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Abstract—Knowledge graph completion (KGC) is a fundamen-
tal task in database and AI systems, aiming to infer missing facts
in knowledge graphs and thereby improve the completeness and
usability of structured knowledge. However, existing methods of-
ten struggle to jointly capture structural reasoning and semantic
precision within a unified framework. We present DUAL-RP,
a relation prediction framework that bridges knowledge graph
embedding (KGE) models and large language models (LLMs)
through a semantic re-ranking paradigm. DUAL-RP first employs
lightweight KGE models to generate a compact set of candidate
relations for a given entity pair. A token translator module
then aligns continuous structural embeddings with the token
embedding space of LLMs, enabling effective interaction between
structural priors and semantic reasoning. In addition, multi-hop
relational paths are incorporated as natural-language context
to provide complementary semantic cues for relation ranking
and interpretability. Experiments on FB15k-237, CoDEx-S, and
DBpedia50 show that DUAL-RP consistently delivers strong
overall ranking performance across diverse baselines, achieving
the most consistent improvements in Mean Reciprocal Rank and
Hits@1.

Index Terms—Knowledge Graph Completion, Relation Pre-
diction, Knowledge Graph Embedding, Large Language Models,
Semantic–Structural Fusion

I. INTRODUCTION

Knowledge Graphs (KGs) provide structured representa-
tions of entities and relations and support a wide range of
applications, such as search [1], recommendation [2], and
question answering [3]. However, due to the high cost of
manual curation and the open-world nature of knowledge
acquisition, real-world KGs are often incomplete. Knowledge
Graph Completion (KGC) addresses this issue by inferring
missing facts, where relation prediction aims to identify the
most plausible relation between a given entity pair [4].

Existing approaches to relation prediction can be broadly
categorized into three paradigms:
Knowledge graph embedding (KGE) methods (Fig. 1(a))
encode entities and relations into continuous vector spaces and
evaluate triple plausibility using geometric or algebraic scor-
ing functions [4], [5]. While effective at capturing structural
regularities, they mainly rely on graph topology and weakly
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Fig. 1: Comparison of relation prediction paradigms: (a) KGE-
based, (b) PLM-based, (c) LLM-based, and (d) the proposed
DUAL-RP framework.

incorporate semantic constraints, limiting their ability to model
long-range dependencies and compositional patterns.

Pre-trained language model (PLM)-based methods
(Fig. 1(b)) introduce textual semantics by encoding entity or
relation descriptions and aligning language with knowledge
representations [6]. Although they improve semantic
expressiveness, structural information is typically incorporated
through loose coupling, making it difficult to enforce precise
relational constraints in complex graphs.

Large language model (LLM)-based methods (Fig. 1(c))
formulate relation prediction as a generative or prompting-
based task. These methods leverage strong contextual reason-
ing and parametric knowledge but often suffer from limited
controllability and may deviate from KG structure under open-
ended generation [7].

Despite their strengths, these paradigms share several lim-
itations. First, structural–semantic disconnection arises from
separate representation spaces. Second, limited controllability
affects the reliability of generative reasoning. Third, multi-hop
reasoning remains insufficient for capturing complex relational
dependencies.



To address these challenges, we propose DUAL-RP, a
unified framework that integrates structural representations
from KGE with the semantic reasoning capability of LLMs
(Fig. 1(d)). DUAL-RP formulates relation prediction as a
structure-guided semantic re-ranking problem, combining can-
didate filtering with context-aware ranking to achieve accurate
and controllable inference.

Our main contributions are summarized as follows:
• We propose DUAL-RP, a unified framework that bridges

structural embeddings and language models for relation
prediction.

• We design a token translator, a two-stage filtering and re-
ranking pipeline, and a multi-hop semantic augmentation
strategy.

• We conduct experiments on FB15k-237, CoDEx-S, and
DBpedia50, demonstrating consistent improvements over
representative baselines.

II. RELATED WORK

A. KGE Methods

KGE methods learn low-dimensional representations for
entities and relations, and evaluate triple plausibility via scor-
ing functions. Representative models include translation-based
methods such as TransE [5], tensor factorization methods
such as DistMult [8] and ComplEx [9], and geometry-based
methods such as RotatE [4]. These methods are efficient and
structurally consistent, but mainly rely on graph topology and
often struggle to capture implicit semantics and long-range
compositional reasoning.

B. PLM-based Methods

PLM-based methods enhance KG representations by incor-
porating textual semantics. Representative approaches include
KG-BERT [10], BERTRL [11], and LASS [12], which en-
code entity or relation descriptions and strengthen language–
structure interaction through pretraining or joint modeling.
Although these methods improve semantic expressiveness,
they still struggle to fully exploit structural constraints and
often suffer from misalignment between textual and relational
representations.

C. LLM-based Methods

LLM-based methods enable relation prediction through
prompting, in-context learning, or task-specific adaptation.
Representative approaches include chain-of-thought prompt-
ing [13], KG-LLM [14], InstructGLM [15], and Struct-
GPT [16]. More recent work has investigated tighter inte-
gration between knowledge graphs and LLMs across related
tasks. In particular, BrikQA [3] uses structural and textual sig-
nals to support multi-hop question answering over knowledge
graphs, whereas ST-KGLP [17] aligns structural and textual
knowledge for LLM-based link prediction. Despite their strong
contextual reasoning ability, these methods are often sensitive
to prompt design and may not impose sufficient structural
constraints, which can lead to unstable behavior on complex
graphs [7].

To improve robustness and parameter efficiency, recent
studies further introduce lightweight adaptation and structure-
aware tuning, such as LoRA [18]. Overall, existing paradigms
still reveal a gap between symbolic structure and semantic
reasoning, motivating unified and structure-aware integration
of embedding representations with language models.

III. PROBLEM DEFINITION

A KG is defined as a set of triples G = (E,R, T ), where
E and R denote the sets of entities and relations, and T ⊆
E ×R×E denotes the set of observed facts. Given an entity
pair (h, t), the goal of relation prediction is to identify the
most plausible relation r∗ ∈ R between them.

In addition to direct connections, entities in a KG may
also be linked through multi-hop relational paths. A path
p(h, t) = (r1, . . . , rk) corresponds to a relational chain
h

r1−→ e1
r2−→ · · · rk−→ t, which provides higher-order semantic

evidence beyond direct relations.
In DUAL-RP, relation prediction is formulated as a candi-

date re-ranking task. Given an entity pair (h, t), an upstream
structural retriever first produces a candidate relation set

Rcand(h, t) = {r1, r2, . . . , rK}, Rcand(h, t) ⊆ R.

The model then reorders these candidates based on structural
and semantic context, including optional multi-hop relational
evidence, and outputs a ranked sequence

Rpred(h, t) = (r̂1, r̂2, . . . , r̂K),

where each r̂i ∈ Rcand(h, t). The top-ranked relation is taken
as the final prediction:

r∗ = r̂1. (1)
The main challenge is to effectively integrate structural and

semantic context for candidate re-ranking, while maintaining
alignment between KG-derived representations and language-
based reasoning.

IV. DUAL-RP

DUAL-RP is a unified framework for relation prediction
that integrates structural representations from KGEs with the
semantic reasoning capability of LLMs. The overall workflow
proceeds in a coarse-to-fine manner. Given a query entity
pair, DUAL-RP first performs relation candidate filtering using
KGE-based structural scoring. Subsequently, structure-aware
semantic reasoning is conducted over the filtered candidates,
including structural encoding, multi-hop semantic expansion,
and semantic–structural ranking. Fig. 2 provides an overview
of the DUAL-RP framework.

A. Relation Candidate Filtering

As shown in Fig. 2(a), performing inference over the entire
relation set R is impractical for large-scale knowledge graphs.
DUAL-RP therefore constructs a structural prior using KGE-
based scoring [5] to narrow down the candidate space at an
early stage.

Given a query entity pair (h, t), we denote their correspond-
ing structural embeddings as eh, et ∈ Rde , and the embedding
of a relation r ∈ R as er ∈ Rdr . A KGE scoring function



Fig. 2: Overview of the DUAL-RP framework.

g(·) is used to evaluate the plausibility of the triple (h, r, t),
yielding a structural score S(h, r, t) = g(eh, er, et).

Relations are ranked according to their scores S(h, r, t), and
the top-K relations are selected as candidates:

Rcand = TopKr∈R

(
S(h, r, t),K

)
. (2)

Here, Rcand denotes the filtered set of top-K candidate
relations for the entity pair (h, t). This candidate filtering step
produces a compact relation set that serves as the input for
subsequent structural encoding and semantic reasoning.

B. Structural Encoding

As illustrated in Fig. 2(b), the structural encoding module
operates on the filtered candidate relations and maps enti-
ties and relations into continuous vector spaces to provide
structural priors for downstream reasoning. Specifically, a
knowledge graph embedding (KGE) model such as RotatE [4]
encodes the head entity h, tail entity t, and each candidate
relation ri ∈ Rcand into structural embeddings.

To bridge these structural embeddings with the language
model space, we introduce a token translator implemented with
a FiLM-style linear modulation module [19]. Given (h, t) and
the candidate relation set Rcand, we form a structural sequence

(ΦE(h),ΦE(t),ΦR(r1),ΦR(r2), . . . ,ΦR(rK)),

which is transformed into modulation parameters and applied
to the corresponding role-specific token embeddings:

x̃g = γg ⊙ xg + βg, (3)
where xg is the base token embedding, and γg,βg are FiLM-
style scaling and shifting terms derived from the structural
representations.

The resulting structural tokens are prepended to the textual
prompt at the embedding level, injecting structural information
without modifying the prompt template or vocabulary.

C. Multi-hop Semantic Expansion

As illustrated in Fig. 2(c), entity pairs may be connected
through multi-hop relational paths. DUAL-RP incorporates

such paths as lightweight semantic evidence without explicit
path modeling.

Given an entity pair (h, t), we extract valid multi-hop
relation sequences p(h, t) = (r1, . . . , rℓ) connecting h to t.
Intermediate entities are omitted, and sequences are treated as
relation-level patterns.

We adopt a localized subgraph extraction strategy inspired
by GraIL [20] to efficiently identify such sequences, without
constructing subgraph representations or performing graph
neural reasoning.

For efficiency, we restrict ℓ ≤ Lmax and retain at most
M sequences per pair. All sequences are treated as symbolic
patterns and are neither embedded nor explicitly scored.

Each sequence is mapped to natural language and injected
into the prompt as auxiliary context, providing complementary
semantic cues for relation ranking.

D. Semantic–Structural Ranking

As shown in Fig. 2(d), DUAL-RP formulates relation pre-
diction as a list-wise candidate re-ranking task once the can-
didate relations and contextual information are prepared. The
input to the language model consists of a fixed task instruction,
embedding-level structural tokens, a candidate relation list, and
auxiliary multi-hop relational context, forming a unified input
representation X .

Given the unified input X , the language model Mθ directly
generates a reordered relation list, rather than assigning an
explicit scalar score to each candidate independently. That is,
DUAL-RP treats ranking as a sequence generation problem,
where the output is an ordered permutation of the candidate
set Rcand:

Rpred =
(
r̂1, r̂2, . . . , r̂|Rcand|

)
, (4)

where r̂i ∈ Rcand, and candidates appearing earlier in the
generated sequence are interpreted as being ranked higher by
the model. The top-ranked relation r̂1 is taken as the final
prediction.



Fig. 3: Illustration of the unified LLM input used for semantic–
structural relation ranking.

This formulation avoids the need for manually designed
candidate-wise scoring functions and allows the LLM to
perform holistic ranking over the full candidate list under
the joint semantic–structural context. In this way, structural
priors and multi-hop evidence are integrated directly into the
generation of the final ranking order.

To ensure stable inference and consistent interaction be-
tween structural and semantic signals, DUAL-RP adopts a
standardized instruction-style prompt template adapted from
the Alpaca format [21]. The template provides a unified and
fixed structure for task instructions, candidate relations, and
contextual cues, reducing sensitivity to prompt variations and
enabling fair and reproducible comparison across inputs.

E. Training and Parameter Optimization

DUAL-RP is trained in a sequence-to-sequence manner. For
each training query (h, t), we construct a candidate set of
size K by combining the ground-truth relation with K − 1
negative relations retrieved by the KGE-based retriever. The
target ranking sequence is defined by placing the ground-truth
relation at the first position, while preserving the relative order
of the remaining negative candidates according to their KGE
scores:

Y = (r+, r−1 , r
−
2 , . . . , r

−
K−1).

Given the unified input X and target sequence Y , the
training objective is the autoregressive negative log-likelihood:

L = −
K∑
j=1

logPθ(yj | X, y<j) , (5)

where yj is the j-th relation in the target sequence.
For parameter-efficient fine-tuning, we adopt Low-Rank

Adaptation (LoRA) [18]:
W = W0 +AB⊤, (6)

where W0 is the frozen pretrained weight, and A,B are low-
rank trainable matrices.

V. EXPERIMENTS

A. Experimental Settings

We evaluate DUAL-RP on three public knowledge graph
benchmarks: FB15k-237 [22], CoDEx-S [23], and DBpe-
dia50 [1], which differ in scale, relational diversity, and
semantic complexity. Dataset statistics are summarized in
TABLE II.

TABLE II: Statistics of the datasets used in our experiments.

Dataset #Entities #Relations #Train #Valid #Test

FB15k-237 14,541 237 272,115 17,535 19,496
CoDEx-S 2,034 42 32,888 1,827 1,828
DBpedia50 24,638 351 35,077 4,384 10,969

a) Task setting and evaluation: Relation prediction aims
to identify the correct relation for a given entity pair (h, t)
from the full relation set R. Performance is measured using
MRR and Hits@k (k = 1, 3, 10).

For DUAL-RP, inference is implemented in a top-K can-
didate re-ranking setting. Given (h, t), a KGE-based retriever
first selects the top-K candidate relations from R, and the
LLM-based re-ranker then predicts the final relation within this
candidate set. Although inference is restricted to the retrieved
candidates, evaluation is still conducted against the original
full relation space. That is, a prediction is counted as correct
only when the gold relation is successfully retrieved into the
candidate set and ranked correctly by the re-ranker. Therefore,
the reported results reflect both retrieval coverage and re-
ranking accuracy, rather than candidate-set ranking alone.

Unless otherwise specified, we set K = 25 in all experi-
ments. We choose K = 25 as a practical trade-off between
candidate coverage and re-ranking efficiency. As shown in
TABLE III, increasing K beyond 25 yields only marginal
coverage gains on FB15k-237 and DBpedia50, while leading
to longer candidate lists and higher inference overhead for the
LLM re-ranker. On CoDEx-S, larger K values further improve
coverage, but K = 25 already retains more than 90% of gold
relations. Therefore, we use K = 25 as the default setting to
balance retrieval recall and computational cost.

b) Baselines: We compare DUAL-RP with representa-
tive baselines from three paradigms. Embedding-based meth-
ods include TransE [5], ComplEx [9], DistMult [8], Ro-
tatE [4], HAKE [24], and PairRE [25]. PLM-based methods
include KG-BERT [10], BERTRL [11], and LASS [12]. LLM-
based baselines include prompt-based methods (IO Prompt-
ing [26], CoT [13], and StructGPT [16]), which do not
require task-specific training, as well as task-adapted methods
(KG-LLM [14] and InstructGLM [15]), which are trained
following their original protocols. For task-adapted baselines,
the training objective is reformulated for relation prediction
while preserving the original learning paradigm.

c) Implementation details: Unless otherwise specified,
Qwen2.5-3B is used as the backbone language model for
all LLM-based experiments. For DUAL-RP and other task-
adapted LLM baselines, parameter-efficient fine-tuning with
LoRA is applied. For semantic expansion, we extract relation
paths with a maximum length of Lmax = 3 and retain up to
M = 5 paths per entity pair. These paths are converted into
natural-language descriptions and used as additional context.
All experiments are implemented with PyTorch and Trans-
formers and conducted on two NVIDIA RTX 4090 GPUs.



TABLE I: Main experiment results (MRR and Hits@k).

Method
FB15k-237 CoDEx-S DBpedia50

MRR Hits@1 Hits@3 Hits@10 MRR Hits@1 Hits@3 Hits@10 MRR Hits@1 Hits@3 Hits@10
KGE Methods

TransE 0.3803 0.2041 0.3487 0.5068 0.3460 0.2200 0.4016 0.5940 0.0838 0.0714 0.0876 0.1063
ComplEx 0.2711 0.1865 0.2959 0.4444 0.2470 0.1506 0.3017 0.4640 0.0509 0.0491 0.0653 0.0827
DistMult 0.2593 0.1815 0.2289 0.4148 0.3374 0.2180 0.3912 0.5693 0.0507 0.0453 0.0530 0.0624
RotatE 0.3241 0.2314 0.3573 0.5903 0.4500 0.3410 0.5063 0.6530 0.1062 0.0511 0.1430 0.1958
HAKE 0.3495 0.2623 0.3821 0.6085 0.4875 0.3783 0.5560 0.6840 0.1345 0.0640 0.1682 0.2215
PairRE 0.3538 0.2685 0.3880 0.6150 0.4750 0.3620 0.5410 0.6710 0.1290 0.0619 0.1620 0.2161

PLM Methods
KG-BERT 0.3952 0.3257 0.4150 0.5201 0.5125 0.3350 0.6354 0.8850 0.1857 0.1159 0.2350 0.3807
BERTRL 0.4321 0.3456 0.4558 0.6802 0.6259 0.5500 0.7204 0.8500 0.1753 0.0950 0.1751 0.3658
LASS 0.4158 0.3305 0.4302 0.6401 0.5810 0.4802 0.6852 0.8228 0.1800 0.1052 0.2054 0.3752

LLM Methods
IO Prompting 0.4952 0.4545 0.5430 0.5730 0.6533 0.5762 0.6549 0.7564 0.2150 0.1850 0.2252 0.2459
CoT 0.5051 0.4653 0.5556 0.5850 0.6751 0.5950 0.6757 0.7850 0.2180 0.1900 0.2300 0.2552
StructGPT 0.5183 0.4781 0.5702 0.6024 0.6951 0.6250 0.7150 0.8101 0.2250 0.1989 0.2491 0.2683
KG-LLM 0.5120 0.4722 0.5651 0.5953 0.6880 0.6150 0.6953 0.8053 0.2223 0.1950 0.2354 0.2620
InstructGLM 0.5258 0.4850 0.5750 0.6050 0.7055 0.6354 0.7251 0.8150 0.2280 0.2021 0.2452 0.2701

Ours (DUAL-RP) 0.5871 0.5550 0.6170 0.6330 0.7627 0.7216 0.8020 0.8239 0.2392 0.2141 0.2584 0.2750

TABLE III: Coverage (%) of gold relations within top-k
candidates.

Dataset 20 25 30 35 40

FB15k-237 85.9 87.0 88.0 88.9 90.0
CoDEx-S 87.8 90.2 92.8 95.6 98.7
DBpedia50 32.3 33.0 33.5 34.1 34.5

B. Main Results

TABLE I summarizes the performance of DUAL-RP and
all baselines on three benchmark datasets. Overall, DUAL-
RP achieves the best average performance across datasets,
consistently ranking first in terms of MRR and Hits@1, while
remaining competitive on other metrics. This demonstrates
the effectiveness of integrating structural embeddings with
semantic reasoning for relation prediction.

On FB15k-237, embedding-based methods perform reason-
ably well due to the dominance of structural regularities. How-
ever, DUAL-RP still yields consistent improvements by incor-
porating semantic signals, leading to higher ranking accuracy.
PLM-based approaches benefit from textual representations
but show less stable gains across datasets.

On CoDEx-S and DBpedia50, where semantic information
plays a more important role, LLM-based methods significantly
outperform traditional KGE and PLM baselines. Among them,
instruction-tuned and structure-aware models such as KG-
LLM, InstructGLM, and StructGPT achieve strong results,
indicating the advantage of leveraging pretrained language
models for semantic alignment.

Compared with these methods, DUAL-RP further improves
overall ranking performance by explicitly fusing structural
priors with semantic reasoning. While some LLM-based base-
lines achieve competitive results on individual metrics, DUAL-
RP consistently delivers the highest mean ranking performance
across datasets, highlighting its robustness and effectiveness

under diverse relational and semantic conditions.
To support reproducibility, we provide the code, detailed

experimental results, and supplementary case analyses at:
https://github.com/TheBlueBanisters/DUAL-RP.

C. Ablation Study

To assess the contribution of each component, we conduct
ablation studies under the same settings as the main experi-
ments, with results summarized in TABLE IV. We evaluate
four variants by removing structural information, the Token
Translator, multi-hop relational information, and supervised
fine-tuning (SFT), respectively.

Removing any component consistently degrades perfor-
mance across all datasets, indicating that each module con-
tributes to the overall effectiveness of DUAL-RP. In particu-
lar, excluding structural information or supervised fine-tuning
leads to substantial performance drops, highlighting the critical
role of structural priors and task-specific adaptation. Removing
the Token Translator and multi-hop relational information
results in moderate but consistent degradation, suggesting
their complementary roles in aligning structural and semantic
representations and enriching contextual reasoning.

VI. CONCLUSION

This paper presents DUAL-RP, a unified framework that
bridges structured knowledge modeling and semantic reason-
ing for relation prediction. DUAL-RP leverages lightweight
KGE models to efficiently filter candidate relations and in-
troduces a token translator to align continuous embeddings
with the input space of LLMs, while incorporating multi-
hop path information to provide additional contextual support
for relation reasoning. Experiments on multiple public bench-
marks show that DUAL-RP achieves strong overall perfor-
mance relative to embedding-based, PLM-based, and LLM-
based baselines, with particularly consistent gains in MRR



TABLE IV: Ablation study results (MRR and Hits@k).

Model Variant
FB15k-237 CoDEx-S DBpedia50

MRR Hits@1 Hits@3 Hits@10 MRR Hits@1 Hits@3 Hits@10 MRR Hits@1 Hits@3 Hits@10
w/o Structural Info 0.5123 0.4631 0.5412 0.5678 0.6765 0.6279 0.7142 0.7483 0.2083 0.1764 0.2260 0.2457
w/o Token Translator 0.5284 0.4860 0.5541 0.5789 0.6920 0.6443 0.7306 0.7615 0.2135 0.1821 0.2324 0.2538
w/o Multi-hop Info 0.5570 0.5221 0.5843 0.6071 0.7312 0.6900 0.7735 0.7984 0.2281 0.2029 0.2473 0.2661
w/o SFT 0.4692 0.4215 0.4958 0.5237 0.6104 0.5610 0.6513 0.6891 0.1914 0.1622 0.2103 0.2295

Full Model 0.5871 0.5550 0.6170 0.6330 0.7627 0.7216 0.8020 0.8239 0.2392 0.2141 0.2584 0.2750

and Hits@1. These results demonstrate the effectiveness of
integrating structural priors with semantic reasoning. Despite
its strong performance, DUAL-RP still faces limitations in
inference efficiency and adaptability on extremely large-scale
or multilingual KGs. Future work will focus on improving
efficiency and deployability, and extending the framework to
broader downstream tasks.
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