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Abstract

Knowledge graphs (KGs) organize relational facts in a form that supports machine rea-
soning across many domains. In decentralized Internet of Things (IoT) environments,
such graphs can describe interactions among distributed devices and services. However,
privacy constraints, intermittent communication, and incomplete observations can leave
the resulting graphs sparse and incomplete. This sparsity weakens path availability and
makes missing-fact inference difficult. Multi-hop reasoning can recover unobserved links
through explicit reasoning paths, but conventional hierarchical reinforcement learning
(HRL) approaches may explore inefficiently when only a few valid paths are available. This
paper presents attentiON exploratIon of cluster relatioN (ONION), a framework for sparse KG
reasoning. ONION introduces a cluster relation augmentation (CRA) module to add cluster
relation cues to the action space, together with a relation-level attention (RLA) mechanism
to emphasize relations that are relevant to the query. These components guide hierarchical
exploration toward more informative paths. ONION is evaluated on four public sparse-KG
benchmarks, and the results show competitive performance with the clearest gains on
highly sparse datasets.

Keywords: knowledge graph reasoning; cluster relation; multi-hop reasoning; reinforce-
ment learning

1. Introduction
The rapid deployment of Internet of Things (IoT) systems in smart cities and healthcare

automation has made privacy protection an essential requirement. At the edge layer,
techniques such as data anonymization, hidden-policy access control, and network coding
are commonly adopted to reduce unauthorized access. Such mechanisms can restrict
which facts are shared or observed, which motivates the sparse and incomplete KG setting
studied in this paper. When only partial facts are available, continuous logical inference
becomes more difficult. Knowledge graphs (KGs) provide a structured way to represent
entities and semantic relations in such environments. Related applications include question
answering [1,2], recommendation systems [3], and information retrieval [4]. In this paper,
the IoT/privacy setting serves as the application motivation rather than a directly simulated
experimental environment. We focus on the downstream structural reasoning problem that
can arise when only privacy-permitted or intermittently observed facts are available.
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The practical value of KGs is often limited by missing facts, especially in domain-
specific or privacy-constrained scenarios. Therefore, we focus on the structural reasoning
problem induced by such constraints, namely how to recover plausible links when the
available KG contains only sparse and incomplete connectivity. Reinforcement learning
(RL)-based multi-hop reasoning is appealing because each prediction can be associated with
an explicit path. Unlike embedding models [5–8], which mainly use vector representations
and one-step scoring, RL-based methods learn graph traversal policies and generate explicit
reasoning paths. Hierarchical reinforcement learning (HRL) methods [9–12] decompose
the decision process into relation selection and entity selection to reduce the complexity of
large action spaces. However, sparse graphs still introduce several challenges:

• Hierarchical decomposition may weaken the semantic connection between high-level
planning and low-level execution. When intermediate node information is limited,
the state representation may provide insufficient global structural guidance [13,14].

• Many existing frameworks assume relatively dense relation connectivity, whereas
practical IoT-oriented KGs may contain very few explicit paths. When a node has only
a small number of outgoing relations, the available action space becomes too narrow
for effective exploration [15,16].

• Relation-level goals may be poorly aligned with entity-level actions. Without addi-
tional semantic guidance or link compensation, repeated or suboptimal paths are
easily selected, especially when the target entity is several hops away [13,14].

To address these problems, this paper proposes ONION (attentiON exploratIon of cluster
relatioN), an HRL framework designed for incomplete knowledge graphs. The framework
relies on two mechanisms:

• The CRA mechanism groups entities into semantic clusters and derives cluster re-
lations. These relations expand the action space and provide additional choices in
sparse regions.

• The RLA mechanism introduces attention into relation selection, allowing the policy
network to emphasize query-relevant relations and avoid unnecessary exploration.

ONION does not treat clustering, attention, or HRL as isolated novelties. Instead, it
converts embedding-induced entity clusters into explicit cluster relation actions and lets
the high-level relation policy select these actions together with original graph relations.
The primary contributions of this paper are summarized below:

• ONION is introduced as an HRL architecture for multi-hop reasoning in sparse KGs,
with particular attention to sparse and incomplete graph observations motivated by
privacy-aware IoT settings where only part of the triples may be accessible.

• The CRA and RLA mechanisms are designed to expand the reachable reasoning space
and improve relation selection through query-aware semantic weighting.

• Results on four sparse-KG benchmark datasets show that ONION achieves competi-
tive performance among path-based multi-hop reasoning baselines, with clearer gains
on sparse datasets.

2. Related Work
2.1. Knowledge Graph Embedding

The objective of Knowledge Graph Embedding (KGE) is to encode entities and relations
as low-dimensional vectors while retaining semantic regularities in the graph. In most
KGE methods, a scoring function f (es, rq, eo) estimates the plausibility of a triple (es, rq, eo),
and the score is used to rank candidate links. Existing KGE models can be broadly grouped
into three categories: (1) translation-based models [5], in which relations are modeled as
transformations between head and tail entities; (2) tensor decomposition-based models [6,7],
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which learn latent factors from observed triples; and (3) neural network-based models [8,17],
which combine embedding features through neural architectures. These methods are
effective for link prediction, but they do not directly provide explicit multi-hop paths for
individual predictions.

2.2. Multi-Hop Reasoning

Multi-hop reasoning with Reinforcement Learning (RL) casts KG inference as a sequen-
tial decision process, where relational paths are searched to infer entity links. Earlier
approaches, such as PRA [18], relied on depth-first search or random walks. NTP [19]
learned logical rules, while NeuralLP [20] combined rule learning with confidence esti-
mation. Although these methods produced explicit reasoning paths, predictive accuracy
remained limited in many settings. Later RL-based models strengthened path search
in different ways. DeepPath [21] used Monte Carlo policy gradients, MINERVA [22]
adopted RNNs with REINFORCE [23], and MultiHopKG [24] combined LSTM [25] with
action dropout and reward shaping. DacKGR [15] dynamically expanded actions using
KG embeddings, PS [26] considered fake path detection, and GaussianPath [27] intro-
duced Bayesian RL to represent uncertainty. To address sparse rewards and large action
spaces, HRL models such as HRL [9], RLH [12], HiKGR [14], CURL [13], SbsKGR [10],
and HSMH [11] decompose reasoning tasks and enrich state information. Despite these
advances, decomposition-related information loss and insufficient paths in sparse graphs
remain difficult to resolve.

Different from embedding-guided action expansion methods such as DacKGR [15],
which use KGE scores to supplement local actions, ONION constructs cluster relation ac-
tions from entity groups and injects them into the high-level relation policy. Compared with
HRL-based methods such as HiKGR [14], CURL [13], and HSMH [11], which mainly refine
hierarchical decomposition or state representation, ONION focuses on path scarcity by
expanding the relation layer with data-driven cluster relations. In contrast to concept-level
reasoning settings that depend on predefined concepts or external taxonomies, ONION
induces clusters from pre-trained KG embeddings and maps them back to intra-cluster and
inter-cluster relations in the original graph. Relation-level attention is then applied over
the augmented action space to select query-relevant original and cluster relations jointly.
The next section describes ONION in detail.

3. Methodology
This section presents the attentiON exploratIon of cluster relatioN (ONION) model for KG

reasoning. The model improves the relation layer of the HRL framework through action-
space augmentation and policy-network refinement. Graph clustering and cluster relation
construction are introduced to provide additional semantic information. The overall
architecture is shown in Figure 1. The key distinction of ONION is that cluster information
is not used only as an auxiliary embedding feature, but is converted into explicit relation-
level actions and optimized inside the HRL decision process.

As illustrated from left to right, ONION first performs entity clustering on the KG
and then builds relations among the obtained clusters. The resulting cluster relations are
added to the environment used by the relation layer. At each hop, a relation is selected
from the augmented space and transferred to the original KG environment, where the
entity layer selects the next entity. A complete relation–entity action pair is therefore
formed. The clustering module generates entity clusters from pre-trained KG embeddings,
and the clusters are mapped back to the original graph for cluster relation construction.
An attention mechanism is further used in the relation layer to strengthen the policy net-
work. The following subsections describe these modules in detail. To prevent information
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leakage, ConvE is trained only on the training triples, denoted by Ttrain. The entity embed-
dings used for clustering, the entity clusters, the cluster relation action space, the bucket
structure, the training-time adjacency information, and the cluster-supported candidate
transitions are all constructed exclusively from Ttrain. Validation triples are used only for
hyperparameter selection, while test triples are reserved for the final evaluation.

Figure 1. Overview of the ONION framework with the CRA and RLA mechanisms. CRA clusters
pre-trained KGE entity embeddings and builds cluster relations to supplement the relation action
space. RLA assigns attention to candidate relations, including cluster relations, to improve the
relation-layer policy network.

3.1. Problem Definition

Generally, a knowledge graph (KG) is written as G = (E ,R, T ), where E , R, and T
denote the entity set, relation set, and triple set, respectively. Each triple (es, rq, eo) ∈ T
connects a source entity es to a target entity eo through the directed query relation rq. KG
reasoning predicts the missing target entity for the query (es, rq, ?). Unlike KGE-based
scoring, multi-hop reasoning requires explicit paths to support the prediction.

3.2. Entity Clusters and Cluster Relation Construction

Large-scale KGs usually contain many entities and relations, which makes direct
graph processing expensive. For example, adjacency-list storage can become costly when
frequent access to large graph neighborhoods is required. Relation types, however, are
usually far fewer than entities. In FB15K-237-10% and FB15K-237-50%, which are sampled
from Freebase [28], increasing the retained triples from 10% to 50% introduces many
entities while leaving the relation set unchanged. This pattern indicates that relation
information is comparatively concentrated. Entities can also be organized into categories,
such as athletes or teams, and entities in the same category often share similar relation
patterns. Although such category structure may be learned gradually by an RL agent,
the learning process is slow and incomplete under sparse paths. Therefore, entity clusters
are obtained through sampling and clustering, and cluster relations are then constructed
from these clusters.

Graph clustering provides a way to extract category-level information and inject it into
the reasoning model. Structural features such as adjacency lists can be used for clustering,
but this strategy is inefficient for large graphs. In this work, ConvE entity embeddings
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trained only on Ttrain are used instead. These embeddings retain useful information from
the training graph while avoiding repeated access to the full graph structure. K-means is
then applied to the embeddings to obtain entity clusters. The entity embedding matrix is
defined as follows:

E = [e1, e2, . . . , eN ]
⊤ ∈ RN×d (1)

where N denotes the number of entities in Etrain, d is the embedding dimension, and ei ∈ Rd

is the embedding of the i-th entity. Here, Etrain is the entity set observed in Ttrain. Because
the appropriate cluster number varies across KGs, candidate values of k are evaluated using
SSE analysis and validation performance. The clustering error is measured by the sum of
squared errors (SSE), computed from squared distances between entities and corresponding
cluster centroids:

SSE =
k

∑
j=1

∑
ei∈Cj

∥∥∥ei − µj

∥∥∥2

2
(2)

where Cj denotes the j-th cluster, µj denotes the centroid of Cj, and
∥∥∥ei − µj

∥∥∥2

2
is the squared

Euclidean distance between entity embedding ei and centroid µj. SSE values are computed
for different values of k to identify the elbow trend, and validation performance is used
to select the final setting. After k is determined, the entity embeddings are partitioned by
k-means:

{C1, C2, . . . , Ck} = K-Means(E, k) (3)

In the following definitions, T denotes Ttrain and E denotes Etrain. Thus, the cluster-
conditioned records, relation action spaces, bucket assignments, and candidate entities in
this construction are obtained exclusively from the training triples.

After entity clusters are obtained, a cluster relation action space is built to supple-
ment the original relation action space. In ONION, a cluster relation is not a newly
defined KG predicate and is not a permanent edge between two clusters. It is an orig-
inal relation label that is supported by a source entity cluster. Each entity is first as-
signed to a cluster identifier, denoted as ei → Cj. Each triple (es, r, eo) is then mapped
to the cluster-conditioned record (C(es), r, C(eo)), where C(e) denotes the cluster con-
taining entity e. This mapping records whether an original relation label is observed
inside one cluster or across different clusters. The intra-cluster and inter-cluster re-
lation sets are defined as Rintra-C = {r | ∃Ci ∈ {C1, . . . , Ck}, ∃es, eo ∈ Ci, (es, r, eo) ∈ T }
and Rinter-C =

{
r | ∃Ci, Cj ∈ {C1, . . . , Ck}, i ̸= j, ∃es ∈ Ci, ∃eo ∈ Cj, (es, r, eo) ∈ T

}
, re-

spectively. Their union forms the global cluster relation action space AC = Rintra-C ∪
Rinter-C. For a current entity et ∈ Ci, the cluster-specific relation action subset is
ACi = {r ∈ R | ∃ẽ ∈ Ci, ∃e′ ∈ E , (ẽ, r, e′) ∈ T }. Thus, ACi contains original relation la-
bels that have outgoing support from the current source cluster, and the cluster identifier is
used to retrieve candidates rather than to define new relation types.

3.3. Cluster Relation Augmentation Mechanism

In large KGs, the cluster relation action space may still contain many candidates. A
bucketing algorithm is therefore used to organize access to cluster relation candidates and
avoid directly scanning the full cluster relation action space at each reasoning step. Clusters
with similar relation counts are assigned to the same bucket, and the bucket index is used
for accessing the cluster relation action space:

Bucket(Ci) = max{l | al < R(Ci) ≤ bl} (4)

where Bucket denotes the bucketing operation, R(Ci) denotes the number of cluster relation
actions associated with cluster Ci, and al and bl are the lower and upper bounds of the
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l-th bucket, respectively. In our implementation, these bounds are fixed deterministically
rather than tuned as additional hyperparameters, and buckets are assigned only to clusters
with R(Ci) > 0. Let Rmax = maxi R(Ci). When Rmax > 0, we set L = ⌈log2(Rmax + 1)⌉.
For l = 1, . . . , L, the bucket boundaries are set as al = 2l−1 − 1 and bl = 2l − 1. If R(Ci) = 0,
no cluster relation action is added for Ci and the agent uses only the original local relation
action space.

When the agent enters the relation layer, the full cluster relation set may not be
appropriate for the current entity state. To improve generalization and avoid dependence
on a fixed relation subset, action dropout is applied to the cluster-specific relation action
space. For a current entity et ∈ Ci, relation actions are randomly retained according to a
Bernoulli distribution:

Adrop
Ci

=
{

r | r ∈ ACi , zr = 1, zr ∼ Bernoulli(1− pC
drop)

}
(5)

where zr is the retention indicator for relation action r, and pC
drop is the cluster relation

action dropout probability.
After dropout, the remaining cluster relations are merged with the local relation-layer

action space Āhigh
t . The augmented high-level action space is written as

Ahigh
t = Āhigh

t ∪Adrop
Ci

, et ∈ Ci (6)

The CRA mechanism introduces hidden category information into the relation-layer
action space. Once a cluster-supported relation is selected by the high-level policy, the same
original relation label is passed to the low-level entity layer. The model then retrieves
candidate entities from relation instances supported by entities in the same source cluster.
This operation creates a temporary cluster-supported transition during reasoning, but it
does not permanently add new triples to the original KG. Consequently, the agent can
explore beyond the immediate outgoing edges of the current entity when local paths are
scarce. The goal of this mechanism is to improve sparse KG reasoning by enriching the
candidate action space, rather than to explicitly recover or validate missing triples.

3.4. Relation-Level Attention Mechanism

After cluster relations are added to the action space, attention is introduced to improve
relation selection in ONION. This subsection first describes the high-level relation layer and
then specifies the low-level entity layer for reproducibility, since both policies are optimized
during training. In the relation layer, the next-hop relation is selected from the augmented
action space and then passed to the entity layer. The high-level layer is defined by four
elements: state, action, policy, and reward, denoted as

(
Shigh,Ahigh,Phigh,Rhigh

)
. These

elements are specified as follows:

• High-Level State Shigh: The high-level state Shigh is formed by the query relation
rq, the previous relation rt−1, and the current entity et. At the start of reasoning,

the initial state is Shigh
0 =

(
rq, rinv

q , es

)
, where es is the source entity. For the first

LSTM update, we set r0 = rinv
q and e0 = es. After several hops, the final state becomes

Shigh
T =

(
rq, rT , eT

)
.

• High-Level Action Ahigh: The high-level action space includes relations connected

to the current entity et and the retained cluster relations. A relation action ahigh
t is

sampled from this space before control moves to the low-level entity layer. The local
relation action space is Āhigh

t = {r′ | (et, r′, e′) ∈ Ttrain}, where e′ denotes a reachable
tail entity. The augmented action space Ahigh

t is then obtained by Equation (6).
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• High-Level Policy Phigh: The high-level policy network estimates the probability
assigned to each candidate relation under the current state. Scaled dot-product at-
tention is adopted for this calculation. Entities and relations are represented by
embedding vectors e ∈ Rd and r ∈ Rd, respectively. At step t, the high-level state
embedding is shigh

t =
[
rq, rt−1, et

]
. Let nt = |Ahigh

t | denote the number of candi-
date relation actions, and let the candidate relation–action embedding matrix be
Xhigh

t = [ahigh
t,1 ; . . . ; ahigh

t,nt
] ∈ Rnt×d. A high-level LSTM encodes path history from the

previous history embedding hhigh
t−1 , previous relation embedding rt−1, and previous

entity embedding et−1, producing the current history embedding hhigh
t :

hhigh
t = LSTMhigh

(
hhigh

t−1 , (rt−1, et−1)
)

(7)

The state embedding shigh
t and history embedding hhigh

t are concatenated and pro-

jected into the query vector qt =
[
shigh

t ; hhigh
t

]
WQ ∈ R1×dk . The candidate relation-

action embeddings are projected into the key and value matrices Kt = Xhigh
t WK ∈

Rnt×dk and Vt = Xhigh
t WV ∈ Rnt×dv , respectively. The attention output is computed

using scaled dot-product attention:

ot = Attention(qt, Kt, Vt) = softmax
(

qtKT
t√

dk

)
Vt (8)

Equivalently, if kt,i and vt,i denote the i-th rows of Kt and Vt, respectively, then the
attention weight for the i-th candidate relation is

αt,i =
exp

(
qtkT

t,i/
√

dk

)
∑nt

j=1 exp
(

qtkT
t,j/
√

dk

) , ot =
nt

∑
i=1

αt,ivt,i. (9)

Here, the softmax normalization is performed over all nt candidate relation actions,
and
√

dk scales the dot product to improve training stability. The attention output ot

is then used to calculate action logits for all candidate relations. The high-level policy
network Phigh therefore produces the distribution πθhigh

(
· | shigh

t

)
over candidate

relations in Ahigh
t :

πθhigh

(
· | shigh

t

)
= softmax

(
Xhigh

t WooT
t

)
(10)

where Wo ∈ Rd×dv is a trainable weight matrix. The i-th entry of this distribution
gives the probability of selecting action ahigh

t,i . Multinomial sampling is then used to
choose the next-hop relation.

• High-Level RewardRhigh: The high-level reward Rhigh
T is determined by whether the

final entity eT matches the target entity eo. If the target is reached, the reward is set to
1. Otherwise, a scoring function f

(
rsum, rq

)
derived from pre-trained KG embeddings

is used:

Rhigh
T =

1, eT = eo,

f
(
rsum, rq

)
, eT ̸= eo.

(11)

where rsum = ∑T
t=1 rt denotes the relation–summary embedding obtained by summing

the embeddings of the selected high-level relations along the sampled path, and rq

denotes the query–relation embedding.
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After the high-level policy selects a relation, the decision process is transferred to the
low-level entity layer, which chooses the next entity conditioned on the selected relation.

• Low-Level State Slow: The low-level entity layer is specified in the same state–action–

policy–reward form. After the high-level policy samples relation rt = ahigh
t , the se-

lected high-level action is passed to the low-level layer as the original relation label rt.
The low-level state is defined as slow

t = (rq, rt, et), where rq is the query relation, rt is
the selected relation, and et is the current entity.

• Low-Level Action Alow: The low-level action space is built from local one-hop neigh-
bors and cluster-supported candidates. The local candidate set contains entities
directly reachable from the current entity under relation rt:

Nlocal(et, rt) =
{

e′ | (et, rt, e′) ∈ Ttrain
}

. (12)

When the selected relation belongs to the retained cluster relation subsetAdrop
Ci

, the low-
level layer additionally retrieves entities connected by the same relation from other
entities in the current source cluster Ci:

Ncluster(et, rt) =
{

e′ | et ∈ Ci, ∃ẽ ∈ Ci, (ẽ, rt, e′) ∈ Ttrain
}
\ Nlocal(et, rt). (13)

The final low-level action space is defined as

Alow
t =

Nlocal(et, rt) ∪Ncluster(et, rt), rt ∈ Adrop
Ci

,

Nlocal(et, rt), otherwise.

The low-level action space contains observed KG edges and cluster-supported virtual
transitions. Local candidates correspond to observed edges. Cluster-supported candi-
dates are temporary transitions obtained from relation instances of other entities in the
same cluster. They are not observed triples or permanent KG edges. The set difference
in Equation (13) separates these two cases. This mechanism expands candidate entities
only during the current reasoning step and does not modify T .
For example, let ea and eb belong to the same cluster. Suppose that (eb, r, ec) ∈ Ttrain

but (ea, r, ec) /∈ Ttrain. When ea selects r, ec can be retrieved through eb as a cluster-
supported candidate. This is a virtual transition. By contrast, (ea, r, ed) ∈ Ttrain is
an observed KG transition. Accordingly, an explicit reasoning trajectory in ONION
records the selected relation and entity sequence, but its transitions may be either
observed KG edges or cluster-supported virtual transitions.

• Low-Level Policy Plow: The low-level policy network estimates the probability of each

candidate entity in Alow
t . Let Xlow

t ∈ R|Alow
t |×d be the embedding matrix of candidate

entities. The entity-layer history is updated by a separate low-level LSTM:

hlow
t = LSTMlow

(
hlow

t−1, (rt, et)
)

. (14)

The low-level policy is then computed by

πθlow

(
· | slow

t

)
= softmax

(
Xlow

t Wlow[rq; rt; et; hlow
t ]T

)
(15)

where Wlow is a trainable projection matrix. The sampled entity action alow
t is used

as the next entity in the reasoning path. After sampling, the agent sets et+1 = alow
t .

If the sampled entity comes from Ncluster(et, rt), the transition is treated as a cluster-
supported reasoning step induced by entities in the same cluster.
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• Low-Level RewardRlow: The low-level reward follows the terminal-success criterion:
Rlow

T = 1 if eT = eo and Rlow
T = 0 otherwise.

The improved relation layer strengthens relation–semantic learning and assigns greater
attention to suitable actions in the augmented cluster relation action space. This design
helps the model identify more useful paths and improves reasoning performance.

3.5. Policy Optimization

The training objective is to maximize the expected cumulative rewards of the high-
level policy network θhigh and the low-level policy network θlow. For each query triple in
the training set, the parameters are updated by stochastic gradient ascent. The gradients
for the two policies are given as follows:

∇θhigh
J
(

θhigh

)
≈

T

∑
t=1

Rhigh
T ∇θhigh

log πθhigh

(
ahigh

t | shigh
t

)
(16)

∇θlow
J(θlow) ≈

T

∑
t=1

Rlow
T ∇θlow

log πθlow

(
alow

t | slow
t

)
(17)

Algorithm 1 summarizes the training process of ONION.

Algorithm 1 Training procedure of the ONION model
Input: Training graph Gtrain = (Etrain,Rtrain, Ttrain), training set Dtrain , pre-trained ConvE embeddings ΘConvE
Output: Optimizable policy network parameters θhigh and θlow

1: Initialize the entity embeddings using the pre-trained ConvE parameters ΘConvE, and randomly initialize the policy network
parameters θhigh and θlow

2: for each candidate cluster number k do
3: Compute the Sum of Squared Errors (SSE) as defined in Equation (2)
4: end for
5: Use SSE analysis and validation performance to select the cluster number k, then apply K-Means clustering on the entity

embeddings in Equation (1) to obtain entity clusters in Equation (3)
6: Construct the cluster relation action space AC from Ttrain, and organize it using the bucketing algorithm Bucket as defined in

Equation (4)
7: for m← 1 to maximum number of training epochs do
8: Randomly sample a query triple (es , rq , eo) from Dtrain
9: Set the current entity to es and initialize the step counter

10: Initialize historical path information hhigh
0 and hlow

0 using the high-level and low-level LSTM states
11: for t← 1 to maximum path length T do
12: Update the hidden state hhigh

t using the high-level LSTM as defined in Equation (7), then compute high-level state shigh
t

13: Compute current cluster relation action space ACi for et ∈ Ci and action space Ahigh
t ; apply the action dropout method

defined in Equation (5) to ACi , and augment it into the relation action space as defined in Equation (6)

14: Sample a relation action ahigh
t using the high-level policy defined in Equation (10), and proceed to the low-level entity

layer
15: Update the hidden state hlow

t using the low-level LSTM as defined in Equation (14)
16: Construct the low-level entity action space Alow

t by combining local candidates from Equation (12) and, when ahigh
t ∈

Adrop
Ci

, cluster-supported candidates from Equation (13)

17: Sample an entity action alow
t using the low-level policy defined in Equation (15), and move the agent to the selected

entity
18: end for
19: Calculate the high-level reward Rhigh

T using Equation (11) and the low-level reward Rlow
T using the terminal-success

criterion
20: Optimize θhigh and θlow using the gradient updates defined in Equation (16) and Equation (17), respectively,
21: end for

4. Experimental Results
4.1. Datasets

The proposed method is tested on FB15K-237-10%, FB15K-237-50%, NELL23K,
and WD-singer. These benchmarks originate from Freebase [28], NELL [29], and Wiki-
data [30]. NELL23K is adopted from HSMH [11] as a sparse benchmark constructed from
the NELL995 benchmark introduced in DeepPath [21], WD-singer is collected from Wiki-
data, and the two FB15K-237 subsets are sampled from FB15K-237 [31] by retaining 10%
and 50% of triples, respectively. The two FB15K-237 subsets provide controllable triple-
retention ratios, whereas NELL23K and WD-singer contain weakly connected regions.
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These public benchmarks are not intended to model a specific IoT privacy mechanism.
Instead, they provide public sparse-KG settings for evaluating reasoning under limited
graph connectivity. Table 1 summarizes the dataset statistics.

Table 1. Statistics of the four experimental datasets.

Dataset #Ent #Rel #Fact
#Degree

Mean Median

FB15K-237-10% 11,512 237 60,985 5.8 4
FB15K-237-50% 14,149 237 173,830 13.0 13
NELL23K 22,925 200 35,358 2.21 1
WD-singer 10,282 135 20,508 2.35 2

4.2. Experimental Setup
4.2.1. Baseline Models

ONION is compared with four KGE models: TransE [5], DistMult [6], ComplEx [7],
and ConvE [8]. Three rule- or path-based models are included, namely NeuralLP [20],
NTP [19], and AnyBURL [32]. Seven RL-based multi-hop reasoning baselines are also
considered: MINERVA [22], MultiHopKG [24], RuleGuider [33], DacKGR [15], SbsKGR [10],
SparKGR [16], and HSMH [11].

4.2.2. Evaluation Protocol

For evaluation, each test triple (es, rq, eo) is converted into the query (es, rq, ?), after
which candidate target entities are ranked. We use the filtered ranking protocol. For each
query, other known correct entities are removed from the candidate set, while the target
entity is retained. Candidate entities are ranked in descending order according to their
final prediction scores. During inference, ONION uses deterministic beam search with
a beam size of 128 and a maximum reasoning path length of three hops. No additional
trajectories are sampled during inference. When multiple beam paths reach the same
candidate entity, the maximum cumulative log path probability is retained as its score.
The 20 rollouts used during training are only used for policy-gradient optimization and are
not used for test-time ranking. Following prior studies, Mean Reciprocal Rank (MRR) and
Hits@K are used as metrics. MRR averages the reciprocal ranks of correct target entities,
whereas Hits@K measures the proportion of correct entities ranked within the top K. For
readability, all MRR and Hits@K values reported in the experimental tables are multiplied
by 100. Higher metric values indicate stronger reasoning performance.

4.2.3. Implementation Details

For fair comparison, part of the experimental configuration follows MultiHopKG [24].
Entity and relation embeddings are set to 200 dimensions for all datasets. History in-
formation is encoded by three-layer and four-layer LSTMs [25] with a hidden size of
200. Embedding and network parameters are initialized with Xavier initialization [34].
Adam [35] is adopted for optimization. ConvE [8] serves as the embedding model on all
datasets. ConvE is trained only on the training triples, and all graph-derived structures
used by ONION are constructed from these triples. Validation triples are used only for
hyperparameter selection, while test triples are reserved for final evaluation. The final
hyperparameter choices for each dataset are reported in Table 2. For each training triple
(es, rq, eo), a reverse triple (eo, r−1

q , es) is added. ONION introduces two additional hyper-
parameters: the cluster number k and the cluster relation action dropout probability pC

drop.

The parameter pC
drop controls the proportion of cluster relation actions removed during

training to improve generalization. Additionally, some baseline results are taken from the
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corresponding papers, while others are reproduced using released code when available.
A dash indicates that the result was not reported or could not be reproduced under the
same dataset setting. For ONION in the main results and for the ablation and clustering
analyses, we report mean ± standard deviation over three random seeds.

Table 2. Final dataset-specific hyperparameter settings used for the ONION experiments.

Dataset Learning Rate Entropy Coefficient β Batch Size Epochs k pC
drop

FB15K-237-10% 0.001 0.02 128 40 15 0.5
FB15K-237-50% 0.001 0.02 128 40 35 0.5
NELL23K 0.003 0.05 128 30 30 0.1
WD-singer 0.001 0.03 128 30 30 0.3

4.3. Link Prediction Results

Table 3 reports the link prediction performance of ONION and the baselines. The
ONION results in Tables 3–5 are reported as the mean ± standard deviation obtained from
the same three random seeds, whereas many baseline results are single estimates taken from
the original papers or reproduced under the available settings. Therefore, comparisons with
these baselines are descriptive rather than formal significance tests. The results evaluate
sparse-KG reasoning under public benchmark settings, providing evidence for reasoning
under structural sparsity conditions motivated by privacy-aware IoT applications. Among
path-based multi-hop reasoning models, ONION achieves competitive performance on
most metrics across the four datasets, with clearer gains on sparser datasets. This trend is
mainly due to attention-guided exploration over the cluster relation action space, which
provides informative relation choices when explicit graph paths are limited.

The gains are more pronounced on NELL23K and WD-singer than on FB15K-237-10%
and FB15K-237-50%. The two FB15K-237 subsets have denser relation coverage, so the CRA
mechanism contributes less visibly. In sparser KGs, the added cluster-level guidance leads
to clearer improvements. Among path-based baselines, ONION shows margins larger than
its own three-seed standard deviation on most metrics, but it does not outperform every
baseline on every metric. For example, HSMH remains stronger on H@10 for FB15K-237-
10%, and ConvE achieves higher MRR and H@10 than ONION on WD-singer.

Knowledge graph embedding models still show strong raw prediction accuracy. Nev-
ertheless, ONION narrows the gap with embedding-based methods when compared with
other multi-hop reasoning models, while retaining explicit path-level reasoning. Since
ConvE is used to initialize the embeddings in ONION, ConvE is treated as an embedding-
only reference rather than a directly comparable path-based reasoning baseline. Embedding
models can produce accurate rankings, but the relation paths behind a prediction are not
directly revealed. In contrast, ONION records explicit relation–entity traversal paths for
its predictions.
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Table 3. Prediction results on four benchmarks. @3/@10 denote Hits@3/Hits@10.

Model
FB15K-237-10% FB15K-237-50% NELL23K WD-Singer

MRR @3 @10 MRR @3 @10 MRR @3 @10 MRR @3 @10

TransE * 10.4 16.0 27.8 17.6 23.5 40.3 8.5 10.8 24.8 20.9 32.2 44.5
DistMult * 7.5 7.4 17.0 17.9 20.3 38.0 11.5 12.0 23.1 24.5 26.9 39.9
ComplEx * 22.3 24.0 34.8 30.2 32.6 48.1 24.1 26.4 40.8 39.0 43.3 51.3
ConvE * 24.6 26.1 39.2 31.2 34.3 50.0 27.7 30.0 46.5 44.7 47.9 56.8

NeuralLP * 8.0 7.1 13.9 18.1 19.3 24.5 12.3 13.0 26.4 31.8 33.5 48.1
NTP * 8.2 11.5 16.8 22.3 23.0 30.8 13.1 15.0 24.0 29.3 31.0 44.3
AnyBURL * 15.0 15.4 26.8 19.7 21.4 35.0 17.7 18.4 25.3 39.1 34.2 48.5
MINERVA * 7.7 7.9 12.1 23.1 23.9 31.2 14.9 15.3 25.3 33.6 37.3 45.0
MultiHopKG * 13.7 14.5 21.7 29.1 31.8 44.8 17.9 18.7 29.8 35.5 41.2 47.4
RuleGuider * 17.7 15.5 21.8 28.3 29.6 44.6 18.2 20.0 29.8 39.4 43.2 50.6
DacKGR * 21.9 23.8 33.8 29.4 31.9 45.8 20.0 21.7 33.1 38.2 42.2 50.5
SbsKGR † 21.5 24.6 34.8 27.9 32.1 42.9 16.5 18.1 28.2 - - -
SparKGR † 22.8 24.5 35.0 29.2 32.0 46.2 20.3 22.2 33.9 39.3 43.7 50.7
HSMH † 23.0 25.1 37.2 29.6 32.6 46.7 20.2 22.6 34.1 - - -

ONION 23.7±0.2 25.7±0.2 35.8±0.4 30.4±0.6 33.5±0.4 47.5±0.8 24.4±0.1 26.1±0.1 40.0±0.3 43.6±0.2 48.3±0.3 55.2±0.3

* denotes a result reproduced in our experiments, whereas † denotes a result reported in the corresponding
publication. Boldface and underlining indicate the best scores among path-based and embedding-based methods,
respectively.

Table 4. Ablation study results on WD-singer. CRA and RLA denote the cluster relation augmentation
mechanism and relation-level attention mechanism, respectively.

Model MRR H@3 H@10

MultiHopKG 35.5±0.6 41.2±0.3 47.4±0.5
ONION (w/o CRA+RLA) 41.7±0.7 45.8±0.4 52.2±0.4
ONION (w/o CRA) 41.8±0.2 45.9±0.3 52.4±0.2
ONION (w/o RLA) 42.8±0.3 47.4±0.5 54.5±0.6
ONION 43.6±0.2 48.3±0.3 55.2±0.3

Boldface indicates the best scores.

Table 5. Comparison of clustering methods for ONION on WD-singer.

Model MRR H@3 H@10

ONION (k-means) 43.6±0.2 48.3±0.3 55.2±0.3
ONION (BIRCH) 42.9±0.4 47.8±0.1 54.7±0.3
ONION (hierarchical clustering) 43.1±0.6 44.9±0.2 55.0±0.2

Boldface indicates the best scores.

4.4. Ablation Study

An ablation study is conducted to examine the two main components of ONION,
namely cluster relation augmentation (CRA) and relation-level attention (RLA). Each
component is removed separately to measure its influence on reasoning performance. We
conduct the ablation study on WD-singer because the CRA mechanism is expected to have
a clear effect in sparse KGs. The results are listed in Table 4, where CRA refers to the cluster
relation augmentation mechanism and RLA refers to the relation-level attention mechanism.

The ablation experiments are carried out on the WD-singer dataset, with Multi-
HopKG [24] used as a reference model. When CRA and RLA are both removed, model
performance decreases clearly. Removing either component also reduces the scores, and the
decrease is larger after CRA removal. The difference between ONION (w/o CRA + RLA)
and ONION (w/o CRA) is small and within the observed variation, suggesting that RLA
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has a limited effect when the cluster-augmented relation space is removed. Its effect be-
comes clearer when applied together with CRA, where it helps weight relations in the
augmented action space. This indicates that both modules are useful, while cluster relation
information is particularly important for sparse graph reasoning. With CRA and RLA
jointly enabled, semantic information among entities and relations can be captured more
effectively, thereby improving reasoning ability.

4.5. Analysis

This section further analyzes ONION from two aspects: entity-cluster visualization
and the effect of cluster number. Several common clustering methods are also tested under
the same experimental setting to observe how clustering choice affects model performance.

The left part of Figure 2 shows a two-dimensional UMAP projection of the 200-
dimensional ConvE entity embeddings on WD-singer under the selected cluster number
k = 30. The projection uses ncomponents = 2, nneighbors = 30, and min_dist = 0.2. Each
point represents an entity, while its color and label Cj indicate the k-means cluster assigned
to that entity. These labels are cluster identifiers rather than predefined entity categories
or KG relation types. The visualization suggests that pre-trained KG embeddings provide
useful features for grouping entities in this dataset. Based on these clusters, a cluster
relation action space carrying additional KG information is built, which supports multi-hop
path discovery.

Figure 2. Clustering visualization analysis. The left panel shows a two-dimensional UMAP pro-
jection of the 200-dimensional ConvE entity embeddings on WD-singer, using ncomponents = 2,
nneighbors = 30, and min_dist = 0.2. Each point represents an entity, and its color and label Cj de-
note the k-means cluster assigned to that entity. The right panel reports the reasoning performance
obtained with different values of k and identifies k = 30 as the selected setting.

The right part of Figure 2 reports the results obtained with different values of k on
WD-singer. The best performance is observed at k = 30. When k is too small or too
large, the generated clusters become less suitable, introducing noisy cluster relations and
weakening reasoning performance.

Table 5 compares k-means with BIRCH and hierarchical clustering for constructing
cluster relations on WD-singer. The results show that clustering choice affects the quality of
generated cluster relations, but all three methods can support reasoning under appropriate
settings. Hierarchical clustering obtains comparable MRR and H@10 but a lower H@3 than
k-means and BIRCH, and this gap is larger than the reported standard deviations across
three runs. This suggests that its cluster structure may place some correct entities outside
the top-three positions. This finding indicates that clustering can build a useful structured
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relation space. In ONION, clustering mainly serves as an auxiliary module for exploring
higher-level semantic structures, similar to the role of pre-trained embeddings in supplying
additional information. A detailed comparison of clustering algorithms is beyond the main
scope of this work.

5. Conclusions
This paper has presented ONION, a KG reasoning method that combines cluster

relation augmentation with relation-level attention. The cluster relation module adds
category-level relation information to the action space, thereby mitigating path scarcity in
sparse KGs. The attention module guides the relation-layer policy toward query-relevant
relations and improves exploration efficiency. Experiments on four benchmark datasets
show that ONION achieves competitive multi-hop reasoning performance, and the abla-
tion results support the utility of the proposed components. These findings support the
sparse-KG reasoning component motivated by privacy-aware IoT data collection, while
the present evaluation is based on public sparse-KG benchmarks rather than IoT-specific
privacy datasets. Overall, ONION achieves competitive results among existing multi-hop
reasoning baselines and narrows the performance gap with embedding-based models. Its
recorded reasoning trajectories distinguish observed KG edges from cluster-supported
virtual transitions.
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