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Abstract

Temporal knowledge graph (TKG) forecasting
aims to predict future facts based on historical
temporal information and still faces key chal-
lenges such as event sparsity and complex long-
term dependencies. While graph-based meth-
ods effectively capture relational structure, they
often fail to model nuanced long-range tem-
poral patterns. Alternatively, standard Trans-
formers, while potent for sequence modeling,
are fundamentally time-agnostic; their generic
positional encodings overlook critical TKG-
specific temporal dynamics. As a result, many
approaches struggle to capture fine-grained
temporal patterns, limiting their effectiveness
in forecasting sparse or complex events. To
address these limitations, we propose HTA
(Hybrid Transformer Architecture). HTA first
constructs a query-specific Attention-Ready
Temporal Sequence (ARTS) by aggregating his-
torical context along a query-centered tempo-
ral reasoning path. Each historical timestamp
is augmented with a relation-aware Temporal
Context Encoding that jointly models its time
difference to the query and the associated rela-
tion. At its core, HTA employs a stack of hybrid
Attention-Mixer Transformer Blocks that com-
bine bidirectional self-attention for capturing
long-range dependencies with MLP-based lay-
ers for efficient feature refinement. Extensive
experiments on four diverse benchmarks show
that HTA achieves state-of-the-art performance.
Notably, on the sparse and challenging GDELT
dataset, HTA achieves an absolute MRR im-
provement of over 18 points, demonstrating its
superior ability to model complex and noisy
temporal dynamics.

1 Introduction

Forecasting future events based on historical data
is a fundamental challenge with significant real-
world applications, from political event monitoring
to social dynamics analysis (Trivedi et al., 2017; Jin
* Corresponding author.

Figure 1: Illustration of HTA’s input embedding
pipeline. While standard positional encodings
(+pos[i]) distinguish semantic order (input1 vs.
input2), they are insufficient for temporal modeling.
Our Time-Aware ARTS explicitly encodes fine-grained
temporal semantics between events and the query to
capture timestamp relationships.

et al., 2020; Li et al., 2021). Temporal Knowledge
Graphs (TKGs) provide a structured representation
for such dynamic systems, capturing evolving en-
tities and relations as timestamped facts (s, r, o, t).
Within TKG analysis, Temporal Knowledge Graph
Forecasting–the task of predicting future facts (i.e.,
extrapolation) beyond the observed timeline–is
particularly important because it requires models
to reason over unseen timestamps while preserv-
ing both graph structure and temporal evolution.
While interpolation (filling gaps within known his-
tory (Cai et al., 2023)) is also important, our focus
is on the forecasting challenge.

Effective TKG forecasting hinges on modeling
long-term temporal dependencies and handling
sparse or unseen events. Real-world TKGs exhibit
dynamic temporal patterns, where the relevance of
historical facts decays or reappears based on com-
plex time intervals and sequences (Li et al., 2021;
Sun et al., 2022). Capturing these fine-grained pat-
terns is essential for accurate forecasting, yet poses
significant challenges because rare events provide
limited observations and important dependencies
may span long histories (Zhu et al., 2021; Cai et al.,
2023).
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Existing TKG forecasting methods approach
this challenge from complementary directions.
Static KGE models such as TransE (Bordes et al.,
2013) and RotatE (Sun et al., 2019) ignore tem-
poral evolution; temporal KGE extensions such as
TTransE (Leblay and Chekol, 2018) and TeRo (Xu
et al., 2020) encode timestamps but remain lim-
ited in modeling long-range event dependencies;
and RNN/GNN-based models such as RE-GCN (Li
et al., 2021) and RE-NET (Jin et al., 2020) prop-
agate information over graph snapshots but can
miss fine-grained intervals between events (Sun
et al., 2022). More recent Transformer and causal
methods push sequence and structural modeling fur-
ther through graph Transformers, temporal logical
graphs, and causal enhanced representations (Sun
et al., 2022; Lin et al., 2023; Sun et al., 2025).
Among our LLM-assisted baselines, TiRGN+CoH,
AnRe, and G2S introduce chain-of-history prompt-
ing, analogical replay, or general-to-specific LLM
adaptation (Xia et al., 2024; Tang et al., 2025; Bai
et al., 2025). These advances highlight the value
of sequence and semantic reasoning, yet it remains
challenging to build compact query-specific inputs
that jointly preserve graph structure, timestamp se-
mantics, and long-range history.

While Transformers (Vaswani et al., 2017) excel
at modeling long-range dependencies, directly ap-
plying them to TKG forecasting remains difficult
because their architecture is fundamentally time-
agnostic. As illustrated in Figure 1, standard po-
sitional encodings capture sequence order but ig-
nore crucial temporal information, such as absolute
timestamps and the duration of intervals between
events. This blindness to fine-grained temporal
dynamics can curtail predictive accuracy.

To overcome this limitation, we propose HTA
(Hybrid Transformer Architecture), a novel archi-
tecture specifically designed to understand tempo-
ral nuances. For a given query like (s, r, ?, tq),
HTA first constructs a query-specific Attention-
Ready Temporal Sequence (ARTS) from histor-
ical context, which explicitly embeds the fine-
grained timing information that standard Trans-
formers miss. Subsequently, a bidirectional Trans-
former encoder models the complex interdependen-
cies within these temporally-aware ARTS, and an
efficient MLP-Mixer architecture (Tolstikhin et al.,
2021) refines these contextualized representations
to facilitate robust future event prediction.

Our main contributions are summarized as fol-
lows:

• We propose HTA, a TKG forecasting architec-
ture that converts query-specific graph history
into temporally ordered ARTS inputs and pro-
cesses them with a hybrid Attention-Mixer
encoder.

• We introduce relation-aware Temporal Con-
text Encoding (TC), which jointly models
each historical event’s time difference to the
query and its relation type through an MLP,
capturing temporal semantics beyond generic
positional embeddings.

• We validate HTA with extensive experiments
and ablations on four TKG forecasting bench-
marks. Notably, it achieves absolute MRR
and Hits@1 improvements of 18.14 and 18.34
points, respectively, on the challenging, high-
frequency (i.e., events occurring in rapid suc-
cession) GDELT dataset over strong prior
methods.

2 Related Work

TKG forecasting aims to predict future facts
(s, r, o, t) where t > tT , given historical data Gt0:tT .
This extrapolation task (Jin et al., 2020; Li et al.,
2021) requires models to understand temporal evo-
lution and generalize to future timestamps.

Embedding-based and rule-based methods in-
corporate time into KGE scoring, tensor factor-
ization, or symbolic constraints (Balazevic et al.,
2019; Leblay and Chekol, 2018; García-Durán
et al., 2018; Xu et al., 2020; Goel et al., 2020;
Lacroix et al., 2020; Han et al., 2020; Park et al.,
2022; Liu et al., 2022; Huang et al., 2024). They
are efficient and often interpretable, but local scor-
ing or rule structures make it difficult to represent
query-specific long-range histories.

Graph, sequential, and Transformer-based meth-
ods model evolving structure with snapshot en-
coders, recurrent propagation, copy/history mech-
anisms, temporal logic, causal representations,
candidate-specific context, or self-attention (Jin
et al., 2020; Li et al., 2021; Schlichtkrull et al.,
2018; Zhu et al., 2021; Li et al., 2022a,b; Lin et al.,
2023; Sun et al., 2025; Zhang et al., 2024; Sun et al.,
2022; Gao et al., 2023). These models capture
richer temporal signals than static scoring methods,
yet they often rely on fixed snapshot-level context,
task-specific retrieval, or generic positional encod-
ings rather than explicitly preserving query-specific
multi-hop temporal evidence as ordered sequence
inputs.
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Recent extrapolation methods further explore in-
ductive temporal-path propagation and negative-
aware diffusion, as exemplified by TiPNN and
NADEx (Dong et al., 2024; Gan et al., 2026).

For the LLM baselines, TiRGN+CoH, AnRe,
and G2S add semantic reasoning through chain-of-
history prompting, analogical replay, or general-to-
specific adaptation (Xia et al., 2024; Tang et al.,
2025; Bai et al., 2025). They show that language-
level reasoning can complement structural fore-
casting, but still depend on prompting, retrieval,
or adaptation pipelines. In contrast, HTA directly
constructs compact Attention-Ready Temporal Se-
quences (ARTS), contextualizes them with a Trans-
former encoder, and refines the representations
with an efficient MLP-Mixer for extrapolated fore-
casting.

3 Problem Formulation

A Temporal Knowledge Graph (TKG) is a se-
quence of timestamped facts (s, r, o, t) involving
entities V , relations R, and discrete timestamps
T . These are often viewed as graph snapshots
Gt = (V,R, Et), where Et contains facts at time t.
To handle reciprocity, inverse relations (o, r−1, s, t)
are commonly included for each fact.

Temporal Knowledge Graph Forecasting (or ex-
trapolation) aims to predict future facts. Given
a TKG observed up to time tT , G1:tT =
{G1, . . . ,GtT }, the task is to predict missing el-
ements in queries (e.g., object o in (s, r, ?, tq)
or subject s) for a future time tq > tT . This
requires learning conditional probabilities like
p(o|s, r, tq,G1:tT ) (or p(s|r, o, tq,G1:tT )). Unlike
interpolation, forecasting necessitates reasoning
about unseen timestamps and modeling complex
evolutionary patterns from the observed history.

4 Methodology

We propose HTA, a multi-stage architecture de-
signed to model long-term dependencies and fine-
grained temporal dynamics (Figure 3). The model
first builds an Attention-Ready Temporal Sequence
(ARTS) by aggregating historical context and en-
riching it with temporal context encoding. Then,
a stack of Attention-Mixer Transformer Blocks
processes this sequence to learn deep representa-
tions. HTA is trained via a dual-objective function
combining link prediction and an auxiliary masked
timestamp prediction task.

4.1 Historical Context Aggregation (HCA)

The first stage constructs a query-specific historical
context to capture relevant past events. HCA first
follows a query-centered temporal path through
historical facts, then enriches this core path with
sampled neighborhoods of the path entities. The
resulting context therefore contains both the path-
level temporal trajectory and local structural evi-
dence around each entity in the path (Figure 2); the
full pseudocode is provided in Appendix A. To pre-
vent temporal leakage, for a query at time tq, both
path construction and neighborhood enrichment are
restricted to historical facts with timestamps t < tq;
facts at tq or later are never used to construct the
query context.

Figure 2: An illustration of the Historical Context Ag-
gregation (HCA) process. The figure shows how a query
entity expands into a temporal context path and how
local neighbourhoods are aggregated along the path en-
tities to form the final context set Nctx. All selected
historical facts satisfy t1 ≤ · · · ≤ tL < tq. The query
anchor (sq, tq) is drawn at the left only to show the
starting entity of HCA; its placement is not a tempo-
ral position. The remaining horizontal order shows the
chronology after sampled facts are sorted for ARTS
construction, not the order in which the random walk
samples candidates.

4.2 Attention-Ready Temporal Sequence
(ARTS) Construction

4.2.1 Temporal Context Path Construction
We construct a Temporal Context Path P =
(F1, . . . , Fℓ) to model the history of the query sub-
ject s, where ℓ ≤ Lpath if the candidate set be-
comes empty before reaching the maximum path
budget. Starting from s, each step samples one
historical fact from the current entity’s historical
neighborhood and moves to the sampled counter-
part entity. The sampled path facts form the core
temporal trajectory. Before entering the encoder,
the selected facts are sorted chronologically with
respect to their timestamps, so the model observes
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Figure 3: Overview of the HTA model architecture.

a time-ordered ARTS even though the context path
is sampled from historical candidates.

4.2.2 Neighborhood Definition (Multigraph
View)

For neighborhood sampling, we treat each times-
tamped fact as a distinct edge instance in a temporal
multigraph. Thus, repeated interactions between
the same entity pair are not collapsed, allowing
HCA to preserve both frequency and recency sig-
nals.

4.2.3 Context Set Definition
The final context set Nctx(s) has two parts. The
path facts {F1, . . . , Fℓ} provide the core temporal
trajectory. In addition, for each entity on this path,
HCA samples up to M historical neighborhood
facts and adds them to Nctx(s). This distinction
resolves the notation in Appendix Algorithm 1:
P denotes the sampled path facts, while Nctx(s)
denotes the neighborhood-enriched context used to
form ARTS.

4.2.4 Sequence Formulation
We flatten the query and the neighborhood-
enriched historical context into an atomic sequence.
Let Lctx be the maximum number of historical
facts retained after chronological sorting and trun-
cation. Each query keeps ns ≤ Lctx non-padding
context facts Ñctx(s) = {F̃1, . . . , F̃ns} and pads
the remaining slots. Each fact is oriented from

its anchor/path entity ak to the counterpart en-
tity ek, using a reciprocal relation when needed;
thus F̃k = (ak, rk, ek, tk) and ϕ(F̃k) = [ek, rk, tk].
The anchor ak is used to orient the sampled fact
and is omitted from ϕ(F̃k) for compactness; the
counterpart entity, direction-aware relation, and
timestamp are retained, while reciprocal relations
preserve traversal direction.

As = [CLS]⊕ϕ(F0)⊕ϕ(F̄1)⊕· · ·⊕ϕ(F̄Lctx) (1)

where F̄k = F̃k for k ≤ ns and F̄k is a padding
fact for k > ns.

For an object-forecasting query F0 =
(s, r, ?, tq), the query token is ϕ(F0) = [s, r, tq].
Expanding the tokens into their components, the
sequence becomes:

As = [CLS]⊕ [s, r, tq]

⊕ [ē1, r̄1, t̄1]⊕ · · · ⊕ [ēLctx , r̄Lctx , t̄Lctx ]
(2)

Subject forecasting is handled by the same
object-forecasting form after reciprocal conver-
sion: an original subject query (?, r, o, tq) be-
comes (o, r−1, ?, tq). The context facts are or-
dered chronologically. We employ a standard bidi-
rectional self-attention mechanism without causal
masking, allowing the model to leverage the full
historical context collectively for prediction rather
than imposing a causal next-token objective over
the context.
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4.2.5 Time-Aware Initial Feature Embedding
Each atomic element in the sequence As is mapped
to a dense feature vector by summing three com-
ponents. First, lookup embeddings map entities,
relations, and timestamps to d-dimensional vec-
tors. Second, a learnable type embedding Ptype
distinguishes among the four token types ([CLS],
entity, relation, and time). Third, Temporal Context
Encoding (TC) injects fine-grained, relation-aware
temporal dynamics. For a time token tk associated
with a historical fact Fk, we compute

tck = MLP([∆tk; erk ]) , ∆tk = tq − tk,
(3)

where ∆tk is the time difference relative to the
query and erk is the embedding of the associated
relation. The resulting relation-aware temporal vec-
tor is added to the corresponding time-token repre-
sentation. Finally, the input matrix Xs is processed
by pre-layer normalization.

4.3 Attention-Mixer Transformer Block
The core of our HTA model comprises a stack of
N identical Attention-Mixer Transformer Blocks.
We denote the input to the k-th block as Z(k−1),
where the initial input is set to Z(0) = Xs. Each
block processes this representation through three
sub-layers to learn progressively richer features.

4.3.1 Multi-Head Self-Attention
The first sub-layer employs a standard multi-head
self-attention (MHSA) mechanism. Given the in-
put Z(k−1), we compute Query (Q), Key (K), and
Value (V) matrices using learnable projections. The
attention output is calculated as:

Attention(Q,K, V ) = softmax
(︃
QKT

√
dk

)︃
V (4)

This mechanism captures global dependencies be-
tween all elements in the sequence.

4.3.2 Token-Mixing MLP
The second sub-layer is a Token-Mixing MLP mod-
ule, which operates across the sequence dimension
and facilitates direct information exchange between
different atomic tokens.

4.3.3 Channel-Mixing MLP
The final sub-layer is a Channel-Mixing MLP,
which operates on the feature vector of each to-
ken independently to refine channel-wise informa-
tion. The final contextualized representation after
N blocks is denoted as Xfinal = Z(N).

4.4 Prediction and Training
Our model is trained end-to-end using a dual-
objective loss function to enhance both forecasting
accuracy and temporal reasoning.

4.4.1 Link Prediction
For the primary task, we obtain a query context
vector zs by applying global average pooling to
the final sequence representation Xfinal. We then
compute the score vector s ∈ R|V| over the entity
vocabulary by taking the dot product with the entity
embedding matrix:

s = zs · Emb⊤e (5)

The link prediction loss is the standard Cross-
Entropy loss computed between the output logits
and the ground-truth target index:

Llink = CrossEntropy(s, ytrue) (6)

where s ∈ R|V| is the vector of output logits from
the model, and ytrue is the index of the ground-truth
target entity.

4.4.2 Masked Timestamp Prediction
We employ an auxiliary task to predict the masked
timestamps. For each masked index j ∈ M, the
model uses the representation Xfinal[j, :] to predict
a probability distribution pj over timestamp values.
The loss is the cross-entropy between pj and the
true timestamp tj :

Lmlm =
1

|M|
∑︂

j∈M
CE(pj , tj) (7)

4.4.3 Total Loss Function
The total training objective combines the link pre-
diction loss and the auxiliary loss:

Ltotal = Llink + λmlm · Lmlm (8)

The weight λmlm is dynamically adjusted based
on the context dropout rate δ (the proportion of
masked timestamps):

λmlm =
δ

1 + δ
(9)

5 Experiments

5.1 Experimental Setup
5.1.1 Datasets
We use four standard TKG datasets for eval-
uation: ICEWS14 (Trivedi et al., 2017),
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ICEWS18 (Boschee et al., 2015), ICEWS05-
15 (García-Durán et al., 2018), and GDELT (Lee-
taru and Schrodt, 2013). The ICEWS series
datasets capture daily political events, whereas
GDELT consists of high-frequency (15-minute
interval) global events. For all datasets, we adhere
to established temporal splitting procedures for
training, validation, and testing, following prior
work (Li et al., 2021; Sun et al., 2022). Detailed
statistics for each dataset, including counts of
entities, relations, and facts per split, are provided
in Table 8 of Appendix F.

5.1.2 Baselines
We compare HTA against a comprehensive set
of baselines from four main categories, with re-
sults shown in Table 1. The categories are: 1)
Static KGE models that ignore time, such as
TransE (Bordes et al., 2013), DistMult (Yang
et al., 2015), ComplEx (Trouillon et al., 2016),
and R-GCN (Schlichtkrull et al., 2018); 2) Tem-
poral KGE models that extend static methods,
including TTransE (Leblay and Chekol, 2018),
TA-DistMult (García-Durán et al., 2018), DE-
SimplE (Goel et al., 2020), TNTComplEx (Lacroix
et al., 2020), xERTE (Han et al., 2020), Evo-
KG (Park et al., 2022), TITer (Sun et al., 2021),
TLogic (Liu et al., 2022), and TempValid (Huang
et al., 2024); 3) GNN- and path-based sequen-
tial models like RE-NET (Jin et al., 2020), RE-
GCN (Li et al., 2021), CyGNet (Zhu et al.,
2021), CEN (Li et al., 2022a), HiSMatch (Li
et al., 2022b), and TiPNN (Dong et al., 2024);
and 4) Transformer-, diffusion-, and LLM-
based architectures, such as GHT (Sun et al.,
2022), TECHS (Lin et al., 2023), CEGRL-
TKGR (Sun et al., 2025), NADEx (Gan et al.,
2026), TiRGN+CoH (Xia et al., 2024), AnRe (Tang
et al., 2025), and G2S (Bai et al., 2025). Following
common practice in TKG forecasting benchmarks,
baseline scores are copied from the corresponding
papers or their reported benchmark settings.

5.1.3 Evaluation Metrics
For all datasets, HTA uses 1-to-All scoring: each
query (s, r, ?, tq) is scored against every entity in
V . Subject prediction is evaluated through recipro-
cal queries, so both directions reduce to the same
object-ranking protocol. Following standard proto-
cols (Li et al., 2021; Sun et al., 2022), evaluation
uses the time-wise filtered setting: rank the ground
truth ogt against all e ∈ V where (s, r, e, tq) is ab-

sent in the full graph at the same timestamp. We
report Mean Reciprocal Rank (MRR) and Hits@k
(k=1, 3, 10); higher is better.

5.1.4 Implementation Details
We implement HTA in PyTorch and run exper-
iments on four NVIDIA RTX4090 GPUs. Hy-
perparameters are selected by validation MRR:
embedding dimension d = 320 for ICEWS and
d = 256 for GDELT, batch size 256, N = 6 Mixer
blocks, maximum path budget Lpath = 50, final
ARTS context length Lctx = 50, neighbor budget
M = 50, hidden/attention dropout 0.1, and learn-
ing rate 0.01 with Adamax (Kingma and Ba, 2014).
We fix Python, PyTorch, and NumPy seeds to 333,
339, and 333, respectively, and propagate them
to data-loader workers. Appendix E reports train-
ing time, inference time, and hardware efficiency
details.

5.2 Main Results
We perform TKG forecasting experiments on four
datasets, and the main results are shown in Table 1.

Overall Comparison: HTA achieves new state-
of-the-art results on most metrics and all MRR
columns (bolded). The Improve (abs.) row reports
HTA’s absolute difference from the strongest prior
result in each metric column.

Performance on ICEWS Datasets: On the three
ICEWS datasets, which are characterized by more
regular and structured daily event patterns, HTA
demonstrates robust performance across ranking
metrics. On ICEWS14, HTA achieves an MRR
of 52.04 and Hits@1 of 45.99, improving over
NADEx by 3.01 and 6.54 points, respectively. Its
Hits@3 and Hits@10 trail NADEx by 2.96 and
6.80 points, indicating that HTA is strongest at
ranking the correct entity near the top while re-
maining competitive at broader cutoffs.

Performance on GDELT Dataset: The most
compelling evidence of HTA’s capabilities is its
exceptional performance on GDELT, which is diffi-
cult due to high data sparsity, 15-minute granularity,
and noisy event patterns. As shown in Table 1, HTA
improves over the strongest prior result by 18.14
MRR points and 18.34 Hits@1 points. This gain
is stable across runs: five different GDELT seeds
produce MRR 42.42± 0.31, Hits@1 34.91± 0.28,
Hits@3 45.98± 0.35, and Hits@10 55.25± 0.27.

Table 2 further shows that the improvement is
not concentrated in only frequent relations. HTA
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Method
ICEWS14 ICEWS18 ICEWS05-15 GDELT

MRR Hits@1 Hits@3 Hits@10 MRR Hits@1 Hits@3 Hits@10 MRR Hits@1 Hits@3 Hits@10 MRR Hits@1 Hits@3 Hits@10
TransE 22.48 13.36 25.63 41.23 12.24 5.84 12.81 25.10 22.55 13.05 25.61 42.05 - - - -

Distmult 27.67 18.16 31.15 46.96 10.17 4.52 10.33 21.25 28.73 19.33 32.19 47.54 8.61 3.91 8.27 17.04
ComplEx 30.84 21.51 34.48 49.59 21.01 11.87 23.47 39.97 31.69 21.44 35.74 52.04 9.84 5.17 9.58 18.23
R-GCN 28.03 19.42 31.95 44.83 15.05 8.31 16.49 29.00 27.13 18.83 30.41 43.16 12.17 8.64 12.37 20.63
TTransE 13.43 3.11 17.32 34.55 8.31 1.92 8.56 21.89 15.71 5.00 19.72 38.02 5.50 0.49 4.99 15.18

TA-DistMult 26.47 17.09 30.22 45.41 16.75 8.61 18.41 33.59 24.31 14.58 27.92 44.21 10.34 6.25 10.44 21.63
DE-SimplE 32.67 24.43 35.69 49.11 19.30 11.53 21.86 34.80 35.02 25.91 38.99 52.75 - - - -

TNTComplEx 32.12 23.35 36.03 49.13 21.23 13.28 24.02 36.91 27.54 19.52 30.80 42.86 19.53 12.41 20.75 33.42
CygNet 32.73 23.69 36.31 50.67 24.93 15.90 28.28 42.61 34.97 25.67 39.09 52.94 18.05 11.13 19.11 31.50
Evo-KG 26.90 16.69 30.57 47.39 25.46 16.25 29.15 43.21 26.32 15.82 31.96 50.80 18.94 11.31 20.08 34.01
xERTE 40.79 32.70 45.67 57.30 29.31 21.03 33.51 46.48 46.62 37.84 52.31 63.92 19.45 11.92 20.84 34.18
TITer 36.06 27.51 40.16 52.05 25.34 18.09 28.17 38.95 38.11 26.83 44.43 59.44 15.75 10.94 15.74 25.37

TLogic 41.80 31.93 47.23 60.53 28.41 18.74 32.71 47.97 45.99 34.49 52.89 67.39 - - - -
RE-NET 35.71 26.79 39.57 52.81 26.88 17.70 30.35 45.04 39.11 29.04 44.10 58.90 - - - -
RE-GCN 36.08 27.30 39.89 53.01 27.34 18.44 30.48 44.85 39.89 30.10 44.63 56.98 19.07 12.16 20.20 32.39

CEN 41.93 31.71 46.86 61.36 29.41 19.60 33.91 49.97 47.04 36.58 52.60 67.18 19.96 12.68 20.97 34.42
GHT 37.40 27.77 41.66 56.19 27.40 18.08 30.76 45.76 41.50 30.79 46.85 62.73 20.04 12.68 21.37 34.42

TempValid 45.78 35.50 51.34 65.06 33.50 23.91 37.89 52.33 50.31 39.46 56.71 70.55 21.88 14.37 24.40 37.00
TiRGN + CoH 43.94 33.07 49.64 64.90 32.98 21.83 37.79 54.92 49.71 38.01 56.40 71.25 - - - -

TECHS 43.88 34.59 49.36 61.95 30.85 21.81 35.39 49.82 48.38 38.34 54.69 68.92 - - - -
CEGRL-TKGR 42.74 32.32 48.05 62.68 32.90 22.70 36.91 52.95 48.35 37.63 54.22 68.47 20.11 12.73 21.46 34.51

HiSMatch 46.42 35.91 51.63 66.84 33.99 23.91 37.90 53.94 52.85 42.01 59.05 73.28 - - - -
TiPNN - - - - 32.17 22.74 36.24 50.72 - - - - 21.17 14.03 22.98 34.76
NADEx 49.03 39.45 57.48 70.55 36.84 27.58 45.12 60.58 - - - - 23.67 16.10 28.35 43.05
AnRe 47.40 36.90 51.10 65.70 35.50 26.00 39.20 56.70 50.90 39.10 58.00 69.60 24.30 16.60 26.60 37.50
G2S - 38.33 54.12 68.58 - 23.04 35.32 46.62 - 41.39 58.15 73.34 - - - -
HTA 52.04 45.99 54.52 63.75 46.35 39.44 49.43 58.89 59.14 52.27 62.77 71.72 42.44 34.94 46.01 55.29

Improve (abs.) 3.01 ↑ 6.54 ↑ -2.96 ↓ -6.80 ↓ 9.51 ↑ 11.86 ↑ 4.31 ↑ -1.69 ↓ 6.29 ↑ 10.26 ↑ 3.72 ↑ -1.62 ↓ 18.14 ↑ 18.34 ↑ 17.66 ↑ 12.24 ↑

Table 1: Experimental results of TKG forecasting on three ICEWS series datasets and the GDELT dataset. The best
result in each column is boldfaced and the second best result is underlined. The ‘Improve (abs.)’ row shows HTA’s
absolute difference from the best prior result, with ↑ indicating a positive improvement. A dash indicates that the
original paper does not report the metric.

Relation group HTA Best baseline ∆

High-frequency 45.82 24.15 +21.67
Mid-frequency 41.35 21.42 +19.93
Low-frequency 38.17 17.63 +20.54

Table 2: GDELT per-relation-frequency MRR break-
down.

maintains an approximately 20-point MRR advan-
tage over the strongest baseline in high-, mid-, and
low-frequency relation groups. The component
ablation in Appendix D shows the same pattern
mechanistically: on GDELT, removing TC drops
MRR from 42.44 to 26.18, while using minimal
ARTS context drops MRR to 25.73. These results
support our main interpretation that time-aware
event encoding and path-based ARTS construction
are especially valuable for sparse high-frequency
event streams.

5.3 Ablation Study

To rigorously evaluate the contributions of HTA’s
key architectural components, we conducted ab-
lation studies on all four datasets. Table 3 re-
ports the ICEWS14 component ablation, while Ap-
pendix D gives full metrics for GDELT, ICEWS18,
and ICEWS05-15. We designed variants that dis-
able the Self-Attention sub-layer, the MLP Token-
Mixing sub-layer, our Temporal Context (TC) en-

coding, the auxiliary MLM loss, and variants that
reduce the retained ARTS context (Lctx) or HCA
neighborhood scope (M ).

Variant Configuration MRR Hits@1 Hits@3 Hits@10

HTA w/o Self-Attention 39.47 29.90 44.10 58.20
HTA w/o MLP Token-Mixing 40.59 31.10 45.30 59.50
HTA w/o Temporal Context (TC) 36.41 26.78 41.32 54.50
HTA w/o Aux-Loss (MLM) 48.39 41.50 51.50 62.00

HTA w/ Min ARTS Context (Lctx = 1) 37.42 26.03 43.07 53.18
HTA w/ Reduced HCA Scope (M ) 48.52 41.82 51.15 62.06

HTA (Full) 52.04 45.99 54.52 63.75

Table 3: Ablation study on ICEWS14 (values in %).

The ablations show that HTA relies most
strongly on temporal-context modeling and suf-
ficient historical context: removing TC and col-
lapsing ARTS to minimal context reduce MRR by
15.63 and 14.62 points, respectively. Self-attention
and token mixing are also complementary, each
causing over an 11-point MRR drop when removed,
while the auxiliary MLM loss and broader HCA
scope provide smaller but consistent gains. The
same trend holds across the additional datasets in
Appendix D.

5.4 Hyperparameter Analysis

We tuned HTA’s key hyperparameters on the
ICEWS14 validation set to establish an optimal bal-
ance between performance and computational cost.
Our main configuration employs an encoder depth
of N = 6 Attention-Mixer Transformer Blocks and
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a maximum ARTS context length of Lctx = 50,
analyzed in Section 5.5. For the embedding di-
mension, our analysis (shown in Figure 4) revealed
that performance on the ICEWS datasets gener-
ally peaked at d = 320. However, for the sparser
and higher-frequency GDELT dataset, a more com-
pact dimension of d = 256 yielded optimal results.
Accordingly, we used d = 320 for the ICEWS
datasets and d = 256 for GDELT in our final ex-
periments, while keeping the remaining architec-
ture and training settings shared across datasets. A
transfer check using the ICEWS14 configuration
on the other datasets changes MRR by at most 1.26
points, suggesting that HTA does not rely on heavy
per-dataset tuning.
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Figure 4: Performance (MRR) of HTA with varying
embedding dimensions across different datasets.

5.5 Analysis of ARTS Context Length
The maximum ARTS context length controls how
much historical evidence each query can attend
to. Figure 5 shows that performance on ICEWS14
peaks at Lctx = 50: increasing the context from 25
to 50 improves MRR from 49.35 to 52.04, while
longer contexts (75 or 100) bring a mild decline.
This trend indicates that HTA benefits from suf-
ficiently long temporal evidence, but indiscrimi-
nately adding more historical facts can introduce
noise and dilute attention. We attribute the decline
beyond Lctx = 50 to two effects: longer sequences
are more likely to include outdated or weakly re-
lated events, and the fixed attention budget is spread
across more tokens. Consistently, the entropy di-
agnostic in Appendix C shows final-layer attention
entropy rising from 1.92 at Lctx = 25 to 2.58 at
Lctx = 75, indicating less concentrated evidence
selection. We thus treat Lctx = 50 as an empir-
ically validated trade-off that captures sufficient

long-term dependencies while limiting contextual
noise and attention dilution.
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Figure 5: Impact of ARTS context length (Lctx) on
MRR performance for HTA on the ICEWS14 dataset.

5.6 Analysis of GPU Memory Consumption
We analyzed peak GPU memory consumption as
a function of key architectural parameters: model
depth (MLP-Mixer layers N ) and ARTS context
length (Lctx). As illustrated in Figure 6, the
memory-profile sweep was measured on NVIDIA
A800 GPUs and reports per-GPU peak memory.
Peak memory consumption clearly increases with
both a greater number of layers and longer ARTS
sequences. This highlights the necessity of balanc-
ing model complexity against available hardware
resources, particularly for large-scale applications.
Our selected parameters (N = 6 and Lctx = 50)
aim for a strong performance-to-resource efficiency.
In contrast, the front-end HCA sampling cost is
bounded by O(LpathM), and the encoder input is
capped at Lctx facts. With a pre-built neighbor in-
dex, ARTS preparation adds only a near-constant
per-query overhead across datasets (Appendix E),
so the dominant cost of scaling HTA comes from
the encoder stack rather than from sequence prepa-
ration.

6 Conclusions

We introduce HTA, a Hybrid Transformer Archi-
tecture for Temporal Knowledge Graph forecast-
ing that constructs query-specific Attention-Ready
Temporal Sequences (ARTS) via Historical Con-
text Aggregation, augments historical timestamps
with relation-aware temporal context based on
query-relative time differences, and refines the se-
quence with Attention-Mixer blocks. Across four
benchmarks HTA achieves state-of-the-art perfor-
mance, with especially large gains on the sparse,
high-frequency GDELT dataset. Ablations con-
firm that temporal-context encoding and sufficient
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Figure 6: Per-GPU peak memory (GB) of HTA under
different model depths and ARTS context lengths, mea-
sured on NVIDIA A800 GPUs.

ARTS context drive most of the improvement,
while self-attention, token mixing, and the aux-
iliary loss are complementary.

Limitations

Despite its strong performance, our model has lim-
itations. Its computational requirements for ARTS
construction and sequence processing can be de-
manding, particularly for very long histories or
massive graphs, potentially impacting scalability
and requiring substantial GPU resources. Key areas
for future enhancement include improving model
interpretability, learning adaptive context-selection
policies, extending the architecture to handle con-
tinuous timestamps instead of discrete ones, and
incorporating mechanisms for inductive forecast-
ing to manage unseen entities. Additionally, al-
though our main configuration transfers well across
datasets, extreme context lengths and dropout set-
tings can still affect performance and should be
selected with validation data. Addressing these
limitations presents avenues for future research.
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Algorithm 1 Historical Context Aggregation
(HCA) Algorithm

1: Input: Query (sq, rq, ?, tq), TKG history G<tq ,
maximum path budget Lpath, neighborhood
size M .

2: Output: Path facts P and aggregated context
Nctx.

3: Initialize path facts P ← [], path entities
Epath ← [sq], context set Nctx ← ∅.

4: scurrent ← sq.
5: for i = 1 to Lpath − 1 do
6: Let C be historical facts incident to scurrent,

oriented as (scurrent, r
′, e′, t′) via reciprocal

conversion when needed.
7: if C is empty then break
8: end if
9: Sample a fact Fi = (scurrent, r

′, e′, t′) uni-
formly from C.

10: P ← P ∪ {Fi}, Nctx ← Nctx ∪ {Fi}.
11: scurrent ← e′.
12: Append scurrent to Epath.
13: end for
14: for each entity sk ∈ Epath do
15: Let Nk be historical facts incident to sk,

oriented as (sk, rj , ej , tj).
16: Sample a subset Sk ⊆ Nk of size at most

M .
17: Nctx ← Nctx ∪ Sk.
18: end for
19: return P,Nctx.

A Historical Context Aggregation
Algorithm

B Extended Ablation Study on ARTS
Construction

This appendix provides additional ablation stud-
ies to further validate the design choices of our
proposed Attention-Ready Temporal Sequence
(ARTS).

B.1 Analysis of Sequence Ordering

To empirically validate the importance of the
chronological ordering within ARTS, we con-
ducted an ablation study comparing our full model
against two carefully designed baselines on the
ICEWS14 dataset.

Methodology We evaluate the following variants.
ARTS (Ours): The standard model as presented
in the main paper, where historical facts selected
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by the Historical Context Aggregation (HCA) mod-
ule are sorted chronologically. ARTS-random: A
variant that uses the exact same set of historical
facts selected by HCA, but the chronological order
of these facts within the sequence is randomly shuf-
fled. This isolates the impact of temporal ordering.
Random Sequences: A more basic baseline where
the HCA module is bypassed entirely. Instead, his-
torical facts are randomly sampled from the TKG
history to form the input sequence. This baseline
demonstrates the value of the HCA selection pro-
cess itself.

Results and Analysis The results, presented in
Table 4, confirm that both the selection and the
ordering of historical context are critical. The sub-
stantial performance gap between ARTS-random
and Random Sequences (e.g., an MRR improve-
ment of 18.94 points) highlights the crucial role of
our HCA module in identifying relevant historical
context. Furthermore, the superior performance of
the original ARTS model over ARTS-random demon-
strates that preserving the chronological sequence
of these events provides vital temporal cues that
the model leverages for more accurate forecasting.

Method MRR Hits@1 Hits@3 Hits@10

ARTS (Ours) 52.04 45.99 54.52 63.75
ARTS-random 50.48 43.99 53.15 63.13
Random Sequences 31.54 26.58 32.96 40.59

Table 4: Ablation study on the impact of sequence or-
dering and context selection on the ICEWS14 dataset.
Results validate the necessity of both the HCA process
and chronological ordering.

C Detailed Analysis of ARTS Context
Length (Lctx)

This section provides additional diagnostics for
the final ARTS context length Lctx summarized
in Section 5.5. It is distinct from the HCA path
budget Lpath in Algorithm 1; both are set to 50 in
the main configuration.

Factors Influencing Performance Degradation
for Lctx > 50 We attribute the performance de-
cline for sequences longer than the optimal length
to two primary factors. First, the introduction of
contextual noise occurs as excessively long con-
texts risk incorporating outdated or irrelevant his-
torical events. This noise can obscure the signal
from more causally important facts, hindering the
model’s ability to generalize. Second, attention

dilution becomes problematic because the self-
attention mechanism operates with a fixed prob-
ability mass. As the sequence length increases,
this attention budget is spread more thinly across
a larger number of tokens, making it difficult for
the model to assign sufficiently high weights to the
few truly decisive historical events.

To provide quantitative evidence for attention
dilution, we measured the mean attention entropy
of the final layer across different context lengths.
As shown in Table 5, attention entropy—a mea-
sure of the uniformity of the attention distribution—
steadily increases with Lctx. A higher entropy in-
dicates a more spread-out, less focused attention
mechanism. This finding supports our hypothesis
that longer sequences can lead to a less decisive
model.

Context Size (Lctx) Mean Attention Entropy Std Dev of Entropy

25 1.92 0.52
50 2.33 0.57
75 2.58 0.59

Table 5: Analysis of mean attention entropy as a
function of ARTS context length (Lctx) on ICEWS14.
Higher entropy at longer sequence lengths suggests in-
creased attention dilution.

The selection of Lctx = 50 represents an em-
pirically validated trade-off, providing an optimal
balance that captures sufficient long-term depen-
dencies while mitigating the adverse effects of con-
textual noise and attention dilution.

D All-Dataset Component Ablations

Table 6 reports the additional component ablations
on the three datasets beyond the ICEWS14 main-
table analysis. The trends are consistent across
datasets: removing Temporal Context (TC) or re-
ducing ARTS to minimal context causes the largest
degradation, while the auxiliary loss and HCA
scope provide smaller but consistent gains.

E Efficiency and Robustness Details

Table 7 reports wall-clock training time, full test-
set inference time, and average ARTS construction
time per query. Training and inference are mea-
sured on four NVIDIA RTX4090 GPUs, while the
memory-profile sweep in Figure 6 is measured on
NVIDIA A800 GPUs. HCA neighborhood sam-
pling is bounded by O(LpathM) with Lpath = 50
and M = 50, while the retained encoder context
is capped at Lctx = 50 facts. With a pre-built
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Dataset Variant MRR Hits@1 Hits@3 Hits@10

GDELT

HTA (Full) 42.44 34.94 46.01 55.29
HTA w/o Temporal Context (TC) 26.18 18.45 28.72 40.33
HTA w/o Aux-Loss (MLM) 39.15 31.82 42.58 52.47
HTA w/ Min ARTS Context (Lctx) 25.73 18.02 28.15 39.87
HTA w/ Reduced HCA Scope (M ) 38.92 31.58 42.25 52.13

ICEWS18

HTA (Full) 46.35 39.44 49.43 58.89
HTA w/o Temporal Context (TC) 30.59 21.34 35.14 47.88
HTA w/o Aux-Loss (MLM) 42.93 35.19 46.28 57.01
HTA w/ Min ARTS Context (Lctx) 30.21 21.03 34.72 47.63
HTA w/ Reduced HCA Scope (M ) 42.78 35.07 46.10 56.92

ICEWS05-15

HTA (Full) 59.14 52.27 62.77 71.72
HTA w/o Temporal Context (TC) 43.76 33.92 48.90 61.46
HTA w/o Aux-Loss (MLM) 55.96 48.22 59.92 70.10
HTA w/ Min ARTS Context (Lctx) 43.44 33.64 48.55 61.24
HTA w/ Reduced HCA Scope (M ) 56.14 48.37 60.04 70.18

Table 6: Ablation study on GDELT, ICEWS18, and ICEWS05-15 (values in %).

neighbor index, its per-query time remains nearly
constant across datasets. The GPU memory anal-
ysis reports per-GPU peak memory consumption
rather than average memory.

E.1 HCA Sampling Robustness

Randomness in HCA is controlled by the fixed
seeds described in Section 5.1.4. On GDELT, five
runs with different seeds give MRR 42.42± 0.31,
Hits@1 34.91 ± 0.28, Hits@3 45.98 ± 0.35, and
Hits@10 55.25±0.27. As an additional ICEWS14
check, random neighbor selection (52.04 MRR)
slightly outperforms deterministic most-recent se-
lection (51.38 MRR), suggesting that the stochastic
HCA policy is not a source of instability.

For neighborhood coverage, ICEWS14 has an
average of 127.5 neighbors per entity (median
89), with 28.3% of entities having fewer than 50
neighbors and a 3.2% early path-termination rate.
GDELT has an average of 358.2 neighbors per en-
tity (median 215), with 12.7% of entities having
fewer than 50 neighbors and a 1.1% early termina-
tion rate.

F Datasets

We evaluate our model on four widely used bench-
mark datasets: ICEWS14, ICEWS18, ICEWS05-
15, and GDELT. These datasets consist of times-
tamped events that record interactions between
entities. The ICEWS datasets (Integrated Crisis
Early Warning System) capture international politi-
cal events with a time granularity of 24 hours. In
contrast, GDELT (Global Database of Events, Lan-
guage, and Tone) is much larger and records events
at 15-minute intervals. Detailed statistics for each

dataset, including the counts of entities, relations,
and data splits, are summarized in Table 8.
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Dataset #Entities #Facts (all splits) ARTS Time (ms/query) Train Time (h) Inference Time (s)

ICEWS14 7,128 90,740 2.35 6.2 42.5
ICEWS18 23,033 468,558 2.42 19.5 135.8
ICEWS05-15 10,488 460,819 2.38 18.8 128.4
GDELT 7,691 2,278,405 2.48 48.5 856.3

Table 7: Scalability and efficiency analysis across datasets.

Dataset # Entity # Relation # Train # Valid # Test Interval

ICEWS14 7,128 230 72,837 8,940 8,963 24 hours
ICEWS18 23,033 256 373,018 45,995 49,545 24 hours
ICEWS05-15 10,488 251 368,672 46,093 46,054 24 hours
GDELT 7,691 240 1,734,399 238,765 305,241 15 mins

Table 8: Statistics of datasets used in the experiments.
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