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Abstract
Temporal Knowledge Graph (TKG) extrap-
olation aims to predict future events based
on historical facts. Recent studies have at-
tempted to enhance TKG extrapolation by inte-
grating TKG’s evolving structural representa-
tions and textual event chains into Large Lan-
guage Models (LLMs). Yet, two main chal-
lenges limit these approaches: (1) The loss of
essential spatial-temporal information due to
shallow alignment between TKG’s graph evolv-
ing structural representation and the LLM’s
semantic space, and (2) the progressive dilu-
tion of the TKG’s evolving structural features
during LLM fine-tuning. To address these
challenges, we propose the Spatial-Temporal
Knowledge Adapter (STK-Adapter), which
flexibly integrates the evolving graph encoder
and the LLM to facilitate TKG reasoning. In
STK-Adapter, a Spatial-Temporal MoE is de-
signed to capture spatial structures and tem-
poral patterns inherent in TKGs. An Event-
Aware MoE is employed to model intricate
temporal semantic dependencies within event
chains. In addition, a Cross-Modality Align-
ment MoE is proposed to facilitate deep cross-
modality alignment by TKG-guided attention
experts. Extensive experiments on benchmark
datasets demonstrate that STK-Adapter signif-
icantly outperforms state-of-the-art methods
and exhibits strong generalization capabilities
in cross-dataset tasks. The code is available
at https://github.com/Zhaoshuyuan0246/
STK-Adapter.

1 Introduction

Temporal Knowledge Graphs (TKGs) store dy-
namic facts in the real world. Each fact, or event,
in TKGs is formally represented as a structured
quadruple: (subject, relation, object, timestamp).
TKG Extrapolation aims to predict future events
based on historical facts, playing a vital role in crit-
ical domains such as financial risk management,
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recommendation systems, and medical assistance
(Zhao et al., 2025; Yao et al., 2025; Chen et al.,
2025a; Yin et al., 2026).

Previous research on TKG extrapolation, such
as TiRGN (Li et al., 2022) and LogCL (Chen et al.,
2024), focuses on capturing spatial-temporal de-
pendencies among events by modeling TKG snap-
shot sequences. Despite their effectiveness, these
methods embed events into latent representation
spaces, which lose the textual semantic aspects of
events in TKGs (Liao et al., 2023). With the emer-
gence of Large Language Models (LLMs), several
approaches have leveraged their powerful seman-
tic reasoning capabilities for TKG extrapolation
(Liao et al., 2023; Luo et al., 2024). The LLM-
based methods linearize structured TKGs into tex-
tual event chains via various retrieval strategies
and employ them for instruction fine-tuning. Yet,
the linearization process hinders LLMs from fully
preserving and modeling the evolving structural
features inherent in TKGs (Huang et al., 2023).

Recent studies, such as GenTKGQA (Gao et al.,
2024) and TGL-LLM (Chang et al., 2025), attempt
to integrate TKG’s evolving structural representa-
tions with textual event chains into LLMs. By fine-
tuning LLMs to align graph embeddings with their
semantic space, these approaches jointly leverage
spatial-temporal structural signals and the inher-
ent semantic reasoning capabilities of LLMs, im-
proving extrapolation performance. Nevertheless,
these methods suffer from two critical limitations:
(1) Shallow alignment of TKG’s evolving struc-
tural representations with the LLM’s seman-
tic space results in the loss of essential spatial-
temporal information. During the alignment, pre-
vious methods employ simplistic one-shot projec-
tion techniques (e.g., Multi-Layer Perceptron) to
map TKG’s evolving structural representations into
tokens within the LLM’s semantic space, as illus-
trated in Figure 1(a). This superficial alignment
fails to fully preserve TKG’s spatial-temporal infor-
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Figure 1: Limitations of existing approaches for inte-
grating TKG embeddings with LLMs, and the intuition
behind our proposed STK-Adapter. (a) The shallow
projector hinders the alignment of TKG embeddings
(red blocks) with text embeddings (yellow blocks), and
the evolving structural information inherent in TKG is
progressively diluted across LLM layers during fine-
tuning. (b) Our STK-Adapter integrates TKG embed-
dings (purple blocks) at each layer, facilitating deep and
progressive alignment with the LLM’s semantic space.

mation. (2) The TKG’s evolving structural fea-
tures are progressively diluted within the LLM
during the fine-tuning. LLMs are inherently opti-
mized for next-token prediction, which biases their
hidden states toward textual semantics. As shown
in Figure 1(a), during fine-tuning, LLMs prioritize
textual semantic representations, while the evolv-
ing structural features of TKGs are progressively
diluted across layers, limiting the LLM’s capacity
to model temporal graph structures.

To address these limitations, we propose Spatial-
Temporal Knowledge Adapter (STK-Adapter),
which establishes dedicated processing pathways
in each LLM layer to progressively capture TKG’s
evolving structural representations and textual
event chains. Inspired by the Mixture-of-Experts
(MoE), widely adopted in LLMs to model com-
plex and heterogeneous data (Han et al., 2024), the
STK-Adapter involves three MoE modules with
independent expert pools: a Spatial-Temporal MoE
(ST-MoE), an Event-Aware MoE (EA-MoE), and
a Cross-Modality Alignment MoE (CMA-MoE).
The ST-MoE employs specialized experts to cap-
ture diverse spatial structures and temporal patterns
inherent in TKGs. The EA-MoE guides the LLM
to learn complex temporal semantic dependencies
in event chains through an event-aware router. The
CMA-MoE employs TKG-guided attention experts
to facilitate deep, cross-modality alignment. STK-

Adapter ensures that both the evolving structure of
TKGs and the semantic context of event chains are
effectively leveraged by the LLM for TKG extrap-
olation.

The contributions of our work are as follows:

• We propose a novel STK-Adapter that flexi-
bly integrates an evolving graph encoder with
LLMs to facilitate TKG extrapolation, achiev-
ing a synergistic advantage between evolving
graph structures and textual semantics.

• We design three MoE modules to estab-
lish dedicated pathways for capturing spatial-
temporal features in TKGs, modeling tempo-
ral semantic dependencies within event chains,
and achieving deep cross-modality alignment,
ensuring TKG’s evolving structures and event
chains are effectively captured and integrated
in the LLM for TKG extrapolation.

• Extensive experiments demonstrate that STK-
Adapter significantly outperforms state-of-the-
art methods on benchmark datasets and ex-
hibits strong generalization capabilities in
cross-dataset tasks.

2 Related Work

2.1 Temporal Knowledge Graph
Extrapolation

Temporal Knowledge Graph Extrapolation aims to
predict future events by leveraging historical in-
formation in TKGs. Embedding-based methods
employ deep neural networks to model historical
events in the latent space (Zhang et al., 2025b;
Chen et al., 2025b). For example, REGCN (Li
et al., 2021) captures both spatial and temporal de-
pendencies across TKG snapshots. With the emer-
gence of LLMs, some methods have explored their
application to TKG extrapolation (Chen, 2024;
Wang et al., 2024b). Methods such as CoH (Luo
et al., 2024) linearize TKGs into event chains and
fine-tune LLMs for prediction. Nevertheless, lin-
earization inevitably discards the intricate topolog-
ical structures of TKGs (Huang et al., 2023). To
mitigate this issue, recent studies inject TKG rep-
resentations into LLMs via projector modules. For
instance, GenTKGQA (Gao et al., 2024) and TGL-
LLM (Chang et al., 2025) align TKG’s evolving
structural representations with the LLM’s semantic
space via a linear layer or MLPs. However, these
approaches often result in shallow alignment and
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Figure 2: The overall architecture of STK-Adapter consists of three MoEs: the ST-MoE, the EA-MoE, and the
CMA-MoE.

progressive dilution of the TKG’s evolving struc-
tures. In contrast, our work deeply integrates TKG
representations and event chains with LLMs, en-
abling LLMs to jointly capture the evolving graph
structures and textual semantics, facilitating effi-
cient TKG extrapolation.

2.2 Mixture of Experts

A Mixture-of-Experts consists of a router and mul-
tiple expert networks, where the router adaptively
activates a subset of experts for each input. By
assigning inputs to specialized experts, MoE en-
ables sparse computation while significantly en-
hancing model capacity and performance (Jacobs
et al., 1991; Shazeer et al., 2017). Due to its abil-
ity to handle heterogeneous inputs through expert
specialization, MoE has been widely adopted in
multi-modal applications (Han et al., 2024).

Recently, MoE has been applied to Parameter-
Efficient Fine-Tuning (PEFT) of LLMs by integrat-
ing multiple low-rank experts (Houlsby et al., 2019;
Hu et al., 2022) in parallel into the Feed-Forward
Network (FFN) layers (Wang et al., 2022; Zhang
et al., 2025a; Wu et al., 2026; Liao et al., 2025).
Such a design facilitates specialized feature extrac-
tion while preserving LLM’s foundational knowl-
edge, alleviating catastrophic forgetting (Dou et al.,
2024). Inspired by these advances, we propose
STK-Adapter, which incorporates three low-rank
MoE modules for capturing spatial-temporal fea-
tures in TKGs, modeling temporal semantic depen-
dencies within event chains, and achieving deep
cross-modality alignment.

3 Preliminaries

A Temporal Knowledge Graph, denoted as G, is
formally defined as a sequence of TKG snapshots
ordered by timestamps: G = {G1,G2, . . . ,G|T |}.
Each snapshot Gt = (E ,R,Ft) is a directed multi-
relational graph with temporal attributes, recording
the set of eventsFt at timestamp t ∈ T . Each event
is represented as a quadruple (s, r, o, t), where the
subject entity s ∈ E and the object entity o ∈ E are
connected by a relation r ∈ R at timestamp t ∈ T .

Temporal Knowledge Graph Extrapolation aims
to predict a missing object (or subject) entity
for a given temporal query, such as (s, r, ?, t) or
(?, r, o, t), based on the sequence of historical TKG
snapshots {G1,G2, . . . ,Gt−1}. All tasks are formu-
lated as predicting the most plausible object o from
the candidate set E , with inverse relations included.

4 Our Approach

As illustrated in Figure 2, STK-Adapter is inte-
grated into each LLM layer to model evolving struc-
tural representations and event chains of TKGs, en-
abling the LLM to jointly leverage spatial-temporal
signals and temporal semantic dependencies for
TKG extrapolation. STK-Adapter involves three
MoE modules: ST-MoE, EA-MoE, and CMA-
MoE. The ST-MoE captures spatial structures and
temporal patterns embedded in TKGs. The EA-
MoE models intricate temporal semantic dependen-
cies within event chains. The CMA-MoE facili-
tates deep cross-modality alignment between the
evolving structural representations of TKGs and
the semantic space of LLMs. Finally, an Adap-
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tive Fusion module integrates the outputs of these
modules.

4.1 Spatial-Temporal Mixture of Experts
ST-MoE aims to leverage specialized experts for
layer-wise spatial-temporal modeling, mitigating
the progressive dilution of evolving structural in-
formation during deep LLM propagation.

4.1.1 Evolving Graph Encoder
To enable LLMs to comprehend the evolving struc-
ture of TKGs, we adopt a pre-trained Evolving
Graph Encoder (e.g., LogCL (Chen et al., 2024))
that learns expressive representations of entity and
relation evolution in TKGs. The pre-training pro-
cess introduces no additional computational over-
head during the STK-Adapter fine-tuning.

Given a query q = (s, r, ?, t), we con-
struct a sequence of historical subgraphs G<t =
{G1, . . . ,Gt−1} to provide essential historical con-
text (details in Appendix A). The historical sub-
graph sequence G<t is then encoded by the encoder
fg into evolving structural representations:

H(t)
E ,H(t)

R = fg(G<t), (1)

where H(t)
E ∈ R|E|×dg and H(t)

R ∈ R|R|×dg denote
entity and relation embedding matrices of dimen-
sion dg. We extract the query-specific subject and
relation embeddings, H(t)

s , H(t)
r ∈ R1×dg , concate-

nating them to form the initial TKG representation
H0
g ∈ R1×2dg . Formally, H0

g = [H(t)
s ;H(t)

r ], where
[; ] denotes concatenation operation. This represen-
tation serves as the structural input to the first layer
of the ST-MoE module.

4.1.2 MoE for Evolving Graph
The ST-MoE is designed to capture diverse spatial
structures and temporal patterns inherent in TKG’s
evolving structural representations. ST-MoE em-
ploys a sparsely activated router that dynamically
assigns TKG embeddings to specialized experts,
each optimized for spatial-temporal modeling.

At the l-th layer of the STK-Adapter, the router
fST_router computes routing weights based on the
TKG’s evolving structural representation Hl−1

g

from the preceding layer and activates the Top-k
experts with the highest routing weights:

gatel = fST_router(Hl−1
g ),Al = Top-k(gatel), (2)

where gatel ∈ Rn denotes the normalized routing
weights for n experts, and Al ∈ Nk is the indices
of k activated experts at l-th layer.

To ensure parameter efficiency, each expert em-
ploys a bottleneck structure consisting of a down-
projection layer fdown, a non-linear activation fnl,
and an up-projection layer fup, which enables each
expert to model complex spatial-temporal patterns
within a specialized latent subspace (Chen et al.,
2022). The i-th activated expert operation is de-
fined as:

E(i)(Hl−1
g ) = f

(i)
up

(
f
(i)
nl

(
f
(i)
down(H

l−1
g )

))
, (3)

where i ∈ Al, f (i)
down and f

(i)
up are the unique layers

for the i-th expert E(i), and f
(i)
nl is ReLU activation.

The final output of the ST-MoE is an aggregation
of the expert outputs, weighted by their routing
values:

Hl
g =

∑

i∈Al

gateli · E(i)(Hl−1
g ). (4)

The representation Hl
g encodes rich spatial-

temporal features. By iteratively capturing TKG’s
evolving structure, the ST-MoE mitigates informa-
tion dilution during deep LLM propagation.

4.2 Event-Aware Mixture of Experts
EA-MoE aims to activate specialized experts to
model the temporal semantic patterns within event
chains, guiding the LLM to understand complex
event dependencies.

4.2.1 Temporal Logic Rule Retrieval
The effectiveness of LLMs for TKG extrapola-
tion depends on the quality of linearized historical
contexts for each query (Lee et al., 2023). Thus,
we adopt a Temporal Logic Rule (TLR) retrieval
module (Liu et al., 2022; Liao et al., 2023) to ex-
tract temporally and semantically relevant histori-
cal event chains for the target query.

The TLR retrieval module mines latent temporal
logic rules from the TKG and then applies them
to retrieve query-specific historical event chains.
These retrieved events are further formatted into
instructions, supplying the LLMs with the essential
temporal evidence and semantic context for reason-
ing. Detailed descriptions of the TLR retrieval pro-
cess, instruction construction, sensitivity analyses
of TLR-retrieved information quality, and analyses
of retrieval strategies are provided in Appendix B.

4.2.2 MoE for Event Chains
Events in TKGs frequently exhibit recurrent pat-
terns and intricate temporal dependencies. Al-
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though modeling evolving graph structures effec-
tively captures spatial–temporal features, it remains
insufficient for characterizing the temporal dynam-
ics and complex semantic dependencies inherent
in event chains (Lee et al., 2023). To better enable
LLMs to learn these complex patterns, we intro-
duce EA-MoE. While the EA-MoE adopts a similar
architecture to ST-MoE, it is specifically designed
to model complex temporal ordering, event repeti-
tion, and semantic dependencies in event chains.

The core component of EA-MoE is an event-
aware router fEA_router, which assigns a shared rout-
ing signal to all tokens belonging to the same event
at a given timestamp. Such a design ensures consis-
tent processing of tokens within the same event and
enables effective modeling of complex temporal
patterns in event chains. To implement this, the
event chain C is tokenized and then encoded by
self-attention, yielding the intermediate representa-
tion Ĥ

l
text ∈ R|C|×dt at l-th LLM layer, where dt is

the LLM hidden dimension. For the j-th token, the
routing signal is computed from the hidden state of
its corresponding time token τ(j):

ˆgatelj = ˆgatelτ(j) = fEA_router(Ĥ
l
τ(j)), (5)

where τ(j) maps token j to the position of its corre-
sponding time token, and Ĥ

l
τ(j) denotes the hidden

state of that time token within Ĥ
l
text. The subse-

quent expert processing and aggregation follow
the operations in Eqs. (3) and (4) to produce the
enhanced event chain representations Hl

text. The
EA-MoE enables experts to specialize in distinct
temporal semantic patterns, ultimately guiding the
LLM to learn complex dependencies among events.

4.3 Cross-Modality Alignment Mixture of
Experts

Due to the inherent modality gap between evolving
structural representations of TKGs and the seman-
tic space of LLMs, conventional shallow projection
methods are often insufficient to achieve effective
cross-modality alignment. The CMA-MoE intro-
duces TKG-guided attention experts that adaptively
augment textual event chain representations with
spatial-temporal context at each LLM layer, facili-
tating deep and progressive alignment.

Similar to the routing strategy of ST-MoE, the
router fCMA_router at the l-th STK-Adapter layer
leverages the TKG’s evolving structural representa-
tion Hl−1

g to dynamically activate the Top-k experts.

This operation allows the LLM to prioritize align-
ment in spatial and temporal perspectives. Each
expert implements a TKG-guided attention mod-
ule with a parameter-efficient bottleneck design.
Specifically, the event chain representation Ĥ

l
text

serves as the Query Q, while the TKG representa-
tion Hl−1

g functions as Key K and Value V , allow-
ing the expert to enrich the textual representation
with the evolving structural knowledge from TKG.
The computation for the i-th expert is defined as:

Q = Ĥ
l
textW

(i)
Q ,K = Hl−1

g W
(i)
K , V = Hl−1

g W
(i)
V ,
(6)

Hl
CMA,i =

(
Softmax

(
QK⊤
√
dk

)
V

)
W

(i)
O , (7)

where W
(i)
Q ∈ Rdt×dk , W (i)

K , W (i)
V ∈ R2dg×dk are

expert-specific linear projection matrices to a bot-
tleneck dimension dk, and W

(i)
O ∈ Rdk×dt is an up-

projection back to the LLM hidden dimension. The
outputs Hl

CMA,i ∈ R|C|×dt from activated experts
are aggregated via routing weights to produce the
structurally enhanced text representations Hl

CMA.
By iteratively infusing TKG features across layers,
the CMA-MoE progressively refines event chains
and deeply aligns the LLM’s semantic space with
the TKG’s evolving structural representations.

4.4 Adaptive Fusion

The Adaptive Fusion Module aggregates outputs
from the ST-MoE, EA-MoE, and CMA-MoE mod-
ules using distinct fusion strategies for textual and
TKG representations.

For the textual pathway, a dynamic gating net-
work fgate integrates the refined text features from
the EA-MoE, Hl

text, and the CMA-MoE, Hl
CMA.

The process produces an enhanced textual repre-
sentation Hl

enhanced ∈ R|C|×dt that captures both
temporal semantic dependencies in event chains
and evolving structure of TKGs:

Hl
enhanced = fgate(H

l
CMA,Hl

text). (8)

The enhanced representation is then combined
with the text hidden state Ĥ

l
text via a residual con-

nection and fused with the feed-forward output
Hl

FFN ∈ R|C|×dt , resulting in the final text represen-
tation Hl

text for the next LLM layer:

Hl
text = Ĥ

l
text + Hl

enhanced + Hl
FFN. (9)
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For the TKG pathway, the ST-MoE output Hl
g is

combined with the initial embedding H0
g:

Hl
g = Hl

g + H0
g, (10)

where H0
g acts as a structural reference to alleviate

information loss.

4.5 Training and Inference

During training, the final textual representations are
fed into the LLM head to autoregressively predict
the target entity. The model is optimized with a
composite loss consisting of cross-entropy and a
load-balancing loss for expert utilization.

L = −
|Y |∑

i=1

logP (yi|y<i, C,G) + α

n∑

j=1

fj · pj ,

(11)
where Y = {y1, . . . , y|Y |} denotes the target entity
token sequence, C represents input event chains, n
is the number of experts, α is the balance coeffi-
cient, fj and pj represent the routing fraction and
average routing weights of expert j, respectively.

During inference, beam search is used to gener-
ate candidate entity sequences, retaining the Top-B
most probable outputs at the decoding step (Luo
et al., 2024). The specific implementation details
are described in Appendix C. To improve rank-
ing accuracy, we adopt a hybrid scoring strategy
(Wang et al., 2024a) that combines the LLM de-
coding score SLLM(o) with a topology-aware score
STKG(o):

S(o) = (1− λ) · SLLM(o) + λ · STKG(o), (12)

where λ ∈ [0, 1] is a weighting coefficient, STKG(o)
is the normalized score obtained by applying a
scoring function to the representation by fg.

5 Experiments

5.1 Experimental Setting

5.1.1 Datasets

We evaluate STK-Adapter on four TKG datasets:
ICE14, ICE18, ICE15 (Boschee et al., 2015), and
WIKI (Dasgupta et al., 2018). Following the
chronological splitting in Li et al. (2021), we use
an 8:1:1 ratio for training, validation, and testing.
Detailed statistics are provided in Appendix D.

5.1.2 Baselines
To validate the effectiveness of STK-Adapter, we
compare it with 9 up-to-date methods, including
REGCN (Li et al., 2021), TiRGN (Li et al., 2022),
LogCL (Chen et al., 2024), CognTKE (Chen et al.,
2025c), GPT-NeoX (Lee et al., 2023), GenTKG
(Liao et al., 2023), CoH (Luo et al., 2024), LLM-
DA (Wang et al., 2024a), and MESH (Deng et al.,
2025). Descriptions of these baselines are provided
in Appendix E.

5.1.3 Implementation Details
We adopt Llama3-8B (AI@Meta, 2024) as the
frozen backbone LLM with a hidden dimension of
dt=4096 and only fine-tune the STK-Adapter for 2
epochs. The evolving graph encoder is pre-trained
with dg=200 and kept frozen during fine-tuning.
STK-Adapter employs three MoE modules with
n = 4 experts each, Top-1 routing, and an internal
dimension of dk=8. The beam search uses B=20.
All baseline hyperparameters follow the original
papers. More details are provided in Appendix F.

5.1.4 Metrics
We evaluate performance using the Hit@K metric
with K ∈ {1, 3, 10}, which measures the propor-
tion of instances in which the ground-truth entity
ranks among the Top-K candidates. Since LLMs
cannot explicitly score all entities, we employ beam
search (Sutskever et al., 2014) over the LLM’s out-
put probability to generate the high-confidence can-
didate sequences. The Hit@1/3/10 is then com-
puted by checking whether the ground-truth entity
appears in these sequences and recording its rank
(Luo et al., 2024).

5.2 Experimental Results

5.2.1 Overall Performance
Table 1 presents the results of STK-Adapter and all
baselines. The STK-Adapter consistently achieves
the best performance across all datasets. While
MESH and LLM-DA, which integrate TKG repre-
sentations with LLMs, outperform single-modality
approaches on ICE14 and WIKI, their advantage
diminishes on the more complex ICE15 and ICE18
datasets. The decline is primarily due to their shal-
low integration strategies, which fail to capture the
intricate event dependencies in complex datasets.
Specifically, MESH aligns textual and TKG em-
beddings via an MLP and combines them with
weighted aggregation, while LLM-DA incorporates
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Table 1: Overall performance comparison. The best results are in boldface, and the second-best results are
underlined.

Model ICE14 ICE18 ICE15 WIKI

Hit@1 Hit@3 Hit@10 Hit@1 Hit@3 Hit@10 Hit@1 Hit@3 Hit@10 Hit@1 Hit@3 Hit@10

REGCN 30.66 44.96 59.21 21.01 34.34 48.75 37.33 53.85 68.27 73.75 80.38 83.68
TiRGN 33.83 48.95 63.84 23.19 37.09 54.22 39.25 56.13 70.71 77.77 85.12 87.08
CognTKE 36.49 51.11 64.49 25.21 39.93 54.71 42.62 59.42 72.70 80.01 86.07 87.34
LogCL 37.76 54.71 70.26 24.53 40.32 57.74 46.07 63.72 77.87 70.85 79.11 85.59

GPT-NeoX 32.39 45.03 55.75 19.17 30.34 40.89 35.70 49.81 58.62 54.34 61.98 64.80
CoH 34.63 47.92 59.36 20.77 36.17 52.31 36.39 51.83 66.35 74.00 79.54 85.43
GenTKG 34.87 47.34 61.91 21.50 36.62 49.57 36.01 52.54 68.67 72.81 80.24 84.60
MESH 35.22 50.42 64.25 23.61 38.46 54.18 38.62 54.95 68.60 75.03 82.98 86.37
LLM-DA (REGCN) 35.13 50.99 65.16 22.20 35.92 51.35 38.68 55.57 69.63 77.82 81.53 83.12
LLM-DA (TiRGN) 36.82 53.19 67.57 22.53 36.29 51.81 39.22 55.93 69.98 79.73 84.43 85.45
LLM-DA (CognTKE) 36.83 52.30 65.58 22.94 37.07 52.91 39.51 57.19 71.91 84.18 85.68 86.71
LLM-DA (LogCL) 37.71 53.14 66.62 22.83 36.63 52.08 40.90 56.93 70.70 79.10 83.75 84.47

STK-Adapter (REGCN) 37.26 52.86 67.57 23.38 39.53 54.28 42.33 55.31 69.62 82.14 87.08 88.43
STK-Adapter (TiRGN) 38.51 53.73 67.78 25.60 43.71 55.49 44.37 61.72 72.68 81.54 87.15 88.44
STK-Adapter (CognTKE) 40.20 54.91 68.09 26.88 45.91 57.56 44.62 62.83 74.11 84.38 86.98 87.88
STK-Adapter (LogCL) 41.16 59.03 70.73 25.95 44.68 59.42 48.82 65.83 78.22 82.43 87.22 88.53

the TKG score only at inference without internaliz-
ing evolving structure into the LLM. STK-Adapter
employs a layer-wise integration strategy, capturing
TKG representations at each LLM layer and deeply
aligning them with the LLM’s semantic space.
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Figure 3: A comparison of Hit@1 performance be-
tween STK-Adapter and MESH on four datasets, using
three backbone LLMs: Llama3-8B, Qwen2.5-7B, and
Mistral-7B.

5.2.2 Compatibility Analysis
To assess the compatibility of STK-Adapter with
different evolving graph encoders, we evaluate
its performance with four pre-trained encoders:
REGCN, TiRGN, CognTKE, and LogCL. As
shown in Table 1, STK-Adapter significantly out-
performs the best baseline, LLM-DA, when us-
ing the same encoder. The advantage stems from
the ST-MoE module, which serves as an encoder-
agnostic processor capable of effectively extracting
essential features from the output of any given en-

coder. Then, the CMA-MoE module deeply aligns
these features with the LLM’s semantic space, en-
suring consistent comprehension regardless of the
feature source. Notably, the result underscores that
STK-Adapter works with any pre-trained evolving
graph encoder without requiring end-to-end retrain-
ing, reducing the practical implementation costs.

We also evaluate STK-Adapter across different
LLMs by comparing it with MESH, a near SOTA
method that integrates TKG with LLMs, using
three mainstream LLMs: Llama3-8B, Qwen2.5-
7B, and Mistral-7B. For a fair comparison, both
models employ REGCN as the evolving graph en-
coder. Figure 3 shows that STK-Adapter integrates
seamlessly with all tested LLMs, while maintaining
a consistent performance advantage over MESH.
These results indicate that, regardless of the LLM
used, STK-Adapter’s deep, layer-wise integration
strategy enables effective utilization of TKG knowl-
edge, leading to stable performance improvements.

Table 2: The results of ablation studies.

ICE14 WIKI

Method Hit@1 Hit@3 Hit@10 Hit@1 Hit@3 Hit@10

STK-Adapter 37.26 52.86 67.57 82.14 87.08 88.43
-w/o EA-MoE 35.56 49.38 59.59 74.36 80.00 81.61
-w/o ST-MoE 37.03 52.06 63.42 80.11 85.71 87.44
-w/o CMA-MoE 36.86 51.57 64.67 80.08 85.72 87.02
-w/o ST- & CMA-MoE 33.12 48.82 63.38 78.37 83.45 84.25
-w/o MoE 35.48 49.92 61.49 79.78 84.74 85.49
-w/o Hybrid Score 37.05 52.45 65.15 81.09 86.33 87.50
-w LoRA 32.47 45.30 57.13 72.10 75.79 76.20

5.3 Ablation Studies
To evaluate the contribution of each STK-Adapter
component, we conduct ablation studies on the
ICE14 and WIKI datasets, utilizing REGCN as the
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evolving graph encoder. The results are presented
in Table 2. The -w/o EA-MoE variant removes
the Event-Aware MoE module, the -w/o ST-MoE
variant excludes the Spatial-Temporal MoE mod-
ule, and the -w/o CMA-MoE variant eliminates the
Cross-Modality Alignment MoE module, simplify-
ing the fusion to a direct addition of text and TKG
representations. The -w/o ST- & CMA-MoE variant
removes the entire TKG processing branch, while
-w/o MoE replaces the entire MoE architecture with
a single standard adapter. The -w/o Hybrid Score
variant disables the hybrid scoring strategy during
inference, and the -w LoRA variant substitutes the
STK-Adapter with a LoRA module.

The results show that the variants -w/o EA-MoE,
-w/o ST-MoE, and -w/o CMA-MoE consistently per-
form worse than STK-Adapter, highlighting the
effectiveness of each MoE module. The significant
drop in the -w/o ST- & CMA-MoE variant under-
scores the necessity of integrating TKG’s evolving
structure into the LLM for reasoning. Furthermore,
the inferior performance of the -w/o MoE variant
confirms that the MoE design captures more com-
prehensive and specialized features than a single
adapter. The minimal performance change in the
-w/o Hybrid Score variant demonstrates that STK-
Adapter’s strength lies in deep representation align-
ment and fusion, rather than a dependency on the
evolving graph model’s raw output scores. Finally,
the results of the -w LoRA variant highlight the
superiority of STK-Adapter over standard LoRA.

Table 3: A comparative analysis of computational effi-
ciency. Params are the total model parameters, Train
Params are the trainable parameters, Act.Params are the
parameters activated during inference, and Time is the
inference time per instance.

Model Params Train Params Act. Params Time Hit@1

CoH 8,051.23M 20.97M 440.08M 3.87s 34.63
GenTKG 8,037.08M 6.82M 396.17M 3.75s 34.87
MESH 8,057.28M 27.02M 97.54M 3.71s 35.22

STK-Adapter 8,045.53M 15.27M 323.77M 3.63s 37.26

5.4 Efficiency Analysis

To assess the efficiency of STK-Adapter, we com-
pare it with several Llama3-8B-based methods on
the ICE14 dataset. As shown in Table 3, STK-
Adapter achieves the fastest inference time per in-
stance while maintaining a competitive model size
and a relatively small number of trainable param-
eters. Compared with LoRA-based methods, in-
cluding CoH and GenTKG, STK-Adapter achieves

superior performance while activating fewer param-
eters during inference. Notably, despite incorporat-
ing three MoE modules, STK-Adapter maintains
high inference efficiency by activating only a small
subset of experts per input. Although MESH acti-
vates the fewest parameters, the efficiency stems
from its reliance on pre-generated text represen-
tations, which largely bypass LLM computation
during inference. Overall, the results demonstrate
that STK-Adapter achieves an effective balance
between computational efficiency and model per-
formance.
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Figure 4: A comparison of Hit@1 performance among
STK-Adapter, LLM-DA, and CognTKE in a cross-
dataset generalization setting.

5.5 Cross-Dataset Generalization

To evaluate the cross-dataset generalization of STK-
Adapter, we conduct zero-shot experiments on the
ICE series datasets. Following Chen et al. (2025c),
models are trained on one dataset and tested on
another without fine-tuning. We compare STK-
Adapter with the state-of-the-art LLM-DA, employ-
ing CognTKE as the evolving graph model for both
methods due to its strong inductive reasoning capa-
bilities. As shown in Figure 4, STK-Adapter signif-
icantly outperforms LLM-DA, which exhibits poor
generalization. The limitation arises from LLM-
DA’s rule-updating mechanism, which overfits the
source distribution and hinders knowledge transfer.
In contrast, STK-Adapter demonstrates generaliza-
tion, consistently matching or surpassing the induc-
tive baseline CognTKE. Moreover, STK-Adapter
exhibits only a marginal performance drop when
transferring across datasets compared to in-dataset
evaluation, highlighting its strong knowledge trans-
fer capability across different data distributions.

5.6 Expert Routing in MoE Modules

To analyze the expert routing decisions within our
proposed MoE modules and uncover their under-
lying functional specialization, we visualize the
expert activation ratios (E1–E4) across different
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Figure 5: Distribution of expert routing decisions across
the three MoE modules.

LLM layers for the ST-MoE, EA-MoE, and CMA-
MoE on the ICE14 dataset. As Figure 5 illustrates,
the result reveals distinct and layer-dependent roles
for the experts within each module.

The ST-MoE exhibits a clear hierarchical routing
pattern. Specifically, Expert E1 is preferentially ac-
tivated in the initial layers, highlighting its special-
ization in capturing fundamental spatial-temporal
representations from the TKG embeddings. Pro-
gressing deeper into the network, Experts E3 and
E4 assume greater prominence in the middle and
later layers, respectively, to iteratively refine and
abstract these foundational features. The EA-MoE
displays a highly collaborative activation pattern.
This balanced utilization suggests that the complex-
ity of modeling temporal semantic patterns from
event chains necessitates the synergistic contribu-
tions of multiple specialists. The CMA-MoE’s rout-
ing decisions demonstrate a sustained and balanced
utilization of experts across all layers. Working in
concert at every processing stage, the experts en-
sure the continuous and effective fusion of the TKG
structure with the LLM’s textual representations.

Collectively, these distinct routing patterns re-
veal an adaptive strategy. The framework dynami-
cally allocates specialized experts at various depths,
ensuring that distinct types of information are pro-
cessed by the most suitable expert.

6 Conclusion

In this paper, we propose STK-Adapter, which
flexibly integrates an evolving graph encoder with
LLMs to facilitate TKG extrapolation. STK-
Adapter involves three MoE modules: the ST-MoE
captures spatial-temporal patterns in TKGs, the
EA-MoE models intricate temporal semantic de-
pendencies within event chains, and the CMA-MoE
facilitates deep progressive alignment. Extensive
experiments show that STK-Adapter outperforms
state-of-the-art methods and exhibits strong gener-
alization capabilities in cross-dataset tasks.

Limitations

While STK-Adapter achieves state-of-the-art per-
formance in TKG extrapolation, several limitations
warrant further investigation. Despite its parameter-
efficient design, the layer-wise MoE architecture
and beam search decoding incur additional mem-
ory consumption and computational overhead com-
pared to conventional embedding-based TKG mod-
els.
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A Sequence of Historical Subgraph
Sampling

We employ an efficient neighborhood sampling
strategy to extract historical subgraph sequences
G<t from TKGs.

For a given query (s, r, ?, t), we treat each pre-
ceding timestamp t′ ∈ {1, 2, . . . , t− 1} as a dis-
crete temporal snapshot and define the source entity
s serving as the root node. Within each snapshot,
we sample a fixed number of neighbors adjacent to
s, while preserving the specific relations between
the central node and its sampled neighbors. Fur-
thermore, the same sampling procedure is recur-
sively applied to the sampled neighbors to capture
higher-order topological information until a prede-
fined depth m is reached. Consequently, a tempo-
ral snapshot subgraph Gt′ is constructed for each
timestamp. These subgraphs are organized chrono-
logically to form the historical subgraph sequence
G<t = {G1,G2, . . . ,Gt−1}.

B Historical Event Retrieval Strategy

B.1 Temporal Logic Rule Process
The concept of a Temporal Logic Rule is first intro-
duced by TLogic (Liu et al., 2022) and later utilized
by GenTKG (Liao et al., 2023) to convert TKGs
into linearized event chains. Specifically, a TLR
ρ is designed to formally describe the historical
conditions on which the existence of a relation r
between entities s and o at a specific timestamp tq
depends. The general form is defined as:

ρ := r(s, o, tq)← ∧q−1
i=1 r

∗(s, o, ti), (13)

where the left-hand side r(s, o, tq) denotes the rule
head, representing the relation r that holds at time
tq. The right-hand side is the rule body, which
consists of a set of historical relations r∗ ordered
chronologically from t1 to tq−1. The arrow (←)
signifies that the rule head is inferred from the rule
body.

The critical phase of this strategy is rule min-
ing, which aims to discover high-quality TLRs for
a specific relation r. The process commences by
defining a known fact (s, r, ?, tq) as the rule head.
Subsequently, to construct the rule body, a time-
decreasing random walk is initiated from the object
entity o. This walk adheres to the following expo-
nentially weighted transition distribution:

P (u; o, tq) =
exp(tu − tq)∑

û∈C(o,tq)
exp(tû − tq)

. (14)

This distribution function preferentially samples
candidate edges from the neighborhood set C(o, tq)
of entity o whose timestamps tu are closer to the
target time tq, thereby generating paths that consti-
tute the rule body. By computing the confidence
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of the rules corresponding to these paths, we then
filter and retain the high-confidence rules to form
the final rule set.

Instruction

Question: 
At  , Broadcasting_Corporation has a Yield relationship with which entity?

Extracted Quadruple:
: [Broadcasting_Corporation, Yield, [MISSING ENTITY ID].[MISSING

ENTITY]]
Historical Context:

: [Broadcasting_Corporation, Make_statement, 1569.Employee]
: [Broadcasting_Corporation, Make_an_appeal_or_request, 1820.Judiciary]
: [Broadcasting_Corporation, Make_an_appeal_or_request, 1820.Judiciary]

Answer:

Figure 6: An example of the instruction format.

B.2 Instruction Construction

Instruction tuning enhances the instruction-
following capabilities of LLMs by fine-tuning them
on curated prompt-response pairs. In our pro-
posed STK-Adapter framework, we formulate the
TKG extrapolation task as a generative instruction-
following task; the specific format of the instruction
is illustrated in Figure 6.

Given a query (s, r, ?, t), the historical context
is modeled as a sequence of chronologically or-
dered event chains retrieved during the TLR phase
(detailed in Appendix B.1). Each historical fact is
linearized and formatted into a predefined template:
t : [s, r, oid.o]. Correspondingly, the query is repre-
sented in a prefix form, t : [s, r, which guides the
LLM to predict the target entity through autoregres-
sive generation. To ensure a fair comparison with
existing baselines, we adopt the indexing strategy
established by Lee et al. (2023), adding a unique
numerical index oid before each candidate object
o. Evaluation metrics are subsequently computed
based on these generated indices.

B.3 Sensitivity to the Quality of TLR-
Retrieved Information

To evaluate the impact of TLR quality, we ran-
domly remove 50%, 80%, and 100% of the re-
trieved historical event chains to simulate reduced
richness of TLR-retrieved information, while re-
taining the TKG’s evolving structural representa-
tions. For fair comparison, all experiments utilized
Llama3-8B as the LLM and REGCN as the evolv-
ing graph encoder. The results are shown in Table 4.
As the proportion of removed events increases, per-
formance declines consistently, indicating that the
model effectiveness depends on the richness of the
information retrieved by the TLR module. Further-

more, when both historical event chains and TKG
representations are completely removed, the model
degrades to a Pure LLM. Notably, even when 100%
of historical event chains are removed, the model
still marginally outperforms the Pure LLM, indi-
cating that the model enables LLMs to leverage
evolving structural information from the TKG for
reasoning.

Table 4: Impact of TLR-retrieved information quality
on performance.

ICE14 WIKI

Removal Proportion Hit@1 Hit@3 Hit@10 Hit@1 Hit@3 Hit@10

0% 37.26 52.86 67.57 82.14 87.08 88.43
50% 32.51 46.20 59.65 64.81 81.73 85.86
80% 27.94 38.75 56.20 55.68 68.75 71.80
100% 18.47 25.12 50.50 37.29 55.81 64.02
Pure LLM 13.45 19.86 44.36 27.14 45.97 53.73

B.4 Sensitivity to Different Retrieval
Strategies

To assess the sensitivity of different retrieval strate-
gies on STK-Adapter, we compared the perfor-
mance of the TLR-based approach with a pattern
matching strategy (Luo et al., 2024) and a hybrid
retrieval strategy on the ICE14 and WIKI. For com-
parison, all experiments utilized Llama3-8B as the
LLM and REGCN as the evolving graph encoder.
The results, presented in Table 5, indicate that the
TLR strategy outperforms pattern matching, which
can be attributed to the higher-quality historical
context it provides. Notably, the performance dif-
ference between the three strategies is minimal.
The result highlights that STK-Adapter exhibits
low sensitivity to the choice of retrieval strategy.
The model’s superior performance stems primar-
ily from its ability to deeply comprehend and fuse
TKG information with textual semantics, rather
than from a dependency on a specific retrieval
method. Although the hybrid strategy incorporates
both semantic similarity and logical rules, it yields
only limited improvements while introducing addi-
tional token overhead.

C Decoding Strategy

The evaluation methodologies for embedding-
based and LLM-based approaches exhibit a fun-
damental divergence. Embedding-based methods
can compute scores for all entities within the TKG,
thereby enabling the generation of a precise global
ranking. In contrast, the generative architecture
of LLMs precludes the direct scoring and ranking
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Table 5: Performance comparison of different retrieval
strategies.

Dataset Metric Method

TLR Pattern Matching Hybrid Retrieval

ICE14
Hit@1 37.26 36.59 37.69
Hit@3 52.86 52.34 53.24
Hit@10 67.57 67.25 67.96
Avg Tokens 856 737 1260

WIKI
Hit@1 82.14 81.10 82.88
Hit@3 87.08 86.33 87.24
Hit@10 88.43 87.51 89.01
Avg Tokens 792 838 953

of the entire candidate entity set. To overcome
the constraint, we adhere to the common practice
in the field (Luo et al., 2024; Liao et al., 2023;
Lee et al., 2023) and employ a beam search strat-
egy. The strategy generates a constrained list of
high-confidence candidates based on the model’s
decoding probabilities. Subsequently, we calculate
Hit@1/3/10 metrics based on the generated list.

Beam search is a decoding strategy that main-
tains k beams of possible generated responses at
each time step t. The generation of response is
updated as follows:

Bt = arg top-k
r1:t∈V t,|Bt|=k

(
t∑

i=1

logP (ri|r1:i−1)

)
.

(15)
For each generated response, the k tokens with

the highest probabilities are selected based on these.
The results in k × k new response candidates. The
next k beams of response are obtained by select-
ing the Top-k responses with the highest probabili-
ties from the generated response candidates. The
highest probability is determined by the product
of probabilities of |R| tokens that constitute the
response, where |R| represents the length of the
current response.

In this context, the single-step setting is em-
ployed, wherein for each test query in the test
dataset, the model can access the ground truth from
past timestamps. Consequently, after the prediction
for this step is completed, the ground truth from
the current timestamp is added to the history of the
next timestamp before its execution.

D Dataset Details

To evaluate the performance of STK-Adapter, we
selected four benchmark datasets from the field
of TKGR: ICE14, ICE18, ICE15 (Boschee et al.,
2015), and WIKI (Dasgupta et al., 2018). The ICE
series datasets are derived from the Integrated Cri-

sis Early Warning System 1 and consist of political
events with precise timestamps. The WIKI dataset
is a temporal knowledge graph constructed from
Wikipedia. Detailed statistical characteristics are
provided in Table 6.

Table 6: Details of the TKG datasets.

Dataset ICE14 ICE18 ICE05-15 WIKI

Entities 7,128 23,033 19,094 12,554
Relations 230 256 251 24
Training 74,845 373,018 368,868 539,286

Validation 8,514 45,995 46,302 67,538
Test 7,371 49,545 46,159 63,110

Time granularity 24 hours 24 hours 24 hours 1 year

E Baseline Descriptions

To comprehensively evaluate the performance of
STK-Adapter, we compare it against a diverse set
of baseline models. These baselines are catego-
rized into three main groups: (1) embedding-based
methods, (2) LLM-based methods, and (3) hybrid
approaches that integrate LLMs with TKGs. Below
is a brief overview of each method:

• REGCN (Li et al., 2021) models TKG evo-
lution by using a GCN to capture structure
at each timestamp and an RNN to learn the
temporal dynamics of entity representations.

• TiRGN (Li et al., 2022) captures sequential,
repetitive, and cyclical patterns of historical
facts through a local-global encoder architec-
ture and a time-guided periodic decoder.

• CognTKE (Chen et al., 2025c) is a cognitive-
inspired framework that performs inter-
pretable TKG extrapolation by sequentially
applying a global shallow reasoner and a local
deep reasoner over a TCR-Digraph.

• LogCL (Chen et al., 2024) is a contrastive
learning framework that learns robust TKG
representations. Its core mechanism is to ef-
fectively fuse local and global historical evo-
lution information.

• GPT-NeoX (Lee et al., 2023) serves as a pure
LLM baseline by linearizing the TKG query
and its historical context into a text prompt, re-
lying entirely on the model’s in-context learn-
ing to generate the answer.

1The datasets are available at: http://www.icews.com/
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• GenTKG (Liao et al., 2023) employs tempo-
ral logic rules to retrieve temporally and logi-
cally related historical facts, and then adopts
a small number of instructions to fine-tune the
LLM for TKGR.

• CoH (Luo et al., 2024) is a fine-tuning frame-
work that enhances LLMs for TKG comple-
tion by using a structure-augmented history of
facts as input.

• MESH (Deng et al., 2025) integrates struc-
tural (GCN) and semantic (LLM) information
using specialized experts for historical and
non-historical events.

• LLM-DA (Wang et al., 2024a) allows an
LLM to adapt to the evolving TKG by dy-
namically updating a set of logical rules that
guide the model’s reasoning process.

F Parameter Details

F.1 Hyperparameter Settings

All experiments are implemented in the PyTorch
framework and conducted on a server cluster
equipped with eight NVIDIA A40 GPUs (48GB
VRAM each). To ensure the reliability and stability
of the findings, all experimental results are reported
as the average of multiple independent 5 runs.

For the evolving graph encoder, we follow the
optimal hyperparameter configurations reported
in its original implementation, setting the output
embedding dimension to 200. The encoder is
pre-trained for 500 epochs on each dataset, with
its parameters subsequently frozen to support the
instruction-tuning phase.

We adopt Llama3-8B(AI@Meta, 2024),
Qwen2.5-7B (Team, 2024) and Mistral-7B (Jiang
et al., 2023) as the backbone LLM. Our proposed
STK-Adapter incorporates three MoE modules,
each comprising 4 experts with an internal hidden
dimension of 8. To ensure computational efficiency
during inference, we employ a Top-1 routing
strategy. The auxiliary load-balancing loss weight
is set to 0.01 to ensure expert utilization stability
and α is set to 0.1.

The STK-Adapter is fine-tuned for 2 epochs
across all datasets. We utilize the AdamW opti-
mizer with a learning rate of 2×10−5 and a weight
decay of 0.01. A linear warmup ratio of 0.01 is
applied. To prevent gradient explosion, we apply
gradient clipping with a threshold of 1.0.

To optimize memory footprint, training is per-
formed with BF16 precision, supporting a max-
imum sequence length of 2048 tokens. During
inference, the beam width for beam search is set to
20. For the hybrid scoring strategy, the weighting
coefficient λ is empirically set to 0.1.
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Figure 7: Study on the proportion λ of the hybrid score,
the dimension d of each expert, the number of experts
n, and the depth m of neighborhood sampling.

F.2 Parameter Sensitivity Study

We conduct experiments on the ICE14 and WIKI
datasets to explore the effects of four hyperparam-
eters: the hybrid score proportion λ, the number
of experts n, the dimension d of each expert and
the depth m of neighborhood sampling. Figure
7 shows the results under different hyperparam-
eter settings. For the hybrid score proportion λ,
we observe that as the weight of the graph model
score increases, overall performance is relatively
low when λ = 0.0, peaks at λ = 0.1, and then
gradually declines. This indicates that while the
graph model’s global ranking provides useful in-
formation, the STK-Adapter enhanced LLM is the
more reliable reasoning model. For the dimension
d of each expert, changes in its value result in only
minimal performance fluctuations, indicating that
STK-Adapter is not highly sensitive to this param-
eter. Given that a smaller d reduces computational
overhead while incurring only a minor performance
degradation, we selected d=8 to balance perfor-
mance and efficiency. For the number of experts
n, the model’s performance initially improves as
n increases before declining. This trend reflects
that a moderate number of experts helps capture
diverse patterns, while too many cause insufficient
training per expert. A similar trend is observed for
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Instruction

Question: 
At  , Citizen_(Australia) has a Criticize_or_denounce relationship with which entity?

Extracted Quadruple:
: [Citizen_(Australia), Criticize_or_denounce, [MISSING ENTITY ID].[MISSING ENTITY]]

Historical Context:
: [Citizen_(Australia), Accuse, 19.Police_(Australia)]
: [Citizen_(Australia), Criticize_or_denounce, 214.Member_of_Parliament_(Australia)]

: [Citizen_(Australia), Criticize_or_denounce, 19.Police_(Australia)]
: [Citizen_(Australia), Accuse, 214.Member_of_Parliament_(Australia)]
: [Citizen_(Australia), Criticize_or_denounce, 19.Police_(Australia)]
: [Citizen_(Australia), Criticize_or_denounce, 214.Member_of_Parliament_(Australia)]
: [Citizen_(Australia), Threaten, 19.Police_(Australia)]
: [Citizen_(Australia), Threaten, 19.Police_(Australia)]
: [Citizen_(Australia), Criticize_or_denounce, 98.Julie_Bishop]
: [Citizen_(Australia), Criticize_or_denounce, 19.Police_(Australia)]

Answer:
STK-Adapter: 214.Member_of_Parliament_(Australia) ✅
-w/o EA-MoE: 19.Police_(Australia) ❌
-w/o ST-MoE: 19.Police_(Australia) ❌

Figure 8: Visualization of case study.

the neighborhood sampling depth m, where appro-
priate sampling depth provides essential contextual
information, while excessive depth may introduce
irrelevant information.

G Analysis of Layer-wise Injection

To evaluate the impact of layer-wise STK-Adapter
injection, we conduct controlled experiments on
ICE14, where STK-Adapter is randomly injected
into a single layer, 20% of layers, and 50% of lay-
ers. As shown in Table 7, performance consistently
improves as the number of injected layers increases.
This confirms that maximizing the number of in-
jected layers is beneficial.

Table 7: Impact of Injection Coverage on Performance.

ICE14

Coverage Hit@1 Hit@3 Hit@10

100% 37.26 52.86 67.57
50% 33.93 48.18 63.42
20% 30.37 44.21 62.31
Single Layer 26.26 41.78 58.66

H Case Study

We analyze a representative case on the ICE14
dataset. As illustrated in Figure 8 at timestamp

t = 329, an entity Citizen_Australia performs a
Criticize_or_denounce relation toward a missing
entity. Despite the prevalence of high-frequency
entities (e.g., Police) in the historical event chain,
which may introduce frequency bias, STK-Adapter
is still able to accurately predict the missing entity
as Member_of_Parliament_Australia, demonstrat-
ing its effectiveness in integrating evolving struc-
tural and temporal semantic information.

The variant -w/o EA-MoE is highly susceptible
to frequency bias. In the absence of temporal event
semantic dependencies, LLMs primarily rely on
text co-occurrence frequencies for prediction. Con-
sequently, this leads to a propensity to erroneously
predict Police_(Australia) as the target entity, be-
cause it appears most frequently in the historical
event chains.

The variant -w/o ST-MoE suffers from instabil-
ity in semantic decision-making. Although it can
perceive latent correlations between events, the ab-
sence of explicit grounding in temporal graph struc-
tures makes it difficult to distinguish the object-
specific nuances between Criticize and Accuse
within a temporal context. Consequently, the model
vacillates among various political or social entities,
failing to yield deterministic predictions.
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I LLM Usage

LLMs were utilized solely to assist with the writ-
ing and linguistic refinement of this manuscript.
In particular, the LLM was employed to improve
clarity, readability, and overall textual coherence,
including tasks such as grammar checking, sen-
tence rephrasing, and stylistic polishing.

The LLM did not participate in the formulation
of research ideas, methodological design, exper-
imental setup, data analysis, or interpretation of
results. All scientific contributions, including the
research motivation, model design, experimental
evaluation, and conclusions, were entirely devel-
oped by the authors.

The authors take full responsibility for the con-
tent of the manuscript, including any text that was
refined with the assistance of the LLM. All uses
of the LLM were conducted in accordance with
ethical guidelines, and the authors ensured that its
assistance did not introduce plagiarism, fabricated
content, or any form of scientific misconduct.
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