LETTER Communicated by Zhoujun Li

Facet Annotation by Extending CNN with a Matching Strategy

Bei Wu

wubeibetsy@gmail.com

MOEKLINNS Lab, Department of Computer Science and Technology,
Xi'an Jinotong University, 710049, China

Bifan Wei

weibifan@xjtu.edu.cn

National Engineering Lab of Big Data Analytics, School of Continuing Education,
Xi'an Jiaotong University, 710049, China

Jun Liu
liukeen@xjtu.edu.cn
Guangdong Xi’an Jiaotong University Academy, 528300, China

Zhaotong Guo

gzhtcrystal@stu.xjtu.edu.cn

MOEKLINNS Lab, Department of Computer Science and Technology,
Xi'an Jiaotong University, 710049, China

Yuanhao Zheng

zhengyuanhao@stu.xjtu.edu.cn

MOEKLINNS Lab, Department of Computer Science and Technology,
Xi'an Jinotong University, 710049, China

Yihe Chen
yiko.chen@mail.utoronto.ca
University of Toronto, Toronto, Ontario, M5S 1A1, Canada

Most community question answering (CQA) websites manage plenty of
question-answer pairs (QAPs) through topic-based organizations, which
may not satisfy users’ fine-grained search demands. Facets of topics serve
as a powerful tool to navigate, refine, and group the QAPs. In this work,
we propose FACM, a model to annotate QAPs with facets by extend-
ing convolution neural networks (CNNs) with a matching strategy. First,
phrase information is incorporated into text representation by CNNs
with different kernel sizes. Then, through a matching strategy among
QAPs and facet label texts (FaLTs) acquired from Wikipedia, we generate
similarity matrices to deal with the facet heterogeneity. Finally, a three-
channel CNN is trained for facet label assignment of QAPs. Experiments
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on three real-world data sets show that FACM outperforms the state-of-
the-art methods.

1 Introduction

Community question answering (CQA) websites like Quora and Stack-
Overflow become popular platforms for knowledge sharing, with plenty
of question-and-answer pairs (QAPs).! A QAP consists of a question and
a corresponding answer. Most CQA websites organize questions according
to topics in specific knowledge domains (Wang, Gill, Mohanlal, Zheng, &
Zhao, 2013), such as Data Structure, of which Binary Tree is a typical topic.
An example of Quora questions, “What is a binary tree?” is assigned to three
topics, including Binary Trees, Data Structures, and Algorithms.

Topic-based organization mode for QAPs cannot satisfy the demands
of fine-grained knowledge acquisition. For example, a user who wants to
know the definition of binary tree from Quora, posts a short query, like, “Bi-
nary tree, definition.” Quora will return thousands of QAPs to the user. Af-
ter statistical analysis on the top 10 questions (involving 1210 QAPs), we
find that only 5% of QAPs are related to the definition of binary tree. It is
time-consuming for users to search for their expected knowledge, and they
may be reluctant to explore Quora again.

Facets of topics serve as a powerful tool to navigate, refine, and group the
QAPs. A facet describes an important aspect of a specific topic in a knowl-
edge domain, such as definition, property, application, or example.

An example of a topic facet-based organization mode in Binary Tree is
shown in Figure 1. Facets organize a QAP into a triple (topic, facet, QAP),
such as (Binary tree, definition, “What is a binary tree? A tree with not more
than two branches at any branching point”.). Using the facets, we can realize
the faceted navigation in CQA websites. With faceted navigation, users do
not rely on formulating precise keyword searches alone to find QAPs in
CQA websites. Instead, they can enter broad searches and use the facets
in a flexible way to refine the initial query. This gives confidence in being
comprehensive and reduces uncertainty in information seeking in general;
it also removes the frustration of finding no results.

In this work, we focus on facet annotation, which is to assign one or more
facet labels to a given QAP. There are two challenges of facet annotation:

* Unlike normal short texts, QAPs are bound up with topics and con-
tain plenty of topic phrases. Taking Red-black tree as an example, the
combination of red, black, and tree represents a specific topic in a
knowledge domain. In this case, red, black, and tree do not really re-
tain their original meanings. Existing representation methods such as

! https:/ /www.quora.com/; http:/ /stackoverflow.com/.
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Topic
(definition) ( property ) (application) ( example ) Facets
What is a binary tree? What is a binary tree? A What are the real world examples
A tree with not more binary tree is a tree data of binary trees (not search tree)? QAPs
than Two branches at structure in which each node Real world example (on daily
any branching point. has at most two children, -+ asis) of binary trees which «++

Figure 1: An example of a topic facet-based organization mode in Binary tree.

a bag-of-words model (Harris, 1954) and word embedding (Bengio,
Ducharme, Vincent, & Jauvin, 2003) cannot effectively represent the
phrase information such as topic phrases. However, it is a necessity to
propose a proper representation method for the phrase information.
* The QAPs (such as the two following QAPs) describing the same
facet of different topics contain notable differences in some statis-
tic features like word distribution, which we call “facet heterogene-
ity” in this letter. Hence, it is necessary to acquire a model with
a good generalization capability through small numbers of labeled
data:
1. Definition of Binary tree: “What is a binary tree? A tree with not
more than two branches at any branching point.”?
2. Definition of Array: “What is an array? Array’s a kind of data
structure that can store a fixed-size sequential collection of ele-
ments of the same type.”?

To overcome these challenges, we propose FACM, a model for facet an-
notation by extending convolutional neural network (CNN) with a match-
ing strategy. First, an effective text representation method is developed to
capture the phrase information of QAPs. The results are the input of the
feature extraction pipeline. Second, a matching strategy is proposed to gen-
erate three-dimensional similarity matrices between QAPs and knowledge
acquired from Wikipedia.? Finally, we adopt a three-channel CNN to im-
plement the multiple facet label classification with three-dimensional sim-
ilarity matrices.

There are some similarities and differences between our facet annota-
tion task and the tagging task in data mining. Both tasks are to assign one

2 https:/ /www.quora.com/What-is-a-binary-tree.
. https:/ /www.quora.com/What-is-an-array.
https:/ /en.wikipedia.org/.
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or more labels to an object, and the purpose of assigning labels to content
is to encode a higher-level abstraction. The facet label of facet annotation in
our letter and the descriptors, or tags, of a tagging task in data mining are
typically short textual labels. However, the tags of a tagging task usually re-
fer to social tags, which are self-created without limitations on the content,
number, and consistency of the tags. Facet labels of our task are closed vo-
cabulary and assigned by professional annotators with some rules or limi-
tations in some specific domains. In terms of the approach, the tagging task
can be approached as either a series of binary classification tasks, one for
each label, or a multiclass classification task. However, conventional clas-
sification approaches are unsuitable for our facet annotation/labeling task
owing to facet heterogeneity.

We transform our task into a matching task between QAPs and exter-
nal knowledge from Wikipedia rather than a direct classification task. A
conventional matching model has been widely applied to the natural lan-
guage inference (NLI) task (MacCartney, Galley, & Manning, 2008; Wang
& Jiang, 2015; Liu, Huang, Zhang, & Huang, 2016; Mou et al., 2016; Liu,
Sun, Lin, & Wang, 2016) and textual question answering (Q/A) task (Shen,
Rong, Sun, Ouyang, & Xiong, 2015; Molla & Gardiner, 2004; Hirschman &
Gaizauskas, 2001; Carmel, Shtalhaim & Soffer, 2000; Andreas, Rohrbach,
Darrell, & Klein, 2016). However, the problem of facet heterogeneity is not
involved in the conventional matching model, thus leading to our own
novel matching strategy.

To sum up, our contributions are threefold:

 As far as we know, we are the first to formalize and investigate the
problem of facet annotation for QAPs corresponding to specific top-
ics. Facet annotation is to assign one or more facet labels to a given
QAP to provide a facet to realize the faceted navigation in CQA
websites.

* We propose FACM, a model for facet annotation by extending CNN
with a matching strategy. FACM uses a novel text representation
method based on CNNs with three convolutional kernels to incor-
porate the phrase information at three levels. Then it combines the
matching strategy to match QAPs with facet label texts (FaLTs) into
facet annotation to cope with the facet heterogeneity.

» To validate our proposed model, comprehensive experiments are
conducted on three real-world data sets from Quora in different
knowledge domains: Data Structure, Data Mining, and Computer
Network. Experimental results show that the FACM model outper-
forms the highly-cited and popular methods.

This letter is organized as follows. Section 2 reviews the related work. In
section 3, we define the problem of facet annotation formally and describe
FACM with a detailed description. In section 4, we evaluate FACM on three
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data sets and analyze the results. Section 5 concludes and offers directions
for future research.

2 Related Work

Facet annotation of QAPs means assigning one or more facet labels to a
given QAP in CQA. It targets short text classification and subtopic mining.

2.1 Short Text Classification. Short text classification assigns labels
from a predefined taxonomy to short texts, such as questions, instant mes-
sages, tweets, and comments (Chen, Jin, & Shen, 2011). Short text classifi-
cation can be divided into two categories: rule based and machine learning
based.

Rule-based approaches classify short texts using a straightforward
method of a set of predefined heuristic rules. Some earlier research employs
manually handcrafted rules (Hull, 1999; Prager, Radev, Brown, & Coden,
1999) to classify questions from TREC-8 (Voorhees, 1999). More recently,
Haris and Omar (2012) adopted various types of interrogative words and
analyzed the cognitive levels of Bloom’s taxonomy to classify each question
through the development of rules. The rule-based approaches perform well
in terms of accuracy in a specific domain. However, they suffer from time-
consuming and laborious human efforts using handcrafted rules, as well as
low recall in different domains.

Machine learning-based approaches classify short texts to predefined
categories using automatically extracted features. Li and Roth (2002) pro-
posed a hierarchical sparse network of winnows with bag of words features
for short text classification in questions. In the experiments carried out by
Zhang and Lee (2003), the support vector machine (SVM) combining bag-
of-words performs well in short question classification with finely grained
categories, such as abbreviation and expansion. Sriram, Fuhry, Demir, Fer-
hatosmanoglu, and Demirbas (2010) classified the short texts to a prede-
fined set of generic classes such as News, Events, Opinions, Deals, and
Private Messages, with a small set of domain-specific features extracted
from tweet authors’ profiles and texts. Li, Su, Chen, and Yuan (2017) intro-
duced a semi-supervised question classification method based on ensemble
learning. Recently, Kim (2014) used a CNN trained on pretrained word vec-
tors for sentence-level classification.

In short, the heterogeneity of predefined taxonomy from different top-
ics, like facet heterogeneity in our task, is ignored in most approaches to
short text classification. Furthermore, most approaches also ignore phrase
information.

2.2 Subtopic Mining. Subtopic mining has gained much attention in
recent years, which is to identify more ne-grained keywords with topics (Hu
etal., 2012). Subtopics can be extracted from query logs (Hu et al., 2012, Wu,
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W, Li, Zhou, 2015), anchor texts (Dang, Xue, & Croft, 2011), and document
corpus (Allan & Raghavan, 2002). The approaches of subtopic mining can
be categorized into two groups: graph based and feature based.

Graph-based approaches are often used in subtopic mining for query in-
tent mining. Beeferman and Berger (2000) treated the query log as a bipartite
graph where clusters are interpreted as subtopics covering diverse queries.
Kong and Allan (2013) proposed a supervised approach based on a graph-
ical model to distinguish query facets from noisy candidates. Yu and Ren
(2014) proposed mining query subtopics through clustering on a modifier
graph. Modifiers are the co-appearing terms with a given query that can
explicitly specify user’s interests. Yi, Zhang, and Wei (2016) integrated the
nonnegative sparse latent semantic analysis (LSA) model with a subtractive
clustering algorithm to mine subtopics from the search behavior tripartite
graph.

Feature-based approaches mine subtopics based on the features ex-
tracted from the documents. Matsumoto, Takamura, and Okumura (2005)
trained a classifier on an annotated corpus using frequent subpatterns
corresponding to dependency relations as features. Zheng, Fang, Cheng,
and Wang (2012) measured the similarity between two patterns by the di-
vergence and grouped the similar patterns together to model one query
subtopic. Wang, Qian et al. (2013) adopted query-independent features like
the readability of subtopic candidate strings. Ullah, Shajalal, Chy, and Aono
(2016) introduced multiple query-dependent and query-independent fea-
tures for computing balancing relevancy and novelty to mine the subtopics.
Manabe and Tajima (2016) utilized the hierarchical structure feature of
headings in documents to generate diversified rankings of subtopics of key-
word queries. A heading describes the topic of its associated block and the
hierarchical descendant blocks of the block.

Graph-based approaches focus on the dependence structure among texts
and ignore some semantic information of independent texts. Feature-based
approaches focus on the feature of documents, whereas our QAPs are as-
cribed to a kind of short text whose features are sparse. Both kinds of ap-
proaches mine the strings of subtopics such as city and person, which often
appear in corpora. The approaches for subtopic mining may fail to achieve
satisfactory results owing to the absence of facet label strings in QAPs. The
detailed statistics are shown in table 2 in section 3.4.

2.3 Text Matching. We transform our annotation task into a match-
ing task between question-and-answer pairs (QAPs) and knowledge from
Wikipedia. Our task is, in a sense, related to the text matching task.

Text matching models the relevance or similarity of a pair of texts in
many natural language processing tasks (Liu, Qiu, Chen, & Huang, 2016),
such as text classification, question answering, and machine translation. Re-
cently, deep learning has been rising as a substantial interest in text semantic
matching and has achieved great progress. The approaches of text matching
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can be categorized into two groups: word-by-word matching and sentence
encoding based.

Word-by-word matching approaches focus on calculating the matching
score for pairwise words from two sentences. For example, Salton and Buck-
ley (1988) computed the word-by-word similarities between two texts. Shen
etal. (2015) fed the word-by-word cosine similarity matrix into a deep archi-
tecture to calculate the matching probability between the question and each
candidate answer. Pang et al. (2016) constructed a matching matrix whose
entries represent the similarities between words.

Sentence encoding-based approaches predict relationships between two
corresponding sentences through mapping each sentence to a vector (em-
bedding). Bromley, Guyon, LeCun, Sickinger, and Shah (1994) proposed
an artificial siamese neural network, consisting of two identical subnet-
works joined at their outputs, to compare two patterns and calculate the
cosine similarity. The siamese architecture has been applied to different
tasks as a nonlinear similarity function (Lu & Li, 2013; Hu, Lu, Li, & Chen,
2014). Hu et al. (2014) proposed convolutional neural network (CNN) mod-
els to match two sentences by adapting the convolutional strategy to com-
bine the hierarchical modeling of individual sentences and the patterns of
their matching. Rocktdschel, Grefenstette, Hermann, Ko¢isky, and Blunsom
(2015) proposed a neural model that reads two sentences to determine en-
tailment using long short-term memory (LSTM) units for sentence match-
ing. Shen, Zhang, Henao, Su, and Carin (2017) proposed deconvolutional
networks as the sequence decoder in a latent-variable model to match nat-
ural language sentences.

An appropriate matching approach is needed to capture the rich se-
mantic interaction information between two texts in the matching process.
However, both word-by-word matching and sentence encoding-based ap-
proaches discard some semantic information, such as phrase information.

To capture the phrase information of a sentence in QAPs, we uses the
convolutional layer to obtain three-level text representation correspond-
ing to three-level phrase information in sequence. Based on three-level
text representation, a matching strategy is proposed to generate three-
dimensional similarity matrices between QAPs and knowledge acquired
from Wikipedia.

3 FACM Model

In this section, we present FACM, a model proposed to automatically anno-
tate facet labels of QAPs by extending CNN with a matching strategy. We
first define the problem of facet annotation and then describe the schematic
framework of the FACM model with detailed descriptions of each stage.

The a custom symbol system for this model that we developed in this
letter is in Table 1.
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Table 1: A Custom Symbol System.

Item Set Element Num Comment
Topic T t m  Such as Binary Tree, Array, and Red-Black
Tree
Facet L I r  Such as definition, property, and application
QAP Q qi n  g; denotes a QAP corresponding to a
specific topict; € T
RQ q; rq; is the text representation of g;.
FaLT(t;) F fik r fjx denotes a FaLT of Iy corresponding to
t .
RF; 7fik rf 7-;5 is the text representation of fi
FaLT(total) F = Ut/_ erFj fik rx m F isauniversal set of FaLTs of all facets
from all topics
RF = Ut/-eT RF;  rfj RF is a text representation set

corresponding to F

3.1 Problem Definition. Our target is to assign one or more facet labels
to a given QAP.

Formally, Q = {q1, 92, .-, gi, - - ., gn} denotes a QAP set, related to topic
set T ={t1,t2,....tj,....tw}. i = (w1, w2, ..., Wy, ..., ws) denotes a QAP
with topict; € T, where wy, is the thword. L = {l, I, ..., I, ..., I;} denotes
a facet set consisting of r facets, such as definition, property, and application.
Let F; = {fl-l, sz, e fjk, R fj,} denote a FaLT set consisting of r FaLTs
corresponding to topic ¢;. Each FaLT fj describes a facet I; of topic ¢;. We
generate a matching function ® : Q x F — {0, 1}, F = Ut,-eT F<j<m).

Based on the matching function ® : Q x F + {0, 1} and F + L, our work
aims at generating a multilabel classification function & : Q x L — {0, 1}.

3.2 Framework. The schematic framework of FACM is shown in Fig-
ure 2. In practice, a QAP can be assigned with one or more facets. For
simplicity, we consider the framework of a QAP and a facet together. We
transform the task of automatic facet annotation into multiple binary clas-
sification problems.

3.2.1 Text Representation. The short natural language texts of QAPs are
embedded into three vector spaces with a convolution layer and a max-
pooling layer. Each QAP is represented as three ordered lists indicating
the phrase information at three levels: unigram, bigram, and trigram. Each
well-ordered list of word vectors at a level forms a matrix, and three matri-
ces of three levels are the output of this stage.

3.2.2 Text Matching. A matching strategy is used to construct three-
dimensional similarity matrices to deal with facet heterogeneity. We
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Figure 2: The schematic framework of FACM.
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Figure 3: An example of a simplified Wikipedia page.

introduce a text corresponding to a specific facet of a topic from a Wikipedia
page, which we call facet label text (FaLT) in this letter (see Figure 3). For
example, a FaLT describing the facet definition of topic Binary Tree, is ex-
tracted from a Wikipedia page with the title of Binary Tree. A FaLT is also
represented as three matrices with different levels of phrase information.
Then three-dimensional similarity matrices are constructed by similarity
measures between a QAP and a FaLT at different levels through a matching

strategy.
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Figure 4: Text representation with different kernels C, .4 gaining phrase infor-
mation in different levels. o € {1, 2, 3} denotes the number of words for combin-
ing and the height of kernels. « = 1: unigram representation DV with one-word
window; o = 2: bigram representation D®: o = 3 with two-word window: tri-
gram representation D® with three-word window.

3.2.3 Facet Label Assignment. The three-dimensional similarity matrices
are combined and fed to a three-channel CNN, consisting of two convolu-
tion layers, two max-pooling layers, and a multilayer perceptron layer for
facet label assignment served as a binary classification.

3.3 Text Representation. Effectively representing the embedding
phrase information in QAPs is a challenging task. A word embedding ma-
trix M € RIV*® is pretrained by an unlabeled large corpus from English
Wikipedia 2015, where |V] is the size of the vocabulary and d is the di-
mension of the vector space. Each word vector (a row in M) represents a
word in the corpus. For QAP g; = (w1, w, ..., wy, ..., ws), we build a ma-
trix D; € R*% containing a sequential information of words, which can also
be represented as an ordered list of word vectors (a1, a2, ..., ap, ..., a5)7,in
which a;, is the word vector of wy,.

To more precisely capture the information of a sentence in QAPs, the
phrase information of words is taken into account in our model by using
the proposed convolutional layer with different kernels Cy 4 (o € {1, 2, 3}),
shown in Figure 4.

The proposed text representation model contains a convolution layer
and a max-pooling layer. At the convolution level, three kinds of kernels
are adopted to conduct different convolution operations and capture dif-
ferent phrase information in different size of phrases.

3.3.1 Convolutional Layer. As illustrated in Figure 4, the convolution op-
erates on vertical sliding windows of words (variable width « € {1, 2, 3} and
length d) to gain phrase information in different levels, and vertical stride
is I. Dsy4 denotes the sentence input matrix, in which s is the length of sen-
tence and d denotes the dimension of a word vector. The convolution unit
for a feature map of type f with different « is
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Table 2: Statistics of Three Data Sets in Different Knowledge Domain.

Domain Number of QAP Number of QAP; %ﬁﬁg‘:g? (%)
Data Structure 35,076 4,309 12.28
Data Mining 12,723 2,205 17.33
Computer Network 13,081 1,490 10.77

2#QAP is the number of total QAPs; #QAP; is the number of QAPs containing facet
labels; and :ng‘g is the proportion of the QAPs containing facet labels.

a. f) de o, o ”
df H =fd1( D(Dyra) = o (W' DDirgtyxa +6<),  f=1,2,... 2,
3.1)

in which z; is the number of feature maps. The matrix form of convolution

d
unit is Dfa) 2 Df“)(szd) = 0 (WD(ii14-1)xa + b)), where

. dfa’f )(Dara) gives the output of type- f feature map for location i with

width a.
« w@/) is the parameters for f with width &, and matrix form
W Y [ wed ),

* o(-) is the Relu activation function.

* D(iita—1)xa concatenates the vectors of « (width of sliding window)
words from the sentence input matrix D;s,, for the convolution at
location i.

3.3.2 Max-Pooling Layer. To reach a fixed size (z; x z) matrix representa-
tion D after different convolution operations with different convolutional
kernels Cy 4, we take a max-pooling in every £-unit vertical window with
the vertical stride g for every feature map of type f, calculated as follows.

S
==, 3.2
B Lle (3.2)
& =B+ (s mod z), (3.3)
d“P = max (z;‘;fgﬂ, 25l ZELQH) . i=12...,z. (34

z1 is a self-set hyperparameter.

3.4 Text Matching. We conduct a statistical analysis on three real-world
data sets of the number of QAPs in which facet labels appear. The results
shown in Table 2 indicate that labels of facets rarely appear in the texts of
QAPs.
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It is very time-consuming to manually annotate topic facets of QAPs be-
cause of the absence of facet labels and facet heterogeneity of topics. To
reduce the massive manual work of facet annotation owing to facet hetero-
geneity, we propose a matching strategy to establish the matching relation-
ship between QAPs and FaLTs and generate three-dimensional similarity
matrices.

LetF; = {fu. fji2. .- -» fit» - - -» fjr} denote a FaLT set consisting of r FaLTs
correspondmg to toplc ti. AFaLT setF = Ut or Fi(1 < j < m)isacquired by
our developed web Crawler

After text representation described in section 3.3, a QAP representation
set RQ = {rq1,792, ..., 1qi, ..., 1q,} is generated corresponding to QAP set
Q. rqi = (rql(l) rqu), rql@)) denotes three matrix representations of QAP g;,
where rqz.”)(oz € {1, 2, 3}) is the QAP representation of a-level phrase infor-
mation. A FaLT representation set RF; = {rf;1, 7 fi2, ... 7 fjk, ..., 7 fj} repre-
sents FaLT set Fj, and RF =, .y RFj(1 < j < m) is a universal set of FaLT

representations. 7 fj = (r f(l) ](,f) r f;i)) denotes three matrix representa-

tions of FaLT f, ik where r f](,‘: ) a € {1, 2, 3}) is the FaLT representation of «-
level phrase information.

For each rq; and rfj corresponding to the same topic ¢}, the three-
dimensional similarity matrix Sy is generated and formulated as follows.

Sik (kal)’sszvsc’) (3.5)
Sy = cos(rg™, rfie) (« €{1,2,3)). (3.6)

An element s, in the matrix S;?) is calculated as follows:

B - BT
Sup = _0”7_1‘) (37)
lealieAl
0, is the uth(1 < u < z1) row of rql and W, is the oth(1 < » < z1) row of

rfi

Sik = (Sf;), Sl(,f ), Sl(,f )) is calculated by cosine similarity of three matrix rep-
resentations rq; of QAP g; and three matrix representations r fx of FaLT f
corresponding to the same topic ¢;. A three-dimensional similarity matrix
setS; = {Si, Si2. - ... Siks - - ., Siy} is produced for each QAP g; corresponding
to topic t;, as the input of facet label assignment.

3.5 Facet Label Assignment. We discover local correlations in the sim-
ilarity matrices by visual analysis. Figure 5 shows examples of similarity
matrices for Binary Tree. “Local correlation” refers to degree of a QAP
matching with a FaLT in local region. The similarity pattern at the top left
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child. FaLT: A binary tree is a tree data
structure in which each node has at most

two children, which are referred to as the
left child and the right child.

Figure 5: Examples of visual similarity matrices S. Deeper color represents a

higher value of similarity. (For QAPs, see https://www.quora.com/What-is-a
-binary_tree. For FaLTs, see https:/ /en.wikipedia.org/wiki/Binary_tree.)
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input convolution  max-pooling convolution max-pooling  MLP logit

Figure 6: Three-channel CNN for facet label assignment.

corner in Figure 5 indicates a local correlation between a QAP representa-
tion matrix and a FaLT representation matrix.

We also find that the similarity pattern may appear in any part of sim-
ilarity matrices. For example, similarity patterns are shown at different lo-
cations in Figures 5a and 5b.

Inspired by local correlations of similarity patterns, FACM uses a three-
channel CNN to combine phrase information of three levels for the facet
label assignment, shown in Figure 6. This three-channel CNN uses the
three-dimensional similarity matrices as the input and consists of two con-
volution layers (conv1, conv2), two max-pooling layers (pool1, pool2), and a
multilayer perceptron layer (mlp).
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For each three-dimensional similarity matrix Sj between QAP g; and
FaLT fj, the representation & = (P,%, PZ}C) of the three-channel CNN is com-
puted by

ik = logit (CNN'(Si; 9)), (3.8)

where 6 = (Wi, Wa, W,,;,} denotes the parameters of convl, conv2, and mlp
respectively and CNN'(Sy; 0) is the output of the mlp layer. Afterward, a lo-
gistic function logit () with two output values is applied to obtain the prob-
ability P}, of predicting (q;, fjx) as 1 and P} as 0. (q;, fj¢) is a pair of QAP g;
and FaLT fj corresponding to same topic ¢;.

At the last hop, the result of the three-channel CNN is §; € {0, 1}, which
is computed by equation 3.9:

i = argmax(Py). (3.9)
yef{0,1}

In equation 3.9, fi = 1 denotes that QAP g; can match with FaLT fj; corre-
sponding to facet label [y € L(1 < k < r) of topic t;. Namely, QAP g; can be
assigned with facet label /;; otherwise g; cannot be assigned with /.

The proposed model is trained in a supervised manner by minimizing
the loss function, which is formulated by

loss = — Z Z%‘k log(Pi}(), (3.10)

i=1 k=1

where yi € {0, 1} denotes whether the QAP g; matches the FaLT f of the
facet label Iy, both corresponding to topic ;.

4 Experiments

We evaluate FACM on the three data sets from different knowledge do-
mains: Data Structure, Data Mining and Computer Network. The three data
sets are described in section 4.1. Experimental settings and experimental re-
sults are discussed in sections 4.2 and 4.3, respectively.

4.1 Data Sets and Evaluation Metrics.

4.1.1 Data Sets. We construct three data sets of different knowledge do-
mains owing to the of appropriate data sets for FACM evaluation. Each data
set consists of two parts: QAPs and FaLTs.

According to all topics of the three knowledge domains, we acquire
QAPs from Quora automatically from our web crawler. Each QAP is repre-
sented as a word sequence of a question and a corresponding answer.
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Table 3: Statistics of Three Data Sets in Different Knowledge Domains.

Data Set Number of Topics  Number of QAPs ~ Number of FaLTs
Data Structure 193 35,076 1,930
Data Mining 94 12,723 940
Computer Network 84 13,081 840

We recruited seven graduate students majoring in computer science
as annotators to construct data sets on the three knowledge domains of
Data Structure, Data Mining, and Computer Network. Each QAP in the three
domain data sets was annotated with one or more facet labels from the
predefined candidate facet label set T ={definition, property, application,
algorithm, example, type, history, method, implementation, operation}. The
annotators learned the strict annotation guidelines with annotated exam-
ples before annotation. Pairs of annotators are asked to label the same
data set independently, and the seventh annotator resolved annotation dis-
agreements during group meetings. The labeling processes of judges are
considered dependable if they have high consistency. The pairwise agree-
ment established by two annotators is measured with Fleiss’s kappa (Fleiss
& Cohen, 1973). The agreement coefficient must be at least 0.61, which
is described as “substantial agreement” by Landis and Koch (1977). The
kappa coefficient of our annotation is 0.78, which means our annotations are
reliable.

According to all the topics of the three knowledge domains, we acquire
FalTs from Wikipedia automatically by our developed web crawler. We
have developed software to automatically parse the contents of Wikipedia
pages, obtaining the headwords of items in the contents (e.g., definition), and
extracting corresponding texts linked to the items as FaLTs.

The statistics for the three data sets are shown in Table 3. In our experi-
ments, 70% of the data sets is used as a training set, 10% is used as a vali-
dation set, and the other 20% is used as a test set.’

4.1.2 Evaluation Metrics. The Macro_F1 score of multilabel forms is se-

lected as the main metric, which is a widely used evaluation metric and
computed as follows:

1 m
M P=—% P, 4.1
acro_ - ; (4.1)

°The data are available at https:/ /github.com/xjtu-BeiWu/FN_Dataset.
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Table 4: Coverage Proportion of QAPs with Different s.

Coverage Proportion (%)  0-100 0200 0-300 0-400

Data Set
Data Structure 79.58 97.08 98.33 99.58
Data Mining 78.00 9633 9898  99.54
Computer Network 80.99 9891 99.06 99.72
1 m
Macro R = — > R, (4.2)

2 x Macro_P x Macro_R
M F1 = = e 4.3
acro- Macro_P + Macro_R 43)

In equations 4.1 to 4.3, m is the number of facets, and P; and R; are the pre-
cision and recall scores of ith label respectively.

A t-test is used to determine whether the performance difference is sta-
tistically significant.

4.2 Experimental Settings.

4.2.1 Text Representation. The 50-dimensional vectors for word embed-
ding are pretrained on 12.2G corpus from English Wikipedia 2015 by the
word2vec utility (Mikolov, Sutskever, Chen, Corrado, & Dean, 2013).

Since the size of the input of CNN should be fixed, it is necessary to select
an appropriate s value. It is known that the sizes of the lengths of QAPs are
variable, and Table 4 shows the number and proportion of QAPs covered
by different lengths s. From the table, it is observed that s = 200 has a high
coverage proportion and is less costly of memory. Thus, we tile or trim our
QAPs into size s = 200 to make sure that a QAP is represented as a 200 x 50
matrix. We report z, feature maps with & x 50 kernels. In general, a phrase is
not more than three words, so we adopta € {1, 2, 3}. According to equations
3.1 to 3.3, the kernel size of max-pooling and the stride of max-pooling are
preset values of z;. A simple grid search is used to estimate the value of z;
and z,, and we select z; = 30 and z, = 30.

4.2.2 Facet Label Assignment. Convolution layer convl has 32 feature
maps with 5 x 5 kernels, and convolution layer conv2 has 64 feature maps
with 5 x 5 kernels. The max pool sizes for pool1 and pool2 both are 2 x 2. The
dropout rate is 0.5 (Hinton, Srivastava, Krizhevsky, Sutskever, & Salakhut-
dinov, 2012). These hyperparameters are selected through grid search on a
validation set.
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Figure 7: Macro_F1 with different batch sizes of three data sets.

FACM is learned with mini-batch Adam (Kingma & Ba, 2014) and im-
plemented with TensorFlow (Abadi et al., 2016). To investigate the effect of
batch size on the experimental results, the other hyperparameters remain
fixed, such as the base learning rate A = 0.001, the exponential decay rate
for the first-moment estimates 1 = 0.9, the exponential decay rate for the
second-moment estimates g, = 0.999, and numerical stability ¢ = 0.00001.
The training time on both data sets is limited to a maximum of 600 epochs.
The results with different batch sizes are shown in Figure 7.

The results indicate that our model performs better with a mini-batch
(about 150-200 in size), which can be easily parallelized on single machine
with multicores. Considering the memory capacity, we select batch size bs =
150 finally.

The parameters of our model are shown in Table 5.5

4.2.3 Baseline Approaches. We develop four baseline experiments: CNN-
static based on a highly cited and up-to-date approach, SVM + bag of words
based on a highly cited and state-of-the-art approach, SVM + word embed-
ding for excluding incomparability and rule-based approach based on an
up-to-date approach.

* CNN-static. This approach, proposed by Kim (2014), was selected as
the first baseline experiment. Kim trained a simple CNN with one

*The codes are available at https:/ /github.com/xjtu-BeiWu/FACM-model.
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Table 5: The Parameters of Our Model.

Parameter Value Parameter Value
s 200 Kernel size (pool1, pool2) 2x2
d 50 Dropout 0.5

o {1,2,3}  Optimizer Adam
Z1 30 Base learning rate A 0.001
Z 30 First-moment estimates $; 0.9
Kernel size (conv1, conv2) 5x5  Second-moment estimates 3, 0.999
Number of feature maps (conv1l) 32 Numerical stability e 0.00001
Number of feature maps (conv2) 64 Batch size bs 150

layer of convolution using the top of word vectors as input. Word
vectors are obtained from an unsupervised neural language model to
classify sentences. To exclude incomparability of consequence owing
to different input features, we chose CNN-static with 50-dimensional
pretrained vectors from word2vec utility (Mikolov et al., 2013).

* SVM + bag of words. Zhang and Lee (2003) carried out experi-
ments by an SVM with bag-of-words, which performs well in short
question classification with finely grained categories. The method is
used as the baseline because it is popular and effective in short text
classification.

* SVM + word embedding. In order to exclude incomparability of the
consequence owing to different input features, we conducted an ex-
periment using an SVM with word embedding, where features were
the average value of word embeddings (Liu et al., 2015).

* Rule-based. Haris and Omar (2012) developed a series of rules to an-
alyze the cognitive levels of Bloom’s taxonomy for each question,
which improves the precision of the result in short text classification.
We used the application level rules of the method by using the syn-
tactic structure of each QAP and developed others on our own.

In addition, in all the experiments using the SVM, we used LibSVM
and the radial basis function kernel with default parameters C = 1.0, € =
1073,y =1/0?.

4.3 Experimental Results and Analysis. Table 6 summarizes the per-
formances of our proposed model FACM and other baseline approaches.
FACM consistently improves the Macro_F1 scores compared with all base-
line approaches on the three data sets, respectively, and improves Macro_P,
Macro_R scores compared with CNN-static and SVM + bag of words.
SVM + word embedding does not yield better performance than all base-
lines and FACM, partly because word embedding, the distributed repre-
sentation, is not appropriate for the SVM. Rule-based with high-quality
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Table 6: Comparisons of FACM with Baseline Approaches.

Method
SVM + Bag SVM + Word
Metric CNN-Static of Words Embedding  Rule-Based FACM
Data Structure
Macro_P (%) 83.54 83.21 60.92 93.78 85.08
Macro_R (%) 82.28 78.46 73.53 60.25 86.86
Macro_F1 (%) 82.91 80.77 66.63 73.37 85.96
Data Mining
Macro_P (%) 82.09 84.58 61.05 85.52 83.60
Macro_R (%) 80.13 76.63 74.85 62.56 82.72
Macro_F1 (%) 81.10 80.41 67.25 72.26 83.16
Computer Network
Macro_P (%) 80.54 82.12 65.18 83.75 85.66
Macro_R (%) 83.33 81.25 56.52 68.68 84.29
Macro_F1 (%) 81.91 81.68 60.54 75.47 84.97

*FACM versus CNN-static significantly different (p < 0.05).
Note: The numbers in bold are the highest value of each metric.

hand-crafted rules possess high Macro_P, even exceeding 93% in Data Struc-
ture. In our experiment, we made used strict rules to ensure high-quality la-
bels for our QAP. However, it led to a lower Macro_R rate. FACM improved
about 10% of Macro_F1 scores through the improvement of Macro_R scores.
It indicates that FACM performs well in text representation with phrase in-
formation and generalization capability.

To further describe the models’ generalization capability in different top-
ics of the same knowledge domain, we compared the standard deviation o
of Macro_F1 among all methods. o can be formulated as

(4.4)

where r is the number of topics in a specific domain. F; is the Macro_F1 in
ith topic and F is the Macro_F1 in domain.

Figure 8 shows that standard deviation o of Rule-based is the highest
because of the rules with a strong dependency on topics. The standard de-
viation of SVM + bag of words is very close to that of SVM + word embed-
ding, because both of them adopt the same classifier, SVM. Meanwhile, o
of FACM is the lowest among all methods, which indicates that FACM im-
plements facet annotation with a good generalization capability in different
topics.

In order to further evaluate the effectiveness of each part of the model,
an experiment was conducted between FACM and uncompleted FACM
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Figure 8: Comparisons of FACM with baseline approaches in standard devia-

tion.

without certain parts. We used PI, PII, and PIII to represent the three parts,
respectively, of FACM text representation, matching strategy, and facet label
assignment. Considering the realizability, we selected the following three
contrast methods.

» Word embedding + PIII. To verify the effectiveness of text representa-

tion of FACM (P1), we conducted the experiment based on Word em-
bedding + PIII. Considering the characteristics of input features, we
replaced the three-channel CNN with a single-channel CNN in PIII.
In other words, CNN-static was adopted as the first contrast method.
PI+PIII. To verify the necessity of matching strategy (PII), we con-
ducted the experiment based on PI4+PIIl. The QAPs are embedded
into three vector spaces indicating the three-level phrase information
by our text representation method, generating three matrices. Taking
these three matrices as the input, we used a three-channel CNN to
assign facet label.

PI+SVM. To judge whether the text representation method (PI) we
proposed in FACM is appropriate for other classifiers and verify the
appropriateness of facet label assignment of FACM (PIII), we con-
ducted the experiment based on PI+SVM. The QAPs are embedded
into three vector spaces indicating the three-level phrase informa-
tion by our text representation method, generating three matrices.
Directly connecting the three matrices and taking the result as input
features, we adopt the SVM as a classifier.
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Table 7: Comparisons of Macro_F1 between FACM and Uncompleted FACM
without Certain Parts.

Method
Macro_F1 Word Embedding+PIII ~ PI+PIII  PI+SVM  PI4+PI+PIII
Data Set
Data Structure 82.91 83.54 75.06 85.96
Data Mining 81.10 82.65 68.28 83.16
Computer Network 81.91 83.27 76.24 84.97

Note: The numbers in bold are trhe highest values.

The results are shown in Table 7. The Macro_F1 score of PI4+-PII+PIII is
higher than word embedding+-PIII, which indicates that the method of text
representation (PI) we proposed outperforms existing representation meth-
ods. The Macro_F1 score of PI4+PII+PIII (FACM) is higher than PI4PIII,
which indicates that the stage of matching strategy (PII) is necessary for
facet annotation task. The low Macro_F1 scores of PI+SVM indicate that
the features obtained from our representation method are not proper for
the SVM, which also illustrates the necessity of the facet label assignment
method (P) we proposed in FACM.

To evaluate the effectiveness of our embedding approach, we compared
our FACM with three embedding-based approaches:

+ #TAGSrAcE is a CNN that learns feature representations for short tex-
tual posts using hashtags as a supervised signal to rank hashtags with
a minimum of task-specific assumptions and engineering (Weston,
Chopra, & Adams, 2014).

* Bi-LSTM presents two separate parallel recurrent nets (forward and
backward) to obtain the contextual information (Graves & Schmid-
huber, 2005).

* C-LSTM uses a CNN to extract a sequence of higher-level phrase rep-
resentations and feeds the phrase representation into an LSTM to ob-
tain the sentence representation (Zhou, Sun, Liu, & Lau, 2015).

To ensure the comparability of FACM with other three approaches, we
choose the dimension of feature vector d = 50. The comparison results,
shown in Table 8, demonstrate that FACM outperforms the other three ap-
proaches on the same data set. Part of the reason is that the three approaches
do not take facet heterogeneity into account. Furthermore, #TAGSPACE does
not yield better performance than FACM because the hashtags in it are fre-
quent in texts, whereas our facet labels rarely appear in QAPs. The Macro_F1
of Bi-LSTM is lower than that of FACM because Bi-LSTM does not encode
the phrase information effectively.
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Table 8: Comparisons of Macro_F1 between FACM and Three Embedding-
Based Approaches.

Method
Macro_F1 #TAGSPACE  Bi-LSTM  C-LSTM FACM
Data Set
Data Structure 72.31 82.13 83.65 85.96
Data Mining 73.34 79.67 80.23 83.16
Computer Network 69.97 80.15 82.79 84.97

Note: The numbers in bold are highest values.

Table 9: Comparisons of Macro_F1 between Three-Dimensional Similarity Ma-
trices Input and Other Similarity Matrix Combination Inputs.

Method
Macro_F1 SI SII SIII  SI4+SII  SI4+SIIT  SII+SII  SI4+SIT+SIIT
Data Set
Data Structure 83.05 84.08 82.77 84.50 83.19 84.21 85.96
Data Mining 81.51 8243 82.09 8256 81.02 82.85 83.16
Computer Network 8294 8354 83.12 83.81 83.43 83.98 84.97

Note: The numbers in bold are the highest values.

To evaluate the effectiveness of the three input similarity matrices in
CNNs, we conducted a comparison experiment in CNNs with the inputs
of different matrix combinations. We used SI, SII, and SIII to represent the
three similarity matrices, respectively. Considering the realizability, we se-
lected CNNs with different channel numbers depending on the number of
input matrices, such as the one-channel CNN for one-dimensional similar-
ity matrix. The comparison results are in Table 9.

The comparison results demonstrate that FACM with three-dimensional
similarity matrices outperforms the models with the input of other similar-
ity matrix combinations on the same data set.

5 Conclusion

We present FACM, a neural network model that annotates facets of QAPs
by extending CNN with a matching strategy. The FACM model incorpo-
rates phrase information into QAP representation and combines a match-
ing strategy to tackle the massive manual work of data annotation owing
to facet heterogeneity. A three-channel CNN is trained as a binary clas-
sifier to implement facet label assignment. Results of comprehensive ex-
periments indicate that FACM outperforms the highly cited and popular
methods related to facet annotation. In the future, we would like to apply a
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dynamic number of facets corresponding to a specific topic into the facet an-
notation task and incorporate the hierarchical structure of facets into facet
annotation.
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