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a b s t r a c t

Temporal knowledge graph (TKG) representation learning aims to project entities and relations in
TKGs to a low-dimensional vector space while preserving the evolutionary nature of TKGs. Most
existing methods treat knowledge that happens at different times separately, which fails to explore
how temporal knowledge graphs evolve over time. Actually, TKGs should evolve both on the local
and global structures. The local structure evolution describes the formation process of the graph
structure in a detailed manner, while the global structure evolution refers to the dynamic topology
(e.g., community partition) of the graph, which is derived from the continuous formation process.
Both are key factors for understanding the evolutionary nature of the TKGs. Unfortunately, little
attention has been given to this area of research. In this paper, we propose a new TKG representation
learning framework with local and global structure evolutions, named EvoExplore. Specifically, we
define the local structure evolution as an establishment process of the relations between the entities,
and propose a hierarchical-attention-based temporal point process to capture the formation process
of the graph structure in a fine-grained manner. For global structure evolution, we propose a novel
soft modularity parameterized by the entity representations to capture the dynamic community
partition of the TKGs. Finally, we employ a multi-task loss function to jointly optimize the above
two parts, which allows EvoExplore to learn the mutual influences of the local and global structure
evolutions. Experimental results on three real-world datasets demonstrate the superiority of EvoExplore
compared with the baseline methods. Code is available at https://github.com/zjs123/EvoExplore and
https://github.com/zjs123/EvoExplore_MindSpore.

© 2022 Elsevier B.V. All rights reserved.
1. Introduction

Knowledge graphs (KGs) such as Freebase [1] and YAGO [2]
re knowledge base systems that preserve human knowledge in
structured manner. They have been used in many domains

nd have proven to be highly valuable in various real-world
pplications, such as recommender systems [3,4] and question
nswering [5]. Each knowledge graph can be treated as a directed
eterogeneous graph where the nodes denote the entities and
abeled edges denote the relations between the entities. Each
dge with its connected nodes can form a triple (s, r, o) that

corresponds to one piece of knowledge. For example, (Cat, Belongs
To, Mammal), where Cat and Mammal are subject and object
ntities respectively, and Belongs To is the relation between them.
ecause a KG is difficult to directly manipulate, KG representation
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ttps://doi.org/10.1016/j.knosys.2022.109234
950-7051/© 2022 Elsevier B.V. All rights reserved.
learning methods are proposed to simplify the manipulation by
projecting the entities and relations in KG to a vector space,
and they have proven to be effective in many downstream tasks
(e.g., link prediction [6]).

The existing methods mostly focus on learning representations
for static knowledge graphs, in which the knowledge is eternally
valid. However, with the enrichment of event-based interaction
data [7], a large amount of knowledge exists that is only valid
at a specific time. For example, (Japan, Join In, APEC, 1989/11/7).
As such, knowledge is constantly updated in the real world, and
the entities and relations in the KG will also continuously appear
and disappear, which makes the knowledge graph evolve over
time. To this end, some researchers turn to learning representa-
tions for such time-evolving knowledge graphs, which are termed
temporal knowledge graph (TKG) representation learning.

A TKG can be viewed as a natural extension of a KG in the time
dimension, in which each knowledge representation is preserved
as a quadruple (s, r, o, τ ) and τ denotes the valid time period

of the knowledge. TKG representation learning aims to project

https://doi.org/10.1016/j.knosys.2022.109234
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ntities and relations to a low-dimensional vector space while
reserving the evolutionary nature of a TKG and its semantics.
xisting methods either learn the distinct representations on each
napshot, which fails to capture the detailed mechanism of the
KG formation (e.g., HyTE [8] and TNTComplEX [9]), or they sim-
lify the evolution of a TKG as a diachronic entity representation,
hich is unable to leverage the TKG’s structural dependencies
e.g., DE-DistMult [10] and ATiSE [11]). Specifically, the structural
ependencies of a TKG refer to the relevance among the entities
n the graph structure (e.g., adjacency and community members).
ince the labeled edges among the nodes reflect the semantics of
he entities and relations and their semantics evolve as the graph
tructure changes, learning the representations by modeling the
tructural dependencies of TKGs helps to understand how a TKG
volves over time. This is what we mean by leveraging structural
ependencies. Although some previous methods, such as TeMP
12], employ graph neural networks (GNNs) to aggregate the
eighbor information, they can only implicitly model the local
tructure via low-dimensional vectors, which fail to capture the
tructural dependencies in a fine-grained manner. Therefore, de-
pite their effectiveness, none of the existing methods can explore
ow a TKG evolves over time.
hallenge and our approach: Considering that structural depen-
encies exist both on local and global structures, we argue that
KGs should also evolve both on the local and global structures.
or a local structure, the evolution of TKGs is driven by the con-
inuous establishment of relations. As shown in Fig. 1, from τi to
k, new relations are constantly established between entity APEC
nd the other entities, which reflects the connection strategy of
sia-Pacific Economic Cooperation to continuously attract new
ountries to join in. Meanwhile, the relation establishments are
nevitably determined by the historical knowledge of the partic-
pating entities, e.g., entity Japan has relation Member of with
ntity APEC at time τj and τk because they used to have relation
oin In in prior time τi. Therefore, considering the local structure’s
volution by modeling the continuous establishment of relations
elps to capture the formation process of the graph structure
n a detailed manner. For a global structure, the evolution of a
KG can be reflected by its dynamic community partition over
ime. As shown in Fig. 1, with the continuous establishment of
elations, three separate communities gradually merged into a
arger community, which reflects the formation process of a new
ommunity (i.e., APEC member countries). Entities in the same
ommunity tend to have a closer relevance with each other,
hich reveals the inherent evolution pattern of a graph structure.
herefore, considering global structure evolution by modeling the
ynamic community partition helps to capture the global struc-
ural dependencies (i.e., community members), which cannot be
eflected in the individual relation establishments.

Furthermore, because the change of community partitions is
erived from the continuous establishment of relations, and the
stablishment of a new relation is also influenced by the current
ommunity partition (e.g., entities in the same community are
ore likely to have relations), evolutions in local and global
tructures are interdependent and mutually drive the evolution
f TKGs. Jointly modeling the local and global structure evo-
utions helps to explore the detailed evolution mechanism of
KGs and thus can obtain more accurate TKG representations.
nfortunately, there is currently no work in this area.
In this paper, we propose a new framework named EvoEx-

lore to learn the representations for temporal knowledge graphs
y jointly modeling their local and global structure evolutions.
pecifically, for local structure evolution modeling, we note that
he continuous establishment of relations can be viewed as dis-
rete sequential events. Inspired by the temporal point process,

hich has been widely used to model discrete sequential events, [

2

e propose a novel hierarchical-attention-based temporal point
rocess that decouples the influence of historical knowledge in
he similarity of the relations and the similarity of the entities,
hich helps to capture the fine-grained formation process of
he graph structure. Global structure evolution modeling is used
o capture the smooth evolution of community partitions while
onsidering the heterogeneity of the TKGs. We design a novel
oft modularity parameterized by entity representations as the
etric for optimization, which imposes constraints on represen-

ation learning by leveraging the structural dependencies among
he entities. Finally, by jointly optimizing the above two parts,
voExplore can effectively learn the mutual influence of the local
nd global structure evolutions. The local structure evolution
elps our framework capture the detailed evolution mechanism
f TKGs while the global structure evolution helps to consider
he community structure of TKGs. Our main contributions are as
ollows:

• To the best of our knowledge, this is the first study to
incorporate both the local and global structure evolutions
into TKG representation learning.

• We propose a new framework named EvoExplore, to simul-
taneously model the local and global structure evolutions.
It contains a novel hierarchical-attention-based temporal
point process and a novel community partition component
based on soft modularity.

• We conduct comprehensive experiments on three bench-
mark datasets, and the experimental results demonstrate
the superiority of EvoExplore over the state-of-the-art meth-
ods.

. Related work

In this section, we give an overview of the typical knowledge
raph and temporal knowledge graph representation learning
ethods.

.1. Representation learning for a knowledge graph

Recently, a number of methods have been proposed to learn
epresentations for static knowledge graphs, and they can be
oughly divided into three categories: linear models, factorization
odels, and neural network models. Linear models encode the in-

eractions between the entities by applying linear operations. For
xample, TransE [13] views relations as a projection from subject
ntity to object entity in the vector space, and an additive oper-
tion is applied. Since TransE fails to handle one-to-many rela-
ions, a series of improved methods have been proposed, such as
ransH [14] that projects entities to relation-specific hyperplanes,
ransR [15] that maps entities into relation-specific vector spaces,
nd TransD [16] that constructs the dynamic mapping matrices
or the relations. All of the above methods use Euclidean distance
o measure the distance between the relational projections of the
ntities. TransA [17] uses the Mahalanobis distance to achieve
ore adaptive metric learning, and KG2E [18] projects the en-

ities and relations into Gaussian space and uses KL-divergence.
ecently, several methods regard the relational projection as a
otation operation, such as RotatE [19], while others attempt to
ake the ontology information into account, such as TransO [20].
actorization models attempt to decompose a knowledge graph
nto low-rank matrices. For example, RESCAL [21] utilizes three-
ay factorization to learn KG representations, and DistMult [22]
implifies RESCAL by using diagonal matrices. Instead of learning
epresentations in a real-valued vector space, ComplEx [23] ex-
ends DistMult by introducing complex-valued representations.
y introducing three-way Tucker tensor decomposition, TuckER

24] decomposes a knowledge graph as a core tensor and the
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Fig. 1. Illustration of how temporal knowledge graph evolves over time in both local and global structures.
epresentation vectors of the entities and relations. To solve the
ndependence issue of the entity representations, simplE [25]
ntroduces the inverse of the relations and considers the distance
f both the original triples and inverse triples. Neural network
odels have yielded a remarkable predictive performance in
any fields, and can also be used to encode the semantics of
nowledge graphs. Since convolutional neural networks (CNNs)
an learn deep expressive features, ConvE [26] uses 2D convolu-
ion over the reshaped representations of entities and relations
o model their interactions. ConvKB [27] applies CNNs over the
atrix obtained by concatenating the representations of entities
nd relations. SACN [28] introduces the translational property of
inear models to ConvE. Recently, graph neural networks (GNNs)
ave proven efficient in modeling connectivity structural data.
everal methods regard a knowledge graph as a relational di-
ected graph and utilize a GNN to learn the representations. For
xample, R-GCN [29] utilizes relation-specific matrices to model
he multi-relational nature of a knowledge graph. KBAT [30]
tilizes relation representations to calculate the attention score
etween entities, and CompGCN [31] performs a composition
peration over each relation and the corresponding neighborhood
ntity to capture their interactions. Despite their effectiveness,
ll the above methods are designed for static knowledge graphs,
hich are unable to accurately learn representations for temporal
nowledge.

.2. Representation learning for temporal knowledge graph

To extend static knowledge graph representation methods to
he temporal domain, some researchers attempt to learn the
epresentations for timestamps. For example, HyTE [8] uses time
epresentations to project knowledge at each snapshot to a time-
pecific hyperplane and then applies TransE in each hyperplane
o learn the representations for each snapshot. TTransE [32] first
dds a relation representation and time representation to obtain a
ranslation vector and then uses it to translate the subject entity
o the object entity in a vector space. TNTComplEX [9] regards
temporal knowledge graph as a 4-order tensor and learns

he TKG representation via a tensor decomposition based on a
ew temporal regularization scheme. TA-DistMult [33] utilizes
he temporal information to constrain relation representations
nd constructs temporal relation representations for each knowl-
dge instance with a digital-level LSTM model. However, these
ethods assume that knowledge occurring at different times is

ndependent and separately learn representations on each snap-
hot, which fails to capture the formation mechanism of the graph
tructure. Other works learn diachronic entity representations to
escribe the evolution of TKG. Know-evolve [34] uses a bilinear
3

model and employs a deep recurrent neural network to learn
non-linearly evolving entity representations. DE-DistMult [10]
regards entity representations as timestamp-dependent variables
and learns a nonlinear representation function to generate en-
tity representations based on their corresponding timestamps.
ATiSE [11] considers the uncertainty of entity semantics and
learns representations in the space of multi-dimensional Gaussian
distributions. DyERNIE [35] is a non-Euclidean representation
learning method that learns evolving entity representations in
a product of Riemannian manifolds. However, these methods
ignore the graph structure and thus are unable to leverage the
structural dependencies in TKGs. Recently, several methods at-
tempt to learn TKG representations via message passing mech-
anisms. For example, TeMP [12] proposes a temporal message
passing framework by combining graph neural networks and
temporal dynamics models. RE-NET [36] proposes a recurrent
event encoder to encode historical knowledge and employs a
neighborhood aggregator to model the concurrent knowledge.
Although they can use the information of the graph structure,
they only consider the local structure. Recently, increasing atten-
tion has been given to future forecasting in TKGs, and several
methods have been proposed. CyGNet [37] uses a dynamic histor-
ical vocabulary to model the frequency of historical knowledge.
xERTE [38] constructs an inference graph for each query and
employs attentive propagation to find the target entities. RE-
GCN [39] learns the evolutionary representations of the entities
and relations by recurrently modeling a TKG sequence. TITer
[40] combines path representations with a reinforcement learn-
ing model for explainable forecasting. However, they implicitly
model the history information to learn whether knowledge oc-
curs, which is unable to capture the TKGs’ detailed evolution
mechanism. Although GHNN [41] also employs a temporal point
process to model TKGs, it uses a continuous-time LSTM to en-
code the historical information as a low-dimensional vector, in
which a large amount of information will be lost during the
dimension compression. In contrast, our EvoExplore avoids com-
pression by decoupling the history as the similarity of entities
and relations and employs a hierarchical attention mechanism
to model the historical information in a fine-grained manner.
Therefore, despite the effectiveness of the existing methods, they
either are unable to explore the fine-grained evolution process of
the temporal knowledge graphs or fail to leverage the structural
dependencies of the TKGs, especially in a global structure. None
of them can adequately explore how temporal knowledge graphs
evolve over time.
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Table 1
Notations and descriptions.
Notation Description

G A temporal knowledge graph
E,R,T Entity set, relation set and valid timestamp set
A Community partition set
Cτ Community partition at time τ

(s, r, o, τ ) A quadruple in temporal knowledge graph
d Dimension of representations
K Number of communities
uτ
e Representation of entity e at time τ

zr Representation of relation r
cτ
i Community representation of entity i at time τ

α, β Attention scores
B Soft modularity matrix
H Community assignment matrix
S Connection strength matrix
W,Q,V, F Parameter matrix

3. Preliminaries

We now present the necessary background and formally for-
ulate the problem, and introduce the preliminaries regarding

he evolution of temporal knowledge graphs. We list the specific
otations and their descriptions in Table 1.

.1. Evolution of the temporal knowledge graph

efinition 1 (Temporal Knowledge Graph). A temporal knowledge
raph (TKG) is defined as a directed graph with timestamps G =

E,R, T ), where E and R are the entity set and relation set,
espectively. T is the set of valid timestamps. Each knowledge in
KG is represented as a quadruple (s, r, o, τ ), in which s ∈ E and
∈ E are the subject and object entities respectively, and r ∈ R

s the relation between them. τ ∈ T indicates the valid time of
the fact.

Definition 2 (Evolution in a Local Structure). Given a TKG G =

(E,R, T ), the local structure evolution refers to the establishment
process of the relations between the entities, denoted as a dis-
crete event sequence I = {(s, r, o, τ )n}

|I|

n=1 which is ordered by
the corresponding time annotation τ . |I| is the number of ob-
served knowledge in TKG and each element (s, r, o, τ ) represents
a temporal event that relation r establishes between entities s
and o at time τ . We only consider the establishment of relations
because the deletion time of the knowledge is not provided in
TKG.

Definition 3 (Evolution in a Global Structure). Given a TKG G =

(E,R, T ), the global structure evolution describes the evolution
process of the community partition in TKG, denoted as A =

{Cτ }
|T |

τ=1, in which each element Cτ = {c1, c2, . . . , cK } denotes the
ommunity partition of the temporal knowledge graph at time τ

nd ci is a set of tightly connected entities in a TKG, termed a
ommunity. K is the number of communities.

.2. Temporal point process

The temporal point process is a stochastic process used to
odel discrete sequential events, which assumes that the his-

orical events before time τ will influence the occurrence of
urrent events and that the probability of each event occurring is
haracterized by a conditional intensity function λ(τ ) given the
istorical events. In this paper, we use the Hawkes process [42]
o model the establishment of relations, since it supposes that the
ccurrence of an event is influenced by both the current state and

istorical events, and the historical events can temporarily excite

4

urrent events, which can consider both the connection strategy
nd the historical influence of the participating entities. The con-
itional intensity function of the Hawkes process is defined as

(τ ) = µ(τ ) +

∫ τ

−∞

k(τ − s)dN(s), (1)

where µ(τ ) is the base rate used to model the arrival of spon-
taneous events. k() is a kernel function used to model the time
decay effects of the historical events, while N(s) is the number of
historical events until τ .

3.3. Problem formulation

The goal of our EvoExplore is to learn the representation for
a temporal knowledge graph, by jointly modeling its local and
global structure evolutions with their mutual influences. We for-
mally define the problem as follows:

Definition 4 (Representation Learning for Temporal Knowledge
Graph). Given a TKG G = (E,R, T ), representation learning for a
temporal knowledge graph aims to learn two mapping functions
fe : E → Rd and fr : R → Rd to map the entities and
relations in the TKG to a vector space, respectively, where d is
the dimensionality of the vector representations. The objective
of the mapping functions is to capture the evolutionary nature
of the temporal knowledge graph from both the local and global
structure evolutions.

4. The proposed approach

Our proposed framework EvoExplore takes a TKG as input and
learns representations for the entities and relations in a TKG by
jointly modeling the evolutions of the local and global graph
structures. It consists of three basic components. As depicted in
Fig. 2, first, to model the local structure evolution, we characterize
the relation establishments via a temporal point process, and
propose a hierarchical attention mechanism to learn the influ-
ence of the historical events with self-adaptive importance for
each participating entity (a). Then, to model the global structure
evolution, we design a soft modularity as the metric to capture
the community structure in a TKG, which considers both the
smoothness of the community evolution and the heterogeneity of
the TKG (b). Finally, we optimize EvoExplore by jointly predicting
the relation establishment and community partition over time (c).
We will elaborate the details in the following sections.

4.1. Local structure evolution modeling

With temporal knowledge graphs evolving over time, new
relations constantly establish between entities, which can be
regarded as a series of discrete sequential events. Obviously, the
occurrence of an event is determined not only by the participating
entities but also by the related historical events, which affects the
current events to varying degrees. Inspired by the temporal point
process, which has been widely used to model the discrete se-
quential events, we propose a novel hierarchical-attention-based
temporal point process to model the establishment of each re-
lation in a TKG. Specifically, given a temporal event (s, r, o, τ ),
which denotes that relation r is established between entities s
and o at time τ , we follow the strategy of the Hawkes process to
define the corresponding occurrence intensity as

λ̃r
s,o(τ ) = µr

s,o(τ ) + θ
∑

g r
s,o(τi)k(τ − τi), (2)
τi<τ



J. Zhang, S. Liang, Y. Sheng et al. Knowledge-Based Systems 251 (2022) 109234

m
l
l

w
w
t
i
a
d
d
B
r
t
t
a
r
b
o
b
t
w
b

µ

w
z
d
o
A
a
t
T
t

u

w
s
e
o
‘
t
e
d
s
w
t
t
t

Fig. 2. Overall architecture of EvoExplore. (a) Local structure evolution modeling by predicting the relation establishment in the TKGs. (b) Global structure evolution
odeling by leveraging the time-evolving community partition of the TKG. (c) Joint optimization to consider the mutual influence of the above two parts. The

earning of the entity representations is guided by the above two parts, which can integrate the evolution patterns of both the local and global structures into the
earned representations.
i
r

a
d

here µr
s,o(τ ) is the base rate of the temporal event (s, r, o, τ )

hich describes its spontaneous intensity, and g r
s,o(τi) denotes

he influence of the historical events that occurred at time τi. θ
s a trade-off parameter used to balance the magnitude of the
bove two parts. Because the influence of historical events should
ecrease with time, the term k(τ −τi) = exp(−γ |τ − τi|) is a time
ecay function with a learnable decay rate γ .
ase rate. Since whether a relation spontaneously established is
elated not only to the semantics of the relation itself but also
o the semantics of the two participating entities, we calculate
he base rate of a temporal event based on both the relations
nd entities. Specifically, inspired by TransE [13] which views the
elations as a translation from subject entity to object entity, we
elieve that if the transformed subject entity is similar to the
bject entity, the spontaneous intensity of a temporal event will
e high. However, TransE utilizes a non-parameterized operation
o measure the similarity, which lacks an expression. Therefore,
e employ a parameterized inner product operation to obtain the
ase rate of the temporal event (s, r, o, τ ) as
r
s,o(τ ) = uτ

o
⊤W(uτ

s + zr ), (3)

here W ∈ Rd×d is a matrix used to measure the similarity.
r ∈ Rd is the representation of relation r , which is learnable
uring training, and uτ

s ∈ Rd and uτ
o ∈ Rd are representations

f the subject entity s and object entity o at time τ , respectively.
s we mentioned before, the connection strategy of an entity will
ffect its possibility of building relations with other entities. Since
here are different entities with various connection strategies in
KG, and the connection strategy may evolve over time, we obtain
he representation for each entity e at time τ as
τ
e = sin(θe · τ ) + tanh(ωe · τ ) + νe, (4)

here θe, ωe, and νe ∈ Rd are entity-specific vectors that pre-
erve the different evolution patterns of their connection strat-
gy. Specifically, we use a periodic function in the first term
f Eq. (4) to preserve the periodic evolution patterns, such as
‘The Olympic Games are held every four years’’. In the second
erm, we use a monotonic function to preserve the non-periodic
volution trends, e.g., a person ought to be born, marry, and
ie. The third term preserves some static attributes of an entity,
uch as the gender of a person or the location of a city. In this
ay, the obtained entity representations can accurately describe
he different connection strategies of the entities at each times-
amp, which motivates our framework to effectively recognize

he spontaneous occurrences of temporal events.

5

Fig. 3. Illustration of transforming the neighborhood of entity s at time τi to
the hierarchical structure.

History’s influence. In addition to the connection strategies of
participating entities, whether a temporal event occurs also de-
pends on the related historical events, in which both the history
of the subject entity and object entity have impacts. For example,
whether the temporal event (Joe Biden, Win, US Presidential Elec-
tion, 2020) occurs not only depends on whether the USA needs a
change of office in 2020 but also depends on whether Joe Biden
runs. To this end, we formalize the influence of historical events
on temporal event (s, r, o, τ ) as

g r
s,o(τi) = ηs,r (τi) + ηo,r (τi), (5)

where ηs,r (τi) and ηo,r (τi) denote the influence of the histor-
cal events that contain subject entity s and object entity o,
espectively.

However, historical events involve various types of entities
nd relations, which are highly heterogeneous and difficult to
irectly leverage to calculate ηs,r (τi) and ηo,r (τi). We note that

the historical events of each entity are exposed to different en-
tities through multiple relations and can be naturally viewed
as a hierarchical structure as shown in Fig. 3. The influence of
historical events can be naturally decoupled as the similarity
between the historical entity and the current target entity, as well
as the similarity between the historical relation and the current
target relation. The historical events with more similar entities
and more similar relations to the current events will be more
important. Furthermore, the similarities between the entities are
more critical because similar entities are more likely to establish
relations. To this end, we quantify the influence of each historical
event as an entity similarity and propose a hierarchical attention
mechanism to compute varying importances for the different
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istorical events. In this way, the occurrence intensity is propor-
ional to the similarity of the relations and entities. Formally, we
efine the influence of historical events that involve entity e (e
an be either s or o) as

e,r (τi) =

∑
r̄∈R

τi
e

αr,r̄

∑
h∈E

τi
e,r̄

βh,x(u
τi
h

⊤Quτi
x ), (6)

where Q ∈ Rd×d is a matrix used to measure the similarity
between the entities. Rτi

e is the set of relations in which entity e
establishes at time τi, and Eτi

e,r̄ is the set of entities, each of which
establishes relation r̄ with entity e at time τi. x is the current
target entity (i.e., x is o if e is s). αr,r̄ and βh,x are the attention
cores used to model the varying importances of the historical
vents based on the similarity of relations and the similarity of
ntities, respectively.
To obtain the varying importances for the different historical

vents, we first focus on the relations, which greatly determine
he relevance of a historical event to the current event. For ex-
mple, since people are likely to graduate from the school where
hey studied, a temporal event that contains relation Study In
s largely relevant to the temporal event that contains relation
raduate From. Historical events involving more relevant relations
o current events tend to be more important. To model the
mportance of historical events based on their relations, we define
he relation-level attention as

r,r̄ =
exp(zr̄⊤Vzr )∑

r ′∈R
τi
e
exp(zr ′⊤Vzr )

, (7)

where V ∈ Rd×d is a matrix used to measure the relevance
between the relations, and zr ′ , zr̄ ∈ Rd are representations of
the relations in historical events. In addition to the relations, the
entities also need to be considered, because for each relation, an
entity may interact with various other entities through it, and dif-
ferent entities will result in a different importance. For instance,
China may have cooperation with various other countries in the
past, but when it determines whether it currently cooperates
with Japan, historical cooperation with Korea is more important
than historical cooperation with the USA, because both Japan and
Korea are APEC member countries. To this end, we regard entities
that have the same relation with the target entity e as a group,
and compute the entity-level attention as

βh,x =
exp(uτi

h
⊤Quτi

x )∑
h′∈E

τi
e,r̄

exp(uτi
h′

⊤Quτi
x )

, (8)

where we still use matrix Q ∈ Rd×d to measure the simi-
larity between the entities for consistency. uτi

h ,uτi
h′ ∈ Rd are

representations of historical entities at time τi.
Local structure evolution prediction. Based on the above calcu-
lations, we can obtain the occurrence intensity of each relation
establishment event. As it may derive negative values, we ap-
ply an exponential function to transform it to a positive value
(i.e., λr

s,o(τ ) = exp(λ̃r
s,o(τ ))). On this basis, for each observed tem-

poral event (s, r, o, τ ), we construct two corresponding queries
(s, r, ?, τ ) and (?, r, o, τ ). We hope the true answer has a higher
occurrence intensity compared with the other entities in the
entity set. To this end, we define the probability of a relation r
being established between the entities s and o at time τ as

p(s, r, o|I(τ )) =
λr
s,o(τ )∑

e∈E (λr
e,o(τ ) + λr

s,e(τ ))
, (9)

where I(τ ) denotes the observed temporal events before time
τ and we maximize the above probability by minimizing the
following objective function

Llocal = −

∑
log p(s, r, o|I(τ )). (10)
(s,r,o,τ )∈I

6

Modeling the continuous establishments of relations helps to
understand the detailed mechanism of how a graph structure
evolves. Therefore, our framework effectively captures the evo-
lutionary nature of temporal knowledge graphs in a fine-grained
manner.

4.2. Global structure evolution modeling

With the continuous establishment of relations, there is an
integration of jointly make up the slow evolution process of
the global structure of a TKG. Incorporating the evolution of the
global structure not only helps our framework to explore the
high-order evolution trends of the entities but also helps to cap-
ture the global structural dependency at each timestamp. In this
section, we regard the global structure evolution of the temporal
knowledge graph as its dynamic community partition, which
evolves over time, and design a soft modularity to model the
community structure in the TKGs. Specifically, modularity [43] is
a metric used to describe the quality of the community partition
in complex networks, which is defined as the difference between
the number of edges in communities and the expected number of
such edges over all pairs of nodes. The modularity of a network
can be formalized as

Q =
1
4m

Tr(H⊤BH), (11)

where Tr() is the trace of a matrix, while m is the total number
of edges in the network. H ∈ R|E|×K denotes the community as-
signment matrix, in which K is the total number of communities
and each element Hik is set as 1 if entity i belongs to community
k, or set as 0 otherwise. B ∈ R|E|×|E| is the modularity matrix, in
which each element is defined as

Bij = Aij −
ρiρj

2m
, (12)

where A ∈ R|E|×|E| is the adjacency matrix of the network and ρi
is the degree of node i. Note that ρiρj

2m is the expected number of
edges between nodes i and j if the edges are placed randomly.
ven though modularity has been widely used to model the
ommunities in graphs, it is designed for static homogeneous
etworks. For temporal knowledge graphs, the entities are con-
ected via different types of relations, which results in different
onnection strengths, and the graph structure also varies over
ime, which leads to the community partition at each timestamp
eing different.
To appropriately model the communities in a temporal knowl-

dge graph, we propose a novel soft modularity. To model the
arying connection strengths between entities, we first replace
he adjacency matrix of the graph with our connection strength
atrix, which is derived from the relations between a pair of
ntities. Formally, each element of the connection strength matrix
s defined as
τ
ij =

∑
r∈Rτ

i,j

ϕ(zr⊤a), (13)

here Sτ
∈ R|E|×|E| is the connection strength matrix at each

timestamp τ . i and j are the indices of two adjacent entities. Rτ
i,j is

the set of relations that exist between entity i and entity j at time
τ , and a ∈ Rd is a learned vector used to measure the connection
strength of each relation. ϕ is an activation function. On this basis,
we first treat the graph structure at each timestamp separately,
and for each timestamp τ , we can obtain the corresponding soft
modularity matrix B̃τ

∈ R|E|×|E|, in which each element is defined
as

B̃τ
= Sτ

−
ρτ
i ρτ

j
, (14)
ij ij 2mτ
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here ρτ
i and ρτ

j are the degrees of entity i and entity j at time τ ,
espectively. mτ is the total number of edges in the TKG at time

τ . By replacing the modularity matrix in Eq. (11) with our soft
modularity matrix, we can obtain a series of time-specific soft
modularities, and by maximizing these time-specific soft mod-
ularities, we can model the TKG community at each timestamp
separately.

It should be noted that, first, the above soft modularity re-
quires a hard assignment of community label for each entity.
However, each entity in a TKG may belong to several commu-
nities simultaneously, e.g., Japan may belong to both the com-
munity APEC member countries and the community WTO member
countries. Second, the community partition of TKG at different
timestamps is not independent, so separately treating them ig-
nores their temporal relevance. To this end, we follow the strat-
egy in [44] to relax the hard assignment at each timestamp as
Tr(Hτ ⊤Hτ ) = |E|. It is easy to ascertain that for each entity i, this
constraint is equivalent to

∑K
k=1 H

τ
ik
2

= 1. Therefore to meet the
constraint, we normalize each element of Hτ

∈ R|E|×K as

H̃τ
ik =

√
Hτ

ik√∑K
k=1 H

τ
ik

, (15)

here H̃τ
ik denotes the probability of entity i belonging to commu-

nity k at time τ . Considering the smoothness of the community
partition over time, we parameterize the community assignment
of each entity via its representation at the current timestamp and
its previous community assignment. Formally, the community
assignment of entity i at timestamp τ is defined as

Hτ
i = ϕ(F · (uτ

i + cτ−1
i )), (16)

where F ∈ RK×d is an auxiliary matrix used to map an entity
representation to a community assignment. cτ−1

i ∈ Rd is the
representation of the community to which entity i belongs at time
τ − 1 with the highest probability. We define the representation
of a community as the average of the representations of the
involved entities, so that it can be easily pre-calculated before
each iteration.

In this way, our soft modularity can be easily optimized while
considering both the smoothness of the community evolution
and the heterogeneity of TKGs. By jointly maximizing the soft
modularity at each timestamp, EvoExplore can effectively model
the time-evolving community partition of a TKG and thus capture
the evolutionary nature of the temporal knowledge graph from
its global structure. The corresponding global structure evolution
loss is defined as

Lglobal = −

∑
τ∈T

1
4mτ

Tr(norm(Hτ )⊤B̃τnorm(Hτ )), (17)

here norm() is the normalization procedure defined as Eq. (15).
y minimizing the above loss function, our framework can lever-
ge the global structural dependency of TKGs to impose con-
traints on representation learning, which helps to enhance the
apability of the learned representations to preserve the graph
tructure and the evolutionary trends of entities.

.3. Joint modeling

As local and global structure evolutions are interdependent,
nd mutually drive the evolution of the temporal knowledge
raphs, we design a multi-task loss function to learn represen-
ations for the entities and relations by jointly predicting the
elation establishment and community partition of TKGs, which
s given by

= L + ϵL , (18)
local global

7

where ϵ ∈ [0, 1] is a hyperparameter used to balance the
magnitude of these two terms.
Optimization. Since the temporal knowledge graph contains a
large number of entities, calculating all the combinations of posi-
tive and negative samples as defined in Eq. (9) is computationally
expensive. To address this problem, we employ a sampling tech-
nique to approximately optimize Llocal. Specifically, since we have
transferred the occurrence intensity to a positive number via an
exponential function, the probability of a temporal event occur-
ring p(s, o, t|H(τ )) is actually a softmax unit applied to λ̃r

s,o(τ ),
which can be approximately optimized by a negative sampling
[45]. Negative sampling can avoid the calculation over the en-
tire entity set, and thus effectively reduce the computation. For
each temporal event (s, r, o, τ ) ∈ I, we randomly sample L
negative entities and generate two negative knowledge instances
(e, r, o, τ ) and (s, r, e, τ ) for each negative entity. In this way, the
oss function Eq. (10) can be rewritten as

Llocal = −

∑
(s,r,o,τ )∈I

log σ (λ̃r
s,o(τ ))

L∑
l=1

Ee[log(σ (−λ̃r
e,o(τ )))] −

L∑
l=1

Ee[log(σ (−λ̃r
s,e(τ )))],

(19)

here σ (x) = exp(x)/(1 + exp(x)) is the sigmoid function. In
ddition, as the length of the history event sequence largely influ-
nces the computation complexity of λ̃r

s,o(τ ), we fix the maximum
ength of history h and only retain the most recent history events,
nd we will discuss the influence of the different history lengths
n Section 5.

Furthermore, since Lglobal can be easily optimized via the gra-
ient descent algorithm, we adopt stochastic gradient descent
SGD) to optimize the overall loss function. In each iteration, we
ample a mini-batch of temporal events to calculate Llocal, and
se the entities involved in the current batch to calculate Lglobal.
oth of them will be used to update the parameters during back
ropagation.
omplexity analysis. The time complexity of the local structure
volution modeling is O(MhL|I||N |d2), where M is the number
f iterations and d is the representation dimensionality. h and L
re the length of the history and the number of negative samples
espectively. |I| is the total number of temporal events in TKG
nd |N | is the number of neighbors of each temporal event.
he above time complexity can be reduced to O(Mh|I||N |d2) via
he in-batch negative sampling strategy. It only samples negative
ntities from the active entity set of the current timestamp, and
hus can avoid calculating the historical influence of the negative
amples from scratch. The space complexity of the local structure
volution modeling is O(|E|d + |R|d + 3d2), in which |E| and |R|

re the total numbers of the entities and relations in TKG, respec-
ively. Since Lglobal is also optimized via the mini-batch strategy,
he global structure modeling will not radically increase the time
omplexity and space complexity. For the time complexity, the
alculation cost of the global structure modeling mainly comes
rom Eq. (16), for which the time complexity is O(M|I|d2). For
he space complexity, because the community representations
re obtained via entity representations, we only introduce the
uxiliary matrix F in this part. Therefore, the space complexity
f the global structure modeling is O(Kd), where K ≪ |E|.

. Experiments

In this section, we compare the performance of EvoExplore
ith a large number of baseline methods to verify its superiority,
nd provide some variants to demonstrate the effectiveness of
ach component in our framework. Finally, we analyze EvoEx-
lore from several different aspects. Our code and implementa-
ion details are publicly available at https://github.com/zjs123/
voExplore and the version in MindSpore [46] is available at
ttps://github.com/zjs123/EvoExplore_MindSpore.

https://github.com/zjs123/EvoExplore
https://github.com/zjs123/EvoExplore
https://github.com/zjs123/EvoExplore
https://github.com/zjs123/EvoExplore_MindSpore
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Table 2
Statistics of datasets.
Dataset |E| |R| |T | |Train| |Validation| |Test|

ICEWS 14 7,128 230 365 72,826 8,941 8,963
ICEWS 05-15 10,488 251 4,071 386,962 46,275 46,092
ICEWS 18 23,033 256 304 373,018 45,995 49,545
GDELT 500 20 366 2,735,685 341,961 341,961

5.1. Datasets

We evaluate the performance of our method and baselines on
our public datasets derived from two popular temporal knowl-
dge graph resources, namely ICEWS [7] and GDELT [47]. Simple
tatistics of the four datasets are summarized in Table 2, and we
etail each dataset as follows:

• ICEWS 14: This is a short-range version subset of ICEWS
recourse, which is released by TA-DistMult [33]. It contains
knowledge from 2014/1/1 to 2014/12/31 with a daily gran-
ularity, and there are 7128 distinct entities and 230 types of
relations.

• ICEWS 05-15: This is a long-range version subset of ICEWS
recourse released by TA-DistMult, which is almost 5 times
larger than ICEWS14. It contains knowledge from 2005/1/1
to 2015/12/31 with a daily granularity, and there are 10,488
distinct entities and 251 types of relations in this dataset.

• ICEWS 18: This is another short-range version subset of
ICEWS recourse released by xERTE [38]. It contains knowl-
edge from 2018 with a daily granularity, and there are
23,033 distinct entities and 256 types of relations.

• GDELT: This is a subset of GDELT resource released by DE-
DistMult [10], which contains knowledge from 2015/4/1 to
2016/5/31, with a daily granularity. There are 500 distinct
entities and 20 types of relations in this dataset.

.2. Evaluation protocol

We evaluate the quality of the learned TKG representations
ia three tasks: link prediction, future forecasting, and relation
rediction. Specifically, link prediction is an interpolation task
hat also refers to graph reconstruction. It aims to predict miss-
ng knowledge for timestamps that have appeared in the train-
ng process (formally, predicting missing entity for (s, r, ?, τ ) or
(?, r, o, τ ) where τ ∈ Ttrain). Future forecasting is an extrapolation
task that aims to predict missing knowledge for timestamps
that are unseen during the training process (formally, predicting
missing entity for (s, r, ?, τ ) or (?, r, o, τ ) where τ /∈ Ttrain).
The relation prediction task aims to predict whether a given
relation r will appear between entities s and o at timestamp τ .
hen, by performing various ablation experiments, we evaluate
he effectiveness of each component of our framework. We also
isualize the learned representations on two-dimensional space.
inally, we perform a parameter sensitivity study.
For each task, we follow the strategy of TransE [13] to measure

he model’s performance. Specifically, for each test knowledge
s, r, o, τ ), we corrupt it by replacing the subject entity, object en-
ity or relation with all possible entities and relations in turn and
btain a list of candidate knowledge. Then, the candidate knowl-
dge and original fact are ranked in a descending order of their
lausibility score. The rank of the original knowledge denoted
s rank(s, r, o, τ ) is the basic metric, and then we use two kinds

of refined metrics based on this to evaluate the performance of
each model. One is the mean reciprocal rank (MRR) defined as
MRR =

1
|Test|

∑
(s,r,o,τ )∈Test

1
rank(s,r,o,τ ) , which is the average of the

reciprocal of the rank of each test fact, and a higher MRR denotes
an improved model performance. The other is Hits@N which is
defined as Hits@N =

1
|Test|

∑
(s,r,o,τ )∈Test , ind(rank(s, r, o, τ ) ≤ N)

where ind() is 1 if the inequality holds and is 0 otherwise.
8

5.3. Baseline methods

We compare our EvoExplore with both static and temporal
knowledge graph representation learning methods to verify its
superiority. For static knowledge graph representation learn-
ing methods, we select the typical method for each category,
i.e., TransE [13] for linear models, DistMult [22] for factorization
models, and ConvKB [27] for neural network models. For tem-
poral knowledge graph representation learning methods, we use
the methods introduced in Section 2.2. In addition, to verify the
effectiveness of the global evolution modeling of our framework,
we also create a variant EvoExplore_l, which only considers the
local structure evolution (i.e., ϵ = 0 in Eq. (18)).

5.4. Implementation details

For the baseline methods, we use the released official imple-
mentation and the hyperparameter settings in the corresponding
papers. We train them with the same number of epochs as
our framework for a fair comparison. For our model, we tune
the hyperparameters using a grid search. We create 100 mini-
batches for each epoch during training, and the number of epochs
is set as 500. The learning rate is set to 0.001, the dimension
of representations d ∈ {50, 100, 200}, negative sampling ratio
L ∈ {10, 20, 30, 40}, history length h ∈ {1, 2, 3, 4, 5}, trade-
off ϵ ∈ {1, 0.1, 0.01} and the number of communities K ∈

{3, 5, 7, 9}. The configuration is chosen based on the MRR value
on the validation set. All the experiments are performed on an
Intel Xeon CPU E5-2640 with 128 GB of main memory and an
Nvidia TITAN RTX. We randomly initialize the entity and relation
representations, and the negative entities are uniformly sampled
from the entire entity set.

5.5. Performance comparison for link prediction

Table 3 illustrates the results of the different methods on
the link prediction task. According to the results, we have three
major findings. (1) The temporal-aware representation learning
methods unsurprisingly have a better performance than the cor-
responding basic static methods, e.g., HyTE outperforms TransE
on all metrics, and DE-DistMult outperforms DistMult on all
metrics. This result verifies that incorporating the temporal in-
formation helps to obtain more accurate representations for the
knowledge graph. However, it should be noted that not all the
temporal-aware methods are superior to the static methods. For
example, TTransE fails to outperform TransE, which may be be-
cause adding time representations in the TransE score function
breaks the translation between the entities. This illustrates the
importance of modeling the temporal information in a reasonable
way. (2) We find that our proposed EvoExplore outperforms the
baseline methods by a significant margin, and achieves state-
of-the-art results on all three datasets in terms of MRR. Com-
pared with the other methods, our result achieves 8.3%, 6.9%,
and 12.4% higher for the MRR evaluation on each dataset re-
spectively, which demonstrates that modeling the evolutionary
nature of TKG based on the local and global structure evolutions
can generate more accurate TKG representations. One interesting
observation is that our framework achieves an impressive perfor-
mance in Hits@10 on the GDELT dataset but fails to outperform
DyERNIE in Hits@1. This is because the GDELT dataset is denser
than the other datasets. DyERNIE employs hyperbolic space which
can better distinguish between the different entities but the
local structure evolution component of our framework will be
weakened since several entities may have the same historical
interactions, which leads to a limited improvement in Hits@1.
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Table 3
Comparison of different methods on three datasets for link prediction. The best and second best results in each
column are boldfaced and underlined respectively (higher is better for each metric).
Dataset ICEWS 14 ICEWS 05-15 GDELT

Models MRR Hit@1 Hit@3 Hit@10 MRR Hit@1 Hit@3 Hit@10 MRR Hit@1 Hit@3 Hit@10

TransE [13] 32.6 15.4 43.1 64.4 33.0 15.2 44.6 66.3 15.5 6.0 17.8 33.5
DistMult [22] 44.1 32.5 49.8 66.8 45.7 33.8 51.5 69.1 21.0 13.3 22.5 36.6
ConvKB [27] 33.5 22.4 38.7 56.6 – – – – – - – -

TTransE [32] 22.7 7.2 30.1 58.2 24.3 8.6 31.5 60.9 11.8 0.0 16.0 31.8
HyTE [8] 29.7 10.8 41.6 65.5 31.6 11.6 44.5 68.1 11.8 0.0 16.1 32.5
TA-DistMult [33] 43.5 31.6 49.1 68.0 46.8 35.2 51.8 72.8 20.6 12.4 21.9 36.5
DE-DistMult [10] 50.1 39.2 56.9 70.8 48.4 36.6 54.6 71.8 21.3 13.0 22.8 37.6
TNTComplEX [9] 61.6 51.8 65.7 75.8 66.5 59.0 70.5 80.7 22.3 14.2 23.7 37.9
ATiSE [11] 56.9 46.3 63.9 76.3 52.0 39.7 59.5 77.3 11.6 5.7 11.4 23.5
TeMP [12] 60.7 48.4 68.4 84.0 69.1 56.6 78.2 91.7 27.5 19.1 29.7 43.7
DyERNIE [35] 66.9 59.9 71.4 79.7 73.9 67.9 77.3 85.5 45.7 39.0 47.9 58.9

EvoExplore_l 68.7 63.5 74.9 83.8 76.6 67.9 82.6 91.0 46.7 33.6 52.3 61.9
EvoExplore 72.5 65.3 77.8 85.2 79.0 71.9 84.3 91.5 51.4 35.3 60.2 74.8
Table 4
Comparison of different methods on three datasets for future forecasting. The best and second best results in each
column are boldfaced and underlined respectively (the higher is better for each metric).
Dataset ICEWS 14 ICEWS 05-15 ICEWS 18

Models MRR Hit@1 Hit@3 Hit@10 MRR Hit@1 Hit@3 Hit@10 MRR Hit@1 Hit@3 Hit@10

TransE [13] 22.4 13.3 25.6 41.2 22.5 13.0 25.6 42.0 12.2 5.8 12.8 25.1
DistMult [22] 27.6 18.1 31.1 46.9 28.7 19.3 32.1 47.5 10.1 4.5 10.3 21.2
ComplEx [23] 30.8 21.5 34.4 49.5 31.6 21.4 35.7 52.0 21.0 11.8 23.4 39.8

TTransE [32] 13.4 3.1 17.3 34.5 15.7 5.0 19.7 38.0 8.3 1.9 8.5 21.8
TA-DistMult [33] 26.4 17.0 30.2 45.4 24.3 14.5 27.9 44.2 16.7 8.6 18.4 33.5
DE-DistMult [10] 30.2 22.3 34.7 47.1 34.1 24.6 36.8 50.5 17.2 10.0 18.2 29.4
TNTComplEX [9] 32.1 23.3 36.0 49.1 27.5 19.5 30.8 42.8 21.2 13.2 24.0 36.9
CyGNet [37] 32.7 23.6 36.3 50.6 34.9 25.6 39.0 52.9 24.9 15.8 28.2 42.6
RE-NET [36] 38.2 28.6 41.3 54.5 42.9 31.2 46.8 63.4 28.8 19.0 32.4 47.5
xERTE [38] 40.7 32.7 45.6 57.3 46.6 37.8 52.3 63.9 29.3 21.0 33.5 46.4

EvoExplore_l 42.2 31.8 48.0 61.6 48.6 37.7 55.1 69.2 30.3 21.1 32.6 48.1
EvoExplore 43.6 32.1 50.6 64.7 50.0 39.4 56.1 69.6 31.5 21.7 35.9 51.0
However, DyERNIE is unable to consider the structural informa-
tion of a TKG, so the learned representations lack generalization.
Our framework can effectively leverage the structural depen-
dencies among entities. Therefore, our framework can achieve
a better result in Hits@10. (3) One can see that EvoExplore has
a better performance than EvoExplore_l on all three datasets.
his observation demonstrates the benefit of modeling the global
tructure evolution process of a TKG. It comes from two parts.
irst, the global structure helps to impose constraints on the
earned representations, and it can prevent the entity repre-
entations from changing drastically at consecutive timestamps.
econd, it helps to preserve the information of the graph struc-
ure. Furthermore, although EvoExplore_l only considers the local
tructure evolution of the temporal knowledge graph, it still out-
erforms most of the baselines, which demonstrates the necessity
f capturing the detailed mechanism of relation establishments
nd the effectiveness of our hierarchical-attention-based tempo-
al point process to capture the fine-grained evolution process of
he temporal knowledge graph.

.6. Performance comparison for future forecasting

We show the performance of the different methods on the
uture forecasting task in Table 4. It should be noted that we
eplaced the GDELT dataset with the ICEWS 18 dataset because
he ICEWS 18 dataset is more widely used for future forecasting
asks, and many baseline methods did not report the experiential
esults on the GDELT dataset. According to the results, we find
hat our proposed EvoExplore can still outperform the baseline
ethods. In terms of MRR, our result achieves 7.1%, 8.3% and
.5% improvements over the state-of-the-art method on each
9

dataset, respectively, which demonstrates the superiority of our
model in predicting future links. Furthermore, we notice that
our EvoExplore gains more improvements on the ICEWS 05-15
dataset. This is because ICEWS 05-15 has a longer period com-
pared with the others. Existing methods are required to encode
the historical information as vectors, which limits their ability to
model long-term information. Our EvoExplore can model the his-
torical information in a fine-grained manner via the hierarchical
attention mechanism. Finally, the performance of EvoExplore_l is
still worse than that of EvoExplore, which provides the evidence
that modeling the global structure evolution helps to learn more
accurate TKG representations.

5.7. Performance comparison for relation prediction

We present the performance for the relation prediction task in
terms of MRR in Table 5. Since some methods are unable to be di-
rectly applied to the relation prediction task, such as CyGNet [37]
and RE-NET [36], we select the typical ones for comparison.
According to the results, we observe that EvoExplore achieves a
better performance than the baseline methods, especially on the
ICEWS resource. EvoExplore fails to outperform RE-GCN on the
GDELT dataset because it contains many concept entities that
do not have specific semantics. The concept entities will limit
the ability of the attention mechanism to model the similarity.
Finally, the advantage of EvoExplore for the relation prediction
task demonstrates that the joint modeling of the local and global
evolutions helps to learn more accurate TKG representations.

5.8. Ablation study

Effect of varying evolution pattern. So far, we obtain the entity
representations as a sum of three parts as defined in Eq. (4).
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Table 5
Performance of different methods for relation prediction. The best and second
best results in each column are boldfaced and underlined respectively.
Dataset ICEWS 14 ICEWS 05-15 ICEWS 18 GDELT

Models MRR MRR MRR MRR

ConvE [26] 38.8 37.8 37.7 18.8
SACN [28] 38.4 38.2 38.0 18.9

HyTE [8] 29.6 27.5 28.6 11.2
DE-DistMult [10] 39.1 39.6 38.0 17.7
RE-GCN [39] 41.0 40.6 40.5 19.1
EvoExplore 42.3 41.4 40.8 18.5

The performance of obtaining entity representations via other
approaches can be seen in Table 6. From this table, it can be
seen that, first, variants that obtain dynamic entity represen-
tations have better performances than the method using static
entity representations, which demonstrates the need to model
the different connection strategies of the entities at different
timestamps. Second, we observe that using the sin function has a
etter performance than using the tanh function. We believe this
s because compared with tanh which is a monotonic function
and corresponds to smooth one-off temporal switches, sin as
a periodic function is more suitable for modeling a repeated
establishment of the relations between the entities. Finally, all
of them fail to outperform our original method, which provides
evidence for the effectiveness of fully considering the different
evolution patterns of the entities.
Effect of hierarchical attention mechanism. To verify the ef-
fectiveness of our proposed hierarchical attention mechanism,
we create a series of variants of EvoExplore, including only using
entity-level attention, only using relation-level attention, and
replacing the attention mechanism with the average operation.
As shown in Table 6, one notices that the variants with attention
mechanisms have better performances, which demonstrates the
need to consider the varying importance of the historical events.
Furthermore, our original method using a hierarchical attention
mechanism has better performance than those variants using
a single attention mechanism, which verifies the superiority of
decoupling the influence of the historical knowledge as the simi-
larity of relations and the similarity of entities. One interesting
observation is that using only entity-level attention performs
much better than only using relation-level attention. This may be
because in a TKG, the number of entity types is much greater than
the number of relation types, which leads to modeling the varying
importance based on entities being more fine-grained.
Effect of soft modularity. When modeling the community parti-
tion of a TKG, we hypothesize that different relations will result in
different connection strengths, and the community partitions at
the different timestamps are related. Here, we verify the validity
of the above assumptions. We first attempt to replace our soft
modularity matrix with an adjacent matrix, as shown in Table 6.
It is outperformed by our original method in all metrics, which
demonstrates the effectiveness of considering varying connection
strengths brought by the different relations. Then, we attempt to
separately learn the community partition at each timestamp, and
according to the result, we can see that it also fails to outperform
our original method. This may be because without considering
the historical community partition, the change in community
partition over time will be steep, which leads to a reduction in
the generalization ability. Furthermore, we notice that the per-
formance improvement that on the ICEWS14 dataset is smaller
than on the GDELT dataset, especially in Hit@10. We believe this
is because the ICEWS14 dataset is sparser, so the community
structure is not significant, which limits the advantage of the
global structure evolution modeling.
10
Fig. 4. Representation visualization results of different methods on the ICEWS14
dataset.

5.9. Visual analysis

To verify the ability of the different methods to capture the
evolutionary nature of the temporal knowledge graphs, we choose
a time-sensitive entity (i.e., ‘‘Benjamin Netanyahu’’) and a time-
insensitive entity (i.e., ‘‘China’’), and obtain the representations of
the entities at different timestamps. Then, we employ t-SNE [48]
to project these representations into a 2-dimensional space. Fig. 4
gives the visualization results of the representations obtained by
HyTE, TeMP, and EvoExplore, where the red dots denote the time-
sensitive entity and the blue dots denote the time-insensitive
entity. First, we notice that HyTE fails to distinguish between the
different entities and one entity in different periods. This is be-
cause HyTE learns representations for each timestamp separately
and thus ignores the correlations among the different times-
tamps. TeMP can form natural clusters based on the timestamps,
and the time-insensitive entity has a more compact cluster, since
the semantics of the time-insensitive entity will change slightly
over time. However, TeMP simplifies the evolution of a TKG as a
series of static snapshots, and hence the obtained representations
fail to reveal the evolution process of the entity. Finally, it is not
hard to find that the representations obtained by our method
can form natural clusters and have obvious evolution trends with
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Table 6
Performance of different variants of EvoExplore for link prediction.
Dataset ICEWS 14 GDELT

Variants MRR Hit@1 Hit@10 MRR Hit@1 Hit@10

uτ
e = sin(θe · τ ) 69.1 62.7 83.3 47.3 31.5 65.3

uτ
e = tanh(θe · τ ) 67.2 59.8 83.5 46.5 30.6 65.9

Static entity representation 64.7 57.3 80.8 44.2 28.6 61.4

Only using entity-level attention 60.5 53.6 77.9 41.7 26.4 59.2
Only using relation-level attention 58.1 51.9 71.4 39.4 24.1 58.7
Without attention mechanism 55.4 48.5 67.6 37.6 23.3 55.0

Without soft modularity matrix 70.3 63.1 82.4 48.4 33.8 63.7
Separately treating each timestamp 70.8 63.4 81.7 48.6 34.0 62.5

EvoExplore 72.5 65.3 85.2 51.4 35.3 74.8
Fig. 5. Effects of different parameters on the link prediction performance on the ICEWS05-15 dataset.
6

t
e

the development of time, while the time-insensitive entity has
a more compact cluster. This demonstrates that EvoExplore can
ffectively capture the evolutionary nature of a TKG.

.10. Parameter analysis

Here, we turn to investigating whether the parameters of
voExplore impact the performance of the link prediction task. As
hown in Fig. 5(a), we first study an important parameter named
istory length h, which determines how many historical events

are considered during a local structure evolution modeling. It
can be seen that with the increase in history length, the per-
formance of both EvoExplore and EvoExplore_l on MRR increases
consistently. Furthermore, we notice that when h continues to
increase, the performance improvement decreases. To strike a
balance between the performance and complexity, we set h as
a middle value.

We further study the impact of community number K and
rade-off parameter ϵ. As shown in Fig. 5(b), we notice that with
ifferent ϵ values, the performance of EvoExplore increases first
nd then decreases as community number K increases, which
ndicates that the number of communities influences the perfor-
ance of our method. Furthermore, we notice that both a too

arge ϵ and a too small ϵ lead to performance decrease. This may
e because a too small ϵ makes EvoExplore fail to adequately
apture the global structure evolution, but a too large ϵ makes
voExplore have difficulty in focusing on the fine-grained relation
stablishment process of a TKG.
Finally, we study the impact of negative sampling number
on the model performance. From Fig. 5(c), we can see that

he performance of each model improves with the increase in
he number of negative samplings, and when L is large, the
mprovement is small. Furthermore, we observe that EvoExplore
till has a good performance when L is small, which demonstrates
hat EvoExplore is highly efficient and does not depended on the
arge number of negative samplings.
11
. Conclusion and future work

In this paper, we make the first attempt to incorporate both
he local and global structure evolutions into a temporal knowl-
dge graph representation. A novel framework EvoExplore is pro-

posed to learn representations for TKGs by modeling the mutual
influence of the local and global structure evolutions. For the
local structure, it employs a hierarchical-attention-based tempo-
ral point process to model the establishment of each relation,
which can capture the fine-grained evolution process of the graph
structure. For the global structure, a component based on soft
modularity is designed to model the time-evolving community
partition, which helps to impose constraints on the learned rep-
resentations by leveraging the structural dependencies. Finally,
by jointly optimizing the above two parts, the obtained repre-
sentations can effectively capture the mutual influence of the
local and global structure evolutions. The experimental results
demonstrate the superiority of EvoExplore when compared with
a series of baseline methods. One interesting future direction of
this work is to incorporate the information of the time-aware
attributes into our framework.
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