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Faceted Text Segmentation via Multitask Learning

Bei Wu

Abstract— Text segmentation is a fundamental step in natural
language processing (NLP) and information retrieval (IR) tasks.
Most existing approaches do not explicitly take into account
the facet information of documents for segmentation. Text seg-
mentation and facet annotation are often addressed as separate
problems, but they operate in a common input space. This
article proposes FTS, which is a novel model for faceted text
segmentation via multitask learning (MTL). FTS models faceted
text segmentation as an MTL problem with text segmentation
and facet annotation. This model employs the bidirectional long
short-term memory (Bi-LSTM) network to learn the feature
representation of sentences within a document. The feature
representation is shared and adjusted with common parameters
by MTL, which can help an optimization model to learn a
better-shared and robust feature representation from text seg-
mentation to facet annotation. Moreover, the text segmentation
is modeled as a sequence tagging task using LSTM with a
conditional random fields (CRFs) classification layer. Extensive
experiments are conducted on five data sets from five domains:
data structure, data mining, computer network, solid mechanics,
and crystallography. The results indicate that the FTS model
outperforms several highly cited and state-of-the-art approaches
related to text segmentation and facet annotation.

Index Terms—Facet annotation, long short-term memory,
multitask learning (MTL), text segmentation.

I. INTRODUCTION

TEXT segment, regardless of whether it is explicitly
marked, is defined as a sequence of clauses or sentences
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[1] A binary tree is a tree data structure in which each node has at most two children,

...... definition
[4] Some authors allow the binary tree to be the empty set as well.
[5] The maximum possible number of null links (i.e., absent children of the nodes) in a
complete binary tree of n nodes is (n+1).
property
[8] This means that a perfect binary tree with 1 leaves has n=21-1 nodes.
[9] There are some types of binary tree.
...... type

[16] A degenerate (or pathological) tree is where each parent node has only one associated
child node, and so on.

[17] There are a variety of different operations that can be performed on binary trees.
[18] Some are mutator operations, while others simply return useful information about the | operation
tree.

[19] In computing, binary trees are used in two very different ways:

[23] However, the arrangement of particular nodes into the tree is not part of the concep-
tual information.

|24-| For example, in.a noqnal binary search tree the placement of nodes 'depends allnpst application
entirely on the order in which they were added, and can be re-arranged without changing
the meaning.

[28] The everyday division of documents into chapters, sections, paragraphs, and so on is
an analogous example with n-ary rather than binary trees.

Fig. 1. Sample of document from Quora with 28 sentences, describes only
one topic, binary tree in domain data structure. [-] signifies the index of a
sentence.

that display local coherence [1]. Automatically, segmenting
a document into many text segments has been extensively
investigated within the tasks of natural language process-
ing (NLP) and information retrieval (IR). Most existing
approaches focus on segmenting a document based on its
topic: establishing boundaries in the locations, where the
transition from one topic to another topic occurs [2], [3]. For
example, in [4]-[6], latent Dirichlet allocation (LDA) [7] is
used to exploit text semantic similarities that help to segment
documents into topical segments. In this article, a topic is
defined as a domain-specific term that describes a specific
concept [8], which is represented as a phrase, such as binary
tree, stack data structure, and linked list.

However, a topic typically contains more fine-grained
aspects or facets [9], such as definition, property, and appli-
cation. For instance, as shown in Fig. 1, a document from
Quora (refer to https://www.quora.com/What-is-a-binary-tree)
describes only one topic: binary tree. More specifically,
it describes several facets of the topic binary tree, including
definition, property, type, operation, and application.

Obviously, segmenting a document using the facet granu-
larity offers an opportunity to navigate, refine, and group the
documents more effectively. If we mark each faceted segment
with a facet label, users can retrieve the desired content more
quickly and accurately.

In this article, we focus on faceted text segmentation which
jointly carries out text segmentation for each document and
facet annotation for each text segment within a document.
To achieve the goal of faceted text segmentation, we confront
two critical challenges.

2162-237X © 2020 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
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1) The key distinction between faceted text segmentation
and most text segmentation tasks is that the former
requires a facet label for each segment. Facet labels
of segments are usually generated by facet annotation.
These labels typically require time-consuming hand
annotation, which causes poor scalability of the faceted
text segmentation model.

2) Facet annotation and text segmentation are usually
addressed as order as separate NLP tasks with separate
training sets and disregard the dependence between
these two subtasks. On the one hand, existing pipeline
methods cause the error accumulation from the former
subtask to the latter subtask. On the other hand, infor-
mation about the latter subtask cannot be fed back to
the former subtask for error correction.

Given these challenges, we propose a novel model in this
article, which is named the faceted text segmentation via
multitask learning (FTS) model. The main contributions are
summarized as follows.

1) We are the first researchers to formalize the problem
of faceted text segmentation, which represents a text
as the sequences of semantically coherent segments and
assigns each segment as a facet label.

2) We propose a novel model for faceted text segmenta-
tion via multitask learning (MTL)—named FTS—which
simultaneously executes text segmentation as a sequence
tagging task and facet annotation in an optimization
model with robust text representation.

3) To validate the proposed model, exhaustive experiments
are conducted on the data sets from five domains: data
structure, data mining, computer network, solid mechan-
ics, and crystallography. The experimental results show
that FTS outperforms the state-of-the-art approaches
and demonstrate that facet information is effective in
boosting the performance of text segmentation.

The remainder of this article is organized as follows.
In Section II, we review the related work of text segmentation
and MTL. In Section III, we formalize the problem and
describe the proposed FTS model. Section IV discusses the
experimental setup and results. We give the conclusion and
future work in Section V.

II. RELATED WORK

In this article, we focus on faceted text segmentation. This
work is mainly related to text segmentation, facet annotation,
and MTL.

A. Text Segmentation

Automatic text segmentation has received considerable
attention in NLP and IR tasks due to its effectiveness for text
summarization and text indexing [10]. The approaches of text
segmentation can be divided into three categories: discourse
structure-based, topic-based, and graph-based.

Discourse structure-based approaches aim to utilize depen-
dencies among discourse units of documents to divide the
document into different discourse segments. Each segment
reflects different intentions. The discourse structure is divided
into three levels: linguistic structure, intentional structure, and
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attentional state [11]. Mann and Thompson [12] developed a
hierarchical tree among sentences using rhetorical relations
that belong to the discourse structure and recognized the
leaf node to segment the documents. Galley et al [13]
combined content-based information with acoustic cues to
detect discourse shifts for written text segmentation. Some
discourse structure-based approaches also exploit lexical chain
information to segment documents [1], [14], [15]. A lexical
chain is a list of words, which captures a portion of the
cohesive structure of text!, in which related or similar words
tend to be repeated in the coherent segments and segment
boundaries often correspond to a change.

Topic-based approaches develop a heuristic and probabilistic
topic model for identifying whether two sentences discuss the
same topic [16], [17]. Brants ef al. [18] employed probabilistic
latent semantic analysis (pLSA) [19] to derive the latent rep-
resentations of segments and segmented the documents based
on the similarities of segments’ latent vectors. Sun et al. [6]
introduced an LDA-based Fisher kernel to compute words’
semantic similarities and employed dynamic programming
to achieve global best text segmentation. Misra et al. [4]
proposed an LDA-based method for the text segmentation task,
which jointly computes topic distributions with segmentation
and enables the collection of information about the thematic
content of each segment. Riedl and Biemann [5] also employed
the LDA to identify topical changes within documents and
segmented a document into topically similar units.

Graph-based approaches cast text segmentation in a
graph-theoretic framework. Malioutov and Barzilay [20] mod-
eled text segmentation as a graph-partitioning task aiming to
simultaneously optimize the total pairwise sentence similar-
ities within each segment and dissimilarities across various
segments. Ferret [21] proposed an unsupervised method to
segment documents using a similarity graph that is based on
the topical similarities among text segments. Glavas et al. [10]
developed an unsupervised algorithm for linear text segmenta-
tion that exploited word embeddings and extended a measure
of semantic relatedness to construct a semantic relatedness
graph of a document. The text segmentation results are then
determined by the maximal cliques of the semantic relatedness
graph.

The probabilistic topic approaches and graph-based
approaches can identify the probabilistic topic of each seg-
ment. The probabilistic topics, however, are clusters of similar
words based on the statistics of the words in each document,
which means that these words regularly appear in the doc-
uments. Facets are important aspects of a specific topic in a
knowledge domain. They are rarely appear in documents [22].
Therefore, these approaches may fail to achieve the satisfac-
tory results.

B. Facet Annotation

In facet annotation, one or more facet labels of a specific
topic are assigned to a given text. Facets in IR are often
referred to as subtopics, which can be represented by several
keywords or clicked items [23]. Subtopic mining aims to

Uhttps://en.wikipedia.org/wiki/Lexical_chain
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identify possible subtopics for a given text to represent
potential intents, which can be categorized into two groups:
graph-based and feature-based.

Graph-based approaches focus on the dependence structure
of text. Beeferman and Berger [24] treated the query log as
a click-through bipartite graph, where clusters are interpreted
as subtopics that address diverse queries. Yu and Ren [25]
proposed to mine query subtopics by clustering on a mod-
ifier graph, which refers to an undirected weighted graph
that is derived from coappearing terms with a given query.
Yi et al. [23] finely integrated the nonnegative sparse
LSA model with a subtractive clustering algorithm to mine
subtopics from a search behavior tripartite graph.

Feature-based approaches mine subtopics based on the
features extracted from texts. Wang et al. [26] proposed
a subtopic-based diversification algorithm that considers the
richness, importance, and novelty of concurrently mined
subtopics. Ullah ez al. [27] introduced multiple query-
dependent and query-independent features for computing
the balancing relevancy and novelty to mine subtopics.
Song et al. [28] exploited the semantic composition features
for the distributed representations of query subtopic candidates
in query subtopic mining.

Some researchers proposed subtopic mining approaches that
combine graph-based and feature-based approaches. For exam-
ple, Ullah and Aono [29] proposed a bipartite graph-based
ranking method to mine and rank the subtopics of a query
with multiple semantic and content-aware features.

A data set does not contain obvious facet labels. Most
subtopic mining approaches may become less effective in the
facet annotation task and, hence, cause the degradation of the
quality of facet label assignment for segments.

C. Multitask Learning

MTL is an approach to inductive transfer that improves
generalization by sharing the domain information between
complementary tasks. MTL uses a shared representation to
learn multiple tasks—what is learned from one task can
help to learn the other tasks [30]. MTL has recently been
employed in many tasks, such as image classification [31],
visual tracking [32], multiview action recognition [33], and
text recommendation [34]. MTL can be divided into two
categories: hard parameter sharing and soft parameter sharing.

Hard parameter sharing approaches comprise the most com-
mon way of MTL in neural networks, where multiple tasks
are simultaneously learned based on their common parameters.
Heskes et al. [35] proposed an MTL model to learn the feature
space transformation via a maximum likelihood estimation of
the weight parameters of a large network. Argyriou et al. [36]
presented an algorithm to learn common sparse function
representations across a pool of related tasks. Ranjan et al. [37]
presented an MTL method named HyperFace based on a CNN
to learn common features for simultaneously detecting faces,
localizing landmarks, estimating head pose, and identifying
gender.

Soft parameter sharing approaches regularize the distance
between the parameters of multiple tasks to ensure the
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parameter similarities, where each task has separate para-
meters. Duong et al. [38] proposed a dependence parsing
framework with soft parameter sharing by L2 regularization
between the source and the target language. Misra et al. [39]
proposed an end-to-end approach that is based on two sep-
arate model architectures to learn shared representations in
ConvNets using a soft parameter-sharing MTL. Yang and
Hospedales [40] regularized the parameters from multiple
models by a tensor trace norm to simultaneously train multiple
neural networks.

Text segmentation and facet annotation are often addressed
as separate problems, but they are the parts of text processing
that operates in a common input space. Intuitively, more
accurate facet annotation will have better text segmentation,
and more accurate text segmentation will have better facet
annotation for each segment. When relationships between
the subtasks to learn exist, simultaneously learning all sub-
tasks instead of following the conventional pipeline approach,
in which each subtask is independently learned, can be
advantageous. MTL with common parameters can help an
optimization model with automatic error discovery to learn
a better-shared and robust feature representation shared from
text segmentation to facet annotation. We strategically design
the network architecture based on MTL to simultaneously
learn text segmentation and facet annotation.

III. METHODOLOGY

We begin with a formal definition and a brief overview of
the FTS model and then describe each module.

A. Problem Definition

This work aims to establish boundaries, where the transition
from one facet to another facet occurs, namely, represents a
document as the sequences of semantically coherent segments
and assigns each segment a facet label.

Given the set of documents D = {d|,d>,...,d;,...,d,},
di = (s}, sh, ..., s;, ..., ") denotes the ith document, where
sj- is the jth sentence within document d;. F = {fi, f2,...,
Sus ..., fp} denotes the candidate facet label set. Faceted text
segmentation can be modeled as a multitask problem, in which
two tasks are related.

1) Text Segmentation: The aim of text segmentation is to
split document d; € D into ¢ (¢ < p) segments, usually
the blocks of sentences.

di — di = (sgi, sgg, e SEhL sg;), and sgi =
(Sp,_,+1> Sby_, 42> - -5, )» Where by indexes the kth
boundary sentence.

2) Facet Annotation: Based on the results of the text
segmentation d;, we must assign exactly one facet
label zi from the facet label set F to each segment sgi
within dl/ We- generate (z"l , zé, R z};, e z;) foy each
di = (sg},sg5,...,88,...,8g,). A pair (sg,z;) can
consist of segment sgi within document d; and target
facet label z} € F.

B. Framework

In this article, we construct a model-the FTS model-which
consists of three modules, as shown in Fig. 2.
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Fig. 2.
the shared feature representation.

1) Shared Feature Representation: The segmentation
model considers a list of tokenized sentences d;
(s{, sé, e, s;, e, s,’%) as the input. Each sentence sj
within document d; is embedded into the feature

vector R; via a bidirectional long short-term mem-
ory (Bi-LSTM). The Bi-LSTM learns robust feature
representation shared from text segmentation to facet
annotation.
Text Segmentation: We treat the text segmentation task
as a sequence tagging task due to the sequential char-
acteristics of sentences. The feature vector R; that
corresponds to sentence s; within document d; is fed
into an LSTM to extract the sequence information of
sentence sj Considering the global level of a sen-
tence within a document instead of individual posi-
tions of sentences, we adopt the conditional random
fields (CRFs) to utilize the neighbor sentence tag infor-
mation and predict the current sentence conditional
tag.

Facet Annotation: We concatenate the feature vectors

{R" | b—1 +1 < j < by} of sentences {s’ | b1 +1 <

J =< b} which belong to the same segment sg; based

on text segmentation and feed into a softmax layer to

obtain the final facet label z; € F for the segment sg;.

Therefore, the facet labels of segments can be automat-

ically generated by facet annotation.

2)

3)

We simultaneously learn text segmentation and facet anno-
tation in an optimization model with automatic error discovery.
In the training process, we adjust the shared feature represen-
tation from text segmentation to facet annotation.

Schematic framework of the FTS model. We utilize the facet information generated by facet annotation to improve text segmentation via adjusting

C. Shared Feature Representation

The Bi-LSTM [41] has been applied and obtained great
achievements in a variety of NLP tasks, such as sequence
tagging [42], [43], named entity recognition [44], [45], and
relation classification [46], [47]. A Bi-LSTM maintains a
memory based on history and future information, which
can predict the current output conditioned on long distance
features.

In this article, we employ the Bi-LSTM proposed by
Graves et al. [48] as the representation learner to scan both
left to right and right to left, which captures the left and right

context from sentence s; of document d; as follows:

—
h,=H(W»x,+W»»h”+b») (1)
<—

Wy = (W + Wog W + by ) @)

1) x, is the input vector of the 7th word within sentence s’]
where ¢ € (1, V.i)» and r; is the number of words within
sentence s}

2) h ' denotes the forward hidden sequence of the

t-th position, and h denotes the backward hidden

sequence of fth position.

Wy, denotes the input-hidden weight matrix,

Wy, denotes the hidden-hidden weight matrix, and

by, is the hidden bias vector.

‘H is the hidden layer function, which is usually an

element-wise application of a sigmoid function.

As a result, we concatenate the final hidden vectors of
the forward and backward LSTM network as the final output

3)

4)
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Fig. 3. Example of text segmentation.
Fig. 4. LSTM-CREF for text segmentation.
feature vector R; of sentence s;
; — <
Ri=T,®n. 3)

@ refers to the concatenation operation of two vectors.
Rj- is fed into the text segmentation and concatenated with
other sentence feature vectors within the same segment to be
the input of the facet annotation.

D. Text Segmentation

Text segmentation represents a document as the sequences
of semantically coherent segments, which can be treated as
a sequence tagging task. An example is shown in Fig. 3.
In document d;, yj = 0 means that sj and S§_1 belong to
the same segment and y} = 1 otherwise.

Considering that the Boolean tag of the current sentence
is related to its former sentence, we employ a forward LSTM
that can efficiently utilize the past temporal features. We focus
on the document level instead of an individual position of a
sentence, thus leading to a CRF model. Therefore, to model
the tag dependence, we combine an LSTM network and a CRF
network to form an LSTM-CRF model [49] that follows the
sequence tagging framework outlined by Huang et al. [42],
which is shown in Fig. 4.

We introduce the transition score matrix A to model the
probability A,, of jumping from the uth state to the oth state
for a pair of consecutive time steps. For the input document
feature matrix R; = (R!, Ré, .. Ri , R ',) of the input
document d; = (s}, s}, ..., sj-, cee m) w1th the Boolean tag
sequence Y; (CATR T Visooos y.), a document level
score is given by the sum of the transition scores and network
tagging scores

m

s(R;,Y;) = Z(A Vvl + Pij,y;_)~ 4)

J=1

Different from the conventional CRF, P;. .; is utilized to assist

ij.y}
the transfer matrix A which may be underfitting or overfitting
to the data. P;; Vi is the output score by the forward LSTM
network before the CRF with the parameter 6, for the Boolean

tag y’ at j-sentence within document d;. y} is 1 if the current

IEEE TRANSACTIONS ON NEURAL NETWORKS AND LEARNING SYSTEMS, VOL. 32, NO. 9, SEPTEMBER 2021

sentence and its former sentence belong to the same segment
and 0O otherwise.

According to the Boolean tag sequence, we can recognize
the boundaries of segments within a document.

E. Facet Annotation

Following the results of the text segmentation, the shared
feature representation ‘./k = R;, ]+1@R;’)k71+2@. . '@R;u of seg-
ment sg; = (s;k_lﬂ, sl‘%_lﬂ, e, sbk) is formed based on the
sentence feature representation. We acquire the segment-level
facet information generated by the facet annotation.

We generate the segment feature representation Vk" , which
summarizes all information of sentences in segment sg; that
can be employed as features for facet annotation. We utilize a
softmax layer to obtain the facet label of a segment

D= softmax (W, V{ + by) ®)
Z;( — arg maX[_p);;, I/t] (6)
fu€F

where W and by are the parameters of the softmax layer.
7 i is the probabilistic vector of the candidate facet labels for
segment sgk u is the index of the maximum value within
vector pi. zi is the output as the facet label from facet
set F.

F. Multitask Learning

In this work, we aim to leverage the facet information
to improve text segmentation. MTL simultaneously considers
several tasks since the related tasks would help induce more
robust feature representations. Therefore, we employ MTL to
learn parameters and use the shared representations to the
desired outputs.

Given the set of training documents D = (d;, d, . ..
the training loss of text segmentation is

»dn),

1< .
Li=— max(0, |s(R;,Y;, 0
1= ; (0, Is( 1)l
+ AYLY) —IsR, Y5, 0D]) (7
Z 9 # V) ®)
Y = (5, y;, cos 9%, 95) s the predicted tag sequence
for document d; € D, and # is the discount parameter.
I(-) is an indicator function, which is computed as follows:

L3 #

ol

(C))
0 9=y

195 # ) =

We use the negative log likelihood of the correct facet labels
as the training loss of the facet annotation

my

5 3IDIPATT

d;eD k=1 j=1

(10)

where p:: is the corresponding probabilistic that indicates
that the predicted facet label 2}; k = 1,2,...,q) is the
facet label for segment sg = (s, 1, S)_ 42 - -5}, ) within
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document d; (i = 1,2,...,n), namely, ﬁk is the predicted
facet label for each sentence within segment sgi, and my is
the sentence number of segment sg.

The parameter set of the multitask model is 6, = {Wx—>,
Woo s W, Weom, Wi, o1, b7 R b<}7, bs}. The regularized loss
function with a L2 norm term of the model is

Y

The training goal is to minimize L. 41, 4, and A3 are the
weight parameters for the loss of the text segmentation, facet
annotation, and L2 norm term, respectively. Since we focus
on the text segmentation optimization in this article, 4; is set
to 1, namely

A
L=Li+ Ly + gnezn%.

A
L=0Ly+ ML+ §||92||§. (12)

The training procedure of MTL for faceted text segmenta-
tion is shown as follows.

Training Procedure MTL for Faceted Text Segmentation

1: while the model does not converge

2 for each epoch do

3 for each batch do

4: 1) execute Bi-LSTM for shared feature representation:
Equations (1) (2) (3)

execute LSTM-CREF for text segmentation:
Equation (4)

execute softmax layer for facet annotation:
Equations (5) (6)

5: 2)

6: 3)

7: 4) update parameters to minimize loss:
Equation (12)

8: — update parameters of softmax layer

9: — update parameters of LSTM-CREF for text
segmentation

10: — update parameters of Bi-LSTM for shared feature
representation

11: end for

12:  end for

13: end while

G. Time Complexity Analysis

We apply the computational complexity as the time com-
plexity of the model. The model considers a document that
consists of a list of tokenized sentences as the input. The
words of the sentence are embedded in a Bi-LSTM to learn
robust sentence representations. The sentence representations
within a document are fed into an LSTM with a CRF model
to obtain the boundaries of the segments. The segment rep-
resentation as the output of the text segmentation module
is mapped to a probability distribution of the facet labels
using a one-layer multilayer perceptron (MLP) followed by
a softmax function. As the complexity of the learning LSTM
model per weight and time step is O(1), the complexity of
an LSTM model per time is estimated as O(W), where W is
the number of weights of the LSTM model [50]. Assuming
that 71 sentences exist within a document, ¥ words within
a sentence and g segments within a document, on average,
the time complexity is OF (|W1]) + m(|W>| + 161]) + g W).
(Wil =W 5|+ Wo3 [+ W |+ [Ws | is the number of
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Bi-LSTM weights in the shared feature representation module.
|W>| is the number of LSTM weights, and |#,]| is the number
of CRF weights in the text segmentation module. |W| is
the number of softmax layer weights in the facet annotation
module. The time complexity of this model is nearly linear to
the parameter size of the model.

IV. EXPERIMENT AND RESULTS
In this section, we introduce the data sets that we use in
subsection A. The experimental setup and results are discussed
in Section IV-B and Section IV-C, respectively.

A. Data Sets and Evaluation Metrics

1) Data Sets: As the existing public data sets lack the facet
annotation information, we introduce five data sets from five
domains—data structure, data mining, computer network, solid
mechanics, and crystallography—to evaluate the model. These
five data sets with different domains and diverse sizes are auto-
matically acquired from the online encyclopedia Wikipedia as
follows.

Step 1 (Facet label extraction): We extract the headwords
of clauses from contents’ sections of Wikipedia article pages
as shown in Fig. 5 and lemmatize the headwords as the initial
facet labels. For example, the initial facet labels of topic binary
tree contain definition, type, property, and so on.

Step 2 (Facet Label Propagation): We propagate initial facet
labels among similar topics within a domain by using a facet
label mining approach, TF-Miner, proposed in the previous
work [51], to replenish the facet labels of each topic. For
example, binary tree and quadtree are two similar topics in
domain data structure, which are both tree data structures.
We replenish facet labels operation and method for topic
quadtree via facet label propagation from topic binary tree.

Step 3 (Original Facet Label Set Generation): We make a
facet label union of all topics within a specific domain to
generate an original facet label set of the domain. Taking
domain data structure as an example, its original facet label
set contains facet labels definition, type, property, method,
operation, and so on.

Step 4 (Facet Label Merging): We merge some facet labels
from the original facet label set by fuzzy matching. For each
facet label, we give some synonyms that are taken from the
WordNet [52] and merge them into a facet label. For example,
operation, process, and procedure are merged into facet label
operation.

Step 5 (Candidate Facet Label Set Generation): We conduct
a frequency statistical analysis for the facet labels in five
domains, whose results are shown in Fig. 6. We select the
top 10 facet labels to generate the candidate facet label set F =
{definition, application, example, property, implementation,
history, operation, method, type, algorithm}, which encom-
passes approximately about 83.86% facet labels of topics in
five domains on average (83.16% in data structure, 86.23% in
data mining, 78.41% in computer network, 86.04% in solid
mechanics, and 85.48% in crystallography). The ratio C in a
domain is computed as follows:

1 imm F|
| F|

n
ti=l

C= (13)
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TABLE I
STATISTICS OF FIVE DATA SETS

Dataset # document  Aver(sentences) k # topic  Aver(facets)

193 11.25
94 8.27
84 14.63
Solid Mechanics 13,860 12 55 8.36
Crystallography 11,088 10 5 44 8.91

Data Structure 48,636 9
Data Mining 23,688 15
Computer Network 21,168 12

A N © W

* Aver(sentences) is the average sentence number of segments.
k= f%] decides the window size in evaluation metrics.
* Aver(facets) is the average facet number of topics.

500 L ——— According to the previously mentioned automatic con-
[ Data Structure . . .
[ Data Mining struction method (construction code see https://github.com/
Eggﬂ%‘;’:ﬁ:’:rk 1 xjtu-BeiWu/Text_segmentation_datagen), users can easily con-
[ Crystallography struct data sets without tedious facet annotation.
The statistics of the five data sets are shown in Table I.

In these experiments, 70% of the data sets are used as the
training set, 10% of the data sets are used as the validation
set, and the remaining 20% of the data sets are used as the
test set.

2) Evaluation Metrics: We evaluate the performance of the
text segmentation using two evaluation metrics P [53] and
WindowDiff (WD) [54], which are computed as follows:

400

300

200

100

0,78y %, %% 2
0/; S0, ‘91}0 6/:9 %,

S % 2 4, Q,oe

o ”7’&0 9200705 8501, %

N '0/’9f45 %QQ

/"ofé% J,/))g,e % /z'é/))o,)/), A /oﬁf GQ/O, %,
0, % /;0

”?/ s 2o
e ’o,, e,,oo % Py

P(seg) P(miss) + (1 — P(seg)) P(false alarm)
Facet (14)
1 m—k
WD, h) = ——- > (1b(ri> rie) = blhi, hii)| > 0).
i=1

%y,
%

Results of facet label frequency statistics.

where n, is the number of topics, F; is the facet label set of (15)

topic #;, F is the candidate facet label set, and |-| is the number

of facet labels. 1) P(seg) is the prior probability that a pair of sentences
Step 6 (Document Generation): We develop a parser to with a distance of k sentences belongs to different

parse
texts

Wikipedia article pages and extract the corresponding segments.
linked to the facet labels as segments. We reorganize 2) P(miss) is the probability of missing a segment.

and concatenate the segments using random numbers marked 3) P(false alarm) is the probability that one more segment
with facet labels as documents. exists.
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Fig. 7.
sets.

Facet label distribution corresponding to the segments in five data

4) k is often half of the average length of the segments [5];
the values are shown in Table I.

5) P, is the probability that two randomly drawn sen-
tences that are mutually k sentences apart are classified
incorrectly.

6) WD is a stricter version of Pj.

7) b(-) represents the number of boundaries between the
two parameter index position. r represents the parameter
index position of the reference segmentation (ground
truth) boundary, and 4 represents the parameter index
position of the hypothetical segmentation (result pre-
dicted by the FTS model in this article) boundary.

8) m is the number of sentences within a document.

The lower values of P, and WD indicate a better

performance.

Considering the balance characteristics of the data set,
as shown in Fig. 7, the Marco_F'1 score (abbreviated as F'1)
is selected as the main metric in the evaluation of the facet
annotation task, which is extensively employed in the multi-
class classification task. Given a binary label representation for
the facet annotation of segments, Marco_F'1 is constructed via
separately averaging with respect to examples for each label.
The higher values of F'1 indicate a better performance.

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

B. Experimental Setup

The 50-D vectors for word embedding are pre-trained on
a 12.2G corpus from the English Wikipedia 2015 by the
word2vec utility [56]. We use a learning rate of 0.1 to train the
model. The training requires less than 80 epochs to converge
and a few hours in general.

In each epoch, we divide the whole training data into
batches and process one batch at a time. Each batch contains
a list of documents which is determined by the parameter
batch size. The results of WD with different batch sizes are
shown in Fig. 8, which indicate that the model performs
better with a mini-batch. An excessively small batch size
makes the result difficult to converge in a certain number
of epochs, or it needs a large epoch. An excessively large
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Fig. 8. Results of WD with different batch sizes.

batch size makes that the target function tends to converge
to sharp minima (similar to local minima), which causes the
degradation of the generalization performance [57], as shown
in Fig. 8. Furthermore, a larger memory capacity is needed.
Considering the memory capacity, we set a batch size to 100.

The FTS model is learned with the mini-batch Adam [58]
and the base learning rate 4 = 0.001. The loss function £
has two hyperparameters: 1, and A;. We set the dropout rate
to 0.5. We conduct a simple grid search to estimate the values
of A, and A3 and select 1, = 0.3 and A5 = 0.1.

C. Experimental Results

1) Text Segmentation: To evaluate the effectiveness of the
FTS model in the text segmentation task, we develop the
following four baseline experiments.

1) Choi’s: Choi [55] proposed a domain-independent
approach for segmenting documents using a ranking
scheme and cosine similarity measure.

2) pLSA: Brants et al. [18] employed pLSA to derive the
latent representations of segments and segmented the
documents based on the similarities of segments’ latent
vectors.

3) TopicTiling: Riedl and Biemann [5] presented an
LDA-based text segmentation model, named TopicTil-
ing. This model uses the topic model LDA to identify
topical changes within documents. Topics are used to
calculate the cosine similarity between two adjacent
blocks of sentences.

4) GRAPHSEG: Glavas et al. [10] constructed a semantic
relatedness graph of a document and derived coherent
segments from maximal cliques of the relatedness graph.

Table II shows the performance of the proposed FTS
model and other baseline approaches in the text segmentation
task. The FTS model outperforms all baseline approaches.
Choi’s [55] yields the worst performance. One reason for
this result is that the direct cosine similarity measure cannot
effectively calculate the relatedness between two sentences.
The pLSA-based approach [18] can only recognize the seman-
tics of the training samples instead of the semantics of the
test samples, whereas the training samples and test samples
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TABLE 11
COMPARISONS OF THE FTS MODEL WITH BASELINE APPROACHES IN THE TEXT SEGMENTATION TASK

Approach Data Structure Data Mining Computer Network Solid Mechanics Crystallography
Py WD Py WD Py, WD Py, WD Py WD
Choi’s [55] 31.84 3336 2693  30.27 28.51 31.82 31.99 34.07 32.14 34.31
pLSA [18] 23.62  26.58 2537 2731 24.10 26.85 23.95 27.04 25.64 27.86
TopicTiling [5] 16.65  20.23 16.01  21.30 16.58 20.09 19.39 23.41 18.13 22.63
GRAPHSEG [10] 17.12  21.07 18.78  22.05 17.34 21.13 19.84 23.63 19.64 22.98
FTS 13.05 16.93 12.10  14.29 12.37 15.18 16.04 18.56 15.78 18.20

* FTS vs TopicTiling significantly different (p < 0.05)

* The numbers in bold are lowest values, which indicate the best performance.

TABLE III
COMPARISONS OF THE FTS MODEL WITH THREE APPROACHES IN THE FACET ANNOTATION TASK

Approach Data Structure Data Mining Computer Network  Solid Mechanics  Crystallography
SVM [59] 79.33 79.69 79.62 78.90 78.06
CNN-static [60] 81.69 80.95 80.90 80.21 79.23
C-LSTM [61] 81.70 81.05 81.42 80.93 79.54
FTS 82.99 81.18 82.10 81.27 80.13

* FTS vs C-LSTM significantly different (p < 0.05)

* The numbers in bold are highest values of F'1, which indicate the best performance.

in the experiment are separate. This limitation yields the
unsatisfactory results in the data sets. The topic-based model
TopicTiling [5] outperforms other baseline approaches. Differ-
ent to the pLSA-based approach, TopicTiling can recognize the
semantics of all samples, and the boost performance originates
from segments’ infusion.

2) Facet Annotation: To further evaluate the effectiveness
of the model in the facet annotation task, we compared the
FTS model with the following three classification approaches
that are related to facet annotation as follows.

1) SVM: Zhang and Lee [59] adopted an SVM with
a bag-of-words for short text classification, which is
highly cited. The SVM utilizes the syntactic structure
of sentences via a tree kernel that can be computed
by dynamic programming. This method is employed as
the baseline as it is popular and effective in sentence
classification. We improve the method with efforts in
the facet annotation task, which corresponds to the
adaptation for multiclass classification with a one-vs-
the-rest multiclass strategy. The large data set limits and
hinders the ability to perform a full grid search to adjust
the parameters of the SVM. We utilize LibSVM and the
radial basis function kernel with the parameters C = 1.0
and y = 0.05 by a grid search with a random 10% of
the data set.

2) CNN-Static: This approach, which is proposed by
Kim [60], applies a simple CNN with one layer of
convolution built on word vectors. The approach is a
highly cited approach. Kim trained a simple CNN with
one layer of convolution on the top of word vectors
obtained from an unsupervised neural language model to

classify sentences. We choose a CNN-static with 50-D
pretrained vectors from word2vec utility [56].

3) C-LSTM: Zhou et al. [61] proposed an embedding-based
approach to learn phrase-level features via a convolu-
tional layer and learn long-term dependencies by an
LSTM, which is highly cited. We choose 50-D pre-
trained vectors from word2vec utility [56] and set the
hidden layer size to 50 for the LSTM.

The segments obtained from the text segmentation module
are fed to the facet annotation module in the FTS model.
To ensure the comparability of the FTS model with the three
approaches, we proposed the following experimental setup.

1) FTS: During the training and testing process, we retain
all intermediate data generated by the model. During the
metric calculation process, we use a sentence as a unit.

2) SVM/CNN-static/C-LSTM: During the training and test-
ing process, we use sentences as an input. During the
metric calculation, we employ a sentence as a unit.

Table III shows the results, which indicate that the model
outperforms the three approaches. SVM yields a worse perfor-
mance than the FTS model partly as the context information
of a tested sentence is not taken into account in the training
and testing process of using the SVM with the bag-of-
words. With a more robust feature representation adjusted
by text segmentation, we surpass the embedding models—
CNN-static presented in [60] and C-LSTM presented in [61].
However, the FTS model slightly increases compared with
other approaches. For example, an average increase in the
F1 score of 2.08% (computed by 82.99 — (79.33 + 81.69 +
81.70)/3) is observed in the data set data structure. During the
training and testing process, we employ the ground truth as
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TABLE IV
ABLATION EXPERIMENT RESULTS

Approach Data Structure Data Mining Computer Network  Solid Mechanics  Crystallography
P, FTS-TS 17.32 17.10 18.01 19.76 19.22
FTS 13.05 12.10 12.37 16.04 15.78
WD FTS-TS 21.27 20.09 21.15 22.76 22.32
FTS 16.93 14.29 15.18 18.56 18.20
Pl FTS-FA 81.36 80.54 81.28 80.05 79.36
FTS 82.99 81.18 82.10 81.27 80.13

" The number in bold are the lowest values of Py, and W D, or the highest value of F'1, which indicate the best performance.
* FTS-TS is the single-task model only containing the text segmentation module.
* FTS-FA is the single-task model only containing the facet annotation module.

the input of three baseline approaches, whereas the results of
the text segmentation module of FTS are applied as the input
of the facet annotation module of FTS. The incorrect segments
generated by the text segmentation module cause only a slight
improvement in the performance using FT'S compared with
the three baseline approaches.

3) Ablation Experiment: To further evaluate the effective-
ness of MTL, an ablation experiment is conducted between
FTS and the single-task model, such as the FTS-TS model,
which only contains a text segmentation module, and the
FTS-FA model, which only contains a facet annotation
module.

The results are shown in Table IV. The P, scores and WD
scores of the FTS model are lower than those of the FTS-TS
model in five data sets, which indicates that the facet infor-
mation obtained from the facet annotation module contributes
to the performance improvement of the text segmentation.
The F1 scores of the FTS model are higher than those of
the FTS-FA model in five data sets, which indicates that the
text segmentation module improves the performance of facet
annotation.

4) Case Study: TFive sample documents’ from five
domains—data structure, data mining, computer network, solid
mechanics, and crystallography—are adopted for the case
study. The results are shown in Fig. 9. The ref results refer
to the ground truths, which are annotated manually, and the
hyp results refer to the predicted results obtained by the
FTS model.

This figure shows that the results of the reference and the
hypothetical results are not exactly consistent. The FT'S model
has some misses and redundancies.

1) Segmenting the text is difficult when sentences within
this text have very strong dependencies. For example,
the boundary between the fourth sentence and the fifth
sentence, which corresponds to the case in data structure
(sample document shown in Fig. 1), and the boundary
between the second sentence and the third sentence,
which corresponds to the case in crystallography, are
missing. A reason for this outcome is that sentences for
definition and property are not easily distinguished for

Zhttps://github.com/xjtu-BeiWu/Text_segmentation_datagen/tree/master/
cases
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Fig. 9. Illustration of segmentation result. The boxes indicate the sentences
of subdivision. Solid lines indicate that the boundaries are assigned. The ref
results refer to the ground truths annotated manually, and the hyp results refer
to the predicated results obtained by the FTS model.

a topic. Another example is that a redundant boundary,
which corresponds to computer network, exists between
the 16th sentence and the 17th sentence. A reason for
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this outcome may be that some sentences describe the
property of something, which is just a type.

2) Some iconic phrases may affect the text segmentation
results. For example, according to the case in data
structure, the boundary between the 23rd sentence and
the 24th sentence is redundant. The 24th sentence begins
with the words “For example,” which may produce
a redundant boundary and the presence of facet label
example. The same situation applies to the case of Solid
Mechanics. In the case of data mining, a wrong bound-
ary between the seventh sentence and the eighth sen-
tence exists. “Another very interesting recent approach”
appears at the beginning of the eighth sentence.

Although the analysis might not cover all poor cases,

it sheds light on the future directions.

V. CONCLUSION

In this work, we propose FTS, which is a novel model
that leverages facet information to improve text segmentation
via MTL. The FTS model employs the Bi-LSTM learner
to learn a robust feature representation that is shared from
text segmentation to facet annotation. This model treats text
segmentation as a sequence tagging task using an LSTM-CRF
model. This model utilizes MTL to simultaneously train the
text segmentation and facet annotation to implement faceted
text segmentation and improve the performance of these two
subtasks. The results of comprehensive experiments indicate
that the FTS model outperforms the highly cited and pop-
ular approaches related to text segmentation, and the facet
information is effective in boosting the performance of text
segmentation.

In the future, incorporating the hierarchical facet structure
and the heterogeneous facet information of different topics
should be incorporated to enhance the differentiation among
the different facets and minimize the semantic similarities
among the different facets. In addition, we would like to
introduce a hierarchical attention mechanism to assign differ-
ent weights to different words and sentences to extract more
critical information. This approach will enable more accurate
judgments without increased overhead in the calculation and
storage of the model.
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