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Abstract—Zero-Shot Relational Learning (ZSRL) enables
knowledge graphs to reason over unseen relations but faces
two limitations: semantic sparsity from brief relational descrip-
tions, and reliance on manual annotations or rigid regression
constraints (e.g., MSE loss) that fail to capture the ordinal
structure of relational semantics. We propose LAZR (LLM-
Augmented Zero-shot Relational Learning), a framework that
leverages large language models to reconstruct high-density,
discriminative relational representations. LAZR introduces: (1)
LLM-based semantic enrichment that decomposes relations into
shared semantic factors for cross-relation knowledge transfer;
and (2) ranking-based semantic reconstruction that uses LLM-
generated similarity scores with ranking loss to preserve ordinal
topology. We instantiate LAZR within a generative adversarial
framework to synthesize embeddings for unseen relations. Ex-
periments on NELL-ZS and Wiki-ZS show substantial gains:
compared with the strongest FZR baseline, LAZR improves
MRR/Hit@1 by up to 2.6/2.5 percentage points on NELL-ZS
and 2.5/2.4 percentage points on Wiki-ZS. Cross-dataset analysis
further reveals that the effectiveness of semantic enhancement
depends on the intrinsic clustering structure of the knowledge
graph, identifying a scalability boundary for relation semantic
enhancement techniques.

Index Terms—Zero-shot relational learning, knowledge graph
completion, large language models, semantic reconstruction,
ranking loss.

I. INTRODUCTION

KNOWLEDGE Graphs (KGs) support applications such
as question answering [1], [2], recommendation [3],

[4], and decision support [5], yet they remain incomplete.
Conventional knowledge graph completion assumes that every
relation is observed during training and therefore cannot
directly predict facts involving a newly introduced relation.
Zero-Shot Relational Learning (ZSRL) addresses this setting
by transferring knowledge from seen to unseen relations
through auxiliary semantics, typically textual descriptions [6]
or ontological schemas [7].

Existing ZSRL methods are limited by two related prob-
lems. First, relation descriptions are usually short and omit
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entity roles, scenario constraints, and latent associations; the
resulting semantic sparsity weakens factor extraction and
cross-relation transfer [8], [9]. Second, the topology of the
relation space is poorly supervised. FZR [10], for example,
composes shared factors but requires manual similarity scores
and fits them with mean squared error. Manual scoring is dif-
ficult to scale, while pointwise regression penalizes numerical
deviations even when the relative ordering of relation similar-
ities is correct. It consequently provides weak supervision for
distinguishing closely related relations.

We propose LAZR (LLM-Augmented Zero-shot Relational
Learning), which uses an LLM to supply both richer descrip-
tions and scalable semantic supervision. LAZR first expands
each description while preserving the original relation mean-
ing, making latent factors such as “sport” explicit in Fig. 1.
Shared-factor composition then transfers these factors across
relations. In parallel, LLM embeddings generate an automatic
relation-similarity matrix. A ranking objective reconstructs
the semantic space by preserving similarity order rather than
exact scores, and an adaptive negative-selection rule avoids
trivially dissimilar negatives in sparse relation spaces. The re-
constructed representation conditions a generative adversarial
model that synthesizes features for unseen relations.

Experiments on NELL-ZS and Wiki-ZS show consistent
improvements over ZSGAN, OntoZSL, and FZR. Additional
experiments on CoDEx-L and FB15k-237 expose an important
boundary: factor-based enhancement is most effective when
the KG contains coherent semantic neighborhoods, but may
mix unrelated signals in attribute-like or long-tail relation
spaces. This result motivates structure-aware selection of en-
hancement modules rather than a uniform pipeline.

Our main contributions are as follows:

• We formulate semantic sparsity and ordinal-topology
mismatch as two central bottlenecks in ZSRL.

• We introduce automated LLM-based enrichment and
ranking-based reconstruction, eliminating manual relation
scoring while preserving similarity order.

• We obtain state-of-the-art results on NELL-ZS and Wiki-
ZS and identify, through two additional datasets and
structural diagnostics, when relation semantic enhance-
ment ceases to help.
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Fig. 1. Comparison of shared factor extraction.

II. RELATED WORK

A. Zero-Shot Learning

Zero-shot learning transfers knowledge to unseen classes
through auxiliary semantics. Early methods use attributes
[11]–[15]; text-based methods use descriptions or pretrained
embeddings [6], [16]–[19], sometimes with noise suppression
[20], [21]; and graph or ontology methods exploit structured
class relations [22]–[26]. Mapping methods align instance
and semantic spaces [27]–[29], whereas generative methods
synthesize unseen-class samples [30]–[33]. LAZR follows the
generative paradigm but focuses on relation-level transfer and
reconstructs its conditioning semantics before generation.

B. Zero-Shot Relational Learning for Knowledge Graphs

ZSRL predicts facts whose query relations were unseen
during training. ZSGAN [6] conditions a GAN on textual rela-
tion descriptions, OntoZSL [7] additionally encodes ontology
structure, and FZR [10] composes shared relational factors.
Related inductive KG methods instead target unseen entities
using auxiliary links [34]–[37], entity descriptions [38], or
entity-agnostic subgraphs [39], [40]. LAZR differs from both
groups: it enriches sparse relation descriptions, replaces FZR’s
manual similarity annotation with LLM-derived supervision,
and optimizes relative similarity order rather than pointwise
scores.

C. LLM in Semantic Enhancement

LLMs have been used to enrich sparse text [41]–[43] and
to obtain contextual embeddings for recommendation and
clustering [44]–[46]. In ZSRL, descriptions are the primary
bridge between seen and unseen relations [6], [25]; their
omissions therefore propagate directly into the learned relation
space. LAZR uses generation to expose implicit roles and
associations, then uses LLM embeddings only as similarity
supervision. This division retains efficient GloVe-based rela-
tion features while exploiting the LLM’s contextual knowledge
for topology reconstruction.

III. METHODOLOGY

This section first formalizes the research problem and in-
troduces relevant notation. Subsequently, we propose LAZR,
a generic Zero-Shot Learning (ZSL) framework comprising
four core components: 1) LLM-enhanced text representations,
2) augmented relational representations via shared factor com-
position, 3) LLM-expert-guided semantic reconstruction, and
4) a generative adversarial network (GAN) for synthesizing

semantic embeddings to facilitate knowledge transfer learning.
The overall architecture of the LAZR framework is depicted
in Fig. 2.

A. Task Formulation

We study zero-shot link prediction on a knowledge graph
(KG) G. In the link prediction task, a knowledge graph
comprises a set of entities E , a set of relations R, and a set
of factual triplets T = {(h, r, t) | h, t ∈ E ; r ∈ R}. The
task aims to distinguish positive examples from negative ones,
where zero-shot relation learning acquires knowledge from
seen relations Rs to facilitate transfer to unseen relations Ru.
Notably, Rs ∩ Ru = ∅. Our objective can be formalized as:
Given a head entity e1 and a query relation r, predict the tail
entity e2. For each query tuple (e1, r), there exists a ground-
truth tail entity e2 and a candidate set C(e1, r). We define the
training dataset as:

Dtr = {(e1, rs, e2, C(e1, rs)) | e1, e2 ∈ E ; rs ∈ Rs}

and the test dataset as:

Dte = {(e1, ru, e2, C(e1, ru)) | e1, e2 ∈ E ; ru ∈ Ru}.

Under this setting, the goal of zero-shot link prediction is: For
a given (e1, ru), maximize the score of the ground-truth entity
e2 within the candidate set C(e1, ru) such that it achieves the
highest rank, thereby enabling accurate prediction of factual
triples involving unseen relations ru. For predicting factual
triples, we employ generative models to synthesize samples
for unseen relations ru. Regarding these generative models,
we focus on constructing enhanced relation representations to
improve model performance.

B. Large language model enhanced text representations

In zero-shot relation learning, the textual description of
a relation serves as core prior knowledge, and its quality
directly affects the effectiveness of semantic representation and
the discriminative ability of shared factors. In the original FZR
model, the initial semantic representation r0 of a relation is
obtained by averaging the word vectors in the original textual
description (Equation 1), and the extraction of shared factors
also relies on this original description. However, the textual
descriptions of relations in real-world knowledge graphs in-
herently suffer from conciseness and information sparsity:
on one hand, for the convenience of manual annotation and
improved storage efficiency, relation descriptions usually only
contain core logic (e.g., “league coaches: specifies that a
particular coach coaches a team that plays in a particular
league”), lacking the portrayal of deep-level information
such as entity roles, scenario constraints, and implicit as-
sociations; on the other hand, this conciseness may lead to
high similarity in the surface descriptions of different relations
(e.g., “coach won trophy” and “team won trophy”), making
it difficult to distinguish their intrinsic differences during
the extraction of shared factors, which in turn affects the
accuracy of clustering and the discriminability of semantic
representation in the SFC (Shared Factor Combination)
process.
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Fig. 2. Overview of the proposed LAZR framework.

To address the above issues, we introduce a text enhance-
ment method based on generative large language models
(LLMs). By semantically expanding the original relation de-
scriptions, this method generates textual representations with
richer information and more complete semantics, providing
high-quality input for subsequent shared factor extraction and
initial semantic representation construction.

1) Enhancement Objectives and Design Principles: The
main goal of LLM-based enhancement is to keep the original
meaning of the relation and add following information to make
the text more informative:

• Refinement of entity roles: Clarify the specific attributes
or roles of the entities involved in the relation (e.g.,
whether “coach” specifically refers to “head coach” and
whether “team” refers to “professional team”);

• Supplement of scenarios and constraints: Add
implicit scenarios for establishment of the rela-
tion (e.g., the level and geographical scope of the
league in “league coaches”) or preconditions (e.g.,
the type of trophy and nature of the competition in
“coach won trophy”);

• Prompting of associated relations: Other indirectly
associated relations (such as “league coaches” may be
associated with “team in league” and “coach contract”),
providing clues for shared factors to capture cross-relation
associations;

The enhancement process must adhere to the principle of
semantic fidelity (not deviating from the core definition of the
original relation) and the principle of moderate expansion
(avoiding redundant information from interfering with the
extraction of key factors).

2) LLM Enhancement Framework and Prompt Engineering:
Based on the above objectives, our work designs a structured
Prompt Engineering framework to guide LLMs in gener-
ating high-quality enhanced text. The specific process is as
follows:

a) Construction of input information:: The information
input to the LLM includes: the original relation name and
the original relation description.

b) Selection of LLM and control of generation:: We
use Qwen3 [47] for description enhancement and similar-
ity scoring because it combines strong semantic modeling
with deployment on consumer-grade GPUs. A low sampling
temperature reduces generation variance and improves repro-
ducibility. The framework itself is model-agnostic: another
LLM can be substituted as long as the same structured prompt
and embedding interface are available.

C. Augmented relational representations via shared factor
composition

Through the content of Section 3.2, we obtained the en-
hanced relational text description. In this section, we use
this enhanced relational text description to construct semantic
vectors and extract shared factors to achieve the purpose of
enhancing semantic vectors.

In the field of cognitive psychology [48], relevant studies
have shown that multiple small units jointly participate in a
series of cognitive activities. When humans are exposed to new
procedural knowledge, they update the relevant components
in these units to achieve the update of their own cognitive
activities [49]. In this study, the shared factors involved in
the enhanced relation descriptions are the key units that
facilitate the learning of new relations. Therefore, we adopt the
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“Shared Factor Combination (SFC)” method. The core goal
of SFC is to construct enhanced semantic representations
of shared factors from the textual descriptions of relations,
thereby improving the effect of knowledge transfer in zero-
shot relation learning scenarios. Based on this, the SFC
method integrates technologies such as key phrase extraction,
clustering algorithms, and factor representation combination,
providing a comprehensive framework for relation represen-
tation in zero-shot relation learning. It not only enhances the
model’s ability to understand unseen relations but also offers
an effective path for exploring potential associations between
relations.

With the enhanced textual descriptions as prior knowledge,
the initial semantic representation of a relation can be ob-
tained using the pre-trained word embedding model Glove
[50]. For an enhanced textual description composed of words
{w1, w2, . . . , wn}, the initial semantic representation r0 of
relation r is obtained by aggregating their word vectors:

r0 =
1

n

n∑
i=1

wi (1)

To lay the foundation for the implementation of SFC, we
first extract key factors from the textual descriptions, and
these factors will serve as the basic components of the factor
library. In this key step, we use the unsupervised keyword
extraction algorithm provided by the Python keyphrase extrac-
tion toolkit [51] to efficiently identify phrases and terms that
best reflect the essence of the text content, and then aggregate
them to form a shared factor library. It should be specially
noted that no deduplication is performed on the extracted
factors, aiming to retain their respective contributions to the
overall semantic structure.

Supported by existing prior knowledge, the inherent seman-
tic associations between relations can be effectively identified.
Even if these relations are applied in different domains,
the model can still understand and integrate such semantic
associations, thereby enhancing reasoning ability. Therefore,
this method is committed to mining shared semantic factors
between relations and reconstructing the initial seman-
tic representation r0 of relations through shared factor
combination. Specifically, SFC is implemented by clustering
the representations of the factor library to ensure that the
generated cluster representations can encapsulate the semantic
attributes of shared factors commonly existing in knowledge
graph relations. In this study, we adopt an unsupervised
clustering algorithm (such as K-means [52]) to verify the
robustness of the method. By calculating the similarity be-
tween the initial semantic representation of each relation and
the representations of cluster centers {c1, c2, . . . , ck}, a set of
weights can be assigned to each relation. These weights are
used to characterize the importance of each shared factor in
the new semantic representation:

αi =
exp (cos (r0, ci))∑k
i=1 exp (cos (r0, ci))

(2)

where cos denotes cosine similarity. Thus, the reconstructed
representation rc as the SFC representation can be obtained:

rc =

k∑
i=1

αici (3)

D. LLM Semantic Understanding-Based Relational Semantic
Reconstruction Mechanism for Domain-Specific Knowledge
Graphs

Domain-specific KGs often contain many semantically ho-
mogeneous relations. Although these relations may share sim-
ilar factor representations, they still require careful distinction.
For example, both “purchase” and “invest” involve the concept
of acquiring something, but they apply to different domains
and are associated with different entity types. To address this
issue, FZR [10] proposed an expert-guided semantic recon-
struction mechanism to refine the relational semantic space.
However, that mechanism requires manual scoring, which is
labor-intensive and difficult to scale, and it does not fully
exploit similarity scores to distinguish related from unrelated
relations. We therefore propose an LLM-expert-guided seman-
tic reconstruction mechanism that leverages LLM embeddings
to automatically estimate relation correlations and trains with
ranking loss over positive and negative relation pairs. This
design enables faster and more accurate reconstruction of
the semantic space. The framework of LLM-expert-guided
semantic reconstruction is shown in Fig. 3.

1) LLM-expert scoring mechanism: There is a huge number
of relations in real-world knowledge graphs, and it is obviously
impractical to conduct detailed manual scoring for each pair
of relations. To tackle this challenge, this paper proposes
a more efficient and accurate method: using an LLM to
obtain relation embeddings. Specifically, for a given relation
description rdescription, it is concatenated with the end token
<|endoftext|> to form the input sequence, that is:

X = rdescription ⊕ <|endoftext|> (4)

The input sequence is tokenized into tokens by the model’s
tokenizer and then fed into the Transformer layer for compu-
tation to generate the hidden state sequence of the model’s last
layer. Let the number of tokens in the input sequence be m
(including <|endoftext|>), then the hidden state sequence
of the last layer can be expressed as:

H = [h1, h2, . . . , hm−1, hEOS] (5)

where hi is the hidden state of the i-th token in the last layer;
hEOS is the hidden state of <|endoftext|> (i.e., [EOS]) in
the last layer. In this paper, this embedding is taken as the
final relation embedding, that is:

embedding = LLMlast layer(X)EOS (6)

For the embeddings of various relations, let ri and rj
be the embeddings of relation i and relation j respectively,
and a similarity function S : Rd × Rd → R is defined to
calculate their similarity score.And cosine similarity is used
for calculation:

S (ri, rj) =
ri · rj

∥ri∥∥rj∥ (7)



IEEE TRANSACTIONS ON KNOWLEDGE AND DATA ENGINEERING 5

Text-enhanced 

description
LLM Embedding 

Encoder Relation Embedding
Score Matrix

Cosine Similarity

Fig. 3. Framework of LLM-expert-guided semantic reconstruction.

Through the above method, the correlation scores between
each pair of relations can be obtained.

2) Scoring-based semantic reconstruction mechanism: Us-
ing the above method, the pairwise correlation score matrix S
between relations can be obtained. For any relation ri in the
relation set R, the top k relations with the highest similarity are
extracted as positive examples r+i , and their correlation with ri
is taken as the positive score score+i ; for negative examples, if
the correlation score matrix S is dense, the bottom k relations
with the lowest similarity are extracted as negative examples
r−i ; if S is sparse, k relations with similarity rankings in the
range [k+ 1, 2k] are extracted as negative examples ri,n, and
their correlation with ri divided by the highest correlation
among them is taken as the negative score score−i . This
realizes the extraction of positive and negative examples and
their corresponding scores. The specific extraction process is
as follows:

Define Rank[l, r](A) as a function to extract the elements
from the l-th to the r-th largest in set A, and Sim(ri, rj) as
the correlation score between relation ri and relation rj :

Rank[l, r](A) = {x ∈ A | l ≤ |{y ∈ A | y ≥ x}| ≤ r} (8)

Sim(ri, rj) = Si,j (9)

Then the extraction methods of positive and negative exam-
ples and their scores are:

r+i = Rank[1, k](S) (10)

r−i =

{
Rank[|R| − k, |R|](S) if S is dense,
Rank[k + 1, 2k](S) otherwise,

(11)

score+i = Sim(ri, ri,p) (12)

score−i = Sim(ri, ri,n) (13)

This paper aims to learn a mapping network f that maps the
original relation ri to a new semantic space through f(ri). To
better distinguish related relations, ranking loss is used to train
this network. Specifically, the mapping network f consists of
two multi-layer perceptrons (MLPs), and its expression is:

f(ri) = Tanh (W2 · Tanh (W1 · ri + b1) + b2) (14)

where: W1 ∈ Rh×d is the weight matrix of the first linear
transformation (h is hidden dim), and b1 ∈ Rh is the bias
of the first layer; Tanh(·) is the hyperbolic tangent activation
function (Tanh(z) = ez−e−z

ez+e−z ); W2 ∈ Rd×h is the weight
matrix of the second linear transformation, and b2 ∈ Rd is
the bias of the second layer.

The positive sample weighted distance is defined as:

pscore,i =

k∑
j=1

score+i,j · ∥f(ri)− f(r+i,j)∥2 (15)

The negative sample weighted distance is defined as:

nscore,i =

k∑
j=1

score−i,j · ∥f(ri)− f(r−i,j)∥2 (16)

The loss for a single sample is:

Li = pscore,i +max (0,margin − nscore,i) (17)

where margin is the margin threshold.
The batch average loss is:

L =
1

B

B∑
i=1

Li (18)

The learning objective of network f is to adjust the param-
eters θ = {W1, b1,W2, b2} through an optimizer (the Adam
optimizer is used in the experiment) to minimize the above
loss function:

θ∗ = argmin
θ

L(θ) (19)

The final semantic reconstruction of the relationship re is
expressed as:

re = f(r) (20)

In this module, the keyword extraction results of LLM-
enhanced text (e.g., the ’sport’ factor) precisely meet the
requirement that “shared factors should cover the core di-
mensions across relationships”, thereby avoiding the one-
sidedness of factors extracted from raw text. In the ranking loss
module, the sparsity/density characteristics of the similarity
matrix generated by the LLM are accurately matched with
the “relationship distribution characteristics” of the dataset
(e.g., the coherent high-similarity neighborhoods in NELL-
ZS and the globally compact relation space in Wiki-ZS),
which ensures the rationality of positive and negative sample
selection. This interactive design of “intersubjective semantic
alignment” maximizes the adaptive value of the LLM to the
entire framework.
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E. Generative Adversarial Network for Knowledge Transfer
Learning Facilitation

With enhanced semantic representations, this section in-
troduces the application of Generative Adversarial Networks
(GANs) to facilitate knowledge transfer from seen to unseen
relations. The proposed GAN consists of three components: a
feature extractor E, a generator G, and a discriminator D.

1) Feature Extractor: Different from traditional knowledge
graph embedding methods, our feature extractor aims to learn
the cluster structure of both seen and unseen relation facts,
maintaining high intra-class and low inter-class similarity. For
each seen relation r ∈ Rs, the entity-pair set is defined as:

Tr = {(e1, e2) | (e1, r, e2) ∈ T}. (21)

Each entity pair (e1, e2) is encoded by a fully connected
(FC) layer:

uep = σ([f1(ve1); f1(ve2)]), (22)
f1(ve) = W1ve + b1, (23)

where σ denotes the tanh activation function.
To incorporate the one-hop neighbors Ne of entity e, we

compute:

ue = σ

 1

|Ne|
∑

(rn,en)∈Ne

f2(vrn , ven)

 , (24)

and the final real embedding of relation r is obtained as:

xr = [ue1 ;uep;ue2 ]. (25)

The embeddings are optimized by the margin ranking loss:

Lω =
[
γ − score+ + score−

]
+
, (26)

where [a]+ = max(0, a), γ is the margin parameter, and ω
represents the parameter set.

2) Adversarial Training: During adversarial training, the
feature extractor is fixed. For a seen relation r, the generator
G takes its enhanced representation r∗ and random noise z to
produce a synthetic fact embedding:

x̂ = G(z, r∗), z ∼ N (0, I). (27)

Before adversarial training, we compute a fixed center for
every seen relation from all its training facts:

µr =
1

Nr

Nr∑
n=1

xr,n, (28)

where xr,n is the feature extracted from the n-th training fact
of relation r. The discriminator contains a scalar critic Dadv(v)
and an auxiliary classifier over all seen relations. It applies the
same transformation to a fact feature and each relation center:

hϕ(v) = LN(LeakyReLU(Wϕv + bϕ)) , (29)

Cϕ(v, r) = hϕ(v)
⊤hϕ(µr). (30)

Consequently, the auxiliary classifier outputs the score vector
[Cϕ(v, r)]r∈Rs . For each positive fact of relation r, a negative
fact is constructed by retaining the head entity and replacing
the tail entity with a relation-specific candidate that does

not form a known true fact. Let x− denote its extracted
feature. For a real or generated feature v, the classification
loss implemented by the model is

Lcls(v, x
−, r) =

[
γcls − Cϕ(v, r) + Cϕ(x

−, r)
]
+
. (31)

It requires the compatibility of v with its ground-truth relation
center to exceed that of the corrupted fact by at least γcls.

We further use visual-pivot regularization to preserve the
class-level structure learned by the feature extractor. For the
generated features {x̂r,m}Mr

m=1 of relation r in a mini-batch,
we define

µ̂r =
1

Mr

Mr∑
m=1

x̂r,m, (32)

LP =
1

|Rb|
∑
r∈Rb

∥µ̂r − µr∥2 , (33)

where Rb is the set of seen relations represented in the mini-
batch.

The generator minimizes

LG = −Ex̂[Dadv(x̂)] + λ1E(x̂,x−,r)[Lcls(x̂, x
−, r)] + λ2LP ,

(34)

where the adversarial term aligns the generated and real
distributions, while the remaining terms enforce instance-level
relation compatibility and class-level center alignment.

For the gradient penalty, we interpolate between paired real
and generated embeddings as x̃ = ϵx + (1 − ϵ)x̂, where ϵ ∼
U(0, 1), and define

LGP = λGPEx̃ (∥∇x̃Dadv(x̃)∥2 − 1)
2
. (35)

The discriminator is then optimized by minimizing

LD = Ex̂[Dadv(x̂)]− Ex[Dadv(x)] + LGP

+ λ3E(x̂,x−,r)[Lcls(x̂, x
−, r)]

+ λ4E(x,x−,r)[Lcls(x, x
−, r)]. (36)

During a discriminator update, x̂ is detached from the gener-
ator; during a generator update, the discriminator parameters
are fixed. This alternating optimization transfers the feature
distribution of seen relations to unseen relations while retain-
ing relation-specific discrimination.

All expectations in Eqs. (34)–(36) are evaluated as relation-
balanced empirical averages within a mini-batch. The classi-
fication and pivot terms impose complementary constraints:
Lcls requires every real or generated instance to score above
a corrupted fact for the same relation, whereas LP prevents
the generated class center from drifting away from the pre-
computed real center. Using both terms avoids two degenerate
solutions—matching only the class center while producing
ambiguous instances, or separating individual instances while
displacing the entire generated class. These constraints are
learned exclusively from seen relations. At test time, the
generator synthesizes multiple features from an unseen rela-
tion representation; candidate facts are ranked by their mean
cosine similarity to these generated features, without using any
unseen-relation triples.
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IV. EXPERIMENTS

A. Experimental Setup

1) Datasets: Due to the limited number of studies on zero-
shot tasks, we conduct experiments on the proposed model
and baseline models using two public benchmark datasets
proposed in [6], namely NELL-ZS and Wiki-ZS. These two
datasets are constructed based on the NELL knowledge base
[53] and Wikidata, respectively. Each relation in both datasets
is accompanied by a text description and the type information
of the corresponding entities. In each knowledge graph, seen
relations are divided into the training set and validation set,
while unseen relations only exist in the test set; relevant triples
are also assigned to the corresponding datasets according to
this rule.

Since previous studies [6], [7] did not elaborate on the
dataset partitioning method, to comply with the more gen-
eral zero-shot relation learning (ZSRL) setup and ensure the
fairness of comparison, we adopt a three-fold random parti-
tioning method to divide the training set/validation set/test set
(Train/Dev/Test), and then conduct three-fold cross-validation
based on these partitioning results. It is important to em-
phasize that Reference [7] adopts a conservative partitioning
method where test relations are fixed and only the training
set and validation set are reallocated. However, we believe
that the performance of a model on re-partitioned datasets
can better reflect its adaptability to zero-shot scenarios and
more effectively verify its generalization ability. Therefore,
we re-conduct experiments on all baseline models using the
re-partitioned datasets. Table I shows the detailed statistical
information of these two datasets.

TABLE I
STATISTICAL INFORMATION OF ZERO-SHOT RELATION LEARNING

(ZSRL) DATASETS.

Dataset #Ent #Triples #Train/Dev/Test

NELL-ZS 65567 188392 113/ 20/ 48
Wiki-ZS 605812 724967 469/ 20/ 48

2) Evaluation Metrics: In the test phase, given the head
entity and relation in a test triple, the model needs to rank all
tail entities in the candidate list. Therefore, following the setup
in Reference [6], we adopt the commonly used evaluation
metrics in the knowledge graph completion (KGC) task: Mean
Reciprocal Ranking (MRR), Hits@10 (Hit Ratio at top 10),
Hits@5 (Hit Ratio at top 5), and Hits@1 (Hit Ratio at top 1).
Among them, MRR represents the average of the reciprocal
ranks of all correct entities; Hits@k represents the proportion
of test samples where the correct entity is among the top k
candidates.

3) Baseline Models: We compare the proposed zero-shot
learning (ZSL) method with the current mainstream baseline
models that are not assisted by LLMs, including three types
of traditional Knowledge Graph Embedding (KGE) methods:
TransE [54], DistMult [55], and ComplEx [56], as well as
three types of non-LLM-assisted generative zero-shot learning
methods: ZSGAN [6], OntoZSL [7], and FZR [10]. Since
existing zero-shot knowledge graph completion methods rarely

incorporate LLMs directly, we design two LLM-based base-
lines using the generative and embedding models described
below.

Although traditional knowledge graph embedding methods
are not designed for zero-shot learning tasks, including them
in comparative experiments is crucial for establishing baseline
performance and conducting comparative analysis. Inspired by
ZSGAN [6], we propose three zero-shot variants of knowledge
graph embedding methods: ZS-TransE, ZS-DistMult, and ZS-
ComplEx. Unlike traditional methods that use randomly ini-
tialized vectors to represent relations in triples, these variants
adopt a feedforward network similar to the generator archi-
tecture to obtain relation representations. This network takes
the text embedding of the relation as input and is fine-tuned
together with entity embeddings during training. In the test
phase, the text embedding of the unseen relation is input into
this network to generate the relation representation, and then
the scoring function of the original method is used to predict
the factual triples.

Among the generative zero-shot learning baseline models,
ZSGAN [6] obtains relation embeddings through the text
description of relations; OntoZSL [7] obtains relation embed-
dings by jointly encoding text descriptions and ontological
structure knowledge, and both then use Generative Adver-
sarial Networks (GAN) to generate corresponding relation
representations; FZR [10] introduces shared factors and an
expert scoring system on the basis of ZSGAN [6] to obtain
relation embeddings. To ensure generality, two representative
knowledge graph embedding models are selected for the
feature extractor in the experiments: TransE [54] and DistMult
[55].

4) Implementation Details: On the NELL-ZS dataset, a pre-
trained 100-dimensional knowledge graph embedding feature
extractor is used to obtain 200-dimensional relation embed-
dings; on the Wiki-ZS dataset, following the prior ZSRL
setup [6], [10], a pre-trained 50-dimensional knowledge graph
embedding feature extractor is used to obtain 100-dimensional
relation embeddings.

The training of the feature encoder and generative model
uses the Adam optimizer [57] for parameter updates, with the
margin parameters γ and γcls both set to 10. For the feature
encoder, the upper limit of the number of neighbors is set to
50, the number of triples considered in each training step k
is fixed at 30, and the learning rate is set to 5 × 10−4; for
the generative model, the learning rate is set to 1× 10−3, and
the parameters β1 and β2 are set to 0.5 and 0.9, respectively.
The discriminator is updated 5 times for every 1 update of
the generator. The dimension of the random vector z is 15.
Each adversarial mini-batch contains two seen relations and
1,024 real/generated samples per relation; at test time, 20
embeddings are synthesized for each unseen relation. The
classification loss weights λ1, λ3, and λ4 are set to 1, 0.5,
and 0.5, respectively; the pivot regularization weight λ2 is set
to 3, and the gradient-penalty weight λGP is set to 10.

On the NELL-ZS dataset, the number of hidden units in
the generator is set to 250, outputting 200-dimensional relation
embeddings; the number of hidden units in the discriminator is
set to 200, with one scalar critic output and a |Rs|-dimensional
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auxiliary classification output. On the Wiki-ZS dataset, the
number of hidden units in the generator is set to 250, and the
number of hidden units in the discriminator is set to 100.

For the word embeddings of relation texts, we use the
publicly available 300-dimensional word embeddings (from
glove.6B.300d.txt), and obtain denoised text embeddings
through TF-IDF (Term Frequency-Inverse Document Fre-
quency). For the text description of each relation, 6 keywords
are extracted as factors; for the corpus composed of all shared
factors, the number of factor clusters is set to 10.

For text enhancement, we use the open-source Qwen3-8B
model; for embedding extraction, we use the open-source
Qwen3-embedding-8B model. The generation temperature is
set to 0.001, the maximum number of tokens is set to 8192,
and the embedding dimension is 2560. All experiments can be
completed on a single 4090 (24G) consumer-grade graphics
card.

Details of other baseline models can be found in the corre-
sponding papers. To compare LAZR with direct LLM-based
alternatives under the same model family, we additionally
adopt two LLM baselines: (1) a prompt-based baseline that
asks the generative LLM to re-rank candidate entities for
each query h, r, ?; and (2) an embedding-based baseline that
extracts embeddings for all relations and entities using the
LLM embedding model, followed by TransE-style similarity
ranking.

Since directly using LLMs for zero-shot relation learning
is resource-intensive and time-consuming, this experiment
is conducted on a smaller dataset (NELL-ZS-S). Detailed
information of this dataset is shown in Table II.

TABLE II
STATISTICAL INFORMATION OF THE DATASET FOR LARGE-MODEL

BASELINES.

Dataset #Ent #Triples #Train/Dev/Test

NELL-ZS-S 13252 17603 113/ 20/ 48

B. Main Results

We conduct zero-shot learning (ZSL) experiments on
NELL-ZS and Wiki-ZS, with the results summarized in Ta-
ble III. We also evaluate LLM-based baselines on the smaller
NELL-ZS-S dataset, as reported in Table IV. LAZR, instan-
tiated with either TransE or DistMult embeddings, consis-
tently outperforms traditional knowledge graph embedding
(KGE) methods, generative ZSRL methods, and direct LLM
baselines. These results validate the effectiveness of the pro-
posed factor-based zero-shot relational learning framework.
The main observations are as follows:

1) Generative methods outperform traditional KGE
and direct LLM methods: All generative methods
substantially outperform traditional KGE methods and
direct LLM baselines. This supports our choice of an
LLM-enhanced generative framework rather than pure
LLM prediction. To reduce the influence of different pre-
trained KGE embeddings, we evaluate each generative
method with both TransE and DistMult backbones.

The consistent gains under both settings confirm the
advantage of generative models for knowledge transfer.

2) LAZR achieves the best performance among gen-
erative methods: LAZR consistently outperforms the
other generative methods with both TransE and DistMult
embeddings. The results suggest that LLM-enhanced
shared factors create stronger connections between seen
and unseen relations, while LLM-derived scoring im-
proves discrimination between semantically similar and
dissimilar relations. On NELL-ZS, LAZR improves
over FZR by 2.4 percentage points in Hit@1 and 2.9
percentage points in Hit@5 with TransE, and by 2.5
and 1.2 percentage points, respectively, with DistMult.
Compared with the embedding-based LLM baseline on
NELL-ZS-S, LAZR with TransE improves Hit@1 by
34.4 percentage points and Hit@5 by 33.2 percentage
points.

3) Performance differences of the LAZR model across
different datasets: Compared with the performance
improvement on the NELL-ZS dataset, LAZR achieves a
smaller improvement over FZR on the Wiki-ZS dataset,
especially under the DistMult embedding setting (Hit@1
improves by only 0.4 percentage points versus 2.5 on
NELL-ZS). Under the TransE setting, the improvement
remains comparable (2.3 versus 2.4 on NELL-ZS).
As shown by the structural diagnostics, Wiki-ZS has
high and relatively homogeneous relation similarity. Its
already compact semantic space leaves less room for
factor composition to introduce additional discriminative
structure. In addition, on Wiki-ZS with DistMult, the
performance gap between LAZR and ZSGAN narrows
to merely 0.2 Hit@1 points (28.5 versus 28.3), suggest-
ing a ceiling effect: when relation representations are
already globally compact, semantic enhancement yields
smaller marginal gains.

From the perspective of performance gains brought by
model optimization, the LAZR method proposed in this paper
features simplicity and efficiency, with specific performance
improvement data shown in Table III. Taking the NELL-ZS
dataset as an example, compared with the FZR model, the
LAZR model achieves a 2.6 percentage point increase in the
MRR (Mean Reciprocal Rank) metric, a 2.4 percentage point
increase in the Hit@1 metric, a 2.9 percentage point increase
in the Hit@5 metric, and a 2.4 percentage point increase in the
Hit@10 metric; moreover, under both settings of “combining
TransE embeddings” and “combining DistMult embeddings”,
all metrics of the LAZR model reach the optimal level in the
experiment.

C. Ablation Experiments

To further verify the effectiveness of each component con-
stituting the enhanced relation representation, we carefully
designed ablation experiments. Specifically, the experiments
include the following model variants:

• LAZR: The complete proposed model (including all core
components);
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TABLE III
ZERO-SHOT LINK PREDICTION RESULTS (%) ON UNSEEN RELATIONS. FZR AND LAZR ARE REPORTED AS MEAN±STD OVER 5 RUNS; ∗ /∗∗ DENOTE

LAZR OVER FZR AT p < 0.05/p < 0.01 BY PAIRED t-TEST. BOLD INDICATES THE BEST PERFORMANCE.

Method type Model
NELL-ZS Wiki-ZS

MRR Hit@1 Hit@5 Hit@10 MRR Hit@1 Hit@5 Hit@10

Traditional KGE-

based method

ZS-TransE 21.2 12.7 30.3 37.1 10.2 4.6 16.4 19.6

ZS-DistMult 40.5 35.0 47.6 51.8 21.5 16.4 26.9 30.2

ZS-ComplEx 41.5 35.6 48.5 51.8 22.5 18.2 27.3 29.9

Generative-based

method

with TransE

ZSGAN 44.3 32.4 57.8 65.8 26.7 18.9 34.2 41.8

OntoZSL 48.2 36.9 61.2 68.4 26.3 19.3 32.6 39.3

FZR 47.9±1.1 35.9±1.4 61.5±0.7 68.8±0.4 27.8±1.0 21.0±0.9 34.1±1.2 40.5±1.4

LAZR(ours) 50.5±0.4∗ 38.3±0.4∗ 64.4±0.6∗∗ 71.2±0.6∗∗ 30.3±0.3∗∗ 23.4±0.3∗∗ 36.9±0.4∗∗ 43.8±0.5∗∗

Generative-based

method

with DistMult

ZSGAN 49.7 41.6 58.8 65.5 33.8 28.3 38.8 44.1

OntoZSL 50.9 42.7 60.2 66.2 34.2 27.8 40.7 45.9

FZR 53.5±0.7 45.8±0.7 62.1±0.7 67.9±0.9 34.3±0.1 28.1±0.2 40.5±0.1 45.9±0.2

LAZR(ours) 55.5±0.9∗∗ 48.3±1.0∗∗ 63.3±0.9∗ 68.7±0.3 34.8±0.1∗∗ 28.5±0.1∗ 41.0±0.3∗ 46.2±0.3

TABLE IV
RESULTS (%) OF ZERO-SHOT LINK PREDICTION WITH UNSEEN RELATIONS USING LLM-BASED BASELINES. BOLD INDICATES THE BEST PERFORMANCE.

Method type Model
NELL-ZS-S

MRR Hit@1 Hit@5 Hit@10

Based on generative large language models

Llama3-8B 0.1 0 0 0

Qwen3-4B 0.1 0 0 0

Qwen3-8B 12.3 9.5 13.3 13.3

Based on embedding large language models
Qwen-embedding-4B 26.5 15.2 36.3 49.6

Qwen-embedding-8B 28.5 17.4 38.3 51.2

LAZR
Qwen3-8B-DistMult 58.7 49.2 68.7 77.3

Qwen3-8B-TransE 61.2 51.8 71.5 78.6

TABLE V
ABLATION RESULTS (%) ON NELL-ZS AND WIKI-ZS WHEN ENHANCED TEXT REPRESENTATIONS (“-ETR”) AND LLM-EXPERT-GUIDED SEMANTIC

REPRESENTATIONS (“-LEG”) ARE REMOVED.

Method type Model
NELL-ZS Wiki-ZS

MRR Hit@1 Hit@5 Hit@10 MRR Hit@1 Hit@5 Hit@10

Generative-based method
with pre-trained TransE

LAZR(-etr) 49.8 38.1 62.9 69.4 29.8 22.8 36.6 43.3
LAZR(-leg) 49.7 37.9 62.6 69.4 30.1 23.1 36.7 43.8

LAZR(-etr&leg) 48.4 36.6 61.6 68.4 29.5 22.5 36.1 42.8

Generative-based method
with pre-trained DistMult

LAZR(-etr) 53.5 46.1 61.3 67.6 34.2 28.1 40.3 45.6
LAZR(-leg) 53.2 45.7 61.2 67.8 34.6 28.3 40.8 45.9

LAZR(-etr&leg) 52.5 44.7 61.2 67.0 34.1 27.7 40.4 45.9

• LAZR-etr: Removes the “LLM-enhanced text repre-
sentations” (etr is the abbreviation of Enhanced Text
Representations);

• LAZR-leg: A variant of LAZR that removes the “LLM-
expert-guided semantic reconstruction” (leg is the abbre-
viation of LLM-expert-guided);

• LAZR-etr&leg: A variant of LAZR that removes both
“LLM-enhanced text representations” and “LLM-expert-
guided semantic reconstruction” (this variant is essen-
tially functionally equivalent to the FZR model).

We trained the above models on the NELL-ZS and Wiki-
ZS datasets. The training of feature extractors adopts pre-
trained TransE and DistMult knowledge graph embeddings
(KG Embedding). The test results of each ablation variant are
shown in Table V.

The results confirm that both “LLM-enhanced text repre-

sentations” and “LLM-expert-guided semantic reconstruction”
components play important roles in the LAZR model: the
complete LAZR model integrating these two components
consistently outperforms its various ablation variants. The
specific analysis is as follows:

1) LAZR (-etr) variant: There is a slight decline in perfor-
mance. This indicates that although “LLM-enhanced text
representations” can improve the generalization ability
of the model, it is not the only key factor for the
performance improvement of the LAZR model;

2) LAZR (-leg) variant: After removing “LLM-expert-
guided semantic reconstruction”, the model performance
also slightly decreases. It also indicates that this module
improves the model performance, but it is not the only
key factor for the performance improvement of the
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LAZR model;
3) LAZR (-etr&leg) variant: When both components

are missing, the model performance declines the most
significantly. This further proves that the synergistic
effect between “LLM-enhanced text representations”
and “LLM-expert-guided semantic reconstruction” is the
key to the LAZR model’s ability to effectively complete
zero-shot learning tasks.

D. Necessity of Contrastive Semantic Reconstruction

The raw relation embeddings r extracted from GloVe-
weighted factor vectors (Section 3.3) capture coarse semantic
associations, yet they suffer from two critical limitations
that hinder zero-shot transfer. First, keyword-based factor
extraction inevitably introduces noise: high-frequency shared
factors such as “team” appear across multiple semantically
distinct relations (e.g., teammember, teamcoach, teamwontro-
phy), causing their raw embeddings to be superficially close in
the GloVe space. Second, cosine similarity computed directly
on these embeddings does not faithfully reflect the nuanced
relational semantics required for knowledge transfer, because
GloVe vectors are optimized for word-level co-occurrence
rather than relation-level meaning.

To remedy this, LAZR introduces a scoring-based semantic
reconstruction module (Section 3.4.2). Concretely, a two-layer
MLP f(·) with Tanh activation maps the raw embeddings
into a new semantic space, and is optimized with a weighted
ranking loss:

Li = pscore,i +max
(
0, γ − nscore,i

)
, (37)

where pscore,i and nscore,i denote the weighted distances from
relation i to its top-k positive and bottom-k negative examples,
respectively, guided by the LLM-generated correlation score
matrix S. The loss explicitly pulls semantically homogeneous
relations closer while pushing heterogeneous ones farther
apart.

a) Empirical evidence.: Fig. 4 visualizes the NELL
relation embeddings before and after reconstruction via t-
SNE followed by K-Means clustering (K = 10) on the 2D
coordinates. In the before panel, relations are scattered without
clear structure (average 5-NN distance: 1.24, silhouette score:
0.426), indicating that the raw GloVe space entangles distinct
relations. After reconstruction (after panel), the same relations
form visibly tighter clusters (average 5-NN distance: 0.74,
silhouette score: 0.585), confirming that the ranking loss suc-
cessfully compresses intra-class variance and enlarges inter-
class margins.

The quantitative separation is equally striking. Before re-
construction, the Euclidean distance between the positive pair
teammember and teamcoach is 0.27, whereas the negative pair
teammember and cityliesonriver is only marginally larger at
0.34. After reconstruction, the positive distance collapses to
0.00 and the negative distance explodes to 13.36—a relative
increase of more than 37×. Such dramatic separation is
essential for the subsequent GAN module: a generator con-
ditioned on well-separated relation embeddings can reliably
synthesize distinct entity-pair features for unseen relations,

thereby improving zero-shot transfer. Without this reconstruc-
tion step, the generator would receive nearly identical inputs
for semantically different relations, leading to mode collapse
and poor generalization.

E. Cross-Dataset Boundary Analysis of Relation Semantic
Enhancement

To test whether relation semantic enhancement generalizes
beyond the commonly used NELL and Wiki benchmarks, we
further evaluate on CoDEx-L and FB15k-237. These datasets
are useful stress tests because their relations are more attribute-
like and less naturally clustered than the conceptual relations
in NELL/Wiki. Additional details of the CoDEx-L zero-shot
split are provided in the supplementary material.

Table VI reports the cross-dataset results. We use the same
notation as Table V: up denotes factor clustering, down
denotes contrastive learning, and LAZR-recon denotes the
reconstruction-only variant. All values are percentages. Unlike
on NELL-ZS and Wiki-ZS, where LAZR improves over ZS-
GAN/FZR (Table III), LAZR underperforms ZSGAN on both
CoDEx-L and FB15k-237, revealing a boundary of relation
semantic enhancement.

TABLE VI
MAIN RESULTS ON CODEX-L AND FB15K-237 (TEST SET, %).

Dataset Method MRR Hit@1 Hit@5 Hit@10

CoDEx-L

ZSGAN-TransE 27.5 17.7 37.5 47.7
ZSGAN-DistMult 12.0 3.5 23.5 28.1
LAZR-TransE 12.1 6.6 16.0 21.7
LAZR-DistMult 5.0 1.5 6.3 10.8

FB15k-237

ZSGAN-TransE 45.4 40.5 49.7 53.0
LAZR (full) 42.2 37.6 46.4 50.0
LAZR-up (Factor Clustering) 40.9 36.4 44.8 48.4
LAZR-down (Contrastive Learning) 41.8 37.1 45.8 49.1
LAZR-recon (Reconstruct Only) 45.7 41.0 49.9 53.0

On CoDEx-L, LAZR-TransE achieves only 6.6 Hit@1,
far behind ZSGAN-TransE (17.7); the DistMult variant is
even weaker, suggesting that semantic enhancement cannot
compensate for embedding-model mismatch on asymmet-
ric relations. On FB15k-237, the reconstruction-only variant
reaches the best Hit@1 (41.0), slightly above ZSGAN (40.5),
while adding factor clustering or contrastive learning reduces
performance.

To isolate the source of degradation, Table VII consolidates
the TransE ablations across NELL-ZS, Wiki-ZS, and FB15k-
237. This side-by-side comparison is important because it tests
whether the same enhancement module has a stable effect
across KG types.

The detailed ablation exposes a sign reversal. Relative to re-
construction only, factor clustering changes Hit@1 by +1.3 on
NELL-ZS and +0.6 on Wiki-ZS, but by −4.6 on FB15k-237;
contrastive reconstruction changes it by +1.5, +0.3, and −3.9,
respectively. Combining both modules yields the largest gains
on NELL-ZS/Wiki-ZS (+1.7/+0.9 Hit@1), yet still loses 3.4
points on FB15k-237. Thus, reconstruction itself is not the
failure point: the degradation begins when neighborhood-based
enhancement is applied to an attribute-like, long-tail relation
space. In conceptual KGs, shared factors reinforce coherent
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Fig. 4. t-SNE visualization of NELL relation embeddings before and after contrastive semantic reconstruction. Colors denote K-Means clusters (K = 10);
sub-captions report average 5-NN distance and silhouette score.

TABLE VII
DETAILED MODULE-LEVEL ABLATION ACROSS DATASETS (TRANSE, TEST SET, %). “RECONSTRUCTION ONLY” REMOVES BOTH ENHANCEMENT

MODULES; THE NEXT TWO ROWS ADD ONE MODULE AT A TIME. BEST RESULTS WITHIN EACH DATASET ARE BOLD.

Configuration NELL-ZS Wiki-ZS FB15k-237

MRR Hit@1 Hit@5 Hit@10 MRR Hit@1 Hit@5 Hit@10 MRR Hit@1 Hit@5 Hit@10

Reconstruction only 48.4 36.6 61.6 68.4 29.5 22.5 36.1 42.8 45.7 41.0 49.9 53.0
+ Factor clustering 49.7 37.9 62.6 69.4 30.1 23.1 36.7 43.8 40.9 36.4 44.8 48.4
+ Contrastive reconstruction 49.8 38.1 62.9 69.4 29.8 22.8 36.6 43.3 41.8 37.1 45.8 49.1
+ Both (full LAZR) 50.5 38.3 64.4 71.2 30.3 23.4 36.9 43.8 42.2 37.6 46.4 50.0

neighborhoods; in FB15k-237, heterogeneous compound paths
make those neighborhoods noisy, so clustering mixes unrelated
signals and contrastive learning pulls unreliable positive pairs
together. The structural analyses below test this mechanism
directly.

F. Extended-Dataset Protocol and Pair Quality

CoDEx-L contains 77,951 entities and 612,437 triples;
because it has no standard zero-shot split, we form disjoint
35/10/18 train/dev/test relation sets after removing six low-
frequency training relations. FB15k-237 contains 14,541 en-
tities and 310,116 triples with a 169/20/48 relation split.
For both datasets, relations are strictly partitioned across the
train, development, and test sets, and all triples associated
with a relation remain exclusively in the subset assigned
to that relation; therefore, neither relations nor triples can
cross split boundaries. Because FB15k-237 lacks natural-
language relation descriptions, we use Qwen3-8B to produce
one fixed description for each relation from its relation name
and representative triples. Description generation is performed
once after relation-level partitioning, and the resulting descrip-
tions are fixed before downstream training and evaluation.
Neither dataset provides the ontology required by ontology-
aware baselines, so the cross-dataset study compares text-
conditioned methods under the same available supervision;

TABLE VIII
NEGATIVE SAMPLING STRATEGIES ON CODEX-L (%).

Strategy MRR Hit@1 Hit@5 Hit@10

Tail selection 8.0 3.1 11.2 16.7
Rank-window 12.1 6.6 16.0 21.7

additional details of the CoDEx-L construction protocol are
provided in the supplementary material.

Fig. 5 examines relation-pair quality before reconstruction.
NELL displays clearer block structure, and its positive pairs
concentrate at higher similarities. CoDEx-L and FB15k-237
instead exhibit diffuse matrices and greater overlap between
positive and negative distributions. Their nearest neighbors are
therefore less reliable as positives: pulling such pairs together
can inject noise instead of recovering a transferable semantic
topology.

We further test whether negative selection alone explains
the CoDEx-L degradation. Table VIII shows that rank-window
negatives outperform tail selection on every metric because
they provide harder comparisons. However, the best Hit@1 re-
mains 6.6, well below the 17.7 of ZSGAN-TransE in Table VI.
The result rules out a single sampling choice as the primary
cause and supports the structural-boundary interpretation.
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(a) Relation-similarity matrices. (b) Positive and negative pair distributions.
Fig. 5. Quality of the relation neighborhoods used by factor composition and contrastive reconstruction. Conceptual KGs provide more coherent positive
pairs than attribute-like KGs.

G. Sensitivity and Structural Diagnostics

Table IX examines the two hyperparameters that directly
control semantic reconstruction. For the number of positive
relations k, performance peaks at k = 6; larger neighborhoods
introduce less-related positives and weaken the ranking signal.
For the number of shared-factor clusters n, n = 10 gives the
best balance between factor overlap and redundant clusters.
The narrow performance range around both optima indicates
that LAZR is not highly sensitive to either choice. We also
tested weighted addition and weighted concatenation of rc
and re; neither exceeded direct concatenation, suggesting that
the downstream GAN can learn the required balance without
manually assigned weights.

TABLE IX
SENSITIVITY TO THE POSITIVE-SET SIZE k AND NUMBER OF

SHARED-FACTOR CLUSTERS n ON NELL-ZS (%).

Parameter Value MRR Hit@1 Hit@5 Hit@10

k

3 50.1 38.3 63.1 69.9
6 50.2 38.3 63.5 70.1
9 49.7 37.8 63.2 69.8
12 49.3 37.2 62.9 69.4
15 49.4 37.3 62.8 69.3

n

5 49.0 37.0 62.6 68.9
10 50.2 38.3 63.5 70.1
15 49.6 37.5 63.1 69.5
20 49.3 37.1 62.6 69.4

Fig. 6a provides further evidence for the cross-dataset
boundary. NELL and Wiki have substantially closer semantic
neighbors, whereas CoDEx-L and FB15k-237 contain many
isolated relations. As shown in Fig. 6d, factor clustering
also inflates pairwise similarity most strongly on the latter
datasets, causing heterogeneous relations to lose discriminative
information. This pattern persists as the number of clusters
changes.

Quantitatively, Fig. 6a shows that the mean top-5 nearest-
neighbor similarities are 0.811 and 0.871 on NELL and Wiki,

compared with 0.673 and 0.724 on CoDEx-L and FB15k-237.
The latter two distributions are also much broader, confirming
that many relations lack a stable semantic neighborhood.
Compressing such isolated relations into shared factors is
therefore more likely to erase relation-specific information
than to transfer reusable structure.

The cluster sweeps in Figs. 6c and 6d further rule out
a single poorly chosen hyperparameter. The absolute-value
curves in Fig. 6c plot the post-clustering mean cosine sim-
ilarities, with dashed lines marking the original pre-clustering
values. At 10 clusters, factor composition increases mean
similarity by 82% on CoDEx-L and 157% on FB15k-237,
versus 63% on NELL and 53% on Wiki. Even at 100 clusters,
the mean similarity on FB15k-237 remains 0.388, far above
its original value of 0.246. This persistence follows from the
soft-assignment mechanism: every relation is represented as a
weighted mixture of all cluster centers, so semantically distinct
signals continue to mix even as the cluster count grows.
Increasing the cluster count therefore reduces but does not
remove the homogenization induced by factor composition.

Finally, Fig. 6b quantifies the global effect of contrastive
reconstruction. Mean relation similarity falls from 0.539 to
0.329 on NELL, from 0.646 to 0.038 on Wiki, from 0.434
to 0.105 on CoDEx-L, and from 0.246 to 0.063 on FB15k-
237. This strong polarization is useful when selected positives
reflect coherent neighborhoods, but becomes risky when they
are only superficial nearest neighbors. Before reconstruction,
the mean positive-pair similarities are 0.761 and 0.840 on
NELL and Wiki, but only 0.590 and 0.619 on CoDEx-L and
FB15k-237. Pulling these lower-quality pairs together injects
noise rather than recovering transferable topology. Together
with Table VII, these results explain why the reconstruction-
only variant can outperform the full pipeline on attribute-like
KGs.

V. CONCLUSION

This paper presented LAZR, an LLM-augmented framework
for Zero-Shot Relational Learning (ZSRL). LAZR leverages



IEEE TRANSACTIONS ON KNOWLEDGE AND DATA ENGINEERING 13

(a) Nearest-neighbor similarity. (b) Contrastive similarity shift.

(c) Absolute mean similarity after factor clustering. (d) Relative similarity inflation.
Fig. 6. Structural diagnostics across four datasets. Dashed lines in (c) denote the original pre-clustering means. Coherent semantic neighborhoods support
factor transfer, whereas diffuse relation spaces suffer greater similarity inflation and less reliable contrastive reconstruction.

LLM-enhanced relation descriptions and LLM-derived seman-
tic signals to improve knowledge transfer between seen and
unseen relations.

Specifically, LAZR constructs enhanced relation representa-
tions through three complementary steps. First, it uses LLMs
to generate richer and more accurate semantic descriptions
for target relations, providing a stronger textual basis for
relation representation. Second, it extracts shared relational
factors from prior relation semantics and combines these
factors to strengthen cross-relation knowledge transfer. Third,
it uses LLM-derived similarity scores to guide semantic re-
construction with ranking-based supervision, yielding relation
representations that are more sensitive to subtle distinctions
among semantically similar relations.

Built on these enhanced relation representations, LAZR
employs a generative adversarial framework to synthesize
embeddings for unseen relations and facilitate knowledge
transfer from seen relations. Experiments on real-world ZSRL
benchmarks demonstrate that LAZR consistently outperforms
mainstream baselines, and ablation studies confirm the contri-
bution of its semantic enrichment and reconstruction modules.

Our cross-dataset experiments on CoDEx-L and FB15k-
237 further show that relation semantic enhancement is not
universally beneficial. Factor clustering and contrastive learn-
ing improve performance on conceptual KGs such as NELL
and Wiki, but may degrade performance on attribute-based or
long-tail KGs such as CoDEx-L and FB15k-237. This finding
identifies a scalability boundary for relation semantic enhance-

ment techniques and suggests that future methods should
employ adaptive module selection conditioned on the KG’s
intrinsic structural properties, rather than applying uniform
enhancement pipelines across all graph types. Future work
can further explore LLM-assisted information integration, such
as combining multimodal semantic information with dynamic
knowledge graphs, to improve generalization in more complex
ZSRL scenarios.
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