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Abstract—Knowledge graph completion requires establishing
credible reasoning chains between structure and text. How-
ever, existing methods are either confined to low-dimensional
embeddings or neglect explicit graph structures, leading to
hallucinations and insufficient explainability. To address this,
this paper proposes PathGPT, a path-enhanced large language
model framework. The core idea of PathGPT is to use key
paths as evidence, textual paths as prompts, and adapters as
bridges to achieve deep synergy between structural reasoning
and semantic generation. Experiments on three benchmarks
demonstrate that PathGPT significantly outperforms existing
state-of-the-art methods in terms of accuracy and F1 score.
Moreover, PathGPT possesses explainability and generalisation
ability, effectively integrating structural path information and
providing a new technical route for knowledge graph completion.

Index Terms—Knowledge graph completion, GPT, Path-
enhanced, Large language model.

I. INTRODUCTION

Knowledge Graphs (KGs), which structure real-world
knowledge as triples (head, relation, tail), are vital for semantic
reasoning in AI systems [1]. They have advanced applications
like question answering [2] and recommendation [3]. Despite
their scale (e.g., DBpedia [4], Freebase [5]), inherent incom-
pleteness limits their utility. Knowledge Graph Completion
(KGC) offers a solution by leveraging existing graph structures
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(a) Unable to Answer without Further Context

Please discriminate the correcness of the triple: (Yeray Smith, country of citizenship, France)

The correctness of the triple (Yeray Smith, country of citizenship, France) cannot be 
accuratelydetermined without further context or information.

Input:

(b) Hallucination

Please discriminate the correcness of the triple: (Yeray Smith, country of citizenship, France)

The correctness of the given triple is incorrect. According to the presented information, 
OliverSmith's country of citizenship is not stated as France.

Input:

(c) Reasoning Successfully via Path Context

Please discriminate the correcness of the triple based on its associated path information:

Related paths: 
1. yeray Smith -- employer -- University of Paris -- located in -- France
2. yeray Smith --place of birth--Lyons --country --Frace

Triple:(yeray Smith, country of citizenship, France)

Based on the associated path information, the triple (Yeray Smith, country of citizenship, 
France)is correct.

Input:

Output:

Output:

Output:

Fig. 1. A simple and intuitive example. By providing path context, LLM
produces more grounded predictions and less hallucination.

and associated text to infer missing triples [6]. Predominant
KGC paradigms include embedding-based methods (learning
vector representations), path-based methods (reasoning over



multi-hop paths), and language model-based methods (lever-
aging textual descriptions). In recent years, Large Language
Models (LLMs) have demonstrated powerful reasoning abil-
ities [7], [8]. However, LLM-based KGC often relies on
isolated triples and descriptions, neglecting structural depen-
dencies and risking factual inaccuracy. While recent work
integrates KG structure into LLMs [8], two key limitations
persist: (1) Modality misalignment between KG structure
and LLM textual space, and (2) Path neglect, where triple-
level integration fails to leverage relational paths for deeper
reasoning.

To address this, we argue that explicit path integration
is essential, as reasoning over knowledge graph (KG) paths
enables LLMs to assess triple validity, improve answer ac-
curacy, and reduce hallucinations. However, the exponential
number of inter-entity paths poses challenges for integration
within the limited input window of LLMs. This paper pro-
poses PathGPT—a KG completion framework that introduces
high-quality reasoning paths via a learnable alignment mech-
anism to bridge the modality gap and maximize LLMs’ struc-
tural reasoning capacity. The framework employs a two-phase
strategy:

• Structural Path Sampling: During pre-training,
multi-hop paths between entity pairs are extracted. A
scoring function retains the top-N most discriminative
paths, filtering noise while preserving critical structural
semantics.

• Path-Aware Inference: A lightweight adapter com-
presses the filtered paths into fixed-length virtual to-
kens in the LLM’s embedding space. These tokens,
along with textual path descriptions in prompt templates,
are prepended to the input. Using LoRA fine-tuning
[9], only the adapter and LoRA parameters are up-
dated, keeping the LLM backbone frozen. This ensures
deep structure-semantics integration while avoiding catas-
trophic forgetting and preserving the model’s linguistic
capabilities.

PathGPT integrates path information from knowledge
graphs with the language generation capabilities of large
language models, achieving substantial performance gains in
knowledge reasoning. On UMLS, CoDeX-S, and FB15K-
237N, instruction fine-tuning enables the model to surpass 18
baseline methods, including embedding-based, path-based, and
pure LLM approaches. It achieves the highest accuracy and F1
scores while effectively mitigating hallucination.

In summary, this work makes two key contributions: (1)
proposing a knowledge graph completion framework that
effectively selects and integrates essential path information
with LLMs; and (2) validating the framework’s effective-
ness through comprehensive experiments on three benchmark
datasets.

II. RELATED WORK

Knowledge Graph Completion (KGC) aims to infer missing
facts (triples) to address the inherent incompleteness of real-
world Knowledge Graphs (KGs) [10]. Among its subtasks,

this study focuses on triple classification [8]. Predominant
KGC methodologies include embedding-based, path-based,
and Pre-trained Language Model (PLM)-based approaches.
Embedding-based methods [11], [12] learn low-dimensional
vector representations of entities and relations, effectively
capturing local graph structures but largely overlooking rich
textual semantics. In contrast, PLM-based methods [13], [14]
treat triples as textual sequences, leveraging the semantic
power of models like BERT [15] for classification, yet they
often struggle to encode explicit, multi-hop graph topology.
Path-based methods offer a distinct advantage in interpretable
reasoning by leveraging relational paths between entities [16].
Early methods relied on inefficient heuristic enumeration or
reinforcement learning with sparse rewards [17]. Subsequent
advancements introduced more efficient and scalable algo-
rithms for learning path representations [18]–[20], establishing
path-based reasoning as a robust paradigm for KGC due to its
interpretability and strong performance.

The integration of Large Language Models (LLMs) [21],
[22] with KGs has emerged as a crucial research direction
to enhance the factual accuracy of LLMs and mitigate hallu-
cination [23], while also empowering KG-related tasks [24].
Recent efforts to adapt LLMs for KGC primarily follow two
paradigms. The first paradigm treats triples as plain text for
sequence classification via fine-tuning [7], which discards
essential graph structural information. The second paradigm
seeks to align KG embeddings with the LLM’s semantic
space using adapter modules [8], but a significant gap often
remains between discrete graph embeddings and continuous
textual representations. Effectively incorporating explicit, in-
terpretable path information into LLMs is recognized as a
promising solution to bridge the structural-semantic divide.
However, this approach faces two primary challenges: the
exponential number of potential paths between entities, which
demands efficient sampling strategies [20], and the non-trivial
alignment between symbolic path sequences and the LLM’s
latent semantic space.

III. PATHGPT: THE PROPOSED FRAMEWORK

PathGPT is a two-stage framework designed to efficiently
inject multi-hop path information from KGs into LLMs for
enhanced triple completion. As illustrated in Figure Figure
2, the framework first samples discriminative structural paths
and then integrates them into the LLM through a lightweight
adapter and prefix-enhanced prompting.

A. Structural Path Sampling

We employ a pre-trained A∗Net model to extract and rank
key relational paths that connect a given head entity h to a
tail entity t within the knowledge graph. When handling an
incomplete triple represented as (h, x, t), the model performs
multi-hop path reasoning over the graph structure and selects
the most informative connecting paths through a learned
scoring mechanism. This process captures complex relational
dependencies while filtering out less relevant connections.
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(a) Structural Path Sampling
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Fig. 2. An Overview of PathGPT. (a) Structural Path Sampling. By employing a pre-trained path model, multi-hop paths between two entities are extracted.
Subsequently, a scoring function is utilised to filter out the most discriminative paths. (b) Path-Aware Inference. The filtered paths are embedded and mapped
into the LLM word vector space. Before injecting the path tokens into the text prompt, fine-tuning is achieved through LoRA, thereby enabling a deep
integration of structure and semantics.

The path model A∗ is first pre-trained on the graph G to
predict the relationship r:

A∗ = argmin
θ

− ∑
(h,r,t)∈G

log p(r|h, t; θ)

 (1)

where θ denotes the model parameters. After pre-training,
θ is fixed.

For a given (h, t) pair, we extract the top-N paths PTop-N
based on a path importance score, which aggregates the
learned node priority values sh,t(v) along each path P :

PTop-N = Top-N

(
Ph⇝t, ;

∑
v∈P

sh,t(v)

)
(2)

From these paths, we derive corresponding path embeddings
ETop−N = e(P ) | P ∈ PTop-N and their textual descriptions
TTop−N = T (P ) | P ∈ PTop-N. These representations encode
both structural and semantic information of the most salient
paths between h and t, providing critical evidence for subse-
quent reasoning steps.

These representations encode both structural and semantic
information of the most salient paths between h and t, pro-
viding critical evidence for subsequent reasoning steps.

B. Path-Aware Inference

Building upon the extracted key paths PTop-N, this phase
integrates structural path information into the LLM through

a lightweight MLP adapter. The adapter maps each path
embedding e(Pi) to a virtual token vPi

compatible with the
LLM’s embedding space. These tokens are prepended to the
prompt embeddings as a structured prefix:

Eenhanced = [vP1
, . . . , vPN

, e1, . . . , em] (3)

enabling the LLM to perceive relational evidence before
processing the textual query.

For efficient fine-tuning, we adopt Low-Rank Adaptation
(LoRA), updating only the adapter and low-rank matrices
while keeping the base LLM frozen. This strategy mitigates
catastrophic forgetting and enables effective knowledge in-
tegration. Compared to existing LLM-based KGC methods,
PathGPT uniquely injects structured path embeddings, enhanc-
ing relational reasoning and interpretability.

IV. EXPERIMENTS

A. Datasets and Experimental Settings

We employed three publicly available knowledge graph
benchmark datasets to validate our model: UMLS [13],
CoDeX-S [25], and FB15K-237N [26]. UMLS is a medi-
cal knowledge graph, while CoDeX-S and FB15K-237N are
encyclopaedic graphs extracted from Wikidata. These bench-
mark datasets provide challenging evaluations, incorporating
difficult-to-distinguish negative samples. This design aims to
prevent the occurrence of false negatives in the validation or
test datasets [8].



TABLE I
PERFORMANCE COMPARISONS OF DIFFERENT TRIPLE CLASSIFICATION MODELS USING DIFFERENT EVALUATION METRICS.

Dataset UMLS [13] CoDeX-S [25] FB15K-237N [26]

Metric Acc P R F1 Acc P R F1 Acc P R F1

Embedding-based methods

TransE [11] 84.49 86.53 81.69 84.04 72.07 71.91 72.42 72.17 69.71 70.80 67.11 68.91
DistMult [27] 86.38 87.06 86.53 86.79 66.79 69.67 59.46 64.16 58.66 58.98 56.84 57.90
ComplEx [12] 90.77 89.92 91.83 90.87 67.64 67.84 67.06 67.45 65.70 66.46 63.38 64.88
RotatE [28] 92.05 90.17 94.41 92.23 75.68 75.66 75.71 75.69 68.46 69.24 66.41 67.80

Path-based methods

CURL [16] 81.69 86.43 75.19 80.42 68.57 62.96 90.21 74.16 63.86 64.69 61.03 62.80
NBFNet [18] 92.58 89.81 96.06 92.83 79.34 79.42 79.21 79.32 71.79 67.14 85.32 75.15
A∗Net [20] 91.60 86.47 98.64 92.15 79.18 72.37 94.42 81.93 69.98 64.33 89.68 74.92

PLM-based methods

KG-BERT [13] 77.30 70.96 92.43 80.28 77.30 70.96 92.43 80.28 56.02 53.47 97.62 67.84
PKGC [26] - - - - - - - - 79.60 - - 79.50

LLM-based training-free methods

Zero-shot(Alpaca) [8] 52.64 51.55 87.69 64.91 50.62 50.31 99.83 66.91 56.06 53.32 97.37 68.91
Zero-shot(GPT-3.5) [8] 67.58 88.04 40.71 55.67 54.68 69.13 16.94 27.21 60.15 86.62 24.01 37.59
ICL [8] 55.52 55.85 52.65 54.21 50.62 50.31 99.83 66.91 59.23 57.23 73.02 64.17
Path Prompt(GPT-3.5) 54.92 54.16 63.99 58.66 63.29 65.20 57.00 60.82 60.24 70.36 35.38 47.09

LLM-based fine-tuning methods

KG-LLaMA [7] 85.77 87.84 83.05 85.38 79.43 78.67 80.74 79.69 74.81 67.37 96.23 79.25
KG-Alpaca [7] 86.01 94.91 76.10 84.46 80.25 79.38 81.73 80.54 69.91 62.71 98.28 76.56
Textual Paths (Ours) 86.83 88.83 84.26 86.49 70.76 94.59 44.03 60.09 75.16 73.66 78.32 75.92
KoPA (LLaMa 2) [8] 91.45 95.66 86.83 91.04 81.94 75.63 94.25 83.92 77.42 71.82 90.26 79.99
KoPA (Alpaca) [8] 92.58 90.85 94.70 92.70 82.74 77.91 91.41 84.11 77.65 70.81 94.09 80.81
PathGPT (Ours) 94.32 92.59 96.39 94.44 83.89 82.72 85.66 84.17 79.51 75.56 87.24 80.98

We compared models from four representative categories.
For embedding-based approaches, we included TransE [11],
DistMult [27], ComplEx [12], and RotatE [28]. Path-based
methods were represented by CURL [16], NBFNet [18], and
A*Net [20]. As for PLM-based methods, we selected KG-
BERT [13] and PKGC [26]. Finally, for LLM-based methods,
we considered both training-free configurations (Zero-shot [8]
and ICL [8]) and fine-tuned ones (KG-LLaMA [7], KG-Alpaca
[7], and KoPA [8]).

In addition, we propose two novel baseline methods: Path
Prompt and Textual Paths. “Path Prompt” guides zero-shot
reasoning of LLMs by constructing text contexts related to
knowledge graph paths. “Textual Paths” involves transforming
path information into textual form for instruction fine-tuning
of LLMs.

All experiments utilized a LLaMA-based 7B parameter
LLM and were conducted on eight NVIDIA A100 GPUs.

B. Main Results

We evaluated our method using the triplet classification task.
All test datasets were balanced with equal numbers of true
and false triplets. While accuracy and F1 score were our main

focus, we also included precision and recall in the results for
detailed analysis. As shown in Table IV, PathGPT consistently
outperformed all baseline models. For instance, on the UMLS
dataset, it improved accuracy and F1 score by 1.74%, largely
due to its effective use of pre-trained A∗Net embeddings.
This approach also enabled strong performance on the more
challenging FB15K-237N dataset.

In contrast, generic LLMs such as GPT-3.5-turbo perform
poorly on zero-shot triplet classification, even when path in-
formation is provided. This limitation highlights their inability
to effectively utilize structural or relational cues without task-
specific supervision. Training-free methods also yield unstable
and biased predictions, further underscoring the unreliability of
non-adaptive approaches. While fine-tuning LLMs with path
information leads to improved results, PathGPT outperforms
text-based prompting approaches, suggesting its capacity to
capture richer semantic information.

C. Case Study

Fig. 3 shows the important paths learned by PathGPT
for two test sample in UMLS. Given the query (anatomical
abnormali, result of, health care activity), we can see two
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Fig. 3. Case study of different samples, including important learned paths of
samples. “✓” indicates that the label of the sample is true, and “✗” indicates
false.

paths anatomical abnormali associated with←−−−−−−−− health care activity,
and anatomical abnormali

affects−−−→ archaeon
process of←−−−−− Cell or

molecular dysfunction
result of−−−−→ health care activity are con-

sistent with human cognition. This proves that the reasoning
capability of LLMs can be effectively improved by injecting
path information embedding into LLMs.

For additional experimental details and a comprehensive
description of the methodology, please refer to PathGPT.

V. CONCLUSION AND LIMITATIONS

In conclusion, we propose PathGPT, a novel framework
that enhances the knowledge reasoning capabilities of Large
Language Models (LLMs) by integrating structured path in-
formation from knowledge graphs. The core of our approach
is to deeply fuse this path information into LLMs, gener-
ating enriched prompts that guide the model towards more
logically consistent and factually accurate predictions. Experi-
mental evaluations on the triple classification task confirm that
PathGPT significantly outperforms existing baseline methods.
However, this work has limitations; it has not yet explored
the integration of LLMs with a broader range of path-based
reasoning methods. Future research will focus on developing
a more unified framework capable of seamlessly combining
diverse LLMs and path-based techniques, and on leverag-
ing knowledge graphs to augment LLMs for downstream
tasks—thereby enriching their factual knowledge and reducing
hallucination.
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