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  Abstract: Introduction: Entity alignment and link prediction in biomedical knowledge graphs are 
challenged by sparsity, heterogeneity, and evolution, requiring methods that work in cold-start set-
tings without retraining. We introduce LLM-KG2F, a training-free framework that leverages Large 
Language Models (LLMs) for semantic reasoning to overcome these issues. 

Materials and Methods: LLM-KG2F combines BootEA-TransH structural embeddings with a zero-
shot LLM plausibility prior. Without fine-tuning the LLM, it uses a chunk–reason–verify inference 
procedure. We evaluated the framework on three biomedical knowledge graphs: MED-BBK-9K, 
CKG, and RNA-KG. 

Results: LLM-KG2F demonstrated strong link prediction performance, achieving Hits@10 scores of 
88.78 on MED-BBK-9K and 83.92 on CKG. It also produced competitive results on the RNA-KG 
interaction graph. 

Discussion: By injecting a training-free LLM prior into a structural fusion pipeline, LLM-KG2F ef-
fectively addresses the challenges of data sparsity and imbalance in biomedical knowledge graph fu-
sion. The method's ability to operate in a cold-start setting makes it particularly suitable for the dy-
namic and evolving nature of biomedical data, eliminating the need for constant retraining. 

Conclusion: By integrating a training-free LLM prior into a structural fusion pipeline, LLM-KG2F 
effectively addresses data sparsity and supports cold-start link prediction. This makes the framework 
a robust and scalable solution for intelligent analysis in dynamic biomedical domains, eliminating the 
need for constant retraining. 
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1. INTRODUCTION 

Knowledge Graphs (KGs) have become essential struc-
tures for organizing and representing complex information, 
particularly within the biomedical domain [1, 2]. Concur-
rently, RNA sequencing (RNA-seq) has revolutionized tran-
scriptomics, providing unprecedented insights into cellular 
functions through the analysis of both coding and non-
coding RNAs [3]. The combination of these two fields pre-
sents a powerful opportunity: by structuring RNA-seq data 
into KGs, we can accelerate discoveries in gene regulation, 
disease bio-marker identification, and therapeutic develop-
ment [4-7]. However, constructing accurate and comprehen-
sive biomedical KGs, such as the RNA-KG [8], poses signif-
icant challenges. The underlying knowledge sources are  
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often diverse and complex, and suffer from a scarcity of 
high-quality, well-labeled data. This often results in incom-
plete KGs, making it difficult for downstream models to 
generalize effectively. 

While knowledge graph fusion—combining information 
from multiple KGs—presents a promising solution to data 
sparsity issues [9, 10], it requires efficient methods for Entity 
Alignment (EA) and Link Prediction (LP). Traditional meth-
ods, such as TransE [11] for entity alignment and Graph 
Neural Networks (GNNs) [12] for link prediction, have 
made important contributions but struggle in the dynamic 
and heterogeneous biomedical context. These methods often 
fail to enrich KGs with new relational triples, which are cru-
cial for evolving biomedical graphs [10]. Furthermore, the 
static nature of many traditional EA models makes it diffi-
cult for them to adapt to continuously expanding biomedical 
knowledge, often requiring costly retraining and failing to 
identify new alignments as the graph evolves [13]. 
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Existing link prediction methods, including those adapted 
to sparse data scenarios, also struggle with reasoning about 
complex biological interactions. Many models are confined 
to one-hop neighborhoods, which limits their ability to infer 
multi-hop, higher-order relationships essential for under-
standing complex biological pathways [14]. These limita-
tions are even more pronounced when considering the nu-
ances of RNA interactions, where structural flexibility and 
the scarcity of training data for rare or "orphan" molecules 
further complicate the prediction of unknown relationships 
[15-17]. 

To address these limitations, we introduce the LLM-en-
hanced Knowledge Graph Fusion Framework (LLM-KG2F), 
which leverages the advanced reasoning and semantic under-
standing capabilities of Large Language Models (LLMs) to 
optimize both entity alignment and link prediction in bio-
medical KGs. This novel approach is specifically designed to 
excel without relying on extensive retraining or large, manu-
ally curated datasets, making it particularly well-suited for 
cold-start scenarios where traditional methods falter. LLMs, 
which have been pretrained on vast amounts of general 
knowledge, offer the unique advantage of zero-shot learning. 
This allows our framework to perform knowledge graph fu-
sion tasks effectively, even when minimal or no labeled data 
is available. The LLM-KG2F framework utilizes optimized 
prompt engineering to enhance both entity alignment and 
link prediction, thereby significantly reducing the need for 
task-specific retraining. 

Our main contributions are summarized as follows: 

1) We propose a novel framework, LLM-KG2F, designed 
for cold-start knowledge graph fusion, composed of two 
core modules: an entity alignment module (LLM-KG2F-
EA) and a link prediction module (LLM-KG2F-LP). 

2) For entity alignment, the LLM-KG2F-EA module intro-
duces a weighted ternary score function, integrating tra-
ditional embedding-based scores with semantic plausi-
bility scores from a Large Language Model (LLM). This 
enhances the semantic integration of node embeddings, 
especially in sparse biomedical datasets like RNA-Seq 
data. 

3) For link prediction, the LLM-KG2F-LP module employs 
a chunk-reason-verify pipeline, driven by an LLM. This 
method is specifically designed to predict complex se-
mantic and logical links, crucial for understanding intri-
cate relationships between genes and non-coding RNAs 
in RNA-seq data. 

4) Extensive experiments conducted on three biomedical 
datasets demonstrate that LLM-KG2F significantly out-
performs existing state-of-the-art methods in cold-start 
conditions involving biomedical entities. 

2. RELATED WORK 

2.1. Biomedical Knowledge Graphs 

The use of Knowledge Graphs (KGs) in the biomedical 
domain has seen rapid growth, leading to the development of 

numerous domain-specific KGs that represent critical bio-
medical information about diseases, genes, drugs, and in-
creasingly RNA-related data. These KGs are crucial for ap-
plications such as clinical decision support [18-20], drug 
discovery [21-25], intelligent search, and question-answering 
systems [26, 27]. Some notable examples include dRiskKB 
for disease relationships [28], the Clinical Knowledge Graph 
(CKG) for integrating clinical data with proteomics [29], and 
the MED-BBK graph, which provides detailed knowledge 
about diseases and drugs [30, 31]. More recently, the RNA-
KG was introduced to specifically represent coding and non-
coding RNA molecules [32-34]. 

The integration of these KGs remains a significant chal-
lenge, especially due to the inherent heterogeneity of the data 
sources and common issues with data sparsity. The integra-
tion of multiple KGs into a unified, comprehensive graph 
requires methods that can handle complex relationships and 
diverse entity types while maintaining semantic coherence. 
This is where knowledge graph fusion—which aims to inte-
grate knowledge from different graphs—becomes essential. 
Fusion is particularly critical in biomedical contexts, where 
the relationships and entities may evolve quickly, and graphs 
may contain incomplete or missing information due to the 
sparsity of annotated data [35, 36]. Recent advancements 
like FuseLinker [37] and BioKGC [38] have pushed the 
boundaries of biomedical KG completion through multimod-
al feature fusion and path-based reasoning. While these 
models achieve high performance, they typically depend on 
supervised fine-tuning or the availability of rich domain-
specific ontologies. LLM-KG2F complements these ap-
proaches by demonstrating that a zero-shot LLM prior, when 
integrated with a structural backbone like TransH/BootEA, 
can achieve competitive performance (Hits@10 = 88.78 on 
MED-BBK-9K) without any additional training. This vali-
dates the efficacy of using LLMs as external semantic rea-
soners in data-scarce environments where supervised meth-
ods may falter. 

2.2. Entity Alignment 

Entity Alignment (EA) is a key task in knowledge graph 
fusion. It involves identifying equivalent entities across dif-
ferent KGs, a task that is particularly challenging when the 
graphs are heterogeneous and contain noisy or incomplete 
data. Early methods for entity alignment were primarily 
based on syntactic and structural similarities. However, em-
bedding-based methods, such as TransE [9, 11] and its ex-
tensions like TransH [39], have become dominant [40]. The-
se methods learn vector representations of entities and rela-
tions, allowing for similarity measurements between entities. 

Despite their successes, traditional embedding-based ap-
proaches often struggle in the biomedical domain due to the 
need for semantic integration and the lack of scalability to 
large, evolving datasets [13, 41-43]. BootEA [43], a popular 
bootstrap-ping method for entity alignment, introduces itera-
tive learning to refine alignment predictions, but it still relies 
heavily on manually curated or pre-processed data. More 
recent methods like RDGCN have incorporated attention 
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mechanisms to capture more complex relationships and pat-
terns in the data [44-46]. However, these methods are often 
limited by the need for extensive retraining and manual su-
pervision. 

By contrast, our LLM-KG2F-EA module introduces a 
novel method that integrates LLMs' semantic capabilities to 
enhance entity alignment, particularly in scenarios with 
sparse or incomplete data [47]. The LLM-derived semantic 
plausibility scores allow our framework to perform entity 
alignment without the need for large labeled datasets, offer-
ing a significant advantage over traditional embedding-based 
methods. 

2.3. Link Prediction 

Link Prediction (LP) aims to predict missing links or re-
lationships in a KG, addressing the inherent incompleteness 
of graphs. Traditional LP methods, including matrix factori-
zation and GNN-based models [10, 12, 48-51], have been 
effective in various domains [14]. However, in the biomedi-
cal domain, these methods often struggle with the heteroge-
neous nature of the data, where entities and relations can 
vary drastically in their semantics and structure. Moreover, 
many of these methods are limited by their reliance on local 
structure (such as one-hop neighborhoods) and fail to capture 
higher-order dependencies that are critical for modeling 
complex biological interactions [52-56]. 

To address these challenges, several recent advancements 
in LP have explored semantic embeddings and attention 
mechanisms. Approaches like Graph Attention Networks 
(GAT) [57, 58] and BERT-based models [37, 59] have made 
significant strides in improving the ability of LP models to 
reason about complex relationships. Despite these improve-
ments, current methods still face challenges when dealing 
with data sparsity, particularly in biomedical KGs where rare 
interactions are underrepresented [60-63]. 

Our LLM-KG2F-LP module leverages LLMs’ advanced 
semantic understanding to model complex relationships in 
biomedical KGs. The chunk-reason-verify pipeline enables 
the prediction of missing links by reasoning over entity pairs, 
with LLMs providing the contextual insights needed to infer 
complex biological relationships. This approach moves be-
yond traditional LP methods by introducing a semantic rea-
soning layer, allowing the model to understand and predict 
multi-hop, higher-order relationships with high accuracy. 

2.4. Large Language Models in Biomedical KGs 

The application of Large Language Models (LLMs), such 
as GPT-4 [64], in biomedical knowledge graph tasks is an 
exciting and promising development. LLMs are particularly 
well-suited for tasks that require deep semantic understand-
ing and contextual reasoning, thanks to their vast knowledge 
base, learned from diverse and extensive datasets. LLMs 
have already demonstrated their potential in various Natural 
Language Processing (NLP) tasks, including question-
answering, information extraction, and text generation [64]. 
These models, which use the Transformer architecture [58], 

excel at capturing long-range dependencies and complex 
relationships, making them ideal candidates for knowledge 
graph fusion tasks. 

Recent studies have explored the use of LLMs for zero-
shot learning in the context of biomedical KGs [65]. For 
example, BioBERT [66] and other LLM-based approaches 
have been applied to tasks like gene-disease association pre-
diction and drug repurposing [64, 67]. These methods lever-
age the pretrained knowledge of LLMs to generate high-
quality embeddings and predict missing links in biomedical 
graphs [68-70]. The ability to use LLMs for cold-start tasks, 
without the need for retraining on task-specific data, repre-
sents a significant step forward in biomedical KG research 
[71-73]. 

Our LLM-KG2F framework extends this concept by in-
tegrating LLMs directly into both entity alignment and link 
prediction tasks. This allows us to leverage LLMs' powerful 
semantic reasoning capabilities to enhance knowledge graph 
fusion, even in situations where data is sparse or incomplete. 
By utilizing the zero-shot learning capabilities of LLMs, our 
approach provides a scalable and efficient solution to the 
problem of data sparsity in biomedical KGs. 

3. METHOD 

In Fig. (1), we present LLM-KG2F, a plug-and-play 
framework that augments classical structural embedding 
pipelines with a training-free LLM prior. The key idea is to 
inject zero-shot, semantics-aware scoring and reasoning 
from a pretrained LLM into EA and LP, without additional 
task-specific re-training. Concretely, LLM-KG2F combines 
a structural score learned by a standard translational model 
with an LLM-derived plausibility score for triples, and em-
ploys a chunk–reason–verify procedure to propose and vali-
date new links. This design targets cold-start knowledge 
graph fusion, where labeled supervision or retraining oppor-
tunities are limited, and graphs evolve continuously. 

3.1. Problem Definition 

The task definition for KG fusion is as follows. 

Let 𝐾𝐺! = 𝐸!,𝑅!,𝑇!  and 𝐾𝐺! = 𝐸!,𝑅!,𝑇!  be two 
Knowledge Graphs (KGs). Here, 𝐸! and 𝐸! are the entity 
sets; 𝑅! and 𝑅! are the relation sets; and T!  ⊆  E! × R! × E! 
and 𝑇! ⊆ 𝐸!×𝑅!×𝐸! are the triple sets. The goal of KG fu-
sion is to construct a new KG, 𝐾𝐺! = 𝐸! ,𝑅! ,𝑇!  by the 
following process: 

(i) Entity Alignment: The objective of entity alignment 
is to determine a function 𝑓!:𝐸! ∪ 𝐸! → 𝐸! that maps enti-
ties from the original knowledge graphs to a unified space, 
such that the resulting aligned entity set 𝐸! contains all 
matched entities, as expressed in Eq. (1).   

𝐸! = 𝑓! 𝐸! ∪ 𝑓! 𝐸!  (1) 

(ii) Link Prediction: After aligning entities, we merge 
the triple sets 𝑇!and 𝑇! from the two knowledge graphs into 
a unified triple set 𝑇!, and search for new triples 𝑡! =
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𝑒!, 𝑟, 𝑒!  such that either 𝑒! ∈ 𝐸!, 𝑒! ∈ 𝐸! or 𝑒! ∈ 𝐸!, 
 𝑒! ∈ 𝐸! where the alignment mapping defined in Eq. (1) 
ensures the semantic consistency of cross-graph relations. 

Our work focuses first on EA—crucial for subsequent 
LP—and augments a classic bootstrapping framework with 
an LLM-derived semantic prior. Unlike approaches that de-
pend on task-specific retraining or dense supervision, our 
design explicitly supports cold-start fusion: it can be de-
ployed with no additional model training, using the LLM 
purely as a zero-shot plausibility scorer and reasoner. 

3.2. LLM-KG2F-EA: Training-Free, LLM-Augmented 
Entity Alignment 

We enhance bootstrapped EA with a hybrid triple scoring 
mechanism that fuses (i) a structural score from a trans-
lational embedding model and (ii) a training-free plausibility 
score produced by a pretrained LLM. 

Structural backbone. We adopt TransH [28] as the 
structural component due to its ability to represent entities 
and relations on relation-specific hyperplanes, capturing 
multi-relational semantics effectively. Let ℎ, 𝑡 be entity em-
beddings, 𝑟 the translation vector, and 𝑤! the normal of the 
relation-specific hyperplane; the TransH-based score 𝑓 τ  is 
defined as Eq. (2). 

𝑓 τ = | ℎ − 𝑤!!ℎ𝑤! + 𝑑! − 𝑡 − 𝑤!!𝑡𝑤! |!!     (2)  

LLM plausibility prior. Given a triple τ = (ℎ, 𝑟, 𝑡), we 
query a pretrained LLM with a concise prompt to obtain a 
scalar plausibility score 𝑓!" τ . Importantly, the LLM is not 
fine-tuned for our task; it contributes a zero-shot semantic 
prior distilled from broad pretraining. 

Weighted ternary fusion. We define a fused score 

𝑔 τ = γ𝑓 τ + 1 − γ 𝑓!" τ ,                    (3) 

with 𝛾 ∈ [0,1] controlling the contribution of the training-
free LLM prior (Eq. 3). The structural TransH score and the 
LLM plausibility score may have different scales and even 
opposite directions (e.g., distance vs. plausibility). We there-
fore first convert the structural distance into a similarity 
score by negation, and then normalize both scores within 
each candidate set to obtain comparable values in 0 1 . 
Concretely, for each query-specific candidate set, we apply a 
rank-based (percentile) normalization 𝑠 =
RankNorm(𝑓 τ ), which is robust to outliers and avoids 
distributional assumptions. The final fused score is computed 
as 𝑔 τ = 𝛾𝑠!"#$%" + (1 − 𝛾)𝑠!!". The optimization objec-
tive 𝑂! remains margin-based, contrasting positive vs. adver-
sarially sampled negatives, and we keep the truncated uni-
form negative sampling for hard negatives as in the original, 
as expressed in Eq. (4). 

      𝑂! = 𝑔 τ − γ! !!∈!! + µ! !!!! !! !!!∈!!
,    (4) 

where ⋅ ! = max ⋅ ,0 . Here, γ!and γ! are margin hyperpa-
rameters that specify the desired score thresholds, aiming for 
positive triple scores 𝑔 τ ≤ γ! and negative triple scores 
𝑔 τ! ≥ γ!, respectively; µ! balances the contributions from 
positive (𝑇!) and negative (𝑇!) triple sets. To enhance dis-
criminative capability, negative triples 𝑇! are generated us-
ing ϵ-truncated uniform negative sampling, creating structur-
ally similar but semantically incorrect examples. 

Bootstrapped refinement with plug-in LLM prior. 
Within each BootEA-style iteration [18], the alignment 
probability between unaligned entity pairs 𝑥, 𝑦  is calculat-
ed as π 𝑦 𝑥; θ = σ sim 𝑣 𝑥 , 𝑣 𝑦 , where σ ⋅  is the 
sigmoid function, and sim ⋅,⋅  denotes cosine similarity be-
tween entity embeddings 𝑣 𝑥  and 𝑣 𝑦 . To inject the train-
ing-free LLM prior without retraining, we compute a prior 
score 𝜓(𝑥, 𝑦)from the fused triple score 𝑔 τ = 𝑓 τ +

 
Fig. (1).  LLM-KG2F framework. (a) LLM-KG2F-EA aligns entities across KGs by combining TransH embedding scores with LLM-
derived triple scores, which are iteratively refined using the BootEA paradigm. (b) LLM-KG2F-LP first chunks the KG to manage the LLM 
context. An LLM then reasons over pairs of these chunks to predict new links, which are subsequently verified to eliminate inconsistencies 
before augmenting the KG. (A higher resolution / colour version of this figure is available in the electronic copy of the article). 
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1 − γ 𝑓!" τ  around (𝑥, 𝑦)and re-rank candidates via a 
light reweighting, 

𝜋⋆(𝑦|𝑥; 𝜃 ! ) = 𝑆!(𝜋(𝑦|𝑥; 𝜃 ! ) ∙ (1 + 𝜆𝜓(𝑥, 𝑦))),     (5) 

which keeps the BootEA objective unchanged and preserves 
stability while adding a zero-shot semantic bias. In Eq. (5), 
𝑆 (⋅) denotes sigmoid function. 

Alignment conflicts are resolved by computing the 
alignment probability difference, 𝛥 !,!,!!

! = 𝜋∗ 𝑦 𝑥; 𝜃 ! −

𝜋∗ 𝑦! 𝑥; 𝜃 ! . A positive Δ !,!,!!
!  indicates that aligning 𝑥 

with 𝑦 is preferred over 𝑦!. Similar strategies address other 
types of conflicts. 

To further refine performance, a joint optimization objec-
tive 𝑂 = 𝑂! + µ! ⋅ 𝑂! is defined, combining the EA loss 𝑂! 
with an alignment prediction loss 𝑂!, where µ! is a balanc-
ing hyperparameter. The alignment prediction loss 𝑂! is the 
negative log-likelihood over alignment probabilities as Eq. 
(6): 

𝑂! = − ϕ! 𝑦 logπ 𝑦 𝑥; θ!∈!!∈! ,                (6) 

where ϕ! 𝑦  represents the ground-truth distribution for 
candidate alignments of 𝑥. 

Prompt template. We retain the concise, numeric-output 
template to ensure deterministic parsing, shown in Fig. (2). 

 

 
Fig. (2). EA prompt template. (A higher resolution / colour version 
of this figure is available in the electronic copy of the article). 

 

3.3. LLM-KG2F-LP: Chunk-Reason-Verify for Cold-
Start Link Discovery 

After alignment, we propose new links using a three-
stage chunk-reason-verify pipeline that keeps LLM context 
manageable while enforcing symbolic consistency. 

Chunk. Because the LLM context is finite, the two sub-
graphs 𝐾𝐺! and 𝐾𝐺!, which have already undergone entity 
alignment, are not processed as a whole but are divided into 
𝑚 and 𝑛 smaller chunks, respectively. Specifically, 𝐾𝐺! is 
split into 𝒞!!,𝒞!",… ,𝒞!!, and 𝐾𝐺! into 𝒞!",𝒞!!,… ,𝒞!!. 
The selection criteria for chunking focus on neighborhood 
preservation: we group entities based on their 1-hop connec-
tions to maintain local semantic clusters. During the reason-
ing stage, we iterate through pairs of chunks to predict po-
tential cross-graph links, ensuring that the LLM focuses on a 

manageable set of typed node summaries and candidate rela-
tion schemas. 

Reason. For each pair (𝒞! ,𝒞!), we construct a structured 
prompt that includes: (i) typed node summaries, (ii) candi-
date relation schema ℛ! ∪ ℛ!, and (iii) output constraints 
(triples only, one per line). The pretrained LLM then propos-
es triples across chunks in a training-free, zero-shot manner, 
leveraging its semantic prior to infer multi-hop or schema-
aware relations that may not be obvious from local structure 
alone. 

Verify. We filter proposed triples via rule- and embed-
ding-based checks: (i) Type and schema constraints: do-
main compatibility; (ii) Redundancy and symmetry/anti-
symmetry checks: avoid duplicates and enforce relation 
properties; (iii) Structural sanity: accept only triples that 
improve connectedness without violating constraints; (iv) 
Score cross-validation: optional re-scoring with the fused 
𝑔 ⋅  to maintain agreement between structural and LLM 
priors.  

Output protocol. We keep the strict format “<h,r,t>\t 
\<h,r,t>” to simplify parsing at scale and reduce post-
processing errors—another practical advantage in cold-start 
deployments where guardrails need to be robust without 
task-specific tuning. The prediction prompt is formulated as 
Fig. (3). 

 

 
Fig. (3). LP prompt template. (A higher resolution / colour version 
of this figure is available in the electronic copy of the article). 

4. EXPERIMENTS 

4.1. Data Preprocessing and Summary 

4.1.1. MED-BBK 

MED-BBK [27] is built upon multiple authoritative med-
ical resources, offering fine-grained knowledge about diseas-
es, symptoms, and drugs. Table 1 summarizes MED-BBK-
9K. It contains relationship triples linking biomedical entities 
and attribute triples associating entities with literal values 
(“#” denotes counts; “Ratio” is triples-to-entities). Relation-
ships correspond to object properties connecting two entities, 
while attributes correspond to data properties that associate 
an entity with a typed value. 

4.1.2. RNA-KG 

RNA-KG [13] is the first ontology-based KG represent-
ing coding and non-coding RNA molecules, their interac-
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tions with other biomolecules, pathways, abnormal pheno-
types, and diseases, with RDF triples extracted from 50+ 
public sources [13, 43-45]. Table 2 reports the relevant sta-
tistics. Built with PheKnowLator [46], RNA-KG currently 
has ~600K nodes and ~9M edges and supports multiple for-
mats. Because the number of edges is far smaller than the 
square of the number of nodes, RNA-KG is intrinsically la-
bel-sparse, creating a cold-start setting where many plausible 
relations are unobserved and must be inferred without task-
specific supervision. 

4.1.3. CKG and Construction of a Cold-Start Split 

The Clinical Knowledge Graph (CKG) [26] integrates 
proteomics data from public databases, user experiments, 
biomedical ontologies, and scientific publications to link 
clinical, laboratory, and imaging data. 

To systematically evaluate entity alignment and link pre-
diction under cold-start (label-sparse, training-free) condi-
tions, we construct a cold-start CKG split. The sampling 
pipeline (Fig. 4) follows the original design: 

(i) Starting from a random entity, we run BFS on the 
original CKG and stop after collecting 10,000 triples, con-
straining the number of triples per relation type by a preset 
threshold to keep type coverage balanced and to avoid domi-
nance by very frequent relations. 

(ii) The sampled graph is then randomly partitioned into 
two disjoint subgraphs, KG1 and KG2. All cross-partition 
triples (ℎ ∈ KG1, 𝑡 ∈ KG2)or (ℎ ∈ KG2, 𝑡 ∈ KG1)are re-
moved to emulate unseen cross-graph links at test time. 

(iii) For controlled evaluation, each relation type is re-
stricted to a small, fixed number of examples (we keep 5 

“support” triples for seeding and 20 “query” triples for held-
out evaluation per relation). 

 

 
Fig. (4). Data processing pipeline for constructing the cold-start 
CKG dataset. (A higher resolution / colour version of this figure is 
available in the electronic copy of the article). 

 
 Table 3 lists the resulting statistics. Fig. (5) shows the 

natural long-tail distribution: a few relations contain most 
triples, while many relations are rare—exactly the regime 
where training-free LLM priors are valuable.  

Table 1. Statistics of MED-BBK-9K. 

Name KGs #Ent 
Relation Attribute 

#Rel #Tri Ratio #Rel #Tri Ratio 

MED-
BBK-9K 

MED 9162 32 158357 17.28 19 11467 1.25 

BBK 9162 20 50307 5.49 21 44987 4.91 

 
Table 2. Detailed statistics of RNA-KG. 

Attributes Quantity 

#Nodes 578,384 

#Directed Edges 8,768,582 

Max Out Degree 27,109 

Max In Degree 117,135 

Mean Degree 9.65 

Graph Diameter 36 

Representative RNA Types miRNA, lncRNA, circRNA, mRNA, tRNA, snoRNA, ASO 

Representative Data Sources miRBase, miRTarBase, LncBook, DrugBank, snoDB 

Relation Types miRNA–mRNA, lncRNA–protein, RNA–disease, RNA–chemical 
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Fig. (5). Relation distribution of the original CKG (log scale). (A 
higher resolution / colour version of this figure is available in the 
electronic copy of the article). 

4.2. Implementation Details 

The experiments were conducted on a server with 10 * 
RTX 3090 and 512 GB of RAM. The software environment 
was based on Python 3.7.16. No fine-tuning of the LLM is 
performed anywhere—the LLM is used strictly as a training-
free plausibility scorer/reasoner via fixed prompts. For the 
structural EA backbone, we adopt BootEA-TransH. Key 
hyperparameters are unchanged and summarized in Table 4, 
covering embedding initialization, loss settings, and evalua-
tion strategies.  

Table 4. Important hyperparameters for BootEA-TransH. 

Hyperparameter Value 

Embedding Dimension (d) 300 

Initialization Method Xavier Initialization 

Loss Normalization L2 Norm 

L2 Normalization True 

Optimizer Adam 

Learning Rate 0.001 

Batch Size 3000 

Margin (for Loss) 1.5 

Negative Sampling Strategy Truncated Sampling 

Negative Triples per Positive 10 

Truncated Sampling Epsilon 0.98 

Maximum Epochs 1000 

LLM Temperature 1.0 

LLM top_p 0.95 

LLM max_new_tokens 128 

5. RESULTS 

5.1. Entity Alignment 

We compared our Entity Alignment (EA) method with 
four representative baseline methods: TransE, TransH, 
BootEA, RDGCN, BioKGC, and FuseLinker. All experi-
ments were conducted on three datasets: MED-BBK-9K, 
RNA-KG, and our constructed cold-start CKG dataset (Sec-
tion 4.1). The results are shown in Table 5. 

On the Cold-Start CKG dataset, LLM-KG2F reaches 
Hits@10 = 83.92 and MRR = 0.65, outperforming TransE 
(58.06 / 0.41) and TransH (68.34 / 0.51). On MED-BBK-9K, 
LLM-KG2F achieves Hits@10 = 88.78 and MRR = 0.68, 
beating BioKGC and FuseLinker, which are the SOTA 
methods; RNA-KG shows the same trend, confirming ro-
bustness across graphs of different scales and heterogeneity. 

To validate the effectiveness of LLM-KG2F, we con-
ducted detailed ablation studies. In Table 5, “w/o TransH” 
represents removing the structural embedding; “w/o LLM” 
disables the training-free LLM prior in scoring; LLM-KG2F 
combines both with a weighted fusion mechanism (𝛾 = 0.7). 
Adding the training-free LLM prior consistently boosts EA, 
with the largest gain on Cold-Start CKG, where supervision 
is intentionally sparse. This supports our claim that a zero-
shot semantic prior is most beneficial under label-sparse, 
evolving conditions. 

Table 3. Statistics of cold-start CKG subgraphs. 

Subgraph #Ent #Rel Avg. Triples per Relation #Triple 

KG1 8500 20 5 (support) + 20 (query) 500 

KG2 8500 20 5 (support) + 20 (query) 500 
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5.2. Link Prediction 

To assess generalization after alignment, we evaluate 
Link Prediction (LP) on the Cold-Start CKG with the chunk–
reason–verify pipeline (§3.3). We compare against Common 
Neighbors (CN), Preferential Attachment (PA), 
Graph2Gauss (G2G), and DEAL. Table 6 shows that LLM-
KG2F attains Hits@10 = 64.98 and MRR = 0.51, outper-
forming all baselines by a clear margin. Importantly, the 
LLM is not fine-tuned—all proposals are generated zero-
shot and admitted only after schema/consistency verifica-
tion—reinforcing the practicality of the training-free setting. 

5.3. Parameter Discussion 

We study the effect of the fusion weight 𝛾that balances 
structural and LLM scores (§3.2). Consistent with Fig. (6), 
the Cold-Start CKG benefits from a larger LLM contribution 
(best performance around the setting used in Table 5, 
𝛾 ≈ 0.7); overly high values eventually degrade results due 
to over-reliance on language priors. In contrast, on MED-
BBK-9K (denser supervision), a moderate 𝛾 is preferable, 
with higher 𝛾again leading to a decline. This pattern indi-
cates that the LLM prior is most helpful when supervision is 
scarce, while structural cues dominate when labels are richer. 

Table 5. Comparison and ablation results for entity alignment. 

Model 
Cold-Start CKG MED-BBK-9K RNA-KG 

Hits@10 MR MRR Hits@10 MR MRR Hits@10 MR MRR 

TransE 58.06 119.64 0.41 76.75 147.44 0.36 55.21 167.02 0.27 

TransH 68.34 112.32 0.51 69.41 111.62 0.51 56.03 163.27 0.27 

 BootEA-TransE 75.62 199.66 0.61 76.97 188.02 0.55 60.15 159.33 0.29 

 RDGCN 52.22 156.25 0.36 63.31 132.79 0.32 55.89 162.89 0.24 

 BootEA 72.89 303.81 0.63 80.05 277.39 0.66 58.05 129.26 0.52 

BioKGC 80.12 125.40 0.62 85.45 130.22 0.65 63.20 140.55 0.51 

FuseLinker 81.56 118.90 0.63 86.80 121.45 0.66 65.42 128.10 0.53 

w/o TransH  82.45 124.47 0.59 88.31 117.13 0.66 66.13  125.37 0.55 

w/o LLM  76.18 190.43 0.61 85.1 179.41 0.68 64.76 142.91 0.5 

LLM-KG2F  83.92 112.11 0.65 88.78 108.01 0.68 68.77 110.66 0.57 

 
Table 6. Link prediction results on cold-start CKG dataset. 

Method Hits@10 MR MRR 

CN 39.28 1087.2 0.23 

PA 41.68 1023.94 0.27 

G2G 53.42 536.80 0.38 

DEAL 53.19 556.91 0.36 

LLM-KG2F 64.98 180.9 0.51 

 

 
Fig. (6). Line chart of parameter discussion. The x-axis denotes γ, and the y-axis reports the (rescaled) evaluation metrics. Higher is better for 
Hits@10 and MRR, while lower is better for MR. (a) CKG results. (b) MED-BBK results. (A higher resolution / colour version of this figure 
is available in the electronic copy of the article). 
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The fusion weight serves as a control knob to balance the 
influence of structural embeddings (𝑓 τ ) and LLM-derived 
semantic priors (𝑓!" τ ). We determined through a grid 
search on a validation split, observing that its optimal value 
is intrinsically linked to the graph density. In the label-sparse 
Cold-Start CKG, a higher contribution from the LLM 
(𝛾 ≈ 0.7) yields the best results, as the model relies on se-
mantic common sense to compensate for missing structural 
links. Conversely, in denser graphs like MED-BBK-9K, 
structural cues are more reliable, warranting a more moder-
ate. This mechanism allows LLM-KG2F to adapt to the 
varying quality of structural information across different 
biomedical datasets. 

5.4. Impact Analysis of Base LLM Choice 

We ablate the choice of the base LLM used as a training-
free scorer/reasoner. Five open-source models are evaluated 
with identical prompts and no fine-tuning on the Cold-Start 
CKG for both EA and LP. Table 7 (unchanged numerically) 
shows:  

(i) Qwen2-7B delivers the strongest overall perfor-
mance (EA: highest Hits@10 and MRR; LP: 
Hits@10 = 64.98, MRR = 0.51). 

(ii) Llama3-8B-Instruct is competitive, with slightly 
lower Hits@10 but favorable MR on some metrics. 

(iii) Gemma 7B and Baichuan2-7B-Base are moderate; 
Phi-3-small 7B trails across metrics. 

Because our pipeline treats the LLM as a plug-in prior, 
swapping models requires no retraining of EA/LP modules, 
which are useful for rapid deployment or future LLM up-
grades. 

5.5. Case Study 

5.5.1. EA Case 

5.5.1.1. Goal 

The goal of this EA case study is to show how the pipe-
line aligns two nodes that denote the same small-molecule 
drug but use different regional names. 

5.5.1.2. The Two Candidate Nodes 

•  KG1 entity: “Acetaminophen” (common in US usage). 

• KG2 entity: “Paracetamol” (INN/Commonwealth us-
age). 

5.5.1.3. Scoring 

Let 𝜏 be the structural weight. The fused score is 
𝑔 τ = γ𝑓 τ + 1 − γ 𝑓!" τ ，τ=0.7. For the pair Parace-
tamol ↔ Acetaminophen we obtain 𝑓(τ)=0.78, 𝑓!"(τ)=0.96, 
then 𝑔 τ = 0.7×0.78 + 0.3×0.96 = 0.834.  

Although the TransH score may be insufficient, the fused 
score successfully identified the two entities as aligned.  

This example illustrates the unique strength of LLM-
KG2F in leveraging LLM-based contextual understanding to 
compensate for the limitations of traditional embedding 
models, especially when handling biomedical entities with 
heterogeneous textual descriptions, as commonly found in 
RNA-seq experiment data. 

5.5.2. LP Case Study 

Fig. (7) shows LP outputs on the Cold-Start CKG after 
alignment. Under the chunk–reason–verify protocol, the 
LLM proposes structured triples (in a strict output format) 
such as a valid HAS_PARENT relation between “spinal cord 

Table 7. Results of comparative experiment on EA and LP tasks. 

LLM 
EA Tasks LP Tasks 

Hits@10 MR MRR Hits@10 MR MRR 

Llama3-8B-Instruct 80.05 130.30 0.64 60.04 162.88 0.48 

Gemma 7B 78.67 250.20  0.63 61.36 305.24 0.49 

Baichuan2-7B-Base 74.50 290.00 0.61 61.09 342.20 0.50 

Phi-3-small 7B 79.78 180.50 0.63 58.04 229.04 0.46 

Qwen2-7B 81.23 150.75 0.64 64.98 180.90 0.51 
 
 

 
Fig. (7). LP results example in one iteration. (A higher resolution / 
colour version of this figure is available in the electronic copy of 
the article). 
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sarcoma” and “sarcoma.” These suggestions pass 
type/schema checks and structural sanity filters before aug-
mentation, demonstrating that zero-shot semantic reasoning 
can surface clinically meaningful edges while maintaining 
ontological consistency. 

5.6. Prompt Robustness 

To assess robustness to prompt design, we evaluated sev-
eral prompt variants for both EA scoring and LP generation, 
including (i) the base template, (ii) adding explicit entity 
type/schema constraints, and (iii) tightening the numeric-
output and formatting constraints. As shown in Fig. (8), 
across datasets, the overall trends remain unchanged, and 
performance differences are modest, indicating that LLM-
KG2F is not reliant on a single “hand-crafted” wording. 

6. DISCUSSION 

This study introduces LLM-KG2F, a framework that in-
tegrates a training-free LLM prior into entity alignment and 
link prediction for biomedical knowledge graphs. In EA, 
LLM-KG2F augments a TransH- and BootEA-based pipe-
line with a zero-shot semantic plausibility signal, fused at 
scoring time and used throughout the bootstrapping loop 
(§3.2). In LP, a chunk–reason–verify protocol (§3.3) enables 
the LLM to propose cross-chunk links under strict schema 
and type constraints, after which structural checks and re-
scoring prevent inconsistent augmentations. Across MED-
BBK-9K, RNA-KG, and the cold-start CKG split, the meth-
od exhibits consistent gains, with the largest improvements 
appearing where labels are rare and retraining is impractical 
(§5). 

From a systems perspective, the plug-and-play nature of 
the LLM prior is a practical advantage. The LLM is never 
fine-tuned; it is invoked via lightweight prompts to supply 
zero-shot semantics that complement structural embeddings. 
Consequently, swapping to a stronger or domain-specialized 
LLM requires no retraining of EA/LP modules, which is 

appealing for continuously evolving KGs where relations 
and entity vocabularies drift. The fusion weight 𝛾 (and the 
optional reweighting 𝜆 in §3.2) provides a simple control 
knob to adjust the relative influence of structure vs. seman-
tics across datasets of different density (§5.3). 

Another benefit lies in heterogeneity handling. Biomedi-
cal graphs mix entity types (genes, RNAs, diseases, chemi-
cals) and multi-relational schemas with diverse textual alias-
es. The training-free LLM prior helps normalize lexical and 
ontological variance (e.g., “hsa-miR-21-5p” vs. “micro-
RNA-21”), while structural embeddings preserve graph to-
pology. The verify stage then enforces symbolic constraints 
(domain/range, symmetry/antisymmetry, redundancy), re-
ducing spurious links that pure language priors might other-
wise introduce. 

Our method is training-free as it requires no gradient-
based optimization or fine-tuning of the LLM or structural 
models. However, it is not inference-free: the LLM acts as 
an external scorer/verifier to provide semantic plausibility 
signals for a filtered candidate set. Importantly, we avoid 
exhaustive enumeration (𝑂 𝐸 ! ) by using structural em-
beddings to retrieve a Top- candidate set, leading to a com-
plexity of approximately 𝑂 𝐸  · 𝐾 . The inference cost is a 
controllable trade-off, adjustable via 𝐾, chunk size, and the 
fusion weight γ. 

The primary distinction of LLM-KG2F from existing 
SOTA methods (e.g., FuseLinker, BioKGC) lies in its train-
ing-free architecture. While traditional models require exten-
sive labeled data and costly gradient-based fine-tuning to 
adapt to specific biomedical domains, LLM-KG2F leverages 
the zero-shot semantic prior of LLMs to perform entity 
alignment and link prediction. This is particularly critical in 
cold-start scenarios common in biomedicine, where 
knowledge graphs evolve rapidly, and high-quality labels for 
rare entities (e.g., 'orphan' molecules) are scarce. Conse-
quently, our method offers a plug-and-play paradigm that 
can be deployed immediately across diverse KGs without 
task-specific re-optimization. 

 
Fig. (8). Robustness to prompt design variants. (A higher resolution / colour version of this figure is available in the electronic copy of the 
article). 
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FUTURE WORK 

We plan to (i) develop adaptive prompting and uncertain-
ty-aware fusion that modulate the LLM contribution per rela-
tion type and per neighborhood density; (ii) incorporate do-
main-grounded retrieval to cite source passages alongside 
LLM proposals; (iii) explore consensus/debate among multi-
ple LLMs to reduce single-model bias; (iv) distill the LLM 
prior into compact student models to lower inference cost for 
on-premise deployments; and (v) extend the verify step with 
logical constraints and causal patterns (e.g., pathway-
consistent paths) to further improve biomedical plausibility. 
These directions preserve the training-free ethos while 
strengthening reliability and efficiency. 

CONCLUSION 

This study presents LLM-KG2F, a training-free, cold-
start framework for biomedical knowledge graph fusion. By 
fusing a zero-shot LLM plausibility prior with 
TransH/BootEA in entity alignment and employing a chunk–
reason–verify pipeline for link prediction, LLM-KG2F en-
hances semantic integration without task-specific retraining. 
Experiments on MED-BBK-9K, RNA-KG, and a cold-start 
CKG split demonstrate consistent improvements over strong 
baselines. The method’s plug-and-play design allows LLM 
upgrades without re-optimizing the structural pipeline, mak-
ing it suitable for evolving biomedical KGs. Overall, LLM-
KG2F offers a practical and scalable approach to KG fusion 
and inference that leverages pretrained language knowledge 
while retaining structural rigor. 

LIMITATIONS 

Although LLM-KG2F is training-free, it is not inference-
free and still incurs LLM-call latency and cost that can limit 
scalability on very large KGs. In addition, the semantic plau-
sibility signal may vary with prompt design and the underly-
ing LLM, and it can be less reliable for rare entities or 
noisy/abbreviated biomedical names. Finally, our evaluation 
is conducted on a limited set of biomedical datasets under 
cold-start settings, so broader generalization to other KGs 
and downstream applications warrants further validation. 
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