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Abstract. Entity prediction and relation prediction are the two major
tasks of temporal knowledge graph (TKG) reasoning. The key to answer-
ing queries about future events is to understand historical trends and
extract the information most likely to affect the future, i.e., the TKG
reasoning task is both influenced by the trends of time-evolving graphs
and directly driven by the facts relevant to a specific query. Existing
methods mostly build models separately for these two characteristics,
namely evolution representation learning and query-specific methods,
failing to integrate these two crucial factors that determine reasoning
results into a single framework. In this paper, we propose a novel tem-
poral hybrid reasoning network (tHR-NET), simultaneously considering
the modeling of graph feature space evolution and the enhancement of
query-related feature representations in TKG. Specifically, we introduce
a global graph space evolution module to extract graph trends, which
influence entity/relation representations at each timestamp through a
temporal view projection. Additionally, we propose a query-specific incre-
ment module for targeted enhancement of entity and relation representa-
tions, capturing query-related factors over extended durations. Through
extensive experiments on real datasets, tHR-NET demonstrates distinct
advantages in parallel entity and relation prediction.

Keywords: Temporal Knowledge Graph Reasoning · Event
Prediction · Evolutional Representation Learning · Graph Neural
Network

1 Introduction

The temporal knowledge graph (TKG) has been widely employed to model tem-
poral data in various fields such as event reasoning [2,3], resource scheduling
[21], and commodity recommendation [19], which brought simplification and
efficiency to problem description and solution. On the basis of static KG [1],
TKG is composed of a sequence of quadruples, i.e., (subject, relation, object,
timestamp), which consists of a complete set of entities and relations existing
at one time, organized in chronological order [8]. Due to the incompleteness and
dynamic change of graph structure, TKG reasoning is a complex task that worth
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Fig. 1. Two examples of reasoning over TKG.

study. Two kinds of typical issues in TKG reasoning are entity prediction and
relation prediction [31], i.e., inferring the entities or relations that will exist in
future facts using historical knowledge graph sequences.

Deep learning methods have been developed as one of the main research
directions to solve TKG reasoning problems due to its powerful data mining
and intelligent computing ability. Formally, this type of methods involves two
processes: one is the encoding process, which accurately models and represents
input data as low dimensional vectors; the other is the decoding process, which
generates problem outputs for downstream tasks based on the represented data.
To achieve accurate TKG reasoning for downstream application tasks, there is
an increasing need to research representation learning methods to optimize the
utilization of historical knowledge graph sequences. Two categories are primarily
covered by their optimization directions [1]. One is structural feature extraction,
which involves optimizing the fusion and aggregation of entity and relation fea-
tures within a time snapshot and typically makes use of graph neural networks
and their variants [6,12,18]. Another is temporal pattern mining, in which mod-
els like recurrent neural networks [3,12,18] or transformers [6] recognize and
combine the feature information under various time slices. The combination of
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these two categories enables the identification of trends in entity and relation
evolution.

The key to answering queries about future events lies in a thorough under-
standing of history and the ability to extract information most likely to influence
the future. Consequently, two principles that need to be adhered to become crit-
ical for TKG reasoning: (1) Temporal Variability - graph evolution exhibits con-
tinuous variability over time [16]; (2) Causal Discontinuity - A substantial num-
ber of events rely on discontinuous histories [6]. In TKG reasoning, the former
provides an overall context characterizing the evolution of the knowledge graph,
uncovering the variations of the graph over time, and thus influencing local enti-
ties and relations. The latter can selectively capture evidence related to specific
queries from historical events, thereby reducing the interference from non-causal
events in continuous time. Figure 1 illustrates these two phenomena, respectively.
In Fig. 1a, as the graph evolves, the same prediction task under different times-
tamps (t-2, t-1, t)-for example, the query (the United States, Negotiate, ?)-yields
different inference results. In Fig. 1b, the events causing the occurrence of the
event(the United States, Negotiate, Russia) at timestamp t+1 are neither the
most recent nor temporally continuous.

Existing models have often unilaterally focused on one of these two kinds
of problems, and can thus be categorized into: evolution representation learn-
ing methods and query-specific methods [15]. Evolution representation learning
methods [15,18,27,29] are based on updating the embeddings of each entity and
relation at each timestamp within historical KGs, learning the trends of feature
evolution. Query-specific methods [6,12] retrieve context information from his-
torical KGs for a query, such as entities and relations. These kinds of methods
possess advantages such as low space occupancy and rapid convergence, but they
overlook the impact of global graph feature space evolution on entity and rela-
tion representation. HisMatch [16] considers both candidate and query histories,
but its use of recurrent neural networks in extracting features from query-related
historical events leads to struggles with temporal forgetting, thereby hindering
the extraction of relevant events.

In this paper, we propose a novel temporal hybrid reasoning network, called
tHR-NET, that simultaneously considers the aforementioned two issues by uni-
fying the modeling of graph feature space evolution and the enhancement of
query-relevant feature representations in TKG. Specifically, we propose a global
graph space evolution module in order to effectively extract graph evolution
trends which will influence the entity/relation representations at every times-
tamp. Meanwhile, we design a local feature aggregation module to acquire
entity/relation representations. Following that, we apply a computation with
temporal view projection to align the aggregated local entities/relations fea-
tures with the current graph evolution features, ensuring adherence to the tem-
poral variability inherent in graph evolution. Then, we propose the query-specific
increment module to enhance the entity/relation representations based on spe-
cific queries, enabling the capture of factors most relevant to the queries over a
long duration. Finally, the entity representations and relation representations are
obtained in parallel, enabling entity and relation prediction tasks by connecting
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any downstream application task model. Our contributions can be summarized
as follows:

– We designed a novel temporal hybrid reasoning network framework. To the
best of our knowledge, this is the first study that simultaneously models both
the continuous variability of graph evolution over time and the non-continuous
features of query-related history in TKG reasoning.

– We propose a new temporal projection technique to align the aggregated local
features of entities/relations with the current graph evolution feature, which
ensures entity/relation representations adherence to the continuous variability
inherent in graph evolution.

– We have developed a query-specific increment module, capable of caching
and extracting features from the representations output by entity/relation
evolution learning based on specific queries, which can break the temporal
forgetfulness in evolution representation learning.

– Extensive experiments demonstrate that tHR-NET achieves significantly bet-
ter performance over both entity and relation prediction tasks on four bench-
marks by modeling the hybrid reasoning framework comprehensively.

2 Related Work

Temporal knowledge graph (TKG) reasoning settings encompass both interpo-
lation and extrapolation [12]. Interpolation approaches predominantly focus on
inferring and completing absent information within historical time points. Typ-
ical techniques such as HyTE [4], TTransE [13], and TA-DistMult [7] have been
employed, while their capacity to foresee future occurrences remains limited.
Extrapolation methodologies deduce novel facts, encompassing subjects, objects,
and relations, that may transpire in the future by relying on a chronologically
arranged series of historical facts. By capturing historical event information,
these methods seek to make a reasonable prediction of the future, which has
recently become a research hotspot. They can be divided into two classes based
on how they use the events historical information: evolution representation learn-
ing and query-specific methods [27].

Evolution Representation Learning Methods. These methods are based
on encoding each entity and relation at each timestamp within historical KGs,
learning the trends of feature evolution, and considering the query only at the
decoding stage. For example, RE-GCN [12] encodes fixed-length historical facts
into the entity and relation evolutionary representation for future fact prediction.
CEN [15] models variable-length facts sequences. TANGO [10] employs neural
ordinary differential equations to model the structural information for each can-
didate entity. CRNet [27] effectively models the mutual influence of events that
occur concurrently in the future.

Query-Specific Methods. These methods retrieve context information related
to the query from historical KGs. RE-NET [12] employs both GCN and GRU to
model the sequence of 1-hop subgraphs associated with the given subject entity.
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xERTE [9] learns a dynamic pruning process to identify subgraphs related to
the query. Both CluSTeR [17] and TITer [25] utilize reinforcement learning to
discover paths relevant to the query in history. rGalt [6] augments the capacity
to extract features of interest over extended periods by embedding graphs at
distinct time points into parallel input transformer structures.

The recent method HiSMatch [16] considers the query-related histories and
evolution histories of all the candidate entities under the matching framework.
But its use of recurrent neural networks in extracting features from query-related
historical events leads to struggles with temporal forgetting.

3 Preliminaries

A TKG G can be formalized as a sequence of KGs with timestamps, i.e., G =
{G1,G2, ...,Gt, ...}. Let E be a finite set of entities and R be a finite set of relations
belong to G. The KG of each time t can be represented as a directed multi-
relational graph Gt = (Et,Rt), where Et ∈ E is the set of entities and Rt ∈ R is
the set of relations at timestamp t. Any fact in Gt can be denoted as a triplet,
(st, rt, ot), which represents a fact of relation rt ∈ Rt that occurs with st ∈ Et

as its subject entity and ot ∈ Et as its object entity at timestamp t. Under the
assumption that the facts predictions at a future timestamp t+1 depends on the
KGs at the latest k timestamps (i.e., {Gt−k+1, ...,Gt−1,Gt}), the two temporal
prediction problems can be formulated as follows:

Problem 1. Entity Prediction. The entity prediction task aims to predict the
missing object entity of a query (st+1, rt+1, ?t+1) and the missing subject entity
of a query (?t+1, rt+1, ot+1) which can be converted to

(
st+1, r

−1
t+1, ?t+1

)
. We

model the conditional probability vector of all object entities with the subject
entity s, the relation r and the historical KG sequence Gt−k+1:t:

P (o|s, r,Gt−k+1:t) (1)

Problem 2. Relation Prediction. The relation prediction task attempts to
predict the missing relation of a query (st+1, ?t+1, ot+1). We model the condi-
tional probability vector of all relations with the subject entity s, the object
entity o and the historical KG sequence Gt−k+1:t:

P (r|s, o,Gt−k+1:t) (2)

4 Methodology

We introduce a novel temporal Hybrid Reasoning Networks (tHR-NET) that
unifies the concepts of evolution representation learning and query-specific meth-
ods to perform reasoning over the TKG. Figure 2 illustrates the working flow of
tHR-NET, which comprises four key modules: 1) Global Graph Space Evolution
- This module performs global graph features vectorization at each time and
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Fig. 2. An illustrative diagram of tHR-NET for TKG reasoning at timestamp t.

then obtains the global graph evolution representation. 2) Local Feature Aggre-
gation - It aggregates entity and relation features through the known structural
information and uncertain attention information from the micro-level perspec-
tive. 3) Temporal View Projection - It aligns the aggregated local features of
entity/relation representations to the current graph evolution space through the
projection technique. 4) Query-specific Increment - This module enhances the
entity/relation representations based on specific queries, enabling the capture of
factors most relevant to the query over a long duration. In the following sections,
we provide detailed explanations of each of the four modules.

4.1 Global Graph Space Evolution

This module focuses on the representation of global graph feature evolution
trends over time, which provides a macro-level alignment and adjustment back-
ground for entity and relation evolution.

Global Graph Vectorization. To form complete graph feature vectorization
at each time, tHR-NET extracts the interactions between entities from different
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relational perspectives. We utilize matrix GM
ri (t) ∈ R

N×N as one relation graph
and each element represents whether exists a relation ri between entities in Gt.
Then we employ a fully-connected neural network to transform the matrix into
a multidimensional vector GM

ri,ej (t) ∈ R
H , where ri, ej is an arbitrary relation

and entity at any time.
In order to acquire inner and outer correlations of multi-relation graphs, we

design a multi-layer spatial-graph attention fusion component. The l -th layer
input is denoted as G(l−1), and the hidden state of entity ej on relation graph ri

is denoted as g
(l−1)
ri,ej . The 1-th layer input is initialized as g

(0)
ri,ej = GM

ri,ej . Then,
spatial attention and graph attention calculations are performed at each layer.

As an illustration, consider the graph attention mechanism, which captures
the correlations between the same entities in multi-relation graphs. The h-th
head graph attention coefficient β

(h)
ri,rm is calculated as follows:

β(h)
ri,rm =

exp
(
< f

(h)
g

(
g
(l−1)
ri,ej

)
, f

(h)
g

(
g
(l−1)
rm,ej

)
>

)

∑
m∈M exp

(
< f

(h)
g

(
g
(l−1)
ri,ej

)
, f

(h)
g

(
g
(l−1)
rm,ej

)
>

) (3)

where f
(h)
g is ReLU function, and rm can be an arbitrary relation graph. Then we

obtain the next layer state from graph attention for ej in relation ri as follows:

gg,(l)ri,ej =
H∑

h=1

(
M∑

m=1

β(h)
ri,rm · f (h)

g

(
g(l−1)
rm,ej

)
)

(4)

The spatial attention mechanism mainly captures the correlations of differ-
ent entities in the same relation graph. Similarly, we can calculate the spatial
attention coefficient α

(h)
ej ,en and the next layer state g

s,(l)
ri,ej .

To further combine correlations on different spatial and graphs, outputs from
spatial attention Gs,(l) and graph attention Gg,(l) in the l-th block are fused:

G(l) = ω ⊗ Gs,(l) + (1 − ω) ⊗ Gg,(l) (5)

where ω is a gate inspired by [30] and ⊗ indicates a Hadamard product operation.

Graph Evolution Module. We update the global graph evolution embedding
matrix GE

t−1 to GE
t via the GRU with the fusion feature Gt obtained before:

GE
t = GRU

(
GE

t−1, Gt

)
(6)

where GE
t are randomly initialized at the time of t = 0.

4.2 Local Feature Aggregation

This module focuses on micro-level entity and relation feature extraction, which
utilizes local structure information and mines hidden information via the atten-
tion mechanism.
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Entity Feature Aggregation. In order to acquire complete and accuracy
entity feature representations, tHR-NET considers the impacts of both known
local structure and uncertain attention on entities. To this end, we utilize a
multi-layer GCN for entity feature aggregation and obtain the local information
in the l -th layer as follows:

h
(l),loc
o,t = f

⎛

⎝
∑

(s,r),∃(s,r,o)∈Gt

W 1
l

(
h
w,(l−1)
s,t + rt−1

)
+ W 2

l h
w,(l−1)
o,t

⎞

⎠ (7)

where h
w,(l−1)
s,t ,hw,(l−1)

o,t are the elements in H
w,(l−1)
t , rt−1 is the element in Rt−1.

W 1
l and W 2

l are the learnable parameters, and f(·) is ReLU function. The 1-th
layer input H

w,(0)
t = Ht−1. Inspired by [2], a structure-aware Transformer can

be constructed to consolidate the attention information concerning the entities.

h
(l),nloc
v,t = h

(l),loc
v,t + 1/

√
dv ·

∑

u,w∈Nk(v)

exp(< h
(l),loc
v,t , h

(l),loc
u,t >)

∑
exp(< h

(l),loc
v,t , h

(l),loc
w,t >)

h
(l),loc
u,t (8)

where dv denotes the number of the k -hop neighborhood Nk(v) of entity v, and
u,w are the entities within Nk(v). k is an adjustable hyperparameter and the
larger k is, the more uncertain information is concerned. Especially, to combine
the known structural information with the uncertain attention information of
entities, we utilize the residual technique by concatenating both types of infor-
mation and passing through a linear layer to produce the output h

w,(l)
t . The final

embedding matrix Hw
t can be obtained after several aggregations.

Relation Feature Aggregation. Similar to entity aggregation, the calculation
of relation aggregation is also directional. For each relation r ∈ R existing in Gt

at time t, the update is calculated as follows:

rwt = f

⎛

⎝
∑

(s,o),∃(s,r,o)∈Gt

W 1
r

(
hw
o,t − hw

s,t

)
+ W 2

r rt−1

⎞

⎠ (9)

where W 1
r and W 2

r are the learnable parameters, and f(·) is ReLU function.
Then we can acquire relation embedding matrix Rw

t .

4.3 Temporal View Projection

We apply a temporal space projection computation to align the aggregated
local features of entity/relation representations with the current graph evolu-
tion space. This ensures that the entities/relations representations after local
feature aggregation also adhere to the continuous variability inherent in the
graph evolution.
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To capture projection space, graph evolution embedding GE
t−1 and GE

t are
used calculating the evolution dynamics of the entity and relation Pe,t and Pr,t:

Pe,t = W 1
p (G

E
t−1)

−1
GE

t + b1p (10)

Pr,t = W 2
p (G

E
t−1)

−1
GE

t + b2p (11)

where W 1
p , W 2

p , and b1p, b2p are learnable parameters, which represent entities
and relations will be projected into different parameter spaces. Then we restrict
||Pe,t||2 = 1 and ||Pr,t||2 = 1 by normalization. After that, we use the entity
embedding Hw

t and relation embedding Rw
t calculating the projection [4] to

transform their feature space into current feature space. Each entity and relation
evolution embedding ht and rt are calculated by different learnable weights as
follows:

ht = hw
t + (W 3

p Pe,t)
T
hw
t

(
W 3

p Pe,t

)
(12)

rt = rwt + (W 4
p Pr,t)

T
rwt

(
W 4

p Pr,t

)
(13)

Finally, we acquire entity and relation evolution embedding matrices Ht and Rt.

4.4 Query-Specific Increment

This module aims to break the temporal forgetfulness in the evolution repre-
sentation of entities and relations, thereby reducing or eliminating the reliance
on recent non-causal related events in inference. It enhances the entity/relation
representations based on specific queries, enabling the capture of aspects most
relevant to the query over a long duration.

We designed a query-based buffer pool that can retain information related
to queries over an extended time period l. Taking the entity prediction query
(s, r, ?, t + 1) as an example, the information in the query buffer pool can be
represented as:

X(s,r),t = {(hs
t−l; r

r
t−l), ..., (h

s
t−1; r

r
t−1), (h

s
t ; r

r
t )} (14)

where hs
k, r

r
k, k ∈ [t − l, ..., t − 1, t] are the vector representations of entity s

and relation r from Ht and Rt respectively. Similarly, for the relation prediction
query (s, ?, o, t + 1), the result is X(s,o),t.

To minimize the noise impact of non-causal factors and retain only the most
relevant historical aspects, we make improvements to a type of random atten-
tion mechanism [22]. For each timestamp information in the query buffer pool
(hs

k; r
r
k), we map it to p(s,r),k ∈ [0, 1] through an MLP layer followed by a sigmoid

activation function. Then, for each forward training, we draw random attention
from the Bernoulli distribution α(s,r),k ∼ Bern(p(s,r),k). To ensure that the gra-
dient is computable, we apply the gumbel-softmax reparameterization trick [11].
Subsequently, we obtain the information increment corresponding to the entity
prediction query as follows:

(hQ,s
t , rQ,r

t ) =
l∑

k=t−l

α(s,r),k·X(s,r),k (15)
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Similarly, for relation prediction queries, the information increment can be
obtained as (hQ,s

t , hQ,o
t ). To facilitate a unified representation, we denote the

collection of the above entity and relation enhanced representations as HQ
t and

RQ
t , respectively.

4.5 Prediction and Loss Function

This model is to solve the entity and relation prediction problems in TKG rea-
soning. We choose ConvTransE [24] as the downstream task decoder and acquire
the probability vector of all entities and relations:

p (o|s, r,Ht, Rt) = σ
(
HtConvTransE

(
st + sQt , rt + rQt

))
(16)

p (r|s, o,Ht, Rt) = σ
(
RtConvTransE

(
st + sQt , ot + oQt

))
(17)

where σ (·) is the sigmoid function, st, rt, ot, sQt , rQt , oQt are the embeddings of
s, r and o at timestamp t in Ht, Rt, HQ

t and RQ
t respectively.

We construct the objective function to guide both the evolution learning of
entities/relations and the query increment to produce the desired effects during
training our model. Formally, we use a binary crossentropy loss to optimize the
model parameters as follows:

Le =
T−1∑

t=0

∑

(s,r,o)∈ Gt+1

(−log p (o |s, r,Ht, Rt ) − β · log (1 − p (o |s, r,Hw
t , Rw

t )))

(18)

Lr =
T−1∑

t=0

∑

(s,r,o)∈ Gt+1

(−log p (r |s, o,Ht, Rt ) − β · log (1 − p (r |s, o,Hw
t , Rw

t )))

(19)
where T is the number of timestamps in the training set. While p (o|s, r,Hw

t , Rw
t )

and p (r|s, o,Hw
t , Rw

t ) without projection are regarded as negative samples to
accelerate convergence process. β is the hyper-parameter to balance positive
and negative samples.

In order to combined different prediction task loss, we minimize the following
objective function to learn the model parameter:

L = αLe + (1 − α)Lr (20)

where α is the hyper-parameter to balance the weight of the multi-task learning
problem.

5 Experiment

In this section, we perform experiments to validate the effectiveness of our pro-
posed tHR-NET model by investigating the research questions as follows:
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RQ1: How does our proposed tHR-NET method perform compared with
state-of-the-art TKG facts prediction methods?

RQ2: How do the different components of tHR-NET contribute to the model
performance?

RQ3: How do the configurations of model hyperparameters affect the pre-
diction performance?

RQ4: Can the proposed tHR-NET model show interpretability, through the
effective modeling of TKGs evolution trends and the enhancement of query-
related features?

5.1 Experimental Settings

Datasets. The experimental evaluation was executed on four different event
datasets with three different lengths of time intervals. Table 1 provides a sum-
mary of the dataset statistics. The ICEWS14 and ICEWS05-15 datasets [7]
originate from the Integrated Crisis Early Warning System (ICEWS), a repos-
itory containing political events, which occurred within a time interval of 24 h.
YAGO [20], is a comprehensive semantic knowledge base from wiki resources,
and our experiments are taken from a subset of it with a 1-year time inter-
val. GDELT [14] is drawn from the Global Database of Events, Language, and
Tone with a 15-minute time interval. Each of these aforementioned datasets was
partitioned into training, validation, and test sets, approximately maintaining a
proportion of 8:1:1 respectively.

Table 1. Dataset Statistics.|Strain|, |Svalid, |Stest| are the numbers of facts in training,
validation, and test sets. The time interval donates time granularity between temporally
adjacent facts.

Datasets |E| |R| |Strain| |Svalid| |Stest| time interval

ICEWS14 6869 230 74,845 8,514 7,371 24 h
ICEWS05-15 10,094 251 368,868 46,302 46,159 24 h
YAGO 10,623 10 161,540 19,523 20,026 1 year
GDELT 7,691 240 1,734,399 238,765 305,241 15 min

Baselines. To fully evaluate the performance of our method, we compare tHR-
NET with static KG embedding models and TKG embedding models as well
as state-of-the-art methods. For entity prediction, we opt for DistMult [28],
ComplEx [26], R-GCN [23], ConvE [5], and ConvTransE [24] as static models,
disregarding temporal data to facilitate the completion of absent entities within
knowledge graphs. We employ HyTE [4], TTransE [13], TA-DistMult [7], RE-
NET [12], RE-GCN [18], rGalT [6], CEN [15], HisMatch [16] and CRNet [27] as
TKG embedding models. For relation prediction, we choose from the afore-
mentioned models that are directly applicable to address relation completion or
prediction challenges including ConvE [5] and ConvTransE [24] for static models,
and RE-GCN [18] for temporal models.
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Evaluation Metrics. To evaluate our method quantitatively, we adopt two
widely used metrics for entity prediction and relation prediction [6,12,18]: MRR
denotes the Mean Reciprocal Ranks which is a more stable evaluation metric
compared with MR [12]. Hits@k denotes the percentage that the top-k recom-
mended list contains at least one ground truth item. In our experiments, k is
set to 1, 3 and 10. Specifically, for the entity prediction task on YAGO, since
the previous works RE-NET and RE-GCN did not report the results of Hits@1,
we then only report the results of MRR and Hits@ {3, 10}. Following previous
work [6], during evaluations, We compare the experimental results under the raw
setting rather than the filtered setting utilized in [12].

Implementation Details. We implement our model using Pytorch and adopt
Adam optimizer for model optimization. During the training phase, the model
inference process is conducted with a learning rate of 0.001 configured with a
0.99 decay rate. The default setting for hidden state dimensionality is 100 and
the dropout rate is 0.5. The length of historical sequences in the Global Graph
Space Evolution module is chosen from the range [1, 2, 3, 4, 5, 6] with the best
setting of 4 for ICEWS14 and ICEWS05-15 dataset, 3 for YAGO dataset and
5 for GDELT dataset. The number of entity and relation aggregation layers is
set to 2 and 1 for all datasets respectively. The length of the extended time
period in the Query-specific Increment module is set to 20 for all datasets. For
the downstream ConvTransE model, we refer to the settings of RE-GCN [18].
The hyperparameter α for balancing the multi-task learning problem, and the
hyperparameter β for balancing the two representation learning process, are
optimized according to grid search in different datasets.

Table 2. Performance results of the proposed method vs. baselines for the entity
prediction task over all datasets (%).

Model ICEWS14 ICEWS05-15 YAGO GDELT
MRR H@1 H@3 H@10 MRR H@1 H@3 H@10 MRR H@3 H@10 MRR H@1 H@3 H@10

DistMult 20.32 6.13 27.59 46.61 19.91 5.63 27.22 47.33 44.05 49.70 59.94 8.61 3.91 8.27 17.04
ComplEx 22.61 9.88 28.93 47.57 20.26 6.67 26.43 47.31 44.09 49.57 59.64 9.84 5.17 9.58 18.23
R-GCN 28.03 19.42 31.95 44.83 27.13 18.83 30.41 43.16 20.25 24.01 37.30 12.17 7.40 12.37 20.63
ConvE 30.30 21.30 34.42 47.89 31.40 21.56 35.70 50.96 41.22 47.03 59.90 18.37 11.29 19.36 32.13
ConvTransE 31.50 22.46 34.98 50.03 30.28 20.79 33.80 49.95 46.67 52.22 62.52 19.07 11.85 20.32 33.14
HyTE 16.78 2.13 24.84 43.94 16.05 6.53 20.20 34.72 14.42 39.73 46.98 6.69 0.01 7.57 19.06
TTransE 12.86 3.14 15.72 33.65 16.53 5.51 20.77 39.26 26.10 36.28 47.73 5.53 0.46 4.97 15.37
TA-DistMult 26.22 16.83 29.72 45.23 27.51 17.57 31.46 47.32 44.98 50.64 61.11 10.34 4.44 10.44 21.63
RE-NET 35.77 25.99 40.10 54.87 36.86 26.24 41.85 57.60 46.81 52.71 61.93 19.60 12.03 20.56 33.89
RE-GCN 40.39 30.66 44.96 59.21 48.03 37.33 53.85 68.27 58.27 65.62 75.94 19.64 12.42 20.90 33.69
rGalT 38.33 28.57 42.86 58.13 38.89 27.58 44.19 59.10 51.54 54.76 68.31 19.56 12.11 20.89 34.15
CEN 42.20 30.08 47.46 61.31 43.76 31.58 50.10 63.77 54.92 55.77 71.04 21.16 13.43 22.71 36.38
CRNet 48.37 38.21 53.79 67.79 48.90 39.14 54.93 69.18 60.65 63.98 74.62 25.32 15.39 27.82 44.07
HisMatch 46.42 35.91 51.63 66.84 52.85 42.01 59.05 73.28 59.97 64.08 74.35 22.01 14.45 23.80 36.61
tHR-Net 51.74 39.52 55.08 70.53 52.97 43.12 58.84 72.97 69.54 71.54 88.78 23.00 15.19 26.84 40.03
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Table 3. Performance results of the proposed method vs. baselines for the relation
prediction task over all datasets (%).

Model ICEWS14 ICEWS05-15 YAGO GDELT

ConvE 38.80 37.89 91.33 18.84
ConvTransE 38.40 38.26 90.98 18.97
RE-GCN 39.73 38.56 95.18 19.17
tHR-NET 50.78 51.05 97.87 22.39

5.2 Performance Results (RQ1)

Results on Entity Prediction. Table 2 presents a comprehensive comparison
between our proposed method and baseline approaches for entity prediction tasks
on four TKG datasets: ICEWS14, ICEWS05-15, YAGO, and GDELT. tHR-
NET consistently achieves the best or near-best results on the aforementioned
datasets. Specifically, tHR-NET performs much better than all static methods
(the first block) and temporal models under interpolation settings (the second
block) primarily due to our model considers temporal factors and has abilities
to predict.

Concerning temporal models based on extrapolation settings (the third
block), tHR-NET outperforms query-specific methods RE-NET and rGalT on
all datasets. Unlike those methods, which focus solely on historical facts related
to entities, tHR-NET also considers the possibility of future events that have not
yet occurred. This makes tHR-NET more adept at mining and exploring events,
leading to its superior performance. Compared to query-specific methods, evolu-
tion representation learning methods such as RE-GCN, CEN, and CRNet more
rationally model the continuous process of TKG evolving over time, achieving
superior results. Specifically, CRNet, through a post-processing module predict-
ing interactions of concurrent related events, obtains the best results on the
GDELT dataset, where numerous concurrent events exist. HisMatch considers
both evolution and query-related histories, but its reliance on recurrent neural
networks for extracting features from query-related historical events results in
challenges with temporal forgetting. In contrast, our tHR-NET’s query-specific
increment module has the ability to capture the most relevant information to a
query over extended periods, achieving better results in most cases.

Results on Relation Prediction. In Table 3, we present the experimental
results of the MRR metric comparison, which show evidence that tHR-NET
surpasses all other baselines in all the datasets. This superior performance can
probably be attributed to our model’s ability to catch both the global evolution
trends and the query-related information, which provides accurate modeling for
relation representation and reasoning.
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Table 4. Ablation studies on entity prediction.

Model ICEWS14 ICEWS05-15 YAGO GDELT

tHR-Net 51.74 52.97 69.54 23.00
- GGSE 37.16 39.21 45.74 16.16
+ FCN 42.89 44.78 51.34 19.27
- local agg. 45.08 47.12 58.57 19.97
- nlocal agg. 47.31 47.04 60.01 20.64
- PW 43.17 46.57 60.22 21.01
- Lw loss 48.53 44.60 59.19 21.76
- query inc. 39.55 39.88 64.39 19.94

Table 5. Ablation studies on relation prediction.

Model ICEWS14 ICEWS05-15 YAGO GDELT

tHR-NET 50.78 51.05 97.87 22.39
- GGSE 40.09 40.78 94.00 18.29
+ FCN 45.92 45.30 95.32 19.07
- local agg. 47.03 48.03 96.19 19.39
- nlocal agg. 46.58 47.91 96.99 19.16
- PW 48.12 46.58 96.04 19.88
- Lw loss 47.65 47.42 96.72 20.75
- query inc. 41.97 42.08 97.85 19.76

5.3 Ablation Study (RQ2)

To verify the effects of the designed different components in our model, we
conduct ablation experiments on the above datasets. We discuss the effects of
each component as follows:

Effect of Global Graph Space Evolution. As demonstrated in Tables 4
and 5, we removed the Global Graph Space Evolution module, denoted as “-
GGSE ”. The term “+FCN ” indicates the replacement of the Spatial-Graph
Attention Fusion method with a simple single-layer fully connected network.
A notable impact on the results for all datasets can be observed, signifying that
this module enables the model to capture the evolutionary trends and preferences
in the global feature space of graphs.

Effect of Local Feature Aggregation. The “-local agg.” scenario represents
the removal of the local structure aggregation layer based on GCN from the
Local Feature Aggregation module. Only the attention mechanism based on
Transformers is retained. Conversely, the “-nlocal agg.” scenario is the exact
opposite. The results reveal that both two feature aggregation mechanisms effec-
tively impact the model’s performance.
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Fig. 3. Parameter sensitivity analysis on ICEWS14 dataset.

Effect of Temporal Evolution Learning. We modified Eq. (8) and investi-
gated the use of the same projection matrix for entity and relation calculation
in the Temporal View Projection module over time, denoted as “-PW ”. It was
observed that the performance of the “-PW ” scenario slightly declined across all
four datasets. Additionally, the “-Lw loss” scenario retains only the loss func-
tions for entity and relation prediction tasks. The performance demonstrated the
important role of evolution negative samples in facilitating model convergence.

Effect of Query-Specific Increment. By removing the Query-specific Incre-
ment module, denoted as “-query inc.”, we observed a notable impact on the
results across all datasets. This phenomenon indicates that selectively relying
on query-related history, rather than strictly depending on recent history, can
lead to more accurate representations of entities and relations.

5.4 Parameter Sensitive (RQ3)

Figure 3 displays the influence of the hyperparameters α and β on entity predic-
tion and relation prediction performance on the ICEWS14 dataset. α balances
the entity prediction with the relation prediction results, while β balances down-
stream tasks with evolution trends. As observed, within the α range of 0.5 to 0.9,
there is an inverse relation between the entity and relation predictions changes
trends consistent with intuitive expectations. At approximately 0.8, β yields
relatively better results for both tasks.

5.5 Case Study (RQ4)

This section provides an explanation for the model’s predictions by examining
the trends in the changes of inter-entity correlations during the graph evolution
process. We investigated a selected query (Catherine Ashton, Express intent to
meet or negotiate, ?, 339) from the ICEWS14 test set. Figuer 4 shows how tHR-
NET infers the prediction result for this query by mining the trend of correlation
changes between entities throughout the evolution process of relevant facts. Here,
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Fig. 4. An example to illustrate how tHR-NET identifies the evolution trend of facts.
The upper part displays the subgraphs of facts related to the query (Catherine Ashton,
Express intent to meet or negotiate, ?, 339) at different timestamps. The middle part
presents the two types of attention coefficients of the global graph evolution module
for relevant entities at timestamp 339. The lower part presents the random attention
value for the recent 20 timestamps.

the historical time refers to timestamps from 335 to 338. The upper part of
Fig. 4 displays the subgraphs consisting of partially relevant facts at different
timestamps. We model the attention scores for associated entities of a given
entity type using Eq. (8) to quantify the relevance between entities. It can be
observed that the correlation between the same two entities changes according to
a certain trend as time progresses. For instance, as (Catherine Ashton, Consult,
Mohammad Javad Zarif) repeatedly appears at timestamps 335, 336, and 337,
the correlation between the two entities gradually strengthens, resulting in a
higher attention coefficient, which is consistent with human reasoning intuition.
The middle part of Fig. 4 shows the two types of attention coefficients in the
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global graph evolution module for relevant entities at timestamp 339. The left
graph displays the spatial attention coefficients calculated by Eq. (3) for entities
in the subgraph of the relation Express intent to meet or negotiate. The right
graph presents the graph attention coefficients between the same entities in the
subgraphs of relations Express intent to meet or negotiate and Consult. We can
observe that the entities Catherine Ashton, Mohammad Javad Zarif and Iran
demonstrate notable associations in both perspectives, which can be regarded as
the inference evolution trend for this query. The lower part of Fig. 4 shows the
random attention values in the query-specific increment module for the recent 20
timestamps. We can observe that event reasoning can be influenced by features
over an extended period without apparent temporal forgetfulness. At timestamps
336 and 337, higher values indicate the capture of influential factors related to
the query, reflecting the model’s ability to retain relevant historical information.

6 Conclusion

We proposed a novel temporal hybrid reasoning network for TKG reasoning,
referred to as tHR-NET, which simultaneously considers the continuous vari-
ability of graph evolution and the causal discontinuity of query-related histories
for the first time. Our proposed temporal projection technique aligns local enti-
ties/relations representations with graph evolution dynamics, maintaining con-
sistency with temporal continuous variability. Additionally, the query-specific
increment module addresses the issue of temporal forgetfulness in evolution rep-
resentation learning, leading to improved reasoning performance. Experimental
results on four commonly used datasets demonstrate that our model exhibits
excellent performance in both entity prediction and relation prediction tasks.
Our future work aims to introduce the idea of the information bottleneck to
further refine the representation of query-related histories.
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