example, the phrases “expert in computer
science” and “specialist in information technology” have no common terms, but in practice they are
synonyms.

In this paper, we propose to adopt the Word Embedding model based on deep learning and combine it
with some traditional features so as to recognize the content linking with deeper semantic features. We
also design and implement a set of experiments to evaluate the performance of the proposed method us-
ing two realistic datasets. One is an English dataset provided by OnForumS 2015, which is collected
from The Guardian, a very famous and major on-line news publisher in UK, who publishes articles on
different topics and encourages reader engagement through the provision of an on-line comment facility.
The other dataset is a Chinese one collected from TianYa (http://bbs.tianya.cn/) by us. TianYa is a popu-
lar online forum in China containing BBS (Bulletin Board System), making friends and micro-blog,
which is a very good Chinese UGC source for one to study.

2 Related Work

Content linking for online forums is a very new research topic, we can find some closely related work
from the OnForumS 2015 sharing task at MultiLing 2015. Kabadjov et al. introduces the OnForumsS pilot
task in details, including the task definition, data sets for training and testing, participating groups, and
evaluation via crowd sourcing [1]. Aker et al. [2, 4] think that it is weak to use only lexical overlap be-
tween comments and source articles, so they investigate the effect of alternative representations of com-
ments and news article texts on the results of comment-article linking with similarity metrics. They ana-
lyze the performance of the similarity method using terms, i.e., sequences of words which have all a
meaning in a domain, and show that term based similarity linking outperforms similarity linking based on
words. Krejzl et al. [5] think that the increasing amounts of user-supplied comments in most major online
news portals bring a novel challenge for people. They use vector space model and latent dirichlet alloca-
tion (LDA) for comment linking. Tanev et al. [3] exploit an efficient algorithm for calculation of distribu-
tional similarity between pairs of terms, as well as term cooccurrences for content linking. In a word,
researchers are trying to use various features to represent the contents and support similarity computing
for recognizing content correlation.

Another related work about UGCs is mainly about “opinion mining”. In fact, the research for UGCs’
comments have been carried out since they appeared, but it was mainly aimed for opinion mining of
product information in the past, focusing on the study of emotional tendency [6]. Through the pretreat-
ment of textual data and analyzing the content of product comments in various networks, we can find the
consumers’ attitudes and opinions to the commodities. And then, other consumers, manufacturers and
retailers can obtain the feedback information about their needs, using the results of data mining and
analysis of comments for commodities [7]. OnForumS 2015[1] also has two sub-tasks of opinion mining.
After the exploitation of the specific twain statements of content linking, a second sub-task is to identify
the sentiment polarity of comment itself, and a third sub-task is to recognize the emotional consistency of
this kind of opinion correlation. The major research strategy is to combine emotional knowledge and
textual information for feature extraction, and to utilize various machine learning algorithms for model
training and testing.

Up to now, we can see that both of the content linking methods and opinion mining methods are main-
ly based on multi-feature extraction of UGCs, since most researchers realize that only with good features
can we make computers to grasp the meaning of the natural language text precisely. But the original re-
sult of content linking we’ve got is not optimistic, which mainly uses similarity computing based on rules
or statistical models with traditional features. So we attempt to bring in deep learning technology applied
to big data—Word Embedding method to strengthen the traditional methods based on grammars and
shallow semantics.

The classic work for Word Embedding model is by Bengio et al. [8]. They used a three-layer neural
network to construct the n-gram language model, and got word vectors through training the language
model. From then on, many word vectors of different language models appeared constantly. In 2007,
Mnih and Hindon [9] proposed a language model of Log-Bilinear. And then, they proposed a hierarchical
idea [17] to replace the most time-consuming multiplication of the matrix from the hidden layer to the
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output layer in Bengio’s method. It ensured the effectiveness and enhanced the speed at the same time.
Huang et al. [10] thought that it cannot exploit the semantic information of the target words fully only
with the word vectors generated by local context information, so they attempted to give more semantic
information to the word vectors. They proposed two major innovations: one is using the global informa-
tion to assist the existing local information; the other is using multiple word vectors to represent polyse-
mous words. This representation learning has also been applied to a variety of natural language process-
ing tasks with excellent results, such as Chinese word segmentation [11], semantic modeling and senti-
ment analysis [12], named entity recognition [13].

3 The Proposed Method for Content Linking

Fig. 2 shows the framework of our proposed method for content linking integrating Word Embedding
model with traditional features for both English and Chinese online forums.

3.1 Pre-processing

The processing unit is sentence, thus the first task for pre-processing module is to transfer the original
format of the data set into a sequence of sentences. Then we need to obtain the information of words.
Chinese language does not have natural spaces between words as English. We have implemented differ-
ent pre-processing steps for English and Chinese forum data.

As to Chinese, due to the data for training and testing are crawled from the TianYa website using our
own crawler, the first task is page cleaning and re-encoding. Then we split the original texts into sen-
tences by some punctuations, such as “ - 7> “ 1”5 “?” We choose ICTCLAS (http://ictclas.nlpir.org/)
for Chinese word segmentation and remove stop words.
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Fig. 2. Proposed framework for content linking in online forums

As to English, we use the testing data released by OnForumS 2015 collected from The Guardian. The
original corpus of forums has two formats, i.e., txt and xml. Since xml format is easier to handle, we
choose it and use DOM which is a toolkit in java to parse the xml file to get the all the sentences. An
example of the xml data is shown as followed.
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<?xml version="1.0" encoding="UTF-8"?>

<IDOCTYPE document SYSTEM "ofs.dtd">

<document id="37793736">

<articleText>

<s id="s0">Undervaluing Royal Mail shares cost taxpayers £750m in one day</s>

<s id="s1">The government &apos,s desperation to sell Royal Mail cost taxpayers £750m in a single
day, the National Audit Office has said in a scathing report into the privatisation of the 500-year-old
national institution. </s>

<s id="s2">The public spending watchdog says the business secretary Vince Cable ploughed ahead
with plans to float Royal Mail at a maximum price of 330p-a-share despite repeated warnings from City
experts that the government had vastly undervalued the company. </s>

</articleText>

<commentaries>

<comment id="c0" bloggerld="richardbj ">

<s id="s41">[richardbj ] And will anyone be sacked for incompetency and wasting public (yours and
mine ) money ? </s>

<s id="s42">0f course not.</s>

<s id="s43">Why not ?</s>

<comment id="cl" bloggerld="questionandfreedom ">

<s id="549">[questionandfreedom | No one thinks that the tories will ever get back into government
again, and Cameron knows that he has led the tory party into a political graveyard. </s>

</comment>

</commentaries>

<links>

</links>

</document>

Word Embedding model needs a large amount of textual data for training. Both of the sample data and
testing data of OnForumS are too small in size. So we tried to collect the data ourselves for training cor-
pus from Wikipedia (http://en.wikipedia.org/wiki/Wikipedia:Database download) via a crawler. The size
of our final training corpus is about 1G. Their pre-processing task is page cleaning and re-encoding, too.
Then we split paragraphs into sentences by some punctuations, such as “.”, “!”, “?”, and split sentences
into words by spaces. We also remove stop words.

3.2 Word embedding model

As to the representation of sentence and calculation of similarity, we usually regard the word as an im-
portant feature. The word vectors can map words from a single dimension to a vector space of K dimen-
sions through training, and thus can seek deeper representation of semantic features for the textual data.
The processing of the content is then simplified as the operation of vectors in a vector space of K dimen-
sions, hence the similarity in the vector space can be used to represent the similarity of the textual seman-
tics. Our experiments mainly focus on two types of training models: Word2Vec and GloVe.

Word2Vec. Word2Vec is an efficient tool constructed by Google in the middle of 2013, achieving the
model proposed by Mikolov et al. [13-14]. It uses the idea of deep learning to make the words be repre-
sented as real valued vectors by training.

Word2Vec contains two types of training models: CBOW (continuous bag-of-words model) and Skip-
gram. We use CBOW in our experiments. It is a kind of Hierarchical Log-Bilinear [15] language model
as shown in Fig. 3. We can see that CBOW model uses a neural network of three layers: INPUT-
PROJECTION-OUTPUT. INPUT selects a window of appropriate size as the context, and reads the cor-
responding word vectors; PROJECTION adds the word vectors (K dimensions with random initialization)
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read into the window together, forming a new vector of K dimensions, which is the K nodes in
PROJECTION; OUTPUT is a huge binary tree, every none-leaf node here is a vector representing the
word of a certain category, and every leaf node here represents a word vector. All the leaf nodes consist
of all the words in the corpus, and the binary tree is constructed via Huffman Tree.

The mathematical equation for the model is:

PW, [ T(W, 5 Wy s e Wi 15 Wit)) @

Where w, represents a word in the dictionary. This equation uses the words in the window with size &
adjacent to w, to predict the probability of the word w,. And function (w,, w,,..., w,) represents a cer-
tain operation with the parameters w,(1<i<k). Word2Vec uses the vector addition operation, which

adds all the word vectors in the window together.
The objective function for CBOW is:

1 T
?Zlog PW, [T, Wi oo W W) (2)
=

Where T represents the size of the dictionary. The target of the model is to maximize the value of this

objective function. Adding log can transform the multiplication operation into the addition one, which is
convenient for subsequent operations.
GloVe. GloVe is a new global log-bilinear regression model for the unsupervised learning of word repre-
sentations. It is proposed by Jeffrey Pennington, Richard Socher and Christopher D. Manning from
Computer Science Department of Stanford University [16]. GloVe uses the statistics of word occurrences
in a corpus which is the primary source of information available to all unsupervised methods for learning
word representations. But it focuses on how meaning is generated from these statistics, and how the re-
sulting word vectors might represent that meaning. For Global Vectors generated by GloVe, the global
corpus statistics are captured directly.

The GloVe model is trained on the non-zero entries of a global word-word co-occurrence matrix,
which tabulates how frequently words co-occur with one another in a given corpus. The point of GloVe
is focused on the rate of word-word co-occurrence probability instead of the probability itself.

The calculation equation is as followed:

Fo w0 )= 3)
T

J'

Let the matrix of word-word co-occurrence counts be denoted by X, whose entries X tabulate the

number of times that word j occurs in the context of word i. Let X, be the number of times that any word
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X,
appears in the context of word i. Let B, = P(j|i)= ?” be the probability that word j appears in the con-

i

. P
text of word i. Note that the ratio —* depends on three words i, j, and k. And we R’ are word vectors
Jk
and we R? are separate context word vectors.
Through a series of operation and simplification, we get the following equation:

W/, +b, +b, =log(X,,) @)

Finally, adding an additional bias l;k for w, restores the symmetry.
It proposes a new weighted least squares regression model as following:

V ~
J =20 FX) 0, +b, +b; —log X, )7 )]
i,j=1
where V is the size of the vocabulary and f(X) is the weighting function.

For the word vector generated by GloVe, the Euclidean distance (or cosine similarity) between two
word vectors provides an effective method for measuring the linguistic or semantic similarity of the cor-
responding words. And the result representations showcase interesting linear substructures of the word
vector space.

3.3 Calculate similarity

After the training of word embedding models, a sentence in the testing corpus can be expressed as:
VVi = (Wt > Wt+1 E Wr+k) (6)
Where w, is word vector of corresponding word 7. Then the sentence W, and the sentence W, can

form calculating matrix M, _,

T : ‘. :
M, =ww!=| Lo @)
VVI+kVV\/ VVHI{W»H

The cosine distance can represent [(w],,w,), and the similarity of sentences i and j is as followed.

S. Zm:i,n:jmaX(men)
lml.h, = -

! Jlengthlength,

Where max(M,, ,)is obtained through the following concrete steps. First, find out the maximum of

@®)

M, then delete the row and column of the maximum. Next, find the maximum of the remaining matrix

and remove row and column like the former step. Do the same procedure until the matrix is empty. Fi-
nally add up all the maximum values. /length, represents the number of word vectors in the sentence, and

\Jlengthlength, is used to reduce the influence of sentence length.

3.4 Traditional features

As a comparison experiment, we use the traditional feature of word frequency in Chinese to calculate the
cosine distance between sentences via the traditional vectors in vector space model. For English, we also
use a baseline system proposed in OnForumS 2015 [1].
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3.5 Linking results

Aker et al. [2, 4] present the definition of content linking task as followed.

An original article in the online forum A4 is divided into #» segments S(4) = s, ..., 5,. The article 4 is
also associated with a set of comments C(4) = ¢, ..., ¢;. The task is to link comments ¢ € C(4) with arti-
cle segments s € S(4). We express the similarity, or the strength of link between a comment ¢ and an
article segment s as their linking score (Score). A comment ¢ and an article segment s are linked if and
only if their Score exceeds a threshold, which we can experimentally optimize. When more than one s is
linked with ¢, we can extract those sentences with the highest Score as the final linking result.

Note that there are many comments containing the same sentence that appears before in the article or
former comments in our Chinese testing corpus. We just ignore them when evaluating the Chinese link-
ing result, because they can be linked easily without difficult NLP analyzing.

4 Experiments and Results

We have implemented experiments on both the TianYa data in Chinese and the Guardian data in English
released by OnForumsS 2015.

4.1 The TianYa data and experiments

TianYa data. TianYa online forum, founded in March 1999, is a highly influential online community
whose users’ communication is mainly based on BBS forum, blog, etc. There are huge amounts of UGC
information and a lot of boards in TianYa. We have mainly worked on one of the most famous boards,
namely TianYaZatan Board, because it contains many hot topics discussed by plenty of users containing
massive articles published originally and comments replied to them subsequently. Of course, there are
also some comments replied to other former comments. One article and all its following comments can
form a normal unit called a post.

In our experiments, the research corpus from TianYa website data is obtained automatically using a
web crawler developed by ourselves. The corpus is in the standard format of BBS forum and the pub-
lished dates are all in the period of more than three years, from January 2012 to March 2015. We have
extracted complete information of articles and comments, including publishing time, publisher, number
of comments, number of users replied, detailed contents of all comments, etc. The number of comments
in the posts varies from 0 to 30,000. In fact, we find out that there may not be only one fixed theme in
different comments even in just one post.

The size of the training data we used is approximately 1G finally. When training the Word Embedding
model, the corpus selected should be sampled evenly to avoid some missing in word vectors caused by
imbalance.

According to the task of content linking, we have selected those posts whose comment number is

greater than 30 in TianYa corpus as our testing data, since the post that was just followed by a few replies
would not be much helpful for this experiment. Finally we have 3,502 posts for testing, including more
than 50,000 sentences.
Word analogy task. To implement the comparison experiments for word vectors training on Word2Vec
and GloVe, we set different sizes of windows and dimensions. According to the known expectation of the
word vectors, vector(king) - vector(queen) + vector(man) = vector(woman), we can use this method to
evaluate the result of trained word vectors.

We conduct experiments on the word analogy task of Mikolov et al. [14]. The word analogy data set is
just available in English. We firstly translated this data set into Chinese using Google translation, and
then manually modified it. For example, there are some translated words that should be modified to
commoner, and a number of verbs’ tenses (such as run, ran, go, went / gone, going, think, thinking), noun
plurals (such as cat, cats, dog, dogs) as well as comparative adjectives (for example, short, shortest, slow,
slowest), which do not exist in Chinese and thus should be deleted. The names of cities and provinces in
China are also modified to their Chinese names, such as &[5 (Shenyang), 3% (Liaoning), 5 E /&
(Harbin), ®2&EVT (Heilongjiang).

Table 1 shows some examples of our Chinese word analogy dataset that contains six types of semantic
questions. Column 1 shows the semantic questions. Column 2 shows the corresponding word groups.
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Each line represents a word group containing various words separated by spaces (note that we have
added the translations of Chinese words in its following brackets), which means that every two words are
semantically related with the semantic relations listed in the same line in column 1. Finally, the Chinese
word analogy dataset we obtained contains 11,214 word groups, and the training corpus covers 55.96%
(6,275 word groups) of the dataset, as shown in Table 2.

Table 1. Example of the Chinese word analogy dataset

Type Examples
Capital city-country Tt (Athens) 755 (Greece) 5% (London) L[] (Britain)
Nationality 5 50RE (Ukraine) 555 A (Ukrainian) 728 (Denmark) £12¢ A (Danish)
Currency H 7 (Japan) HJT (yen) Z£[5] (USA) 27T (dollar)
City-province 1%[% (Shenyang) 3% % (Liaoning) M5 HR & (Harbin) BABEVT. (Heilongjiang)
Man-Woman B (uncle) 5% (aunt) 51+ (son) 7254 (daughter)
Opposite H7E (free) #J2K (unfree) £ (known) KZ[I(unknown)

Table 2. Chinese word analogy task result

Size-Window GloVe CBOW
50-15 22.96% 39.96%
100-10 36.36% 54.81%
200-8 46.56% 59.19%

Questions seen 55.96%

Question is assumed to be correctly answered only if the closest words to the vector computed using
the above method (the known expectation of the word vector) is exactly the same as the correct word in
the question. We evaluate the overall accuracy for each model with different parameters. In addition, the
number of closest words N we set is not limited to 1, but expanded to 5.

As we can see from Table 2, CBOW performs better than GloVe in our experiments, and CBOW
shows the best result when size=200, window=8.

Here are some examples of our results from GloVe-100-10, in which each line represents a word group.

%It (Doha) £15#5 (Qatar) & 247 (Manila) FE/#2 (Philippines)
$& N (Fuzhou) #54% (Fujian) R4 (Jinan) [[[EF (Shandong)

Af-Af (brother) ZREK (sister) #THS (groom) #i (bride)

1% (boy) Zz%(girl) &R (grandfather) 7J54)5 (grandmother)

7l (Greece) A (Greek) HA (Japan) HAA (Japanese)

As we can see, all these word groups can answer some of the semantic questions shown in Table 1 cor-
rectly.

Although we aimed to study content linking, we have also performed a simple comparison between-

Word2Vec and GloVe. Interestingly, GloVe was claimed to be better than Word2Vec in its papers, but
our experiments have suggested its poorer performance in this Chinese word analogy task. Of course,
there may be various influential factors for our experimental result, like different languages, corpus of
different topics, and parameter settings, etc.
Content linking. Although we have enough data for testing, we have to evaluate the final result of con-
tent linking one by one through human labors. We have invited 5 graduate students to manually check the
results. Finally, the evaluated testing data for content linking we used contains 30 posts consisting of
1,743 sentences in TianYa corpus. We have tagged the comment sentence linking with a score about the
degree of its relativeness to the extracted sentence that the comment replied to. Scores range from 0 to 3,
0 indicates no association, the greater the score is, the greater the correlation. Finally, the average scores
are shown in Table 3.

As we can see from Table 3, the final result suggests that Word2Vec performs the best, and followed
by traditional feature method. It has also verified our assumption that using Word2Vec which produces
deep semantic word vectors can provide a great deal of help to associated content task.
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Table 3. Average scores of models

Models
Average Scores

Word2Vec
1.059

GloVe
0.998

Word frequency
1.029

Table 4 shows four examples of our linking results. For each example, column 2 gives the content of
the comment sentence, column 3 gives the linking sentence decided by traditional word frequency feature,
column 4 gives the linking sentence decided by Word Embedding model.

Table 4. Examples of linking results

# Comment Traditional feature Word Embedding

I EEYREERR SR T LR B E PSR T AP A EER 0 7
W& B Mo PR B EREATRE A
(If it is like what you say, the #H3# 1,000 & (If we have no registered per-
families without registered per- (So most families with more manent residence,we will have
manent residence are starved than one child have to handle no responsibility fields or the
earlier, where can we find them)  registered permanent residence homestead)

for their children, and the
amount of the families without
registered permanent residence
in China can't beyond 10 mil-
lions)

2 EREMO R > AR > # SOEEEEFTRI DU 21 FREIAE R R AE AT
HHE > —HE > R NH RS TR IR 20 BLEEREEUUEE AT e e ]
H o PRIk R 1S T WA R LR T 0 DI 80 DLERYEEIL ~ AR
HLOETL - fidEA KAAAR) EAAREE (R 20 f5ry BRI 40 » 52w DU 120
FRACHT - RPN EITH 10 M REH ARy ) B & U B~ AR IR R
i AL ALk 2 —  (The traffic management de-  60-----igfk—2K - fEFEIFAE
R ) o[RS 40 A Y partment can say it is for secu- PRI Bl S EAN AT HEANH
(There is a road named Jiangbin  rity openly, while it is better to  (the road speed limitation signs
Road in front of our house with  set the speed limitation to 20, I  in our country are seriously dis-
asphalt pavement, three lanes, think it will be very safe, of crepant with the actual road
two-way six lanes, one middle course it's not absolutely(It may conditions, a road which can run
green belt with at least 1.5 lanes  occur traffic accidents with the more than 80, it gives you as-
width and one green belt with  speed limitation to 20)) peed limitation to 40, a road
about 1 meter width in every which can run more than 120, it
side, and outside it is cycle path gives you a speed limitation to
with very little traffic(The traffic 60...and then, it is impossible for
light isn’t busy). Isn’t it a genius any driver in China to run in the
to setthe speed limitation to 40?) range of speed limitation)

3 FEEMEER > B@3RZAH  FLITERS A SO AR AA =N
BRELL B FE (So there are many Chinese with &= ]
(I agree with what the publisher two registered permanent resi- (There are many Chinese with
said, there are many people with  dence) three or four or five registered
more than two egistered perma- permanent residence)
nent residence around me)

4 FERFNEEFLN FTLA IR 2 \HAHE S HTEFL - g LZEE

(The families of the woman who
have many houses have two reg-
istered permanent residence)

(So there are many Chinese with
two registered permanent resi-
dence)

ToE - ZANH T A
11 &5

(If we have two registered per-
manent residence, we can buy
more houses,there are totally 11
houses in this family)

Let’s just look at Example 1 in Table 4 for more detailed discussion. Although the comment and the
linking sentence extracted by traditional features appear to have the similar key word " 2= | (family
without residence registration), we find out that its real meaning is the relation between residences with
the fields through the context. Instead, the linking sentence by Word Embedding model shows the closer
answer.

Realistically, we should point out some problems in this experiment that word vectors may sometimes
lead to “excessive linking.” It means that the word vectors can not only help to link two relevant sen-
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tences without the same vocabulary but also wrongly link two unrelated sentences by scoring them with
much higher semantic similarity. We plan to work more on these problems via integration of Word Em-
bedding model with traditional features and other possible features in future.

4.2 The Guardian data and experiments

The Guardian data. According to OnForums 2015[1], the official test data set in English consists of ten
articles from The Guardian together with corresponding top fifty comments for each article (articles may
contain thousands of comments), containing 43,104 words.

The approach used for evaluation in OnForumS 2015 is IR-inspired and based on the concept of pool-
ing used in TREC[ 18], where the assumption is that possible links that were not pro-posed by any system
are deemed irrelevant. Evaluation is based on the results of a crowdsourcing exercise. Contributors are
asked to judge whether potential links are correct for each test article and its comments. This is a valida-
tion task as opposed to annotation, that is, contributors are only asked to validate links and labels pro-
duced by systems and are not asked to link or label data themselves. Hence there is only precision value.
Additionally, due to the high volume of system links only a subset of all the links produced by systems is
evaluated by extracting a stratified sample.

Word Embedding Model with WordNet. We use GloVe and Word2Vec for English Word Embedding
Model, combined with WordNet to compute sentence similarity. WordNet is a semantics-oriented dic-
tionary of English, similar to a traditional thesaurus but with a richer structure, which makes it easy to
navigate between concepts. For example, given a concept like “car,” we can look at the concepts that are
more specific—the hyponyms: “Stanley steamer,” “hardtop,” “loaner” and so on. We can also navigate
up the hierarchy by visiting hypernyms, like “car”: “motor vehicle.”

Word analogy task. For this dataset, we have obtained 19,544 word groups, and the English training
corpus covers 99.70% of it, as shown in Table 5. This time the number of closest words N we set is 1. As
we can also see, when size=200, window=8, models perform best in our experiments. Similarly,
Word2Vec performs better than GloVe.

Table 5. English word analogy task result

Size-Window GloVe CBOW
50-15 26.95% 41.76%
100-10 38.92% 56.43%
200-8 47.33% 60.29%

Questions seen 99.70%

Content linking. Here before the computation of [(w],,w,) in equation (7), firstly, the stemmed English

words are generated and examined in consistency. Secondly, it is essential to check relations between
word ¢ and word v by WordNet. When word ¢ and word v exist in the hyponyms / hypernyms part of each
other, they can be seen as the same. Table 6 shows our experimental results.

According to the corpus of OnForumS 2015 and the evaluation method, we can implement experi-
ments through a variety of thresholds for Score to check the performance of Word2Vec and GloVe, not
like section 4.1 which requires human labor. As a comparison, we use the baseline system called Overlap
[1], which links a comment sentence to the article (or parent comment) sentence with the most common
words and gets the highest precision in OnForumS 2015.

As we can see from Table 6, the column “Threshold” shows three different thresholds for every con-
tent linking method, the column “Correction” indicates the number of correct linking, the column “Sum”
indicates the total number of content linking found, and the column “Precision” gives the corresponding
accuracy rate for each threshold of a method, which equals to Correction/Sumx100%.

As a whole, the precision of Overlap is still higher than that of the embedding methods, but it is easy
for us to find out that the correlation number is limited, far less than that of word embedding methods.
Obviously, content linking with word embedding models can rely on not only shallow semantics, but also
deeper semantic understanding. For example, “Does anyone really think they will stop this now?” and
“This was never about getting the establishment to change.”, these sentences expressed that the situation
will not change, which are not the same from the perspective of morphological view. In other words,
word embedding models can really catch content linking results with deeper semantics connected. But
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Table 6. Content linking results

Method Threshold Correction Sum Precision
0.1 291 344 84.59%
Overlap 0.2 199 226 88.05%
0.4 79 91 86.81%
0.4 681 945 72.06%
GloVe 0.6 495 679 72.90%
0.8 126 176 71.59%
0.2 465 627 74.16%
Word2Vec 0.4 366 479 76.41%
0.6 150 199 75.38%

the price is more loss in precision compared with Overlap. This is just the problem of “excessive linking”
which we have mentioned before in section 4.1 for Chinese TianYa corpus. Hence we really need to
work more to improve the precision through more precise word embedding models.

As to the thresholds, we can also see from Table 6 that different thresholds for different methods can
really affect the accuracy of linking performance. Generally speaking, when the threshold is lower, we
can extract more links, but there may be more wrong links selected at the same time, which may leads to
precision loss. It occurs to us that there should be a best threshold in some middle point for different
methods, although the concrete value of the threshold may vary for different methods.

There may be another reason for these results. The training corpus of our word vectors in this English
experiment is collected from Wikipedia by us, which is different from the testing corpus of OnForum$S
from The Guardian. Usually we believe that different websites have different language styles, which may
possibly affect the training result of the word embedding models. We will also study more about training
word embedding models and hope to obtain better word vectors via more fitful training experiments.

5 Conclusion

In this paper, we mainly study the task of content linking between comment sentence and article sentence
or former comment sentence for online forums. Based on our former work of traditional features-based
methods and its unsatisfied result, we propose to improve its performance by digging deeper semantic
information with Word Embedding model. We then make further study on the Word Embedding model
trained by different neural network models from which we can learn the structure, principles and training
ways of the neural network language model in more depth to complete deep semantic feature extraction.
With the aid of these semantic features, we implement a new method of content linking. Our experiments
have been implemented for both English and Chinese realistic forum data. The results support a conclu-
sion that the Word Embedding model based on deep learning performed well in deep semantics mining
task as well as the content linking task by comparison with traditional ways based on feature extraction.
There are still many issues for us to study more in future work, especially the possible improvement ways
for “excessive linking” via integration of various methods so as to make full use of merits of existed
technologies and more precise word embedding models with good training.

Acknowledgement

This work was supported by the National Natural Science Foundation of China under Grant 71231002,
61202247, 61202248 and 61472046; EU FP7 IRSES Mobile Cloud Project (Grant No. 612212); the 111
Project of China under Grant BO8004; Engineering Research Center of Information Networks, Ministry
of Education.

References

[1] M. Kabadjov, U. Kruschwitz, M. Poesio, J. Steinberger, OnForumS: A shared task on on-line forum summarisation.

(http://multiling.iit.demokritos.gr/pages/view/1573/multiling-2015-proceedings-addendum ) .

66



Journal of Computers Vol. 27, No. 4, 2016

[2] A. Aker, E. Kurtic, M. Hepple, R. Gaizauskas, G.D. Fabbrizio, Comment-to-article linking in the online news domain, in:
Proc. of the SIGDIAL 2015 Conference, 2015.

[3] H. Tanev, A. Balahur, Tackling the OnForumS challenge. (http://multiling.iit.demokritos.gr/pages/view/1573/multiling-
2015-proceedings-addendum ) .

[4] A. Aker, F. Celli, A. Funk, E. Kurtic, M. Hepple, R. Gaizauskas, Sheffield-trento system for sentiment and argument struc-
ture enhanced comment-to-article linking in the online news domain. (http://multiling.iit.demokritos.gr/pages/view/1573/
multiling-2015-proceedings-addendum ) .

[5] P. Krejzl, J. Steinberger, Tom a"sHercig, Tom a’sBrychéin, UWB participation in the multiling’s OnForumS task.

( http://multiling.iit.demokritos.gr/pages/view/1573/multiling-2015-proceedings-addendum ) .

[6] B. Pang, L. Lee, Opinion mining and sentiment analysis, Foundations and Trends in Information Retrieval 2(1-2)(2008) 1-
135.

[71 S. Li, Q. Ye, Y. Li, R. Law, Mining features of product from Chinese customer online reviews, Journal of Management
Sciences in China 12(2)(2009) 142-152.

[8] G.E. Hinton, R.R. Salakhutdinov, Reducing the dimensionality of data with neural networks, Science 313(5786)(2006) 504-
507.

[9] A. Mnih, G. Hinton, Three new graphical models for statistical language modelling, in: Proc. of the 24th international con-
ference on Machine learning ACM, 2007.

[10] E.H Huang, R. Socher, C.D. Manning, A.Y. Ng, Improving word representations via global context and multiple word
prototypes, in: Proc. of the Annual Meeting of the Association for Computational Linguistics ACL, 2012.

[11] Lai Siwei, Xu Liheng, Chen Yubo, Liu Kang, Zhao Jun, Chinese word segment based on character representation learning,
Journal of Chinese Information Processing 27(5)(2013) 8-14.

[12] R. Socher, J. Pennington, E.H. Huang, A.Y. Ng, , C.D. Manning, Semi-supervised recursive autoencoders for predicting
sentiment distributions, in: Proc. of the Empiricial Methods in Natural Language Processing (EMNLP 2011), 2011.

[13]J. Turian, L. Ratinov, Y. Bengio, D. Roth, A preliminary evaluation of word representations for named-entity recognition,
in: NIPS Workshop on Grammar Induction, Representation of Language and Language Learning, 2009.

[14] T. Mikolov, K. Chen, G. Corrado, J. Dean, Efficient estimation of word representations in vector space. (http:/arxiv.
org/abs/1301.3781v3, 2013 ) .

[15] T. Mikolov, I. Sutskever, K. Chen, G. Corrado, J. Dean, Distributed representations of words and phrases and their compo-
sitionality, in: Proc. of NIPS, 2013.

[16] J. Pennington, R. Socher, C.D. Manning, Glove: global vectors for word representation, in: Proc. of the Empiricial Methods
in Natural Language Processing (EMNLP 2014), 2014.

[17] A. Mnih, G.E. Hinton, A scalable hierarchical distributed language model, in: Proc. of NIPS, 2008.

67







<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (Japan Color 2001 Coated)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJDFFile false
  /CreateJobTicket true
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 524288
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo true
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Preserve
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects true
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHT <FEFF005B683964DA300C005000440046002800310032003000300064007000690029300D005D0020>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
    <<
      /AddBleedMarks true
      /AddColorBars false
      /AddCropMarks true
      /AddPageInfo true
      /AddRegMarks false
      /BleedOffset [
        8.503940
        8.503940
        8.503940
        8.503940
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName (sRGB IEC61966-2.1)
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 400
        /LineArtTextResolution 1200
        /PresetName <FEFF005B9AD889E367905EA6005D>
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements true
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MarksOffset 0
      /MarksWeight 0.283460
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /JapaneseWithCircle
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [1200 1200]
  /PageSize [612.000 792.000]
>> setpagedevice


