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Abstract

Inductive Knowledge Graph Completion (KGC) aims to infer
missing facts between newly emerged entities within knowl-
edge graphs (KGs), posing a significant challenge. While re-
cent studies have shown promising results in inferring such
entities through knowledge subgraph reasoning, they suffer
from (i) the semantic inconsistencies of similar relations,
and (ii) noisy interactions inherent in KGs due to the pres-
ence of unconvincing knowledge for emerging entities. To
address these challenges, we propose a Semantic Structure-
aware Denoising Network (S2DN) for inductive KGC. Our
goal is to learn adaptable general semantics and reliable struc-
tures to distill consistent semantic knowledge while preserv-
ing reliable interactions within KGs. Specifically, we intro-
duce a semantic smoothing module over the enclosing sub-
graphs to retain the universal semantic knowledge of rela-
tions. We incorporate a structure refining module to filter
out unreliable interactions and offer additional knowledge,
retaining robust structure surrounding target links. Extensive
experiments conducted on three benchmark KGs demonstrate
that S2DN surpasses the performance of state-of-the-art mod-
els. These results demonstrate the effectiveness of S2DN in
preserving semantic consistency and enhancing the robust-
ness of filtering out unreliable interactions in contaminated
KGs.

Code — https://github.com/xiaomingaaa/SDN
Extended version — https://arxiv.org/abs/2412.15822

Introduction
Knowledge graphs (KGs) represent the relations between
real-world entities as facts providing a general way to store
semantic knowledge (Wang et al. 2017; Zhang et al. 2023a;
Li et al. 2023b). KGs have been successfully used in vari-
ous applications, including recommendation systems (Yang
et al. 2023; Li et al. 2024a), question answering (Cao et al.
2022; Liu et al. 2023), and drug discovery (Lin et al. 2020;
Ma et al. 2022). However, KGs often suffer from incom-
pleteness (Geng et al. 2023; Li et al. 2023a) and newly
emerging entities (Xu et al. 2022). Thus, inductive knowl-
edge graph completion (KGC), proposed to predict missing
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facts on unseen entities in KGs, has been a hot area of re-
search (Zhang et al. 2023b; Bai et al. 2023) and industry (Du
et al. 2021; Ji et al. 2022).

To improve the generalization ability of the KGC task
on unknown entities, some researchers propose rule-based
methods (Meilicke et al. 2018; Yang, Yang, and Cohen 2017;
Cheng, Ahmed, and Sun 2023). These methods enable effec-
tive reasoning under emerging entities by mining common
reasoning rules, while they are limited by predictive perfor-
mance (Xu et al. 2022). Recently, there has been a surge in
inductive KGC methods based on Graph Neural Networks
(GNNs), inspired by the ability of GNNs to aggregate local
information. For instance, GraIL (Teru, Denis, and Hamilton
2020) models enclose subgraphs of the target link to cap-
ture local topological structure, thereby possessing the in-
ductive ability of emerging entities. Motivated by GraIL and
the message passing mechanism of GNN, some works (Mai
et al. 2021; Chen et al. 2021) have further utilized the en-
closing subgraph structure and designed effective propaga-
tion strategies to model informative neighbors for inductive
KGC. To explicitly enhance the prediction ability of unseen
entities through semantic knowledge in the KGs, SNRI (Xu
et al. 2022) proposes a relational paths module to improve
the performance of inductive KGC, while RMPI (Geng et al.
2023) designs a novel relational message-passing network
for fully inductive KGC with both unseen entities and rela-
tions. Despite the promising results yielded by these models,
they are limited to information redundancy in modeling ir-
relevant entities and relations. AdaProp (Zhang et al. 2023b)
is developed to learn an adaptive propagation path and fil-
ter out irrelevant entities, achieving powerful performance.
However, these models ignore the unconvincing knowledge
(e.g., semantic inconsistencies of similar relations in context
and inherent noise within KGs). For example, the same se-
mantic “the location is” with different relations located in
and lie in may lead to inconsistent knowledge expressions
in the context “(Alibaba, lie in, Hangzhou), and (Hangzhou,
located in, China)”, increasing the complexity of subgraph
reasoning, which deduces the prediction performance on in-
ductive situations. Additionally, logical reasoning may be
misled to conclude a confused fact (Obama, live in, New
York) from the reasoning chain (Obama, work in, The White
House, located in, New York) due to the presence of the
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Figure 1: (a) S2DN outperforms GraIL in terms of Hits@10
on noisy KGs with different noise ratios (i.e., high robust-
ness). (b) The relation edited by shows a high percentage of
being converted to other relations (enumerated on the x-axis)
with similar semantics (i.e., high semantic consistency).

false positive fact: The White House is located in New York.
Motivated by the above observations, the inductive KGC

presents two main challenges: (i) Inconsistency: inconsis-
tent representations of relations with the same semantics in
context, and (ii) Noisy: the presence of inevitable noise in
KGs that is difficult to ignore. In response to these chal-
lenges, we introduce S2DN, a semantic structure-aware de-
noising network designed to maintain consistent semantics
and filter out noisy interactions, thereby enhancing robust-
ness in inductive KGC. Drawing inspiration from the suc-
cessful application of smoothing technologies in image de-
noising (Ma et al. 2018; Guo et al. 2019), we have devel-
oped a semantic smoothing module to generalize similar
relations with blurred semantics. Additionally, to eliminate
task-irrelevant noise and provide supplementary knowledge,
we introduce a structure refining module to retain reliable
interactions in a learnable manner. By integrating general se-
mantics and reliable structure, S2DN denoise unconvincing
knowledge from a semantic-structure synergy perspective.
As depicted in Figure 1, S2DN demonstrates superior induc-
tive prediction performance (Hits@10) compared to GraIL
across different KGs under various noise levels. Addition-
ally, S2DN ensures improved semantic consistency, as evi-
denced by a high percentage of the relation edited by being
smoothed to others with similar semantics.

The contributions of S2DN are summarized: 1) We ad-
dress inductive KGC from a novel perspective by adaptively
reducing the negative impact of semantic inconsistency and
noisy interactions; 2) We innovatively propose a semantic
smoothing module to generalize KG relations dynamically
by blurring similar relations into consistent knowledge se-
mantics; 3) To emphasize reliable interactions, we introduce
the structure refining module to filter out noise adaptively
and offer additional knowledge. 4) Extensive experiments
on benchmark datasets and contaminated KGs demonstrate
that S2DN outperforms the baselines in inductive KGC.

Related Works
Inductive Knowledge Graph Completion. Previous meth-
ods fall into two main categories: Rule-based and GNN-
based approaches. The rule-based methods are indepen-
dent of entities by mining logical rules for explicit reason-

ing. For instance, NeuralLP (Yang, Yang, and Cohen 2017)
and DRUM (Sadeghian et al. 2019) learn logical rules and
their confidence simultaneously in an end-to-end differen-
tiable manner. Similarly, IterE (Zhang et al. 2019) and RNN-
Logic (Qu et al. 2020) treat logic rules as a latent variable,
concurrently training a rule generator alongside a reason-
ing predictor utilizing these rules. While rule-based meth-
ods have shown comparable prediction performance, they
often overlook the surrounding structure of the target link,
resulting in limited expressive ability in inductive scenar-
ios (Xu et al. 2022). Recently, there has been a shift towards
leveraging GNNs for KGC tasks (Teru, Denis, and Hamilton
2020; Zhang et al. 2023b). For example, LAN (Wang et al.
2019) learns the embeddings of unseen entities by aggregat-
ing information from neighboring nodes, albeit restricted to
scenarios where unseen entities are surrounded by known
entities. GraIL (Teru, Denis, and Hamilton 2020) and CoM-
PILE (Mai et al. 2021) address this limitation by modeling
the enclosing subgraph structure around target facts. How-
ever, these approaches neglect the neighboring relations sur-
rounding the target triple. Thus, SNRI (Xu et al. 2022) and
RED-GNN (Zhang and Yao 2022) fully exploit complete
neighboring relations and paths within the enclosing sub-
graph. While LogCo (Pan et al. 2022) tackles the challenge
of deficient supervision of logic by leveraging relational
semantics. RMPI (Geng et al. 2023) proposes a relational
message-passing network to utilize relation patterns for sub-
graph reasoning. These methods ignore the negative impact
of task-irrelevant entities. AdaProp (Zhang et al. 2023b) de-
signs learning-based sampling mechanisms to identify the
semantic entities. Although these methods have achieved
promising results, they suffer from (i) inconsistent seman-
tics of similar relations, and (ii) inherent noisy associations
within KGs. Our work proposes to smooth semantic rela-
tions and learn reliable structures to tackle these limitations.
Denoising Methods in Knowledge Graphs. The presence
of noise within KGs is a common issue stemming from the
uncertainty inherent in learning-based construction meth-
ods (Xue and Zou 2023; Pujara, Augustine, and Getoor
2017). Denoising on KGs has been applied to the recom-
mendation (Fan et al. 2023) and social networks (Quan
et al. 2023). For instance, ADT (Wang et al. 2021) and
KRDN (Zhu et al. 2023) designed a novel training strategy to
prune noisy interactions and implicit feedback during train-
ing. RGCF (Tian et al. 2022) and SGDL (Gao et al. 2022)
proposed a self-supervised robust graph collaborative filter-
ing model to denoise unreliable interactions and preserve
the diversity for recommendations. However, these meth-
ods are limited in their ability to denoise noisy interactions
in domain-specific networks (e.g., recommendation and so-
cial networks). Some approaches (Zhang et al. 2024; Hong,
Bu, and Wu 2021) attempt to adopt rule-based triple confi-
dence and structural entity attributes to capture noise-aware
KG embedding. Despite achieving promising results, these
methods overlook inconsistent semantic relations and work
for transductive KGC reasoning. Inspired by the smoothing
insight in image denoising (Ma et al. 2018; Guo et al. 2019),
we propose a method to smooth the complex relations within
KGs for inductive KGC. By doing so, we aim to eliminate
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inconsistent semantics and extract reliable structures in local
subgraphs, particularly effective in inductive scenarios.

Preliminary
Knowledge Graphs. KGs contain structured knowledge
about real-world facts, including common concepts, entity
attributes, or external commonsense. We define a KG as a
heterogeneous graph G = {(h, r, t)|h, t ∈ E , r ∈ R} where
each triple (h, r, t) describes a relation r between the head
entity h and tail entity t as a fact.
Enclosing Subgraph. Following GraIL (Teru, Denis, and
Hamilton 2020), when given a KG G and a triple (u, r, v), we
extract an enclosing subgraph g = (V,E) surrounding the
target triple. Initially, we obtain the k-hop neighboring nodes
Nk(u) = {s|d(u, s) ≤ k} and Nk(v) = {s|d(v, s) ≤ k} for
both u and v, where d(·, ·) represents the shortest path dis-
tance between given nodes on G. Subsequently, we obtain
the nodal intersection V = {s|s ∈ Nk(u) ∩ Nk(v)} as ver-
tices of the subgraph. Finally, we draw the triples linked by
the set of nodes V from G as g = (V,E).
Problem Definition. We concentrate on predicting missing
links between emerging entities within a knowledge graph G
(i.e., inductive KGC). This prediction is achieved by adap-
tively smoothing relational semantics and refining reliable
structures. We define the problem of inductive KGC as a
classification task, aiming to estimate the interaction proba-
bility of various relations inductively. Specifically, given an
unknown fact (u, r, v) where either u or v is an emerging
entity, we propose a model to predict the interaction proba-
bility denoted as p(u,r,v) = F((u, r, v)|Θ,G, g), where Θ is
the trainable parameters of S2DN.

Proposed Method
The Framework of S2DN
Overview. S2DN reasons on the enclosing subgraph sur-
rounding the target link inductively from both semantic and
structure perspectives, as illustrated in Figure 2. To iden-
tify the unknown link (u, r, v), S2DN incorporates two key
components: Semantic Smoothing and Structure Refining.
Semantic Smoothing adaptively merges relations with sim-
ilar semantics into a unified representation, ensuring con-
sistency in representation space. In parallel, Structure Re-
fining dynamically focuses on filtering out task-irrelevant
facts surrounding the target link and incorporates additional
knowledge, thus improving the reliability of interactions.
The refining process works in tandem with the previously
smoothed relations to predict unknown links involving new
entities more effectively. After obtaining the smoothed and
refined subgraphs, we model them using a Relational Graph
Neural Network (RGNN, (Schlichtkrull et al. 2018)) and a
Graph Neural Network (GNN, (Kipf and Welling 2017)), re-
spectively. Finally, the embeddings of smoothed and refined
subgraphs are concatenated and fed into a classifier to pre-
dict the interaction probability of the target link (u, r, v).
Semantic Smoothing. KGs often suffer from semantic in-
consistencies in their relationships. For example, in the
contexts (Alibaba, lie in, Hangzhou) and (Hangzhou, lo-
cated in, China), the relations “located in” and “lie in” rep-
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Figure 2: The S2DN framework comprises two modules for
inductively predicting links in a given KG : (1) Smoothing
relational semantics by blurring similar relations adaptively;
(2) Refining the structure of subgraphs by learning reliable
interactions dynamically.

resent the same semantic meaning, “the location is”. These
inconsistencies lead to discrepancies in the representation
space (Pujara, Augustine, and Getoor 2017; Xue and Zou
2023). To mitigate this limitation, inspired by the pixel
smoothing insight of image denoising (Ma et al. 2018; Guo
et al. 2019), we propose a semantic smoothing module de-
picted in Figure 3A. This module blurs similar relations
while preserving the smoothed relational semantics, aiming
to alleviate the negative impact of potential inconsistency. To
achieve this, we first identify the subgraph g = (V,E) that
surrounds the missing link (u, r, v). Then a trainable strategy
is employed to smooth embeddings E ∈ R|R|×dim of simi-
lar relations into consistent representation space, where |R|
denotes the count of original relations and dim is the embed-
ding size of relation embedding. Subsequently, we define the
smooth operation as follows:

w = softmax(E⊗WT + b),

R̃ =
exp((logw +G)/τ)∑

r∈R exp((logwr +Gr)/τ)
,

(1)

where w denotes smoothing weights and R̃ is the smoothed
relations from original relations R. W ∈ R|R|×dim is train-
able parameters, G is a noise sampled from a Gumbel dis-
tribution, and τ represents the temperature parameter. We
adopt the Gumbel Softmax trick (Jang, Gu, and Poole 2017),
facilitating differentiable learning over discrete outputs w.
This operation learns to categorize relations with consistent
semantics in the context of g into the same relation index.
We refine the embeddings of relations R̃ as follows:

Ẽ = R̃ ⊗E, (2)

where Ẽ denotes the smoothed embeddings from original
representation E and ⊗ represents the operation of ma-
trix multiplication. This process enables similar relations to
be mapped into consistent representation space guided by
downstream tasks. To prevent the loss of information caused
by excessive smoothing of relations and contain further con-
sistencies, we incorporate a trade-off objective designed to
preserve generic information during the optimization pro-
cess. After obtaining the smoothed relations, we refined the
enclosing subgraph g by the new relations R̃. Then a L-layer
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A. The Semantic Smoothing Module of S2DN
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B. The Structure Refining Module of S2DN
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Figure 3: The architecture of Semantic Smoothing and
Structure Refining modules of S2DN.

RGNN (Schlichtkrull et al. 2018; Xu et al. 2022) is intro-
duced to capture the global semantic representation of the
refined g. Specifically, the updating function of the nodes
over the blurred relation embedding Ẽ in l-th layer is de-
fined as:

xl
i =

∑
r∈R̃

∑
j∈Nr(i)

αi,rW
l
rϕ(ẽ

l−1
r ,xl−1

j ),

αi,r = sigmoid
(
W1

[
xl−1
i ⊕ xl−1

j ⊕ ẽl−1
r

])
,

(3)

where Nr(i) and αi,r denote the neighbors and the weight
of node i under the relation r, respectively. ⊕ indicates the
concatenation operation. Wl

r represents the transformation
matrix of relation r, xi stands for the embedding of node i,
ẽr denotes the smoothed embedding under relation r, and ϕ
is the aggregation operation to fuse the hidden features of
nodes and relations. In addition, we initialize the entity (i.e.,
node) embedding x0

i with the designed node features (Teru,
Denis, and Hamilton 2020) and the original relation embed-
ding E is initialized by Xavier initializer (Glorot and Bengio
2010). The details of designed node features refer to Ap-
pendix B.1.3. Finally, we obtain the global representation
hsem of the smoothed subgraph g as follows:

hsem =
1

|V |

V∑
i∈V

σ(f(xL
i )), (4)

where V is the node set of smoothed subgraph g and f(·)
denotes the feature transformation function. σ indicates the
activation function ReLU (Nair and Hinton 2010).
Structure Refining. To improve the precise estimation of
noisy interactions within KGs, we propose a structure re-
fining module specifically designed for the local enclosing
subgraph, as depicted in Figure 3B. This module dynami-
cally adapts the reliable subgraph structure based on both
node features and feedback from downstream tasks. The un-
derlying concept is that nodes with similar features or struc-
tures are more prone to interact with each other compared to
those with dissimilar attributes (Zhang and Zitnik 2020; Li
et al. 2024b). Our objective is to assign weights to all edges
connecting the nodes using a reliability estimation function

denoted as F (·, ·), which relies on the learned node features.
Following this, the refined local subgraph is generated by
removing low-weight noisy edges while retaining the more
significant and reliable connections. To elaborate, when pre-
sented with an extracted enclosing subgraph g = (V,E) sur-
rounding the missing link (u, r, v), we prioritize the degree
of interaction over relations, thereby enriching the structural
information of semantic smoothing modules. We conceptu-
alize all potential edges between nodes as a collection of
mutually independent Bernoulli random variables, parame-
terized by the learned attention weights π.

g̃ =
⋃

i,j∈V

{(i, j) ∼ Ber (πi,j)} . (5)

In this context, V denotes the set of nodes within the en-
closing subgraph, and (i, j) ∈ E denotes the edge connect-
ing nodes i and j. We optimize the reliability probability
π concurrently with the downstream inductive KGC task.
The value of πi,j characterizes the task-specific reliability
of the edge (i, j) where a smaller πi,j suggests that the edge
(i, j) is more likely to be noisy and thus should be assigned
a lower weight or removed altogether. The reliable probabil-
ity πi,j = F (i, j) for each edge between node pair (i, j) can
be calculated as follows:

πi,j = sigmoid
(
Z(i)Z(j)T

)
,

Z(i) = MLP (X (i)) ,
(6)

where X (i) represents the feature of node i, Z(i) is the
learned embedding of node feature X (i), and MLP (·) de-
notes a two-layer perceptron in this work (More detailed
choices of F (·, ·) are discussed in Appendix C.4.4). Since
the extracted enclosing subgraph g is not differentiable when
the probability π is modeled as a Bernoulli distribution, we
employ the reparameterization trick. This allows us to relax
the binary entries Ber(πi,j) for updating the π:

Ber(πi,j) ≈ sigmoid

(
1

t

(
log

πi,j

1− πi,j
+ log

ϵ

1− ϵ

))
, (7)

where ϵ ∼ Uniform(0, 1), t ∈ R+ indicates the tem-
perature for the concrete distribution. With t ≥ 0, the
function undergoes smoothing with a well-defined gradi-
ent ∂Ber(πi,j)

∂πi,j
, which facilitates the optimization of learn-

able subgraph structure throughout the training process. Af-
ter post-concrete relaxation, the subgraph structure becomes
a weighted fully connected graph, which is computationally
intensive. To address this, edges with a probability of less
than 0.5 are removed from the subgraph, yielding the refined
graph g̃. Following this refinement, L-layer GCNs (Kipf and
Welling 2017) are applied to the refined subgraph using the
designed node features (see Appendix B.1.3) to derive its
global representation hstr as follows:

hl = GCN
(
hl−1, g̃

)
,

hstr =
1

|V |

V∑
i∈V

σ(f(hL(i))),
(8)

where σ(·) represents the sigmoid activation function. f(·)
is a multi-layer perceptron that denotes the feature transfor-
mation operation.
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Theoretical Discussion of Smoothing
The smoothing operation can be used as a way to mini-
mize the information bottleneck between the original seman-
tic relations and the downstream supervised signals (i.e., la-
bels). Following the standard practice in the method (Tishby,
Pereira, and Bialek 2000), given original relation embedding
E, smoothed relation embedding Ẽ, and target Y , they fol-
low the Markov Chain < Y → E → Ẽ >.
Definition 1 (Information Bottleneck). For the input rela-
tion embedding E and the label of downstream task Y , the
Information Bottleneck principle aims to learn the minimal
sufficient representation Ẽ:

Ẽ = argmin
Ẽ

−I(Ẽ;Y ) + I(Ẽ;E), (9)

where I(A;B) = H(A) − H(A|B) denotes the Shannon
mutual information (Cover 1999). Intuitively, the first term
−I(Ẽ;Y ) is the reasoning objective, which is relevant to
downstream tasks. The second term I(Ẽ;E) encourages the
task-independent information of the original relational se-
mantic dropped. Suppose En ∈ R is a task-irrelevant se-
mantic noise in original subgraph g, the learning process of
Ẽ follows the Markov Chain < (Y,En) → E → Ẽ >.
The smoothed relation embedding Ẽ only preserves the task-
related information in the observed embedding E.
Lemma 1 (Smoothing Objective). Given the original rela-
tion embedding E within the enclosing subgraph g and the
label Y ∈ Y, let En ∈ R be a task independent seman-
tic noise for Y . Denote Ẽ as the smoothed relations learned
from E, then the following inequality holds:

I(Ẽ;En) ≤ I(Ẽ;E)− I(Ẽ;Y ). (10)

The detailed proof refers to Appendix A.1. Lemma 1 shows
that optimizing the objective in Eq. (10) is equivalent to en-
couraging Ẽ to be more related to task-relevant information
by minimizing the terms I(Ẽ;E) and −I(Ẽ;Y ). Therefore,
we introduce a Kullback–Leibler (KL) loss (Sun et al. 2022)
to minimize the difference between original and smoothed
relation embeddings and adopt the cross-entropy loss to
maximize the mutual information between the smoothed re-
lations and downstream tasks.

Training and Optimization
This section delves into the prediction and optimization de-
tails of S2DN within the framework of the inductive KGC
task. Here, we view the inductive KGC as a classification
task. Given a predicted link (u, r, v), the link probability
p(u,r,v) for the given link is computed using representations
from both semantic and structural perspectives as follows:

p(u,r,v) = σ(MLP([hsem ⊕ hstr])), (11)

where ⊕ denotes the concatenate operation, MLP(·) in-
dicates a classifier here and σ(·) is the sigmoid activate
function. Subsequently, we adopt the cross-entropy loss and
introduce an objective to balance the difference between
smoothed and original relations:

ℓ = −
∑
r∈R

log(p(u,r,v))y(u,r,v) +D(Ẽ||E)+λ∥Θ∥2, (12)

where y(u,r,v) is the real label of the given link, Θ repre-
sents the trainable parameters of S2DN, D denotes the KL
loss, and λ is a hyperparameter denoting the coefficient of
the regular term. Ẽ and E denote the representations before
and after relation smoothing in the subgraph of the current
sample, respectively.

Experiments
We carefully consider the following key research ques-
tions: RQ1) Does S2DN outperform other state-of-the-art
inductive KGC baselines? RQ2) Are the proposed Semantic
Smoothing and Structure Refining modules effective? RQ3)
Can S2DN enhance the semantic consistency of the relations
and refine reliable substructure surrounding the target facts?

Experiment Setup
Dataset & Evaluation. We utilize three widely-used
datasets: WN18RR (Dettmers et al. 2018), FB15k-
237 (Toutanova et al. 2015), and NELL-995 (Xiong, Hoang,
and Wang 2017), to evaluate the performance of S2DN
and baseline models. Following (Teru, Denis, and Hamilton
2020; Zhang et al. 2023b), we use the same four subsets with
increasing size of the three datasets. Each subset comprises
distinct training and test sets. We measure the filtered rank-
ing metrics Hits@1, Hits@10, and mean reciprocal rank
(MRR), where larger values indicate better performance.
Baselines. We compare S2DN against the rule- and
GNN-based methods. The rule-based methods are Neu-
ralLP (Yang, Yang, and Cohen 2017), DRUM (Sadeghian
et al. 2019), and A∗Net (Zhu et al. 2024). The GNN-based
models are CoMPILE (Mai et al. 2021), TAGT (Chen et al.
2021), SNRI (Xu et al. 2022), and RMPI (Geng et al. 2023).
Furthermore, we design two variants of S2DN to verify the
effectiveness of each module by removing: (i) the Semantic
Smoothing module (called S2DN w/o SS), (ii) the Structure
Refining module (called S2DN w/o SR).

Comparison with Baselines (RQ1)
To address RQ1, we present the performance comparison of
S2DN and baseline models in predicting missing links for
emerging entities as shown in Tables 1 and 2. Our results
demonstrate that S2DN achieves comparable performance
to the baseline models across all datasets.

Specifically, we make the following observations: (1)
S2DN shows improved average performance over rule-based
inductive methods with Hits@10 metrics of 9.2%, 4.7%,
and 6.8% on WN18RR, FB15k-237, and NELL-995 respec-
tively. Furthermore, GNN-based methods like CoMPILE
and TAGT outperform various rule-based approaches in
ranking tasks on most datasets, indicating the effectiveness
of GNN-based methods in leveraging neighboring informa-
tion and structures for inductive KGC. (2) SNRI, which
integrates local semantic relations, outperforms CoMPILE
and TAGT on multiple datasets, highlighting the importance
of utilizing local semantic relations within KGs for induc-
tive KGC. (3) RMPI, through efficient message passing be-
tween relations to leverage relation patterns for KGC based
on graph transformation and pruning, outperforms SNRI,
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Avg. V1 V2 V3 V4Methods Hits@10 Hits@1 Hits@10 MRR Hits@1 Hits@10 MRR Hits@1 Hits@10 MRR Hits@1 Hits@10 MRR

DRUM 64.15 57.92 74.37 64.27 54.71 68.93 59.46 33.98 46.18 37.63 55.66 67.13 60.11
NeuralLP 64.15 55.32 74.35 62.04 51.99 68.91 57.26 29.96 46.23 36.13 55.61 67.13 59.19
A∗Net 72.06 70.51 80.58 74.68 70.99 79.11 74.45 46.47 54.87 49.68 63.92 73.67 66.24

CoMPILE 74.43 74.20 82.97 78.59 78.11 79.84 79.01 50.33 59.75 54.44 72.71 75.17 72.71
TAGT 73.28 69.15 82.45 75.45 75.42 78.68 77.43 50.08 58.60 54.29 71.97 73.41 73.22
SNRI 79.19 70.47 84.84 76.31 72.68 82.09 77.04 50.99 67.52 57.46 74.28 82.33 77.76
RMPI 73.34 75.53 82.45 79.43 75.85 78.68 77.64 52.64 58.84 55.97 71.48 73.41 72.98

S2DN 81.23 74.73 87.64 79.89 78.23 85.60 81.16 52.89 69.52 58.10 75.33 82.15 78.04
S2DN w/o SS 78.49 74.46 84.11 78.02 77.21 83.01 78.87 49.92 68.34 57.11 74.21 78.53 76.01
S2DN w/o SR 76.31 73.31 84.04 77.61 77.14 81.63 80.28 51.24 63.22 55.75 73.93 76.34 75.58

Table 1: The performance (i.e., Hits@1, Hits@10, MRR, in percentage) of S2DN on WN18RR dataset. The boldface denotes
the highest score and the underline indicates the second-best one.

Avg. V1 V2 V3 V4Methods Hits@10 Hits@1 Hits@10 MRR Hits@1 Hits@10 MRR Hits@1 Hits@10 MRR Hits@1 Hits@10 MRR

DRUM 55.11 30.47 52.92 39.33 27.84 58.73 39.95 26.08 52.90 47.02 27.09 55.88 38.41
NeuralLP 55.16 31.43 52.92 38.25 28.88 58.94 38.39 26.09 52.90 37.40 25.89 55.88 35.96
A∗Net 76.57 37.09 57.66 43.63 50.47 77.84 60.33 61.45 85.32 60.39 56.38 85.46 68.29

CoMPILE 78.95 41.70 63.17 49.92 54.54 81.07 64.14 55.63 84.45 67.18 54.77 87.13 67.89
TAGT 77.61 38.05 63.41 48.20 50.84 81.07 61.48 51.21 80.87 61.83 49.89 85.08 62.16
SNRI 79.87 30.98 64.29 42.81 50.52 81.37 66.58 53.29 84.87 64.70 54.21 88.97 62.01
RMPI 78.00 41.93 63.41 50.57 54.92 80.54 64.46 53.87 81.33 63.67 52.91 86.73 64.31

S2DN 81.25 43.68 67.34 52.10 55.45 82.38 64.80 56.31 83.97 65.07 60.96 91.31 68.44
S2DN w/o SS 79.68 40.48 67.07 48.97 52.41 80.96 63.13 53.34 80.91 63.66 57.21 89.77 66.12
S2DN w/o SR 78.97 39.76 64.15 48.58 47.59 78.35 58.74 54.16 85.14 64.94 56.32 88.23 67.01

Table 2: The performance (i.e., Hits@1, Hits@10, MRR, in percentage) of S2DN on FB15k-237 dataset. We mark the best
score with bold font and the second best with underline.

emphasizing the significance of fully exploiting relational
patterns and pruning links to enhance subgraph reasoning
effectiveness. (4) S2DN surpasses other GNN-based sub-
graph reasoning methods on most datasets, indicating that
denoising unconvincing knowledge by promoting the con-
sistency of relations and reliability of structures significantly
enhances inductive KGC performance. In summary, S2DN
enhances the inductive reasoning capabilities of GNN-based
models by effectively keeping relational semantics consis-
tent and eliminating unreliable links, unlike previous GNN-
based methods that overlook the impact of noise within KGs.

Ablation Study (RQ2)
We undertake an ablation study across all datasets for the
inductive KGC. The results are depicted in Table 1 and Ta-
ble 2, confirming the effectiveness of each module.
S2DN w/o SS. After removing the semantic smoothing
module, there is a notable performance decline across most
datasets for inductive subgraph reasoning. This finding un-
derscores the efficacy of maintaining relation consistency
within the encompassing subgraph. Consequently, an infor-
mative enclosing subgraph featuring semantically consistent
relations holds the potential to enhance S2DN.
S2DN w/o SR. The exclusion of the structure refining
module results in performance degradation across various
datasets. This observation highlights the inadequacy of un-
reliable subgraph structures in conveying information effec-

tively for the downstream KGC task, failing to mitigate the
impact of noisy interactions. Conversely, a dependable struc-
ture or pristine subgraph enhances inductive reasoning ca-
pabilities by disregarding potential noise and preserving re-
liable interactions.

Robustness of S2DN (RQ3)
Semantic Consistency of Relations. We conduct an exper-
iment to analyze the semantic consistency. Specifically, as
shown in Section , relations with similar semantics tend to
be categorized into the same category, which benefits the se-
mantic consistency of relations. During the inference pro-
cess on the test dataset of WN18RR V1, FB15k-237 V1,
and NELL-995 V1, we count the proportion mij of relation
i that is categorized into another relation j as the degree of
semantic consistency. Thus, we can visualize the proportions
M = {mij |0 ≤ i, j ≤ |R|} of all relation pairs as shown in
Figure 4. For FB15k-237 V1 and NELL-995 V1, we singled
out relationships related to the topic of movie and sport, re-
spectively. We observe from Figure 4 that relations with sim-
ilar semantics have a higher transformation rate than those
with dissimilar semantics (e.g, the similar relations instance
and meronym in Figure 4a, edited by and written by in Fig-
ure 4b). This phenomenon also proves that the Semantic
Smoothing module can unify relations with similar seman-
tics, thus maintaining the semantic consistency of the knowl-
edge graph relations.
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Type Model 0% 15% (↓) 35% (↓) 50% (↓)

Semantic

RMPI 82.46 81.07(1.7) 78.98(4.2) 75.31(8.7)

S2DN w/o SS 86.11 85.31(0.9) 82.34(4.4) 80.09(7.0)

S2DN w/o SR 84.04 83.00(1.2) 82.13(2.3) 80.98(3.6)

S2DN 87.64 86.03(1.8) 84.89(3.1) 83.12(5.2)

Structure

RMPI 82.46 80.79(2.0) 78.31(5.1) 76.24(7.5)

S2DN w/o SS 86.11 85.07(1.2) 83.87(2.6) 82.05(4.7)

S2DN w/o SR 84.04 82.88(1.4) 80.32(4.4) 78.02(7.2)

S2DN 87.64 86.88(0.9) 85.79(2.1) 84.98(3.0)

Table 3: The results (Hits@10) of S2DN on WN18RR V1
under different noise ratios. The underline indicates the drop
rate (%) of performance over noisy KGs.

Type Model 0% 15% (↓) 35% (↓) 50% (↓)

Semantic

RMPI 63.41 61.76(2.6) 59.01(6.9) 57.29(9.7)

S2DN w/o SS 67.07 65.22(2.7) 63.03(6.0) 61.89(7.7)

S2DN w/o SR 64.15 63.01(1.7) 62.33(2.8) 60.14(6.3)

S2DN 67.34 66.05(1.9) 65.78(2.3) 64.97(3.5)

Structure

RMPI 63.41 62.79(0.9) 60.54(4.5) 58.37(7.9)

S2DN w/o SS 67.07 66.09(1.4) 64.98(3.1) 63.03(6.0)

S2DN w/o SR 64.15 62.21(3.0) 60.07(6.3) 58.89(8.1)

S2DN 67.34 66.19(1.7) 65.53(2.6) 64.89(3.6)

Table 4: The performance (Hits@10) of S2DN on FB15k-
237 V1 under various noise ratios. The underline denotes
the degree of performance decline (%) over noisy KGs.

Reliability of S2DN on Noisy KGs. We generate different
proportions of semantic and structural negative interactions
(i.e., 5%, 15%, 35%, and 50%) to contaminate the train-
ing KG. Semantic noises are created by randomly replacing
the relations with others from known triples (e.g, the rela-
tion edited by is replaced by written by), while the struc-
ture noises are generated by sampling unknown triples from
all entity-relation-entity combinations. We then compare the
performance of RMPI, S2DN, and its variants on noisy KGs.
As shown in Tables 3 and 4, the performance of inductive
KGC and their corresponding degradation ratio under dif-
ferent noise levels.

As we introduce more noise, the performance of all meth-
ods declines under both semantic and structural settings.
This decline is attributed to the dilution of expressive power
caused by the randomly introduced false facts. Notably,
S2DN and its variants demonstrate less deduction compared
to RMPI across most noisy KGs, suggesting that filtering
out irrelevant interactions aids inductive reasoning on sub-
graphs. The variant S2DN w/o SS exhibits superior perfor-
mance on structurally noisy KGs compared to semantically
noisy ones, highlighting the efficacy of the semantic smooth-
ing module in modeling consistent relations. Conversely,
the variant S2DN w/o SR outperforms others on semantic
noisy KGs rather than structural ones, indicating the impor-
tance of the structure refining module in uncovering infor-
mative interactions. Furthermore, S2DN demonstrates com-
parable performance to other methods on both types of noisy
KGs, indicating that S2DN, equipped with semantic smooth-
ing and structure refining modules, possesses enhanced sub-
graph reasoning capabilities. This observation shows S2DN
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Figure 4: The transition ratio between the original and
blurred relations on three datasets (V1 version). The element
mij in the matrix represents the proportion of the relation i
is smoothed to relation j.

(a) GraIL, FB15k-237 (b) S2DN, FB15k-237

Figure 5: The big red and green nodes represent the source
and target entities. The small nodes in red, orange, and blue
are shared entities involved in 1−3 hops between source and
target nodes. The purple nodes indicate unshared entities.

can effectively mitigate unconvincing knowledge while pro-
viding reliable local structure.
Visualization of Subgraphs. To explicitly demonstrate the
ability of S2DN to provide reliable links to downstream
tasks, we designed a case study on FB15k-237. We visualize
the exemplar reasoning subgraph of S2DN (i.e., the refined
subgraph) and GraIL (i.e., the original subgraph) models for
different queries in Figure 5. As illustrated in Figure 5, we
observe that compared to GraIL, S2DN can provide more
knowledge for enhanced subgraph reasoning while retaining
the original reliable information. For example, Figure 5(a)
and Figure 5(b) show the subgraphs from GraIL and S2DN
have a similar layout, while S2DN offers more links and fil-
ter out irrelevant interaction between source and target enti-
ties. This indicates that S2DN is effective in subgraph rea-
soning inductively by a structure-refined mechanism.

Conclusion
We introduced S2DN to address the challenges posed by the
semantic inconsistencies and inevitable noisy interactions
in KGs for inductive KGC, emphasizing semantic consis-
tency and structural reliability. Experimental results show
that S2DN surpasses SOTA baselines by keeping relational
semantic consistency and offering robust associations. In fu-
ture work, we will transfer S2DN to more noise-sensitive
domain applications such as biology.
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