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Abstract

Large Language Models (LLMs) have shown
immense potential in Knowledge Graph Com-
pletion (KGC), yet bridging the modality gap
between continuous graph embeddings and dis-
crete LLM tokens remains a critical challenge.
While recent quantization-based approaches at-
tempt to align these modalities, they typically
treat quantization as flat numerical compres-
sion, resulting in semantically entangled codes
that fail to mirror the hierarchical nature of
human reasoning. In this paper, we propose
GS-Quant, a novel framework that generates
semantically coherent and structurally strati-
fied discrete codes for KG entities. Unlike
prior methods, GS-Quant is grounded in the
insight that entity representations should fol-
low a linguistic coarse-to-fine logic. We intro-
duce a Granular Semantic Enhancement mod-
ule that injects hierarchical knowledge into the
codebook, ensuring that earlier codes capture
global semantic categories while later codes re-
fine specific attributes. Furthermore, a Genera-
tive Structural Reconstruction module imposes
causal dependencies on the code sequence,
transforming independent discrete units into
structured semantic descriptors. By expand-
ing the LLM vocabulary with these learned
codes, we enable the model to reason over
graph structures isomorphically to natural lan-
guage generation. Experimental results demon-
strate that GS-Quant significantly outperforms
existing text-based and embedding-based base-
lines. Our code is publicly available at https:
//github.com/mikumifa/GS-Quant.

1 Introduction

Knowledge Graphs (KGs) serve as a cornerstone
for symbolic knowledge representation, supporting
explicit reasoning and driving progress in appli-
cations ranging from recommender systems (Guo
et al., 2020; Wang et al., 2025) and question an-
swering (Peng et al., 2024; Gutiérrez et al., 2024;

*Corresponding author.

Ma et al., 2025) to the mitigation of hallucination
in Large Language Models (LLMs) (Agrawal et al.,
2024; Sun et al., 2024). Despite their widespread
adoption, KGs suffer from pervasive incomplete-
ness: they encode observed facts while inevitably
omitting numerous valid triples (Chen et al., 2020;
Liu et al., 2025b). This limitation necessitates
Knowledge Graph Completion (KGC), a task aim-
ing to infer missing links.

Recently, LLMs have fundamentally reshaped
the landscape of KGC (Pan et al., 2024) by intro-
ducing powerful generative reasoning capabilities.
Prior approaches broadly fall into two paradigms:
text-based and embedding-based. Text-based meth-
ods (Wei et al., 2023; Xu et al., 2024; Guo et al.,
2024; Li et al., 2025; Liu et al., 2022) linearize
KG triples into textual prompts. While this pro-
vides explicit reasoning paths, the linearization
process shatters the intrinsic graph topology (Liu
et al., 2025b) and incurs prohibitive computa-
tional costs due to excessive token length (Lin
et al., 2025). Conversely, embedding-based meth-
ods (Zhang et al., 2024; Liu et al., 2024, 2025a;
Yang et al., 2025) align rigid, continuous KG em-
beddings (Bordes et al., 2013; Sun et al., 2019) with
the LLM’s latent space. While computationally
efficient, a fundamental modality gap persists: con-
tinuous embeddings are holistic and dense, whereas
LLMs operate on discrete, sequential tokens. This
mismatch hinders the LLM’s ability to effectively
interpret and reason over graph structures.

To bridge this gap, recent works like SSQR (Lin
et al., 2025) and ReaLM (Guo et al., 2025) have
explored representing entities as sequences of dis-
crete codes via Vector Quantization (van den Oord
et al., 2017; Guo et al., 2026). By converting em-
beddings into code tokens, these methods align the
data format with linguistic sequences. However,
current quantization approaches in KGC remain
suboptimal. For example, SSQR derives codes
of an entity based on multiple feed-forward pro-
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Figure 1: Illustration of LLM4KGC methods. (a) Text-
based methods flatten the KG into textual sequences.
(b) Embedding-based methods integrating graph embed-
dings into LLMs. (c) Our code-based method learns
quantized codes for better LLM reasoning.

jections of its embeddings, resulting in flat and
semantically entangled representations. The result-
ing code sequences lack intrinsic semantic logic;
they function merely as compressed numerical ap-
proximations of a vector, rather than as structured,
hierarchical semantic descriptors. This ignores
a critical property of human language and LLM
generation: reasoning is inherently hierarchical,
proceeding from coarse-grained concepts to fine-
grained details (Tenenbaum et al., 2011; He et al.,
2024). Treating quantization as a flat compression
problem fails to leverage the autoregressive nature
of LLMs, which thrive on structured, causal depen-
dencies.

In this paper, we propose GS-Quant, a frame-
work that generates semantically coherent and
structurally stratified quantized codes for KG enti-
ties. GS-Quant is grounded in the insight that an
entity’s discrete representation should mirror the hi-
erarchical structure of language, i.e., moving from
general semantic categories to specific instances.
Built upon the Residual Quantized Variational Au-
toencoder (RQ-VAE) (Lee et al., 2022), our frame-
work introduces two key innovations. First, the
Granular Semantic Enhancement (GSE) module
injects hierarchical knowledge (derived via clus-
tering) into the codebook learning process. By
forcing different quantization levels to align with
a hierarchy tree, GSE ensures that earlier codes
capture coarse-grained semantics (e.g., "Person")
while later codes refine specific attributes (e.g.,

"Artist"), effectively creating a semantic coordi-
nate system for the LLM. Second, the Genera-
tive Structural Reconstruction (GSR) module
employs a lightweight GPT-style Transformer de-
coder to reconstruct the entity and its ancestors
from the code sequence. This imposes a causal
structure on the codes, ensuring that the discrete
sequence is not just a set of independent units but
a coherent "sentence" that encodes contextual and
cross-level interactions. By treating KG entities
as hierarchically structured code sequences, GS-
Quant allows LLMs to reason over graph data in a
manner isomorphic to natural language generation.
We expand the LLM’s vocabulary with the learned
discrete codes and fine-tune the LLM to perform
knowledge graph completion. Experimental results
demonstrate that GS-Quant significantly outper-
forms existing baselines, setting a new standard for
LLM-enhanced KGC.

2 Related Work

Traditional Embedding-based KGC methods.
Embedding-based KGC methods learn low-
dimensional representations of entities and rela-
tions under various geometric constraints. Clas-
sical translational and multiplicative models in-
clude TransE (Bordes et al., 2013), DistMult (Yang
et al., 2015), ComplEx (Trouillon et al., 2016), and
RotatE (Sun et al., 2019), while ATTH (Chami
et al., 2020) and GIE (Cao et al., 2022) extend
them to hyperbolic spaces to better capture hier-
archical patterns in KGs. Beyond shallow em-
beddings, Graph Neural Networks (GNNs) (Zhou
et al., 2020; Song et al., 2023b,a) have been applied
to encode relational structures, with applications
in various domains (Ma et al., 2023; Song et al.,
2022, 2024). To handle relational heterogeneity,
RGCN (Schlichtkrull et al., 2018), WGCN (Zhao
et al., 2021), and CompGCN (Vashishth et al.,
2020) introduce relation-aware message passing,
and KBGAT (Nathani et al., 2019) incorporates
attention mechanisms to weigh triple importance.
Path-based models such as NBF-Net (Zhu et al.,
2021), RED-GNN (Zhang and Yao, 2022), and
A*Net (Zhu et al., 2023) exploit multi-hop rela-
tional paths to enhance inference and inductive
generalization. Despite their efficiency and scal-
ability, these approaches still lack the capacity to
capture the rich semantic information of entities.

LLM-based KGC methods. Early works like
KG-BERT (Yao et al., 2019), KEPLER (Wang
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et al., 2021), and CoLE (Liu et al., 2022) leverage
PLMs to encode triples. Building upon these foun-
dations, current LLM-based approaches primar-
ily diverge into text-based and embedding-based
paradigms. Text-based methods (Wei et al., 2023;
Xu et al., 2024; Guo et al., 2024; Li et al., 2025) se-
rialize triples into natural language prompts, occa-
sionally augmenting them with generated descrip-
tions (Li et al., 2024; Jiang et al., 2024), though this
often incurs high token costs and structural informa-
tion loss (Liu et al., 2025b; Lin et al., 2025). Con-
versely, embedding-based methods (Zhang et al.,
2024; Liu et al., 2024, 2025a; Yang et al., 2025) in-
ject structural priors by aligning pretrained KG em-
beddings with the LLM’s latent space. To further
bridge the modality gap between continuous em-
beddings and discrete text, recent studies explore
discrete codes, such as SSQR (Lin et al., 2025)
using vector quantization and ReaLM (Guo et al.,
2025) applying residual quantization. Despite their
progress, these methods remain limited: code-
based approaches largely expand a single entangled
embedding, offering weak semantic or structural
disentanglement, and SFT-based (Ouyang et al.,
2022) methods do not bridge the gap between KG
embedding space and the LLM’s semantic space.
These challenges motivate the need for more struc-
tured and semantically coherent discrete representa-
tions, which GS-Quant framework aims to provide.

3 Preliminaries

Knowledge Graph. A Knowledge Graph (de-
noted as G = {E ,R, T }) can be formally repre-
sented as a set of triples in the form of (h, r, t) ∈ T ,
where h, t ∈ E , r ∈ R. The notations h and t de-
note the head and the tail entity of a triple.

LLM-based KGC. In the LLM-based formula-
tion of KGC, we illustrate the task using the tail
prediction query (h, r, ?) as an example. For a
given query, we construct an input to the LLM that
combines (i) the query triple, (ii) structural rela-
tional context, and (iii) textual information from
the KG. The LLM is then required to select the
correct tail entity t from a predefined candidate set.

4 Methodology

In this section, we present GS-Quant (Figure 2).
We first encode entities into dense embeddings and
construct a semantic tree leveraging hierarchical
clustering. The embeddings and tree are then uti-
lized to train the residual quantization module to

obtain the discrete tokens of the graph. This quanti-
zation process is jointly optimized using Generative
Structural Reconstruction and Granular Semantic
Enhancement. Subsequently, the learned discrete
codes are utilized to expand the LLM’s vocabulary,
and the model with the augmented vocabulary is
then fine-tuned for the KGC task.

4.1 Quantized Codes Learning for KG
4.1.1 Basic Codes Learning
KG Encoding. For the structural component,
a knowledge graph embedding model (e.g., Ro-
tatE (Sun et al., 2019)) is employed as the backbone
to generate the relational embedding sGx ∈ Rd.

For the textual component, we utilize both the
entity name and description. Specifically, we en-
code them independently using a pretrained PLM
and concatenate their respective truncated feature
representations to form the textual embedding sTx ∈
Rd, thereby ensuring dimensional alignment with
sGx . The final representation sx is obtained via a
weighted fusion:

sx = ρ sGx + (1− ρ) sTx , (1)

where ρ ∈ [0, 1] controls the relative balance be-
tween relational and textual contributions.

Residual Quantization (RQ). We adopt the
residual quantization mechanism (Lee et al., 2022)
to encode the enriched entity embedding s, which
can be either sh or st, to learn a latent represen-
tation z = MLP(s), which serves as the initial
residual at the 0-th level, denoted as r0 = z.
At each quantization level l, there is a codebook
Cl = {vl

k}Kk=1, where vl
k is the k-th vector in the

codebook at level l and K is the codebook size.
The initial residual r0 is then used to find the in-

dex of the nearest embedding in C0, given by v0 =
argmink ∥r0 − v0

k∥2. At each level l, the residual
update follows the rule cl = argmink ∥rl − vl

k∥2,
and the residual is iteratively updated as rl+1 =
rl − vl

cl
. This recursive residual approximation

ultimately generates a quantization code tuple I =
{ci}m−1

i=0 , where m is the maximum level of RQ.

Residual Quantization Regularization. Follow-
ing generating the code tuple I, we apply a stop-
gradient based commitment loss to stabilize code-
book learning. The residual quantization loss is:

LQ =

m−1∑

l=0

(
∥ sg[rl]− vl

cl∥
2
2 + α∥rl − sg[vl

cl ]∥
2
2

)
(2)

16784



K
n

o
w

le
d

g
e
 G

ra
p

h
 

E
m

b
e
d

d
in

g
 M

o
d

e
l

M
LM

M
L
P 𝑟0 Residual:

𝑟0 − 𝑣1
0

0

𝑣0
0

1

𝑣1
0

4

𝑣4
0

2

𝑣2
0

3

𝑣3
0

0

𝑣0
1

1

𝑣1
1

4

𝑣4
1

2

𝑣2
1

3

𝑣3
1

0

𝑣0
2

1

𝑣1
2

4

𝑣4
2

2

𝑣2
2

3

𝑣3
2

𝑟1 Residual:
𝑟1 − 𝑣2

1
𝑟2

Abstract

(Coarse-grained)

Concrete

(Fine-grained)

STE

Operation:

𝑟0 + sg[𝑣1
0 − 𝑟0]

STE

Operation:

𝑟1 + sg[𝑣2
1 − 𝑟1]

STE

Operation:

𝑟2 + sg[𝑣3
2 − 𝑟2]

ǁ𝑒0

Hierarchy Tree 𝓗

Knowledge Graph

A
b

s
tr

a
c
ti

o
n

 L
e
v
e
l

Granular Semantic 

Enhancement

(Coarse-grained)

(Fine-grained)

Medium Maximization

Strong Maximization

Weak Maximization

Medium Minimization

Strong Minimization

Weak Minimization

Query

Prompt
[Query]
Here is a fact with tail t 

unknown:

(Ghost, species, t).

[Description]
Ghost <Entity-Token> appears 

in Game of Thrones as the 

loyal …

[Candidate Entities]
Sparrow <Entity-Token>;

Wolf<Entity-Token>; 

Dog <Entity-Token>;

Cat <Entity-Token>;

Robin <Entity-Token>;

…

LoRA

LLM

Query

Expand Vocabulary 

[Answer]: Wolf

CodeBook1 CodeBook2 CodeBook3

Quantized Representation learning Generative Structural Reconstruction

Masked Multi-Head

Self-Attention

Feed Forward Neural Network

Decoder-Only Layer

Decoder-Only Layer

. . .

Decoder-Only 

Transformer

+ Positional Embeddings

ǁ𝑒1 ǁ𝑒2

ǁ𝑒2

ǁ𝑒1

ǁ𝑒0

ǁ𝑒0 ǁ𝑒1 ǁ𝑒2 𝑞1 𝑞2 𝑞3

Entity Token Embeddings Query Token Embeddings

Output Embeddings

𝑞0

o1 o2 o3o0

`
PAD

PAD

H
ie

ra
rc

h
y
 

T
re

e
 𝓗

·

Compute 

Loss

AncestorsOrigin

Animal
(Abstract Category)

Mammalia
(Class)

Aves
(Class)

Canidae
(Family)

Wolf
(Concrete Entity)

Dog
(Concrete Entity)

Cat
(Concrete Entity)

Sparrow
(Concrete Entity)

Robin
(Concrete Entity)

Figure 2: The overview of the GS-Quant framework. The pipeline first constructs a hierarchy tree. It then discretizes
entities using Residual Quantization, optimized by Granular Semantic Enhancement for structural consistency.
Subsequently, the Generative Structural Reconstruction module employs a GPT-style Transformer decoder to
capture contextual and cross-level interactions. Finally, the learned codes are integrated into LLMs.

where sg[·] denotes the stop-gradient operator,
which prevents gradient updates for the quantized
embeddings during backpropagation. The first term
in LQ ensures that the trainable codebook vec-
tors vl

cl
are close to the corresponding residuals

rl. Meanwhile, the second term, weighted by the
hyperparameter α, constrains the residuals to re-
main close to the selected codebook entries.

Eq. (2) alone is insufficient to ensure semanti-
cally meaningful codebooks. We introduce addi-
tional components in the following section.

4.1.2 Granular Semantic Enhancement

In KGC, accurate prediction often requires hierar-
chical inference. For instance, in the query (Christ-
mas, month, ?), the model should ideally identify
the coarse-grained semantic category of "month"
before narrowing down to the specific entity "De-
cember". However, traditional residual vector quan-
tization is insufficient for this purpose. While it nat-
urally exhibits a numerical hierarchy due to the re-
cursive residual subtraction rl+1 = rl−vl

cl
, it lacks

explicit alignment with distinct semantic granular-
ity levels. Each quantization layer merely encodes
the numerical residual of the previous one based on
Euclidean distance. The resulting codebooks often
entangle semantics across layers, failing to explic-

itly follow the coarse-to-fine semantic hierarchy
required for effective knowledge graph completion.

To address this, we first perform hierarchical
clustering (e.g., agglomerative clustering (Müllner,
2011)) on entity semantic representations to gen-
erate a hierarchy tree H. Let E denote a batch of
entities. For each e ∈ E, let µe be its correspond-
ing cluster centroid. We define a differentiable
surrogate for each quantized output of e as Ve =
{ṽi}m−1

i=0 , formulated as ṽi = ri + sg[vi
ci − ri],

where ri denotes the residual representation at step
i, and vi

ci is the selected codebook vector from the
i-th codebook. The stop-gradient operator sg[·] en-
sures stable optimization by allowing gradients to
flow through the residual pathway while preventing
direct updates to the discrete codebook selection.

Coarse-to-Fine Alignment. GSE calibrates the
quantized output Ve to capture coarse-to-fine se-
mantic granularity. The loss is defined as:

L1 = − 1

|E|
∑

e∈E

m−1∑

i=0

λi+1
1

m

× log
exp(ṽi · µe/τ)∑

e′∈E exp(ṽi · µe′/τ)
.

(3)

where τ is the temperature hyperparameter and
λ1 ∈ (0, 1) controls an exponentially decaying

16785



weight across layers. This design biases earlier lay-
ers toward coarse, global semantics, while allowing
deeper layers to focus on finer-grained distinctions.

Hierarchical Separability. GSE distinguishes
each vector in Ve from its neighbors in the hier-
archy tree H. Let Ne denote the set of neighbor
centroids for entity e. This loss is formulated as:

L2 =
1

|E|
∑

e∈E

m−1∑

i=0

λm−i
2

m · |Ne|

×
∑

n∈Ne

log
exp(ṽi · n/τ)∑

e′∈E exp(ṽi · µe′/τ)
.

(4)

where λ2 ∈ (0, 1) applies a reverse decay that pro-
gressively strengthens constraints in deeper layers.
This encourages fine-grained separability while al-
lowing higher layers to remain semantically com-
pact. The total GSE objective is LGSE = L1 + L2.

4.1.3 Generative Structural Reconstruction
For the code tuple I, its rich combinatorial seman-
tic capacity is essential for downstream LLM gen-
eration tasks. Different code combinations ought
to encode distinct semantic variations, enabling the
model to support complex generative reasoning.

To achieve this, we introduce Generative Struc-
tural Reconstruction. We employ a standard Trans-
former decoder to treat the tuple I as a struc-
tured semantic sequence. Formally, we construct
a sequence of learnable query embeddings Q =
{qi}Li=0 and concatenate them with the differen-
tiable surrogate Ve as the input. Through causal
self-attention, the decoder produces reconstruction
outputs {oi}Li=0 aligned with multi-granular tar-
gets: the leading query q0 is tasked with recovering
the intrinsic entity embedding s, while subsequent
queries {qi}Li=1 reconstruct the corresponding an-
cestors {hi} in the semantic hierarchy H to enforce
global consistency. The overall GSR objective is
formulated as:

LGSR = ∥õ0 − s∥22 + λs∥õ1 − h0∥22

+ λh

L∑

i=2

∥õi − hi−1∥22.
(5)

where λs weights the reconstruction of the seman-
tic target h0, and λh controls the strength of recon-
structing the remaining hierarchical semantic tar-
gets {hi}Li=1. In practice, we assign a significantly
smaller value to λs compared to λh, considering
that h0 has been integrated into the GSE module.

Importantly, This design not only significantly
enhances the combinatorial semantic capacity of
the discrete codes, but also firmly anchors them
to both fine-grained and coarse-grained semantic
targets, thereby ensuring coarse-to-fine semantic
alignment within the quantized representation.

4.1.4 Full Quantization Learning
The final training objective is the summation of the
three loss components:

Ltotal = LQ + LGSE + LGSR. (6)

To ensure efficient utilization of the discrete latent
space across all quantization levels, We select the
model checkpoint based on the highest Codebook
Entropy. Let pmk denote the empirical activation fre-
quency of the k-th code within the m-th codebook.
The Codebook Entropy Y is calculated as:

Y = − 1

M

M∑

m=1

K∑

k=1

pmk log pmk . (7)

Maximizing Y encourages the model to fully ex-
ploit the inherent expressive capacity of the dic-
tionary, as the entropy attains its maximum value
when all codes are utilized with equal probability.

4.2 Fine-tuning LLMs with Quantized Codes
To seamlessly integrate the learned quantized repre-
sentations, we explicitly extend the LLM’s vocab-
ulary with tokens corresponding to the codebook
entries. To facilitate efficient adaptation, we freeze
the original model parameters and update only
specific components: (1) the embeddings of the
newly added code tokens, allowing them to align
with the LLM’s generation dynamics; and (2) the
adapter matrices introduced via Low-Rank Adapta-
tion (LoRA) (Hu et al., 2022) in the attention and
feed-forward layers. This dual approach ensures
the effective injection of rich domain knowledge
while preserving the LLM’s general capabilities.

5 Experiments

5.1 Baselines and Evaluation Metrics
We compare the GS-Quant framework against
three distinct categories of baseline methods: (1)
Embedding-based methods, including TransE (Bor-
des et al., 2013), ComplEx (Trouillon et al., 2016),
RotatE (Sun et al., 2019), TuckER (Balazevic et al.,
2019), CompGCN (Vashishth et al., 2020); (2) Text-
based methods, including KG-BERT (Yao et al.,
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2019), MEM-KGC (Choi et al., 2021), CoLE (Liu
et al., 2022); and (3) LLM-based methods includ-
ing, KICGPT (Wei et al., 2023), DIFT (Liu et al.,
2024), KG-FIT (Jiang et al., 2024), MKGL (Guo
et al., 2024), SSQR (Lin et al., 2025).

We utilize the widely adopted evaluation metrics,
namely Hits@k (k = 1, 3, 10) and MRR. Hits@k
measures the proportion of query triples which the
ground truth entities are ranked within the top-k po-
sition. MRR measures the mean reciprocal rank for
each ground truth entities. In our framework, the
finetuned LLM selects an entity as the answer from
the ranking list of candidates. To assess its perfor-
mance and make the results comparable to existing
work, we move the selected entity to the top of
the ranking list, and other candidates remain un-
changed. Therefore, the gains in Hit@1 and MRR
best highlight the practical value of our approach,
as they reflect the model’s ability to provide the cor-
rect answer immediately. Implementation details
and the measures taken to ensure a fair comparison
are described in Appendix A.

5.2 Main Results
Table 1 summarizes the performance of the
GS-Quant framework. Specifically, compared
to the strongest LLM-based baseline, GS-Quant
achieves significant improvements across both
datasets. On WN18RR, we observe a gain of ap-
proximately 1.7% in MRR and 2.4% in Hits@1,
indicating more accurate top-ranked predictions.
Similarly, on the FB15k-237 dataset, GS-Quant sur-
passes the strongest LLM-based baseline with im-
provements of 1.6% in MRR and 2.2% in Hits@1,
demonstrating its robustness across datasets.

Notably, although we utilize the exact same can-
didate sets and instruction templates as DIFT in our
experiments, GS-Quant consistently outperforms
DIFT, particularly in Hits@1 on both datasets. This
phenomenon strongly suggests that the quantized
representations employed in GS-Quant are signifi-
cantly more effective for LLM reasoning than the
continuous embeddings used in DIFT.

Furthermore, GS-Quant shows clear advantages
over SSQR, which also employs quantized repre-
sentations. This performance boost is attributed to
our codebook design, which not only ensures ex-
plicit alignment with distinct semantic granularity
levels but also encourages the discrete units to cap-
ture contextual and cross-level interactions. These
structured features make the representations inher-
ently more aligned with the LLM’s understanding

and more effective for downstream tasks.

5.3 Ablation Studies

To assess the effectiveness of each component in
our framework, we conducted a series of ablation
studies, with results presented in Table 2. All ab-
lation settings share the same training configura-
tion, data splits, and optimization hyperparame-
ters. Here, w/o L1 and w/o L2 each remove one
of the two components that constitute the GSE
module. w/o LGSR disables the GSR while still
retaining the use of quantized code tokens. Finally,
w/o Code eliminates all quantized tokens from the
vocabulary, preventing the LLM from leveraging
any discrete semantic units produced by the quan-
tization process. Several key observations can be
seen: (1) Both L1 and L2 are essential for GSE.
Removing either L1 or L2 leads to consistent per-
formance drops on both datasets, indicating that
the two objectives jointly support the formation of
coherent multi-granular semantics (2) GSR further
boosts the utility of multi-level quantization. Dis-
abling GSR weakens the model’s ability to preserve
structurally consistent representations, resulting in
degraded link prediction performance. This high-
lights the role of GSR in reinforcing the hierarchi-
cal organization learned during quantization. (3)
Quantized entity tokens provide the largest perfor-
mance gains. Removing entity tokens produces the
most substantial degradation demonstrating that
discrete semantic units are crucial for enabling
LLMs to exploit KG-grounded representations.

5.4 Efficiency Analysis

To quantify the computational overhead of each key
component, we measure the total training time on
both datasets and summarize the results in a single
figure. As shown in Figure 5, removing any indi-
vidual component yields only a modest reduction
in cost: eliminating L1 or L2 shortens training by
4%, while removing GSR results in a larger but still
moderate 18% decrease. These findings show that
the quantization-related objectives introduce only
limited computational overhead. Detailed training
time statistics are reported in Appendix C.

5.5 Hyperparameter Analysis

We analyze the sensitivity of our model to four key
hyperparameters: λ1, λ2, λs, and λh. We vary each
value within a designated range while keeping oth-
ers fixed. The results show that a lower λs and a
higher λh generally yield better performance. The
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Model
WN18RR FB15k237

MRR Hits@1 Hits@3 Hits@10 MRR Hits@1 Hits@3 Hits@10

Embedding-based Methods
TransE (Bordes et al., 2013) 0.243 0.043 0.441 0.532 0.279 0.198 0.376 0.441
ComplEx (Trouillon et al., 2016) 0.440 0.410 0.460 0.510 0.247 0.158 0.275 0.428
RotatE (Sun et al., 2019) 0.476 0.428 0.492 0.571 0.338 0.241 0.375 0.533
TuckER (Balazevic et al., 2019) 0.470 0.443 0.482 0.526 0.358 0.266 0.394 0.544
CompGCN (Vashishth et al., 2020) 0.479 0.443 0.494 0.546 0.355 0.264 0.390 0.535

Text-based Methods
KG-BERT (Yao et al., 2019) 0.216 0.041 0.302 0.524 - - - 0.420
MEM-KGC (Choi et al., 2021) 0.557 0.475 0.604 0.704 0.346 0.253 0.381 0.531
CoLE (Liu et al., 2022) 0.593 0.538 0.616 0.701 0.389 0.294 0.429 0.572

LLM-based Methods
KICGPT (Wei et al., 2023) 0.564 0.478 0.612 0.677 0.412 0.327 0.448 0.581
DIFT (Liu et al., 2024) 0.617 0.569 0.638 0.708 0.439 0.364 0.468 0.586
KG-FIT (Jiang et al., 2024) 0.553 0.488 - 0.695 0.362 0.275 - 0.572
MKGL (Guo et al., 2024) 0.552 0.500 0.577 0.656 0.415 0.325 0.454 0.591
SSQR (Lin et al., 2025) 0.603 0.553 0.627 0.692 0.428 0.349 0.459 0.583

GS-Quant 0.635 0.594 0.649 0.712 0.455 0.386 0.479 0.592

Table 1: Comparison of KGC results on WN18RR and FB15k-237 datasets. The results are categorized into
Embedding-based, Text-based, and LLM-based methods for fair comparison. The best results boldfaced and the
second-best are underlined.

Settings MRR Hits@1 Hits@3 Hits@10

FB15k-237

Ours 0.455 0.386 0.479 0.592
w/o L1 0.450 (-0.5%) 0.377 (-0.9%) 0.477 (-0.2%) 0.590 (-0.2%)

w/o L2 0.450 (-0.5%) 0.379 (-0.7%) 0.476 (-0.3%) 0.589 (-0.3%)

w/o LGSR 0.448 (-0.7%) 0.375 (-1.1%) 0.476 (-0.3%) 0.590 (-0.2%)

w/o Code 0.404 (-5.1%) 0.303 (-8.3%) 0.457 (-2.2%) 0.584 (-0.8%)

WN18RR

Ours 0.635 0.594 0.649 0.712
w/o L1 0.629 (-0.5%) 0.587 (-0.6%) 0.646 (-0.4%) 0.711 (-0.1%)

w/o L2 0.625 (-0.9%) 0.577 (-1.6%) 0.646 (-0.4%) 0.710 (-0.2%)

w/o LGSR 0.627 (-0.7%) 0.585 (-0.8%) 0.642 (-0.8%) 0.710 (-0.2%)

w/o Code 0.607 (-2.7%) 0.541 (-5.2%) 0.640 (-1.0%) 0.708 (-0.4%)

Table 2: Ablation study on FB15k-237 and WN18RR.

best results appear when λ1 = 0.8 and λ2 = 0.4,
indicating that the model benefits from a balanced
configuration of these regularization terms. Over-
all, our model shows robustness to λ1 and λ2: by
maintaining these parameters within the appropri-
ate range, it achieves competitive performance.

5.6 Codebook Analysis

Figure 4 illustrates the semantic hierarchy, com-
paring our method against a vanilla baseline imple-
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Figure 3: Parameter sensitivity analysis on WN18RR.

mented as a standard RQ-VAE(Lee et al., 2022).
Specifically, in this visualization, nodes colored
red, green, and orange correspond to discrete codes
within the coarse-, medium-, and fine-grained quan-
tization layers. The size of each node indicates its
connectivity degree, reflecting the usage frequency
of the code. The edges linking nodes across layers
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Figure 4: Visualization of the layer distribution of entity
codes.
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Figure 5: Visualization of cumulative training time.

demonstrate how distinct codes are hierarchically
composed to form specific entity representations.

As shown in the figure, the coarse-grained codes
exhibit a sparse yet globally uniform distribution,
while the fine-grained layers display a significantly
more discriminative distribution. This observation
indicates that our model successfully disentangles
semantic granularity, effectively correcting the mis-
alignment observed in the baseline where broad
concepts and specific entities are often conflated.

5.7 Codebook Entropy Analysis

Correlation between Entropy and Performance.
To validate our selection strategy, we analyze the re-
lationship between Y and downstream performance
metrics on the FB15k-237 and WN18RR dataset.
In Table 3, a higher codebook entropy Y consis-
tently correlates with better performance across
MRR and Hits@K metrics. This positive correla-
tion confirms that Y serves as a robust indicator for
identifying the most effective model checkpoint.

Entropy Evolution During Training. We fur-
ther visualize the evolution of codebook entropy
throughout the training process. Figure 6 illustrates
the changes in entropy over training steps on both

Entropy (Y) MRR Hits@1 Hits@3 Hits@10

FB15k-237

1.2285 0.447 (-0.8%) 0.376 (-1.0%) 0.473 (-0.6%) 0.585 (-0.7%)

1.7339 0.451 (-0.4%) 0.381 (-0.5%) 0.477 (-0.2%) 0.589 (-0.3%)

1.9421 0.453 (-0.2%) 0.384 (-0.3%) 0.477 (-0.2%) 0.590 (-0.2%)

2.2156 0.455 0.386 0.479 0.592

WN18RR

0.1909 0.629 (-0.6%) 0.583 (-1.2%) 0.646 (-0.3%) 0.711 (-0.0%)

0.6229 0.633 (-0.2%) 0.588 (-0.7%) 0.646 (-0.3%) 0.712 (-0.0%)

1.2897 0.633 (-0.2%) 0.590 (-0.4%) 0.648 (-0.1%) 0.712 (-0.0%)

1.3852 0.635 0.594 0.649 0.712

Table 3: Impact of codebook entropy on ranking perfor-
mance. For each dataset, scores are annotated with the
absolute gap to the best configuration.
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Figure 6: Evolution of Y over training steps.

FB15k-237 and WN18RR datasets. Ideally, the
entropy should grow or stabilize at a high value,
indicating that the model is continuously exploring
and utilizing the codebook space effectively.

6 Additional Analysis

We provide comprehensive supplementary analyses
of GS-Quant in the Appendix, covering: (i) train-
ing dynamics (Appendix B); (ii) the layout of KG
token embeddings (Appendix D); (iii) qualitative
case studies (Appendix F); (iv) sensitivity to KG
embedding initializations (Appendix G); (v) robust-
ness across varying LLM backbones (Appendix H).

7 Conclusion

In this paper, we presented GS-Quant, a framework
bridging KGs and LLMs via quantization. By inte-
grating Granular Semantic Enhancement for coarse-
to-fine consistency and Generative Structural Re-
construction for alignment with LLM generation
dynamics, GS-Quant produces semantically rich
discrete codes. Extensive experiments confirm that
our approach consistently outperforms state-of-the-
art methods on standard benchmarks, validating the
effectiveness of hierarchical semantic quantization
for knowledge–LLM integration.
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Limitations

Despite the promising results, this work has several
limitations that are worth noting.

First, our framework relies on a pre-trained large
language model as the backbone. Although ex-
periments across multiple 7B-scale models demon-
strate robustness, the overall performance and ef-
ficiency are still bounded by the capacity and in-
ference cost of the underlying LLM. Scaling the
approach to larger models or deploying it in low-
resource settings may introduce additional compu-
tational challenges.

Second, the proposed quantization and codebook
construction are learned on specific knowledge
graph benchmarks. While we observe consistent
improvements on WN18RR and FB15k-237, the
generalization of the learned code semantics to
other knowledge graphs or domains with substan-
tially different structural properties remains to be
systematically evaluated.

Finally, our evaluation primarily focuses on link
prediction tasks. While the design of GS-Quant
is motivated by enhancing generative reasoning in
LLMs, further validation on downstream generative
or reasoning-intensive tasks would be necessary to
fully assess its broader applicability.

We leave these directions for future work.
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A Implementation Details

The statistics of utilized datasets are shown in Ta-
ble 4. We conduct all our experiments on a Linux
server equipped with two Intel Xeon Gold 6248R
processors and eight A100-PCIE-40GB GPUs.1

To ensure a fair comparison among LLM-based
methods, we standardize the experimental configu-
rations for DIFT, SSQR, and our approach. Specif-
ically, we employ Llama3-8B as the unified back-
bone to eliminate architectural variance and adopt
the CoLE candidate sets and prompts released by
DIFT. Under this aligned protocol, we reproduce
the SSQR results while keeping its other hyperpa-
rameters consistent with the official implementa-
tion.

For parameter-efficient fine-tuning, we adopt
LoRA (Hu et al., 2022), with the detailed prompts
provided in Appendix I. For hierarchical clustering,
we use the LLM-enhanced agglomerative cluster-
ing following KG-FIT (Jiang et al., 2024). All
related hyperparameters are reported in Table 5.
The discrete codebooks of GS-Quant are learned
with a dedicated decoder-only module, whose train-
ing configurations are summarized in Table 6. The
computational cost of LoRA-based re-ranking is
presented in Table 10.

Dataset FB15k237 WN18RR

Entities 14,541 40,943
Relations 237 11

Train 272,115 86,835
Valid 17,535 3,034
Test 20,466 3,134

Table 4: Statistics of Datasets

B Training Process of GS-Quant

Figure 7 presents the training process of GS-Quant
on FB15K-237 and WN18RR, reporting the evo-
lution of MRR and Hits@{1,3,10} across training

1Only a subset of the GPUs are utilized in our experiments.

16793

https://aclanthology.org/2024.lrec-main.1044/
https://aclanthology.org/2024.lrec-main.1044/
https://aclanthology.org/2024.lrec-main.1044/
https://arxiv.org/abs/2407.10671
https://doi.org/10.18653/v1/2025.findings-emnlp.736
https://doi.org/10.18653/v1/2025.findings-emnlp.736
https://doi.org/10.18653/v1/2025.findings-emnlp.736
https://arxiv.org/abs/1909.03193
https://arxiv.org/abs/1909.03193
https://openreview.net/forum?id=HHzHRuIyaW
https://openreview.net/forum?id=HHzHRuIyaW
https://openreview.net/forum?id=HHzHRuIyaW
https://doi.org/10.1145/3485447.3512008
https://doi.org/10.1145/3485447.3512008
https://doi.org/10.1145/3404835.3462834
https://doi.org/10.1145/3404835.3462834
https://arxiv.org/abs/2306.05685
https://arxiv.org/abs/2306.05685
https://doi.org/10.1016/j.aiopen.2021.01.001
https://doi.org/10.1016/j.aiopen.2021.01.001
https://doi.org/10.1016/j.aiopen.2021.01.001
https://proceedings.neurips.cc/paper_files/paper/2023/file/b9e98316cb72fee82cc1160da5810abc-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2023/file/b9e98316cb72fee82cc1160da5810abc-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2021/file/f6a673f09493afcd8b129a0bcf1cd5bc-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2021/file/f6a673f09493afcd8b129a0bcf1cd5bc-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2021/file/f6a673f09493afcd8b129a0bcf1cd5bc-Paper.pdf


Hyperparameters Settings

Precision bf16
Random seed 42
Learning rate 2e-4
Per-device train batch size 16
Per-device eval batch size 8
Gradient accumulation steps 1
Optimizer AdamW
Scheduler Constant LR
Warmup ratio 0.03
Weight decay 0.0
Max grad norm 1.0
DeepSpeed config Zero-3
LoRA rank 32
LoRA α 64
Max new tokens 64
Min new tokens 1
Max training steps 3800

Dataset-Specific Hyperparameters

FB15K-237 Max training epoch: 8

WN18RR Max training epoch: 4

Table 5: Hyperparameters for LoRA and LLM

checkpoints. Overall, GS-Quant shows stable con-
vergence behavior on both datasets, with consistent
improvements across all evaluation metrics.

On WN18RR, the model converges rapidly in
the early stage, where MRR and Hits@1 increase
noticeably within the first few hundred checkpoints,
and then stabilize with only minor fluctuations.
The best performance is reached around checkpoint
1024, indicating that GS-Quant can efficiently cap-
ture the core semantic structure of this dataset.

In contrast, FB15K-237 exhibits a longer op-
timization process, with performance improving
steadily over a larger number of training steps.
The model achieves its peak MRR at checkpoint
3800, while maintaining stable performance in
later stages. This difference in training steps is
mainly due to the substantially larger training set
of FB15K-237 compared to WN18RR.

Notably, among all metrics, Hits@1 shows the
most significant relative improvement during train-
ing on both datasets. The gains in Hits@1 and
MRR best highlight the practical value of our ap-
proach, as they directly reflect the model’s ability
to rank the correct entity at the top position and pro-
vide the correct answer immediately, rather than
merely placing it within a broader candidate set.

C Detailed Training Time Statistics

This section reports detailed wall-clock training
time statistics for GS-Quant and its ablated vari-
ants. All experiments are conducted under identical

Hyperparameters Settings

Embedding dim 512
Codebook layers 4
Codebook size 1024
Encoder layers [512, 512, 512]
Reconstruction layers 2
Reconstruction heads 4
Parent recon count 5
Dropout probability 0.0
λ1 0.8
λ2 0.4
Learning rate 1e-4
Commit loss weight 0.25

Dataset-Specific Hyperparameters

FB15K-237 Max steps: 500
Batch size: 14,541
λs: 1
λh: 1

WN18RR Max steps: 1000
Batch size: 16,348
λs: 0.05
λh: 1

Table 6: Hyperparameters for training the quantized
codebooks.
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Figure 7: Visualization of the evolution of MRR and
Hits@{1,3,10} across training checkpoints.

hardware configurations and training settings, with
only the corresponding objective terms removed
for each variant.

Table 7 summarizes the total training time on
FB15k-237 and WN18RR, as well as the abso-
lute and relative time savings compared to the full
model. These statistics provide a detailed reference
for the efficiency trends discussed in the main text.

D Token Embeddings in LLMs

To analyze how GS-Quant represents KG tokens
in comparison with base language tokens, we visu-
alize all KG tokens together with LLM tokens on
the FB15k-237 dataset. All token embeddings are
projected to two dimensions using t-SNE (van der
Maaten and Hinton, 2008), as shown in Figure 8.

As illustrated in Figure 8(a), KG tokens in GS-
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FB15K-237 WN18RR
Settings Time (s) Saved (%) Time (s) Saved (%)

Full 730.48 — 1037.34 —
w/o L1 676.27 7.42% 959.00 7.55%
w/o L2 666.18 8.80% 997.03 3.89%
w/o LGSR 599.62 17.91% 808.86 22.03%

Table 7: Training cost comparison across ablated vari-
ants.

LLM Tokens
KG tokens

(a) Ours

LLM tokens
Entities

(b) DIFT

Figure 8: Embedding virtualization in LLMs (FB15k-
237 dataset): KG tokens versus base word tokens for
ours, and entity embeddings versus base tokens for
DIFT.

Quant form a compact and distinguishable region
that remains well integrated with the overall LLM
token space. In contrast, DIFT exhibits a more
isolated separation between entity embeddings and
language tokens (Figure 8(b)), suggesting weaker
embedding-space integration. Overall, these results
indicate that GS-Quant achieves token-level differ-
entiation while preserving compatibility with the
native LLM embedding geometry.

E The Layer Distribution on WN18RR

As shown in Figure 9, the coarse-grained code lay-
ers maintain a sparse and globally uniform distri-
bution, while deeper layers gradually evolve into
highly discriminative and structured patterns. The
evidence also suggests that our model enforces
a clearer separation of semantic granularity on
WN18RR, where entities with subtle relational dif-
ferences are more cleanly differentiated in fine-
grained layers.

F Case Studies

To demonstrate the robustness of our codebook-
based representation, we present a qualitative analy-
sis of four distinct cases in Table 8. These examples
highlight how the learned discrete codes capture
multi-granular semantics to correct various types

(a) WN18RR (Ours) (b) WN18RR (Vanilla)

Figure 9: Visualization of the layer distribution of entity
codes.

of baseline errors. In this comparison, the base-
line refers to the model’s configuration where the
discrete codes are removed from the input prompt,
forcing the model to rely solely on textual descrip-
tions.

Geographical Reasoning (Case 1 & 2). The first
two cases illustrate improvements in geographical
reasoning. In Case 1, the baseline suffers from a
"self-loop" error, failing to understand that Beverly
Hills is contained within Los Angeles. Our model
resolves this by capturing the hierarchical relation-
ship encoded in the suffix codes. Similarly, in Case
2, the baseline predicts a "Congressional District"
when the relation requires a "State" level entity.
Our approach successfully corrects this granular-
ity mismatch, identifying Virginia as the correct
administrative level.

Fine-grained & Type Consistency (Case 3 & 4).
The benefits extend beyond geography. Case 3
shows that our model can distinguish between fine-
grained academic degrees (Bachelor vs. Master),
whereas the baseline retrieves a generic related con-
cept. Finally, Case 4 demonstrates strict type en-
forcement: while the baseline erroneously predicts
an event (2010 Winter Olympics) for a query about
medals, our model correctly retrieves the object
Bronze medal, ensuring semantic consistency with
the relation.

G Comparison of Different KG
Embeddings

To demonstrate the robustness of our framework,
we employ four representative models as initial em-
beddings: ComplEx (Trouillon et al., 2016), Dist-
Mult (Yang et al., 2015), pRotatE (Sun et al., 2019),
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Case 1: Geographical Containment (Hierarchy)
Query: (?, /location/.../contains,Beverly Hills)
Gold: Los Angeles
✗ Base: Beverly Hills (Self-loop Error)
✓ Ours: Los Angeles
Analysis: Baseline fails to model the containment hierar-
chy (Part vs. Whole); Ours identifies the super-region.

Case 2: Administrative Granularity (Level)
Query: (?, /location/.../religion, Presbyterianism)

Gold: Virginia (State)
✗ Base: Pennsylvania’s 12th congressional district (Too
Specific)
✓ Ours: Virginia
Analysis: Baseline confuses a District with a State; Ours
fixes the granularity to the correct admin level.

Case 3: Educational Degree (Fine-grained)
Query: (?, /.../institution,Royal Holloway)
Gold: Bachelor of Arts
✗ Base: Master of Arts (Wrong Degree Level)
✓ Ours: Bachelor of Arts
Analysis: Baseline retrieves a related but incorrect degree;
Ours distinguishes fine-grained academic ranks.

Case 4: Entity Type Consistency (Semantic)
Query: (Bohemia, /olympics/.../medal, ?)
Gold: Bronze medal
✗ Base: 2010 Winter Olympics (Event vs. Object)
✓ Ours: Bronze medal
Analysis: Baseline predicts an event instead of a medal
object; Ours enforces strict type consistency.

Table 8: Qualitative examples comparing our codebook-
based approach against the baseline across four distinct
scenarios. The codebook effectively corrects errors re-
lated to hierarchical containment, administrative level
alignment, fine-grained semantic discrimination, and
entity type consistency.

and TransE (Bordes et al., 2013). The quantitative
comparison is reported in Table 9. It is worth noting
that the results for the baselines (Base) and the com-
petitor KG-FIT (Jiang et al., 2024) are collected
from their original literature and our reproduction
experiments to ensure a fair comparison.

As shown in the table, our framework achieves
consistent and substantial improvements over the
original embedding models across all metrics. Fur-
thermore, when compared to KG-FIT, our method
maintains a clear advantage, particularly in terms
of MRR and Hits@1. While KG-FIT shows com-
petitive performance in broader retrieval metrics,
our framework demonstrates superior ranking pre-
cision, effectively placing the correct entities at the
top ranks. These results highlight the strong gener-

Model Setting MRR Hits@1 Hits@3 Hits@10

ComplEx

Base 0.440 0.410 0.460 0.510
KG-FIT 0.585 0.520 - 0.705
Ours 0.630 0.588 0.646 0.710
∆ vs Base +0.190 +0.178 +0.186 +0.200
∆ vs FIT +0.045 +0.068 - +0.005

DistMult

Base 0.430 0.390 0.440 0.490
KG-FIT 0.590 0.530 - 0.710
Ours 0.636 0.595 0.651 0.713
∆ vs Base +0.206 +0.205 +0.211 +0.223
∆ vs FIT +0.046 +0.065 - +0.003

pRotatE

Base 0.460 0.416 0.479 0.552
KG-FIT 0.590 0.511 - 0.722
Ours 0.626 0.581 0.646 0.709
∆ vs Base +0.166 +0.165 +0.167 +0.157
∆ vs FIT +0.036 +0.070 - -0.013

TransE

Base 0.243 0.043 0.441 0.532
KG-FIT 0.550 0.450 - 0.695
Ours 0.621 0.570 0.647 0.713
∆ vs Base +0.378 +0.527 +0.206 +0.181
∆ vs FIT +0.071 +0.120 - +0.018

Table 9: Detailed performance comparison on
WN18RR. “∆” denotes the absolute performance gain
of our method compared to the baselines and KG-FIT.
“-” indicates the metric was not reported in the baseline
paper.

alization capacity of our framework, regardless of
the specific KG embedding model used.

H Performance with different LLMs

This appendix experiment evaluates the robust-
ness of our framework under different LLM back-
bones, including Mistral (Jiang et al., 2023),
Qwen2.5 (Yang et al., 2024), Vicuna (Zheng et al.,
2023), and DeepSeek-R1-Distill-Qwen (DeepSeek-
AI et al., 2025). All models are trained and eval-
uated using the same data splits, optimization set-
tings, and hyperparameters. As shown in Table 11,
the performance remains stable across different
LLM choices on both WN18RR and FB15k-237,
indicating that GS-Quant does not rely on a specific
LLM implementation and exhibits strong robust-
ness to backbone variations.

Dataset SFT Time Re-rank Time

FB15K-237 1h 56min 0.180s / query
WN18RR 17min 0.152s / query

Table 10: Training and inference time costs for SFT and
re-ranking.

I Prompt Templates

Table 12 presents the prompt templates employed
in our method for knowledge graph completion.
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Model
WN18RR FB15k-237

MRR Hits@1 Hits@3 Hits@10 MRR Hits@1 Hits@3 Hits@10

Qwen2.5-14B 0.6292 0.5842 0.6496 0.7117 0.4506 0.3799 0.4761 0.5888
Qwen2.5-7B 0.6249 0.5747 0.6517 0.7128 0.4385 0.3640 0.4654 0.5860
Mistral-7B 0.6205 0.5723 0.6431 0.7123 0.4515 0.3810 0.4774 0.5891
Llama-2-13B 0.6082 0.5585 0.6335 0.7068 0.4465 0.3722 0.4750 0.5885
Llama-2-7B 0.6105 0.5628 0.6295 0.7058 0.4378 0.3615 0.4672 0.5855
Vicuna-13B 0.6065 0.5547 0.6305 0.7056 0.4484 0.3750 0.4771 0.5900
Vicuna-7B 0.6121 0.5645 0.6310 0.7055 0.4391 0.3635 0.4687 0.5866
DeepSeek-R1-Distill-Qwen-7B 0.6010 0.5455 0.6286 0.7042 0.4189 0.3362 0.4512 0.5797

Table 11: Comparison of LLM-based KGC performance on WN18RR and FB15k-237. The best results are
boldfaced and the second-best are underlined.

## Query triple (telephone, verb group, < ??? >)

## Prompts

User: Here is a triplet with tail entity t unknown: (telephone, verb group, t).

Following are some details about t:
telephone, get or try to get into communication (with someone) by telephone; “I tried to call you all
night”; “Take two aspirin and call me in the morning”

Quantized representation:
<#bau><#ya><#bcq><#rm>

Following are some triplets about t:
(telephone, derivationally related form, tintinnabulation); (telephone, derivationally related form,
telephony); (telephone, synset domain topic of, telephony); (telephone, derivationally related form, tele-
phoner); (telephone, hypernym, telecommunicate); (telephone, derivationally related form, telephone
call); (tintinnabulation, derivationally related form, telephone); (telephoner, derivationally related form,
telephone); (telephony, derivationally related form, telephone); (telephone call, derivationally related
form, telephone)

What is the entity name of t? Select one from the list:

call <#bau><#ri><#ci><#ux> telephone <#bau><#ya><#bcq><#rm>
cell phone <#bau><#ri><#yz><#bbp> call in <#bau><#ya><#bcq><#cg>
telephonist <#bau><#ri><#bfy><#nx> telephony <#bau><#bn><#yz><#s>
telephone call <#bau><#bdp><#nu><#tn> telephone set <#bau><#bn><#ci><#to>
dial <#bau><#ya><#gx><#bma> telecommunicate <#bau><#ya><#tp><#cs>
telephoner <#bau><#vq><#va><#dd> netmail <#bau><#ri><#ft><#rt>
hold the line <#bau><#ya><#bw><#bcy> telex <#bau><#ya><#gx><#wp>
telefax <#bau><#ya><#gx><#cs> wire <#bau><#ya><#gx><#mc>
radiotelephonic <#bau><#ya><#bcq><#ff> trunk call <#bau><#bn><#nu><#kk>
sampling frequency <#bau><#jp><#gx><#vw> sampling <#bau><#jp><#bcq><#vw>

## Results Assistant: call

Table 12: Prompt Template for Knowledge Graph Completion.
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