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Abstract
Temporal Knowledge Graph (TKG) reasoning seeks to predict future
events by analyzing historical data, where the effective leverage
of both local and global historical facts proves crucial. Existing
approaches employ graph neural networks (GNNs) and recurrent
neural networks (RNNs) for local evolution patterns, complemented
by statistical methods to enhance attention to global facts, demon-
strating efficient predictive capabilities. However, traditional GNNs,
constrained by their low-order neighborhood aggregation design,
inherently fail to model potential high-order dependencies among
facts. Furthermore, existing global history modeling approaches
may introduce irrelevant historical information that interferes with
prediction tasks. To address these limitations, we propose a Dual
History-aware HyperGraph Network for TKG reasoning, namely
DHHGN. Specifically, for local history modeling, we design a hy-
brid hypergraph-graph joint recurrent convolution module that
simultaneously captures low-order neighborhood information and
high-order interaction patterns among entities, employing a gat-
ing mechanism to adaptively blend their contributions. For global
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history modeling, we propose a dual history enhancement module
that amplifies attention on pivotal historical facts while ensuring
holistic integration of all historical contexts. Extensive experiments
on four public benchmarks validate that DualHist-HGN consis-
tently outperforms existing state-of-the-art methods across TKG
reasoning tasks.
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1 Introduction
Temporal knowledge graphs (TKGs), by binding events to specific
timestamps, provide a structured, multi-relational representation to
model the temporal dynamics of complex scenarios, demonstrating
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significant value in domains such as recommendation systems [9,
27], social politics [12], and epidemic propagation [8]. A TKG can
be conceptualized as a chronological sequence of static knowledge
graphs, where each graph encapsulates all co-occurring events at a
specific timestamp. Each fact in TKG can be formally represented
as a quadruple (subject, relation/predicate, object, timestamp). For
instance, (Putin, Visit, North Korea, 2024-06-18) represents Putin’s
diplomatic visit to North Korea on June 18, 2024. However, TKGs are
inevitably incomplete due to practical constraints in collecting real-
world data. Events may not be fully recorded due to sparse sensor
coverage, delayed reporting, or intentional omission. To address this
critical gap, Temporal Knowledge Graph Reasoning (TKGR), also
known as Temporal Knowledge GraphCompletion(TKGC), emerges
as a pivotal task. The core objective of TKGR is to infer missing facts
at observed timestamps (interpolation) and predict future events at
unseen timestamps (extrapolation) based on historical data. While
interpolation addresses historical gaps, extrapolation empowers
proactive decision-making in critical domains. Given its higher
practical value, this work prioritizes overcoming the challenges
associated with extrapolation.
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Figure 1: An example of extrapolation, along with the local
history and global historymodelingmethods used in existing
models.

As illustrated in Figure 1(a), accurate extrapolation in TKGs
hinges critically on the nuanced mining of historical events, which
requires a synergistic analysis of local historical dynamics and
global contexts to disentangle causally relevant temporal depen-
dencies. Research advances have explored both perspectives.

For local historymodeling, as depicted in Figure 1(b), mainstream
approaches employ graph neural networks (GNNs) to capture the
structural dependencies among concurrent facts while employ-
ing recurrent neural networks (RNNs) to model the evolutionary
trends of entities. A representative model, RE-GCN [24], effectively
combines spatial and temporal dependencies to learn dynamic rep-
resentations from local historical sequences. Subsequent extensions,
such as CEN [21], further enhance this paradigm by incorporating

multi-channel temporal modeling. However, the intrinsic nature
of real-world information often involves complex, high-order de-
pendencies among multiple entities, such as group collaborations,
indirect influences, and long-range transmission. These high-order
relationships are discretized into simple binary relationships within
knowledge graphs. The fundamental limitation of GNNs lies pre-
cisely in their reliance on these simplified representations, with
the consequence that information propagation and aggregation are
confined to direct neighbors or within a limited number of hops.

For global history modeling, as shown in Figure 1(c), current
methods are generally based on historical event statistics. CyGNet
[42] constructs candidate prediction sets via frequency statistics,
while TiRGN [20] employs binary event existence statistics to
mitigate frequency bias. Although empirical studies confirm that
such methods enhance model sensitivity to global historical pat-
terns, they exhibit notable limitations: being prone to frequency-
dominated prediction bias or assuming uniform contributions from
all historical events while neglecting their significance to current
predictions. In fact, the volume of global historical data is vast,
particularly in expansive datasets like GDELT. Indiscriminate incor-
poration without strategic prioritization introduces substantial re-
dundant information, adversely affecting prediction efficacy. Thus,
the critical challenge lies in efficiently harnessing global historical
dependencies, balancing comprehensive data integration with a
focus on the most relevant events to optimize performance.

To this end, we propose DHHGN, a Dual History-aware Hyper-
Graph Network. For local history modeling, we devise a hybrid
module that combines traditional graphs with hypergraphs to con-
currently capture both low-order neighborhood information and
high-order interaction patterns among entities. For global history,
we introduce a dual history enhancement module that enables
holistic modeling of all relevant historical facts while adaptively
enhancing attention to facts that have a high impact on the current
prediction step.

The principal contributions of this work are summarized as
follows:

• We propose DHHGN, which enhances traditional graph neu-
ral networks by integrating hypergraphs to capture both
low-order and latent high-order relationships.

• We propose a dual history enhancement module that enables
the model to consider all historical facts while enhancing its
focus on critical facts. This dual strategy effectively addresses
issues related to frequency bias and historical noise interfer-
ence present in current approaches, while also preventing
the omission of historical information due to attention spar-
sity.

• Extensive experiments across four public benchmarks demon-
strate that DHHGN consistently outperforms state-of-the-art
baselines in entity prediction tasks under TKG extrapolation
scenarios.

2 Related Work
The following sections provide a comprehensive overview of emerg-
ing methods and models in knowledge graph reasoning from two
perspectives: static knowledge graph reasoning and temporal knowl-
edge graph reasoning.
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2.1 Static KG Reasoning
Early approaches predominantly adopt vector translation and ten-
sor decomposition for static knowledge graph reasoning. TransE [2]
regards relations as translational vectors that approximate the dis-
tance between head and tail entities in the embedding space. RotatE
[32] extends this by interpreting the relations as rotational transfor-
mations between entities. RESCAL [29] decomposes tensors into
low-dimensional representations to capture entity-relation interac-
tions. Subsequent studies introduce convolutional neural networks
(CNNs) to enhance feature extraction: ConvE [14] concatenates the
embeddings of entities and relations into matrix forms, utilizing
convolutional layers and nonlinear activations to learn complex in-
teraction patterns. ConvKB [28] employs 1D convolutional kernels
to reduce redundant structural information inherent in 2D convo-
lutions. ConvTransE [31] integrates TransE’s translational princi-
ple with convolutional operations for enriched feature learning.
Recent advances leverage GNNs to exploit graph-structured data.
RGCN [30] assigns different weight matrices to relations for multi-
relational neighborhood aggregation. CompGCN [34] jointly learns
entity and relation embeddings through basis vector decomposition,
addressing the issue of over-parameterization in traditional GNNs.
GAT [35] incorporates attention mechanisms to adjust neighbor
aggregation weights adaptively.

Although extensive empirical studies have validated the effi-
cacy of static knowledge graph reasoning models in processing
static knowledge, their limitations become evident when confronted
with the dynamic and temporally evolving nature of real-world
knowledge. Factual information in practical scenarios is intrinsi-
cally time-sensitive, characterized by continuous updates, temporal
dependencies, and contextual shifts—features that static knowledge
graph frameworks fail to encapsulate.

2.2 Temporal KG Reasoning
Temporal knowledge graph reasoning tasks can be categorized into
interpolation and extrapolation based on the prediction timestamp
[40]. This work focuses on extrapolation. Current research seeks
to derive predictive value from local and global historical facts.
CyGNet [42] proposes a copy-generation mechanism to capture the
frequency of global historical facts. RE-GCN [24] employs a local
history encoder, combining graph construction based on RGCN
with GRU [13] to capture short-term temporal dynamics. TiRGN
[20] introduces a binary indicator to record the occurrence of global
events, mitigating frequency-induced noise. In addition, CluSTeR
[23] utilizes reinforcement learning to trace historical paths specific
to the query. CENET [37] adopts contrastive learning to differentiate
historical versus non-historical events. L2TKG [39] addresses data
sparsity issues by constructing latent relational graphs. DHE-TKG
[26] employs hypergraph neural networks to model heterogeneous
temporal features and improve dynamic relational reasoning. CSI
[6] applies causal theory to disentangle causal and non-causal his-
torical dependencies. LogCL [10] employs contrastive learning that
is aware of local-global history to better distinguish relevant his-
torical patterns from noise. HTCCN [7] employs temporal causal
convolution with Hawkes processes to model the evolution of facts.
CognTKE [11] builds a TCR-Digraph to preserve query-relevant
temporal paths and applies a dual-system reasoner for interpretable

extrapolation. ANEL [41] proposes an adaptive neighborhood en-
hancement layer that can be seamlessly integrated into any model
to mitigate sparsity-related challenges within the datasets. Addi-
tionally, recent advances have seen the integration of emerging
technologies such as Meta-Learning [1, 15, 43], Diffusion Models
[4, 5] and Large Language Models (LLMs) [25, 36, 38]. Despite these
advancements, existing methods exhibit two critical limitations: 1)
None simultaneously models both low-order and latent high-order
relationships within a single snapshot; 2) Existing models fail to
effectively utilize global historical events that are of decisive im-
portance for current predictions while ensuring the integrity of
historical information.

3 Preliminaries
A TKG can be represented as a sequence of static KGs ordered
chronologically: G = {G1,G2, ...,G𝑇 }, where each G𝑡 = (E,R, F𝑡 )
includes all events occurring at timestamp t. Here, E represents
the entity set, R the relation set, and F𝑡 the collection of factual
quadruples (𝑠, 𝑟, 𝑜, 𝑡) where 𝑠, 𝑜 ∈ E and 𝑟 ∈ R. Each quadruple
(𝑠, 𝑟, 𝑜, 𝑡) indicates that the subject entity s and the object entity
o interacted through the relation r at time t. For each original
quadruple (𝑠, 𝑟, 𝑜, 𝑡), we generate a corresponding inverse quadruple
(𝑜, 𝑟−1, 𝑠, 𝑡) and include it in F𝑡 . Entity embeddings H ∈ R | E |×𝑑

and relation embeddings R ∈ R | R |×𝑑 map entities and relations
to d-dimensional vectors, where each row h ∈ H represents an
entity, and r ∈ R encodes a relation. A TKG extrapolation task
requires predicting missing entities in queries of the form (𝑠, 𝑟, ?, 𝑡)
by modeling conditional probability distributions 𝑝 (𝑜 |𝑟, 𝑠, 𝑡,G0:𝑡−1).

4 Methodology
The general architecture of DHHGN is shown in Figure 2. Ourmodel
comprises two core modules: Hybrid Hypergraph-Graph(HHG)
Module for modeling local historical events, which addresses the
limitations of GNNs by introducing hypergraphs to compensate for
the lack of high-order information detection, allowing simultane-
ous capture of both low-order neighborhood interactions and high-
order group dependencies. Dual History Enhancement(DHE)
Module considers all global historical data while adaptively high-
lighting significant events for predictions.

4.1 Hybrid Hypergraph-Graph Module
This module is designed to capture both low-order information
and high-order patterns from local historical events. For the cur-
rent timestamp t, we construct a sequential graph representation
G = {G𝑡−𝑛,G𝑡−𝑛+1, ...,G𝑡−1} using the preceding n timestamps.
Guided by the cognitive principle [16] that human understand-
ing progresses from holistic perception to intrinsic analysis, our
framework decomposes hierarchical structural learning into two
progressive stages: aggregation of neighborhood information and
exploration of high-order patterns. In the first phase, we perform
neighborhood aggregation through a w-layer RGCN. The aggrega-
tion process is formally defined as:

h𝑙+1𝑜,𝑡 = 𝑓

(
1
𝑐𝑜

∑︁
(𝑠,𝑟,𝑜 ) ∈F𝑡

W𝑙
1 (h

𝑙
𝑠,𝑡 + r𝑡 ) +W𝑙

2h
𝑙
𝑜,𝑡

)
, (1)
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Figure 2: The DHHGN framework comprises three components: a dual history enhancement module for extracting global
dependencies, a hybrid hypergraph-graph module modeling recent event sequences, and a prediction layer for outcome
projection.

where h𝑙𝑠,𝑡 and h𝑙𝑜,𝑡 denote the embedding representations of the
subject entity s and the object entity o at 𝑙𝑡ℎ layer of timestamp t,
respectively.W𝑙

1 andW𝑙
2 are learnable weights, r𝑡 represents the

relation embedding, and f(·) denotes the RReLU activation func-
tion. The normalization term 𝑐𝑜 corresponds to the in-degree of
entity o. Notably, we implement self-updating operations for iso-
lated entity nodes that lack neighborhood connections at specific
timestamps to maintain the stability of information propagation.
After obtaining the entity embedding matrix H𝑔 ∈ R | E |×𝑑 , we em-

Entities to hyperedge Hyperedges to entity

Matrix

Figure 3: The dual-phase process of DHAM: aggregation from
entities to hyperedges and back to entities, with aggregation
weights provided by a learnable entity-hyperedge probability
mapping matrix.

ploy a Dual-phase Hypergraph Aggregation Module(DHAM) to
capture high-order information patterns among entities. As shown
in Figure 3, DHAM is a two-phase aggregation module based on an
entity-hyperedge probability mapping matrix, which dynamically
captures higher-order dependencies and optimizes representations
through a process of mapping from entities to hyperedges and back

to entities. Unlike traditional hypergraph construction methods,
we posit that there exists some degree of connection between all
entities, and thus each entity should belong to every hyperedge
with a certain probability. Consequently, rather than relying on pre-
defined semantic labels, we propose a learnable entity-hyperedge
mapping matrix D ∈ R | E |×𝑁𝑧 that dynamically captures these la-
tent relationships in a data-driven manner, where 𝑁𝑧 represents the
number of hyperedges. This learnable matrix dynamically adjusts
the probability of assigning entities to different hyperedges during
training, providing greater flexibility in adapting to complex en-
tity interaction patterns, particularly in historical event sequences
where relationships between entities often evolve over time. The
matrix parameters are first normalized via softmax to obtain 𝐷̃ ,
ensuring the assignment probabilities for each entity sum to one
across different hyperedges:

𝐷̃𝑖, 𝑗 =
exp(𝐷𝑖, 𝑗 )∑ | E |

𝑘=1 exp(𝐷𝑖,𝑘 )
. (2)

Similarly, we derive matrix 𝐶 to ensure the weights assigned to
entities within each hyperedge sum to one:

𝐶𝑖, 𝑗 =
exp(𝐷𝑖, 𝑗 )∑𝑁𝑧

𝑘=1 exp(𝐷𝑘,𝑗 )
. (3)

The entity-hyperedge aggregation operation is first performed to
derive hyperedge embeddings, as formalized in Equation (4):

z𝑖 = 𝜎
©­«
| E |∑︁
𝑘=1

𝐼𝑘 𝐷̃𝑖,𝑘W3h𝑘
ª®¬ , 𝐼𝑘 =

{
1, 𝑖 𝑓 𝑘 ∈ 𝑆𝑡

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
(4)
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where 𝜎 denotes Gelu activation function, h𝑘 ∈ R𝑑 represents
the embedding of the k-th entity,W3 is a learnable weight matrix for
feature refinement, and 𝐷̃𝑖,𝑘 quantifies the probabilistic assignment
of the k-th entity to hyperedge i, 𝐼𝑘 is a binary indicator function,
with a value of 1 indicating the k-th entity appears in the current
subgraph entity set 𝑆𝑡 .

The hyperedge-entity aggregation operation is subsequently
executed to propagate the refined hyperedge features back to entity.

h𝑖 = 𝜎 (
𝑘=𝑁𝑧∑︁
𝑘=1

𝐶𝑘,𝑖W4z𝑘 ) . (5)

This operation redistributes hyperedge-enhanced features back to
nodes, with each node’s updated representation computed as a
combination of all hyperedges it participates in.

Then, a gated fusion mechanism is employed to integrate the
entity representation matrix H𝑔 with its hypergraph-refined coun-
terpart Hℎ𝑔 .

H𝑓 𝑢𝑠 = 𝛾 ⊙ H𝑔 + (1 − 𝛾) ⊙ Hℎ𝑔, (6)

𝛾 = 𝜎 (W5 [H𝑔 | |Hℎ𝑔] + b𝑔), (7)

where 𝜎 (·) denotes the sigmoid activation function.
To mitigate the potential loss of historical structural dependen-

cies across sequential processing steps, a Gated Recurrent Unit
(GRU) is strategically incorporated to establish temporal memory
propagation:

H𝑡 = 𝐺𝑅𝑈 (H𝑡−1,H𝑓 𝑢𝑠 ) . (8)

4.2 Dual History Enhancement Module
As the core component of DHHGN, the Dual History Enhancement
(DHE) module consists of two complementary sub-modules: Com-
prehensive History Modeling (CHM) for integrating a complete
historical context, and Relevance-aware History Screening (RHS)
for focusing on events that are crucial for prediction. The integra-
tion of these two sub-modules ensures both the breadth and depth
of the captured global historical dependency information.

4.2.1 Relevance-aware History Screening. This sub-module con-
structs query relevance subgraphs and employs an enhanced graph
attention network to highlight the historically critical events that
significantly influence the current predictions. For each query
𝑄 = (𝑠, 𝑟, ?, 𝑡), we first construct a global historical evidence set by
retrieving all historical events sharing the same subject entity s and
relation r as the query:

C𝑄 =
{
(𝑠′, 𝑟 ′, 𝑜′, 𝜏) ∈ G0:𝑡−1 |𝑠′ = 𝑠 ∧ 𝑟 ′ = 𝑟

}
. (9)

The union of these query-specific evidence sets across all concurrent
predictions forms the query relevance subgraph:

Gℎ𝑖𝑠
𝑡 =

⋃
𝑄𝑖 ∈Q𝑡

C𝑄𝑖
, (10)

where Q𝑡 denotes the set of all queries at timestamp t.
To discern the importance of historical events specific to each

query, we design an enhanced graph attention network that dy-
namically assigns attention scores to directed edges in the query
relevance subgraph Gℎ𝑖𝑠

𝑡 . For each directed edge (𝑠, 𝑟, 𝑜, 𝜏) ∈ Gℎ𝑖𝑠
𝑡 ,

we compute its attention score by jointly encoding the subject en-
tity 𝑠 , relation 𝑟 , and object entity 𝑜 through convolutional fusion,
the attention mechanism operates as follows:

𝛼𝑙𝑠,𝑜 = 𝜎 (W6𝐶𝑜𝑛𝑣1𝐷 (s𝑙 | |r𝑙 | |o𝑙 )), (11)

where𝜎 represents the LeakyReLU activation function, and Conv1D
refers to 1D convolutional operations applied to concatenated fea-
tures for local pattern fusion. After generating messages for each
edge, we perform aggregation and update operations:

o𝑙+1 =
∑︁

(𝑠,𝑟,𝑜 ) ∈ 𝑓𝑜
𝛼𝑙𝑠,𝑜W7 (s𝑙 + r𝑙 ), (12)

where 𝑓𝑜 represents the set of historical events where entity o serves
as the tail entity.

4.2.2 Comprehensive History Modeling. To prevent the RHS mod-
ule from assigning excessively low attention weights to certain
entities and thereby causing the loss of global history information,
the CHM sub-module implements a global history encoding mech-
anism that utilizes binary markers to record all related historical
interactions. This complementary approach preserves RHS’s fo-
cused reasoning capability while maintaining holistic historical
records, effectively mitigating the risk of overlooking historical
events due to attention sparsity. Inspired by TiRGN [20], CHM con-
structs a sparse tensor representation M ∈ {0, 1} ( | E |× |R | )× | E | to
encode full historical context. For each prediction timestamp t, we
systematically record all (𝑠, 𝑟, 𝑜, 𝜏) tuples from historical subgraph
G0:𝑡−1 through binary encoding:

𝑀
𝑠,𝑟
𝑡 [𝑜] =


1 if (𝑠, 𝑟, 𝑜, 𝜏) ∈

𝑡−1⋃
𝜏=0

F𝜏

0 otherwise
, (13)

where F𝜏 denotes the set of historical facts that occur at 𝜏 .

4.3 Prediction
In our framework, the ConvTransE [31]model is employed as the de-
coder component. Before this, we implement another gated fusion
(as same in Equations 6 and 7) to integrate the entity embeddings
Hℎℎ𝑔 derived from the HHG module with the H𝑟ℎ𝑠 obtained from
the RHS module. This fusion process yields the final entity repre-
sentations denoted as H𝑓 and then fed into two parallel decoders,
where one decoder incorporates the binary mask M to capture
global historical information dependencies:

𝑝𝑟 (𝑜 |𝑠, 𝑟 ) = 𝑠𝑜 𝑓 𝑡𝑚𝑎𝑥 (H𝑓 𝐷𝑒𝑐𝑜𝑑𝑒𝑟 (s, r) ⊙ Ms,r
𝑡 ), (14)

while the other preserves the base prediction capability:

𝑝ℎ (𝑜 |𝑠, 𝑟 ) = 𝑠𝑜 𝑓 𝑡𝑚𝑎𝑥 (H𝑓 𝐷𝑒𝑐𝑜𝑑𝑒𝑟 (s, r)) . (15)

Specifically, a weighting hyperparameter 𝛼 is introduced to reg-
ulate the contribution intensity of global historical dependencies,
thereby obtaining the ultimate prediction score through weighted
aggregation:

𝑝 (𝑜 |𝑠, 𝑟 ) = 𝛼𝑝ℎ (𝑜 |𝑠, 𝑟,H𝑓 ) + (1 − 𝛼)𝑝𝑟 (𝑜 |𝑠, 𝑟,H𝑓 ) . (16)
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5 Experiments
In this section, we conduct comprehensive experiments on four
publicly available datasets to validate the predictive performance of
the DHHGNmodel. Our experimental evaluation covers multiple di-
mensions, including overall performance comparisons, component-
wise ablation studies and parameter sensitivity tests.

5.1 Experimental Settings
5.1.1 Datasets. We evaluated DHHGN on four widely used tempo-
ral KG benchmarks, including ICEWS14 [17], ICEWS18 [3], ICEWS05-
15 [17], and GDELT [19]. Following standard practice, all datasets
are divided chronologically into training, validation, and test sets
with a 80% / 10% / 10% ratio. Additional details regarding the datasets
can be found in Table 1.

5.1.2 Metrics. WeemployMean Reciprocal Rank (MRR) andHits@K
as evaluation metrics to assess model performance. MRR calculates
the average reciprocal rank of the first correct answer across all test
queries, while Hits@K measures the percentage of queries where
the correct entity appears within the top-K ranked predictions.
In line with established conventions, we implement the filtered
evaluation protocol to compute these metrics.

Table 1: The statistics of the datasets.

Dataset ICEWS14 ICEWS18 ICEWS05-15 GDELT

Entities 7128 23033 10488 7691
Relations 230 256 251 240
Train-facts 63685 373018 368868 1734399
Valid-facts 13823 45995 46302 238765
Test-facts 13222 49545 46159 305241

Timestamps 365 304 4017 2976
Time gap 1 day 1 day 1 day 15 mins

5.1.3 Baselines. We select several representative static knowledge
graph reasoning models and temporal knowledge graph reasoning
models to compare with DHHGN. For static knowledge graphs,
the baselines include Conv-TransE [31], RotatE [32], ConvE [14],
and ComplEx [33]. For temporal knowledge graphs, we compared
against state-of-the-art extrapolation models including RE-NET
[18], CyGNet [42], REGCN [24], TiRGN [20], HisMatch [22], CENET
[37], L2TKG [39], LogCL [10], HTCCN [7], DHE-TKG [26], TiRGN-
ANEL [41], and CognTKE [11].

5.1.4 Implementation Details. The embedding dimension d for
entities and relations is set to 200. All graph convolutional layers are
configured with two layers, while hypergraph aggregation utilizes a
single layer. The Adam optimizer is employedwith a learning rate of
0.001. The dataset-specific configurations for ICEWS14, ICEWS18,
ICEWS05-15, and GDELT include local history window lengths of
9, 10, 15, and 7, respectively, and global historical event retention
rates of 0.3, 0.2, 0.4, and 0.5, corresponding to the datasets in the
order listed. A static semantic graph constraint is incorporated into
the model. Dropout rates are set to 0.3 for hypergraph convolution
and 0.2 elsewhere. All experiments are conducted on an RTX 4090.
Baseline results are directly adopted from previous work.

5.2 Results
As shown in Table 2, DHHGN demonstrates substantial improve-
ments over existing state-of-the-art models across all metrics on
all datasets. Specifically, static knowledge graph models exhibit sig-
nificantly inferior performance compared to DHHGN due to their
inherent inability to process temporal relationships. Our model out-
performs RE-NET, CyGNet, RE-GCN, and TiRGN; while RE-NET
and RE-GCN focus on mining local historical dependencies, they
neglect the critical influence of global historical patterns. CyGNet
considers global historical events but fails to model evolutionary
trends reflected in local history, as its frequency-based statistical ap-
proach suffers from interference caused by high-frequency events.
TiRGN uses binary event indicators as a candidate mask to miti-
gate frequency bias. However, its local historical modeling lacks
the capability to uncover latent high-order relationships, and the
improved global historical modeling method still suffers from issues
with historical interference.

The experimental results further reveal that while TiRGN-ANEL
employs an adaptive neighborhood enhancement layer to improve
the quality of embedding representations for entities and relations,
it still falls short in the fine-grained mining of global historical facts.
Notably, L2TKG alleviates knowledge gaps caused by data sparsity
through latent relation graphs. However, when handling dense
datasets, such as GDELT, with a million-level data volume, this
mechanism provides limited benefits and may even introduce noise
from over-connected latent relations. DHE-TKG constructs hyper-
edges by grouping each node with its nearest 𝑘 neighbors, which
only expands local connectivity and fails to capture long-range
historical dependencies. As a result, its hypergraph encoder pro-
vides limited benefits on complex temporal graphs. Beyond these,
other approaches integrate contrastive learning (CENET), Hawkes
process-based temporal modeling (HTCCN), or path search strate-
gies (CognTKE) to strengthen temporal reasoning. Nevertheless,
their performance still lags behind DHHGN, as they either suffer
from limited historical coverage, insufficient handling of high-order
relations, or vulnerability to noisy event sequences. LogCL achieves
the best overall performance among all compared models, benefit-
ing from its effective modeling of both local historical evolution-
ary patterns and global dependencies. However, for local history
modeling, LogCL can only capture binary relationships between
adjacent entities, failing to perceive implicit semantic relationships
among multiple entities. In contrast, DHHGN utilizes a hypergraph
convolutional module, thereby enhancing the model’s ability to
capture higher-order relationships. Regarding global history mod-
eling, LogCL leverages two-hop historical subgraph sampling to
capture global dependencies, while DHHGN ensures both breadth
and depth in global history modeling through its dual-history en-
hancement mechanism.

5.3 Ablation Study
We conduct ablation studies on four datasets to evaluate the im-
pact of each component in DHHGN by progressively removing
key modules: the Dual History Enhancement Module (w/o DHE),
Comprehensive History Modeling (w/o CHM), Relevance-aware
History Screening (w/o RHS), Hybrid Hypergraph-Graph Module
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Table 2: Entity prediction results on four datasets, where the best results are shown in bold font and the second-best results are
underlined. All evaluation metrics are computed under the filtering setting. “-” indicates that results are not reported in the
corresponding papers or that the code for the dataset/metric is unavailable.

Model ICEWS14 ICEWS18 ICEWS05-15 GDELT
MRR H@1 H@10 MRR H@1 H@10 MRR H@1 H@10 MRR H@1 H@10

ComplEx (2016) 32.54 23.43 50.73 22.94 15.19 42.11 32.63 24.01 52.81 16.96 11.25 32.35
ConvE (2018) 35.09 25.23 54.68 24.51 16.23 44.51 33.81 24.78 54.95 16.55 11.02 31.60
Conv-TransE (2019) 33.80 25.40 53.99 22.11 13.94 42.28 33.03 24.15 54.32 16.20 10.85 30.86
RotatE (2019) 21.31 10.26 44.75 12.78 4.01 31.91 24.71 13.22 48.16 13.45 6.95 25.99
RE-NET (2020) 36.93 26.83 54.78 28.81 19.05 47.51 43.32 33.43 63.06 19.62 12.42 34.01
CyGNet (2020) 35.05 25.73 53.55 24.93 15.90 42.61 36.81 26.61 56.22 18.48 11.52 31.98
RE-GCN (2021) 40.39 30.66 59.21 30.58 21.01 48.75 48.03 37.33 68.27 19.64 12.42 33.69
TiRGN (2022) 44.04 33.83 63.84 33.66 23.19 54.22 50.04 39.25 70.71 21.67 13.63 37.60
HisMatch (2022) 46.42 35.91 66.84 33.99 23.91 53.94 52.85 42.01 73.28 22.01 14.45 36.61
CENET (2023) 39.02 29.62 57.49 27.85 18.15 46.98 41.95 32.17 60.43 20.23 12.69 34.92
L2TKG (2023) 47.40 35.36 71.05 33.36 22.15 55.04 57.43 41.86 80.69 20.53 12.89 35.83
LogCL (2024) 48.87 37.76 70.26 35.67 24.53 57.74 57.04 46.07 77.87 23.75 14.64 42.33
HTCCN (2024) 45.39 36.58 - 35.63 24.90 - 51.94 40.32 - 23.46 15.18 -
DHE-TKG (2024) 40.02 30.13 - 29.23 19.15 - 45.05 34.16 - - - -
TiRGN-ANEL (2025) 44.74 34.4 64.66 34.04 23.53 54.71 50.59 39.69 71.27 22.06 13.85 38.33
CognTKE (2025) 46.06 36.49 64.49 35.24 25.21 54.71 53.13 42.62 72.7 - - -
DHHGN 56.95 46.65 75.89 43.53 31.71 66.87 68.74 59.14 85.40 32.16 20.28 57.34

(w/o HHG), Graph Convolution (w/o gc), and Hypergraph Convo-
lution (w/o hgc). As shown in Table 3, DHHGN outperforms all ab-
lated variants, validating the effectiveness of its design. Specifically,
removing the entire DHE module results in greater performance
degradation than individually removing CHM or RHS, indicating
that both global historical context and prediction-critical events
contribute distinctively to predictions. Similarly, removing the en-
tire HHG module causes more significant performance drops than
disabling either graph convolution (gc) or hypergraph convolution
(hgc), confirming the complementary roles of low-order neighbor-

Table 3: The MRR (in percentage) results of the ablation
studies.

Model ICEWS14 ICEWS18 ICEWS05-15 GDELT

w/o DHE 42.13 32.48 48.82 19.93
w/o CHM 54.78 42.45 66.82 28.71
w/o RHS 44.34 33.85 50.76 21.84

w/o HHG 51.86 38.30 61.98 30.80
w/o gc 54.32 40.29 64.39 31.06
w/o hgc 56.63 42.79 68.11 31.13

DHHGN 56.95 43.53 68.74 32.16

hood aggregation and high-order pattern mining in capturing local
dynamics. Note that the model performance on the GDELT and
ICEWS18 datasets drops more significantly after removing the hy-
pergraph convolution module. This is because both datasets are
dense in nature, where each timestamp contains a substantially

larger number of co-occurring facts compared to ICEWS14 and
ICEWS05-15. Such density implies the existence of complex la-
tent high-order semantic dependencies among multiple entities
and relations. In contrast, the ICEWS14 and ICEWS05-15 datasets
are relatively sparse, with fewer concurrent events per timestamp.
Consequently, the potential for high-order relational semantics is
limited, and immediate interactions between entities have a greater
impact on prediction. As a result, the removal of hypergraph con-
volution has a less pronounced effect on performance.

5.4 Sensitivity Analysis
We conduct parameter sensitivity analysis on the balancing factor 𝛼
across four datasets. As shown in Figure 4, the MRR metric exhibits
an initial increase followed by a gradual decline as 𝛼 rises, peaking
within (0.2, 0.5). These results demonstrate that while the RHS mod-
ule effectively enhances attention allocation to critical historical
events, it may inevitably assign a low attention score to certain
event entities, leading to the omission of global historical informa-
tion. The CHMmodule can compensate for this shortcoming. When
𝛼 is set to a low value, the model can consider important historical
facts while maintaining attention to all global historical events, thus
exhibiting a robust prediction performance. However, as 𝛼 gradu-
ally increases, the inclusion of excessive irrelevant historical events
introduces noise, which degrades the model performance. Notably,
when 𝛼 = 0.0 (without CHM), the model maintains competitive per-
formance, demonstrating the capability of RHS to leverage critical
historical evidence. The sharp performance degradation at 𝛼 = 1.0
occurs because the prediction scope is strictly confined to events
that occurred before, neglecting non-historical events. Additionally,
it is observed that the MRR metric is more sensitive to changes in
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Figure 4: Experimental results of sensitivity analysis to pa-
rameter 𝛼 .

𝛼 on the GDELT dataset; that is because the timestamp interval of
the GDELT dataset is only 15 minutes, so there is a closer tempo-
ral correlation between events occurring at different timestamps,
making model predictions more susceptible to the global historical
context.

5.5 Historical and Non-historical Events Study
An event in the prediction test set is considered a historical event
if it has occurred before; otherwise, it is termed a non-historical
event. Non-historical events constitute 48.1% of the ICEWS14 test
set, making it critical to minimize interference in their prediction
during historical event modeling. While historical events leverage
past patterns to boost accuracy, overemphasizing them can disrupt
non-historical event predictions. Our DHHGN model, with refined
historical modeling and high-order information extraction, effec-
tively reduces this interference. As shown in Figure 5, TiRGN’s
performance drops by 9.97%, 4.74%, and 1.87% in Hits@1, Hits@3,
and Hits@10 for non-historical events compared to historical ones,
while DHHGN shows smaller declines of 5.72%, 1.27%, and 0.67%,
demonstrating superior effectiveness and robustness.
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Figure 5: Performance comparison of TiRGN and DHHGN
in predicting historical events versus non-historical events
(ICEWS14).

5.6 Timestamp Level Prediction
To conduct a granular investigation of the model performance ad-
vantages, we compared the DHHGN and TiRGN architectures on
the ICEWS14 dataset through a timestamp-level evaluation across

51 test set intervals. As demonstrated in Figure 6, DHHGN consis-
tently outperforms TiRGN across all evaluation timestamps, main-
taining a stable performance gap. Specifically, it achieves average
improvements of 13.3% in Hits@1, 14.2% in Hits@3, and 11.8% in
Hits@10, demonstrating both effectiveness and robustness.
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Figure 6: A comparative visualization of prediction capabili-
ties between the DHHGN and TiRGN models at fine-grained
timestamp levels, employing Hits@K as evaluation metrics
over 51 timestamps in the test set of the ICEWS14 dataset.

6 Conclusion
In this paper, we propose DHHGN for TKG reasoning, which en-
hances prediction performance through fine-grained exploration of
both local and global historical facts. We introduce hypergraphs in-
tegrated with traditional graphs to capture both low-order informa-
tion and potential high-order interactions within a single snapshot
in local historical data. Then, a dual-history enhancement module
is designed to enable comprehensive consideration of all global
historical facts while intensifying focus on prediction-relevant his-
torical events. Extensive experiments demonstrate state-of-the-art
performance on four benchmark datasets.
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A Appendix
A.1 Pseudocode of DHHGN
The algorithm 1 delineates the complete sequence of steps employed
by the DHHGN model to predict queries at time t.

Algorithm 1 DHHGN pseudocode for query time t
Input: query set 𝑄𝑆𝑒𝑡 at time t, length of local history window 𝑛,

weighting hyperparameter 𝛼 , local historical KG snapshot
sequence G𝑙𝑜𝑐𝑎𝑙 = {G𝑡−𝑛,G𝑡−𝑛+1, ...,G𝑡−1}, global historical KG

snapshot sequence G𝑔𝑙𝑜𝑏𝑎𝑙 = {G0,G1, ...,G𝑡−1}.
Output: Updated entity representation and updated model

parameters.
1: Initialize entity-hyperedge mapping matrix D.
2: Initialize the embeddings of both entities and relations.
3: Generate sparse event matrix M.
4: for 𝑄 ∈ 𝑄𝑆𝑒𝑡 do
5: Retrieve relevant events from global historical sequences

G𝑔𝑙𝑜𝑏𝑎𝑙 .
6: Merge all relevant events of the query 𝑄 to obtain an event

set C𝑄 .
7: end for
8: Collect all relevant event sets corresponding to queries and

construct query related subgraphs Gℎ𝑖𝑠
𝑡 .

9: Aggregate Gℎ𝑖𝑠
𝑡 using an Enhanced GAT to obtain global his-

torical dependencies.
10: for G ∈ G𝑙𝑜𝑐𝑎𝑙 do
11: Using RGCN for low-order neighborhood aggregation to

obtain H𝑔 .
12: Using DHAM with matrix D for high-order group aggrega-

tion to obtain Hℎ𝑔 .
13: Using gating mechanism to fuse H𝑔 and Hℎ𝑔 to obtain H𝑓 𝑢𝑠

14: Using GRU to obtain evolved entity representations.
15: end for
16: Adaptively aggregate local and global historical dependencies

using gate unit.
17: Use two parallel decoders for decoding and utilize 𝛼 to balance

contributions.
18: Compute loss and update the network parameters.
19: t=t+1

A.2 Amount of Historical and Non-historical
Events

We conduct statistics on the amount of historical and non-historical
events in the test set of four datasets, as shown in Table 4 for details.

Table 4: The amount of historical and non-historical events
in four datasets.

Dataset Total historical non-historical

ICEWS14 13222 6856 6366
ICEWS18 49545 24985 24560

ICEWS05-15 46159 31567 14592
GDELT 305241 198179 107062

A.3 Effect of the Number of Enhanced GAT
Layers

This study presents a comprehensive comparison of Enhanced GAT
architectureswith varying layer depths on two benchmark temporal
knowledge graph datasets. As illustrated in figure 7, the results
indicate that the performance of the model reaches its optimal level
when the number of layers is set to 2, and this performance is more
pronounced on the GDELT dataset. The findings underscore the
importance of architecture-depth hyperparameter tuning specific
to knowledge graph properties.
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Figure 7: Performance comparison of Enhanced GAT with
different layers

A.4 Case Analysis
To demonstrate the ability of DHHGN to perceive the importance
of global historical events and detect high-order information, we
conduct a case study using the ICEWS14 dataset and perform a
comparative analysis with TiRGN. For each query instance, the top
six ranked candidate entities were retrieved, with detailed results
documented in Table 5.

Table 5: The top-6 predicted entities by DHHGN and TiRGN
for two queries on the ICEWS14 dataset. Note that the under-
lined predicted entities indicate that the entity (as a tail en-
tity) has formed an event with the query in historical records.

Query&Truth DHHGN TiRGN

Query1
(Ashraf Ghani
Ahmadzai,
Consult,?,2014-11-11)
Truth
NATO

NATO Abdullah
Barack Obama Barack Obama

Abdullah John Kerry
Tajikistan Afghanistan
Xi Jinping Xi Jinping

Nuri al-Maliki Raheel Sharif

Query2
(China,Mobilize or
increase armed forces,
?,2014-11-11)
Truth
Japan

Japan Vietnam
South Korea Malaysia
Malaysia South Korea
Philippines Japan
Vietnam Iran
Thailand Afghanistan
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In query 1, we aim to predict which international entity Ashraf
Ghani, the President of Afghanistan, consulted on November 11,
2014. While both models can capture all relevant historical enti-
ties, including NATO, DHHGN successfully ranks NATO as the
top prediction. Crucially, this achievement is enabled by the DHE
component, which employs two complementary submodules that
distinguish critical global historical events from noise through an
importance-weighted mechanism while utilizing a relevant histori-
cal event mask to prevent information loss due to attention sparsity
in global historical events. In contrast, TiRGN assigns equal at-
tention to all relevant historical events, resulting in prioritizing

"Abdullah", while the ground truth fails to appear in its top six
predictions.

In query 2, we aim to predict (China, Mobilize or increase armed
forces, ?). It is noteworthy that no event in global history shares
the same head entity and relation as the query. Consequently, the
global historical components of both models do not function. Nev-
ertheless, DHHGN successfully predicts "Japan" and ranks it first,
demonstrating the model’s ability to capture high-order informa-
tion from local events. In contrast, TiRGN exhibits susceptibility
to interference from low-order interactions, such as (China, Make
pessimistic comment, Vietnam, 2014-11-08), leading to prediction
deviations.
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