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Abstract

Knowledge graph completion(KGC) aims to
infer missing facts from observed relational
triples, which demands jointly modeling tex-
tual semantics and relational structure. Existing
structure-based methods capture graph topol-
ogy but often struggle with sparse entities and
long-tail relations, while text-based methods ex-
ploit entity and relation descriptions but weakly
model relational neighborhoods. In this paper,
we propose LQ-KGC, a latent-query refine-
ment framework that enables iterative interac-
tion between semantic inference and structural
reasoning for KGC. Instead of treating all miss-
ing triples as latent variables, LQ-KGC con-
structs a restricted set of semantically plausible
latent queries and alternates between two re-
finement steps: the language model predicts
latent tail distributions from textual descrip-
tions, while the graph model incorporates high-
confidence pseudo tails as pseudo edges for
relation-aware message passing. Meanwhile,
structure-aware graph predictions are distilled
back into the language model to refine seman-
tic representations. Experiments on WN18RR
and FB15k-237 demonstrate that LQ-KGC con-
sistently improves over text-based and graph-
based baselines, with additional analyses high-
lighting the effectiveness of pseudo-edge aug-
mentation and latent-query construction.

1 Introduction

Knowledge graphs (KGs) store factual knowledge
as relational triples (h,r,t) and support many
knowledge-intensive applications, including ques-
tion answering (Yasunaga et al., 2021), infor-
mation retrieval (Liu et al., 2018), recommenda-
tion (Wang et al., 2021b), and domain-specific rea-
soning in biomedical (Zhang et al., 2025) and e-
commerce (Li et al., 2020) scenarios. However,
real-world KGs are inherently incomplete, since

*Corresponding author.

knowledge acquisition is costly and factual infor-
mation continuously evolves. This incompleteness
limits downstream applications and motivates the
task of knowledge graph completion (KGC), which
aims to infer missing facts from observed triples.

Existing KGC methods mainly fall into structure-
based and text-based approaches.Structure-based
methods, including translational models, seman-
tic matching models, and graph neural networks
(GNNs), learn entity and relation representations
from observed triples and relational neighborhoods.
These approaches effectively capture graph topol-
ogy and relation patterns, but their performance
heavily depends on observed edges and often de-
grades for sparse entities and long-tail relations.
In contrast, text-based methods leverage entity de-
scriptions and pretrained language models (PLMs)
to provide semantic evidence beyond graph topol-
ogy. Recent PLM-based methods such as SimKGC
(Wang et al., 2022a) achieve strong performance
by encoding queries and candidate entities into a
shared semantic space. Nevertheless, these meth-
ods primarily rely on local textual matching and
weakly exploit global relational structure.

Textual semantics and graph structure provide
complementary signals for KGC, yet effectively
coupling the two remains challenging. Existing hy-
brid approaches typically rely on static alignment
or one-way structural injection, resulting in limited
bidirectional interaction between semantic infer-
ence and structural reasoning. In particular, seman-
tic evidence inferred by language models is rarely
incorporated into graph reasoning as structural con-
text, while graph structure is often underutilized
for refining semantic predictions.

In this paper, we propose LQ-KGC, a latent-
query refinement framework for text-enhanced
KGC. Rather than modeling all missing triples as
latent variables, LQ-KGC constructs a restricted
set of semantically plausible latent queries and al-
ternates between semantic and structural refine-
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ment. In semantic refinement, the language model
predicts latent tail distributions from textual de-
scriptions and receives structure-aware supervision
from the graph model. In structural refinement,
high-confidence semantic predictions are injected
as pseudo edges, enabling relation-aware message
passing over both observed and inferred connec-
tions. Through iterative refinement, semantic in-
ference and structural reasoning mutually enhance
each other. To mitigate noisy pseudo-label propa-
gation, we further introduce a query construction
strategy that selects semantically compatible and
distributionally balanced latent queries, improving
the quality and diversity of pseudo completions, es-
pecially for sparse entities and long-tail relations.

We evaluate LQ-KGC on WN18RR and FB15k-
237 under the standard filtered ranking protocol.
Experimental results show that LQ-KGC consis-
tently outperforms strong text-based and graph-
based baselines, achieving relative MRR improve-
ments of 2.2% over SimKGC on WN18RR and
9.1% over CompGCN on FB15k-237. Additional
analyses further demonstrate the effectiveness of
pseudo-edge augmentation and latent-query con-
struction for long-tail completion.

Our contributions are summarized as follows:

* We propose LQ-KGC, a latent-query re-
finement framework for text-enhanced KGC,
which enables iterative interaction between
semantic inference and structural reasoning.

* We design a bidirectional refinement mecha-
nism and a latent query construction strategy,
where graph predictions supervise semantic
refinement, LM-derived pseudo tails augment
graph message passing, and semantically plau-
sible balanced queries reduce noisy pseudo-
label exchange.

* We conduct experiments and ablation studies
on WN18RR and FB15k-237 to evaluate the
effectiveness of LQ-KGC, and analyze the
role of latent query construction, pseudo-edge
augmentation, and text-graph refinement.

2 Related Work
2.1 Structure-based KGC Methods

Structure-based KGC methods infer missing facts
from observed triples by learning entity and rela-
tion representations from graph structure. Early
embedding models such as TransE (Bordes et al.,

2013), TransH (Wang et al., 2014), TransD (Jiet al.,
2015) and RotatE (Sun et al.) model relations as
geometric transformations over embeddings. Se-
mantic matching and neural decoders, including
DistMult (Yang et al., 2014), ComplEx (Trouil-
lon et al., 2017), and ConvE (Dettmers et al.,
2018) further improve expressiveness by captur-
ing more relation patterns. More recently, GNN-
based methods such as R-GCN (Schlichtkrull et al.,
2018), CompGCN (Vashishth et al., 2019), and
HittER (Chen et al., 2021) exploit relational neigh-
borhoods through message passing or hierarchical
contextualization. These methods are effective at
capturing graph topology, but their performance de-
pends heavily on observed connectivity and there-
fore remains sensitive to sparse entities and long-
tail relations.

2.2 Text-based KGC Methods

Text-based KGC methods use entity names, rela-
tion labels, and descriptions as semantic evidence.
Sequence-level methods, such as KG-BERT (Yao
et al., 2019) and multi-task PLM models (Kim
et al., 2020), encode textualized triples and pre-
dict plausibility, but are costly for all-entity rank-
ing. Generative methods such as KGT5 (Saxena
et al., 2022) and KG-S2S (Chen et al., 2022) refor-
mulate KGC as text-to-text prediction, but require
constrained decoding and entity canonicalization.
More scalable retrieval- style methods, including
SimKGC (Wang et al., 2022a) and LMKE (Wang
et al., 2022b), encode queries and candidate enti-
ties separately and optimize contrastive objectives
over positive and negative entities. GHN (Qiao
et al., 2023) further improves contrastive text-based
KGC by using a sequence-to-sequence generator to
produce semantically close hard negatives. These
methods provide useful semantic generalization,
especially for sparse or unseen entities, yet they
primarily rely on local textual compatibility.

2.3 Text—structure Fusion Methods

Text—structure fusion methods seek to combine se-
mantic evidence from language models with rela-
tional evidence from KG topology. Joint objective
methods, such as KEPLER (Wang et al., 2021c)
and StAR (Wang et al., 2021a), align textual repre-
sentations with KG embedding or structure-aware
scoring objectives. They improve over purely tex-
tual modeling, but the interaction between text and
structure is usually fixed after training or handled
by score-level fusion. Prompt- and adapter-based
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methods, including CSProm-KG (Chen et al., 2023)
and KoPA (Zhang et al., 2024), inject structural sig-
nals into PLMs or LLMs through lightweight inter-
faces. LLM-based pipelines (Chen et al., 2024)
further use language models for alignment be-
tween text and graph representations. SAT (Liu
et al., 2025) aligns graph embeddings with natu-
ral language space and performs structure-aware
instruction tuning for LLM-based KGC. Memory-
KGC (Li et al., 2026) also follows this fusion
paradigm by combining PLM-based entity encod-
ings with subgraph-driven structural memory.

EM-style and alternating methods provide closer
points of comparison. ExpressGNN (Zhang et al.,
2020) combines logical rules with GNN-based rea-
soning, and RNNLogic (Qu et al., 2021) alter-
nates between rule generation and KG reasoning;
both focus on rule-based structural inference. Dy-
naSemble (Nandi et al., 2024) dynamically ensem-
bles textual and structure-based KGC models at
inference time. GLEM (Zhao et al.) exchanges
pseudo labels between language and graph models,
but targets node-level prediction on text-attributed
graphs rather than relation-aware entity ranking in
KGC. LQ-KGC differs by performing training-time
pseudo-label exchange between a text retriever and
a relation-aware GNN: semantic predictions are
converted into typed pseudo edges, while graph
predictions provide structural supervision for se-
mantic refinement.

3 Method

Figure 1 illustrates the overall framework of LQ-
KGC. Inspired by EM-style iterative optimization,
LQ-KGC alternates between semantic refinement
and structural refinement over a restricted set of
latent queries. We use the terms E-step and M-step
as an optimization analogy over sampled latent
queries, rather than as exact EM over the full set of
unobserved triples. The language model predicts
semantic distributions over candidate tails from
textual descriptions, while the graph model per-
forms structure-aware reasoning over observed and
pseudo-augmented graphs. The two branches ex-
change supervision asymmetrically: pseudo edges
from the LM primarily strengthen graph learning,
whereas graph-to-text distillation acts as a structure-
aware regularizer. In the following, we describe the
problem formulation, the approximate refinement
objective, and the two refinement steps in detail.

3.1 Problem Formulation

A knowledge graph is denoted as G = (€, R, T),
where £ is the set of entities, R is the set of re-
lations, and 7 = {(h,r,t) | h,t € E,r € R}
is the set of observed factual triples. Each triple
(h,r,t) indicates that relation 7 holds between head
entity h and tail entity ¢. In the text-enhanced set-
ting, each entity e € £ is associated with textual
information s, such as its name and description,
and each relation » € R may also have a textual
description s,.

The goal of knowledge graph completion (KGC)
is to infer missing facts from the partially observed
graph. In this work, we focus on tail prediction.
Given an incomplete query (h,r,7), the model
estimates the plausibility of every candidate en-
tity ¢ € £ and ranks the correct tail entity highly.
Equivalently, KGC can be formulated as learning
a conditional distribution p(¢ | h,r,G) or a scor-
ing function f(h,r,t) such that true triples receive
higher scores than implausible triples.

3.2 EMe-inspired Latent Query Refinement

LQ-KGC alternates between two tractable surro-
gate updates over sampled latent queries. For each
query g, the text model defines a semantic distribu-
tion gy (24 | ¢, D), while the graph model provides
a structure-induced distribution pg(z4 | ¢, Gobs)-
These two models exchange supervision in both
directions: the graph model provides soft struc-
tural guidance for semantic refinement, and the text
model contributes high-confidence pseudo tails for
structural refinement. This alternating procedure
allows semantic evidence and graph structure to
improve each other gradually. In the following, we
describe the approximate E-step and approximate
M-step in detail.

3.3 E-step: Semantic Refinement

In the E-step, the structure-based model is fixed,
and the text-based variational distribution g is up-
dated to infer the latent tail variable z, for each
sampled query ¢ = (h,r) € Q. We instantiate gy
with a bi-encoder like (Wang et al., 2022a), where
the query (h,r) and candidate entity ¢ are encoded
by two language encoders with the same architec-
ture. The model computes a semantic matching
score

sg(h,r,t) = simg(h,r,t; D),
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Figure 1: Overall architecture of the proposed pseudo-likelihood variational framework for knowledge graph
completion. The LM-based variational model and the GNN-based pseudo-likelihood model exchange semantic and
structural evidence through EM-style alternating optimization.

and defines a normalized distribution over the can-
didate set Cy:

B B exp(sg(h,r,t)/T)
tg(2q =1t]q,D) = Zt’qu exp(sg(h,r,¢') /)’

The semantic refinement objective contains two
parts. First, for observed triples, we follow the su-
pervised contrastive objective of SImKGC (Wang
et al., 2022a). Given a mini-batch of triples B =
{(hi,ri, t;) f;l, each query (h;,r;) is matched
against its gold tail ¢; and the candidate tails ap-
pearing in the batch. Let V; denote the candidate
set consisting of the gold tail and negative entities
for the i-th query. The supervised text loss is

1 exp(sg(hi, i, ti)/T)
Yo R —— 1 ’
sup B Z_Zl 08 ZtENi eXp(qu(hi»Tiat)/T)

This objective trains the LM branch to align query
texts with correct tail descriptions before incorpo-
rating structure-induced supervision from latent
queries.

Second, we distill soft structural supervision
from the fixed graph model by matching the text
distribution to the structure-induced distribution
over the same candidate set. The teacher distribu-
tion is obtained by temperature-normalizing GNN
logits on C,4, and the student distribution is com-
puted from the LM scores on the same candidates:

1 _
£?list = @ Z KL(pg( ’ qugobs)

€Q
las(- | 4:: D))
The approximate E-step objective is
Ll = MupLlip + Mt Ldist-

This update encourages the text model to as-
sign higher probability to structure-consistent la-
tent tails, while preserving the semantic signal from
observed triples.

3.4 M-step: Structural Refinement

In the M-step, the text-based model is fixed, and the
graph-based model is updated using semantic infor-
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mation from the text branch. We first extract LM-
derived entity embeddings and project them into
the graph representation space with a lightweight
adapter:

x. = MLPy (viM),  ee€g,

where X, is used as the initial node feature of the
graph encoder. This allows the graph model to start
from semantic entity representations while learning
relation-aware structural features.

We instantiate pg with CompGCN, which per-
forms relation-aware message passing by compos-
ing entity and relation representations. We omit
the standard CompGCN update equations here and
refer readers to the original CompGCN formula-
tion (Vashishth et al., 2019). After K layers of
message passing, the graph encoder outputs final
entity and relation representations

{ht(zK) }665 )

Given these representations, the structure-based
model scores each candidate tail with a ConvE-
style scoring function:

HE) — R = (h(F)}, cx.

sg(h,r,t) = ConvEy (hf()? h(f), th)) .

For a query (h, ), it produces one-vs-all logits over
all candidate entities:

Sg(h, T) = [39(h7 Ty e)]eeg :

The M-step incorporates semantic completions
inferred by the fixed g4. For each sampled query
q = (h,r) € Q, the text-based model predicts the
top-1 pseudo tail Eg’r. We remove completions
that are already observed for the same query, filter
out pseudo-edges with confidence below 0.05, and
retain the top 90% highest confidence pseudo edges
in each refinement round. The resulting pseudo
triples are added as typed pseudo edges:

g = Gons U {(hor, 20 ) | (h,r) € Q).

CompGCN message passing is performed on G ayg,
so that LM-inferred pseudo edges directly partici-
pate in neighborhood aggregation. Each alternating
round consists of one semantic refinement update,
one graph-to-text distillation step over sampled la-
tent queries, and one structural training epoch over
the pseudo-augmented graph.

The graph model is trained with one-vs-all bi-
nary cross-entropy. For an observed query (h, ),

let yy - € {0, 1€l denote the multi-hot label vec-
tor, where yy, ,[t] = 1if (h,r,t) € Gops. The
supervised graph loss is

S S BCE(yalel, a(so(hr,e)).

(h,r)ETh, €€EE

LP

sup —

For pseudo-augmented queries, let y,, €
{0, 1€ denote the label vector that includes LM-
derived pseudo tails. The pseudo-likelihood loss
is
Ly = Y > BCE(n,lel,o(so(h, 1 €))).

(h,r)EQ e€E
The M-step objective is

P P pp
Ly = MupLéup + Xpr.LpL-

Through this update, the structure-based model ab-

sorbs semantic completion signals from g, while

refining entity representations through relation-

aware message passing over the augmented graph.

3.5 Predictor

After alternating optimization, both the LM-based
variational model and the GNN-based pseudo-
likelihood model can be used for KGC prediction.
For a query (h,r,?), the LM predictor computes
semantic scores

LM T
sy (h,r,t) =y, v, tef,
while the GNN predictor computes structure-aware
scores

s§ N (h,r,t) = ConvEg(hy, 1, hy).

The final predictor combines both sources of
evidence:

s = (1= NN (spM) + AN (sg™).

where A € [0,1] controls the contribution of
structural reasoning and N(-) denotes score nor-
malization. Candidate entities are ranked accord-
ing to s(h,r,t), and the highest-ranking entities
are returned as predicted completions.

3.6 Query-set Construction

The query set Q defines the support over which
latent tail inference is performed. Since the space
of unobserved head-relation pairs is both large and
heavily skewed, a naive treatment of all missing
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Latent Queries

Q={(hr?)}

latent tail z,

Figure 2: Type-aware balanced query-set construction.
LM-derived entity representations induce semantic clus-
ters, from which relation-type priors are estimated. Plau-
sible but unobserved head-relation pairs are then se-
lected with frequency- and degree-aware balancing to
form the latent query set O.

pairs as latent variables would introduce substan-
tial noise and dilute the supervision available to
the refinement process. We therefore construct Q
as a restricted set of plausible and distributionally
balanced queries, as illustrated in Fig. 2.

The first criterion concerns semantic plausibility.
We induce a coarse partition of the entity space
from LM-derived entity representations, which
are L2-normalized and clustered into semantic re-
gions. For each relation, we estimate an empir-
ical prior over these regions from the observed
training triples. A candidate head-relation pair is
considered admissible when the semantic region
of the head entity is compatible with the relation-
specific prior, optionally under relation similar-
ity constraints. This criterion restricts Q to head-
relation pairs that are consistent with patterns al-
ready supported by the observed graph.

The second criterion addresses distributional
balance. Relations and entities in knowledge
graphs are typically long-tailed, and query selec-
tion that follows the raw frequency distribution
would overemphasize head relations and hub enti-
ties. To counteract this effect, candidate queries are
reweighted by relation frequency and head-entity
degree, and are organized into buckets indexed by
relation and entity cluster. Sampling is then carried
out under per-entity and per-relation caps, which
limits the concentration of Q on a small number
of dominant patterns. In our implementation, the
latent-query budget is set to 10% of the augmented
training triples for WN18RR and 4.45% for FB15k-
237. The detailed cluster numbers, bucket size,
per-entity cap, and relation cap are reported in Ap-
pendix B.

Taken together, Q serves as a structured approxi-
mation to the missing-edge space, reducing pseudo-
label noise and stabilizing the alternating optimiza-
tion procedure.

4 Experiments

In this section, we evaluate the proposed framework
on standard knowledge graph completion bench-
marks. Our experiments aim to answer the follow-
ing research questions:

RQ1: Does the proposed framework improve
KGC performance over text-based, graph-based,
and hybrid baselines?

RQ2: Can the proposed framework improve
completion performance on long-tail relations and
low-degree entities?

RQ3: How much does each component of the
framework contribute to the final performance?

4.1 Experimental Setup

We evaluate our method on two widely used KGC
benchmarks: WN18RR and FB15k-237. WN18RR
is derived from WordNet and contains lexical re-
lations between synsets. FB15k-237 is derived
from Freebase and contains general-world rela-
tional facts. Both datasets remove inverse-relation
leakage from their predecessors WN18 and FB15k,
making them standard benchmarks for knowledge
graph completion. Detailed statistics of the datasets
are provided in Appendix A. We evaluate all meth-
ods under the standard filtered ranking protocol
for knowledge graph completion. We report Mean
Reciprocal Rank (MRR) and Hits@ K with K €
{1,3,10}. Hits@k measures the proportion of
test triples whose ground-truth entities are ranked
within the top-k predictions, while MRR computes
the mean reciprocal rank of the correct entities.
Higher metric values indicate better model perfor-
mance.

We first pretrain the LM and GNN branches in-
dependently, and then perform alternating latent-
query refinement. The detailed training hyperpa-
rameters are provided in Appendix B. Runtime and
memory cost are summarized in Appendix D.

4.2 Main Results

Table 1 reports the filtered ranking results on
WN18RR and FB15k-237. We compare LQ-KGC
with representative structure-based, text-based, and
fusion KGC methods. Overall, LQ-KGC outper-
forms the baselines in nearly all metrics, demon-
strating the effectiveness of jointly using textual
semantics and graph structure.

On WNI18RR, where text-based models are al-
ready strong, LQ-KGC further improves the LM
branch over SimKGC, especially on Hits@1, sug-
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Table 1: Main results on WN18RR and FB15k-237 under the filtered setting. Results for SimKGC and CompGCN
are reproduced using the official open-source implementations released by the original authors. Baselines marked
with § are taken from SimKGC (Wang et al., 2022a), while all remaining results are reported from the corresponding

original papers.

Method

WNI18RR

FB15k-237

MRR H@]1 H@3 H@10 MRR H@1 H@3 H@10

Structure-based methods

TransE (Bordes et al., 2013)} 24.3
DistMult (Yang et al., 2014)t 44.4
ComplEx (Trouillon et al., 2017)} 44.9
RotatE (Sun et al.){ 47.6
ConvE (Dettmers et al., 2018) 43.0
CompGCN (Vashishth et al., 2019) 47.0

43 441 532 279 198 376 44.1
412 470 504 281 199 30.1 44.6
409 469 53.0 278 194 297 45.0
428 492 571 338 241 375 533
40.0 44.0 520 325 237 356 50.1
437 482 534 351 26.1 385 533

Text-based methods

KG-BERT (Yao et al., 2019)7 21.6
SimKGC (Wang et al., 2022a) 67.1
GHN (Qiao et al., 2023) 67.8

302 524

585 731 817 336 249 362 51.1
59.6 719 821 339 251 364 515

Fusion methods

StAR (Wang et al., 2021a)t 40.1
CSProm-KG (Chen et al., 2023) 57.5
Memory-KGC (Li et al., 2026) 68.0

243 49.1 709 296 205 322 482
522 59.6 678 358 269 393 538
59.8 72.6 812 340 254 37.1 514

LQ-KGCrm 68.5
LQ-KGCgann 54.1
LQ-KGC 68.6

62.1 71.8 80.4 339 247 372 524
479 569 655 36.8
624 718 80.5

27.6 40.2 55.2
38.3 29.1 42.0

gesting that structure-induced supervision helps
sharpen top-ranked predictions. The GNN branch
also improves over CompGCN, indicating that LM-
derived representations and pseudo completions
benefit relation-aware message passing. On FB15k-
237, the graph-text interaction is more evident: the
LM branch remains close to SImKGC, while the
GNN branch gains substantially from semantic ini-
tialization and pseudo-edge augmentation. The
fused predictor achieves the best overall perfor-
mance, showing that the two branches capture com-
plementary evidence.

Branch-wise training curves in Appendix G fur-
ther show that alternating refinement improves
ranking metrics across training steps.

4.3 Analysis on Long-tail Completion

We further analyze long-tail completion on
WN18RR by grouping test queries according to the
degree of the head entity. Figure 3 reports the MRR
of different model variants across head-entity de-
gree buckets. The most notable observation is that
LQ-KGCgnn consistently improves over vanilla
CompGCN in all buckets. The improvement is es-
pecially clear for low-degree and medium-degree
entities, where the observed graph provides limited
neighborhood evidence. This indicates that LM-
derived entity representations and pseudo edges
effectively compensate for the sparsity of structural

MRR by head entity degree

401 —o— SImKGC
—#- CompGCN

- LQKGCy
LQ-KGCenn

—#— LQ-KGC

N oD @ fer) 30 A0
Head entity degree bucket

Figure 3: MRR under different head-entity degree
buckets on WN18RR. LQ-KGC improves over both
SimKGC and CompGCN, especially for low-degree
and medium-degree entities.

signals and make relation-aware message passing
more informative.

In contrast, the improvement of LQ-KGCr
over SimKGC is relatively small. This is expected
because language models already have access to
entity and relation descriptions, which provide se-
mantic evidence beyond graph connectivity. For
low-frequency or low-degree entities, textual de-
scriptions can partially compensate for the lack of
observed neighbors and insufficient training triples.
As a result, the LM branch is already strong in
sparse regions, leaving less room for additional
improvement from structural distillation.
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Table 2: Ablation study on WN18RR and FB15k-237.

. WNI18RR FB15k-237
Variant Branch
MRR H@1 H@3 H@10 MRR H@1 H@3 H@10
LQ-KGCrn 685 62.1 71.8 804 339 247 372 524
Full model LQ-KGCgnn 54.1 479 569 655 36.8 27.6 402 552
LQ-KGC 68.6 624 71.8 80.5 383 29.1 42.0 56.7
LQ-KGCrn 682 61.7 71.8 80.3 33.8 245 370 524
w/o LM initialization LQ-KGCgnn 47.1 44.0 480 53.6 350 259 384 532
LQ-KGC 68.5 623 71.8 804 38.0 28.6 41.6 56.9
LQ-KGCpn 684 620 71.8 80.5 33.8 246 372 523
w/o LM pseudo edges LQ-KGCann 52.5 463 55.1 644 363 272 398 549
LQ-KGC 685 620 71.8 80.6 382 28.9 41.7 56.6
Fusion-only - 679 613 715 799 379 286 415 556

4.4 Ablation Study

We perform component-level ablations to evaluate
the effectiveness of graph-side semantic integra-
tion, pseudo-edge augmentation, and score fusion.
We further conduct query-construction ablations
to examine the role of the latent-query sampling
strategy in latent graph refinement.

4.4.1 Component Ablations

We first evaluate the contribution of each major
component. The following variants are considered:

* w/o LM initialization: the GNN does not use
LM-derived entity embeddings as initial node
features.

* w/o pseudo edges: LM-inferred pseudo
triples are not added to the graph during the
M-step.

* Fusion-only: independently pretrained LM
and GNN scores are combined without latent-
query refinement.

Table 2 shows that both LM initialization
and pseudo-edge augmentation mainly affect the
GNN branch. Removing LM-derived initialization
causes a clear drop in GNN performance, espe-
cially on WN18RR, where MRR decreases from
54.1 to 47.1. This indicates that textual entity rep-
resentations provide important initial node features
for relation-aware message passing. Removing
pseudo edges also weakens the GNN branch on
both datasets, suggesting that LM-inferred comple-
tions provide useful additional structural evidence
during the M-step.

The LM branch is relatively stable across these
variants, which is expected because it mainly relies
on textual descriptions and supervised contrastive

learning. The fused predictor is also more robust
than the standalone GNN branch, but the overall
trend still shows that weakening the graph-side
semantic input reduces the structural contribution
of the framework. Fusion-only is competitive, but
the full LQ-KGC further improves MRR by 0.7 on
WNI18RR and 0.4 on FB15k-237, indicating that
the gain does not come from score fusion alone.
We further analyze the contribution of each
pseudo-label exchange direction in Appendix H.

4.4.2 Query Construction Ablations

We evaluate the effect of query-set construction
by replacing the proposed query sampling strategy
with simpler alternatives. For each variant, we
report the LM branch, the GNN branch, and the
fused predictor.

Random queries samples unobserved head-
relation pairs without semantic compatibility fil-
tering or balancing. Full query construction com-
bines semantic compatibility and balanced sam-
pling.

Table 3 shows that query construction mainly
affects the GNN branch. On WN18RR, full query
construction improves GNN MRR to 54.1, com-
pared with 53.3 for random queries. A similar trend
is observed on FB15k-237, where the GNN branch
improves from 36.2 to 36.8 MRR. These results
indicate that balanced query construction provides
more useful pseudo edges for graph message pass-
ing.

The LM branch and fused predictor are less sen-
sitive to the query construction strategy. This is
expected because the LM branch already relies
strongly on textual descriptions, and score fusion
can partially compensate for noisy query selec-
tion. Nevertheless, full query construction gives
the strongest GNN branch on both datasets and
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Table 3: Ablation on query-set construction.

. WNI18RR FB15k-237

Variant Branch

MRR H@1 H@3 H@10 MRR H@1 H@3 H@10

LQ-KGCpm 685 62.1 71.8 804 339 247 372 524

Full query construction LQ-KGCgnn 54.1 479 569 655 36.8 27.6 40.2 552

LQ-KGC 68.6 624 71.8 80.5 383 29.1 42.0 56.7

LQ-KGCyy 684 62.1 71.8 804 33.8 246 37.0 523

Random queries LQ-KGCgnn 533 470 56.1 650 362 269 398 544

LQ-KGC 68.6 622 71.8 80.5 383 29.2 415 564

achieves competitive fused performance. This sug-
gests that semantic compatibility improves pseudo-
label plausibility, while balanced sampling helps
expose the graph model to more informative la-
tent queries rather than concentrating on frequent
relations or high-degree entities.

5 Conclusion

In this paper, we proposed LQ-KGC, a latent-
query refinement framework that integrates tex-
tual semantics and graph structure through al-
ternating pseudo-label refinement. The method
constructs plausible latent queries, transfers text-
derived pseudo completions to graph reasoning,
and uses structure-induced signals to regularize se-
mantic matching. Experiments on WN18RR and
FB15k-237 show that LQ-KGC improves MRR
and Hits@1 over reproduced text-only and graph-
only backbones, with stronger evidence on FB15k-
237 and on the GNN branch. The gains are not
uniform: on WN18RR, strong text-based baselines
remain better on Hits@3 and Hits@10. Our ab-
lations and diagnostics indicate that LQ-KGC is
bidirectional in design but asymmetric in effect,
with text-to-graph pseudo-edge augmentation pro-
viding the main structural benefit.

Limitations

Despite the promising empirical results, our frame-
work still has several limitations. The alternat-
ing refinement stage increases the overall training
cost, as the text and graph modules must be fur-
ther optimized after their initial pretraining. More-
over, the construction of latent queries depends on
language-model-derived entity embeddings, and
thus may degrade when entity descriptions are
missing, noisy, or weakly aligned with graph rela-
tions. The method may also be less effective on
extremely sparse graphs, where CompGCN has too
little observed structure to provide reliable struc-
tural constraints, or when the query sampler selects

type-incompatible pseudo queries that reinforce
prediction errors.

Our empirical scope is confined to two standard
transductive KGC benchmarks with textual descrip-
tions. Extending the evaluation to additional text-
enhanced datasets and inductive settings requires
careful preprocessing, entity-description validation,
and leakage control. We also do not yet provide
a systematic analysis across relation patterns such
as symmetric, compositional, one-to-many, and
many-to-one relations. We leave more efficient re-
finement, more robust latent query construction,
full loss-weight sensitivity analysis, and extension
to inductive KGC for future work.
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A Dataset Statistics

We present the detailed statistics of the bench-
mark datasets used in our experiments, in-
cluding the numbers of entities, relations, and
train/validation/test triples in Table 4.

Table 4: Statistics of benchmark knowledge graph
datasets.

Dataset Entities Relations  Train Valid Test  Total

WNI8RR 40,943
FB15k-237 14,541

11 86,835 3,034 3,134 93,003
237 272,115 17,535 20,466 310,116

B Training Hyperparameters

For reproducibility, we summarize the main train-
ing hyperparameters used in our experiments. We
implement our framework in PyTorch and use Hug-
gingFace Transformers for the text encoder. The
text branch follows the official SiImKGC implemen-
tation, and the graph branch is built on the official
CompGCN implementation with the same back-
bone configuration used in our reproduced baseline.
The LM and GNN branches are pretrained indepen-
dently before alternating latent-query refinement.
During the alternating stage, semantic refinement
updates the LM branch with supervised contrastive
learning and distribution alignment, while struc-
tural refinement updates the GNN branch on the
graph augmented with LM-derived pseudo edges.
The remaining hyperparameters introduced by LQ-
KGC, including latent-query construction, alternat-
ing refinement, and score fusion, are summarized
in Table 5.

C Query-level Diagnostics

Table 6 reports the query-level diagnostic under
the latent-query budgets used during refinement. It
measures whether retained head-relation queries
appear in the validation or test splits; it is not a
direct KGC evaluation metric.

D Computational Cost

Table 7 reports the training cost measured on a sin-
gle A100 GPU. The refinement stage adds training
overhead after independent LM and GNN pretrain-
ing, but it is not used as an iterative procedure at
inference time. At inference, LQ-KGC directly
computes LM and GNN scores and combines them
with the validation-selected fusion weight.

Table 5: Method-specific hyperparameters of LQ-KGC.

Hyperparameter WNI8RR  FB15k-237
Entity Cluster mode agglomerative ~ kmeans
Number of clusters 30 200
Latent-query budget 10% 4.45%
Compatibility exponent o 0.5 0.5
Max queries per entity 2 2
Max relation fraction 0.05 0.05
Max bucket size 200 200
Pseudo-edge confidence 0.05 0.05
threshold
Retained pseudo-edge ratio 90% 90%
LM pretraining epochs 50 10
GNN pretraining epochs 500 500
Alternating rounds 25 5
Semantic updates per round 1 1
Distillation steps per round 1 1
Structural epochs per round 1 1
Aup 1.0 1.0
Aot 0.2 0.2
Pup 0.6 0.9
Al 04 0.1
Fusion weight Astruct 0.1 0.5

Table 6: Query-level diagnostics under the actual latent-
query budgets. Bgt.: budget; Kept: retained queries;
V/T: validation/test hit ratio; Cov.: relation coverage.

Data. Type Bgt. Kept Val. Test V/T  Cov.

WNI18RR Rand. 10.00% 15,630 0.37% 0.35% 0.72%  22/22
WNI8RR Ours 10.00% 15,630 2.82% 2.58% 5.39%  22/22
FB-237 Rand. 4.45% 21,805 0.06% 0.15% 0.22% 474/474
FB-237 Ours 4.45% 21,805 4.27% 5.04% 9.08% 462/474

Table 7: Training cost of LQ-KGC on a single A100
GPU.

Dataset LMpre. GNNpre. Refinement Memory
WN18RR 2.1h 1.6h 1.7h  78.7GB
FB15k-237 1.6h 3.1h I.1h 747GB
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E Sensitivity to Distillation Weight

As an initial robustness check, we vary the graph-to-
text distillation weight A% . on FB15k-237 while

dist

keeping the other loss coefficients fixed. Table 8
shows that Fusion MRR remains within 38.18—
38.32 across a wide range, indicating that the final
predictor is not sensitive to this coefficient. A full
joint sensitivity analysis over all loss weights re-

mains future work.

Table 8: Sensitivity to the graph-to-text distillation

weight A4, . on FB15k-237.

q
/\dist

LM GNN Fus. H@l H@3 H@10

0.1 33.82 36.42 38.31 29.19 41.88
0.2 33.90 36.80 38.30 29.10 42.00
0.3 33.84 36.47 38.27 29.12 41.81
0.4 33.82 36.44 38.23 29.07 41.81
0.5 33.83 36.67 38.31 29.16 41.88
0.6 33.84 36.43 38.25 29.08 41.80
0.7 33.84 36.51 38.32 29.23 41.78
0.8 33.86 36.53 38.18 28.96 41.81
0.9 33.87 36.52 38.28 29.13 41.81
1.0 33.86 36.62 38.27 29.11 41.89

56.53
56.70
56.62
56.56
56.56
56.59
56.54
56.57
56.60
56.53

F Multi-seed Results

To assess robustness, we report the mean and stan-
dard deviation of LQ-KGC variants over three
random seeds. The small deviations across runs
indicate that the framework is stable under different
initializations.

G Training Dynamics

Figure 4 and Figure 5 show the training dynam-
ics of LQ-KGCy\ and LQ-KGCgny across al-
ternating refinement steps. The LM branch im-
proves rapidly in the early stage and then gradually
converges, while the GNN branch improves more
steadily. This suggests that structure-induced su-
pervision mainly sharpens semantic ranking early,
whereas text-derived pseudo completions are ab-
sorbed more gradually by graph message passing.

These trends show that alternating refinement is
not merely a one-step post-processing effect. In-
stead, repeated text—graph interaction contributes
to progressive metric improvement, with the text
branch providing strong semantic matching and the
graph branch gradually incorporating additional
structural evidence.

H Directional Pseudo-label Exchange
Ablations

We further study the effect of pseudo-label ex-
change directions between the text-based vari-
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Figure 4: Training dynamics of LQ-KGCyy across
alternating refinement steps.
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Figure 5: Training dynamics of LQ-KGCgnn across
alternating refinement steps.

ational model and the structure-based pseudo-
likelihood model. For each variant, we report the
LM branch, the GNN branch, and the fused predic-
tor.

Table 10 shows that the Text-to-Graph direction
is particularly important for improving the GNN
branch. On both datasets, Text-to-Graph only per-
forms closer to the full model than Graph-to-Text
only in terms of GNN MRR. This suggests that
injecting LM-inferred pseudo completions into the
graph is the main source of structural improvement.
At the same time, Graph-to-Text distillation still
provides useful supervision for the LM branch, al-
though its effect is more modest because the LM
branch already has strong textual evidence from en-
tity and relation descriptions. The full model gives
the best overall fused MRR, indicating that the two
directions contribute asymmetrically but remain
complementary: Text-to-Graph mainly strengthens
relation-aware message passing, while Graph-to-
Text acts as a structure-aware regularizer for se-
mantic ranking.
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Table 9: Multi-seed results of LQ-KGC variants on WN18RR and FB15k-237. Mean =+ standard deviation are
reported over three runs.

Variant ~ Branch WNISRR FB15k-237

MRR H@l H@3 H@10 MRR H@l H@3 H@10

LM 684+02 620+£02 71.7+0.1 803 £0.3 33.9+£0.0 24.7+0.0 37.2£0.0 524+ 0.1
LQ-KGC GNN 54.1 £02 479+£0.2 569 0.1 654 +04 36.6+02 27.44+0.2 40.0£02 550+ 0.2
Full 68.5+02 62.1 £03 71.8 0.1 80.5+03 383+£0.1 29.1 £0.1 41.9£0.1 56.6 + 0.1

Table 10: Ablation on directional pseudo-label exchange.

Variant Branch WNI18RR FB15k-237

MRR H@1 H@3 H@10 MRR H@1 H@3 H@10

LQ-KGCpy  68.5 62.1 718 804 339 247 372 524
Full model LQ-KGCann 541 479 569 655 368 27.6 402 552
LQ-KGC 68.6 624 718 80.5 383 291 420 56.7

LQ-KGCrLm 684 62,1 71.8 80.0 339 247 37.1 525
Text-to-Graph only LQ-KGCgnn 53.5 473 56.1 650 36.6 27.5 40.0 549
LQ-KGC 68.5 62.1 719 803 383 29.1 419 56.6

LQ-KGCrLm 683 619 71.6 800 339 247 37.1 524
Graph-to-Text only LQ-KGCaonn 52.3 465 547 632 362 269 39.8 547
LQ-KGC 684 621 71.8 80.0 382 29.0 419 56.5

I Artifacts and Licenses

We use two public KGC benchmarks, WN18RR
and FB15k-237. Our implementation is based on
PyTorch and HuggingFace Transformers. For base-
line reproduction, we refer to the official SImKGC
implementation and the official CompGCN imple-
mentation. The CompGCN repository is released
under the Apache-2.0 license. The public SimKGC
repository is used as an academic reference imple-
mentation for reproducing the text-based baseline.
We will release the preprocessing scripts, query-
construction code, and configuration files needed
to reproduce the reported LQ-KGC runs.

Use of Generative Al Tools

We acknowledge the use of generative Al tools
(e.g., ChatGPT) to assist with language polishing
and writing improvements during the preparation
of this manuscript.

Specifically, these tools were used to improve
grammar, readability, and stylistic consistency of
the text. They were not used to generate scientific
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All research ideas, theoretical formulations, ex-
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fied by the authors. The authors take full responsi-
bility for the integrity and correctness of the content
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