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Abstract

Incorporating temporal information plays a significant role in graph clustering,
summarization, and many other tasks since the inclusion of temporal information
allows for a deeper understanding of the evolving patterns, trends, changes, and du-
rations in node/edge behavior and event sequencing over time. By leveraging tem-
poral cues, the accuracy and interpretability of clustering results can be enhanced,
while a concise and coherent timeline can be constructed, presenting a more log-
ical and comprehensive representation of the events. However, previous studies
have been conservative in tackling the challenge of simultaneously learning node
representations with temporal information and performing downstream clustering
tasks. When node representation learning and clustering tasks are treated sepa-
rately, it becomes challenging to directly incorporate specific clustering objectives
into the learning process. The learned node representations may not be optimized
for the specific clustering task at hand, resulting in suboptimal clustering results.
Besides, temporal information plays a crucial role in understanding the evolution
and dynamics of the data. Without incorporating temporal context during node rep-
resentation learning, the resulting representations may not effectively capture the
time-dependent patterns and relationships. To the best of our knowledge, there is
currently no method that can address the aforementioned challenges in both tasks
through end-to-end learning.

Our first work concentrates on dynamic community detection (or graph cluster-
ing) in temporal networks, which has attracted much attention because it is promis-
ing for revealing the underlying mechanism of complex real-world systems. Cur-
rent methods are criticized for the independence of graph representation learning
and graph clustering, considerable noise during temporal information smoothing,
and high time complexity. We propose a Robust Temporal Smoothing Clustering
method (RTSC), which involves joint graph representation learning and graph clus-
tering, to solve these problems. RTSC can be formulated as a constrained multi-
objective optimization problem. Specifically, three-order successive snapshots are
first projected into the same subspace via graph embedding. We then use the em-

bedding matrices to learn a common low-rank block-diagonal matrix that contains



current clustering information and specific noise matrices with a sparse constraint
to remove noise at each time step. To efficiently solve the challenging optimization
problem, we also propose an optimization procedure based on the augmented La-
grangian multiplier (ALM) scheme. Experimental results on six artificial datasets
and four real-world dynamic network datasets indicate that RTSC performs better
than six state-of-the-art algorithms for dynamic clustering in temporal networks.
In the second research, we focus on addressing several challenges that plague
the field of timeline summarization. Timeline summarization (TLS) is defined as a
task for summarizing events in chronological order, which gives readers a compre-
hensive understanding of an evolutionary story. Previous studies on the timeline
summarization (TLS) task ignored the information interaction between sentences
and dates, and adopted pre-defined unlearnable representations for them. They
also considered date selection and event detection as two independent tasks, which
makes it impossible to integrate their advantages and obtain a globally optimal
summary. In this paper, we present a joint learning-based heterogeneous graph at-
tention network for TLS (HeterTLS), in which date selection and event detection are
combined into a unified framework to improve the extraction accuracy and remove
redundant sentences simultaneously. Our heterogeneous graph involves multiple
types of nodes, the representations of which are iteratively learned across the het-
erogeneous graph attention layer. We evaluated our model on four datasets, and
found that it significantly outperformed the current state-of-the-art baselines with

regard to ROUGE scores and date selection metrics.
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Chapter 1

Introduction

1.1 Background and Proposals

A graph, in the context of computer science and mathematics, is a collection of
objects that are interconnected. These objects are typically referred to as nodes,
and the connections between them are known as edges. It is a universal language
that depicts relationships, captures interactions, and visualizes complex systems.
Graph-structured data are widely present in real life and in various fields, so meth-
ods utilizing graphs have significant effects in many application scenarios, such as
text summarization [73], community detection [45], recommendation systems [74],
and knowledge graphs [6]. To demonstrate how graphs can be applied in these ap-
plications, we take an extractive summarization method as an example. Extractive
summarization is the process of identifying and selecting key phrases or sentences
from the original text to form a summary, while maintaining the original context
and meaning. In extractive summarization, a graph can be used by representing
sentences as nodes, connecting similar sentences with edges. Then, we can apply
graph-based ranking algorithms, like PageRank [53], to identify the most important
sentences to include in the summary.

Recently, incorporating temporal information into a variety of static tasks has
shown great success, due to the ability to reflect evolving relationships and handle
time-sensitive data. This doctoral thesis primarily discusses the extension toward
temporal information in traditional graph clustering and extractive text summariza-
tion tasks, namely dynamic graph clustering and timeline summarization tasks. We

will now proceed to describe each task in order.



Graph clustering, which is also known as community detection [8, 30], has
been used to identify tightly connected groups of vertices in networks. However,
the vast majority of community detection algorithms focus only on static networks,
which is insufficient to fully characterize the complex operating mechanisms in
the constantly changing real world. Temporal networks are defined as a sequence
of snapshots that can represent the topological evolution of entities at successive
time steps. They are a powerful tool for tracking the dynamics of communities
[79, 21,75, 91, 86].

Timeline summarization (TLS) is designed to extract sentences that describe
an evolutionary story from a massive amount of web articles with respect to a
specific topic in chronological order. TLS has drawn much attention in recent
years [9, 49, 86, 23, 87] since it releases people from burdensome manual cre-
ation of summaries and gives readers a faster but comprehensive access to track
events from many aspects, such as start and end, causality, and the main protag-
onists involved. By considering temporal information, dynamic graph clustering
and timeline summarization can provide more accurate and relevant results by cap-
turing time-dependent patterns, trends, and transitions that may be missed in static
approaches.

Compared with the identification of static communities, that of dynamic com-
munities is more sophisticated because clustering accuracy and drift must be simul-
taneously considered. Clustering accuracy is generally used to determine whether
communities can accurately reflect the topology of the current snapshot, while clus-
tering drift quantifies the dissimilarity of communities between the current snap-
shot and the historical ones [88]. In terms of different strategies for balancing
the clustering accuracy and drift, current community detection algorithms can be
roughly categorized into the following: coupling graphs, two-stage, or evolution-
ary clustering methods. The first two types of methods can extend mature static
community detection methods to dynamic scenes. Coupling graphs methods usu-
ally first flatten dynamic networks into a static one and then apply static community
detection to identify communities [55]. Two-stage algorithms first detect commu-
nities at each time step and then match them at successive time steps [96, 64] by
pre-defined mapping strategies. However, these methods always get unsatisfactory
performance since they cannot make full use of the temporal information. To ad-

dress this issue, evolutionary clustering methods simultaneously take into account



the clustering accuracy and drift by combining them into a weighted linear function
[7, 90]. Many evolutionary clustering algorithms have been proposed: DYNMOGA
[19], MEGA [20], DECS [42], and MBDL [84].

Similarly, most studies on TLS seek ways to combine two individual subtasks:
date selection and event detection. Depending on different strategies for them,
current methods are generally divided into three categories [23]: 1) direct summa-
rization approaches [10, 68, 49, 17] directly identify topic-related sentences from a
collection of news articles to form a timeline; 2) date-wise summarization methods
[76, 23, 39, 60] first select salient dates and then construct a timeline for each date
individually with sentences of the highest score; and 3) event detection algorithms
[63, 17, 87] detect events by clustering sentences from multi-timeline news articles,
and then identify several most important events and summarize them separately.

Although great successes have been achieved in conducting dynamic commu-
nity detection and TLS, several issues remain unsolved. First, current methods
treat these tasks as pipelines and adopt a two-step process, where they first extract
features from original data via local or global temporal smoothing, and then use
K-means or spectral clustering as a post-process for the feature matrix to obtain
the final dynamic community or sentence indicator matrix. However, the manner
of separately executing the two steps cannot guarantee to obtain a globally optimal
solution.

In addition to this, traditional methods for each task have their own specific
shortcomings. For example, during conducting clustering for dynamic networks,
there is considerable noise in successive snapshots in real-world applications, re-
sulting in the corresponding node representation matrix being corrupted. Blindly
smoothing clustering information between successive snapshots without consid-
ering the noise often degrades the performance. Besides, current TLS methods
mainly adopt statistical hand-designed features to represent dates, e.g., the number
of published articles and topic-related sentences in a specific time duration [87, 23],
and employ sentence-BERT [61] and other pre-defined unchangeable representa-
tions for sentences. The low-level or unlearnable representations tend to ignore the
semantic and temporal information interaction between sentences and dates, which
significantly degrades the performance of downstream tasks.

To circumvent the above dilemma, we propose to jointly learn node representa-

tions and clustering structure in a graph for both dynamic graph clustering and TLS



tasks, namely Robust Temporal Smoothing Clustering (RTSC) and joint learning-
based heterogeneous graph attention network for TLS (HeterTLS). The advantage
of this joint learning framework is that node representation learning can learn more
discriminative features of vertices under the guidance of clustering structure and
in turn improve clustering accuracy. Moreover, in RTSC, to remove the noise be-
tween successive snapshots, we learn a block-diagonal structural common embed-
ding graph of successive snapshots via a low-rank constraint to obtain clustering
information, which can more accurately facilitate the core structure of temporal
networks. In HeterTLS, we construct a heterogeneous graph with dates, words,
and sentences as semantic units to solve the first problem. In this graph, words
act as a bridge between dates and sentences, enabling date nodes to learn differ-
ent granularities (word- and sentence-level) of semantic information and sentence
representations to be complemented with a date-related intra- and cross-sentence
message.

In our experiments, we evaluated RTSC on six artificial datasets and four real-
world dynamic network datasets to investigate the effects of joint learning across
different application scenes. The artificial datasets are supposed to validate the ac-
curacy of RTSC and baseline algorithms, while real-world datasets are used to ver-
ify whether these algorithms can detect dynamic communities with particular real-
world backgrounds. Besides, we also carried out our experiments for HeterTLS
on four most widely used timeline benchmark datasets, i.e., 17 Timelines (T17)
[68], Crisis [67], Entities [23], and CovidTLS [60]. All contain human-written
timelines concerning certain topics, the source news articles of which are retrieved
from the web at a given point in time. In order to demonstrate the accuracy of the
extracted communities and summaries achieved by our proposals, we employed
multiple evaluation metrics. Additionally, we compared our model against various
baselines in terms of parameter sensitivity, ablation study, and convergence speed

to showcase the overall superiority of our approach.

1.2 Contributions of This Thesis

The main contributions of this thesis are as follows.
Regarding the topic of applying joint learning of node embeddings and graph

clustering to temporal networks:



* We formulate dynamic community detection as a constrained optimization
problem, where node representations and graph clustering are jointly learned.
Compared with other evolutionary clustering methods, RTSC is able to over-
come the drawbacks of underusing temporal information and learning the

above sub-tasks separately.

* To remove the noise among successive snapshots, we construct a new graph
that contains the common structure of successive node representation matri-
ces, and adopt a low-rank constraint and sparse decomposition to create the
common graph having a block-diagonal clustering structure. To the best of
our knowledge, RTSC can be considered as the first general common struc-
ture learning model for dynamic community detection that can more accu-

rately facilitate the description of the core structure of temporal networks.

* The experimental results on ten temporal network datasets indicate that RTSC

outperformed the state-of-the-art dynamic clustering algorithms.

Regarding the topic of constructing TLS as a heterogeneous graph to jointly

perform date selection and event detection-based clustering:

* This study is the first to construct a model for automatic TLS as a heteroge-
neous attention network (HAN) that propagates heterogeneous information
with different granularities, of date-word-sentence, to effectively learn flexi-

ble and accurate representations for both date and sentence nodes.

* Date selection and event detection subtasks are incorporated into an overall
objective so that they can be jointly optimized to obtain a globally optimal

solution.

* We have empirically shown that HeterTLS outperformed all existing com-
petitors on four benchmark datasets. Its effectiveness and robustness were

further confirmed via ablation studies and parameter analysis.

1.3 Outline of This Thesis

The rest of this thesis is organized as follows.



Chapter 2: This chapter introduces related work on graph node representation
learning, community detection, timeline summarization and the application of graphs

in summarization tasks.

Chapter 3: At the beginning of this chapter, we describe the dynamic graph clus-
tering task and our joint learning method. Then, we discuss the experimental set-

tings, results on different datasets, and analysis of our proposal.

Chapter 4: In this chapter, we first describe the existing methods for extracting
timeline summaries and our proposal. Then, we introduce the models and datasets
used in our experiments. Finally, we discuss our experimental results and analysis

of our proposal.

Chapter 5: Finally, Chapter 5 summarizes this dissertation and discusses some

directions for future work.



Chapter 2

Related Work

In the first part of this chapter, we summarize the methods that are related to graph
representation learning. Then we discuss the difference with our proposal that
consider clustering drift and accuracy simultaneously in the dynamic community
detection task, and show previous efforts that extract and learn a common embed-
ding matrix. In the last part, we explore prior research on the categorization of the
timeline summarization task and further discuss the application of heterogeneous

graph networks to the summarization task.

2.1 Node Representation Learning

Graph representation learning is used to embed vertices into a low-dimension sub-
space by preserving the topological structure and similarity among vertices [89],
which can be used as inputs for downstream machine learning and natural language
processing tasks, such as graph classification [16, 66], link prediction [95], extrac-
tive text summarization [73], and recommendation systems [74]. Many efficient
and accurate algorithms have been developed for graph representation learning. For
example, Deepwalk [57] preserves local topological information by sampling from
a random walk and maximizing the posterior probability of the model. Based on
Deepwalk, Node2vec [24] simultaneously utilizes deep-first-search and broad-first-
search to learn a comprehensive representation of vertices. LINE [66] first defines
the second-order similarity of vertices to present global information of graphs and
then jointly learns first- and second-order similarities. O.Levy et al. [37] proved

that graph embedding is equivalent to point mutual information (PMI) matrix fac-



torization, where the decomposed matrix contains low-order topological informa-
tion and high-order similarity information. Current PMI matrix factorization-based
graph embedding algorithms have balanced performance on all downstream tasks.
Graph Convolutional Networks (GCN) [3] is a deep learning model based on graph
convolution operations, which update the feature representations of nodes by aggre-
gating the information from their neighbors. Besides, Graph Attention Networks
[72] (GAT) utilize attention mechanisms and allow each node to pay varying de-
grees of attention to its neighboring nodes, thereby capturing the relationships be-

tween nodes more effectively.

2.2 Graph Clustering

2.2.1 Dynamic Community Detection

Community detection is a classical problem in data mining. With the increasing
quantity of data in temporal networks, dynamic community detection algorithms
have attracted a lot of attention [55, 96, 64]. Current dynamic community detection
algorithms can be roughly categorized into three streams: coupling graphs-, two-
stage-, or temporal smoothing-based methods. Coupling graphs algorithms [55]
first merge vertices and edges of all snapshots into a single network and then apply
static community detection [32, 26] to identify communities. Two-stage algorithms
[96, 64] first independently identify static communities for each snapshot and then
design rules to match the evolution of communities at successive snapshots. For
example, DynaMo [96] first detects communities at each snapshot and then sets six
incremental updating rules to maximize the modularity at successive snapshots.
Temporal smoothing algorithms take into account temporality during commu-
nity detection. On the basis of the size of smoothing windows, these algorithms
are classified as global smoothing- and local smoothing-based approaches. The
former ones [43] identify the dynamic community at each time step by using all
snapshots to measure the temporality of communities. An example is PisCES
[43], which globally smooths the eigenvector matrix of each snapshot for tem-
porality, achieving robust performance. Local smoothing-based methods define
clustering drift in terms of how the communities reflect the previous snapshot

[7, 19, 47, 42, 40, 4, 88]. Evolutionary clustering [7] presents a typical tempo-



ral smoothness framework (TSF) by balancing clustering accuracy and drift via a
weighted linear function. On the basis of the core idea of TSF, many evolutionary-
clustering algorithms have been proposed, where the differences lie in the defi-
nition of the clustering drift and the strategies to extract dynamic communities.
For example, DYNMOGA [19] addresses dynamic community detection by refor-
mulating the temporal smoothness as a multi-objective optimization problem and
detects communities using a genetic algorithm, while SE-NMF [47] is adopted for

dynamic community detection and proved to be equivalent to K-means.

2.2.2 Common Graph Learning

An integral part of RTSC is to build an accurate common embedding matrix that
contained a block-diagonal clustering structure and to remove noise among suc-
cessive snapshots via low-rank and sparse decomposition. However, the idea of
explicitly handling the noise in multiple input matrices via the low-rank and sparse
decomposition is not new. For example, the robust multi-view clustering method
[80] separates the noise in multiple input matrices via learning a low-rank transi-
tion probability matrix. Nie et al. [52] proposed to learn a new probability-based
similarity matrix with a low-rank constraint and to add /5 ; norm to remove the
noise of data.

RTSC shares some of the features with the previous methods for low-rank and
sparse decomposition. However, we adopt a low-rank constraint to build our com-
mon graph embedding matrix having a block-diagonal clustering structure, and
apply sparse decomposition to make our common embedding matrix more infor-

mative and the specific noise matrix at each time step as sparse as possible.

2.3 Text Summarization

2.3.1 Timeline summarization

Unlike multi-document summarization (MDS), TLS executes both date selection
and summary extraction [94]. In accordance with different strategies for defining
the two subtasks, available approaches are categorized into three classes, whose

major methods are reviewed as follows.



Direct summarization approaches [1, 82, 38, 92, 65] treat the task as MDS with
time-stamped textual summaries. [10] directly rank and extract sentences relevant
to a query from a collection of documents and place them along a timeline. As
the current state-of-the-art method for direct summarization, revised submodular-
function optimization, which is commonly used for MDS, is applied to search for
a combination of sentences from an entire document collection [49].

Date-wise summarization methods [39] first select dates then extract sentences
corresponding to the dates. [68, 69] propose a supervised graphical model for
selecting salient dates and tracking events on each date. In another study, text
and image embeddings are jointly learned using a scalable low-rank approximation
approach to generate a more readable timeline summary [76].

Event detection algorithms [70, 54, 17] usually cluster documents by affinity
propagation to detect events and summarize them individually along a timeline

[63] or implement multi-timeline summarization [87].

2.3.2 Heterogeneous graph for summarization

A heterogeneous graph contains different types of nodes and multiple relation-
ships between nodes [81, 29]. [73] present a HAN for single or multiple doc-
ument extractive summarization to enrich cross-sentence relations through addi-
tional semantic units. [31] leverage a sentence-level redundancy layer into a HAN
to remove excessive phrases. Although much research has gone into construct-
ing source documents as heterogeneous graphs and using graph attention network-
based first-order neighbors during information dissemination, longer-distance het-
erogeneous paths have not been considered. Inspired by [77], we extended a HAN
to TLS and developed HeterTLS to learn better node representations for down-

stream tasks.

10



Chapter 3

Conducting joint learning on

dynamic graph clustering

3.1 Methodology

3.1.1 Preliminaries

We consider a graph is denoted as G = (V, E), where the associated vertex (or
node) set and edge set are represented as V' = {vy,--- ,v,} and E = {(v;, v;)—
v;,v; € V'}, respectively. W is the weighted adjacent matrix of (G, whose element
w;; denotes the weight on edge (v;, v;). The degree sequence matrix is denoted as
D = diag(d;,- -+ ,dy), where d; is the degree of v;, i.e., d; = >, w;;. We use |[W/||
and W’ to denote the Frobenius norm and the transpose matrix of IV/.

Let {1,---, 7} be the set of time steps. Temporal network G = {G1,--- ,G,}
is a sequence of snapshots evolving over time, where G, is derived from G;_; and
will evolve into G 1. The adjacent matrix of G is W = {Wy,--- [ W_}.

3.1.2 Problem Definition

Static community detection in G aims to obtain a partition of V', denoted as {C; }%_,,
with the restriction of V' = |JC; and C; (| C; = 0 for ¢ # j, where C; is the i-th
community and £ is the total number of communities. While differently, dynamic
community detection constructs a partition at each time step, denoted as {Cj }** |,
where C}; is the i-th dynamic community at time step ¢. Therefore, dynamic com-

munity detection should simultaneously take into account both clustering accu-

11
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Figure 3.1: A schematic example of dynamic communities evolution, where (A)
G—1 contains two communities C;_; = {a,b} and Cy;1 = {c,d,e, f}, B) G,
has two types of clustering pattern generated by the red and green lines.

racy and drift among snapshots for different time steps. A schematic example
is shown in Fig.3.1, where G;_; contains two communities, C;—; = {a,b} and
Csyi-1 ={c,d, e, f}. In G, community structures created with the red line and the
green line are equal in terms of cutting cost. However, communities created with
the red line are better than those created with the green line since {a,b} is connected
in G;_1. Thus, dynamic community detection is used to discover community struc-
tures {Cy; }¥_, at time step ¢, where {C};}%_, simultaneously maximizes clustering

accuracy and minimizes clustering drift.

3.1.3 Proposed Method

In this subsection, we introduce the framework of our Robust Temporal Smoothing
Clustering method (RTSC) in detail. Its optimization rules and algorithm analysis
are discussed later.

An overview of RTSC is illustrated in Fig.3.2. RTSC consists of three major
components: node representation learning, common embedding matrix learning,
and low-rank constraint-based block-diagonal clustering for the common parts.
Therefore, the overall objective function of RTSC is included in the three major
components corresponding to the above as well. We use the multi-objective opti-
mization strategy to obtain better graph clustering results while achieving promis-
ing graph embeddings simultaneously.

First, node representation learning is used to adopt low-dimension features to

represent the original complex graph structure data. Qiu et al. [59] proved that
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Figure 3.2: An overview of the proposed algorithm, which consists of graph em-
bedding, common embedding matrix learning, and clustering structure learning.
Given three successive snapshots, we first translate them into PMI matrices, and
then decompose these snapshots and get node representation matrices. After that,
we learn a common graph embedding matrix by adding the /; norm on noise ma-
trices. Finally, we add a nuclear norm on the common embedding matrix to make
it a block-diagonal matrix with a clustering structure.

node representation learning is equivalent to matrix factorization, implying that
matrix factorization is an effective alternative for graph embedding. Therefore,
it is common and convenient to directly factorize the adjacent matrix W; of G,

through (non-negative matrix factorization) NMF [36], i.e.,
O(Gy) = W, — B,E,||?, s.t. B, >0, E, >0, 3.1

where B, € R™! and E, € R"" are the basis matrix and feature matrix, re-
spectively. However, the adjacent matrix solely describes the direct interactions
between pairs of vertices, which cannot fully capture the underlying information
of long-distance or unconnected node pairs. Levy et al. [37] proved that matrix
factorization of PMI matrices is equivalent to skip-gram-based graph embedding,
which can preserve both the low-order topological information and high-order un-

connected long-distance information. Then, we rewrite Eq.(3.1) as:
O(Gy) = |M; — B.E,||>, st. B, >0, E, >0, BIB, =1, (3.2)

where columns of F, € R!*™ are desired representations for vertices, [ is the di-

mension of vertices, B; contains the representation of basis vectors, [ is the identity
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matrix, and PMI matrix M, of GG, is defined as:

wij Yy di
—=" 3.3

m;; = max{log

where k is a hyper-parameter controlling the number of samples via negative sam-
pling, which is always set to 2.

Second, the selected features in successive time steps might be corrupted by
noise, which will result in a small portion of data points being assigned to wrong
clusters. On the basis of this assumption, each graph embedding matrix £; can be
naturally decomposed into two parts: a shared latent common embedding matrix
E,, that reflects the inherent structure of successive snapshots ({G;_1, Gy, G441} in
this paper which can get best smoothing performance in our experiments), and a

deviation error matrix P, that encodes the noise in F;:
E,=E+P, t={1,---,7} (3.4)

Since we assume the selected common features in successive time steps are suffi-
cient to identify most of the clustering structure, it is reasonable to consider that
there is only a small fraction of elements in £, that significantly differ from the
corresponding ones in E,. Therefore, we add {; norm on P, to make it as sparse as

possible:
t+1

OF)= > |Pl: st Ei=E+P. (3.5)

i=t—1

Finally, current community detection algorithms identify the community struc-
ture at ¢ using K-means on the basis of F; directly, which has two limitations.
On one hand, K-means is sensitive to the initialization, resulting in unstable out-
puts. On the other hand, performance of clustering can be undesirable because
of the independence of graph representation learning and graph clustering. Even
though structure learning has the potential to address above-mentioned issues by
preserving specific structural information [51], it is still difficult to make E, a
block-diagonal matrix with k-connected components. Theorem 1 proves that it
is equivalent to the rank of the matrix, which can be efficiently solved by adding a
low-rank constraint.

Theorem 1 [11] The multiplicity of eigenvalue O of normalized Laplacian ma-
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Figure 3.3: Visualized block-diagonal clustering structures of the SYN-VAR
dataset (see Sec.3.3) by RTSC at (A) time step 1 and (B) time step 5.

trix Lg, =1 — D, Y QEtDt_ Y2 s equal to the number of connected subgraphs in
E;, where D, is the diagonal matrix with degree sequence of E.

Based on Theorem 1, the block-diagonal clustering structure learning can be
transformed into a matrix rank problem, i.e., calculating a nuclear norm [25], which

is formulated as
O(E,) = |E/. st. B, = E,+ P, (3.6)

where || E;||. is the sum of the &k smallest eigenvalues, i.e., Y ;" , A;. When the
sum of the £ smallest eigenvalues is set to 0, we can get k-connected clusters in Et
by reorganizing its columns/rows and convert it into a block-diagonal form with &k
blocks (as shown in Fig.3.3). The rank of this block-diagonal matrix is not greater
than k.

Combining Egs.(3.2,3.5,3.6), RTSC solves the following optimization problem:
min  O(Gy) + O(E,) + aO(P,), (3.7)

which can be formulated as:

t+1 t+1
min IM; — BE:|[} + 1Bl + 1Pl
B,E; By P; i;1 igl (3.8)

st. E;=E,+P, B'"B=1I, E;>0, B>0, E'l1T=1,

where « is a hyper-parameter to balance the noise removal. In order to learn a
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better common embedding matrix in one subspace, the three successive snapshots
are forced to share a common basis vector matrix 5. Additionally, we apply or-
thogonal constraints on B to minimize the feature redundancy between nodes in

the embedding process.

3.2 Optimization

The optimization problem in Eq.(3.8) is hard to solve because it contains non-
convex non-negative matrix factorization and E, has a nuclear norm constraint. In
this section, we introduce our proposed optimization procedure based on the ALM
scheme, which can accelerate the convergence of RTSC by giving a closed-form
solution for each variable.

By introducing an auxiliary variable Q, we convert Eq.(3.8) into the following

equivalent form:

t+1 t+1

min Y |M; = BE|[E + Q. +a ) |2

B.E.Q.E.P; [ P (3.9)

st.B;=E,+P, BT B=1, E;>0, B>0, El'1=1, E,=Q.

The corresponding augmented Lagrange function of Eq.(3.9) is:

t+1 t+1

L= |IM;=BE|; + Q. +a Y IPlh
i=t—1 i=t—1
it1 s
+ Y, <Y+ P—E>+0 Y |IB+ P- B} (3.10)

i=t—1 i=t—1
+<Z.E-Q>+5B-Ql}
st. BTB=1, E;>0, B>0, FEI'l=1,
where Z and Y; represent the Lagrange multipliers, -, -;, denotes the inner product
of matrices, and ;> 0 is an adaptive penalty parameter. Then, we will present

the update rules for B, E;, @), Et, and P;, by minimizing £ in Eq.(3.10) with other

variables being fixed.
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3.2.1 Updating B

Leaving other variables unchanged, the sub-problem for optimizing B is

t+1
) ¢ — . 2
min Y || M; — BEi||%, (3.11)

i=t—1

The only variable in Eq.(3.11) is B. We expand Eq.(3.11) with polynomials as

follows:

t+1
. 2
m§n¢§1 |M; — BEi||»,
t+1
= min > (MIM; — M]BE; — E/' B"M; + E] B" BE;) (3.12)
i=t—1
t+1
= min > (MM; — M{BE; — E] B"M; + E]'E;)

i=t—1

By removing the constants M M; and E! F; and adding E; M M;El and I,
Eq.(3.12) is transformed as:

t+1
= min > (-M/BE; — E/ B" M)
i=t—1
t+1
= min > (EMIME] — M BE; — E' B"M; + I)

i=t—1

(3.13)
t4+1
= min > (E:M]ME] — M{BE; — E/ B"M; + B"B)
i=t—1
t+1
=min Yy | M;E] - B|7.
Lr——
Therefore, the optimal solution for B is formulated as [62]
B =UgVg, (3.14)

where Up and V5 are left and right singular matrices of the economic singular value
decomposition (SVD) of 3 S MET.

1=t—1
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3.2.2 Updating F;

By fixing other variables and removing irrelevant items for £;, Eq.(3.10) is formu-

lated as
t+1 [ 41 Y:
am=@@§NWme%+§Xﬂw+a—@+j%.<M®
b oi=t—1 i=t—1
Since Eq.(3.15) is convex in terms of F;, the partial derivative % can be de-
duced as
8(E- ) _ > (2E; —2B"M; — u(E, + P + o E;)). (3.16)
v i=t—1
In accordance with the Karush-Kuhn-Tucker condition, we set % = 0 and
obtain the update rule for F; as
2BTM; + u(E, + P, + &
E; — 21; “). (3.17)
3.2.3 Updating )
When other variables are fixed, the sub-problem w.r.t. () is
. ~ A
sznHQH*"i_gHEt_Q‘FEH%N (3.18)

which can be solved using the singular value threshold method [5]:

Q= USyu(B)V7, (3.19)
where Ss(X)=max(X — §,0)+min(X + §,0) is the shrinkage operator.
3.2.4 Updating P,

The sub-problem w.r.t. P; can be simplified as

: Wi g Yy
mina|[Pilly + 5P = (B - B Mmp (3.20)
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which has a closed-form solution P; = S/, (£; — E, — %)

3.2.5 Updating £,
With other variables being fixed, we update E, by solving
t+1

- . ~ Y; 2 Z
E, = argmmg Z |E:+ P — E; + —||% + gHEt -Q+ =%
5 2 H H (3.21)

st. E,>0, E'l=1.

For ease of presentation, we define

1 t+1 Y,
F=—=(Q- —+i;1(Ei—Pi— i (3.22)
and then rewrite Eq.(3.21) as
E, = argmin %HEt —F|3, st.E, >0 E1=1
" (3.23)

n l
1 A ) . .
= Eargm;n 5 Z HEt(i) — FZHFv s.t. Z Et(ij) = 1, Et(ij) 2 07
t(1)s " s Lt(n) =1 J=1

where Et(i) and F; denote the -th row of the matrix Et and F', respectively. Ac-

cording to [18], Eq.(3.23) can be decomposed into n-independent sub-problems:

l
1 - R R
argmin§||Et(Z-) — Fjl3, s-t. § Eyijy =1,P; > 0. (3.24)

Ey j

Each sub-problem is a proximal operator problem with a probabilistic simple
constraint, which can be efficiently solved using the projection algorithm [18].
Since Eq.(3.10) is convex subject to linear constraints, and all its sub-problems
have closed-form solutions, RTSC converges to the global optimum with a linear

convergence rate. The flow of RTSC is shown in Algorithm 1.
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Algorithm 1 RTSC

Require:

G: Temporal networks (Gy,...,G,);
k;: Number of dynamic communities at time step ¢;

a: A parameter controls the importance of sparsity.

Ensure:

—_

e e e e
L S =

15:

R - AN O

{Cy} |: Dynamic communities at ¢;
Initialize matrix B, Ej, E,, P, Q, p = 1076, v = 1.9, mazx, = 101% e = 107%;
Construct the PMI matrix M; (: = 1,--- ,7) for each t.
repeat
Set F  (Q -2+ |(EBi—P - 1)),
fori=t—1tot+1do
Take Fj as input to update Et(j), jed{l,--- ,n}
end for
Fix the other variables, update B in accordance with Eq.(3.14);
Fix the other variables, update F; in accordance with Eq.(3.17);
Fix the other variables, update () in accordance with Eq.(3.19);
Fix the other variables, update P; according Eq.(3.20);
Fix the other variables, update E, according to Eq.(3.24);

s until {||E + P, — Eil|os||E — Qllwo} < €

: According to diagonal block structure, discover dynamic communities on the

basis of E; to get {Cy }* .

return

3.2.6 Algorithm Analysis

Space Complexity Storing M,;, B and FE, requires space O(7n?), O(nl) and

O(nl), respectively. The space complexity for both common embedding matrix E,

and specific noise matrix F; is also O(nl). Therefore, the overall space complexity
of RTSC is O(mn?).

Time Complexity For each time step ¢, the construction of M, requires time

O(n?). Updating matrix B, F; and Q) has time complexity of O(n?(), while P; and

Et are O(1). Thus, the total time complexity is O(n?10), where 6 is the number of
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iterations in the algorithm.

3.3 [Experiments

We conducted experiments to validate the superiority of RTSC.

3.3.1 Datasets

Table 3.1 summarizes the statistics of six artificial and four real-world temporal
network datasets. The artificial datasets are supposed to validate the accuracy of
RTSC and baseline algorithms, while real-world datasets are used to verify whether
these algorithms can detect dynamic communities with particular real-world back-

grounds.

SYN-FIX/SYN-VAR Both the two datasets originate from the static GN net-
work [33] by incorporating dynamics. Specifically, SYN-FIX initially contains 128
vertices and 4 communities, where each community contains 32 vertices. Three
vertices are randomly selected from each community and are assigned to other
communities at each time step. This is iterated 10 times with a fixed number of
communities. SYN-VAR is a more complicated temporal network dataset that se-
lects eight vertices at each time step to form a new community. The above process
is repeated five times, and then all vertices return to their own community in the

next five times.

Table 3.1: Statistics of temporal network dataset used in this study.

’ ‘ Network | V] |E| T |
SYN-FIX 128 20,480 10
Artificial SYNTVAR 256 59,526 10
Temporal . Switch 8,000 20,420,300 20
Networks Birth-Death 8,000 20,574,452 20
Merge-Split 8,000 19,170,256 20
Expand-Contract 8,000 18,834,234 20
Cellphone 400 10,248 10
I?Cﬁ;t)orgf Email 151 7273 12
Networks ca-cit-HepTh 22,900 2,700,000 10
Facebook 63,700 13,000,000 10
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Greene Dataset SYN-FIX and SYN-VAR are insufficient to fully validate the per-
formance of the algorithms because the patterns of dynamic communities are rel-
atively simple and the network size is small. Therefore, we employed the Greene
dataset [78] to better characterize different change scenarios, which contains four
evolution events of Swiftch, Birth-Death, Merge-Split, and Expand-Contract. 10%
of vertices in the Switch dataset exchange their communities at each time step. In
the Birth-Death dataset, 10% of new communities are created by randomly se-
lecting vertices from existing communities, and 10% of existing communities are
removed at each time step. In the Merge-Split dataset, 10% of the communities are
split to two communities and 10% of the communities are merged into one commu-
nity at each time step, while 10% of communities in the Expand-Contract dataset

expand or contract 75% of their original size at each time step.

Real-world Temporal Network Datasets The Cellphone dataset, developed from
the VAST 2008 mini challenge', consists of cellphone call records among the mem-
bers of the fictitious Paraiso movement. In this dataset, phone calls between 400
cellphones were recorded for ten days in June 2006. Nodes represent people and
an edge represents the occurrence of a phone call between two people. These
records are divided into ten equal sizes to build temporal networks. The Enron
Email (hereafter, Email) dataset contains the email communications? of the U.S.
enterprise Enron in 2001. It is split into 12 snapshots by month, each snapshot
consisting of 151 nodes (or users) and edges representing messages sent from one
user to another. The ca-cit-HepTh dataset® is collected from arXiv and covers all
the citations in it with the regulation below. Edges from « to v indicate that a paper
u cites another paper v, but the dataset does not contain any information on it if
a paper cites or is cited by a paper outside the dataset. The Facebook friendship
graph (hereafter, Facebook)* dataset contains 63,700 nodes and more than ten mil-
lion edges to represent users and the relationship between two users, respectively.

This dataset is divided into ten snapshots by month.

"http://www.cs.umd.edu/hcil/VASTchallenge08/
Zhttp://www.cs.cmu.edu/ enron/
3networkrepository.com/dynamic.php
“networkrepository.com/fb-wosn-friends.php
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3.3.2 Metrics

Three metrics, normalized mutual information (NMI) [12], accuracy, and purity
[93], were used to measure the performance of both RTSC and baselines. Given
C and C* as the predicted community structure and ground truth respectively, a
confusion matrix N is constructed, where its element n,; represents the number of
vertices overlapped by the i-th community in C* and j-th community in C. NMI
is defined as

~2 30 S Nylog (75

NMI(C,C*) = : Y TINE (3.25)
%) Nilog(Be) + 317 N jlog(5)

=

Accuracy is used to measure the percentage of obtained correct labels with the

definition of

1 n
Accuracy = - Z 3(2i, 9:), (3.26)

i=1
where 7 is the total number of vertices, z; and g; denote the predicted and ground
truth label of the i-th vertex, and 6(x, y) is an indicator function that equals 1 when
x =y, and equals 0 otherwise.
Purity [93] measures the extent to which each cluster contains vertices primarily
from one class and is defined as
k

Purity = Z %P(C’i), P(C;) = %maxj(nj), (3.27)

i
i=1 v

where C; is a cluster with size n;, nf is the number of vertices of the i-th input class
that are classified into the j-th cluster, £ denotes the number of clusters determined

by Elbow method [41] for each time step, and 7 is the total number of vertices.

3.3.3 Baselines

To fully validate the performance of RTSC, six excellent models, PisCES [43],
DYNMOGA [19], sE-NMF [47], dynamic network embedding (DNE) [16], DECS
[42], and MEGA [20], were employed as baselines, covering global smoothing,
matrix factorization-based local smoothing, and deep learning-based dynamic com-
munity detection. We selected and applied PisCES for comparison since it is a typi-

cal global smoothing dynamic community detection algorithm, and DYNMOGA is

23



the state-of-the-art multi-objective optimization-based model. sE-NMF and DECS
are two well-known local smoothing dynamic community detection methods, while
DNE and MEGA are state-of-the-art deep learning-based dynamic network embed-
ding algorithms. We fine-tuned all the parameters in these baselines for fairness.
We also ran them twenty times on each dataset and took the averages as the final

experimental results.

3.4 Results and Discussion

3.4.1 Accuracy

According to [19], we apply the DYNMOGA algorithm several times to detect
the community structure with the highest soft modularity score as the ground truth
label on real-world datasets. The average NMI, accuracy, and purity of the algo-
rithms on all temporal network datasets are shown in Table 3.3, 3.2, and 3.4, where
RTSC outperformed the others in terms of average NMI, followed by DECS and
DYNMOGA. Specifically, the improvement on NMI with RTSC ranges from 0.4%
on Birth-Death to 9.3% on Cellphone. However, NMI can hardly measure the in-
ternal structure of the community since it will increase as the size of the community
expands. Thus, we used accuracy and purity to measure the internal structure qual-
ity of clustering results, as shown in Table 3.3, 3.2, and 3.4. These results indicate
that RTSC is also superior to the others in terms of accuracy and purity, where the
improvement in accuracy ranged from 0.7% on SYN-VAR to 27.3% on Email, and
that in purity ranged from 1.2% on Birth-Death to 36.4% on Cellphone. However,
we found that DYNMOGA outperforms others on Birth-Death. We consider that it
is because DYNMOGA can translate dynamic community detection into a multi-
objective optimization problem to catch the global optimal solution for clustering.
DECS achieved the highest accuracy on Email because it develops a migration op-
erator to ensure that nodes are grouped together and adopts a genome matrix to
encode temporal information to expand search space.

Besides, we drew line charts to better reflect the NMI, Accuracy, and Purity
scores of the algorithms on the four Greene datasets and four real-world datasets in
Fig.3.7. The NMIs of RTSC were significantly higher than those of the baselines.
For example, the NMIs of RTSC on Cellphone were {0.80, 0.73, 0.76, 0.78, 0.71,
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Table 3.2: NMI of various algorithms on 10 temporal network datasets, where the
best results among our experiments are marked in bold.

Datasets PisCES DYNMOGA sE-NMF DECS DNE MEGA RTSC
SYN-FIX 0.990 0.917 0.937 1 0979 0970 1
SYN-VAR 0.880 0.841 0.866 0.989 0.732 0.714 1
Switch 0.927 0.965 0971 0966 0935 0972 1
Birth-Death 0.912 0.981 0.983 0.986 0.901 0.972 0.993
Merge-Split | 0.952 0.986 0.964 0.955 0.965 0.957 0.997
Expand-Contract| 0.926 0.973 0.978 0.974 0.951 0.967 0.998
Cellphone 0.593 0.704 0.608 0.717 0.671 0.682 0.784
Email 0.570 0.882 0.880 0.885 0.828 0.874 0.943
ca-cit-HepTh | 0.730 0.787 0.802 0.793 0.738 0.805 0.847
Facebook 0.669 0.772 0.742 0.680 0.707 0.684 0.783

Table 3.3: Average accuracy of various algorithms on 10 temporal network
datasets, where the best results among our experiments are marked in bold.

Datasets PisCES DYNMOGA sE-NMF DECS DNE MEGA RTSC
SYN-FIX 0.994 0.922 0.933 1 0983 0976 1
SYN-VAR 0.891 0.865 0.868 0.993 0.757 0.731 1
Switch 0.941 0.976 0.983 0.983 0.948 0978 1
Birth-Death 0.932 0.991 0.989 0.991 0.930 0.980 0.983
Merge-Split | 0.961 0.973 0971 0.963 0.979 0.967 0.999
Expand-Contract| 0.939 0.981 0.986 0.982 0.962 0.976 0.999
Cellphone 0.620 0.734 0.641 0.734 0.659 0.715 0.935
Email 0.616 0.889 0.889 0.901 0.847 0.884 0.885
ca-cit-HepTh | 0.762 0.804 0.822 0.835 0.773 0.831 0.898
Facebook 0.874 0.904 0.925 0.908 0.905 0.878 0.955

0.77,0.74, 0.79, 0.86, 0.85} on ten snapshots, whereas those of DYNMOGA were
{0.68, 0.75, 0.72, 0.69, 0.69, 0.70, 0.72, 0.70, 0.71, 0.68}. There are three main

explanations as to why RTSC performed the best. First, jointly learning node repre-

sentations and graph clustering facilitates the selection of features under the guid-

ance of clustering, improving clustering accuracy. Second, RTSC can smooth the

clustering information between successive snapshots by learning a new common

embedding matrix, which can effectively eliminate noise in temporal networks.

Third, RTSC adopts high-order similarity information, which is more accurate to

explore the structure of temporal networks, rather than the adjacency matrix.
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Table 3.4: Purity of various algorithms on 10 temporal network datasets, where the
best results among our experiments are marked in bold.

Datasets PisCES DYNMOGA sE-NMF DECS DNE MEGA RTSC

SYN-FIX 0.989 0.915 0.925 1 0954 0932 1

SYN-VAR 0.884 0.812 0.857 0972 0.715 0.691 1

Switch 0.917 0.954 0.961 0.959 0925 0965 1
Birth-Death | 0.901 0.970 0974 0.979 0.888 0.954 0.991
Merge-Split | 0.943 0.955 0.959 0.951 0.959 0.949 0.999
Expand-Contract| 0.913 0.941 0.946 0.965 0.943 0.959 0.999
Cellphone 0.601 0.694 0.603 0.702 0.669 0.689 0.947
Email 0.572 0.863 0.861 0.869 0.832 0.847 0.920
ca-cit-HepTh | 0.755 0.810 0.790 0.805 0.737 0.782 0.919
Facebook 0.879 0.915 0.933 0.877 0.867 0.874 0.969

3.4.2 Parameter Sensitivity

RTSC involves two hyper-parameters. o dominates the importance of the sparsity
on specific noise matrices, and [ denotes the dimensionality of the common em-
bedding matrix. We selected two large-scale artificial datasets, Switch and Birth-
Death, and two real-world datasets, ca-cit-HepTh and Facebook, to determine the

parameter sensitivity of RTSC.

(A) Birth-Death (B) Merge-Split (C) Email (D) Facebook

Figure 3.4: Effect of RTSC parameters on performance: (A) Birth-Death, (B)
Merge-Split, (C) Email, and (D) Facebook.

We observed how « and [ affect the performance of RTSC by varying o from
0.1 to 0.5 with a gap of 0.1 and [ from 60 to 100 for Switch and Birth-Death, which
is shown in Figs.3.4 (A)—(B). And we set a from 0.2 to 0.6 with a gap of 0.1 for
Email and ca-cit-HepTh. As shown in Figs.3.4 (C)—(D), [ was from 5 to 25 with
a gap of 5 for Email and from 400 to 800 with a gap of 100 for Facebook. These
values indicate that RTSC improves in the NMI metric when o € [0.2,0.4] and
[ = 1%Ny, where Nj is the total number of nodes in temporal networks.

The reason these parameters can influence the results is that when o < 0.2,

26



the specific noise matrix will be condense and it becomes difficult for the common
embedding matrix to extract rich shared information from successive graph em-
bedding matrices. However, if o > 0.4, the noise matrices may be too sparse so
that great amount of noise cannot be excluded from the common graph embedding
matrix, which will decrease clustering performance. If [ is set to a relative small
or large value, the common graph embedding matrix will contain insufficient or
redundant features, thereby impairing the clustering accuracy. In order to achieve a
balance in the above scenarios, we set o € [0.2,0.4] and | = 1%Nj on all datasets

in our experiments.

3.4.3 Ablation Study

— RTSC
— Node representation only
Clustering structure only
1.0
0.8
>
o 0.6
en
<
5,
>
<

Figure 3.5: Performance comparison of RTSC with joint learning, graph-
representation-learning-only, and graph-clustering-only strategies.

The above experiments indicate the superiority of RTSC. Since RTSC jointly

learns node representations and graph clustering, it is natural to ask whether the
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superiority of RTSC is due to either node representation learning or graph cluster-
ing structure learning. Thus, we conducted an ablation experiment by comparing
RTSC with node-representation-learning-only or graph-clustering-only. The for-
mer strategy first adopts graph embeddings to learn the node representations of
temporal networks and then applies K-means to obtain dynamic communities. The
latter one learns a common clustering-based structure via low-rank and sparse de-
composition without graph embeddings to obtain dynamic communities.

The performance of RTSC with these strategies on all datasets is shown in
Fig.3.5, where the joint learning strategy significantly outperformed both of the
separate learning strategies. The reason why RTSC performed best on all datasets
is that it can efficiently select features from graph embeddings to construct a com-
mon embedding matrix, and this matrix can remove noise between successive time
steps and effectively improve clustering accuracy. These results further indicate
the superiority of RTSC in dynamic community detection in temporal networks,
implying the joint learning of graph representations and clustering is promising for

identifying complex dynamic communities.

3.4.4 Convergence Analysis

We then investigated the running time of RTSC, which is listed in Table 3.5, along
with the running time of the four fastest baselines. RTSC was the fastest among
all datasets, reducing 11.2 to 31.8% of running time. This increase in speed shows
that our model can be applied to larger datasets, and it further proves the usability
of RTSC in the real world.

Table 3.5: Running time of RTSC and baselines (second).

Datasets sE-NMF DECS DNE MEGA RTSC
SYN-FIX 2.10 8.40 2.45 1.85 1.26
SYN-VAR 18.12 23.91 11.95 15.59 9.22
Switch 62,332 82,901 41,139 48,618 | 33,733
Birth-Death | 59,218 76,983 38,491 47,374 | 31,562
Merge-Split | 61,235 78,380 39,802 47,150 | 33,433
Expand-Con | 60,343 75,428 41,636 47,067 | 32,892
Cellphone 94.23 124.38 68.32 73.47 54.65
Email 32.44 43.14 22.31 30.23 19.40
ca-cit-HepTh | 1,221,323 | 1,477,800 | 830,499 | 964,845 | 672,704
Facebook | 1,843,432 2,175,249 | 1,235,099 | 1,327,271 | 988,079
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We also investigated the convergence speed of RTSC by using the relative er-
ror (normalized error using the max-min strategy). How relative error changes as
the number of iterations increases is shown in Fig.3.6. We assert that the con-
vergence speed of RTSC is much faster than traditional matrix factorization-based
optimization multiplicative updates [28] and alternative least-squares [34]. RTSC
generally took less than 20 iterations to converge, while the other two optimization
methods required more than 200 iterations. These results indicate that RTSC can

significantly accelerate the convergence speed and reduce the running time.
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Figure 3.6: Convergence speed of RTSC: relative error vs. number of iterations on
(A) Birth-Death and (B) Email.

3.5 Conclusion

In this study, we mainly focused on three challenging issues, i.e., jointly learn the
node representation and graph clustering structure to improve the clustering accu-
racy in dynamic networks, remove noise in the smoothing procedure to enhance the
gain of the common part for successive snapshots, and accelerate the convergence
and reduce running time through the ALM-based optimization procedure. The ex-
perimental results on both the artificial and real-world datasets indicate that the
proposed community detection algorithm significantly outperforms state-of-the-art

baselines.
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Figure 3.7: NMIs, Accuracy, and Purity for RTSC and baselines on (A) Switch,
(B) Birth-Death, (C) Merge-Split, (D) Expand-Contract, (E) Cellphone, (F) Email,
(G) ca-cit-HepTh, and (H) Facebook datasets respectively.
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Chapter 4

Conducting joint learning on

timeline summarization

4.1 Methodology

4.1.1 Problem definition and preliminaries

Given a collection of news documents D within 7 dates, TLS involves 1) predicting
a sequence of date labels {y1,--- ,yr|y; € {0,1}}, where y; = 1 represents the
t-th date included in the timeline; and 2) ranking and extracting sentences from
candidates for each selected date. The number of dates as well as the length of the
daily summaries are typically controlled by the user.

Given a graph G = {V, &} with V = VUV, UV, and £ = E, 4U E,_,
where Vj, V,,, and V; respectively denote a node set for dates, words, and sen-
tences and F,,_4 and E,,_; are a set of undirected edges between word-date and
word-sentence. Specifically, V; = {dy,--- ,dr}, Vi, = {w1, -+ ,wp}, and V; =
{s1,-++ ,s,} correspond to T dates, m unique words, and n sentences within D.
ei;j #0 (@ € {l,--- ,m},j € {1,---,n}) of E,_; indicates that the i-th word
appears in the j-th sentence. e;; # 0 (i € {1,--- ,m},j € {1,--- ., T}) of Ey_4
signifies the i-th word appears in the articles published on the j-th date. No edge
exists between nodes of the same type, e.g., word pairs. We then define meta-
paths and meta-path-based neighbors for the purpose of disseminating information
among heterogeneous nodes.

Definition 1 Meta-path ® is defined as a path in the form of v; = - -- BN
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Figure 4.1: Model overview. HeterTLS consists of three chief components: (a)
graph constructor and initializer, (b) heterogeneous graph encoder with sentence
clustering constraint, and (c) timeline summary extractor. We first construct hetero-
geneous network for date, sentence, and word nodes with two initialization strate-
gies. We then extract meta-paths and iteratively update node representations via
HAN under nuclear norm constraint on sentence nodes. Finally, we predict unla-
beled date nodes and extract sentences from candidate clusters.

vg+1, Which describes a composite edge relation e = e; o - - - 0 ¢, between nodes v,
and v,1, where o denotes the composition of relations.

Definition 2 Meta-path-based neighbors N of the i-th node are defined as
all nodes in a single meta-path .

Figure 4.1 exhibits an overview of HeterTLS, which consists of three main com-
ponents: (a) graph constructor and initializer, (b) heterogeneous graph encoder
with sentence clustering constraint, and (c) timeline summary extractor. Each com-

ponent is introduced subsequently in detail in the following subsections.

4.1.2 Graph constructor and initializer

Let Xy € R7*"4, X, € R™" and X, € R™*" respectively denote input feature
matrices for date, word, and sentence nodes, where r,4, r,,, and r are dimensions of
date representations, word embeddings, and sentence representations. We initialize
the j-th sentence node in Figure 4.1 (a) by concatenating its local n-gram feature p;

and sentence-level global feature ¢; as X, = [pj; ¢;]. p; is captured by a convolu-
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tional neural network (CNN) [35] with different kernel sizes, and g; is gripped by a
bidirectional long short-term memory (Bi-LSTM) [27]. Considering the success of
transformer-based pre-trained models, we also provide another initialization strat-
egy: using BERT [13] and sentence-BERT [61] as word and sentence encoders.
Date nodes take the average-pooling of their connected sentences as initialization
for both aforementioned strategies.

To leverage the saliency of each word in different sentences or dates, we pro-
pose term frequency-inverse sentence frequency (TF-ISF) and term frequency-
inverse date frequency (TF-IDATEF) weights to initialize edges in £, s and Ey_,,.
Specifically, TF is the number of occurrences of w; in s; or d;, and ISF/IDATEF is
determined by dividing the total number of sentences or dates in D by the number

of sentences or dates containing w; as:

N

TF;,; = , 4.1)
’ > Mk
5]
ISF; =log ————, 4.2)
{7+ wi € s}
IDATEF; = log L 4.3)
' {j - wi € dj}|’

where n; ; indicates the number of occurrences of word w; in sentence s; (for edges
in E,_,) or date d; (for edges in F4_,,), and the denominator of Eq. 4.1 is the sum
of the number of occurrences of all words in s; or d;. In Egs. 4.2 and 4.3, |S| and
| D| respectively denote the total number of sentences and dates in the corpus, and
{j : w; € s;}| and |[{j : w; € d;}| are the numbers of sentences or dates where
term w; appears.

Intuitively, some words, e.g., articles such as “the” and “a”, appear in many
sentences and dates, while other words, e.g., “Harry Potter”, are not so frequent.
Therefore, words with lower ISF/IDATEF values are not so important and usu-
ally have no specific meaning. Conversely, words with higher ISF/IDATEF values
might be important and indicate salient information or the topic of the article. This

assumption allows HeterTLS to distinguish key points from non-key points.
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4.1.3 Heterogeneous graph encoder with sentence clustering con-

straint

As Figure 4.1 (b) illustrates, we first iteratively update node representations via
meta-paths in heterogeneous graph attention layers. We then introduce how we
constrain sentence representations to reserve a low-rank-based clustering struc-
ture, which helps sentence nodes learn better event-related information. Finally,
the semi-supervised date classification and sentence clustering structure are jointly

learned in an overall objective.

Heterogeneous graph attention layer

Node representations are updated by hierarchical heterogeneous graph attention
layers, where the node-level attention layer ensures information propagation and
aggregation in a single meta-path, while the semantic-level one is committed to
merging messages from multiple meta-paths. Specifically, referring to h; as the

hidden state of the i-th node, the node-level attention layer is calculated as

e = LeakyReLU(W,[Wyh; W, hj]), (4.4)

o exp(e;))

ijp = B,y (4.5)
Zle/\/f)p exp(eil )
K

o, @,

z, :kula( > "Wy hy), (4.6)
-

where W,, Wy, and W, are trainable parameters, z? is the representation of
the i-th node learned from the node-level attention layer by &, a;}; measures the
importance of the j-th node to the i-th node via ®, ;¥ contains all nodes in single
meta-path @, and K is the number of multi-heads.

Afterwards, the semantic-level attention layer fuses all the meta-path informa-
tion for the :-th node. We extract meta-paths @dlwgz{date—word, date-word-date,
date-word-sent} for date nodes, <i>w1~2:{word-sent, word-date} for word nodes,
and @51N3={sent—word, sent-word-sent, sent-word-date} for sentence nodes (Fig-
ure 4.1 (b)), while long-distance meta-paths are discarded due to their limited im-

pact. With the assumption that the i-th node has P meta-paths as {®4,--- , ®p},
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the representation of the i-th node is updated as

1
We, = |7| Z thanh(Wz;Dp +b), 4.7)
i€V
exp(wg,)
Bs, = e, (4.8)
S erp(wae,)
P
2= Pz’ 4.9)
p=1

where ¢, W, and b are learnable parameters and (g, represents the importance of
the p-th meta-path for the final embedding of the i-th node.

In the same manner described by [73], to avoid gradient vanishing after certain
iterations, a residual connection and position-wise feed-forward network (FFN)
layer with two linear transformations [71] are added after the semantic-level atten-

tion layer.

Iterative update: We alternately update each type of node to realize informa-
tion propagation and aggregation. The updating process for the t-th iteration is

measured as

ZU = NLevel(H}, H, H},), (4.10)
H.'' = FFN(SLevel(Z5 ) + HY), (4.11)
ZiH! = NLevel(Hj, H., H,), 4.12)
Ht' = FFN(SLevel(Z5) + H}), (4.13)
ZH = NLevel(HS™ HL, HFY), (4.14)
H' = FFN(SLevel(ZF) + HY), (4.15)

where N Level and S Level respectively indicate node-level and semantic-level at-
tention layers, and H' is the stacked hidden state of a certain type of node at the
t-th timestep. Eqs. 4.11, 4.13, and 4.15 represent the residual connection and FFN

layer.
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Sentence clustering constraint

Detecting main events from D can effectively reduce the redundancy when gen-
erating summaries. Current TLS methods [87] identify major events by applying
K-means directly to sentence representation matrix [, which has two limitations.
First, K-means is sensitive to initialization and outliers, resulting in unstable out-
puts [14]. Furthermore, the clustering performance is undesirable due to the inde-
pendence of sentence representation learning and sentence clustering. Even though
structure learning has the potential to address the above issues by co-clustering on
a newly created bipartite graph to extract the clustering structure [85, 51], it is not
suitable for our framework to make H; a block-diagonal matrix with £ compo-
nents. Theorem 1 paves the way to detect the clustering structure of H, by adding
a low-rank constraint.

Theorem 1 [11] The multiplicity of eigenvalue 0 of the normalized Laplacian
matrix of H is equal to the number of clusters in H.

Theorem 1 indicates that the block-diagonal clustering structure relies on newly
constructing an adjacency network of sentence nodes, which increases the com-
plexity of the model. [25, 58] propose the nuclear norm and prove that the con-
straint on the Laplace matrix of [ is mathematically equal to the constraint on

sentence representation matrix H as
Ecluster = ”HSH*, (416)

where || H,||. is defined as the sum of the k smallest eigenvalues, i.e., > ., A
with )\; as the i-th smallest eigenvalue [58]. When || H,||. is set to 0, we obtain k
clusters in H by reorganizing its columns or rows and converting it into a block-
diagonal form with k blocks, as shown in Figure 4.1 (c). We also determine param-

eter k by the elbow method [2].

Joint learning framework

Past work considered date selection and sentence clustering-based event detection
as independent tasks. In HeterTLS, they are jointly trained to combine their advan-

tages into an overall objective:

L= ﬁclassify + )\Eclustera (417)
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where L 55, minimizes the cross-entropy over all labeled date nodes between
the ground-truth during training, and A serves as a weighted coefficient to balance
L ciassify With Lopysier. Eq. 4.17 can be optimized via stochastic gradient descent
(SGD) [97] in an end-to-end manner. Readers can also refer to [58, 46] for the
detailed nuclear norm optimization strategy of L . ster-

Our date classification is trained in a transductive learning-based semi-supervised
manner. We iterate all node representations in the heterogeneous graph simultane-
ously with 50% labeled date nodes (40% for training and 10% for verification) and
50% unlabeled date nodes as the test set. The joint learning model is able to effec-
tively find event-based candidate clusters (see Figure 4.1 (c)), thereby save much

running time and improve the accuracy of TLS.

4.1.4 Timeline summary extractor

With [ selected dates and their corresponding representations {hg,,--- ,hy}, we
represent the & clusters as {h. ,--- ,h. } by averaging sentence representations
inside that cluster. As shown in Figure 4.1 (c¢), candidate clusters for the ¢-th se-
lected date are determined by calculating the cosine similarity between the date
representation with all cluster representations as cos(hg,, h.,)(j € {1,--- ,k}). If
the cosine similarity is larger than the pre-defined threshold ¢ (see Section 4.3.4),
the corresponding cluster is considered a candidate for the date. Finally, we apply
CENTROID-OPT [22] as a sentence ranking algorithm within a cluster and sum-
marize each date individually by selecting one sentence per cluster with the highest

ranking score.

4.2 Experiments

4.2.1 Datasets

We carried out our experiments on the four most widely used benchmark datasets,
i.e., 17 Timelines (T17) [68], Crisis [67], Entities [23], and CovidTLS [60]. All
contain human-written timelines concerning certain topics, the source news articles

of which are retrieved from the web at a given point in time.
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T17 Crisis Ent. Covid.

Topics 9 4 47 1
Timelines 19 22 47 1
Avg.Documents 508 2,310 959 26,376
Avg.Sentences 20,409 82,761 31,545 791,280
Avg.Dates 124 307 600 218
Avg.Duration 212 343 4,437 266

Table 4.1: Basic dataset statistics. Avg.X demonstrates average X for each topic,
and Timelines refers to number of ground-truths in each dataset.

T17 The 17 Timelines (T17) dataset [68] is the first publicly accessed and the
most widely-used benchmark dataset for TLS. 17 different timeline summaries
from 9 different famous topics (e.g. “BP Oil Spill”, “Influenza HIN1” and “Arab
Spring”), were collected from popular news agencies such as CNN, BBC, NBC-
news, etc. Only those timelines with explicit timestamps (including day, month,
and year) were considered. For each source articles and timeline summary pairs,
the topic served as a query and time filter option to retrieve and retain top 400
news articles from the news agency that published during a specific time span. At
the end, by using duplication removal, a total number of 4,650 news articles were

reserved in the collection.

Crisis Crisis' collects event data related to long-term armed conflicts that hap-
pened in North Africa, including stories about Egypt Revolution, Syria War, Yemen
Crisis, and Libya War. 25 timeline summaries acted as ground-truth, which were
manually created by professional journalists and collected from the most popular
news agencies, including the BBC, CNN, and Reuters. The corresponding source
articles were retrieved from Google by simulating users searching for articles rele-

vant to the timelines of the aforementioned new stories.

Entities Entities? contains timeline data for entities rather than events. Specif-
ically, it consists of 47 different timelines ranging over an equal number of top-
ics and decades of time duration. Most of the covered topics are related to life-

spanning events of famous people, while the remaining ones are related to busi-

Thttp://www.13s.de/~gtran/timeline/
Zhttps://github.com/complementizer/news-tls
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ness companies and no-profit organizations. The ground-truth timelines were first
obtained from CNN Fast Facts, where several hundred timelines are grouped in

categories, e.g., “people” or “disasters”.

CovidTLS The newly released CovidTLS dataset® describes the outbreak and
evolution of the Covid-19 pandemic since the early 2020. As it is undoubtedly
one of the most concerned worldwide events, it has been reported by an unprece-
dented amount of news articles. The source articles were crawled from several
English-written journals, and the ground-truth timeline was retrieved from a pub-
lic, authoritative website. With peculiar characteristics, the whole dataset has just
one, complex topic (i.e., the outbreak Covid-19 pandemic) reported by over 26
thousands news articles. The number of candidate dates in CovidTLS is one order
of magnitude higher than those of all the existing topics.

Using these datasets makes it possible to comprehensively verify the effec-
tiveness and generalization of HeterTLS because both the number of topics and
their time spans among them are completely different. Specifically, the Entities
dataset contains dozens of topics and spans decades of news articles per topic,
while the others involve only a few topics within two years. The basic statistics of

the datasets, including the splitting details, are summarized in Table 4.1.

4.2.2 Attach date labels for sentences

Since it is a difficult problem to correctly extract the chronological order of events
from time stamped-free texts, we therefore attempt to only attach dates to the sen-
tences extracted from news articles. We assume that the first date expression de-
tected in a sentence s is the date of the event mentioned in s. We further craft
simple rules to detect date expressions in sentences and resolve them to absolute
dates using the date of the article as a reference. For example, with “today” parsed
as the publication date of the article, “September” and “Sunday” indicate the last
September and Sunday before the article date. In the case that no date expression
is detected in the entire sentences s, date(s) is taken to be the publication date of
the article containing s. Although this assumption is frequently incorrect in doc-

ument types such as biographies, literary writings, or historical texts, we find it is

3https://github.com/MorenoLaQuatra/SDF-TLS
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reasonable for news articles. News, by definition, reports up-to-date events.

4.2.3 Evaluation metrics

In our experiments, the evaluation of model-generated timelines depended on the
ROUGE metric and its variants as follows [87]:

Concatenation-based ROUGE F1 Similar to conventional ROUGE, it compares
a concatenated system summary with its corresponding ground-truth by referring
only to the textual overlap while ignoring all time stamps of the timeline [83, 50,
76].

Alignment-based ROUGE F1 On the basis of the above concatenation metric, it
linearly penalizes the ROUGE score by the distance of date alignments [48].

Date selection F1 It only measures how well the model selects dates contained in

the ground-truth [49].

4.2.4 Experimental settings

Since each topic has at least one ground-truth timeline, we considered each timeline
independently if multiple ground-truths exist, and the final evaluation results were
obtained by averaging scores over all timelines. We split training/verification/test
sets in accordance with the ratio of 40%/10%/50% mentioned to Sec. 4.3.5. All
experiments for a dataset were subject to leave-one-out cross-validation, and sig-
nificant differences were determined by bootstrap test [15] with p-value of 0.005.

For our heterogeneous network, the vocabulary size was limited to 50, 000 and
tokens were initialized with 400-dimensional GloVe embeddings [56]. We trun-
cated an input document to a maximum length of 40 sentences and removed 10%
of vocabulary with the lowest TF-IDATEF values to eliminate noise. Date/sentence
nodes and edge features individually included r;, = r; = 128 and 40-dimensional
vectors for initialization. We set the learning rate and regularization hyper pa-
rameter A to be — 4 and 1.5, respectively. Each HAN layer had 8 heads and 64-
dimensional hidden size. The inner hidden size of the FFN layer was set to 512.
An early stop was carried out when the validation loss did not descend for three
continuous epochs. We trained all baselines as well as HeterTLS on a single Titan
RTX GPU.
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Datasets T17 Crisis

Metrics CR1-F CR2-F ARI1-F AR2-F Date-F1 CR1-F CR2-F ARI1-F AR2-F Date-F1
Full Oracle 0.500 0.180 0.312 0.128 0926 0.490 0.160 0.360 0.150 0.974
CHIEU (2004) 0.290 0.072 0.067 0.019 0252 0374 0.070 0.052 0.012 0.142
TRAN (2013) 0.336 0.065 0.094 0.022 0517 0271 0.034 0.054 0.012 0.289

MARTS. (2018) 0.383 0.092 0.105 0.030 0.544 0.333 0.072 0.075 0.016 0.281
DATEWISE (2020) 0.385 0.097 0.121 0.035 0.544 0.347 0.075 0.089 0.026 0.295
DASG (2021) 0.333 0.064 0.118 0.029 0.647 0.323 0.068 0.077 0.018 0.381
SDF (2021) 0.401 0.101 0.106 0.033 0.553 0.360 0.073 0.064 0.014 0.302

HeterTLS-HAN  0.398 0.101 0.141 0.052 0.668 0.372 0.070 0.092 0.026 0.455
HeterTLs-Joint 0392 0.101 0.132 0.042 0.620 0.323 0.068 0.079 0.015 0418
HeterTLS+Pre 0.401 0.103 0.142 0.053 0.688 0.379" 0.078" 0.107" 0.028" 0.494"
HeterTLS 0.408" 0.108" 0.1457 0.058" 0.703" 0374 0.075 0.105 0.028 0.492

Table 4.2: Concatenation- and alignment-based ROUGE-1/2 F1-scores for T17
and Crisis datasets. Best results among model-generated timelines are marked in
bold. Symbol { indicates that our results significantly surpass all baselines using
bootstrap test [15] with p < 0.005.

4.2.5 Baselines

To interpret the concatenation- and alignment-based ROUGE scores better and to
approximate their upper bounds, we measure the performance of the full oracle

method:

* FULL ORACLE: Selects the correct dates and constructs a summary for each
date by optimizing the ROUGE to the ground-truth summaries.

The following excellent baselines were used for comparison and to demonstrate
the effectiveness of HeterTLS: direct summarization including CHIEU [10] and
MARTSCHAT [49]; date-wise summarization such as TRAN [68], DATEWISE
[23], and SDF [60]; and event detection method DASG [44]. We additionally fol-

low [23] to obtain full oracle.

4.3 Results and Discussion

4.3.1 Performance of HeterTLS

According to Tables 4.2 and 4.3, HeterTLS outperformed all baselines in terms

of all metrics. Considering that DASG ignores date information, we excluded it
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Datasets Entities CovidTLS

Metrics CR1-F CR2-F ARI1-F AR2-F Date-F1 CR1-F CR2-F ARI1-F AR2-F Date-F1
Full Oracle 0.348 0.079 0.232 0.075 0.757 0471 0.199 0.388 0.192 0.968
CHIEU (2004) 0.275 0.053 0.036 0.011 0.102 0.203 0.021 0.008 0.001 0.176
TRAN (2013) 0.275 0.052 0.042 0.012 0.185 0.218 0.028 0.012 0.001 0.675

MARTS. (2018) 0275 0.052 0.042 0.011 0.167 0.249 0.036 0.028 0.001 0.685
DATEWISE (2020) 0.271 0.051 0.057 0.017 0.205 0.318 0.038 0.036 0.005 0.697
DASG (2021) 0.282 0.052 0.045 0.010 0372 0.224 0.030 0.014 0.001 0.621
SDF (2021) 0.275 0.052 0.041 0.011 0397 0439 0.076 0.062 0.011 0.689

HeterTLS-HAN ~ 0.272  0.052 0.054 0.015 0.432 0.402 0.062 0.052 0.009 0.656
HeterTLs-Joint 0271 0.048 0.049 0.012 0395 0.388 0.058 0.048 0.006 0.648
HeterTLS+Pre 0.282 0.054 0.057 0.019 0478 0.447" 0.078" 0.068" 0.0127 0.7227
HeterTLS 0.288" 0.058" 0.059" 0.0197 0.488" 0430 0.072 0.060 0.011 0.704

Table 4.3: Concatenation- and alignment-based ROUGE-1/2 F1-scores for Entities
and CovidTLS datasets. Best results among model-generated timelines are marked
in bold. Symbol { indicates that our results significantly surpass all baselines using
bootstrap test [15] with p < 0.005.

from the Date F1 experiment. We noticed that HeterTLS with pre-trained initial
node representations surpassed HeterTLS only on Crisis and CovidTLS datasets.
This indicates that pre-trained models require larger downstream datasets (Crisis or
CovidTLS datasets) to escape from the local optimum, while CNN- and Bi-LSTM-
based initialization can better capture the characteristics of small-scale datasets and
reach the globally optimal solution in a few epochs.

We consider three possible reasons for the excellent performance of HeterTLS.
First, the HAN is configured to learn multi-level semantic features for date rep-
resentations. Compared with hand-designed statistical low-level features, these
features are much more distinguishable, so they improve the accuracy of date se-
lection. Second, regarding the improvement of ROUGE scores, the introduction of
low-rank-based regularization helps sentence representations learn a diagonal clus-
tering structure, which enables HeterTLS to effectively capture the topic-related
events and informative sentences. Third, date selection and sentence clustering-
based event detection are jointly learned and optimized to obtain a globally optimal
solution.

Theoretically, it should achieve a Date-F1 score of 100%. In practice, its Date-
F1 scores end up being lower due to the fact that, for certain dates, no candidate

sentences matching the query key phrases can be located. This leads to the exclu-
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sion of those dates from the oracle timelines.

4.3.2 Ablation study

We investigated the contribution of each module to HeterTLS via ablation studies

using each dataset.

HeterTLS-HAN To verify the interaction within heterogeneous connections, we
show the ablation performance in Table 4.2 and 4.3 by removing the HAN and sim-
ply using unlearnable semantic features with nuclear norm constraint. We suspect
that the HAN layer plays a critical role in facilitating date selection with seman-
tic messages and providing sentence nodes with temporal clustering information,
which cannot be replaced with fixed features. Meta-paths also provide abundant
iterative patterns to pass semantic and temporal information.

However, sentence nodes initialized by CNN and Bi-LSTM layers help cap-
ture local and global sentence relationships, which has been proved predominant
with regard to the extractive summarization task [73]. Furthermore, the nuclear
norm constraint can effectively reduce the redundancy between selected summary
sentences. The above two components ensure the promising performance of the

ablation model.

Heter TLS-joint learning Based on the assumption that the remarkable improve-
ment of HeterTLS compared with baselines is due to jointly training node repre-
sentations and clustering regularization, we show the performance in a separate
learning pattern. Date representations are first learned using a HAN to predict
which date should be selected to form a timeline. We then cluster sentence nodes
in the graph to produce center cluster representations.

From the last block in Tables 4.2 and 4.3, implementing the subtasks individ-
ually degrades the performance to a great extent. We consider that in the joint
learning framework of HeterTLS, vertices learn more discriminative features under
the guidance and constraint of sentence clustering and in turn improve cluster-
ing accuracy, which cannot be imitated by separate learning. This result further
indicates the superiority of HeterTLS, implying that the combination of node rep-
resentations and clustering structure is promising for identifying salient dates and

sentence candidates simultaneously.
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Figure 4.2: Comparison of running time of current state-of-the-art models and
HeterTLS

4.3.3 Running time

We conducted an investigation of running time with all models being trained with
the same device and show the results in Figure 4.2. HeterTLS ran up to an order
of magnitude faster than most baselines, while it achieved comparable running
efficiency to the current fastest baseline DATEWISE (2020).

The following two reasons may explain the efficiency of HeterTLS. 1) Accurate
node initialization enables the model to converge to a globally optimal solution in
less than eight epochs. Since transductive semi-supervised learning requires fewer
labeled date nodes, it can simplify the scale of the training model and reduce the
training time caused by parameter updates. 2) Previous methods rank all candi-
dates by measuring informativeness, redundancy, coherence, and diversity [83]. In
contrast, our strategy reduces the time complexity by measuring the similarity be-
tween date and cluster representations to select candidate clusters that exceed a
pre-defined threshold. It can thus extract the most informative sentence in each
candidate cluster as a summary without consuming time on the multi-index opti-

mization problem.
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4.3.4 Impact of parameters

There are two essential hyper parameters in our experiments: A is adopted to
balance the importance between L jqssify and Lepyster in Eq. 4.17, and 9§ acts as a
threshold to decide the most related clusters for selected dates (Figure 4.1(c)). We
selected several sets of A and 0 to test the performance of HeterTLS in terms of
ARI1-F and AR2-F and give a general overview in Figure 4.3. HeterTLS performed
the best when A\ = 1.5 and § = 0.6 on T17 dataset, while A € [2.0,2.5] and
d € [0.5,0.55] on Crisis, Entities, and CovidTLS datasets. It is explicit that a larger
0 coupled with a smaller A works better. A plausible reason is that a relatively
high threshold can effectively filter irrelevant clusters and reduce the redundancy
of generated timelines. However, the gradual changes in histograms indicate that
our method rarely fails to converge as parameters vary because it is robust and in-
sensitive to parameters. Therefore, we reasonably believe that our proposed model

is not sensitive to parameters.

4.3.5 Ratio of labeled dates

Figure 4.4 shows that our model achieved promising Macro-F1 scores for date
classification on test sets when the ratio of labeled dates was set to 40 or 50% in the
training phase. Therefore, we reasonably believe that our HAN-based transductive
learning earns high-quality date classification even with small-scale labeled data,
so it can be effectively applied to real TLS tasks. Specifically, HeterTLS learns
high-order semantic features implied in a small amount of labeled dates, which can

help predict critical time stamps that should be preserved.

4.3.6 Consecutive dates and redundancy

The proportions of consecutive dates in chronologically ordered model-generated
timelines and ground-truth timelines were experimentally measured according to
[23]. News articles and sentences published on adjacent dates tend to refer to the
same story, especially in a long-time-span dataset such as Entities.

Combining with Table 4.1, Table 4.4 reveals that because the time duration of
Entities dataset is the longest, up to 12 years, the proportion of adjacent dates is

the lowest among all datasets. Therefore, we reasonably believe that the trend of
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Figure 4.3: Impact of parameters on T17, Crisis, Entities, and CovidTLS dataset

T17  Crisis Entities CovidTLS

Ground-truth 045 0.18 0.03 0.48
MARTSCHAT 0.63 - 0.18 0.68
DATEWISE 0.62 0.52 0.30 0.66
HeterTLS 048 023 0.10 0.56

Table 4.4: Proportions of consecutive dates of timelines produced with different
methods and ground-truths

adjacent date proportion is the same as that of redundancy. The results in Table 4.4

indicate that HeterTLS is the closest to the ground-truth, thereby proving its ability

to predict salient dates.
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4.3.7 Case study

We now show the quality of timelines generated by HeterTLS through a cases study.
The topic Steve Jobs is taken from Entities dataset with the time duration from
2003-04-28 to 2011-08-24. In Figure 4.5, parts of the ground-truth timeline of
certain dates are shown on the left, while Figure 4.6 lists the HeterTLS-generated
timeline with similar period coverage as the ground-truth. We manually colored
some keywords to illustrate consistent content in both timeline summaries. Read-
ers can concretely judge our model by precise dates (marked in red) and subjects
(marked in orange). The examples demonstrate different levels of detail in describ-
ing particular events. Three advantages of HeterTLS are explicit by comparing it

with the ground-truth:

* The semi-supervised date prediction component of HeterTLS can accurately
position salient dates as the ground-truth, which is the very principle for

extracting TLS sentences.

* Our model can capture the major object of each event or topic well (marked
in orange) in a daily summary. For example, the subject of the ground-truth
on 2003-04-28 is Apple launches, and HeterTLS also generates the same
phrase as the subject. On 2009-06-29, Steve Dowling announces and Steve

Dowling said serve as subjects in the ground-truth and model-generated sum-
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mary, respectively.

* Although HeterTLS generates timelines in an extractive manner, the gener-
ated summaries are short and accurate. Current extractive methods always
adopt greedy or beam search to extract an uncertain number of sentences as
timelines, which greatly increases redundancy. We use clustering-based con-
straints and intra-class extraction to ensure that HeterTLS generates short but

accurate sentences.

4.4 Conclusion

We addressed several fundamental problems concerning TLS and proposed a joint
learning model called HeterTLS, which trains a HAN by utilizing clustering struc-
ture learning-based event detection. The proposed model facilitates node represen-
tations with information of different semantic units. Meanwhile, the sentence rep-
resentations with clustering structure are rich in date- and semantic-level features,
which significantly reduce redundancy and improve clustering accuracy. Experi-
mental results, including those of the ablation studies of each part of the overall

architecture, demonstrated the effectiveness of HeterTLS.
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Entities Dataset
Topic: Steve_Jobs Ground-truth timeline

2003-04-28

the iTunes store, a download music service.
2004-07-31
Undergoes to remove a tumor related to the
2006-04-01

Apple celebrates its

2007-01-09
unveils the iPhone at the Macworld conference.

2008-06-27

A class action suit is filed against and several members of the

, claiming that they had participated in the
backdating of stock option grants. In 2006, Apple was forced to restate
its financial results after acknowledging that an had
revealed irregularities in its stock option grants

2008--2009

2009-06-29

Apple spokesman that Jobs has returned to work.
2010-01-27

Jobs introduces . The half-inch-thick, 1.5pound 9.7inch iPad allows

users to read books, play games or watch video.

2011-03-02
when he takes the stage to unveil the iPad 2.
2011-06-06
At the Worldwide Developers Conference (WWDC) Jobs introduces
iCloud the . Other Apple officials demo

the new operating systems OS-X Lion and iOS-5.

2011-08-24

Resigns as of Apple, but announces he will stay on as chairman.
is promoted to CEO.

Figure 4.5: Parts of a ground-truth timeline summary on the topic of Steve Jobs.
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Topic: Steve_Jobs  HeterTLS-generated timeline

2003-04-28
the Powerbook laptop.
2004-07-31
When Jobs was recovering from to remove the original
2006-04-01

Appropriately enough, April 1 is the date Apple plans to celebrate its

2008-06-27

The computer maker said it has brought in independent counsel to review the
handing out of options , including a batch for chief executive
Steve Jobs, after an internal inquiry found potential irregularities, Steve Jobs
cooperated with Apple 's and with the government 's
investigation of stock option grants at Apple, directors said.

2008--2009

2009-06-29

Apple spokesman the decision to pull Jobs out of the show
indicated the company 's intention to stop exhibiting at Macworld . Big Brother
permitting the choice that Jobs has made this time round.

2010-01-27

Apple says that it “lets users browse the web, read and send email, enjoy and share
photos, watch videos, listen to music, play games, read ebooks and much more on
the Mac, , the iPod , the iPhone”.

2011-03-02

We should know in a couple of hours, when (sic)
Apple 's Worldwide Developer Conference 2005, which opens today in San Francisco.
A rapturous

2011-06-06
Next week is the Apple Worldwide Developers' Conference, where Steve Jobs will
address the adoring masses. have been dribbling

out for months, with the official unveiling in October last year.

2011-08-24
is widely tipped as a possible replacement as . I hereby resign as
CEO of Apple.

Figure 4.6: Parts of a model-generated timeline summary on the topic of Steve Jobs
produced by HeterTLS.
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Chapter 5

Conclusion and Future Work

5.1 Conclusion

Temporal networks and time series article collections provide an effective means
to characterize the dynamics of complex systems and the development of events.
Dynamic community detection and timeline summarization are promising to re-
veal the complicated mechanisms of such systems. However, compared with static
community detection and extractive summarization, less attention has been paid to
dynamic community detection and timeline summarization, which leads to many
problems remaining.

Temporal networks provide an effective means to characterize the dynamics of
complex systems. However, compared with static community detection, less atten-
tion has been paid to dynamic community detection, which leads to many problems
remaining. In our first study, we mainly focused on three challenging issues, i.e.,
jointly learn the node representation and graph clustering structure to improve the
clustering accuracy in dynamic networks, remove noise in the smoothing procedure
to enhance the gain of the common part for successive snapshots, and accelerate the
convergence and reduce running time through the ALLM-based optimization proce-
dure. The experimental results on both the artificial and real-world datasets indicate
that the proposed community detection algorithm significantly outperforms state-
of-the-art baselines.

In the second work, we have compared and proposed different strategies to con-
struct timeline summaries of long-ranging news topics: the previous state-of-the-

art method based on direct summarization, a date-wise approach, and a clustering-
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based approach. We addressed several fundamental problems concerning TLS and
proposed a joint learning model called HeterTLS, which trains a HAN by utilizing
clustering structure learning-based event detection. The proposed model facilitates
node representations with information of different semantic units. Meanwhile, the
sentence representations with clustering structure are rich in date- and semantic-
level features, which significantly reduce redundancy and improve clustering accu-
racy. Experimental results, including those of the ablation studies of each part of

the overall architecture, demonstrated the effectiveness of HeterTLS.

5.2 Future Work

Finally, we present some directions for future work as follows:

In our first proposal, choosing three snapshots to extract common parts may
be a difficult issue, as we may need to consider the dynamics of the graph at dif-
ferent time scales. In the future, a more flexible approach could be considered
to select or merge multiple snapshots at various times. Besides, we also found
that the nuclear norm may sometimes lead to over-sparsification, i.e., the extracted
common parts become too sparse, losing some important structural information.
For future work, on one hand, improvements could be considered for these poten-
tial problems, such as adopting more efficient algorithms to reduce computational
complexity or adding regularization terms to control sparsity. On the other hand,
exploring the combination of these methods with other types of information (like
node attributes or types of edges) could be considered to further improve the per-
formance of dynamic graph clustering.

In our second proposal, the method depends on the calculated similarity be-
tween the date representation and sentence representation. However, a high sim-
ilarity score does not necessarily guarantee that the sentence provides useful or
diverse information for the summary. In the future, the introduction of additional
criteria for sentence selection, such as relevance to the overall context or diversity
with comparison to already selected sentences, might improve the quality of the
summary. Furthermore, text data is often noisy, and incorrect sentence represen-
tations can significantly affect the quality of the summary. A robust model that
can effectively deal with noise, perhaps by introducing attention mechanisms or

data-cleaning techniques, could be beneficial. For future work, one could look into
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improving the model’s robustness to noise, incorporating additional criteria for sen-
tence selection, reducing the computational complexity, and enhancing the model’s
interpretability. Furthermore, the method could be expanded to incorporate other
relevant features such as sentence sentiment, entity recognition, or topic modeling
to better capture the context and content of the sentences.

All in all, constructing data into a graph can offer various benefits, especially
when dealing with structured or relational data. Graphs are a powerful representa-
tion that can capture complex relationships between entities in a more intuitive and
efficient manner than traditional tabular or sequential data structures. They have
been successful in various applications, including node classification, link predic-
tion, and even image captioning. Especially in image captioning, an image can be
treated as a graph where nodes represent regions or objects within the image, and
edges capture spatial relationships between these regions. This graph representa-
tion can capture important contextual information. Therefore, we believe that the

field of graph deserves more in-depth research and application.
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