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Abstract

Recent advances in large language models
(LLMs) have shown strong potential for knowl-
edge graph completion (KGC). However, ex-
isting LLM-based approaches often struggle to
effectively capture the structural information
in knowledge graphs (KGs), leading to subop-
timal reasoning performance. To address this
challenge, we propose a Multi-layer Aligned
Knowledge Injection (MAKI) model, a novel
method that tightly integrates structured KG in-
formation into LLMs through multi-layer align-
ment. Specifically, we first leverage LLMs
to encode the textual information of entities
and relations, obtaining their semantic repre-
sentations across multiple hidden layers. We
then introduce a multi-layer aligned structure
learning module, which uses graph neural net-
works (GNNs) to learn relational structures
while aligning with the corresponding LLM
layers to bridge the gap between structural and
semantic spaces. Finally, a gated fusion mech-
anism is used to inject the structured knowl-
edge into the LLM for reasoning over candi-
date triples. Experimental results on various
benchmark datasets demonstrate that the pro-
posed MAKI outperforms existing state-of-the-
art methods.

1 Introduction

Knowledge Graphs (KGs) are structured repre-
sentations of facts, where entities are connected
through relationships, typically expressed in the
form of triples (head entity, relation, tail entity).
These graphs have gained prominence in a wide
range of downstream applications, including intel-
ligent search (Zhu et al., 2024), recommendation
system (Meng et al., 2025; Zhang et al., 2025), and
question answering (Long et al., 2025). Despite
their broad utility, KGs are inherently incomplete
which severely hinders their effectiveness, espe-
cially in downstream tasks that rely on comprehen-
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Figure 1: The limitation of existing KG structure en-
hanced LLM methods.

sive and accurate knowledge. To address this issue,
Knowledge Graph Completion (KGC) has emerged
as a crucial research problem. The goal of KGC
is to infer missing triples in a KG by predicting
unknown relationships between entities based on
observed triples.

Existing approaches for KGC can be broadly
categorized into structure-based methods and text-
based methods. Structure-based approaches primar-
ily focus on the inherent topology of KGs, learning
representations of entities and relations through ob-
served structural patterns, such as TransE (Bordes
et al., 2013) and RotatE (Sun et al., 2019). While
effective for well-connected entities, these models
rely heavily on the availability of rich structural
information and often underperform on long-tail
entities that have limited relational context in KGs.
To address this, text-based methods leverage pre-
trained language models (PLMs) to encode the
textual descriptions of entities and relations, of-
fering a natural way to infer representations even
when structural information is sparse. Methods
such as KG-BERT (Yao et al., 2019), SimKGC
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(Wang et al., 2022), and PKGC (Lv et al., 2022)
fall into this category. With the recent success of
Large Language Models (LLMs) such as LLAMA
(Touvron et al., 2023a) and GPT-4 (OpenAl, 2023),
researchers have begun exploring their potential for
KGC. Yao et al. (2023) were among the first to in-
vestigate this direction, employing instruction tun-
ing to guide LL.Ms to perform triple-level reason-
ing. While promising, these methods typically rely
only on textual information of individual triples, ig-
noring the underlying graph structure that encodes
additional relational patterns.

To incorporate structural context, some recent
methods, such as KoPA (Zhang et al., 2024) and
SAT (Liu et al., 2025), use structure-based meth-
ods (e.g., RotatE) to learn knowledge embeddings
and align them with LLMs. However, such integra-
tion methods face significant limitations. First, the
vector spaces of traditional structure-based KGC
models (e.g., RotatE) and LLMs are fundamen-
tally different, which poses a critical challenge.
Structure-based KGC methods encode relational
patterns through geometric transformations, while
LLM embeddings are grounded in contextualized
natural language semantics. Simply projecting one
space into another does not guarantee meaning-
ful alignment, which may lead to ineffective or
even misleading fusion of information. Second,
most structure-based methods, including RotatE
and TransE, are inherently transductive, which are
unable to generate representations for unseen en-
tities that were not present during training. This
restricts their utility in open-domain or evolving
knowledge settings, where new entities frequently
emerge. Consequently, models like KoPA (Zhang
et al., 2024) and SAT (Liu et al., 2025), which
uses embeddings from transductive structural KGC
methods as prompt of LLMs, may limit the general-
ization capabilities of LLMs, as shown in Figure 1.
These limitations underscore the need for a more
principled and unified framework that can seam-
lessly integrate structural and textual information
into a coherent semantic space, enhancing the rea-
soning capacity of LLMs while preserving their
flexibility and generalization potential.

To address the aforementioned limitations, we
propose a Multi-layer Aligned Knowledge Injec-
tion (MAKI) framework, which aims to enhance
the reasoning capability of Large LLMs on KGC
tasks by injecting structured knowledge from KGs
into the LLM in a layer-wise, semantically aligned
manner. Specifically, for each entity and relation in

a KG, we first leverage the LLM to encode their tex-
tual information, and obtain hidden representations
from multiple layers of the LLM. Then, these hid-
den representations are fed into a multi-layer graph
neural network (GNN) to learn structure-aware em-
beddings. Each layer of the GNN is explicitly
aligned with a corresponding layer in the LLM,
forming a layer-wise bridge between the structural
and semantic spaces. Finally, the structure-encoded
representations produced by each GNN layer are
injected into the corresponding LLM layer via a
gated fusion mechanism, enabling the LLM to rea-
son not only from textual semantics but also from
the structure information in the KG. By combin-
ing textual and structural signals in a layer-aware
aligned manner, MAKI provides a principled solu-
tion to overcoming the semantic misalignment and
generalization limitations faced by prior methods.
The main contributions of this paper are summa-
rized as follows:

* We propose a novel Multi-layer Aligned
Knowledge Injection (MAKI) framework,
which effectively integrates structural knowl-
edge from KGs into LLMs.

* We design a multi-layer aligned GNN module
that captures the relational structure of KGs
and aligns it with multiple layers of the LLM,
bridging the gap between structure and seman-
tic representations.

* We conduct extensive experiments on three
transductive datasets and eight versions of in-
ductive datasets, demonstrating that MAKI
consistently outperforms existing state-of-the-
art methods.

2 Related Work
2.1 Structure-based KGC

Structure-based approaches focus on modeling the
topological structure of KGs by learning embed-
dings for entities and relations. These methods
project entities and relations into continuous vec-
tor spaces and learn scoring functions to predict
missing links, including but not limited to TransE
(Bordes et al., 2013), RotatE (Sun et al., 2019),
DistMult (Yang et al., 2015), PairRE (Chao et al.,
2021), DaBR (Wang et al., 2025), RSCF (Kim et al.,
2025). Despite their success, structure-based KGC
methods heavily rely on sufficient connectivity.
For sparsely connected entities, especially those
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in the long-tail distribution, the performance often
degrades significantly due to insufficient context
for representation learning. In addition, structure-
based methods typically fail to predict links for
entities not observed during training, as they lack
auxiliary information such as textual descriptions.

2.2 Text-based KGC

Text-based KGC methods aim to enhance entity
and relation representations by leveraging unstruc-
tured textual information, such as entity names, en-
tity descriptions, and relation names. These meth-
ods are particularly effective for addressing sparsity
issues in structure-based KGC, especially for long-
tail or emerging entities with limited connectivity
in the graph. A dominant trend in text-based KGC
is to use pretrained language models (PLMs) to
encode textual descriptions into dense vector rep-
resentations. These PLMs capture rich semantic
and syntactic information from large corpora, en-
abling effective generalization and reasoning over
text. KG-BERT (Yao et al., 2019) reformulates
triple classification as a natural language inference
task by feeding textual triple sequences into BERT
(Devlin et al., 2019). PKGC (Lv et al., 2022) and
CSPromp-KG (Chen et al., 2023) uses prompts to
integrate both structured knowledge and textual
context. Despite their success, these PLM-based
methods typically rely on relatively small-scale
models (e.g., BERT (Devlin et al., 2019)), which
limits their reasoning capabilities and contextual

understanding. With the advent of LLMs, such
as LLAMA (Touvron et al., 2023a) and GPT-4
(OpenAl, 2023), a new line of research has begun
exploring LLMs for KGC. KG-LLM (Yao et al.,
2023) explores the use of instruction-tuned LL.Ms
for KGC. MKGL (Guo et al., 2024) integrate LLMs
with KGs using a specialized KG language. KoPA
(Zhang et al., 2024) and SAT (Liu et al., 2025)
pre-train structure-based embeddings for entities
and relations, and then uses a prefix adapter to
incorporate the structure knowledge into LLMs.
In addition, DiffCLR (Liu et al., 2024) and GLM
(Plenz and Frank, 2024) also integrate KGs with
LLMs for better reasoning. However, due to the
semantic gap between KG embeddings and LLM
representations, these approaches face challenges
in achieving effective integration and generaliza-
tion to unseen entities.

3 Ouwur Approach

3.1 Overview

The overall architecture of MAKI is illustrated in
Figure 2. Specifically, the proposed MAKI model
consists of three components: Textual Knowledge
Encoding, Multi-Layer Aligned Graph Structure
Learning and Knowledge Enhanced LLM Reason-
ing. These modules are designed to work in a
unified framework to effectively integrate textual
and structural knowledge for KGC. In the textual
knowledge encoding module, we leverage a pre-
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trained LLM to encode the textual names of entities
and relations in the knowledge graph. This process
generates rich semantic representations that cap-
ture contextual and linguistic information, serving
as the initial features for subsequent processing.
The multi-layer aligned structure learning compo-
nent is responsible for modeling the local graph
structure of the KG using Graph Neural Networks
(GNNs). Each GNN layer is aligned with a specific
layer in the LLM to facilitate layer-wise semantic
correspondence and gradual knowledge integration.
In the final stage, we inject the structural knowl-
edge learned by the GNNs into the corresponding
layers of the LLM. This fusion is performed in
a layer-wise aligned manner, enabling the LLM
to reason jointly over both textual semantics and
graph structure.

3.2 Textual Knowledge Encoding

To bridge the semantic gap between the structured
KGs and LLMs, we adopt a text-driven represen-
tation approach, which aligns the representations
of entities and relations in the semantic space of
LLMs. Specifically, we utilize the surface name of
each entity and relation in the KG and encode them
using a pretrained LLM.

Formally, for each entity e or relation r, we input
the corresponding text into the LLM and extract its
contextual hidden states. We use the hidden states
of the last token to represent the semantic embed-
ding of the input, which is commonly adopted in
LLM-based representation learning (Geva et al.,
2023). This yields the initial embedding for each
entity and relation at each layer:

hl = LLM'(e4est)

hgn = LLMl (Tte:ct) (1)

where h., and h'. denote the hidden representation
of the last token of e;ey; and ryeqy at the [-the layer
of LLM, respectively.

Instead of relying solely on the final layer’s out-
put, we preserve multiple intermediate representa-
tions for each entity and relation from top-k layers
of the LLM, namely {hY —F+1 hN=k+2 ... HhV}
for each entity and {hN —F+1 hN=F+2 ... hV}
for each relation. This design enables the model
to perform fine-grained layer-wise integration of
graph-based knowledge into the LLM.

3.3 Multi-Layer Aligned Graph Structure
Learning

To effectively inject structural knowledge into
LLMs, it is crucial to not only capture the topo-
logical patterns of the KG but also to ensure that
the learned structural representations are semanti-
cally aligned with the LLM’s latent space. To this
end, we design a multi-layer aligned graph struc-
ture learning module that combines the benefits
of GNNs and LLMs through a carefully designed
layer-wise alignment strategy. At each layer of this
module, the input consists of two parts: (1) the
hidden states from the previous GNN layer, which
carry multi-hop structural information of the KG,
and (2) the LLM-encoded vector representation
from the corresponding LLM layer, which ensures
semantic alignment with the LLM’s embedding
space. These two kinds of features are fused at
each layer to enable the GNN to learn structure-
aware representations that remain consistent with
the LLM’s semantic space.

Specifically, we align the GNN layers with the
top-k layers of the LLMs, which are known to
encode higher-level semantics. Each layer of the
GNN is aligned with one of these top-k layers of
the LLLM allowing for deep semantic fusion. At
the [-th layer of the GNN, we take two kinds of
features as the input for each entity e, including
the output hidden state s.~! of previous GNN layer
and the corresponding hidden state hYY =%+ from
LLM. These two kinds of features are integrated
to obtain an intermediate feature that carries both
semantic and structural information, which is for-
mally denoted as:

m! = s W, + bYW, )

e

where W, and Wy, are trainable parameters.

Then, a message passing operation is applied to
capture the neighboring information of each entity,
which is computed as:

1
=l
TP

(e,r,p) €eNe

m) @ hY " W;s]  (3)

sl =5l W, )

where N, is a set of neighboring triples of entity
e, W3 and Wy are trainable linear transformation
matrices. This message-passing process enables
the entity representations to capture multi-hop rela-
tional patterns, while maintaining layer-wise align-
ment with the LLM.
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3.4 Knowledge Enhanced LLM Reasoning

In the final stage, we integrate the structural knowl-
edge learned by the multi-layer aligned graph struc-
ture learning module into the LLM to enhance its
reasoning capabilities for KGC tasks. By fusing the
graph-based representations with the LLM’s latent
semantic space, we enable the model to leverage
both structure knowledge and contextual language
modeling, improving its ability to make predictions
about missing triples in KGs.

Following previous work (Zhang et al., 2024),
we reformulate the KGC task as a triple classi-
fication problem, where the model is asked to
judge whether a given candidate triple is plausi-
ble. Specifically, given a candidate triple (e;, 7, e;),
we construct a prompt P that represents the triple
in a textual form and instructs the LLM to deter-
mine whether it is semantically valid. The prompt
is composed of two parts:

P=1® X(e;r,ej) 5

where I is the instruction that guides the LLM
toward the desired reasoning task (e.g., “Please
determine the correctness of the triple and response
True or False”), and X (e;,7,e;) = D(e;)®&D(r)@
D(ey) is the verbalized form of the triple, where
D(-) denotes the textual information (e.g., surface
name or definition) of each entity and relation.

The prompt P is fed into the LLM, and the
model directly generates one of two target tokens:
“True” if the triple is semantically valid, or “False”
otherwise:

O(e;re;) = LLM(P) € {True, False}  (6)

To enhance the model’s prediction with struc-
tural context, we introduce the KG-LLM Fusion
Layer, which injects structured knowledge learned
from the KG into the internal representations of
the LLM. Specifically, for each of the top-k layers
of the LLM, we align the GNN’s output with the
corresponding hidden representations of LLM. For-
mally, we inject the [-th layer of structural feature
vector s, into the (N — k + [)-th layer of LLM as
follows:

RV =g WV (1 -0)xsl (D)

where 1Y =F*! is the hidden state of the last token
for entity e at the (N — k + [)-th layer of LLM,
and @ is a gate vector to control the contribution of
hN—F+l and s!, which is computed as:

0 = o([hY "+ g sl yW5) (8)

where o is the sigmoid function. This gated mech-
anism allows the model to adaptively balance se-
mantic and structural information, preserving the
contextual strength of the LLM while enriching it
with structure knowledge from the KG.

In each KG-LLM Fusion layer, we inject the
structure features of e;, r and e; into their corre-
sponding hidden states in LLM layers, resulting in
a knowledge-enhanced LLM. Then, the model is
fine-tuned by supervising the LLM to generate the
correct label.

4 Experiments

4.1 Datasets and Evaluation Metrics

To evaluate the effectiveness of the proposed
method, we conduct experiments on two typical
KGC tasks, e.g., triple classification and link pre-
diction. For triple classification task, we evalu-
ate our model on three widely used triple clas-
sification benchmarks: UMLS (Kok and Domin-
gos, 2007; Yao et al., 2019), CoDeX-S (Safavi and
Koutra, 2020), and FB15K-237N (Lv et al., 2022).
The performance of the triple classification task is
measured using accuracy, precision, recall, and F1
scores. For the link prediction task, we conduct ex-
periments on the inductive subsets of FB15K-237
and WN18RR from GralLL (Teru et al., 2020), as
the testing KGs in these datasets contain unseen en-
tities in training KGs, allowing a better evaluation
of the model’s reasoning ability on unknown enti-
ties. Following previous work (Teru et al., 2020;
Mai et al., 2021; Chen et al., 2022), we rank each
query triple against other 50 negative triples, and
ranked all candidates based on predicted probabili-
ties of labels. We report the Mean Reciprocal Rank
(MRR) metric for the link prediction task. More
detailed introduction and statistics of the datasets
are summarized in Appendix A.

4.2 Experimental Setup

All experiments are conducted on a single NVIDIA
A6000 GPU with 48GB of memory. Our implemen-
tation is based on PyTorch. For the graph neural
network (GNN) component in multi-layer aligned
graph structure learning, we set the hidden dimen-
sion to 512 and stack 6 GNN layers to enable struc-
tural message passing across multi-hop neighbor-
hoods and deep information fusion with LLM. We
use LLama3.1-8B ! as the LLM backbone and ap-
ply LoRA (Hu et al., 2022) with a rank of 16 to

"https://huggingface.co/meta-llama/Llama-3.1-8B
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Models UMLS CoDeX-S FB15K-237N
P R F1 Acc P R F1 Acc P R F1 Acc
TransE 86.53 81.69 84.04 8449 | 7191 7242 7217 72.07 | 70.80 67.11 6891 69.71
DistMult 87.06 86.53 86.79 86.38 | 69.67 59.46 64.16 66.79 | 5898 56.84 579 58.66
ComplEx 89.92 91.83 90.87 90.77 | 67.84 67.06 6745 67.64 | 6646 63.38 64.88 65.70
RotatE 90.17 9441 9223 9205 | 75.66 7571 75.69 7568 | 69.24 6641 67.8 68.46
KG-BERT 70.96 9243 8028 77.3 | 70.96 9243 80.28 773 | 5347 97.62 67.84 56.02
PKGC 79.87 93.29 86.05 8396 | 78.33 91.57 8443 81.68 | 67.37 96.18 79.23 79.16
Zero-shot(GPT-3.5) | 88.04 40.71 55.67 67.58 | 69.13 1694 2721 54.68 | 86.62 24.01 37.59 60.15
Zero-shot(Alpaca) | 51.55 87.69 6491 52.64 | 5031 99.83 6691 50.62 | 53.32 97.37 6891 56.06
KG-LLaMA 87.84 83.05 85.38 85.77 | 78.67 80.74 79.69 79.43 | 67.37 96.23 79.25 74.81
KG-Alpaca 9491 76.1 84.46 86.01 | 79.38 81.73 80.54 80.25 | 62.71 98.28 76.56 6991
Vanilla IT 95.18 77.76 8559 8691 | 77.01 88.89 82.52 81.18 | 65.87 97.53 78.63 73.50
Structure-aware IT | 93.27 86.08 89.54 89.93 | 77.14 88.4 8258 81.27 | 69.56 9395 7994 76.42
KoPA 90.85 9470 9270 9258 | 7791 91.41 84.11 8274 | 70.81 94.09 80.81 77.65
SAT - - - - 83.40 89.30 86.50 85.6 | 82.30 85.20 83.10 82.70
MAKI 97.43 9833 9788 97.54 | 85.70 88.84 87.24 87.01 | 81.22 89.35 85.09 84.35

Table 1: Triple classification results on UMLS, CoDeX-S and FB15K-237N datasets. The best results are in bold.

Models FB15K-237 WNI18RR
vl v2 v3 v4 vl v2 v3 v4

GralLL 46.25 39.14 53.64 49.53 | 75.12 58.84 4528 73.53
ComPILE 5135 64.84 6424 63.36 | 7435 5876 46.87 73.21
MorsE 58.53 7472 73.95 73.32 | 69.59 69.77 52.06 66.37
KG-BERT 45.12 56.18 54.15 53.49 | 77.29 83.44 86.18 86.54
PKGC 4798 5876 5526 53.77 | 79.94 86.01 87.06 89.25
KG-LLaMA 79.57 80.66 79.73 79.98 | 84.52 90.97 9142 91.31
KG-Alpaca 81.17 80.71 80.42 81.12 | 85.15 90.06 92.87 92.57
Vanilla IT 81.86 82.02 82.35 81.89 | 86.85 91.65 93.14 92.96
Structure-aware IT | 82.67 82.14 81.75 82.59 | 87.39 93.15 93.38 93.24
MAKI 86.45 86.35 83.33 8591 | 93.69 98.63 96.83 97.43

Table 2: The MRR results for link prediction task on inductive versions of the FB15K-237 and WN18RR datasets.

The best results are in bold.

fine-tune a small number of parameters while keep-
ing the majority of the LLM frozen. We train the
model using the Adam (Kingma and Ba, 2015) op-
timizer with a learning rate of 5e-5. And we train
the model with a batch size of 32 for 5 epochs.

4.3 Baselines

We compare our proposed MAKI method with sev-
eral strong baselines from three categories: (1)
structure-based models, including TransE (Bordes
et al., 2013), DistMult (Yang et al., 2015), Com-
plEx (Trouillon et al., 2016) and RotatE (Sun et al.,
2019) for triple classification task; GralLL (Teru
et al., 2020), ComPILE (Mai et al., 2021), MorsE
(Chen et al., 2022) for inductive link prediction
task; (2) PLM-based models, including KG-BERT
(Yao et al., 2019) and PKGC (Lv et al., 2022),
which use small size pre-trained language mod-
els (e.g., BERT (Devlin et al., 2019)) to encode
textual descriptions of triples; and (3) LLM-based

methods which use LLMs to predict the answer,
including training-free methods such as Zero-shot
prediction using GPT-3.5-turbo (175B parameters)
and Alpaca, and fine-tuning methods that fine-tune
LLMs on KGC task, including KG-LLaMA (Yao
et al., 2023), KG-Alpaca (Yao et al., 2023), Vanila
IT (Zhang et al., 2024), Structure-aware IT (Zhang
et al., 2024), KoPA (Zhang et al., 2024), and SAT
(Liu et al., 2025).

4.4 Main Results

Triple Classification Results. The triple classi-
fication results on UMLS, CoDeX-S and FB15K-
237N are summarized in Table 1. We can see that
our MAKI method consistently achieves state-of-
the-art (SOTA) performance across all three bench-
marks on both accuracy and F1 scores. Specifically,
on the UMLS dataset, our MAKI model achieves
97.88% F1 score and 97.54% accuracy, outperform-
ing previous SOTA methods RotatE and KoPA by
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Models UMLS CoDeX-S FB15K-237N
P R F1 Acc P R F1 Acc P R F1 Acc
MAKI 9743 9833 97.88 97.54 | 8570 88.84 87.24 87.01 | 81.22 89.35 85.09 84.35
w/o Textlnit | 97.47 87.44 92.19 92.54 | 80.39 88.13 84.08 83.32 | 74.65 93.45 83.01 80.86
w/o GNN | 98.12 79.22 87.61 88.73 | 84.11 77.57 80.71 81.45 | 7228 8828 7948 77.21
w/o Gate 98.38 92.13 95.16 9528 | 83.04 89.75 86.25 85.69 | 7831 89.69 83.61 82.42

Table 3: Ablation study on UMLS, CoDeX-S and FB15K-237N datasets.

Models FB15K-237 WNI18RR
vl v2 v3 v4 vl v2 v3 v4
MAKI 86.45 86.35 83.33 8591 | 93.69 98.63 96.83 97.43
w/o Textlnit | 85.39 84.97 84.76 84.87 | 92.85 9647 9546 97.01
w/o GNN | 83.44 82776 8254 82.72 | 89.73 9392 94.18 94.38
w/o Gate 86.01 8545 85.16 85.33|93.08 97.65 9594 97.22

Table 4: Ablation study on inductive versions of the FB15K-237 and WN18RR datasets.

large margins. On the CoDeX-S dataset, our MAKI
method reaches 87.24% F1 score and 87.01% ac-
curacy, again surpassing previous structure-based
models, PLM-based models, and LLM-based mod-
els. On the more challenging dataset FB15K-237N,
MAKI continues to demonstrate superior perfor-
mance, obtaining a F1 score of 85.09% and an ac-
curacy of 84.35%, outperforming previous SOTA
methods KoPA (Zhang et al., 2024) and SAT (Liu
et al., 2025). These results validate the effective-
ness of our multi-layer aligned knowledge injection
strategy in our MAKI model.

Link Prediction Results. Table 2 reports the
MRR results of link prediction task on the induc-
tive versions of FB15K-237 and WN18RR, where
the entities in testing set are unseen in the training
KG. On these inductive datasets, LLM-based ap-
proaches demonstrate substantially stronger induc-
tive generalization. Models such as KG-LLaMA,
KG-Alpaca, Vanilla IT and Structure-aware I'T con-
sistently outperform both structure-based and PLM-
based baselines across all versions of inductive
datasets. This highlights the advantage of LLMs
in capturing transferable reasoning features. Com-
pared to all the baselines, our MAKI model further
improves performance by explicitly incorporating
structural knowledge, confirming the importance
of aligning LL.M reasoning with graph topology.
These results validate the inductive reasoning abil-
ity of MAKI and demonstrate its potential for gen-
eralizing to evolving or incomplete KGs where
new entities frequently emerge. More results on
Hits @10 metric are listed in Appendix B.

In contrast to existing LLM-based approaches,
MAKI incorporates structural information from the

KG through a multi-layer GNN that is aligned with
the internal representations of the LLM. This en-
ables MAKI to preserve both semantic richness and
relational structure. Unlike KoPA and SAT, which
requires to pre-train a KG embedding model (e.g.,
RotatE) on a fixed set of entities, our is able to
dynamically learn structure-aware representations
for unseen entities via textual knowledge encoding
and multi-layer aligned GNNs, enabling more ef-
fective reasoning under both transductive setting
and inductive setting.

4.5 Ablation Study

To investigate the contribution of each component
in our proposed MAKI framework, we conduct an
ablation study by comparing the full model against
three variants: (1) “w/o TextInit” removes the LLM-
aligned textual initialization of entity and relation
embeddings, using random initialization instead.
(2) “w/o GNN” removes the multi-layer aligned
graph structural learning module, relying solely on
textual features. (3) “w/o Gate” replaces the gated
fusion mechanism with direct addition of structure
and LLM features. The results are shown in Table 3
and Table 4.

We can see that removing the LLM-based tex-
tual encoding (“w/o Textlnit”) causes a significant
performance drop across all datasets. For example,
the accuracy score drops from 87.01% to 83.32%
on CoDeX-S; and the MRR drops from 86.45% to
85.39% on the v1 of FB15k237. These results high-
light the importance of LL.M-aligned knowledge
encoding module, which can effectively bridge the
semantic gap between structural knowledge in KGs
and textual information of LLMs.
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Models P R F1 Acc

MAKI (LLaMA3.1-8B) | 85.70 88.84 87.24 87.01
MAKI (LLaMA2-7B) | 86.28 87.69 86.98 86.87
MAKI (Qwen2-7B) 85.68 87.43 86.55 86.64
MAKI (Alpaca-7B) 83.87 89.17 86.43 86.28

Table 5: The performance on CoDeX-S dataset with
different LLMs as backbone.

When we remove the GNN module (“w/o
GNN”), the performance declines even more drasti-
cally. This demonstrates the essential role of graph
structure learning, as LLMs alone cannot capture
the multi-hop relational dependencies embedded in
the graph structure.

Replacing the gated fusion mechanism with sim-
ple addition (“w/o Gate”) also leads to a consis-
tent drop in performance This suggests that un-
controlled integration of structure into LLM may
introduce noise features. The gated mechanism ef-
fectively balances the contribution from LLM and
GNN representations by adaptively filtering useful
information at each layer.

These results confirm that each component of
the proposed MAKI model plays a critical role.
Their combination enables robust and semantically
aligned reasoning, leading to better performance.

4.6 Performance with Different LL.Ms

To evaluate the robustness of MAKI with re-
spect to different backbone LLMs, we conduct
experiments to compare the performance with
four representative LLMs as backbone, includ-
ing LLaMA3.1-8B, LLaMA2-7B (Touvron et al.,
2023b), Qwen2-7B (Yang et al., 2024), and Alpaca-
7B (Taori et al., 2023), and report the results on
the CoDeX-S dataset in Table 5. We can observe
that MAKI demonstrates consistently strong perfor-
mance across all LLM backbones, with F1 scores
tightly clustered in a narrow range from 86.43%
to 87.24% and accuracy varying from 86.28% to
87.01%. This indicates that the proposed method
is not overly sensitive to the specific parameteriza-
tion or pretraining characteristics of the underlying
LLM, and can reliably transfer its reasoning capa-
bility across different model families.

4.7 Impact of Different Layers

We explore the impact of different numbers of
GNN layers on the performance of our model. As
shown in Figure 3, when the number of layers
k = 2, the MAKI model achieves a sub-optimal
performance on CoDeX-S. This is because with

88.0 CoDex-S

87.51
87.01
$86.51

%

1/Acc(?

86.01
L 85.51
85.01
84.51

—— F1 Score
Accuracy

84.0 2 4 6 8 10

Figure 3: F1 and accuracy performance with different
GNN layers (e.g., k) on CoDeX-S.

only a few layers, the model fails to inject sufficient
structural information into the LLM, limiting its
ability to capture complex relational dependencies
within KGs. As k increases, performance improves
on both F1 and accuracy metrics. Notably, when
k = 6, the MAKI model reaches its best perfor-
mance in terms of F1 score and accuracy. However,
when we further increase k, the performance no
longer improves. This is because after a certain
number of layers, additional GNN layers start to
introduce redundant information or begin to overfit
on the graph structure, failing to offer additional
benefits for the LLM’s reasoning. This suggests
that 6 layers strike an optimal balance, effectively
capturing the necessary graph structure while avoid-
ing excessive computational overhead. Therefore,
we set £ = 6 in our experiments. More analysis
about the dimension size and the case study are
provided in Appendix C and Appendix D.

5 Conclusion

In this paper, we propose MAKI, a novel method
for enhancing KGC using LLMs by injecting
structured knowledge from KGs in a semantically
aligned manner, bridging the gap between struc-
tured and textual representations. Our method first
encodes entities and relations using LLMs based
on their textual information to ensure alignment
in the semantic space. Then, a multi-layer aligned
graph structure learning module is applied to learn
structural representations. Finally, a gated fusion
mechanism is used to inject the structure informa-
tion into the LLM, allowing the model to benefit
from both modalities. Extensive experiments on
various benchmark datasets demonstrate that the
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proposed MAKI outperforms various existing base-
lines.

Limitations

Despite the promising results, our approach has sev-
eral limitations. First, as an LLM-based method, it
requires evaluating each candidate triple individu-
ally. This leads to low inference efficiency when
applied to large-scale link prediction scenarios with
a vast number of candidate triples. Second, train-
ing our model involves fine-tuning large language
models and performing multi-layer alignment with
GNNs. This results in considerable computational
cost and extended training time, which may hin-
der deployment in environments with limited re-
sources.
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A Dataset Details

For the triple classification task, we use UMLS
(Kok and Domingos, 2007; Yao et al., 2019),
CoDeX-S (Safavi and Koutra, 2020), and FB15K-
237N (Lv et al., 2022) datasets. The UMLS dataset
is a biomedical KG that contains concepts and
relations derived from the Unified Medical Lan-
guage System (Bodenreider, 2004). CoDex-S is
a subset of the CoDEx (Safavi and Koutra, 2020)
benchmark which is designed to assess models that
leverage both structural and textual features for rea-
soning. The FB15K-237N dataset is derived from
FB15K-237 (Toutanova et al., 2015) by removing
relations that contain mediator (CVT) nodes. The
detailed statistics of the datasets UMLS, CoDeX-S
and FB15K-237N are listed in Table 6.

For the link prediction task, we use inductive
versions of WN18RR and FB15K-237 from GralL
(Teru et al., 2020). These datasets are derived from
the original KGs WN18RR (Dettmers et al., 2018)
and FB15K-237 (Toutanova et al., 2015), respec-
tively. Each dataset provides four variants with
different scales to enable robust and comprehen-
sive evaluation. For each variant, the data are par-
titioned into two disjoint subgraphs sampled from
the original KG, corresponding to the training and
test graphs. Table 7 provides the statistics of these
datasets.
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Figure 4: F1 and accuracy performance with different
sizes of dimension on CoDeX-S.

B Hits@10 Results for Link Prediction

Table 8 reports the hits@10 results on inductive
versions of FB15K-237 and WN18RR. Structure-
based methods perform moderately, especially on
FB15K-237 (up to 95.92% for MorsE on v3 of

28537


https://doi.org/10.18653/V1/2022.ACL-LONG.295
https://doi.org/10.18653/V1/2022.ACL-LONG.295
https://aclanthology.org/2025.coling-main.284/
https://aclanthology.org/2025.coling-main.284/
http://arxiv.org/abs/1412.6575
http://arxiv.org/abs/1412.6575
https://arxiv.org/abs/1909.03193
https://doi.org/10.48550/ARXIV.2308.13916
https://doi.org/10.48550/ARXIV.2308.13916
https://doi.org/10.1145/3696410.3714808
https://doi.org/10.1145/3696410.3714808
https://doi.org/10.1145/3696410.3714808
https://doi.org/10.1145/3664647.3681327
https://doi.org/10.1145/3664647.3681327
https://doi.org/10.1145/3664647.3681327
https://doi.org/10.1109/TKDE.2023.3297331
https://doi.org/10.1109/TKDE.2023.3297331
https://doi.org/10.1109/TKDE.2023.3297331

Dataset #Ent #Rel #Train #Valid (+/-) #Test (+/-)
UMLS 135 46 5216 652/652 661/661

CoDeX-S 2023 42 32888 1827/1827 1828/1828

FB15K-237N | 13104 93 87282 7041/7041 8226/8226

Table 6: Statistics of the datasets UMLS, CoDeX-S and FB15K-237N. #Ent and #Rel denote the numbers of entities
and relations, respectively. The ratios of positive (+) and negative (-) samples are 1:1 in the valid and test datasets.

WNI18RR FB15K-237
#Rel #Ent #Triple #Rel #Ent #Triple
train 9 2746 6678 183 2000 5226

VI' et 9 922 1991 146 1500 2404
,, tin 10 6954 18968 203 3000 12085

test 10 2923 4863 176 2000 5092
3 tmin 1112078 32150 218 4000 22394

test 11 5084 7470 187 3000 9137
train 9 3861 9842 222 5000 33916
test 9 7208 15157 204 3500 14554

Table 7: Statistics of the inductive versions of WN18RR and FB15K-237 datasets."#Rel", "#Ent" and "#Triple" are
the numbers of relations, entities and triples, respectively.

Models FB15K-237 WNI18RR
vl v2 v3 v4 vl v2 v3 v4
GralL 63.49 79.82 78.19 8272 | 83.51 80.61 58.67 76.34
ComPILE 67.32 80.54 83.35 84.41 | 81.56 80.89 59.87 75.56
MorsE 80.73 95.11 9592 92.72 | 79.57 79.77 69.93 77.07
KG-BERT 7439 82.74 81.04 76.76 | 92.83 93.65 92.76 93.18
PKGC 7842 8392 82.17 77.24 | 9348 94.51 93.12 95.07

KG-LLaMA 98.99 97.59 98778 98.21 | 98.41 98.09 9845 99.65
KG-Alpaca 98.78 9791 9878 98.42 | 99.16 98.87 98.65 99.12

Vanilla IT 99.26 98.64 9895 98.84 | 99.26 99.12 98.85 99.28
Structure-aware IT | 98.78 98.43 98.96 98.87 | 99.32 99.16 99.17 99.54
MAKI 99.51 99.79 99.54 99.36 | 99.47 99.86 99.17 99.69

Table 8: Hits@ 10 results on inductive version of FB15K-237 and WN18RR datasets. The best results are in bold.
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Figure 5: An example of the prediction of MAKI and KG-LLaMA model on CoDeX-S dataset.

FB15K-237), but lag on WN18RR (mostly be- main below LLM-based approaches. LLM-based
low 85%). PLM-based methods show stronger = models consistently achieve superior results across
semantic reasoning, particularly on WNI8RR (up  all datasets, with nearly all scores exceeding 97%.
t0 95.07% for PKGC on v4 of WN18RR), yet re-  Our proposed MAKI obtains the best performances
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across all these datasets, demonstrating its effective-
ness in integrating structural and semantic knowl-
edge for robust reasoning.

C Analysis of Dimension Size

Figure 4 illustrates the impact of hidden dimen-
sion size of GNNs on model performance on the
CoDeX-S dataset, measured by Accuracy and F1
score. As the size of dimension increases from
64 to 512, both metrics exhibit a consistent and
monotonic improvement, indicating that higher-
dimensional representations enable the model to
capture richer semantic and structural informa-
tion. Notably, the performance gains are more pro-
nounced when increasing the dimension from 64 to
256, suggesting that low-dimensional embeddings
may be insufficient to fully model the relational
complexity of the KG. Beyond 384 dimensions,
the improvements become marginal. The highest
Accuracy and F1 scores are achieved with a dimen-
sion size of 512. Based on this observation, we
adopt 512 as the default dimension in our experi-
ments to ensure optimal performance.

D Case Study

Figure 5 presents a qualitative comparison between
MAKI and KG-LLaMA on the CoDeX-S dataset.
The input query is the triple (Ilya Ehrenburg, Place-
OfDeath, Moscow), whose ground truth label is
True. As shown on the left, the underlying knowl-
edge graph contains multiple semantically related
entities and relations, including Viadimir Obruchev
and Nikolay Basov, both of whom share the same
PlaceOfDeath relation with Moscow, as well as
Novodevichy Cemetery, which is connected via the
PlaceOfBurial relation. By effectively aggregating
and reasoning over these relational patterns and
contextual entity connections, MAKI successfully
infers the correct label for the query. In contrast,
KG-LLaMA predicts False, indicating it is difficult
determine the correctness of this give triple without
leveraging structured graph evidence and relational
dependencies. This example highlights MAKI’s
stronger capability in exploiting local graph struc-
tures and relational semantics for KGC.
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