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Abstract—Temporal Knowledge Graph (TKG) forecasting is
a critical task in the field of Knowledge Graphs (KGs), aiming
to predict events that may occur in the future. However, only
structured information or timestamps are considered in the
process of reasoning, and the semantics of entities and relations
are ignored in the current models. This semantic information
includes potential evolutionary laws, which are beneficial for
reasoning for more accurate results. To address this limitation,
we propose a novel framework driven by Large Language Models
(LLMs) for enhancing TKG forecasting by Semantic Pattern
Mining, named LLM-SPM. By leveraging the natural language
understanding and zero-shot learning capabilities of LLMs, entity
type information in TKGs is automatically extracted. Next, based
on the inferred entity types and relations, semantic pattern
triples are constructed. Finally, historical facts in the TKG are
reweighted or filtered through a comprehensive scoring mecha-
nism that integrates multiple factors, including temporal decay,
pattern relevance, historical recurrence, and an entity specificity
measure, enabling the model to focus on facts that are more
relevant and semantically coherent. Through this approach, deep
semantic knowledge is effectively incorporated into the prediction
process, substantially improving reasoning accuracy in various
scenarios. Experiments on benchmark datasets demonstrate that
the LLM-SPM framework outperforms both previous methods
and standard LLMs.

Index Terms—temporal knowledge graph, large language
model, pattern mining

I. INTRODUCTION

A Temporal Knowledge Graph (TKG) is a dynamic graph
structure that represents knowledge as quadruples (subject
entity, relation, object entity, timestamp). Based on the Knowl-
edge Graph (KG), not only are static connections between
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entities established, but also the process of relation evolution
over time is captured. The goal of forecasting over TKG is to
predict facts that may emerge at future based on historical facts
[1]. This task provides a foundational data infrastructure for
dynamic event prediction across diverse domains, including
financial market forecasting (e.g., predicting stock-merger
relationships), social network evolution analysis (e.g., antic-
ipating collaboration patterns), and temporal recommendation
systems (e.g., forecasting user-item interactions).

In recent years, embedding-based approaches and Graph
Neural Network (GNN)-based approaches [2], [3] have
achieved significant progress in forecasting tasks by learning
low-dimensional representations of entities and relations to
capture the structural and temporal evolution patterns of the
graph. However, these methods have a critical limitation:
these approaches effectively model who connects to whom and
when, and they pay little attention to the semantic motivations
behind why such relationships arise. For example, when
forecasting an event like (Company A, acquire, ?, 2025-12-
01), if the model recognizes that company entities histori-
cally exhibit frequent acquisition relationships, the confidence
in such predictions should increase. This semantic pattern
information—rooted in entity types—is often overlooked in
traditional approaches.

The emergence of large language models (LLMs) offers
new potential to address this limitation [4]. Fine-tuned on vast
text corpora, LLMs encode extensive knowledge of the world
and robust semantic understanding capabilities, enabling them
to identify entities [5], comprehend concepts, and perform
complex logical reasoning. In recent years, several LLM-



based reasoning approaches have emerged in the temporal
knowledge graph domain, aiming to enhance model gener-
alization across diverse scenarios. However, most approaches
rely on simplistic criteria—such as chronological filtering—to
select relevant historical information, then construct prompts to
fine-tune LLMs for prediction tasks, without fully leveraging
their capabilities in semantic understanding and multi-step
reasoning.

Compared to conventional embedding-based or neural
network-based approaches, LLM-driven methods explicitly
incorporate the semantic information of entities and relations
into their reasoning pipelines. However, a critical challenge
persists: most entity names inherently lack semantic trans-
parency—for example, personal names (e.g., John Smith) or
alphanumeric identifiers (e.g., Company X) carry no intrinsic
meaning for models to extract semantic rules. When such
opaque identifiers are directly fed into LLMs for single-step
inference, the models struggle to discover meaningful semantic
patterns that could guide the filtering of relevant historical
facts.

To address the limitations of conventional TKG forecasting
approaches, we propose a novel framework named LLM-SPM
(Large Language Model-driven Semantic Pattern Mining) that
leverages LLMs as semantic preprocessors rather than direct
end-to-end predictors 1. The key contributions are:
• Utilizing LLMs’ zero-shot capabilities to infer hierarchi-

cal entity types (e.g., Person, Organization, Location)
from raw entity names or descriptions without manual
annotation. This is particularly critical for datasets where
explicit type metadata is absent, enabling the extraction
of semantic hierarchies directly from unstructured textual
sources.

• Generating abstract schema-level patterns by analyzing
co-occurrence relationships between entity types and re-
lations. These patterns capture generalized semantic rules
that govern interactions within the temporal knowledge
graph, providing a structured abstraction of the underly-
ing data.

• Developing a semantic-aware filtering mechanism that
dynamically prioritizes historical facts based on their
relevance to the current prediction task. This mechanism
integrates temporal dynamics, pattern coherence, histori-
cal recurrence, and entity-specific characteristics to refine
the input data for downstream models.

• Demonstrating consistent improvements in forecasting
accuracy and robustness across standard TKG datasets.
By incorporating semantically enriched inputs, the frame-
work enhances the ability of existing models to generalize
in data-scarce scenarios and complex reasoning tasks.

The experimental results of this work demonstrate that
systematic integration of LLM-extracted semantic knowledge
can effectively overcome critical limitations in existing TKG
forecasting methods, particularly in environments with sparse
data or requiring multi-step logical inference.

1The source code is available at https://github.com/jzhu000/LLM-SPM.git.

II. RELATED WORKS

In the field of temporal knowledge graph (TKG) forecast-
ing, traditional approaches—such as those based on graph
neural networks (GNNs), embedding models, and symbolic
rules—have played a pivotal role. These methods have demon-
strated strong performance on TKG benchmarks and estab-
lished diverse theoretical foundations for the task of tempo-
ral link prediction. However, their generalization capabilities
across different domains or scenarios remain limited due to re-
liance on dataset-specific patterns and structural assumptions.

Recently, the advent of large language models (LLMs)
has introduced new opportunities in this field. By integrating
LLMs with traditional TKG techniques, recent work has
shown that such hybrid approaches can significantly enhance
model generalization, leveraging the rich semantic priors and
in-context reasoning abilities of LLMs to overcome the brit-
tleness of purely structure-based methods.

The following sections review representative works in two
categories: (1) traditional TKG forecasting methods and (2)
LLM-driven approaches.

A. Traditional Methods

Most traditional methods mainly utilize GNNs to capture
interactions hidden in the graph structure, or reasons based on
a rule system. At the same time, embeddings play a role in
representing entities and relations over time. RETIA [6] ag-
gregates interactions between entities and relations of temporal
subgraphs to reason future events relying on GNNs. LogE-Net
[7] introduces logic rules based on RE-GCN, utilizing rules to
preprocess data for logical reasoning. TECHS [8] integrates a
temporal graph encoder with a logical decoder for explainable
extrapolation. L2TKG [9] mines intra- and inter-time latent
relations via a structural encoder. DGExplainer [10] extends
this by providing explanations for dynamic GNN predictions
via relevance back-propagation, though it focuses more on
interpretability than direct forecasting, with applications in
link prediction on traffic datasets. CENET [11] uses historical
contrastive learning to distinguish dependencies, with a mask-
based inference for future predictions. TRKG [12] extends
TLogic [13] with time-relaxed cyclic and acyclic rules.

B. LLM-driven Approaches

LLM-driven methods usually rely on in-context learning,
sometimes combined with parameter-efficient fine-tuning, to
adapt to the task of TKG forecasting. These approaches lever-
age LLMs’ semantic understanding to reason over temporal
facts without explicit graph modules, often requiring fewer re-
sources than traditional methods. They excel in zero-/few-shot
settings but face challenges in aligning textual prompts with
graph structures. GPT-NeoX [14] demonstrates that LLMs
can perform TKG prediction via ICL alone, achieving near-
supervised performance on ICEWS datasets even when enti-
ties/relations are anonymized to numbers. GenTKG [15] com-
bines few-shot instruction tuning with a temporal logical rule
retrieval (TLR) mechanism to generate future facts, excelling
in cross-domain and unseen settings. Chain of history [4] uses



Stage 1: Semantic Mining

Entity Type Mining

LLM

PersonA

Prompt: You are an 

entity type classifier. 

Determine the entity 

type of the given 

word and only return 

the type name.

𝑒𝑞 , 𝑟𝑞 , ? , 𝑡𝑞

Stage 2: History Construction Stage 3: LLM Learning

Relation Pattern 

Construction

Retrieve historical facts ℱ<𝑡𝑞

𝑃𝑒𝑟𝑠𝑜𝑛𝐴

CountryX

OrganizationB

PersonD

𝑆temp 𝑓 = 

𝑒𝑡−𝑡𝑞

Temporal 
decay score

Pattern 
relevance score

Historical
recurrence score

𝑆pattern 𝑓 =

P<𝑡𝑞
(𝜌(𝑓))

σrel 𝜌 =𝑟𝑞
P<𝑡𝑞

(𝜌)

𝑆recur 𝑓 =

|{𝑓′|𝑒𝑜 𝑓′ = 𝑒𝑜(𝑓)}|

|ℱ<𝑡𝑞
|

𝑆final 𝑓 = Norm 𝑆temp 𝑓 ⋅ 

Norm 𝑆𝑝𝑎𝑡𝑡𝑒𝑟𝑛 𝑓  

⋅ Norm 𝑆temp 𝑓

CompanyC

Select top-k facts 

+ de-duplication 

Selected History

ID Mappings

LLM

1: Person
2: Country
3: Company
4: Person
5: Organization
…

1: Person𝐄

2: Country𝐅

3: Company𝐙

4: Person𝐇

5: Organization𝐀

…

1: acted_in
2: visit
3: directs
4: invents_in
5: acquires
…

Construct prompt

History

18:[25,10,74]

19:[25,5,73]

21:[25,13,35]

Query

Answer ID

Output: 352

Cross-scenario Learning

Zero-shot: Supervised:

Fine-tune on one 

scenario (e.g. Wikidata)

Evaluate on another

(e.g. ICEWS14)

Fine-tune on one 

scenario (e.g. Wikidata)

Fine-tune & evaluate 

on target scenario

𝑒𝑠, 𝑟, 𝑒𝑜, 𝑡

Final score

𝜌 𝑓 = (𝜏 𝑒𝑠 , 𝑟, 𝜏 𝑒𝑜 )

P<𝑡(𝜌)= 
𝑓 𝜌 𝑓 =𝜌|

ℱ<𝑡𝑞

invest𝑠_in

𝑣𝑖𝑠𝑖𝑡

𝑡1

𝑡2

𝑡3𝑡2

𝑡2

𝑡3

𝑡3
𝑡4

PersonA, visit, CountryX, t1

PersonA, join, OrganizationB, t2

PersonA, collaborate_with, PersonD, t3

𝑒𝑔: PersonA, visit, ? , t5

PersonA, visit, CountryX, t1

Entities Entity Types Relations

22:[25,9,?]

LLM-SPM Framework

Fig. 1. The framework of LLM-SPM.

low-rank adaptation (LoRA) [16] fine-tuning on LLMs with
structure-augmented histories and reverse chains to counter
the reversal curse. LLM-DA [17] leverages LLM-generated
insights/rules for bidirectional temporal adaptation, addressing
dynamic graph challenges in reasoning/forecasting. LLM-DR
[18] combines LLM prompting with a diffusion process to
produce high-quality, temporally aware rules, handling re-
dundancy and improving explainable extrapolation. G2S [19]
introduces a general-to-specific learning framework leveraging
LLMs’ prior knowledge while adapting to TKG rules.

III. PROBLEM DEFINITION

A TKG G can be defined as G = {E ,R, T ,F}, where E de-
notes entities, R denotes relations, T denotes timestamps, and
F denotes facts. Each fact can be formalized as a quadruple
(es, r, eo, t) ∈ F , where subject and object entities es, eo ∈ E ,
relation r ∈ R, timestamp t ∈ T . For the forecasting task
over TKG, the main goal is predicting the missing entity in the
query fq = (es,q, rq, ?, tq) or (?, rq, eo,q, tq) based on the his-
tory F<tq . In this paper, the task of model M is compute the
score of each candidate entity Score(e·,q) =M(fq,F<tq ).

IV. METHODOLOGY

A. Framework Construction
As shown in Figure 1, the proposed methodology can be

divided into three stages:
• Stage 1: Semantic Mining. The semantic mining stage

aims to mine the potential semantic information from
original TKG elements, including mining types of entities
by LLMs and capturing potential patterns from TKG.

• Stage 2: History Construction. History Construction is
based on the semantic rules mining in the previous stage.

Various rating mechanisms are utilized to evaluate each
historical fact. Then top-k important historical facts are
chosen as the basis for reasoning by LLMs.

• Stage 3: LLM Learning. Building on the previous
stages, a prompt is constructed using selected historical
facts to guide the LLM’s reasoning. Two distinct learning
paradigms are then employed to enhance and evaluate the
model’s generalization capability.

B. Semantic Mining

1) Entity Type Mining: For each entity in TKG, the name
is the unique information in the original data. The ID is
usually used as the identifier in most previous methods, and
more potential semantic information is ignored. Moreover,
many entity names—particularly personal names—serve only
as identifiers and carry little to no semantic meaning. Con-
sequently, even when original names are used as input, they
often provide limited utility for event prediction. To address
this, we leverage large language models (LLMs) to infer high-
level entity types and exploit the inherent relational structure
among these types to guide reasoning. For instance, given a
query (Person, acted in, ?, 2015-01-03), the model can infer
that the answer should be of type Movie rather than Company,
based on the semantic compatibility between the head entity
type (Person) and the relation (acted in). For entity e, the
entity type can be obtained by LLM:

τ(e) = LLM(e, prompttype) (1)

2) Relation Pattern Construction: Once entity types are
obtained, they can be leveraged in two complementary ways
to guide LLM reasoning. First, type-related commonsense
knowledge—acquired by the LLM during pretraining—can



inform predictions, enabling the model to draw on its broad
understanding of real-world semantics. Second, relational pat-
terns composed of (subject-type, relation, object-type) provide
structured semantic cues that further constrain and direct
inference.

Notably, a single relation may correspond to multiple valid
patterns. For example, the relation visit can appear in patterns
such as (Person, visit, Person) or (Person, visit, Country).
Patterns that have occurred frequently in historical data are
more likely to recur in the future. By counting the number of
observed facts associated with each pattern, one can estimate
the empirical occurrence probability of different relational
patterns for a given relation, thereby offering a data-driven
prior for future predictions. For a fact f = (es, er, eo, t), its
relation pattern can be defined as:

ρ(f) = (τ(es), r, τ(eo)) (2)

For the pattern ρ, the empirical occurrence probability can be
computed by:

P<t(ρ) =
|{f |ρ(f) = ρ, f ∈ F<t}|

|F<t|
(3)

where P<t denotes the empirical occurrence probability of
facts related to events that happened prior to time t.

C. History Construction

For each query (es, rq, ?, t), we can find related historical
fact set {(eq, rq, eq,o, t) ∈ F<tq}, then guide LLM to reason
answer based on the history. However, the context window
of large language models (LLMs) is inherently limited, ne-
cessitating the selection of the most semantically meaningful
historical facts. To address this constraint, we propose a
scoring mechanism that integrates temporal decay, pattern
relevance, and entity specificity to evaluate each historical fact.
By ranking the facts according to their computed scores and
retaining the top-k instances, we construct a compact yet se-
mantically enriched historical context for LLM reasoning. This
prioritization ensures that the model focuses on temporally
recent, structurally coherent, and entity-specifically significant
facts when making predictions.

Temporal decay score. The relevance of historical facts
diminishes as their temporal distance from the target predic-
tion timestamp increases. For a historical fact (eq, r, eq,o, t),
temporal decay score is computed as:

Stemp(f) = et−tq (4)

where the exponential function ensures that historical facts
with timestamps closer to the query time receive higher scores.
It also avoids the risk of producing negative scores that would
occur from directly subtracting time differences.

Pattern relevance score. Building on the empirical occur-
rence probability of a pattern computed earlier, the pattern
relevance of a historical fact is determined by its normalized
historical frequency:

Spattern(f) =
P<tq (ρ(f))∑

rel(ρ)=rq P<tq (ρ)
(5)

where ρ(f) represents the relation pattern of fact f , and
P<tq (·) denotes the empirical occurrence probability during
the history before tq , rel(ρ) denotes the relation of the pattern
ρ. This score quantifies how well a fact aligns with dominant
semantic patterns.

Historical recurrence score. Entities that frequently inter-
acted with the query entity eq in the past are more likely to
reappear in future events. We formalize this as:

Srecur(f) =
|{f ′|eo(f ′) = eo(f)}|

|F<tq |
(6)

where eo(f) denotes the object entity of the fact f , |F<tq |
denotes the number of facts during the history < tq .

Final fact score The final score of fact f is computed with
three scores behind:

Sfinal(f) = Norm(Stemp(f)) · Norm(Spattern(f))

· Norm(Srecur(f))
(7)

To avoid influence between different scores, each score is
normalized before computing the final score.

Entity specificity consideration. At the same time, we
introduce a de-duplication mechanism to avoid overfitting to
frequently occurring entities. After sorting facts by the final
score, we filter out subsequent facts involving already-included
entities, ensuring diversity in the final context window. This
design prevents duplicate entities from monopolizing the
LLM’s attention during multi-step reasoning tasks.

D. Cross-Scenario Learning

The prompt for finetuning LLMs can be constructed based
on the captured history. However, directly prompting LLMs
to generate answer entities based on historical facts may
result in letter or word omissions. To address this, following
previous approaches [19], we represent entities, relations,
and timestamps using IDs, and introduce ID mappings for
entities, relations, and entity types. For timestamps, we omit
explicit mapping and instead use monotonically increasing
IDs that evolve uniformly with historical progression. This
allows both historical and query facts to be expressed as
IDs, significantly reducing the input context length required.
Furthermore, representing elements via IDs enhances LLM
generalization across diverse scenarios, as the model learns
to predict answer IDs based on contextual mappings rather
than surface-level entity names.

To evaluate the model’s generalization capabilities across
diverse scenarios, we design two learning paradigms: zero-shot
learning and supervised learning. In the zero-shot setting, the
model is fine-tuned and evaluated on datasets from distinct
scenarios (e.g., fine-tuning on Wikidata and evaluating on
ICEWS14), specifically targeting the assessment of cross-
scenario generalization. In the supervised setting, the model
first undergoes pre-training on external scenario datasets, fol-
lowed by fine-tuning and evaluation on the target dataset. This
protocol ensures a comprehensive analysis of both domain
adaptation and task-specific performance.



TABLE I
STATISTICS OF BENCHMARK DATASETS

ICEWS14 ICEWS18 YAGO WIKI GDELT

|E| 7,128 23,033 10,623 12,513 7,691
|R| 230 256 10 24 240
|T | 365 304 189 232 2,751
|Ftrain| 74,845 373,018 161,540 539,286 1,734,399
|Fvalid| 8,514 45,995 19,523 67,538 238,765
|Ftest| 7,371 49,545 20,026 63,110 305,241

V. EXPERIMENTS

A. Datasets

In this work, five widely adopted TKG datasets are used
for fine-tuning and evaluation, including ICEWS14 [20],
ICEWS18 [21], WIKI [22], YAGO [23], and GDELT [24].
Statistics of them are shown in Table I, where |E| denotes
the number of entities, |R| denotes the number of relations,
|T | denotes the number of timestamps, |Ftrain| denotes the
number of fine-tuning facts, |Fvalid| denotes the number of
valid facts, and |Ftest| denotes the number of test facts.

B. Metrics

Evaluation of the proposed approach relies on the standard
ranking-based metrics Hits@1, Hits@3, and Hits@10, which
quantify the fraction of test queries where the true answer
appears among the top 1, 3, or 10 predicted entities, respec-
tively. Mean Reciprocal Rank (MRR), despite its prevalence
in earlier knowledge graph reasoning studies, is not adopted
here due to its incompatibility with large language models
(LLMs): unlike traditional link prediction models, LLMs do
not produce a full ranked list over the entire entity vocabulary,
making MRR undefined or unreliable.

C. Baselines

Some traditional methods and LLM-based methods are cho-
sen as baselines for comparison with the proposed methods.
Traditional methods include GNN-based and logic rule-based
RE-GCN [25], xERTE [26], TANGO [27], TITer [28], and
TLogic [13]. LLM-based in-context learning methods mainly
include Llama2-7B [29], Llama3-8B [30], and GPT-NeoX-
20B [14]. In addition, some rule-based models with LLMs
are also considered, including GenTKG [15], and G2S [19].

G2S serves as the primary baseline model selected for com-
parative evaluation in this work. To ensure a fair comparison,
we adopted an identical data utilization strategy: selecting
100,000 fine-tuning instances from the GDELT dataset and
30,000 instances from the WIKI dataset as source scenario
data for model fine-tuning. Subsequently, the model was
evaluated on three target datasets—ICEWS14, ICEWS18, and
YAGO—through two distinct protocols: (1) supervised learn-
ing, where the model undergoes fine-tuning on the target
dataset before evaluation, and (2) zero-shot learning, where
the model is evaluated directly without prior exposure to the
target dataset.

TABLE II
DETAILS FOR EXPERIMENTS ON ALL DATASETS

Hyperparameter Value

Number of historical facts 64
Context length of prompts 1536
Learning rate 1× 10−4

Batch size 32
Number of epochs 2

D. Experiment Details

In the learning process, datasets are classified into two
groups: source scenario group, including GDELT and WIKI,
and target scenario group, including ICEWS14, ICEWS18,
and YAGO. For the zero-shot setting, the model is only fine-
tuned with datasets from the source scenario group. For the
supervised setting, the model is first fine-tuned with fine-
tuning samples from the source scenario group, then fine-tuned
and evaluated with each dataset from the target scenario group.

For each learning setting, the parameters are configured as
listed in Table II. In this paper, LlamaFactory [31] is utilized
as a tool to fine-tune and evaluate LLMs in our project, and
Llama-3.1-8B-Instruct [30] is chosen as the base LLM for
LoRA finetuning on datasets. The experiments are run on an
NVIDIA H200 GPU.

E. Results

Under the supervised learning setting, the large language
model is first fine-tuned on source-scenario data and then
fine-tuned and evaluated separately on each target-scenario
dataset. In contrast, under the zero-shot learning setting, the
model is fine-tuned only on the source-scenario data and
directly evaluated on each target-scenario dataset without any
further fine-tuning. The evaluation results are presented in the
table III 2, where entries marked with ZS indicate performance
obtained under the zero-shot condition. For models with ICL,
they are all under the zero-shot setting.

Under the supervised learning setting, our proposed model
outperforms all conventional approaches, demonstrating the
strong reasoning capability of large language models (LLMs)
in the domain of temporal knowledge graphs (TKGs). More-
over, compared to all existing LLM-based in-context learning
methods, our model achieves substantial improvements, vali-
dating the effectiveness of our key strategies—semantic pattern
mining, historical fact reconstruction, and multi-stage learning.

Notably, our proposed model (LLM-SPM) achieves superior
performance over previous methods across most evaluation
metrics in both supervised and zero-shot settings, with only
minor exceptions on a few isolated cases (e.g., slightly lower
Hits@10 on ICEWS18 compared to G2S under the supervised
setting, and on YAGO compared to certain ICL baselines).

2The results of G2S were reproduced using the official code available
at https://github.com/waltbai/G2S-TKG-forecasting. We also attempted to
reproduce the results of GenTKG using the code at https://github.com/
mayhugotong/GenTKG, but encountered issues that prevented successful
execution (possibly due to environment or dependency conflicts). Therefore,
we report the GenTKG results directly as published in the original paper.



TABLE III
RESULTS OF TKG FORECASTING ON BENCHMARK DATASETS

Model ICEWS14 ICEWS18 YAGO

H@1 H@3 H@10 H@1 H@3 H@10 H@1 H@3 H@10

RE-GCN 31.30 47.30 62.60 22.30 36.70 52.50 78.70 84.20 88.40
xERTE 33.00 45.40 57.00 20.90 33.50 46.20 84.20 90.20 91.20
TANGO 27.20 40.80 55.00 19.10 31.80 46.20 59.00 64.60 67.70
TITer 31.90 45.40 57.50 21.20 32.50 43.90 84.50 90.80 91.20
TLogic 33.20 47.60 60.20 20.40 33.60 48.00 74.00 78.90 79.10

llama2-ICL 25.80 43.00 51.00 13.50 27.60 32.60 67.70 79.00 81.80
llama3-ICL 31.90 42.40 44.10 18.10 27.20 28.80 56.90 57.90 57.90
GPT-NeoX-ICL 32.40 46.00 56.50 19.20 31.30 41.40 78.70 89.20 92.60
G2S(ZS) 31.57 43.70 54.14 19.72 30.65 42.51 80.24 88.25 88.82

GenTKG 36.85 47.95 53.50 24.25 37.25 42.10 79.15 83.00 84.25
G2S 37.57 53.87 65.76 22.79 35.01 45.08 88.04 89.70 89.93

LLM-SPM(ZS) 31.73 44.49 55.73 19.50 31.78 43.00 82.44 89.61 90.92
LLM-SPM 38.59 56.38 67.89 24.46 37.17 44.58 89.05 89.98 91.77

TABLE IV
RESULTS OF DIFFERENT RATING STRATEGIES

Model ICEWS14

H@1 H@3 H@10

w/o.Stemp 37.85 52.95 66.50
w/o.Spattern 35.85 50.95 60.05
w/o.Srecur 34.15 51.15 59.70
w/o.ent spec 33.85 49.65 58.10

w/.Srel 37.89 53.95 64.50

LLM-SPM 38.59 56.38 67.89

This advantage stems from our approach’s ability to uncover
latent semantic structures within TKGs using LLMs and
to construct high-level relational patterns grounded in these
semantics—capabilities largely absent in prior methods. In
particular, compared to G2S, we employ a more sophisti-
cated and fine-grained scoring mechanism for historical facts,
enabling the selection of a richer and more relevant set
of contextual evidence, which directly contributes to higher
predictive performance.

While our model exhibits slightly lower performance on a
small number of isolated metrics (primarily Hits@10 on one or
two datasets under specific settings), these exceptions do not
undermine the overall superiority of our framework. It con-
sistently demonstrates state-of-the-art or leading performance
across the majority of Hits@1, Hits@3, and Hits@10 metrics
on all three benchmark datasets (ICEWS14, ICEWS18, and
YAGO), outperforming previous LLM-based (including Gen-
TKG, G2S, and ICL methods) and traditional approaches in
most cases. This highlights the robustness and effectiveness of
our semantic pattern mining, historical fact reconstruction, and
multi-stage learning strategies in diverse temporal knowledge
graph scenarios.

F. Ablation Study

1) Comparison of Rating Strategies: On the ICEWS14
dataset, we evaluate the effectiveness of different scoring
strategies. As described in Section IV-C, the proposed method
integrates four scoring components. In Table IV:

• w/o.Stemp denotes the absence of the temporal decay
score for LLM-SPM,

• w/o.Spattern denotes LLM-SPM excluding the pattern
relevance score,

• w/o.Srecur denotes removing the historical recurrence
score from LLM-SPM,

• w/o.ent spec denotes LLM-SPM without the entity
specificity mechanism mentioned in Section IV-C.

The results demonstrate that each strategy contributes mean-
ingfully to the overall performance. From a temporal per-
spective, historical facts closer to the target prediction times-
tamp exhibit higher relevance—this is validated by w/o.Stemp
against the full method. The pattern relevance scoring (Spattern)
mechanism evaluates cross-type interactions through historical
relational patterns, where frequently co-occurring entity types
are more likely to reappear in future interactions. This aligns
with real-world observations: entities with stable interaction
frequencies (e.g., recurring diplomatic meetings) tend to main-
tain predictable relational dynamics.

Historical recurrence score (Srecur) follows an intuitive prin-
ciple: entities that repeatedly interacted with the target entity
in the past show stronger correlations, reflecting the empirical
regularity that frequent historical interactions imply future
connectivity. ent spec plays an equally critical role by pre-
venting redundancy-induced bias. Without ent spec, strategies
pattern relevance score (Spattern) and historical recurrence score
(Srecur) risk overemphasizing dominant entities, leading to
narrowed candidate pools—a limitation effectively mitigated
by our scoring framework.

Additionally, we also explored an alternative scoring strat-
egy that assesses the relevance between historical facts and
the target prediction based on the frequency of the occurrence
of historical relationship, which is then incorporated into the



TABLE V
RESULTS OF LEARNING WITH DIFFERENT DATA CONFIGURATIONS

Model ICEWS14

H@1 H@3 H@10

w/o.Ent 36.23 52.58 64.63
w/o.Ent type 37.02 53.33 66.59
w/o.Rel 37.93 55.59 67.10
w/o.Ent type&Ent 35.13 51.53 62.92
w/o.Map 34.85 50.95 60.05

w/o.GDELT 36.85 52.53 64.10
w/o.WIKI 37.05 54.75 65.50
w/o.GDELT&WIKI 35.87 52.04 62.50

LLM-SPM(full) 38.59 56.38 67.89

final fact score. Similar to the historical recurrence score, this
relation frequency score is computed as follows:

Srel(f) =
|{f ′|r(f ′) = r(f)}|

|F<tq |
(8)

where r(f) denotes the relation of the fact f . The results,
including the relation frequency score w/.Srel, are shown in
the Table IV. In contrast to other strategies, incorporating this
component yields a negative gain. This indicates that facts
involving relations that frequently occurred in the past do not
necessarily exhibit high relevance to future events. Indeed,
such an assumption lacks strong logical grounding in real-
world scenarios—past repetition of a relation alone does not
reliably imply its recurrence in the future.

2) Impact of Data Configurations: Furthermore, we evalu-
ated the impact of different data configurations on the learning
effectiveness of large language models (LLMs) under both
supervised and zero-shot settings. We considered the following
data configurations.
• w/o.Ent denotes missing entity mappings during fine-

tuning on the target scenario data,
• w/o.Ent type denotes missing entity type mappings

during fine-tuning on the target scenario data,
• w/o.Rel denotes missing relation mappings during fine-

tuning on the target scenario data,
• w/o.Ent type&Ent denotes missing entity and entity

type mappings during fine-tuning on the target scenario
data,

• w/o.Map denotes missing all mappings during fine-
tuning on the target scenario data,

• w/o.GDELT denotes missing GDELT data during fine-
tuning on the source scenario data,

• w/o.WIKI denotes missing WIKI data during fine-tuning
on the source scenario data,

• w/o.GDELT&WIKI denotes missing GDELT and WIKI
data during fine-tuning on the source scenario data,

We fine-tuned the models with these incomplete data and
then performed evaluations on the ICEWS dataset. The eval-
uation results are summarized in the Table V. When the fine-
tuning data lack entity, relation, or entity type mappings, there
is a noticeable degradation in performance. Specifically, the

absence of both entity and entity type mappings leads to a
more significant performance drop. This is because without
entity and entity type mappings, IDs cannot effectively link
to entity names and types, hindering the model from making
accurate inferences based on entity semantics. However, when
only entity type mappings are missing, the model can still
leverage entity name mappings for reasoning, though the pre-
cision decreases due to the many-to-one relationship between
entities and their types.

In the zero-shot fine-tuning phase, missing data also nega-
tively impacts performance. When GDELT data are absent, the
model’s performance deteriorates more significantly compared
to when WIKI is missing. This is primarily because, during
zero-shot learning, the GDELT dataset is much larger and
thus more influential than the relatively smaller WIKI dataset.
Consequently, the absence of WIKI has a lesser effect on
overall model performance.

VI. CONCLUSION

This work investigates the critical role of semantic infor-
mation mining in TKG forecasting. First, we utilize LLMs
to extract latent entity type semantics from raw entity names,
thereby endowing the model with explicit, structured seman-
tic knowledge. Building upon the inferred entity types, we
uncover latent relational patterns from historical facts and
design a multi-criteria historical fact filtering mechanism that
integrates temporal decay, pattern consistency, and historical
recurrence principles. This mechanism assigns composite rele-
vance scores to historical facts, enabling the selection of those
most pertinent to the target prediction. Using the filtered facts,
we construct structured prompts for fine-tuning LLMs. More-
over, we decouple the fine-tuning process into source-scenario
pre-training and target-scenario adaptation, establishing two
distinct learning paradigms: supervised learning and zero-shot
learning. Experimental results under both settings demonstrate
that the proposed framework significantly enhances the gener-
alization capability of LLMs in TKG forecasting. Our findings
validate the effectiveness of semantic-aware pattern mining
and rule-guided context construction in temporal reasoning
tasks, offering an efficient and principled technical framework
for LLM-based temporal knowledge graph inference.
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