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Abstract

Among various temporal knowledge graph (TKG) extrapo-
lation methods, rule-based approaches stand out for their ex-
plicit rules and transparent reasoning paths. However, the vast
search space for rule extraction poses a challenge in identify-
ing high-quality logic rules. To navigate this challenge, we
explore the use of generation models to generate new rules,
thereby enriching our rule base and enhancing our reasoning
capabilities. In this paper, we introduce LLM-DR, an inno-
vative rule-based method for TKG extrapolation, which har-
nesses diffusion models to generate rules that are consistent
with the distribution of the source data, while also amalga-
mating the rich semantic insights of Large Language Models
(LLMs). Specifically, our LLM-DR generates semantically
relevant and high-quality rules, employing conditional diffu-
sion models in a classifier-free guidance fashion and refining
them with LLM-based constraints. To assess rule efficacy, we
meticulously design a coarse-to-fine evaluation strategy that
initiates with coarse-grained filtering to eliminate less plausi-
ble rules and proceeds with fine-grained scoring to quantify
the reliability of the retained. Extensive experiments demon-
strate the promising capacity of our LLM-DR.

Introduction
Knowledge graphs (KGs) are essential for structuring and
reasoning through complex information (Song et al. 2021;
Zhao et al. 2021), serving as a key artificial intelligence (AI)
tool. Nowadays, the advent of temporal knowledge graphs
(TKGs) has introduced a dynamic element, allowing for the
representation of knowledge that changes over time (Trivedi
et al. 2017; Goel et al. 2020). By integrating time-varying
relations, TKGs transcend the limitations of static KGs, of-
fering a more fluid and temporally nuanced perspective on
knowledge representation. This development has sparked in-
terest in TKG extrapolation, a field that focuses on predict-
ing future events based on historical knowledge. By harness-
ing historical data and trends, TKG extrapolation enables the
anticipation of knowledge evolution, thus serving as a pow-
erful instrument for foresight in various domains.
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Currently, a multitude of TKG extrapolation methods
have been proposed (Jin et al. 2020; Sun et al. 2021; Li et al.
2021), with rule-based methods (Liu et al. 2022; Bai et al.
2023) distinguishing themselves due to their high level of
interpretability. By extracting rules from observable histor-
ical data, rule-based methods can leverage these patterns to
guide reasoning about future, unobservable events (Li et al.
2023). These methods excel in offering transparent reason-
ing paths (Liu et al. 2022), which is particularly valuable
for decision-makers seeking to understand the logic behind
predictions. However, the search space for rule extraction is
exponentially vast, which complicates the identification of
high-quality logic rules (Zhang et al. 2021; Liu et al. 2023).

To this end, recent research (Luo et al. 2023; Wang et al.
2024) has endeavored to capitalize on the strengths of Large
Language Models (LLMs) to extend the limited set of ex-
tracted rules, seeking to enrich the rule base and broaden
reasoning capabilities. Nevertheless, the generation process
of LLMs requires meticulously crafted prompts (Zhou et al.
2023), and even slight alterations can lead to significant vari-
ability in the generated outcomes, introducing a high degree
of uncertainty. Furthermore, the well-documented issue of
hallucinations (Ji et al. 2023) in LLMs casts doubt on the sta-
bility of the rule quality when using these models for gener-
ation. To ensure controllable and reliable rule generation, we
turn to a prominent class of probabilistic generative models
known as diffusion models. Diffusion models offer a struc-
tured approach to data generation by learning the forward
process of gradually adding noise to data until it resembles a
Gaussian distribution, and then learning to reverse this pro-
cess to generate new samples (Ho, Jain, and Abbeel 2020). A
notable advantage of this method is that the generated rules
may be more interpretable, as their creation is based on an
understanding of the data distribution rather than being a di-
rect output from a black-box model like an LLM (Pacchiardi
et al. 2024). This approach aids in mitigating the risks as-
sociated with rules generated by LLMs, providing a more
predictable and interpretable framework for rule generation.

On the other hand, considering that the rules obtained
may be rife with spurious rules (Yu and Jin 2000; Hahsler
and Hornik 2007), it is imperative to rigorously evaluate
these rules before utilizing them for reasoning. A prime ex-
ample from the real-world TKG, ICEWS (Lautenschlager,
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Shellman, and Ward 2015), is the frequently occurring rule
expressed as Criticize or denounce(X0, X2, T2)← Investi-
gate(X0, X1, T0)∧ Appeal for economic aid(X1, X2, T1).
This rule example, extracted by rule-based method (Liu et al.
2022), is clearly illogical and does not offer a convincing
inferential trajectory for TKG extrapolation. Transitioning
from the problem, we turn our attention to the solution:
Despite the known issue of hallucinations associated with
LLMs, they nonetheless possess a substantial capacity to
serve as competent evaluators. Recently, some researchers
(Zheng et al. 2023) have proved that strong LLM judges like
GPT-4 can match both controlled and crowdsourced human
preferences well, achieving over 80% agreement, the same
level of agreement between humans. Motivated by these in-
sights, we consider the integration of LLMs into our design,
for the purpose of rule evaluation.

In this paper, we introduce a novel LLM-aided Diffusion
model for Rule generation (LLM-DR), which harnesses dif-
fusion models to broaden the rule set for TKG extrapolation,
while amalgamating the rich semantic insights of LLMs.
Specifically, we employ conditional diffusion models in a
classifier-free guidance fashion (Ho and Salimans 2022) to
generate new rules that align with the data distribution of
the original TKG-extracted rules. Additionally, we leverage
LLMs to impose constraints on the generation process, en-
suring the semantic relevance and high quality of the gener-
ated rules. To assess rule efficacy, we develop a coarse-to-
fine evaluation strategy. At the coarse-grained level, we har-
ness LLMs to sift through and discard spurious rules, while
at the fine-grained level, confidence scores to quantify rule
reliability. This dual-tiered evaluation strategy ensures the
selection of the most robust and credible rules for TKG ex-
trapolation, enhancing the overall performance and explain-
ability of the reasoning process. Through rigorous experi-
mentation, we demonstrate that LLM-DR outperforms exist-
ing state-of-the-art (SOTA) methods in TKG extrapolation,
with ablation studies and case studies substantiating the ef-
ficacy of each component of our design.

We summarize our main contributions as follows:

1. We present LLM-DR, an innovative rule-based method
for TKG extrapolation that harnesses diffusion models to
broaden the TKG-extracted rule set, while amalgamating
the rich semantic insights of LLMs.

2. We attain controllable rule generation using diffusion
models in a classifier-free guidance manner, enhanced by
LLM-based constraints to refine the rule quality.

3. We design a coarse-to-fine evaluation strategy to assess
rule efficacy and enhance reasoning accuracy.

4. Extensive experiments demonstrate that LLM-DR sur-
passes SOTA TKG extrapolation methods, with ablation
studies and case studies substantiating the efficacy of
each component of our design.

Related Work
TKG Extrapolation Methods
Recently, a significant number of methods have been pro-
posed (Han et al. 2021b; Zhu et al. 2021; Liang et al. 2023)

for TKG extrapolation. These methods, such as RE-NET
(Jin et al. 2020), RE-GCN (Li et al. 2021), HiSMatch (Li
et al. 2022), TiRGN (Li, Sun, and Zhao 2022), and LogCL
(Chen et al. 2024), adeptly harness neural networks and em-
beddings to capture the nuanced temporal dynamics within
TKGs. Concurrently, there has been a development of meth-
ods aimed at bolstering the reasoning explainability. TITer
(Sun et al. 2021) delves into potential reasoning paths by
employing reinforcement learning, while xERTE (Han et al.
2021a) sheds light on the reasoning process and outcomes by
extracting subgraphs and tracing the underlying processes.
Rule-based methods are currently in the limelight: TLogic
(Liu et al. 2022) and TR-Rules (Li et al. 2023) can automate
the learning of rules from data, and deliver explicit reasoning
paths. Additionally, there is a burgeoning interest in leverag-
ing the strengths of the currently popular LLMs for reason-
ing on TKGs (Gao et al. 2024; Luo et al. 2024).

Diffusion Models
Diffusion models (Ho, Jain, and Abbeel 2020) have risen
to prominence in the realm of generative modeling, sig-
nificantly influencing the landscape of sample generation
in diverse domains. These models operate by incremen-
tally adding noise to data and then learning to reverse this
process for denoising and creating new, coherent samples.
Building on this, conditional diffusion models (Tashiro et al.
2021) offer refined control over generation, facilitating tai-
lored applications in visual generation (Saharia et al. 2022),
natural language processing (Gong et al. 2023), and multi-
modal generation (Nichol et al. 2022). Within this frame-
work, classifier guidance (Dhariwal and Nichol 2021) intro-
duces a structured directive via a classifier, while classifier-
free guidance (Ho and Salimans 2022) champions an open-
ended, flexible approach to generative modeling.

Preliminaries
Task Definition
A TKG comprises millions of temporal facts, represented as
G ⊂ E ×R×E ×T . In this context, E denotes the set of en-
tities, R the set of relations, and T the set of timestamps.
Each temporal fact within G is structured as a quadruple
(es, r, eo, τ), indicating that a relation r ∈ R exists between
a subject entity es ∈ E and an object entity eo ∈ E at a spe-
cific time τ . Furthermore, we incorporate inverse relations
to enrich temporal facts, yielding (eo, r

−1, es, τ) for every
quadruple. Consider O = {(es, r, eo, τ)|τ ∈ [τb, τe]} as the
collection of observed facts within our accessible time inter-
val [τb, τe]. For a given query q = (eq, rq, ?, τq), our TKG
extrapolation reasoning task is to deduce the missing object
entity based on the provided elements. A key requirement
for this task is τq > τe, which signifies the need for extrap-
olation to predict future events based on historical data.

Temporal Logical Rule
Definition 1. We define each temporal logical rule as a first-
order Horn clause, consisting of a body of conjunctive rela-
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Figure 1: The overview of the LLM-DR framework.

tions and a single head:

rh(e1, eL+1, τh)←
L∧

i=1

rbi(ei, ei+1, τi), (1)

with a Chronological Order Constraint met:

τh > τ1 ≥ τ2 ≥ . . . ≥ τL. (2)

The left side in Equation 1 is referred to as the rule head,
which for convenience and brevity, can be denoted as rh;
while the right side constitutes the rule body, denoted as
rb =

∧L
i=1 rbi . For a temporal logical rule, the subject e1

and the object eL+1 serve as the origin and the terminus
of the chain-like rule body, respectively, thereby creating a
cyclic definition of the logical rule. The chronological or-
der constraint (Equation 2) necessitates that all timestamps
within the rule body must: 1) be ordered chronologically,
and 2) precede the timestamp of the rule head.

Diffusion Models for Generation
The diffusion model (Ho, Jain, and Abbeel 2020) consti-
tutes a probabilistic generative architecture designed to ap-
proximate the distribution of target data for the synthesis
of samples. This model is fundamentally composed of two
complementary processes: a forward process and a reverse
process. In the forward process, an initial sample χ0 drawn
from a distribution q(χ) undergoes a sequential transforma-
tion. This transformation involves the incremental introduc-
tion of Gaussian noise across a series of time steps, indexed
by t ranging from 1 to T . This results in a Markov chain
of latent variables, χ1, ...,χT , where each step t follows
a transition probability q(χt|χt−1). Ultimately, the initial
data X0 is distorted into a standard Gaussian distribution,
χT ∼ N (0, 1), at the final time step T . Conversely, the re-
verse process aims to reconstruct the original data from its
noisy corruption. This is achieved by training the diffusion
model to predict the preceding state in the sequence, gov-
erned by the learnable distribution pθ(χt−1|χt). Essentially,
the reverse process offers precise control over the genera-
tive mechanism, enabling the model to discern and replicate

the nuanced dependencies and underlying patterns inherent
within the data distributions.

Methodology
In this section, we provide a detailed description of our
LLM-DR method, as illustrated in Figure 1.

Rule Extraction
Initially, extracting a finite set of rules from TKGs is cru-
cial as it lays the groundwork for further operations. Our
methodology for rule extraction is inspired by the approach
presented in (Liu et al. 2022), with a particular emphasis on
two pivotal stages: the temporal path sampling and the align-
ment of these paths with temporal logic rules.

Temporal Path Sampling We initially employ a sampling
strategy for temporal paths, achieved through initiating a
random walk (Kendall 1967; Cheng, Ahmed, and Sun 2023)
from a chosen temporal edge (fact), serving as the anchor for
the rule’s head. Starting with a rule head rh(e1, eL+1, τh),
we then embark on a journey from node (entity) e1, sam-
pling a sequence of temporal edges, denoted by PL, with a
predefined length L.

Alignment with Temporal Logic Criteria Post the sam-
pling of temporal paths, we engage in a process of align-
ment, matching these paths against the criteria of the pre-
defined temporal logic rule (as outlined in Definition 1). This
involves assessing the suitability of the sampled paths to
form the body of a temporal logic rule. Specifically, we ver-
ify if the terminal node of the sampled path PL aligns with
the anticipated entity eL+1. Beyond mere endpoint congru-
ence, it is imperative that the temporal sequence adheres to
the chronological order constraint (Equation 2), ensuring a
logical and coherent progression.

Diffusion-Based Controllable Rule Generation
Building upon the finite collection of rules derived from
TKGs, we then employ a diffusion model with classifier-
free guidance for controllable rule generation, enriching this

11483



foundational rule base. Concretely, our rule generation pri-
marily encompasses a forward process and a reverse process.

Forward Process In the forward process, we begin by ex-
tracting the embedding of each rule body and subsequently
convert the embedding into a Gaussian distribution by strate-
gically injecting noise. The initial state χ0 is set as the em-
bedding of a L-length rule body rb, achieved by employing
an RNN-based encoder which excels at modeling sequential
data; while the rule head rh is regarded as the category/la-
bel of the rule. Then, the model constructs the Markov chain
χ1:T by incrementally introducing Gaussian noise across T
steps. The transition from χt−1 to χt is parameterized as:

q(χt|χt−1) = N (χt;
√
1− βtχt−1, βtI), (3)

where t ∈ 1, · · · , T indexes the diffusion step, N denotes
the Gaussian distribution, and βt ∈ (0, 1) governs the noise
scale at step t. As T→∞, χT approaches a standard Gaus-
sian distribution. Leveraging the reparameterization trick
and the additivity of independent Gaussian noises, we de-
rive χt directly from the initial state χ0. Formally:

q(χt|χ0) = N (χt;
√
ᾱtχ0, (1− ᾱt)I), (4)

where ᾱt =
∏t

t′=1(1− βt′ ). And χt is reparameterized as:

χt =
√
ᾱtχ0 +

√
1− ᾱtϵ, ϵ ∼ N (0, I). (5)

To regulate noise addition in χ1:T, a linear noise scheduler
is incorporated, utilizing three hyperparameters: s, αlow, and
αup. The scheduler is defined by:

1−ᾱt = s·
[
αlow +

t− 1

T− 1
(αup − αlow)

]
, t ∈ {1, · · · , T}.

(6)
Here, s ∈ [0, 1] modulates the noise scale, while αlow <
αup ∈ (0, 1) establish the noise bounds.

Reverse Process Following the completion of the forward
process, the inverse process is engaged to meticulously re-
construct the rule body representation χ0 from a pure Gaus-
sian noise χT. The denoising transition is characterized by:

pθ(χt−1|χt) = N (χt−1;µθ(χt, t),Σθ(χt, t)). (7)

The neural networks N , parameterized by θ, are employed
to calculate the mean µθ(χt, t) and covariance Σθ(χt, t)
of the resulting Gaussian distribution. To achieve a condi-
tional generation, we adopt the classifier-free guidance (Ho
and Salimans 2022) approach, and the initial mean µθ(χt, t)
will be adjusted to:

µ̃θ(χt, t) = µθ(χt, t) + w (µθ(χt, t, rh)− µθ(χt, t)) ,
(8)

where w is the guidance weight parameter that controls the
balance between the conditional and unconditional genera-
tions. Thus, we get an adjusted denoising transition:

pθ(χt−1|χt, rh) = N (χt−1; µ̃θ(χt, t),Σθ(χt, t)). (9)

To obtain the specific members of the rule body, we take
a rounding step pθ (rb|χ0) =

∏L
i=1 pθ (rbi |xi), where

pθ (rbi |xi) is a softmax distribution, to map the final gen-
erated rule body representations to discrete relations rbi .

LLM-based Rule Generation Constraints By leverag-
ing the advanced language comprehension capabilities of
LLMs, we strategically apply constraints to the rule genera-
tion process, ensuring that the potential relations within the
rule body are relevant and of high quality. The advantage of
this approach is that it prevents the diffusion models from
producing rule bodies that are unrelated to the rule head,
thus maintaining coherence and enhancing the overall qual-
ity of the generated rules. For example, given a rule head
such as Consult, the relations Engage in negotiation and Ex-
press intent to meet or negotiate are semantically more plau-
sible candidates for inclusion in the rule body than a relation
like Forgive. Specifically, given a rule head rh, we select the
k most semantically relevant relations from the relation set
R based on their semantic similarity. This strategy ensures
a higher quality of rule generation by focusing on relevant
and meaningful relations. A simple example of the relation
selection prompt is shown in the following prompt box.

Prompt for Rule Generation Constraints

Task: Given a relation {rh} from the ICEWS datasets,
Please select {k} relations from the Candidate relation
set, which are semantically close or have progressive
relations with the given relation {rh} .
Candidate relation set: Relation set
Background knowledge: These relations are derived
from the ICEWS datasets and serve to characterize
a spectrum of interactions and social events among
nations and political figures. If possible, combine your
knowledge of social-political events to assist in the
above analysis.

Please provide the selection result in list form.
Selection results:

It is well-known that LLMs often exhibit inconsistencies
in their responses (Elazar et al. 2021; Wang et al. 2023b).
Therefore, we conduct multiple queries and then collect re-
sponses. Further, we design a voting prompt to allow LLM
to vote on multiple responses, selecting the most confident
answer as the final response. We view them as the constraints
on the rule body during the rule generation process.

Optimization To optimize our generation model, we aim
to maximize the Evidence Lower Bound (ELBO) of the like-
lihood of the rule body representation χ0. We follow (Wang
et al. 2023a; Jiang et al. 2024) and get the final optimization
objective:

L(χ0, θ, rh) = Et∼U(1,T )Lt, (10)

with a uniform distribution t ∼ U(1, T ). And Lt is defined
as follows:

Lt = Eq(χt|χ0)

[
1

2

(
ᾱt−1

1 − ᾱt−1

−
ᾱt

1 − ᾱt

)
||χ̂θ(χt, t, rh) − χ0||22

]
,

(11)
where χ̂θ(χt, t) is the predicted χ0 based on χt, t and
rh, and we utilize neural networks, specifically employing a
Multi-Layer Perceptron (MLP), to implement calculations.
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Coarse-to-Fine Rule Evaluation

Upon obtaining the rules, our focus shifts to evaluate rule
plausibility and calculate rule scores from both qualitative
and quantitative perspectives. First, from a coarse-grained
perspective, we apply an LLM with chain-of-thought (CoT)
to evaluate the logical plausibility of rules. It primarily
evaluates the logical and semantic validity of rules, sorting
them into plausible or implausible categories. Subsequently,
advancing to a fine-grained perspective, we utilize a pre-
trained BERT (Devlin et al. 2019) model to meticulously
compute the semantic proximity between the rule head and
the rule body for those rules identified as plausible.

Coarse-Grained Rule Evaluation (Based on LLMs) Af-
ter the controllable rule generation module, we can obtain a
set of rules for a target relation rh. Existing methods typi-
cally use statistical scores to filter out rules. However, these
approaches have two drawbacks: (1) Due to the sparsity of
TKGs, some generated rules may have low or even zero sta-
tistical scores, yet they are logically and semantically rea-
sonable; (2) Due to potential noise in the TKG, some rules
with high statistical scores may be logically implausible,
potentially leading to the spurious rules. Recently, exten-
sive works(Wei et al. 2022; Huang and Chang 2023) have
explored the ability of LLMs to spontaneously decompose
the complex multi-step problem into intermediate reason-
ing steps through CoT prompting. It is elicited by a sim-
ple prompt like “Let’s think step by step” or well-designed
demonstrations with human-annotated rationales.

Motivated by this, we leverage an LLM to evaluate the
plausibility of rules through step-by-step reasoning. Please
note that we execute the step-by-step process on the rule
body based on the Chronological Order Constraint (see Def-
inition 1). Moreover, we assess the plausibility of rules by
logical and semantic reasoning, compensating for the short-
comings of purely statistical methods when sufficient statis-
tical support is lacking. A simple prompt example is shown
in the following prompt box.

Prompt for Coarse Rule evaluation with CoT

Task: Given the following rules derived from the
ICEWS dataset. Please evaluate their logical plausibility
based on commonsense knowledge in realistic scenarios
and analyze step-by-step followed by the temporal order
whether the rule body logically can lead to the rule
head.
Rules: {Generated rules }
Background knowledge: ICEWS (Integrated Crisis
Early Warning System) is a large time-series social
event dataset focused on international relations and
political events, encompassing a range of activities from
politics, economics to military events.

You can provide a final assessment of whether the
given rule is logically plausible based on the analyzed
steps, Return the final evaluation results as plausible or
implausible and also explain why.
Predicate:

Fine-Grained Rule Scoring (Based on BERT) After the
coarse-grained filtration process, our objective is to metic-
ulously ascertain the fine confidence scores for plausible
rules, conducting evaluation from a semantic standpoint.
Although LLMs with a CoT prompt can employ specific
prompts to generate confidence scores or use answer consis-
tency as a confidence indicator, these can have poor calibra-
tion performance or cannot provide fine-grained confidence
scores (Xiong et al. 2023; Tian et al. 2023).

Therefore, we consider building a rule-scoring function
based on representation learning, rather than relying solely
on statistical rule instances or LLM with prompts. Specifi-
cally, we leverage a pre-trained small language model such
as the BERT model(Devlin et al. 2019), to embed the rule
head rh and its corresponding rule bodies rb into the vector
space, obtaining the embedding vectors rh and rb:

rh, rb = BERT(rh, rb) (12)

Then, we calculates the semantic similarity score
Score(rh, rb) through the cosine similarity function:

Score(rh, rb) =
rh · rb
∥rh∥∥rb∥

(13)

where · denotes the dot product operation, and ∥ denotes
the norm of the vector. For each query, we can leverage the
obtained temporal logical rules and their confidence scores
to provide suitable answers.

Experiments
Experimental Setup
Benchmark Datasets Four TKG benchmark datasets are
leveraged to evaluate our LLM-DR, including ICEWS14
(Garcı́a-Durán, Dumancic, and Niepert 2018), ICEWS18
(Jin et al. 2020), ICEWS05-15 (Garcı́a-Durán, Dumancic,
and Niepert 2018), and GDELT (Jin et al. 2020).

Evaluation Protocol The evaluation for TKG extrapola-
tion involves the adoption of a link prediction task. This
task focuses on inferring incomplete time-wise facts that
contain a missing entity, represented as either (es, r, ?, t) or
(?, r, eo, t). We use the ground truths for extrapolation, as
is the case with many previous methods (Jin et al. 2020;
Li et al. 2021). And we use the time-wise filtered setting
(Goel et al. 2020) to report the experimental results. The
performance is reported on the standard evaluation metrics:
the proportion of correct triples ranked in the top 1, 3 and
10 (Hits@1, Hits@3, and Hits@10), and Mean Reciprocal
Rank (MRR). All the metrics are the higher the better. For all
experiments, we report averaged results across 5 runs, and
we omit the variance as it is generally low. Across various
modules and ablation variants of our model, we consistently
employ the GPT-3.5-turbo version as the LLM.

Baselines We compare with twelve up-to-date TKG ex-
trapolation baseline methods, encompassing a diverse range
of approaches. Our comparison includes embedding-based
methods such as CyGNet (Zhu et al. 2021), TITer (Sun et al.
2021), RE-GCN (Li et al. 2021), xERTE (Han et al. 2021a),
TiRGN (Li, Sun, and Zhao 2022), HiSMatch (Li et al. 2022),
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Model
ICEWS14 ICEWS18 ICEWS05-15 GDELT

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

♠

CyGNet [2021] 35.1 25.7 39.0 53.6 24.9 15.9 28.3 42.6 36.8 26.6 41.6 56.2 18.5 11.5 19.6 32.0
TITer [2021] 40.9 32.1 45.5 57.6 30.0 22.1 33.5 44.8 47.7 38.0 52.9 65.8 20.2 14.1 22.2 31.2

RE-GCN [2021] 40.4 30.7 45.0 59.2 32.6 22.4 36.8 52.7 48.0 37.3 53.9 68.3 19.8 12.5 21.0 34.0
xERTE [2021a] 40.0 32.1 44.6 56.2 30.0 22.1 33.5 44.8 46.6 37.8 52.3 63.9 18.9 12.3 20.1 30.3
TiRGN [2022] 44.0 33.8 49.0 63.8 33.7 23.2 38.0 54.2 50.0 39.3 56.1 70.7 21.7 13.6 23.3 37.6

HiSMatch [2022] 46.4 35.9 51.6 66.8 34.0 23.9 37.9 53.9 52.9 42.0 59.1 73.3 22.0 14.5 23.8 36.6
RPC [2023] - - - - 34.9 24.3 38.7 55.9 51.4 39.9 57.0 71.8 22.4 14.4 24.4 38.3

LogCL [2024] 48.9 37.8 54.7 70.3 35.7 24.5 40.3 57.7 57.0 46.1 63.7 77.9 23.8 14.6 25.6 42.3

♣ TLogic [2022] 42.5 33.2 47.6 60.3 29.6 20.4 33.6 48.1 47.0 36.2 53.1 67.4 19.8 12.2 21.7 35.6
TR-Rules [2023] 43.3 34.0 48.6 61.2 30.4 21.1 34.6 48.9 47.6 37.1 53.8 67.6 - - - -

♢ Llama-2-7b-CoH [2024] - 34.9 47.0 59.1 - 22.3 36.3 52.2 - 38.6 54.1 69.9 - - - -
Vicuna-7b-CoH [2024] - 32.8 45.7 65.6 - 20.9 34.7 53.6 - 39.2 54.6 70.7 - - - -

LLM-DR (ours) 50.5 40.6 55.8 67.0 38.2 30.4 40.9 55.6 58.9 50.5 64.8 75.3 30.7 22.5 33.4 42.6

Table 1: Performance (in percentage) for link prediction on four benchmarks with time-aware metrics, where “H@” represents
“Hits@”. ♠ denotes embedding-based baselines, ♣ denotes rule-based baselines, and ♢ denotes LLM-based baselines.

Model ICEWS14 ICEWS18

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

LLM-DR 50.5 40.6 55.8 67.0 38.2 30.4 40.9 55.6

-Cons 49.4 39.7 55.2 66.5 36.7 29.0 39.8 54.1
-Diff 43.8 34.3 49.5 62.9 31.2 22.3 35.1 49.8
Diff⇒ LLM 46.6 36.3 52.2 66.6 35.7 25.5 39.3 54.9

-Coarse 48.8 39.1 54.9 66.5 36.6 29.6 39.2 54.7
BERT⇒ LLM 46.2 35.8 52.6 65.1 34.8 26.1 37.6 52.9

Table 2: Ablation study results on ICEWS14 and ICEWS18.

RPC (Liang et al. 2023), and LogCL (Chen et al. 2024).
Additionally, we have evaluated rule-based methods like
TLogic (Liu et al. 2022) and TR-Rules (Li et al. 2023),
as well as LLM-based methods including Llama-2-7b-CoH
(Luo et al. 2024) and Vicuna-7b-CoH (Luo et al. 2024).

Performance Comparison
The experimental results obtained from four different
datasets are presented in Table 1. The datasets employed in
our evaluation exhibit significant differences in scale, num-
ber of entities, and number of relations. Our findings demon-
strate the effectiveness of our proposed LLM-DR in per-
forming efficient TKG extrapolation of varying sizes and
complexity levels. One notable observation is that our LLM-
DR outperforms all baselines across all four datasets, under-
scoring its superior reasoning capabilities and affirming its
potential for complex TKG reasoning tasks.

Furthermore, an intriguing and candid observation is that
not solely LLM-DR, but also other rule-based methods
such as TLogic and TR-Rules, demonstrate comparatively
weaker performances in terms of the Hits@10 metric. This
mirrors a common challenge among rule-based methods:
while they excel at identifying the best answer in reasoning
tasks, they fall short compared to embedding-based methods
when the requirement shifts to generating a broader spec-
trum of potential candidate answers. And the marked im-
provement of LLM-DR over TLogic and TR-Rules signifies
that our method can mitigate this particular shortcoming.

Ablation Study
Table 2 presents the ablation studies on ICEWS14 and
ICEWS18 datasets, to isolate and quantify the contribution
of each component to the reasoning performance.

Rule Generation In addition to the original LLM-DR
model, we introduce three sub-models for comparative anal-
ysis within the rule generation phase, including (1) a version
of LLM-DR devoid of the generation constraints, denoted
as “-Cons”, (2) a variant lacking rules produced by the dif-
fusion models, denoted as “-Diff”, and (3) an adaptation that
employs LLMs in lieu of diffusion models for rule genera-
tion, denoted as “Diff⇒ LLM”. Performance comparisons
among sub-models reveal that the generation constraints ex-
ert a certain degree of influence on the outcomes, while the
rules generated by diffusion models significantly enhance
the effectiveness. Furthermore, there is a noticeable decline
in performance when the rule generator is switched from dif-
fusion models to LLMs, underscoring the advantage of uti-
lizing diffusion models for rule generation in our approach.

Rule Evaluation Within the rule evaluation phase, we
also introduce two sub-models, including (4) a version
of LLM-DR devoid of the coarse-grained module, de-
noted as “-Coarse”, and (5) a variant replacing BERT with
LLMs within the fine-grained evaluation module, denoted
as “BERT ⇒ LLM”. The results indicate that the coarse-
grained module has a measurable impact on the inference
performance. As for the fine-grained evaluation module,
substituting BERT with LLMs leads to a significant per-
formance degradation, which suggests that LLMs may have
disadvantages when it comes to the nuanced quantification
required at a finer level of evaluation detail.

Case Study
Table 3 presents the case studies conducted to elucidate the
benefits of our LLM-DR in rule generation and evaluation.
Our investigations have yielded the following insights: a)
In both Case 1 and Case 2, our LLM-DR adeptly gener-
ates novel rules from existing extracted ones, demonstrating
our method’s capacity to transcend mere reliance on data,
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Case Rule Head Type Rule Body
Evaluation

Coarse Fine

1 Make pessimistic comment(X0, X2, τ2)
E Praise or endorse(X0, X1, τ0) ∧ V eto−1(X1, X2, τ1) Plausible 0.724

G Make a visit(X0, X1, τ0) ∧ Reject−1(X1, X2, τ1) Plausible 0.726

2 Accuse(X0, X3, τ3)

E
Make an appeal or request(X0, X1, τ0)

∧ Provide aid(X1, X2, τ1)
∧ Provide aid−1(X2, X3, τ2)

Implausible 0.713

G
Express intent to provide economic aid(X0, X1, τ0)

∧ Make statement−1(X1, X2, τ1)
∧ Make an appeal or request(X2, X3, τ2)

Implausible 0.638

Table 3: Cases of rules from ICEWS05-15, where type E denotes “Extracted” and G denotes “Generated” rule bodies, indicat-
ing their respective source types. And the Chronological Order Constraint is met among τ0, τ1, τ2, · · · .

(a) Data sparsity (b) Data noise

Figure 2: Robustness evaluation on ICEWS14.

thereby yielding a more expansive array of potential rules.
b) The coarse-grained evaluation phase serves as a pivotal
filter, enabling us to discern whether a rule is “plausible” or
“implausible”. Notably in case 2, where two rules deemed
“implausible” in the coarse-grained evaluation still managed
to score highly in the fine-grained evaluation. This scenario
illuminates the potential shortcomings of relying solely on
fine-grained evaluation, which might not suffice to mitigate
the influence of spurious rules on the reasoning process.
This observation underscores the distinct advantage of our
coarse-to-fine rule evaluation design, which offers a more
nuanced and layered approach to rule assessment.

Robustness Analysis
To assess the robustness of LLM-DR, we conduct experi-
ments under conditions of data sparsity and noise, manipu-
lating the ICEWS14 dataset by randomly introducing dele-
tions and additions of training facts. In our methodology,
we implement random deletions and insertions of training
data, ranging from 25% to 75% of the facts, to simulate vary-
ing intensities of sparsity and noise. The performance com-
parison in Figure 2 contrasts LLM-DR with two explain-
able methods: the rule-based TLogic and the subgraph-based
xERTE. LLM-DR exhibits superior performance across the
board, regardless of the severity of sparsity or noise, show-
casing its robustness. Notably, even under extreme condi-
tions of 75% data alteration, LLM-DR sustains a high MRR
value of over 47, underscoring its proficiency in coping with
both sparse and noisy datasets effectively. This robustness
highlights LLM-DR’s reliability in real-world applications

Gtrain Gtest Model MRR H@1 H@3 H@10

ICEWS05-15 ICEWS14 TLogic 27.4 20.5 30.6 40.6
LLM-DR 32.9 25.6 34.3 44.8

ICEWS05-15 ICEWS18 TLogic 20.9 14.9 23.9 33.0
LLM-DR 25.3 16.7 28.5 38.1

ICEWS18 ICEWS05-15 TLogic 35.3 26.6 40.2 51.8
LLM-DR 39.4 31.7 43.2 52.9

ICEWS18 ICEWS14 TLogic 26.3 19.7 29.4 38.9
LLM-DR 31.8 22.7 37.8 47.3

ICEWS14 ICEWS05-15 TLogic 43.7 33.0 49.8 64.2
LLM-DR 45.6 35.7 51.5 64.9

ICEWS14 ICEWS18 TLogic 20.7 16.0 23.4 29.6
LLM-DR 22.8 17.3 26.1 33.8

Table 4: Inductive setting where rules learned on Gtrain are
transferred and applied to Gtest.

where data imperfections are the norm.

Inductive Scenarios
Rule-based methods offer the advantage of generalizability
to new datasets that encompass common relations, allowing
for the easy application of validated rules to similar datasets
(Liu et al. 2022). Utilizing rule transfer (Wang et al. 2022),
we establish an inductive scenario by applying rules learned
from one dataset’s training set to another’s test set, as shown
in Table 4. Our LLM-DR’s consistent outperformance over
TLogic in inductive contexts highlights its ability to gen-
erate a broader set of rules beyond the dataset constraints,
which enriches our model’s generalization and adaptability,
enabling it to skillfully handle various inductive situations.

Conclusion
In this paper, we introduce LLM-DR, an innovative rule-
based method for TKG extrapolation that harnesses diffu-
sion models to broaden the rule set, while integrating the
strengths of LLMs. Our method generates semantically rel-
evant and high-quality rules, employing conditional diffu-
sion models guided in a classifier-free manner and refining
them with LLM-based constraints. To assess rule efficacy,
we meticulously design a coarse-to-fine evaluation strategy
that initiates with coarse-grained filtering to eliminate less
plausible rules, and proceeds with fine-grained scoring to
quantify the reliability of the retained. Extensive experi-
ments demonstrate the promising capacity of our LLM-DR.
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