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Abstract

Zero-shot Relational Learning (ZRL) aims to
perform knowledge graph completion when
dealing with newly emerging relations that have
no observed triples. However, existing ZRL
methods typically rely on external knowledge
(e.g., textual descriptions or curated annota-
tions), which increases labeling costs and lim-
its real-world applicability. To overcome this
limitation, we propose a new Structure-Aware
paradigm for ZRL, termed SAZRL, that per-
forms ZRL without relying on external knowl-
edge. SAZRL leverages intrinsic structural pat-
terns in KGs to bridge semantic correlations for
new relations with existing ones. It constructs
structure-aware conditional query graphs based
on shared entities and adaptive relation updat-
ing module to infer representations for new re-
lations based on the query graphs. We con-
duct extensive experiments on three real-world
benchmarks, NELL-ZS, Wiki-ZS and FB15K-
ZS, demonstrating that SAZRL consistently
surpasses state-of-the-art ZRL methods, achiev-
ing up to 10.66 % improvement in MRR while
eliminating external annotations.

1 Introduction

Knowledge Graphs (KGs), constructed from fac-
tual facts (i.e., (h,r,t)), play a vital role in various
tasks, e.g., drug repurposing (Kumar et al., 2025),
recommendation systems (Cui et al., 2025), and
information retrieval (Rossi et al., 2021). Despite
recent advances, most existing KGs remain largely
incomplete (Li et al., 2025; Meilicke et al., 2024).
To address this issue, Knowledge Graph Comple-
tion (KGC) has emerged as a crucial task that aims
to predict missing entities—either the tail ¢ given
a head-relation pair (h,r) or the head h given a
relation—tail pair (r,¢) (Chen et al., 2024).

Recent studies (Xu et al., 2025; Chen et al.,
2024) have made great progress in KGC. How-
ever, these methods struggle with newly emerging
relations. Although collecting new instances and

retraining models can alleviate this issue, such so-
lutions are often impractical due to the high cost of
annotation and retraining (Geng et al., 2021). To
address this challenge, zero-shot relation learning
(ZRL) (Qin et al., 2020; Dong et al., 2024) has
emerged, which aims to infer facts involving new
relations without requiring their instances.

Existing KG
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The key idea of ZRL lies in acquiring prior
knowledge (i.e., support set) for new (i.e., unseen)
relations to model semantic correlations with ex-
isting (i.e., seen) ones within the prior knowledge
space, thereby leveraging recognition experience
(i.e., model parameters) learned from seen rela-
tions to make prediction on unseen ones (i.e., guery
set) (Chen et al., 2023). For example, as shown
in Figure 1, text-based methods (Qin et al., 2020;
Li et al., 2024; Fang et al., 2025) and ontology-
based methods (Geng et al., 2021, 2022) utilize
textual descriptions or ontological schemas to cap-
ture semantic relationships between relations in the
textual or ontological space. Expert-guided meth-
ods (Dong et al., 2024), on the other hand, rely
on manually annotated relevance scores between
relations derived from expert knowledge. Although
these methods enable predictions without training
instances for unseen relations, such external knowl-
edge is not always readily available.
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Therefore, we wonder if there exists an approach
that can conduct ZRL without relying on external
knowledge (e.g., textual descriptions, ontological
schemas, or expert annotations).

In this paper, we propose such a solution. Our
goal is to encode semantic correlations among re-
lations through the structural patterns within KGs
, as semantically related relations typically share
same entities (Galkin et al., 2024; Lee et al., 2023).

To this end, we propose Structure-Aware ZRL
(SAZRL), a new paradigm that exploits structural
patterns to enable effective ZRL without relying
on external knowledge. Specifically, SAZRL con-
sists of two core components: (1) the Conditional
Query Graphs (CQG) module and (2) the Adaptive
Relation Updating (ARU) module. In CQG, we
utilize the query pairs with unseen relation (e.g.,
(h,rumseen ) or (7,rYmseen t)) to extract sub-
graph conditioned on them, which aims to identify
relations semantically similar to the query relation.
Then, the query graph for relation r*"**" can be
constructed by leveraging shared entities (e.g., h
or t) between query pairs and known facts from
the subgraph. In this graph, each node represents
a relation, and each weighted edge encodes the
semantic similarity between two relations. The
similarity between two relations is measured by
considering the entities they share. Based on this
graph, the relevant neighboring relations for un-
seen relation r*"*¢¢" are identified. The ARU then
synthesizes embeddings for “"**¢*" by aggregating
the embeddings of its neighboring seen relations
via an adaptive attention mechanism. The process
is optimized by maximizing the log-likelihood of
observed triples based on relation-entity interaction
plausibility scores.

To ensure a fair comparison, we evaluate SAZRL
against state-of-the-art ZRL. methods on three
benchmarks: NELL-ZS and Wiki-ZS, which
provide rich external knowledge for ZRL, and
FB15K-ZS, a new dataset derived from FB15K-
237 (Toutanova and Chen, 2015), which does not
include external knowledge. Extensive experi-
ments across all datasets show that SAZRL con-
sistently outperforms existing methods. Notably,
SAZRL requires no external knowledge beyond
the KG, demonstrating its advantages in reducing
annotation costs and enhancing practicality. Our
main contributions are as follows:

* We propose a new Structure-Aware Zero-
shot Relational Learning (SAZRL) paradigm

which exploits structural patterns in the KG
to perform KGC for unseen relations.

* Unlike existing methods, SAZRL enables
ZRL without relying on external knowledge,
reducing annotation costs and enhancing prac-
ticality in real-world scenarios.

* We experiment on three datasets: NELL-
7S, Wiki-ZS, and FB15K-ZS. SAZRL con-
sistently outperforms existing ZRL methods,
achieving 10.66 % and 4.33 % improvements
in MRR on NELL-ZS and Wiki-ZS, and per-
forms effectively on FB15K-ZS.

2 Related Work

Existing studies on ZRL can be broadly categorized
into three groups: text-based methods, ontology-
based methods, and expert-guided methods.

Text-based Methods. ZSGAN (Qin et al.,
2020) employs generative adversarial networks
(GANG) to encode textual descriptions of unseen
relations and generate plausible embeddings for
them. CZRL (Fang et al., 2025) introduces a
contrastive learning framework that differentiates
relation representations derived from textual de-
scriptions, thereby refining model performance.
ROCKGC (Yu and Yu, 2025) leverages LLMs to
enrich the textual descriptions of relations.

Ontology-based Methods. Ontology-based ap-
proaches leverage structured ontological knowl-
edge. OntoZSL (Geng et al., 2021) generates em-
beddings for unseen relations based on an onto-
logical schema, while DOZSL (Geng et al., 2022)
further disentangles relation representations within
the same schema, producing more fine-grained em-
beddings for unseen relations.

Expert-guided Methods. FZR (Dong et al.,
2024) advances beyond text-based approaches by
identifying the underlying semantic factors in tex-
tual descriptions through factor extraction and
shared-factor composition. In addition, it intro-
duces a human-expert—guided mechanism to re-
construct relation representations, where experts
provide relevance scores between relation pairs,
thus enhancing semantic fidelity.

Despite their effectiveness, they are highly de-
pendent on external knowledge, which may be un-
available or costly in practical settings. In contrast,
our work investigates structure-aware ZRL, which
operates without relying on such knowledge.
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Beyond the ZRL, we also note the recent rise of
fully inductive KGC task, which similarly involves
reasoning over unseen relations. We provide a de-
tailed discussion of it and clarify the fundamental
distinctions from ZRL in Appendix A.1 and A.2 .

3 Preliminaries

In this section, we provide a formal definition of
the problem of ZRL and outline the key notations
used throughout this paper.

In the context of ZRL, a KG can be formally
represented as K = (£, Rs, Ry, Ts, Tu), where
& denotes the set of entities, R and R, denote
the sets of seen and unseen relations, respectively.
Correspondingly, 75 and 7, represent the sets of
triplets involving seen and unseen relations i.e.,

Ts = {(ei, 15, €j)|ei,ej € E, 15, € R},
7; = {(eivrg>ej)|€iaej € 577‘% € RU}

Note that R; N R, = 0, indicating that the rela-
tions appearing in R, do not appear in Rs, and
vice versa. According to standard ZRL settings, as
adopted in prior ZRL studies (Geng et al., 2022;
Dong et al., 2024), a closed-world setting for enti-
ties is considered, meaning that each entity appear-
ing in 7T, also exists in 7. The objective of ZRL is
formulated as predicting the missing entity given
a query pair which consists of a query entity and a
unseen query relation. For example, for the query
pair (e;, 7}), there exists a ground-truth tail entity
e;j and a corresponding candidate set C(ei,,«z). Our
goal is to assign the highest ranking to e; among
the candidate entities €’; € C, ,u).

During training, the set of seen triplets 7 is par-
titioned into two subsets. The first subset, denoted
as Ty = {(es, % ej) | eiej € €, 17° € Ras},
serves as a background KG and provides the triplets
involving seen relations. The second subset, de-
noted as Tz, = {(e;, 73", €5) | €i,ej € €, 1" €
Rsu}, is used for training and simulates the triplets
involving unseen relations. Here, Rss C R,
Reu C Rs, and Rgs N Rey = 0. Meanwhile,
the set of unseen triplets 7, is further divided into a
validation set 7,; and a testing set Ty to evaluate
the performance of the proposed method.

It is worth noting that during the training phase,
T is dynamically sampled from 7, with the re-
maining triplets used as 7. In other words, 7z, and
7T, are not fixed throughout training. For clarity
of exposition, we present our method assuming a

fixed partition in the following descriptions. Addi-
tionally, during the validation and testing phases,
the entire 75 is used as the background KG.

4 The Proposed Method

In this section, we present a detailed description
of our proposed method, SAZRL. The detailed Al-
gorithm of training and testing is provided in Ap-
pendix B. SAZRL consists of three components:

1. the structure-aware Conditional Query Graph
(CQG) construction module (Figure 2(a)-(c)):
Constructs conditional query graphs based on
query pairs to establish correlations between
seen and unseen relations by leveraging struc-
tural patterns in the KG;

2. the Adaptive Relation Updating (ARU) mod-
ule (Figure 2(d)): Updates relation represen-
tations by aggregating neighboring seen rela-
tions through attention index to generate em-
beddings for unseen ones;

3. the Relation-Entity Interaction Modeling mod-
ule (Figure 2 (e)): Models relation—entity in-
teractions and optimizes the model through an
interaction scoring function.

4.1 Structure-Aware CQG Construction

We decompose the CQG construction process into
two components: (1) conditional subgraph ex-
traction (Figure 2 (a-b)), and (2) query graph
construction (Figure 2 (c)).

The goal of conditional subgraph extraction is to
identify relations semantically similar to the query
relation, which typically share entities and exhibit
clustering (Ding et al., 2025; Lee et al., 2023).

To begin with, during training, each triplet in 7,
is decomposed into two binary query pairs. For ex-
ample, the triplet (e;, 7", e;) is split into (e;, r7")
and (r}", e;). Note that only a single query pair
(e.g., (e;, 7}, 7)) is used during testing to prevent
data leakage. Based on these two query pairs, we
extract a subgraph S;%Z from the background graph
T,4. Specifically, we extract the entities e; and e;
from the query pairs (e;, ;) and (1", e;) respec-
tively, to construct an entity set denoted as 5; K

Since all entities in ngu are observable in 7, we
uniformly sample the two-hop neighbors for each

entity in £,* from 7, to construct the entity set
gl

p- To avoid exponential expansion, we limit
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Figure 2: Overview of SAZRL with the query pair (e1,77,?) as an example. A weighted query graph is built, where
e bridges the unseen relation r; and seen relations r;-7¢, allowing 7 to be inferred from its neighbors.

the number of neighbors to at most 50 per hop in
line with common practice. Then, the subgraph
conditioned on relation ;" is defined as:

Tt

2SS o\, o, Erlscu
(627rk763)|eue]6 sub?

S

= rif € Res). (1)
Given the subgraph S;EZ and the query pairs ex-
tracted from 7., we build a relation-conditioned
query graph G%" as a weighted graph. In G"%",
each node represents a relation, and each edge
weight encodes the semantic similarity between the
corresponding pair of relations. Intuitively, mul-
tiple similarity measures can be used to encode
semantic relatedness, e.g., co-occurrence, jaccard
similarity, and positive pointwise mutual infor-
mation. For clarity, we present the co-occurrence-
based similarity formulation here. The other two
similarity measures, along with their comparative
experimental results, are provided in Appendix C.
To construct G+, we first define two matrices:

M, € Rnx(m+m’), M, € ]Rnx(erm’)7 )
where n denotes the number of entities in the sub-
graph S;’jb, m is the number of relations in S;ﬁb,
and m’ is the number of relations derived from
query pairs. The matrices M}, and M; encode the
frequency with which each entity appears as a head
or tail entity, respectively. For instance, Mj][i, j]
indicates the number of times entity e; appears as
the head entity of relation r;. Next, we compute
the relation similarity matrices as:

G = MID*My,  GF = MID72M;,  (3)
where the Dy, D; € R™" denote diagonal ma-
trices representing the degrees of entities when
they act as head and tail, respectively. Specif-
ically, Dp[i,i] = }_; Mp[i,j] and Dyfi,i] =
> Mu[i, j]. The use of D; ? and D; ? ensures

that the similarity weights in g};’iu and g[ B are nor-
malized to sum to one, which helps mitigate the
impact of imbalanced entity participation across re-
lations. Finally, the query graph G"+" is represented
as an adjacency matrix, defined as follows:

g =G L g, gt e Rimm)x(mem) - (4)
where each element s;; € G denotes the seman-
tic similarity between relations 7; and 7. This
formulation enables the modeling of correlations
between seen and unseen relations without relying
on external knowledge beyond KGs. Note that the
query graph is not designed to identify an “optimal”
set of similar relations; rather, it defines a reason-
able neighborhood for the target unseen relation.

4.2 ARU: Adaptive Relation Updating

For eachrelation 7, (k = 1,2,...,m+m/)inG"* ",
we associate a feature vector x5 € R?, where d is
the feature dimension. Following prior work (Yang
et al., 2024), we initialize x; using Glorot initial-
ization (Glorot and Bengio, 2010). We define the
hidden representation of each relation r, at layer [
as hﬁc e R¥, where d' is the dimensionality of the
hidden space. The superscript [ indicates the [-th
layer in the network, with [ = 0,...,L — 1. For
each relation r, the hidden representation at layer
[+ 1 is computed by aggregating the weighted hid-
den representations of its neighbors and itself from
layer I. We also incorporate residual connections at
each layer to effectively preserve and leverage the
hidden representations across layers. The update
rule is formally defined as:

l
P = 01 (5, e, b W) + KBE) . (5)

Here, W', K! € R¥*4" are learnable parameter
matrices at layer [. The set Ny denotes the neigh-
bors of relation 7 in G. The function o1 (-) denotes
the activation function which is implemented as
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ReLU (Glorot et al., 2011) in our method. The
initial hidden representation at layer 0 is computed
as h% = W'z, where W’ € R? %% is a learnable
projection matrix. aij y denotes the attention weight
between relations 7, and r;, which is formally de-
fined as follows:

exp (wlag(cij) + oll(k’j))

L _

(6)

[ l
er/e/\/k exp (wlag(ckj/) + Oj(k-,j’))

where the activation function oy(-) is set to
LeakyReLLU (Maas et al., 2013). A learnable row
vector w! € RY*? is applied after oy (+) to mitigate
the static attention problem, as discussed in (Brody
et al., 2021). The term cfk y is introduced to model
semantic interactions between relations 4, and ;.
Additionally, following (Lee et al., 2023), we incor-
porate a global similarity bias ol[( kj)? which serves
as a learnable scalar determined by the discretized
ranking of the similarity score s; within the query
graph G"+". Specifically, we define

dhy = URLIRLL,  I(k,j) = [*G=E] (1)
where U! € R?*2? is a learnable parameter ma-
trix used to capture semantic information between
rr, and rj. The symbol || denotes the concate-
nation operation. rank(sy;) denotes the rank po-
sition of si; among all non-zero elements in G
sorted in descending order. |G| denotes the
number of non-zero elements in G. The similar-
ity scores are discretized into B bins, with each
bin index I(k,j) € {1,..., B} corresponds to a
learnable parameter Olf(lw')’ selected from the set
{ol,...,05}. Finally, the output embedding 2
of relation ri(k = 1,2,...,m + m/) is defined
as: zp = Ph’,i, where P € R%*? ig a learnable
projection matrix that maps the final hidden repre-
sentation to a output space of dimension d.

4.3 Relation-Entity Interaction Modeling

Given a closed set of entities, we define each en-
tity’s embedding as v; € R? (t = 1,...,n"), where
n' is the number of entities in T4 and vy is learnable.
With the embedding z;, for each relation 7y, we can
model the relation-entity interaction using various
interaction methods (e.g., translation, product
and rotation). For clarity, we follow previous ZRL
studies (Qin et al., 2020; Dong et al., 2024) and
define our interaction function as:

flei,ri, ej) = vdeiag(zk)vj, (8)

where diag(z;) is a diagonal matrix whose
diagonal elements are given by zp. With the
scoring function, following (Ge et al., 2023), we
derive a Log-Likelihood objective function with
self-adversarial negative sampling, formulated as:

L = —logos (f(eirk, ej)) )
= Y pltriwil{(ei i e5)}) logas (= f(trin;))

triri; €Sk
— > pltrig{(eirrse))}) log s (= f(tring))

tr; ;0 €St
where o3(-) denotes the sigmoid function. For
convenience, we denote the triplets (e;, 7y, €;)
and (ei,rk,ej/) as tryy; and tr;;, respectively.
trig; and try; are negative triplets sampled
from the negative sets S; and S;, generated by
replacing the head or tail entities of (e;, 7, €;).
p(triwgl{(ei,r. €5)}) and p(trigg[{(ei, re, €5)})
are the probabilities of sampling tr;/;; and tr;y;/,
respectively. For example, given a positive triplet
(€i, 7k, €j), the sampling probability of ¢r;;: is
defined as:

A
p(triy|{(ei, T, €5)}) = W? (10)
Ay = exp(f(trikg)), Ay = exp(Tf(trigg)), (11)

where 7 is the temperature hyperparameter of sam-
pling, which is set to 0.5 in our experiments.

5 Experiments

5.1 Datasets and Evaluation Metrics

To the best of our knowledge, there are only two
publicly available benchmarks for ZRL, namely
NELL-ZS and Wiki-ZS, both introduced by (Qin
et al., 2020) and adopted by subsequent work
(Dong et al., 2024; Fang et al., 2025). These bench-
marks are derived from real-world KGs: NELL!
and Wikidata? , respectively. Both datasets pro-
vide an ontological schema over relations, where
each relation is accompanied by textual descrip-
tions and expert annotations. To further evaluate
the performance of mothods in the absence of ex-
ternal knowledge, we further construct FB15K-ZS
from FB15K-237 (Toutanova and Chen, 2015) fol-
lowing (Qin et al., 2020). For each dataset, the
triplets 7, is divided into validation set 7,,; and
test set Tiest, With relation sets denoted as R,y
and R;.st, respectively. Table 2 lists the dataset
statistics using the notion defined in section 3.

'NELL: http://rtw.ml.cmu.edu/rtw/
“Wikidata: https://www.wikidata.org/
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Table 1: Performance comparison of ZRL methods on NELL-ZS and Wiki-ZS datasets. The optimal results are

denoted in bold, while the sub-optimal results are underlined. “~” indicates the model is unavailable on the dataset.
Condition Method NELL-ZS Wiki-ZS$ FB15K-ZS
wio Text w/o Onto w/o Exp MRR Hits@10 Hits@5 Hits@1|MRR Hits@10 Hits@5 Hits@1| MRR Hits@10 Hits@5 Hits@1
X v v/ |ZS-TransE 0.097 0203 0.147 0.043 [0.053 0.119 0.081 0.0I8 [0.015 0027 0011 0.03
X v v |ZS-DistMult 0235 0326 0284 0.185 |0.189 0236 0.210 0.161 [0.028 0053 0.025 0.013
X v v |ZS-ComplEx 0216 0316 0267 0.160 |0.118 0.180 0.144 0.083 | 0.013 0.020 0.009 0.007
X v v |ZSGAN 0244 0371 0308 0.175 [0.193 0277 0231 0157 | - - - -
X X v/ |OntoZSL 0243 0362 0303 0.178 |0.187 0276 0230 0.149 | - - - -
v X v |DisenE+GAN 0219 0351 0288 0155 |0.190 0272 0230 0.138
v X v |DisenE+GCN 0230 0361 0292 0152 0.187 0262 0221 o137 |03 0061 0027 0010
v X v |RGAT+GAN 0222 0341 0290 0.162 [0.200 0280 0.219 0.144
v X v |RGAT+GCN 0226 0360 0289 0.160 |0.179 0268 0220 0.136 |07 0038 0014 0008
v X v/ |DisenKGAT+GAN |0.232 0359 0279 0.161 |0.190 0279 0.234 0.141
v X /  |DisenKGAT+GCN 0230 0351 0273 0.165 |0.186 0275 0227 0135 |2033 0063 0017 0012
v X v/ |DOZSL(RD+GAN) |0.234 0371 0296 0.171 |0.188 0279 0230 0.137 | - - - -
v X v/ |DOZSL(AGG+GAN)|0.227 0363 0289 0.165 |0.186 0272 0222 0.138 | - - - -
v X v |DOZSL(RD+GCN) |0.237 0375 0309 0.161 |0.177 0267 0220 0.138 | - - - -
v X v/ |DOZSL(AGG+GCN)|0.225 0358  0.300 0.164 |0.191 0275 0227 0.135 | - - - -
X v X |FZR7ranse 0213 0334 0276 0.149 [0.193 0267 0220 0.150 | - - - -
X v X |FZRpjstaruie 0234 0346 0293 0.174 |0.208 0281 0239 0.163 | - - - -
X v v/ |CZRL 0244 0370 0314 0.164 [0.199 0280 0233 0151 | - - - -
v v v SAZRL (ours) 0.270 0.400 0.343 0.196 {0.217 0.296 0.251 0.172 | 0.152 0.336 0.233 0.071
Improvement (%)  |10.66 6.67 924 595 | 433 534 502 552 [360.61 40149 762.96 446.15

Table 2: Details of existing ZRL datasets. |.A| denotes
the number of elements in set A.

Dataset €] [Rs| |Rvat] |Rtest|  |Ts| [Toat] | Teest|
NELL-ZS 65,567 139 10 32 181053 1856 5483
Wiki-ZS 605,812 469 20 48 701977 7241 15710
FB15K-ZS 10399 191 23 21 209133 25174 17501

For evaluation, we follow the standard prac-
tice (Geng et al., 2021; Dong et al., 2024) and
report Mean Reciprocal Rank (MRR) and Hits@K
(K € 1,5,10) to assess the performance of both
baselines and our method.

5.2 Baselines and Implementation Details

We conduct extensive comparative experiments of
SAZRL against state-of-the-art ZRL methods with
publicly available code. The baselines include the
ZRL variants of classical KGE models (ZS-TransE
, ZS-DistMult, and ZS-ComplEx) from (Qin
et al., 2020), text-based methods (ZSGAN (Qin
et al., 2020), CZRL (Fang et al., 2025)), ontology-
based methods (OntoZSL (Geng et al., 2021),
DOZSL (Geng et al., 2022)) and expert-guided
methods (FZR (Dong et al., 2024)). For DOZSL,
we evaluate four variants combining ontology
encoding strategies—neighborhood aggregation
(AGG) or random initialization (RD)—with ZRL
models using either GAN (Goodfellow et al.,
2020) or GCN (Kipf and Welling, 2016). Follow-
ing DOZSL, we also include RGAT (Busbridge
et al., 2019), DisenE (Kou et al., 2020), and Dis-
enKGAT (Wu et al., 2021)—using either GAN or

GCN as the downstream ZRL models. For FZR
(Dong et al., 2024), we evaluate two variants pre-
trained with TransE and DistMult, respectively.
More implementation details are provided in Ap-
pendix D.1, D.2, and D.3. The code and data are
available at https://github.com/XKKuan/SAZRL.

5.3 Performance Comparison

The performance of SAZRL in comparison with
ZRL baselines is presented in Table 1.

It is evident that SAZRL consistently outper-
forms all other methods across all benchmark
datasets. Specifically, compared to the sub-optimal
results, SAZRL yields an average relative improve-
ment of 8.57% on NELL-ZS and 5.05% on Wiki-
ZS across four metrics. Noting that these improve-
ments are computed relative to the best overall
results among all baselines, rather than those of
individual models. Moreover, we categorize all
methods based on the type of external knowledge
they require: textual descriptions (Text), ontologi-
cal schemas (Onto), and expert annotations (Exp).
A key advantage of SAZRL is that it does not rely
on them, making it particularly valuable in sce-
narios where KGs lack such resources. For in-
stance, in FB15K-ZS where no external knowledge
is available, SAZRL still achieves remarkable per-
formance, while existing methods struggle to make
predictions or even fail to run.

The effectiveness of SAZRL can be attributed to
empirical regularities reported in (Lee et al., 2023),
where semantically similar relations in a KG tend
to share common entities, resulting in a natural clus-
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tering effect. This provides a strong inductive bias
that facilitates generalization from seen to unseen
relations, eliminating the need for external seman-
tic annotations. To further explore the question,
"Why are structural patterns effective for ZRL?",
we conduct an empirical analysis, which can be
found in Appendix E. We also observe the similar
regularities in our experiments (see Appendix F).
Leveraging this, SAZRL constructs query graphs
based on shared query entities, effectively captur-
ing semantic correlations between seen and unseen
relations. This enables SAZRL to infer meaningful
representations for unseen relations by aggregat-
ing representations from their semantically related
neighbors, thereby enabling robust ZRL reasoning.

5.4 Ablation Study

We conduct ablation studies to evaluate the contri-
bution of each component in SAZRL on NELL-ZS
and Wiki-ZS. The results are shown in Table 3.
Specifically, for the CQG module, we examine the
effect of two components: (1) w/o query graph:
without the query graph, the representations of un-
seen relations are learnable and initialized using
Glorot initialization. (2) w/o subgraph: only re-
lations directly connected to the query entity are
used to construct the query graph, without two-
hop expansion. For the ARU module, we evaluate
three variants: (3) w/o similarity bias: the global
bias term olI(k,j) is removed from Eq. (6). (4) w
sum: the representation of an unseen relation is
computed by summing the representations of its
neighboring seen relations. (5) w avg: the rep-
resentation of an unseen relation is computed by
averaging the representations of its neighbors.

Table 3: Results of the ablation experiments.

Data Method MRR Hits@10 Hits@5 Hits@1
w/o query graph  0.018  0.029 0.019  0.009
4 w/o subgraph ~ 0.261 0386  0.332  0.190
1 | w/o similarity bias 0.264  0.394 0333 0.192
= w sum 0246 036 0307 0.183
Z w avg 0.258 0385 0331 0.187
SAZRL 0.270  0.400  0.343  0.196
w/o query graph  0.035  0.061 0.043  0.016
n w/o subgraph  0.208  0.282 0.238  0.164
Ff w/o similarity bias 0.209  0.284 0.238  0.165
§ W sum 0.208 0283 0237 0.165
W avg 0213 0289 0243 0.169
SAZRL 0217 0296 0251 0.172

Overall, each component of SAZRL contributes
positively to its performance. Removing any com-
ponent results in a performance drop to varying
extents. Meanwhile, through the ablation experi-

ments, we can draw the following conclusions: (I)
From experiment (1), it is evident that the repre-
sentations of unseen relations can be derived from
seen ones. This process can be effectively achieved
using only the structural patterns within the KG.
(IT) Experiment (2) shows that constructing a sub-
graph is beneficial. This may be because the query
graph derived from the subgraph enables the model
to better capture multi-hop neighboring relations of
the unseen relations. Even if these relations are not
directly connected to the unseen ones, there still ex-
ist latent indirect associations. The subgraph-based
query graph facilitates the propagation of such asso-
ciations during the model’s learning process. (III)
From experiment (3), we observe that the global
bias positively contributes to the performance of
SAZRL. This may be attributed to its role in help-
ing the ARU capture global features of the query
graph, improving the generalization across diverse
query graphs. (IV) Experiments (4) and (5) indi-
cate that the strength of the correlations between
unseen and seen relations varies, which is consis-
tent with real-world scenarios. Simply summing
or averaging the representations is insufficient to
capture the complex inter-relational dependencies
between them.

5.5 Discussion on Structural Sparsity

Since SAZRL constructs the query graph based on
shared entities between seen and unseen relations,
we explore its robustness under structural sparsity
(i.e., unseen relations have few or no overlapping
entities with seen ones). Specifically, we vary the
maximum number of shared entities per unseen
relation in {0, 1,5,50} and report the MRR on
NELL-ZS and Wiki-ZS, as shown in Figure 4(a).
The results indicate that in the absence of shared
entities, it becomes difficult to capture the correla-
tions between seen and unseen relations, leading
to poor performance. In contrast, the presence
of shared entities leads to noticeable performance
improvements, as they help establish meaningful
connections between unseen and seen relations. An
interesting observation is that the MRR does not
change significantly as the number of shared enti-
ties increases from 1 to 50. One possible reason
is that semantically similar relations exhibit a clus-
tering effect: even when the shared entities differ,
the neighbors tend to be similar. For example, in
NELL-ZS, we compute the Jaccard and Overlap
indexes of neighbors for the same query relation
across different query entities. The average val-
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Figure 3: Results of case study. SAZRL effectively infers unseen relations by leveraging structural patterns in KGs.

ues are 0.39 and 0.72, respectively (refer to Ap-
pendix F for details). These results suggest that
even with one shared entity, similar relations can
still be captured to a certain extent.

To further validate this hypothesis, we conduct
additional experiments under the condition that
the number of shared entities is fixed at one. For
each query relation, we randomly retain at most n
€ {0, 1,3, 10,20} neighbor relations and report the
average MRR over five independent runs. The re-
sults are presented in Figure 4(b). A clear trend can
be observed: as the number of neighbor relations
increases, the performance of SAZRL gradually
improves and gradually stabilizes. This is because
when the number of neighbor relations is small
(i.e., neighbor sparsity) (e.g., 1 or 3), the cluster-
ing effect weakens, the randomness and sparsity
of neighbor relations increases, making it more
difficult to establish reliable correlations and thus
leading to degraded performance. In contrast, as
the number of neighbor relations grows, the oppo-
site effect occurs—the clustering effect strengthens,
and randomness decreases, enabling SAZRL to ef-
fectively capture correlations. The results provide
empirical support for the above hypothesis. Build-
ing on this observation, we also plan to explore
strategies to mitigate neighbor sparsity in future.

(a) (b)

0.30 0.30
0.25 0.254
0.201 0.201
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0. )
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NELL-ZS =/— NELL-ZS

0.059 wiki-zs | | 0% = Wiki-ZS
0.0045 . : 10,005 : = =

20

0 1 5 50 0 1 3 10
Number of Shared Entities Number of Neighbor Relations

Figure 4: Discussion on Structural Sparsity.

5.6 Case Study

In this section, we present a case study to offer
a more intuitive and concise qualitative analysis
of SAZRL. Specifically, leveraging the semantic
annotations provided by the NELL-ZS dataset, we
report the top-3 seen relations most strongly associ-
ated with several unseen relations—namely, “Wife
of’, “CEO of”, and “Team coach”—as learned
by SAZRL. In addition, we visualize the cluster-
ing patterns of relation representations induced by
SAZRL using t-SNE (Maaten and Hinton, 2008).
The corresponding results are shown in Figure 3.
The results clearly show that: (I) SAZRL effec-
tively infers unseen relations by leveraging struc-
tural patterns in the KG. For instance, given the
unseen relation "Wife of," SAZRL retrieves seman-
tically related seen relations from the background
graph 7, such as "Has spouse”, "Mother of per-
son", "Has family member". Intuitively, these rela-
tions provide strong semantic cues that facilitate the
inference of the target relation. This highlights the
effectiveness of SAZRL in capturing semantic cor-
relations between relations solely from structural
information. (I) SAZRL has the ability to distin-
guish between relations. Across all three clustering
results, it is evident that for a given unseen relation,
its semantically related relations (either direct or
indirect) are grouped together with it. In contrast,
other relations are clearly separated and placed far
from this cluster. (III) We further observe that the
construction of the query graph in SAZRL is con-
ditioned on different query relations, as described
in section 4.1. As illustrated in Figure 3, distinct
unseen relations exhibit noticeably different cluster-
ing patterns in the learned relation representations.
This design exposes SAZRL to multiple relation-
specific Query Graphs during training, thereby en-
hancing its generalization capability and mitigating
the risk of overfitting to a single graph structure.
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All of these observations provide strong empirical
support for our initial motivation.

6 Conclusion and Future Work

In this paper, we propose SAZRL, a new paradigm
that leverages structural patterns within KGs to
facilitate ZRL. Extensive experimental results indi-
cate that SAZRL consistently outperforms state-of-
the-art ZRL methods while exhibiting strong poten-
tial for real-world applicability without relying on
external knowledge. Inspired by this work, we plan
to extend our research in the following directions:
(1) exploring more robust relation representation
strategies under neighbor sparsity, to better infer
unseen relations when only limited structural con-
text is available; (2) investigating more expressive
structural encoding methods for capturing richer
semantic correlations; and (3) extending ZRL to
settings involving unseen entities, which presents a
more challenging scenario for KGC.

7 Limitations

Since SAZRL performs inference solely based on
the structural patterns of a given KG, it inevitably
faces certain limitations. One limitation is data
sparsity: semantically similar relation pairs may
be missed if they do not share any entities, which
prevents the model from capturing their correla-
tions. Another limitation arises from unavoidable
noise in KGs, as the construction process may intro-
duce false-positive or false-negative facts, thereby
adversely affecting structural inference.
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A Differences between ZRL and fully
inductive KGC.

A.1 Difference in Tasks

Although fully inductive KGC also involves rea-
soning over unseen relations, its objective is to
evaluate a model’s ability to generalize to unseen
KGs, which is more appropriately characterized
as a transfer learning problem across KGs (Galkin
et al., 2024).

From the perspective of benchmark construction,
in addition to the training, validation, and test splits,
an extra inference graph is provided. Inductive
KGC methods are trained on the training set and
evaluated on the inference graph to assess their
generalization ability across KGs. All entities and
relations appearing in the validation and test sets
are observed in the inference graph, which serves
as the basis for evaluating a model’s generalization
performance (Lee et al., 2023).

In contrast to inductive KGC, ZRL exhibits a fun-
damentally different problem setting. ZRL bench-
marks do not provide an inference graph, which
implies that facts involving unseen relations ap-
pear only in the validation and test sets and are
entirely unobservable for models. Consequently,
the research question in ZRL is how to predict facts
involving unseen relations when triples containing
those relations are unavailable. From the perspec-
tive of handling unseen relations, ZRL is therefore
better characterized as a problem of discovering
and modeling unseen relations, rather than learn-
ing to generalize across KGs containing unseen
relations, as in inductive KGC.

In short, inductive KGC assumes unseen rela-
tions are observable through an inference graph at
inference time, whereas ZRL assumes no such ob-
servations are available. As a result, ZRL addresses
the qualitatively different and more challenging
problem of identifying and modeling entirely un-
seen relations without any relational instances. For
a more detailed and formal comparison between
these task settings, we refer readers to prior studies
(Goodfellow et al., 2020; Lee et al., 2023; Galkin
etal., 2024).

A.2 Difference in Methods

As discussed in the previous subsection, inductive
KGC and ZRL differ fundamentally in task formu-
lation and benchmark construction.

Our research on SAZRL is developed specifi-
cally for the ZRL setting. It is inspired by the intu-

ition from inductive KGC that semantically related
relations tend to share similar entity sets (Ding
et al., 2025; Galkin et al., 2024; Lee et al., 2023).
Importantly, this intuition is adopted at a concep-
tual level rather than by assuming access to rela-
tional instances or an inference graph. Accordingly,
SAZRL introduces a task-specific graph construc-
tion and inference mechanism that is fundamentally
different from those used in inductive KGC.

Due to the absence of an inference graph and
the complete lack of relational instances for un-
seen relations in ZRL benchmarks, SAZRL can-
not directly leverage structural information in the
manner of inductive KGC methods. Consequently,
despite the shared intuition, SAZRL differs funda-
mentally from the aforementioned inductive KGC
approaches in the following aspects. Specifically,
inductive KGC methods typically construct a sin-
gle global relation graph over the entire inference
graph. Such a design introduces several limita-
tions when considered under the ZRL setting: (1)
it relies heavily on relational instances of unseen
relations present in the inference graph; (2) the
construction and maintenance of a global rela-
tion graph may not scale well to large-scale KGs;
and (3) modeling all relations within a single re-
lation graph increases the risk of overfitting.

In contrast, SAZRL constructs query-specific
graphs based on query pairs and observable entity
anchors, without assuming access to an inference
graph or relational instances of unseen relations.
This design makes SAZRL naturally applicable to
the ZRL setting and helps mitigate overfitting by
avoiding reliance on a single global relation graph.
Moreover, by operating on local subgraphs rather
than the entire KG, SAZRL remains efficient and
scalable on large-scale KGs.
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B Algorithm

In this section, we present the detailed training
and testing (Take, for example, predicting the tail
entity ¢ given a head—relation pair (h,7).) process
of SAZRL in Algorithm 1 and Algorithm 2.To en-
hance clarity, some inherently parallel operations
are illustrated using sequential loop constructs.

Algorithm 1 Training Process of SAZRL

Require: 7: training triplet set, numy,.,: number
of negative samples, 6: learnable parameters
of SAZRL, [lr: learning rate

1: while not converged do
2:  Shuffle the triplets in 7.
3 for 73, Ty, C Ts do

4: 5,1 + 0.

5

6

for each (e;, 75", ¢;) € Ty do
Split (e;, 75", e;) into (e;,75") and

,,,su T.su
(ri,e5). EF & U {ei, ej}.
7: end for
T-Z?L
8 Er 0. N
9: for each e; € £,* do
10: Construct E;E hop of e; from 7.
) et e i
11: Egip < E 8 U 52_hop.
12: end for .
13: Construct S;’;g using Eq. 1.
14: Construct G"= using Eq. 2-4.
15: Initialize 27" and vy for r;* and e; in gri.

hgeW’xZ“.
16: for[=0,...,L —1do

17: Update h;jl using Eq. 5.

18: end for

19: 23 < PRhE. Lonean < 0.

20: for (e;, 77", e;) € Tir do

21: Sy, @, S; 0.

22: for n = 1 to numy,ey do

23: if replace head entity then
24: Sp, eShU{(ei/,rz“,ej)}.
25: end if

26: if replace tail entity then

27: S; %Stu{(ei,r;‘;“,ej/)}.
28: end if

29: end for

30: Define £ according to Eq. 9.
31: Linean < Lmean U {L}.

32: end for

33: Linean < mean(Lpean)-

34: 0 < Adagrad(VoLmean, 0, 11).
35:  end for

36: end while

Algorithm 2 Testing Process of SAZRL

Require: 7;: Background triplet set, T;.s:: Test-
ing triplet set
1: while not end do
for each query (e;, ), €1) € Tiest do

T Ty
gq — €4, gsub

2

3 + 0.

4 for each ¢; € 6’;’“ do

5 Construct E; o op of e; from 7.
) % Tk Tk

6: gsub — gsub U gQ—hop'

7 end for

8

9

Construct ngb through Eq. 1.
Construct G"% using S.*, and (e;, 7Y, ?)
through Eq. 2-4.

10 Get z}; as representation for relation 7.

11: Set A + W'zl

12: for(=0,...,L —1do

13: Get hﬁjl using Eq. 5.

14: end for

15: Z% « PhE.

16: Get score s; of (e;, 1, ;) through Eq. 8,
Scores < {st}

17: for each candidate e; € Cee;, ry;) do

18: Get s; of (e;, 1}, e;) through Eq. 8.

19: Scores < Scores U {s;}

20: end for

21: Get the rank of (e;, 7}, ;) from Scores.

22:  end for

23: end while
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C Analysis on Different Conditions of
The Constructed Query Graph

In this section, we investigate different config-
urations of the constructed query graphs in the
CQG module. Specifically, in addition to the co-
occurrence-based similarity (CS) among relations
described in section 4.1, we evaluate two alterna-
tive measures: jaccard similarity (JS) and positive
pointwise mutual information (PPMI) similarity.

For clarity, we follow the notation introduced in
section 4.1. The JS score between relations 7 and
r1 1s then defined as:

SJS(rkv ’I"k/) = S.;LS (’f’k, ’I"k/) + Siac(rk’a ’I“k/), (12)
IS _ |H(rg) 0 H(ry)|

Sh (Tk,?"kl) - ‘H(Tk) U H(’I”k;/)|7 (13)
IS _ T (re) NT(rp)]

St (Tkv Tk’) - ’T(T‘k) U T(’I”k/)| ) (14)

H(Tk:) = {61' | Mh[i7 k] > 0}7 (15)

T(rk) = {ei | Mt{%k"] > 0}7 (16)

where M}, [i, k] and M,[i, k| denote the frequency
matrices introduced in section 4.1, which record
how often each entity appears as a head or tail
entity, respectively. For PPMI, we first define joint
and marginal probabilities for entities and relations
at the head position as follows:

Mh[i’ k]
€, Tk) = =, amn
Ph( k) Zi’,k' My i, K]
prle) =Y palei,rn), (18)
k
prl(re) = prlei, ). 19)
The PPMI is then computed as:

PPMI, (e;, 7) = max(PMIy(e;, ), 0), (20)
PMIy, (e;, 73,) = log _pnleimn) Q1)

pr(€i)pn(re)

Each relation ry, is the represented as a head-based
PPMI-weighted vector:

&y, (1) = [PPMI,(e1,71), ..., PPMI, (e, 74)] L
(22)

The head-based PPMI similarity between two rela-
tions is computed using cosine similarity:

& () T by (ri)
|bn(ri)ll2 [ (ra)ll2

M) =

(23)

The same procedure is applied to M; to obtain
sPPML(pp ry). The final PPMI similarity score is
then defined as:

PPMI

PPMI
TkyTk!) = S},

s (re, ) + st

(Tka Tk ) .

(24)
For all similarity measures, the similarity scores
are normalized to to sum to one.

We conduct comparative experiments on the
NELL-ZS and Wiki-ZS datasets using these three
similarity measures (CS, JS and PPMI), and report
the performance of SAZRL in terms of MRR and
Hits@10. The results are presented in Table 4.

Table 4: The performance of SAZRL with various simi-
larity measures on NELL-ZS and Wiki-ZS.

Simmilarit NELL-ZS Wiki-ZS
MHAY  MRR  Hits@10 MRR  Hits@10
cs 0270 0400 0217 0296
IS 0266 0394 0213 0291
PPMI 0272 0399 0218  0.299

Overall, the results indicate that SAZRL is ro-
bust to the choice of relation similarity measure.
All three similarity measures achieve compara-
ble performance across both datasets, suggesting
that the effectiveness of SAZRL primarily stems
from its ability to exploit structural regularities
in the knowledge graph rather than reliance on
a specific similarity definition. Although PPMI
slightly outperforms CS—consistent with the in-
tuition that PPMI better suppresses the influence
of high-frequency hub entities—the performance
differences among similarity measures are minor.
This may be partly because degree normalization
already mitigates much of the frequency bias, and
partly because the adaptive relation updating mech-
anism effectively compensates for imperfections
in the initial similarity estimation. In contrast, Jac-
card similarity consistently yields slightly lower
performance, likely due to its sensitivity to sparse
co-occurrence patterns.
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D Implementation Details

D.1 Details For SAZRL

All experiments are conducted on a Linux server
equipped with NVIDIA RTX 3090 GPUs (24GB
RAM). For SAZRL, we adopt Adagrad (Duchi
et al., 2011) as the optimizer, with the learning rate
selected from {1le-4, 5e-4, 1le-3, 5e-3, le-2}. To en-
sure a sufficient search space, the embedding di-
mensions for both entities and relations are ex-
plored within {100, 200, 300, 400, 500}, and the
hidden dimension of relations is set to twice the
size of the initial relation embedding. For NELL-
ZS and FB15K-ZS, the B is set to 5, and for Wiki-
ZS, it is set to 10. During each training epoch,
we randomly sample 500 triplets from 7 to con-
struct Ty, with the remaining triplets forming the
background KG 7. For negative sampling, we gen-
erate 1,000 negative triplets per positive example
on NELL-ZS and 3, 000 on Wiki-ZS and FB15K-
ZS by randomly corrupting the head or tail entity.
To ensure reliability, we conduct five independent
experiments with the optimized hyperparameters
and report the mean results.

D.2 Details For Baselines

For ZS-TransE, ZS-DistMult, and ZS-ComplEx
proposed by (Qin et al., 2020), we report their re-
sults as presented in the paper (Qin et al., 2020),
due to the lack of publicly available code and de-
tailed experimental settings. For ZSGAN (Qin
et al., 2020) and OntoZSL (Geng et al., 2021),
we adopt DistMult (Yang et al., 2014) as the pre-
training method to encode entity embeddings. We
re-ran the experiments in our environment using
the optimal hyperparameters provided in the re-
leased source code, to ensure fair and consistent
evaluation. For RGAT (Busbridge et al., 2019),
DisenE (Kou et al., 2020) and DisenKGAT (Wu
et al., 2021), we conduct experiments based on
the source code provided by (Geng et al., 2022).
Along with DOZSL (Geng et al., 2022), we report
the results conducted with the optimal hyperparam-
eters provided in the source codes. For FZR (Dong
et al., 2024), since it was not originally evaluated
on the standard dataset splits, we reimplemented
the experiments using the provided source code >
on the standardized benchmarks. It is worth not-
ing that we performed hyperparameter tuning for
FZR to obtain the best possible results for a fair

3https://github.com/Junslow33 1/FZR

comparison. Specifically, following the standard
FZR setup, we use TransE and DistMult as the pre-
training models to encode the embeddings of entity
pairs. We tune learning rates {lrp,rp,lrg} over
{be-3, 1le-3, be-4, le-4, 5e-5}, respectively. In ad-
dition, we search the dimension of fcl4;,, within
{200, 250, 300, 350}. Other hyperparameters are
set to the optimal values reported in paper. For
CZRL, since neither the official code nor the data
split specifications are publicly available, we reim-
plemented the method based on the detailed compu-
tational descriptions provided in the original paper
and its architectural similarity to ZSGAN (Qin
et al., 2020). Experiments were conducted on
datasets with standard splits. For shared hyper-
parameters, we followed the settings used in ZS-
GAN. In addition, we performed a grid search
over the learning rate and \;, with learning rates
selected from {le—4,5e—4,1e—3,5e—3,le—2}
and \; from {0.2,0.4,0.6,0.8}.

D.3 Baselines for FB15K-ZS

Since FB15K-ZS lacks external knowledge (e.g.,
textual descriptions, ontological schemas, or ex-
pert annotations), existing ZRL methods that rely
on such knowledge cannot be applied. Therefore,
when comparing to baselines, we evaluate their
performance in the absence of external knowledge.
Given that many ZRL methods share similar base
models in the absence of external knowledge, we
focus on comparing the performance of these base
models. The models include: TransE, DistMult,
ComplEx, DisenE, RGAT, and DisenKGAT. The
corresponding results are shown at the respective
ZRL variant positions.
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Table 5: Clustering effect of similar relations.

Query Realtion Query Entity Neighbor Relations Jaccard Index Overlap Index
Wife of Female:Laura_bush ~ Has spouse, Has family member 0.503 0.873
. Worker, Person leads organization,
f : hafel . . 74
Ceoo Ceo:gregg steinhafe Agent controls, Agent collaborates with agent, etc. 0.355 0.748
Team coach Sportsteam:titans Organization hired person, Team member, 0.445 0.815

Organization has agent, Worker, etc.

E Why Structural Patterns Are Effective
for ZRL?

In this work, we leverage the structural patterns
inherent in KGs to infer unseen relations, using
these patterns as a prior for ZRL. Below, we explain
why structural patterns are effective for ZRL.

KGs encode human knowledge through struc-
tured relational interactions, rather than random
connections. A key empirical observation is that
semantically related relations tend to interact with
similar sets of entities, leading to a clustering effect
in the relational structure (Lee et al., 2023). This
suggests that relation semantics are implicitly cap-
tured in entity co-occurrence patterns. Thus, the
structure of a KG serves as an observable surrogate
for latent relation semantics, where shared entity
distributions across relations indicate high mutual
information. Analyzing the relational structure sig-
nificantly reduces uncertainty about the meaning
of relations. SAZRL makes this implicit signal
explicit by constructing query graphs. As a re-
sult, unseen relations can be inferred based on their
proximity to structurally similar relations.

In summary, when a KG exhibits sufficient non-
random organization, its structural regularities pro-
vide a strong inductive bias for generalizing from
seen to unseen relations, eliminating the need for
external semantic annotations.

F Clustering Effect of Similar Relations

In this section, we report the clustering effect of
similar relations. Specially, semantically simi-
lar relations in a KG tend to share common en-
tities (Lee et al., 2023), resulting in a clustering
effect. Since the NELL-ZS dataset provides re-
lation semantics, we conduct related experiments
on it for ease of observation and analysis. Specifi-
cally, we take the query pairs (Female:laura_bush,
Wife of, ?), (Ceo:gregg_steinhafel, Ceo of, ?),
and (Sportsteam:titans, Team coach, ?) as exam-
ples, and examine the neighboring relations of their
query relations in the background KG 7;,, based
on their query entities respectively. As shown in

Table 5, the neighboring relations exhibit seman-
tic similarity to the corresponding query relations.
Moreover, for each of the three query relations,
we compute the Jaccard and Overlap indices of
neighboring relations by considering all possible
pairs of query entities in Tg;, and report their av-
erage values. The Jaccard index and Overlap in-

dex can be defined as: Jaccard(A, B) = }’385:,

Overlap(A, B) = %, where A and B de-
note two sets of neighboring relations. The results
indicate that, despite variations in query entities,
majority of neighboring relations remain seman-
tically similar to the query relation. We further
extend this analysis to all query relations in Tzcgt,
and present the distributions of the Jaccard and
Overlap indices. As illustrated in the Figure 5, the
neighboring relation sets for most query relations
exhibit high similarity, by considering all possible
pairs of query entities. Although some cases show
relatively low Jaccard indices, their Overlap indices
remain high. This phenomenon is likely due to KG
incompleteness, which results in neighbor sparsity
as discussed in section 5.5.

Probability Density
O—= WA U\00

| .fn-l—rmMH‘Hﬂ_ﬂ‘nﬁ Hln_/‘h_l e
.0 0.2 0.4 0.6 0.8

Taccard Index

(=)

1.0

225 i
5 20

S5

=10

£ 5] | I

& 00 0.2 0.4 0.6 0.8 1.0

Overlap Index

Figure 5: Clustering effect of similar relations.

Collectively, these findings suggest that the clus-
tering behavior of semantically similar relations is
preserved across different entities. This observa-
tion aligns with the phenomenon reported in (Lee
et al., 2023), where semantically related relations
in a KG tend to share common entities.
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