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e Link prediction can be modeled as a multi-condition entity generative task.
e Semantic context is a powerful source of guidance for entity generation.

o Filtering noisy neighbors significantly purifies the contextual guidance.

Adapting this guidance for each fact is crucial for model performance.
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ABSTRACT

Considering the rich and heterogeneous structured information of entities and relations, capturing
diverse semantics is essential for accurately predicting missing facts in knowledge graph completion
tasks. However, most existing approaches remain limited to learning connection patterns that are
agnostic to semantic context. Although the performance of recent conditional diffusion-based methods
has improved by modeling the probabilistic distribution of target entities, the critical role of semantic
guidance is often overlooked. To address this limitation, we propose a Multi-Condition Latent
Diffusion Network (MCDN), which formulates entity prediction as a multi-condition joint generation
problem. Specifically, the MCDN incorporates a semantic context condition learning module and
a connection pattern condition learning module to capture the semantic and structural contexts
of each triplet. A specially designed multi-condition denoiser is further introduced to learn the
reverse diffusion process, enabling the generation of target entity embeddings guided by these
multiple contextual signals. Extensive experiments demonstrated that the MCDN achieved superior
performance across several benchmarks. On the widely used FB15k-237 dataset, the MCDN achieved
a competitive MRR of 55.1% and a Hits@1 of 52.9%. It also delivered robust results on WN18RR
(MRR 57.4%) and Kinship (Hits@1 79.8%).

1. Introduction

Knowledge graphs (KGs), structured collections of ob-
jective information, are used to represent real-world entities
and their relationships [Shen et al., 2022, Li et al., 2022a,b,
Dong et al., 2023]. They are typically stored as triplets
(h,r,t), where h and ¢ represent the head and tail entities, re-
spectively, and r denotes the relation between them. Despite
their widespread adoption, real-world KGs are characterized
by their vast scale and inherent incompleteness [Wang et al.,
2017, Ji et al., 2021, Zhang et al., 2023a], which poses
limitations for their application in downstream tasks. Con-
sequently, automatic Knowledge Graph Completion (KGC)
has attracted considerable attention within the KG commu-
nity [Chen et al., 2020, Ji et al., 2021, Zhang et al., 2024a].

A key challenge in knowledge graph completion is that
the answer distribution for a query (h,r,?) is often multi-
peaked: multiple tail entities can be plausible and supported
by different pieces of evidence [Wang et al., 2019, Long
et al., 2024a]. This complexity is further compounded by the
heterogeneity and semantic richness of real-world relations,
where disambiguating among candidates requires signals be-
yond the local triplet [Wang et al., 2021, Zhang et al., 2023b].
Multi-hop neighborhoods around entities and relations offer
such contextual evidence [Zhang et al., 2024b], but they
are also noisy: indiscriminate aggregation may propagate
irrelevant connections and amplify spurious correlations,
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Figure 1: Two paradigms address multi-peaked answers in KGs.
Diffusion-based methods, by leveraging the uncertainty of con-
ditional denoising, naturally capture multi-modal distributions.
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while overly rigid feature extraction may miss subtle se-
mantic cues [Li et al., 2025a]. Meanwhile, relational con-
nection patterns provide complementary structural priors
that can further constrain plausible answers [Pavlovi¢ and
Sallinger, 2023]. However, how to jointly leverage seman-
tic context and connection-pattern priors in a unified and
query-adaptive manner remains non-trivial.

Taken together, when the answer set is multi-peaked
and evidence is distributed across noisy multi-hop context,
collapsing prediction into a single deterministic score can
be insufficient [Chen et al., 2024]. Instead, it is desirable
to explicitly learn p(t| h,r) and refine it under multiple
sources of evidence. Diffusion models [Long et al., 2024b]
provide a practical mechanism for such conditional distri-
bution learning via iterative denoising. As shown in Fig-
ure 1, they can represent multi-peaked targets and support
progressive refinement, but their success on KGs hinges on
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the conditioning design. Effective condition guidance in this

setting should satisfy three requirements: (i) explicitly cap-

ture semantic context from both entity-side neighborhoods
and relation-side evidence; (ii) filter noisy neighborhoods

to retain only query-relevant contextual signals; and (iii)

adaptively integrate heterogeneous conditions, since differ-

ent queries may rely on different mixtures of semantic and
structural evidence.

To address the above challenges, we propose a Multi-
Condition Latent Diffusion Network (MCDN), a unified la-
tent diffusion framework for query-aware entity prediction.
Instead of relying solely on deterministic scoring functions,
MCDN models entity inference as a multi-condition gen-
eration process in latent space, where semantic contex-
tual evidence and probabilistic connection patterns jointly
guide representation refinement. By performing diffusion
in a compact latent space, the framework ensures stable
and efficient optimization. Through query-specific semantic
conditioning and structural pattern modeling, MCDN en-
ables adaptive contextual reasoning while mitigating neigh-
borhood noise. The integrated multi-condition denoising
process allows target entity embeddings to be progressively
recovered under coordinated semantic and structural guid-
ance. Our contributions are summarized as follows:

e We propose MCDN, a latent diffusion framework that
models entity prediction as multi-condition conditional
generation guided by semantic context and connection-
pattern priors.

e We introduce a query-specific semantic conditioning
mechanism that selectively aggregates entity—relation
contextual evidence via a semantics-aware Top-K strat-
egy, improving robustness against noisy neighborhood
information.

e We propose a condition-adaptive denoising paradigm that
dynamically integrates heterogeneous semantic and struc-
tural priors, allowing the reverse diffusion process to
perform query-adaptive entity inference across diverse
relational scenarios.

e Extensive experiments on both transductive and induc-
tive benchmarks demonstrate that MCDN consistently
improves prediction accuracy and exhibits stronger re-
silience in recovering reliable entity embeddings under
noisy and sparse graph conditions.

2. Related Work

Knowledge Graph Completion Methods. Knowledge
graph completion (KGC) aims to infer missing facts in
incomplete KGs by predicting the missing entity in a query
triplet (h,r,?) (or (?,r,t)) [Chen et al., 2020, Ji et al., 2021,
Zhang et al., 2023a]. Existing KGC methods can be broadly
categorized by how they represent triplets and exploit rela-
tional regularities [Zhang et al., 2024a].

Score-based embedding methods constitute a dominant
paradigm, where entities and relations are embedded into
continuous spaces and a scoring function is learned to rank
candidate triplets [Bordes et al., 2013, Yang et al., 2015, Lin

et al., 2015, Trouillon et al., 2016]. Representative models
include translational approaches such as TransE [Bordes
et al., 2013] and bilinear/complex-valued models such as
ComplEx [Trouillon et al., 2016]. To capture richer re-
lational patterns (e.g., symmetry, antisymmetry, inversion,
and composition), subsequent work explores more expres-
sive geometries and region-based representations, includ-
ing RotatE [Sun et al.,, 2019] and Rot-Pro [Song et al.,
2021] in complex space, HAKE [Zhang et al., 2020] for
hierarchical structure, BoxE [Abboud et al., 2020] for log-
ical constraints, and ExpressivE [Pavlovi¢ and Sallinger,
2023] for joint hierarchy and composition. Beyond point
embeddings, distributional KGC models represent entities
as probability distributions to account for uncertainty and
multiplicity in relational facts [Wang et al., 2019]. Recent
extensions further generalize beyond binary triplets, such as
knowledge hypergraph embedding for higher-order relations
(e.g., HyCubE [Li et al., 2025b]).

Beyond embedding-centric scoring, generative formula-
tions have recently been explored for KGC [Liu et al., 2025].
In particular, diffusion-based methods (e.g., FDM [Long
et al., 2024a] and KGDM [Long et al., 2024b]) model the
probabilistic distribution of target entities via iterative de-
noising, offering a distribution-learning alternative to deter-
ministic ranking. However, existing generative KGC meth-
ods are commonly conditioned primarily on the local query
triplet, which limits their ability to leverage broader multi-
hop semantic context. Complementary to model-centric
advances, feature-engineering and data-centric strategies
have shown promise: Intersection Features [Le et al., 2024]
demonstrate strong performance by constructing neighbor-
intersection features, while LL.M-assisted methods such as
KERMIT [Li et al., 2025c] enrich textual descriptions to
alleviate data sparsity and inconsistency.

Despite substantial progress, a key limitation remains
that many approaches either (i) rely mainly on local triplet
scoring, or (ii) incorporate broader context through hand-
crafted features or weak condition signals, making it chal-
lenging to jointly exploit rich semantic context and structural
priors in a unified, query-adaptive prediction mechanism.

Diffusion Models. Diffusion models are generative mod-
els that employ diffusion processes. Ho et al. [Ho et al.,
2020] and Sohl-Dickstein et al. [Sohl-Dickstein et al., 2015]
were among the pioneers who proposed defining data sam-
pling as a gradual denoising process from pure Gaussian
noise. Recently, these diffusion-based generative models
demonstrated remarkable performance in modeling high-
dimensional, multi-modal distributions. They also exhibited
the ability to generate high-quality and diverse samples
across various benchmarks, particularly in computer vi-
sion Guo et al. [2025], as showcased by Dhariwal and
Nichol [Dhariwal and Nichol, 2021] and Rombach et al. [Rom-
bach et al., 2022]. However, their iterative sampling process
is often computationally intensive, which has motivated
research into more efficient generative frameworks. For
instance, Flow Matching [Lipman et al., 2023] has emerged

Siyuan Li et al.: Preprint submitted to Elsevier

Page 2 of 15



Multi-Condition Latent Diffusion Network

*/\/\ ___________

€o(Xt, Ty by 7)
—
Reverse lefusnon

| Multi-Condition Denoiser

Predicted Noise K

Linear Layer /
7
Layer Norm I/

Pointwise
Conv

Adaptive
Parameterized
Projector

NX| Conditions Adaptive Fusion Module.

I S

Multi- Timestep Noise | ™
Condition Emb Emb

MLP
Layer Norm

1
1
1
1
1
1
1
1
1
1
A i
| /
1
1
1
1
1
1
1
1
1
1

L/

symmetry | 1
- ————— 1

asymmetry Relation Message passing |
1

Semantic Relevance !
1

- ———— I

inversion

composition

Figure 2: The architecture of the Multi-Condition Latent Diffusion Network (MCDN). The system comprises: (1) a Graph
Embedding Module (Encoder E, Decoder D); (2) a Latent Space Network performing forward and reverse diffusion (X, - Xt
and X; = X;); and (3) a Multi-Condition Denoiser. The reverse diffusion and denoiser are guided by a Multi-Condition input.
This input is synthesized from a Connection Pattern Condition Learning Module and a Semantic Context Condition Learning
Module. Notably, the Semantic Context Condition incorporates both Entity Context (circular nodes) and Relation Context. In
the Relation Context, nodes (square shapes) do not consider their own intrinsic node messages; rather, their role is to facilitate

the propagation and aggregation of messages associated with their incident edges, which represent the relation semantics.

as a simulation-free method for training continuous normal-
izing flows, offering a more direct and stable training objec-
tive. Concurrently, Consistency Models [Song et al., 2023]
have been developed to enable fast, single-step generation
by distilling the knowledge of a pre-trained diffusion model.

The success in continuous domains has spurred efforts
to extend these models to discrete data. Austin et al. [Austin
et al., 2021] proposed investigating diffusion on discrete
state spaces by defining a corruption process for discrete
data. Some studies, for instance, Li et al. [Li et al., 2022c]
and Gong et al. [Gong et al., 2023], explored continuous
diffusion models for text generation, proposing the use of
neural backbones like U-Nets [Dhariwal and Nichol, 2021,
Ho et al., 2020] or Transformers [Li et al., 2022c, Gong
et al., 2023, Vaswani, 2017] to parameterize the conditional
distribution p(x,_;|x,). However, knowledge graphs, stored
as triplets (h,r,t), have a fundamentally different structure
than images or text, with shorter lengths and reduced long-
range dependencies. Therefore, we introduce an MLP-based
Multi-Condition Denoiser, specifically tailored to learn the
reverse diffusion process.

3. Methodology

3.1. Preliminaries

A knowledge graph is in the form of K = {V,&,F},
where V,E,F = {(h,r,t) | (h,t € V,r € £)} are the sets
of entities, relations, and fact triplet, respectively. Let & be
the query entity, r be the query relation, and ¢ be the answer
entity. Given the query (h,r,?), the completion task is to
predict the missing answer entity ¢. Generally, all the entities

in V are considered candidates for . Our goal is to model the
distribution of the tail entity: p(t|h,r) [Wang et al., 2021].
This is equivalent to modeling the following term based on
Bayes’ theorem:

p(tlh,r)  p(h, r|t) - p(1), ey

where p(?) is the prior distribution of the tail entity. Then,
the first term can be further decomposed as:

pCh,rlt) = % [p(hl?) - p(rlh, 1) + p(r]t) - p(hlr, D], (2)
which guides our model design. The terms p(h|t) or p(r|t)
measure the likelihood of a tail entity ¢ given a specific
(h,r) pair. Since our model needs to capture the rich se-
mantic information between entities and relations, we utilize
neighborhood structures to represent entities and relations
themselves, i.e., p(CY(h)|f) and p(CE(r)|t), where CV(-)
represents the neighboring entity subgraph, also known as
the entity context, and C€(-) represents the local relation
subgraph, also known as the relation context. The terms
p(r|h,t) or p(h|r,t) measure how likely 4 is linked to ¢
through r. In the following sections, we detail how these
three factors are modeled within our approach and integrated
as multiple conditions within the MCDN framework.

Notation. For clarity, we summarize the key symbols and
notations used throughout our methodology in Table 1.

3.2. Multi-Condition Latent Diffusion Network
Figure 2 illustrates the architecture of the Multi-Condition
Latent Diffusion Network (MCDN). It consists of two stages:
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Table 1
Main notation in MCDN.
Symbol Meaning
(h,r,t) A factual triple; given (h,r, ?), predict the tail
entity 7.
EMBY, EMB® Embedding for entities/relations.
X0, Xe Generic entity/relation embeddings: X' =
EMB(v), X¢ = EMB*(e).
Xh o xr, X Clean embeddings: X" = EMB"(h), X" =
EMB*(r), X = EMB"(2).
7, T Diffusion timestep 7 € {1,...,T} and total
steps T'.
X! Noised tail embedding at timestep 7.
La,, @, Noise schedule: a, =1 -4, @, = []._, a,.
XT Timestep embedding: X7 = EMB’ (1).
€,€y(*) Gaussian noise € ~ N(0,1); denoiser ¢,
predicts noise.

X(’) Reconstructed clean tail embedding.

S¢ = {s";s° Semantic-context condition: entity context s”
and relation context s¢.

Xe Connection-pattern condition derived from
(X", X7).

N(v), N}(v) Neighbors of node v and the selected Top-K
neighbors.

E), & (v) Incident edges of node v and the selected
Top-K incident edges.

X!, Xt Node/edge representations at iteration i
(with X! = X*, X¢ = X°).

my, m¢ Aggregated messages for node v and edge e
at iteration i.

A Temperature in Top-K semantic scoring.

a forward diffusion process and a reverse denoising process
conditioned on multiple factors. The objective is to realize
a Markovian transition from the Gaussian distribution to the
target entity distribution in the latent embedding space. Next,
we provide a detailed explanation of these two processes.

3.2.1. Forward Process

To apply continuous diffusion models to discrete triplet,
we introduce two learnable embedding functions: EMBY and
EMB®. These embedding functions map high-dimensional
identifiers of entities and relations into a lower-dimensional
latent vector space, represented as XV € R% and X¢ € R,
During training, for a given triple (A, r, t), under the multiple
conditions where the semantic context and connection pat-
terns corresponding to the head entity 4 and relation r are
considered, the distribution of the target entity q(X' | A, r)
in the vector space is assumed to be unknown. Initially,
we define the forward diffusion Markov chain {X! TT=0
starting from the clean tail embedding X (’) = EMB"(z), and
progressively add Gaussian noise until z = T. This process
gradually transforms the embedding vector of the tail entity
into pure noise. The transition of the forward process is
parameterized by the following equation:

aX X _) =N (XVT=p X pd), O

where {f, }Z=1 denotes the variance schedule of the forward
process. By progressively adding noise in this manner, the
model effectively diffuses the embedding vector of the target
entity into a pure noise distribution, thereby establishing
a foundation for the subsequent reverse multi-conditional
generation process.

3.2.2. Reverse Process with Multi-Condition
Denoising

To perform iterative denoising from pure Gaussian noise
to generate target entities in latent vector space, we define
the reverse diffusion process py(X ; 41X !, h,r) which is
conditioned on both the semantic context and connection
patterns, represented by (A, r). Formally, the process is de-
fined as follows:

po(X'_ | X' hyr) =
N(X;_I;MQ(X;"l-’h?r)?GEI)’ (4)

where o, is a fixed variance, py is predicted by a neural
network, and € denotes the denoiser parameters. We repa-
rameterize the mean to enable the neural network to directly
learn the noise added at time step z. This reparameterization
is expressed as:

Ho(XL, 7, h,r) =

L 2

where a, = 1 - f,, @, = [[{_, a,, and €y(-) (MCDenoiser)
predicts the injected noise conditioned on (&,r) and the
current timestep 7. Next, we provide a detailed introduction
to MCDenoiser in the following section.

Xi_ €H(X£-9T’h',r) 5 (5)

Multi-Condition Denoiser(MCDenoiser). In the re-
verse diffusion process, the key to achieving a Markovian
transition from the Gaussian distribution to the target entity
distribution lies in designing an effective denoising model.
Considering that knowledge graphs are usually stored in the
form of fact triplet (h,r,t), which have short lengths and
fewer long-range dependencies, and that previous research
such as FDM [Long et al., 2024a] has confirmed the effi-
ciency of MLP as the denoising backbone network, rather
than the traditional Transformer'. To capture rich semantic
and structural information between entities and relations, we
develop multiple conditions: (1) semantic context; (2) con-
nection patterns, and dynamically fuse them to design an
efficient MLP-based denoiser (MCDenoiser). The specific
implementation of this architecture can be represented in the
following four steps:

First, we extract the semantic condition S¢ from the
neighborhoods of A and r:

S¢ = {sY; s} = SemanticContext(h,r). 6)

'We provide a detailed comparison between MLP and Transformer in
Section 4.3.1.

Siyuan Li et al.: Preprint submitted to Elsevier

Page 4 of 15



Multi-Condition Latent Diffusion Network

Second, we capture the connection pattern X¢ from the
embeddings X" and X":

X¢ = ConnectionPattern(X", X"). @)

Third, the noised entity X!., timestep X T " and conditions
t t
S¢, X¢ are fused into a unified representation vector E:

E = ConditionsFusion(Xi,XTT, S¢, X9, )

Finally, the noise € is predicted from the fused feature E via
a final projection layer:

€ = LinearLayer(LN(E)). O]

In the following, we provide a detailed description of the
architectural design for each of these modules.

Semantic Context Condition Learning Module. In
knowledge graphs, the semantic context surrounding a given
triplet (h,r,t) provides crucial cues for identifying valid
links from the head entity A to the tail entity # [Wang
et al., 2021]. Inspired by the remarkable success of Graph
Neural Networks (GNNG5s) in representation learning [Kipf
and Welling, 2016, Hamilton et al., 2017, Yun et al., 2019],
we devise a message-passing mechanism to explicitly model
two complementary types of semantic contexts: entity con-
text and relation context, as illustrated in Figure 2.

Entity Context Modeling. We employ the classic Mes-
sage Passing Neural Network (MPNN) framework [Gilmer
et al., 2017] to aggregate node information, thereby con-
structing the entity context. Each node v is endowed with
an initial embedding XV = EMBY(v) and updates its hid-
den state iteratively. To mitigate issues such as noise, in-
formation dilution, or over-smoothing that can arise from
naively aggregating all neighboring nodes, we introduce a
semantics-aware Top-K mechanism. Specifically, when
selecting information sources for a target node v (anchored
by its initial representation XV), we assess the semantic
relevance between v and each of its neighboring nodes u
(represented by its hidden state X' at iteration /). This is
achieved via a learnable mapping function g(-) that projects
X" and X} into a shared latent semantic space. Within this
space, inspired by energy-based models [Cao et al., 2024],
we compute their similarity score using:

Score(v,u) = exp(—lg(X") — g(X“)I*/ 2, (10)

where || - ||? denotes the squared Euclidean distance, and A
is a temperature hyperparameter. The K neighboring nodes
with the highest scores are considered most semantically
relevant to node v and form the selected neighborhood
N (v) € N ().

Subsequently, message passing is performed over mul-
tiple iterations on the graph. At each iteration i, the hidden
state X of node v is updated as follows:

m? = Aggregator ({X:»l}ue'/\/[’((v)> , (11)
X!, =o(lm, X1 Wi +b), (12)

where X (’)’ = XUV is the initial hidden state, mf is the ag-
gregated message received by node v from its Top-K neigh-
bors, Aggregator,(+) is an entity message mean aggregation
function. [-] represents vector concatenation, WU’ and be are
learnable transformation matrix and bias at iteration i, and
o(+) is a non-linear activation function. The resulting Xi”+ 1
constitutes the entity context representation with respect
to the query (h,r). During training, the direct link from
h to t must be treated as unobserved (i.e., masked) when
predicting the tail entity ¢, to ensure the model learns to rely
on contextual information rather than the target itself.

Relation Context Modeling. Given that edge features
(i.e., relation embeddings) in KGs also carry significant
information, and the number of relation types is typically
much smaller than the number of entities, we posit that
message passing at the relation level can more efficiently
capture indicative contextual cues. To further enhance the
model’s expressive power, we also integrate a semantics-
aware Top-K mechanism into the relation message passing.
We adapt and enhance the alternating relation message pass-
ing scheme from PathCon [Wang et al., 2021]. Specifically,
when selecting relevant incident edges e (represented by its
current state X f at iteration i) for a node v, the semantic
relevance score is defined as:

Score(v, e) = exp(—[|g(X") — g(XO)II*/A). (13)

where the functions of g(-) and A are consistent with Eq. (10),
and they are projected into the same latent semantic space.
The K edges with the highest scores are selected to form
the set £ .(v) € &(v), where E£(v) denotes the set of
edges incident to node v. Then, these selected Top-K edges,
{X7}ee £l (v are aggregated via a mean aggregator Aggregator,

to form the relation-context message m;’ for node v:

ml“ = Aggregator, ({Xf}eeg;((u)> . (14)

Subsequently, the message m¢ for each edge e = (v', ')

is generated from the relation-context messages m;’, and
m?’/ received by its two endpoint nodes v’ and u’. This is

accomplished using a MLP-based aggregator Aggregators:

m; = Aggregators <[mi”,, m;‘,]> . 15)
Finally, the hidden state X of edge e is updated as:

Xy =0 (IXEme1- Wi+ 1)), (16)
where X (‘; = X°¢ = EMB¢®(e) is the initial feature vector for
the edge, and VV;, bé are learnable parameters for this step.
Through this dual-context modeling approach, combined
with a semantics-aware Top-K selection mechanism, our
model effectively leverages both the structural and feature
information of knowledge graphs (KGs), while more accu-
rately capturing and propagating the most relevant contex-
tual information for the specific link prediction task (4, r, 7).
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Connection Pattern Condition Learning Module. For
triplets in KGs, entities and relations often exhibit rich
connection patterns and are not independent of each other.
Drawing inspiration from TransE and its successors [Bordes
et al.,, 2013, Yang et al., 2015, Sun et al., 2019] that a
linking function should hold between the tail entity, the head
entity, and the relation: t = f,.(h,r). Thus, we utilize this
functional idea to learn different patterns, which allows for
better guidance of the generation process. The Connection
Pattern Condition Learning Module can be represented as:

ConnectionPattern(h,r) = X" & X". 17

Following [Long et al., 2024b], we define @ as a dataset-
specific composition operator. In our implementation, we
use element-wise addition on FB15k-237,i.e., X, = X, +X,.
For WN18RR, Kinship, and UMLS, we use the Hadamard
product, i.e., X, = X, ® X.. This choice is fixed per dataset
and selected based on validation performance.

Conditions Adaptive Fusion Module. Building on the
effectiveness of Transformer frameworks [Vaswani, 2017]
in the graph data domain [Hu et al., 2020], our module
adopts an architecture that mirrors that of the DiT Block with
adalLN-Zero [Peebles and Xie, 2023]. Given the inherently
concise nature of triplet and the paucity of evident long-
range dependencies, we replace multi-head self-attention
layers with alternating MLP layers. LayerNorm is applied as
a pre-processing step to each layer, and residual connections
are implemented around each sub-layer [He et al., 2016].
Furthermore, rather than learning dimension-wise scale «
and shift f§ parameters directly, we instead learn these param-
eters using Adaptive Parameterized Projector, separately
concatenating the embedding vector X TT corresponding to
time step = with the embedding vectors of multi-conditions
S¢ and X€ respectively, and then feeding them into the pro-
jector. The heterogeneity in connection patterns X¢ permits
the learning of distinct & values, and variations in entity con-
texts sV and relation contexts s¢ allow for the discrimination
of f, and f,. The parameter automation process is detailed
as follows:

o = Fo(IX . XTD: (A7 5} = Fo(8°. XD, (18)

where F, is a fully-connected layer with parameters Q and
[-] represents the concatenation operation. The Adaptive
Parameterized Projector enables MCDN to adapt to hetero-
geneous graphs with various graph heterogeneity settings.
Finally, we incorporate these parameters into the noise em-
bedding X ; by scaling them as:

t _ (&) t &) &)

X.=a" - X +p +B, " (19)

This modulation mechanism allows the model to finely guide

the update of X ’T based on the specific connection patterns,
t

semantic context of the input triplet, and the current timestep
T;, thereby enhancing the accuracy of target generation.

Algorithm 1 MCDenoiser e,(X’, 7, h, 1)

1: Input: Noisy tail embedding X', timestep 7, head entity
h, relation r;

2. Parameters: EM BT, EM B', EM B, ¢,;

3: Output: Predicted noise €,c4;

4: Calculate timestep, head and relation embeddings:
55 XI'= EMB"(r);

6 Xh=EMB"(h);

7. X" = EM B¢(r);

8: Learn multi-condition features:

9: S¢ = SemanticContext(h, r);

0. X =Xx'"exn

—_
—

: Conditions Adaptive Fusion Module:

12: Learn modulation parameters via Adaptive Parame-
terized Projector:

13 a= FQ([XC,XTT]);

14: {B1. B2} = Fo(IS¢. XTD);

15: Modulate the noisy input:

16: E = X! + a - MLP(LayerNorm(X")) + f; + f,;

17: E = E + «a - Pointwise(LayerNorm(E)) + §; + f,;

18: Final projection to predict noise:
19: €pred = LinearLayer(LayerNorm(E));

20: return €p.;

3.3. Training and Inference

During training, for each positive triple (A, r, 1), we sam-
ple © ~ Uniform({1,...,T}) and noise ¢ ~ MN(0,I),
construct X', and let the denoiser predict €pred- We then

reconstruct the clean embedding X (’) and apply the negative
log-likelihood loss [Mikolov et al., 2013]:

L =—logo(y — dy(X{, X{)

n
1 oA
-~ )1 di( X, X)) —7y), 20
n;oga( (X XD =) (20)

where y is a fixed margin, o is the sigmoid function, and d,
is the L1 distance. Here, X(’) = EMBY(¢) is the clean tail

embedding, X (IJ" = EMB’ (tﬁ) are negative tail embeddings,
and X! is reconstructed from X;. The predicted noise and
the final denoised result are mutually convertible through the
function:

L eo(XL, 7, h,r). @21
aT

The detailed procedure of MCDenoiser €,(X ; ,T,h,r) is
presented in Algorithm 1. Furthermore, the training process
of MCDN is illustrated in Algorithm 2. In the inference
phase, for predicting (h,r,?), MCDN iteratively denoises
from Gaussian noise towards the latent vector of the target
tail entity. This denoising process is guided by a trained
MCDenoiser €, and multi-conditional inputs. Finally, the
real tail entity is retrieved from the latent space via nearest
neighbor search. This procedure is detailed in Algorithm 3.
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Algorithm 2 Training Stage
1: Input: (h,r,1), {(h,r, t;)}','

=1’
2: Parameters: EM BY, EM B¢, MCDenoiser €p;
3: repeat

4;  Calculate X" « EM BY(h), X" « EM Be(r), X(’) «

!’
EMB®(1), and X, < EMB"();
S: €~ J\/(O,I);
. 7 ~ Uniform({1,...,T});

X;:@X6+\/1—6{T€;

7
g X! = T%Xi -\ /L —1eg(X!, 7, h,r);

9:  Take the gradient descent steps for alternating posi-
tive and negative:
10 L= —loga(y—dl(X’,X(’)))—

1 A
11: ;Z:’zlloga(dl(Xo,X(’))—y);
12: until converged;

Algorithm 3 Inference Stage

: Input: Incomplete triplet (A, r, 7);

: Output: Predicted target entity #;

. X" « EMBY(h); X" « EM B(r);
: X; ~ N(0,D;

cforc=T,...,1do
z~N(@ODif r > 1,else z=0;
€pred = eg(XL, 7, h,r);

8: Xi_l = \/]Z (X; - \/f—:_arep“’d> +0,2;

9: end for

10: Search for 1 = argminey, [| X! — EM B*(1)||;
11: Return ;

4. Experiment

To systematically validate the MCDN and the proposed
multi-condition design, we organize a series of experiments
to address the following research questions:

e RQ1: How does MCDN perform compared to main-
stream knowledge graph completion models?

e RQ2: What are the distinct contributions of MCDN’s
key components to its performance? How does its per-
formance adapt to variations in hyperparameter settings?
Furthermore, How effective is the diffusion process?

e RQ3: How well does MCDN model complex multi-
relation semantics, especially for multi-peaked (e.g., one-
to-many) query distributions?

e RQ4: How sensitive is MCDN to different levels of
knowledge graph data sparsity?

e RQS5: How does MCDN perform in inductive learning on
knowledge graphs with unseen entities?

4.1. Experiment Settings

Datasets. We conduct experiments on four standard knowl-
edge graph datasets: (i) FB15k-237, a subset of FB15k
with inverse relations removed [Toutanova and Chen, 2015];
(i1)) WNI18RR, a subset of WN18 with inverse relations

Table 2

Statistics of transductive learning datasets. |V| denotes the
number of entities, |R| the number of relations, |F| the num-
ber of training triples, |T,,| the number of validation triples,
and | T, | the number of test triples. E[d] and Var[d] represent
the mean and variance of the node degree, respectively.

Dataset | |V| |R] |F| [Tl Tl Eld]
FB15k-237 | 14,541 237 272,115 17,535 20,466 42.6

Var[d]
16307

WN18RR (40,943 11 86,835 3,034 3,134 4.2 643
Kinship 104 7 10,686 2,500 2,500 2055 2.8
UMLS 135 46 5,327 569 633 37.4 1205.3

removed [Dettmers et al., 2018]; (iii) Kinship, a knowledge
graph describing kinship relations, focusing on family and
blood relations [Hinton, 1986]; (iv) UMLS, a biomedical
knowledge graph encompassing medical terminology, con-
cepts, and their interrelationships [Bodenreider, 2004]. The
statistics above are summarized in Table 2.

Baselines. We categorize all baseline methods into four
groups: (i) Embedding-based: TransE [Bordes et al., 2013],
DistMult [Yang et al., 2015], ComplEx [Trouillon et al.,
2016], RotatE [Sun et al., 2019], ConvE [Dettmers et al.,
2018], TDN [Wang et al., 2023], KERMIT [Li et al., 2025c¢];
(ii) Rule-based: RNNIlogic [Qu et al.], DRUM [Sadeghian
et al., 2019]; (iii) GNN-based: CompGCN [Vashishth et al.,
2020], Pathcon [Wang et al., 2021], NBFNet [Zhu et al.,
2021], NORAN [Zhang et al., 2024b], AdaGCN [Li et al.,
2025d]; (iv) Diffusion-Based: FDM [Long et al., 2024a],
KGDM [Long et al., 2024b], DiffusionE [Cao et al., 2024].

Evaluation Metrics. For each test triplet (h, r, t), we con-
struct two queries: (h,r,?7) and (?,r,t), where the answers
are t and A, respectively. Mean Reciprocal Rank (MRR) and
Hits@N are selected as evaluation metrics.

Implementation Details. We optimize all models using
Adam with a learning rate of 1 X 10™* and a batch size of
128. The embedding dimension is set to 128 and we train
for 30 epochs. For the semantic context condition module,
the semantic space dimension is 32 and the temperature
in the semantics-aware Top-K mechanism is 0.95. For the
conditions adaptive fusion module, we use two fusion blocks
and set the hidden size of the MLP to 1600. All experiments
are conducted on a single NVIDIA RTX 4090 (24GB).
Notably, we observe that the optimal context-hop number
and Top-K value are dataset-dependent. Therefore, we tune
key hyperparameters independently for each dataset using a
grid search over: context hops {1,2, 3,4}, number of sam-
pled neighbors {8, 16,24,32}, and Top-K {3,4,5,8, 10}.
The best dataset-specific hyperparameter choices are sum-
marized in Table 5.

4.2. Overall Performance Comparison: RQ1

To answer RQ1, we conducted extensive experiments
comparing MCDN with state-of-the-art baseline methods.
The results, presented in Table 3, demonstrate the strong
performance of MCDN, with the highest mean reciprocal
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Table 3

Performance comparison on FB15k-237, WN18RR, Kinship and UMLS datasets. All metrics (MRR and Hits@N) are reported in

percentage. Best results are in bold, second best are underlined.

| | FB15k-237 | WN18RR | Kinship | UMLS
Type Model
| MRR H@1 HE@3 | MRR HE@1 H@3 | MRR H@1 He3 | MRR HEl He3
TransE 289 198 324 | 226 - - 31.0 09 - 69.0 523 -
DistMult 241 155 263 | 430 390 440 | 354 189 40.0 | 39.1 256 445
Emb-based ComplEx 247 158 275 | 440 41.0 46.0 | 41.8 242 499 | 411 273 4638
RotatE 337 241 375 | 447 428 492 | 651 504 755 | 744 636 822
ConvE 325 237 356 | 430 40.0 440 | 685 552 786 | 756 69.7 80.7
TDN 350 263 395 | 481 439 502 | 780 677 867 | 860 824 87.3
KERMIT 359 266 396 | 70.0 629 73.8 - - - 921 856 983
Rule-based RNNLogic | 344 252 380 | 483 446 497 | 722 598 814 | 842 772 891
DRUM 238 174 261 | 382 369 386 | 334 183 378 | 548 358 69.9
CompGCN | 355 264 390 | 479 443 494 - - - 927  86.7 -
PathCon 483 425 499 | 522 462 546 - - - - - -
GNN-based NBFNet 415 321 454 | 551 407 573 | 60.6 435 725 | 778 688 84.0
NORAN 409 451 519 | 540 467 56.0 - - - - - -
AdaGCN 370 275 396 | 472 450 50.1 - - - 97.7  96.6  99.2
FDM 485 386 529 | 506 456 51.8 | 837 761 89.7 | 922 893 94.4
Diffusion-based | KGDM 520 423 566 | 516 457 519 | 789 687 87.0 | 90.9 872 937
DiffusionE | 37.6  29.4 - 55.7  50.4 - - - 97.0 95.7 -
Ours | MCON | 55.1 529 57.2 | 574 550 585 | 854 79.8 91.1 | 948 913 98.6
Table 4 Table 5

Hit@10 performance comparison on FB15k-237, WN18RR,
Kinship and UMLS datasets. Best results are in bold, second
best are underlined.

Model \ FB15k-237 WN18RR Kinship UMLS
\ H@10 H@10 H@10 H@10

TransE 46.5 50.1 75.7 98.9
DistMult 41.9 49.0 74.3 72.9
ComplEx 42.8 51.0 76.0 75.2
RotatE 53.3 57.1 93.2 93.9
ConvE 50.1 52.0 92.8 91.9
TDN 54.6 48.1 96.5 96.8
KERMIT 54.7 83.3 - 99.5
RNNLogic 53.0 55.8 94.9 96.5
DRUM 36.4 41.0 67.5 85.4
CompGCN 53.5 54.6 - 99.4
PathCon 71.6 62.4 96.3 98.9
NBFNet 59.9 66.6 93.7 93.8
NORAN - - - -
AdaGCN 54.6 54.8 - 99.6
FDM 68.1 59.2 96.8 97.0
KGDM 70.8 59.3 97.2 97.3
DiffusionE 53.9 65.8 - 99.2
MCDN \ 65.3 70.7 97.9 99.8

rank (MRR) scores on two out of the four datasets and
ranks second on the remaining two datasets. Specifically,
on FB15k-237, the MCDN achieves an MRR score of 55.1,
which is 3.1 percentage points (6.0% relative) more than
the strongest competitor KGDM (52.0). On WN18RR, the
MRR of the MCDN is 57.4, representing a 1.7 percent-
age points (3.1% relative) improvement over the next best
model of the same type DiffusionE (55.7). On the Kinship

Dataset-specific hyperparameter configurations of MCDN.

Hyperparameter | FB15k-237 | WN18RR | Kinship | UMLS

Context hops 2 3 3 3

Neighbor samples 16 8 8 8

Top-K 10 4 4 4
Table 6

Training complexity and memory requirements. n,, is positive
samples, n,,, is the negative samples, k is the number of
neighbors sampled per node, hops is the number of hops on
the graph, and d is the embedding dimension.

Metric |FB15k-237 WN18RR Kinship UMLS
Training Complexity‘ O(n,, - (K" - d* + n,,, - d))
VRAM (MB) | 5284 5260 5814 6443

dataset, the MCDN achieves an MRR of 85.4, marking a 1.7
percentage points (2.0% relative) gain over the second-best
performing model FDM (83.7). On the UMLS dataset, the
MCDN achieves a highly competitive MRR of 94.8, ranking
second to DiffusionE (97.0). Compared with embedding-
based models (best MRRs: KERMIT (35.9, 70.0, and 92.1
on FB15k-237, WN18RR, and UMLS, respectively)), the
MCDN achieves better MRR on nearly all datasets.

Table 4 further shows the Hits @ 10 metric for the models
across all datasets. These results demonstrate the effective-
ness and robustness of the MCDN model. Although spe-
cialized models such as PathCon and the KERMIT exhibit
outstanding performance on individual datasets of FB15k-
237 and WNI18RR, respectively, the MCDN consistently
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Table 7
Ablation study on key components of MCDN.
FB15k-237 WN18RR
Ablation Settings

| MRR Hit@1 | MRR  Hit@1
MCDN 55.1 52.9 57.4 55.0
MCDN w/o Entity Context 50.7 47.9 53.8 51.7
MCDN w/o Relation Context 48.2 46.3 48.7 47.0
MCDN w/o Top-K 52.2 50.1 56.0 54.2
MCDN w/o Connection Patterns | 49.3 47.7 51.2 48.4
MCDN w/ Transformer 51.7  49.9 546 527

MCDN 6968
— 7000 MCDN w/ Transformer 2156 6443
S 6000 5796 5724 5814
< 5284 5260
@ 5000
o)
I}
v 4000
)
23000
[}
€ 2000
[}
= 1000
FB15K-237 WN18RR Kinship UMLS
Dataset

Figure 3: Comparison of Peak Memory Usage between MLP-
based and Transformer-based Backbones.

ranks among the top performers across multiple bench-
marks. Additionally, training time complexity and memory
requirements of the MCDN are presented in Table 6.

In conclusion, these results demonstrate that an effective
modeling of multiple relation semantics and the distribution
of target entities during prediction by the MCDN signifi-
cantly enhances the performance of embedding-based meth-
ods and improves their effectiveness in KGC.

4.3. Ablation Study: RQ2
4.3.1. Key Modules Ablation Study

To verify the effectiveness of our proposed modules, we
developed five distinct model variants:

e w/o Entity Context: the entity context, a neighborhood
structural component, was removed from the semantic
context condition learning module, retaining only the
relation context.

¢ w/o Relation Context: the relation context, a neighbor-
hood structural component, was removed from the seman-
tic context condition learning module, retaining only the
entity context.

e w/o Top-K: the Top-K selection mechanism was replaced
with a simple random sampling strategy in the semantic
context condition learning module.

¢ w/o Connection Patterns: the connection pattern condi-
tion learning module was replaced by simply concatenat-
ing the entity and relation context.

e w/ Transformer: MLP layers in the conditions adaptive
fusion module were replaced with Transformer layers.

The ablation study results, presented in Table 7, provide
crucial insights into the individual contributions of MCDN’s
key components, leading to the following observations.

Firstly, the Relation Context emerges as the most critical
component for MCDN’s performance. Its removal (MCDN
w/o Relation Context) results in the most substantial per-
formance degradation, with MRR decreasing by 6.9 (from
55.1 to 48.2) and Hit@1 by 6.6 points (from 52.9 to 46.3)
on FB15k-237, and even more significantly on WN18RR,
with the MRR decreasing by 8.7 (from 57.4 to 48.7) and
Hit@1 by 8.0 points (from 55.0 to 47.0). This corresponds to
an average relative performance decrease of approximately
13.68% across these metrics and datasets, underscoring the
paramount importance of relation-specific contextual infor-
mation for accurate link prediction.

Secondly, Connection Patterns are also highly influen-
tial. Excluding this module (MCDN w/o Connection Pat-
terns) results in considerable performance drops: the MRR
decreases by 5.8 points on FB15k-237 and 6.2 points on
WNI18RR, while Hit@1 scores decrease by 5.2 and 6.6
points, respectively. Thus, average relative performance de-
creases by approximately 10.79%. This finding robustly sup-
ports the hypothesis that entities and relations within KGs
are not independent, and explicit modeling of their con-
nection patterns enables highly effective use of conditional
information within triplets to guide the generation process.

Furthermore, the entity context is indispensable. Its ab-
sence (MCDN w/o Entity Context) results in MRR reduc-
tions of 4.4 on FB15k-237 and 3.6 on WN18RR, and Hit@1
reduction of 5.0 and 3.3 points, respectively. Although entity
and relation contexts are vital, the data clearly indicate that
the relation context has a significant impact.

The ablation of the Top-K selection mechanism (MCDN
w/o Top-K) also affects performance, with the MRR de-
creasing by 2.9 on FB15k-237 and 1.4 on WN18RR. This
indicates its utility in refining candidate predictions, al-
though its impact is less pronounced than the contextual
components.

Finally, we evaluate the MLP layers within the condi-
tions adaptive fusion module. Their removal (MCDN w/
Transformer) results in MRR decrease of 3.4 on FB15k-
237 and 2.8 on WN18RR, and Hit@1 decrease of 3.0 and
2.3 points, respectively. This translates to an average rel-
ative performance decrease of approximately 5.23% in the
MCDN. This observation suggests that the simpler MLP ar-
chitecture is highly adept at modeling the relatively straight-
forward factual structures in these KGs. Conversely, a highly
complex fusion mechanism, such as a Transformer explored
in a few designs [Peebles and Xie, 2023] may not be as well-
suited for this particular form of KG data, potentially owing
to the risk of overfitting or a mismatch in complexity.

To substantiate our backbone choice, we compare MLP
and Transformer variants of MCDN from the perspectives of
complexity, memory footprint, and optimization efficiency.
e Complexity. Self-attention incurs O(n?d) complexity

with sequence length n, while our denoiser input consists
of a small number of fixed-size condition vectors, making
the quadratic term unnecessary. In contrast, an MLP
scales approximately as O(d?) and is therefore a better
fit for this setting.
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Table 8
Cumulative training time (in minutes) corresponding to the training steps in Figure 3. This table quantifies the real-world time
cost of the training process, providing context for the convergence speed and overall efficiency of each model.

Model ‘ Training Steps
‘ Start 1 1000 2000 3000 4000 5000 6000 7000 8000 10000
MCDN - MLP 0 9.97 2587 4335 60.03 75.68 91.63 108.32 12548 143.25 175.05
MCDN - Transformer 0 11.28 28.47 45.63 6295 80.32 97.53 11497 132.88 150.05 184.50
TransE 0 1.45 2.78 4.13 5.48 6.85 8.22 9.57 10.92 12.28 16.28
ComplEx 0 1.65 3.20 4.77 6.30 7.87 9.43 11.02 12.57 14.13 18.77
DistMult 0 1.38 2.73 4.07 5.40 6.78 8.13 9.52 10.90 12.28 16.30
50 50
40 3 40
S g
=30 @30
<2 B SRRt 820 PP e o e
S ’/*_,——k T R [ TR NS N N
10 /,,/"r MCDN ComplexE 10 //, __,,—r”/. MCDN ComplexE
2l MCDN w/ Transformer =¥~ DisMult /) _,,——"‘ MCDN w/ Transformer ~ —¥- DisMult
0 ‘(’_/——" —&- TransE 0 g% -4~ TransE

Q Q § Y Q Q Q Q QO Q Q Q N N
> \000 1000 3000 D‘QQQ (9060 6000 »\000 %QQQ qQQ ,\'000 '\‘00 100 300 5(00 ‘)00 660 «\60 %00 c)QO '\000

Training Steps Training Steps

(a) MRR Convergence. (b) Hit@1 Convergence.

Figure 4: Training dynamics and convergence comparison on the FB15k-237 dataset. The plots show the evolution of (a) MRR and
(b) Hits@1 metrics over training steps. Our proposed MCDN not only achieves superior final performance but also demonstrates
significantly faster convergence compared to both the Transformer-based variant and other baseline models.

e Memory footprint. As shown in Figure 3, the Trans-
former variant consistently consumes more GPU memory
across all benchmarks. For example, on Kinship the peak
memory increases from 5814 MB (MLP) to 6766 MB
(Transformer), indicating the additional cost of attention
parameters and intermediate activations.

e Training and convergence. Table 8 indicates that the
Transformer variant incurs a modest 5.4% overhead over
the MLP backbone at 10,000 steps (184.50 vs. 175.05
min), while Figure 4 provides no evidence of improved
optimization from attention. More broadly, despite a
higher per-step cost than classical embedding models
(e.g., TransE and ComplEx), MCDN is substantially more
sample-efficient: it exceeds the best final performance
of all baselines within 2,000 steps, corresponding to
approximately 43—46 minutes of cumulative training time,
whereas the baselines plateau and fail to reach comparable
performance even after 10,000 steps.

4.3.2. Sensitivity to Key Hyperparameters

We conducted a hyperparameter sensitivity analysis to
investigate the impact of crucial settings within our model.
Figure 5 presents the results on the FB15k-237 dataset.

Figure 5(a) illustrates the model’s performance on vary-
ing numbers of hops for contextual information aggregation.
Both MRR and Hit@1 metrics peak at 2 hops, indicating
that expanding the contextual neighborhood up to this depth

is beneficial. However, increasing the hop count to 3 or 4
degrades performance, likely owing to the introduction of
noisy or less relevant information, which dilutes the signal
from highly pertinent local structures.

Figure 5(b) evaluates the influence of the Top-K param-
eter. This parameter controls the number of neighbors se-
lected for the current node at each hop, specifically filtering
the neighbors with the highest semantic similarity. This se-
lection focuses on the most relevant contextual information.
The optimal performance is achieved with a K-value of 10.
Using a smaller value of K (e.g., 4 or 8) may insufficiently
capture of contextual richness, as fewer highly relevant and
semantically similar neighbors are considered. Conversely,
a larger K (e.g., 16) can dilute the signal by incorporating
less semantically similar neighbors, introducing noise and
causing a notable performance drop. This highlights the
critical balance in selecting an appropriate neighborhood
size to maximize relevant information while minimizing
interference from less pertinent neighbors.

Figure 5(c) shows the effect of the hidden layer size in
the conditions adaptive fusion modules. The performance
steadily improves as the hidden dimension increases from
400 to 1600. However, further increasing the hidden size
(e.g., to 2000 or 2400) degrades performance. This suggests
that although a sufficiently large hidden dimension is neces-
sary for capturing complex conditional patterns, excessively
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Figure 5: Hyperparameter sensitivity analysis on FB15k-237,
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Figure 6: Effect of the reverse denoising steps T on FB15k-237.

large sizes may increase model complexity and potential
overfitting without commensurate gains in expressive power.

Figure 5(d) illustrates the effect of the number of stacked
conditions adaptive fusion modules. The model exhibits its
best results with 2 modules. Using a single module ap-
pears insufficient to fully leverage conditional information,
whereas stacking 3 or 4 modules decreases performance.
This decline in deep configurations might be attributed to
optimization or overfitting challenges as the network depth
increases for this particular component.

4.3.3. Effectiveness of the Diffusion

To quantify the role of the diffusion process in KGC, we
conduct a controlled comparison that isolates the impact of
iterative denoising while keeping the condition encoders, the
denoiser backbone, and the training objective unchanged.
Concretely, we vary the number of reverse denoising steps
T € {1,50,100,150,200} at inference time and report
MRR, Hits@1, and Hits@3 on FB15k-237. Figure 6 shows
a clear improvement when increasing 7" from 1 to 100. This
indicates that iterative refinement is essential: a degenerated
one-step generation (T'=1) is insufficient to recover high-
quality target embeddings, whereas multi-step denoising
progressively concentrates the prediction toward valid en-
tities under multi-condition guidance. Beyond T'=100, the
performance saturates and slightly fluctuates, suggesting
diminishing returns from further increasing denoising steps.
Therefore, we adopt T=100 as the default setting in all
experiments for an accuracy-efficiency trade-off.

4.4. Multi-Relation Semantics Analysis: RQ3

The 1-N prediction task [Wang et al., 2017] serves as
a critical benchmark for evaluating the capacity of a model
for semantic understanding. We analyze MCDN by relation

56 54 56 54
55 53 55 535
g s g s
~ 54 — ~ 54 -
g 52© g 52@)
53 = 53 =
—— MRR 51T —— MRR 51T
52| —— Hit@l 52/|—— Hit@l
6)0 50
400 800 120016002000 240 1 2 3 4
Hidden layer size Number of modules
(c) Hidden layer size. (d) Number of modules.

reporting the impact of key settings on MRR and Hit@1.

Table 9
Entity prediction by relation category on FB15k-237. The
metric is MRR in percentage.

Category TransE RotatE NBFNet FDM MCDN

Head Prediction

1-1 49.8 48.7 57.8 56.9 59.5

1-N 7.9 8.1 165 203 217

N-1 455 46.7 49.9 55.9 58.8

N-N 22.4 23.4 34.8 423 44.1
Tail Prediction

1-1 48.8 48.4 60.0 51.9 61.7

1-N 744 74T 790 826 84.4

N-1 7.1 7.0 12.2 16.7 18.5

N-N 33.0 33.8 45.6 54.3 54.6

categories [Wang et al., 2014] on FB15k-237. Table 9 reports
the MRR for each category. The results indicate that MCDN
exhibits more improvement on 1-1, 1-N, N-1, and N-N
relations. These categories typically exhibit more complex
and potentially multi-peaked query distributions, for which
probabilistic modeling of target entities is beneficial.

Furthermore, We conducted a qualitative analysis using
illustrative examples from the FB15k-237 test dataset (see
Table 10). The t-SNE visualization presented in Figure 7
clearly highlights the contrasting behaviors of the two mod-
els. Figures 7(a) and (c) show that the MCDN-generated
embeddings form a distinct cluster that effectively captures
the distribution of the multiple ground-truth entities. This
indicates the effectiveness of the model in capturing the
inherent one-to-many ambiguity present in the query.

In contrast, Figures 7(b) and (d) show that TransE pro-
duces a single point estimate exclusively for its prediction.
This discrepancy stems from fundamental architectural dif-
ferences. The deterministic nature of TransE, which relies on
the translation t = h + r, forces it to compute a single vector
that represents an average of all potential correct answers,
thereby failing to accurately capture any single answer.

Our MCDN is designed as a conditional generative
model. Instead of predicting a single point, it learns the
underlying probability distribution of target entities. Guided
by rich semantic contexts and connection patterns, MCDN’s
reverse diffusion process generates a diverse set of can-
didate entities. These predictions are not collapsed into
an uninformative average; instead, they are strategically
positioned in close proximity to the actual ground-truth
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Knowledge Graph Query Examples on the FB15k-237 Dataset. The table shows two distinct 1-N queries for Los Angeles locations
and Jazz artists. Square brackets [...] enclose Freebase Machine IDs.

Component ‘

Example Instance

Query (h, r, ?) ‘

(Los Angeles [/m/030qb3t], location contains [/location/location/contains], ?)

Reference Answers Tarzana Beverly Hills Northridge Woodland Hills
(Tail Entities) [/m/0281rb] [/m/0k049] [/m/0k mf] [/m/0k_p5]
Query (h, r, ?) ‘ (Jazz [/m/03_d0], music genre artists [/music/genre/artists], ?)

Bill Evans Amanda Lear Chris Thile Bill Wyman
[/m/014g91] [/m/01l vgt] [/m/01m15br] [/m/01vsksr]

Ref_erre.TcEe An.swers Joss Stone Ringo Sheena Ray Manzarek Natalie Cole

(Tail Entities) [/m/01wk7ql] [/m/01wy61ly] [/m/021r7r] [/m/026spg]
Toni Braxton Tom Waits Miles Davis Corinne Bailey Rae
[/m/02h9 1] [/m/03h_fqv] [/m/053yx] [/m/0b68vs]
@ Tarzana Ray Manzarek  Chris Thile Ringo Sheena Ray Manzarek  Chris Thile Ringo Sheena
okl i s e .
Northridge {toosiand Hills Hajthridge K Toni Braxton B . K ron Braxton
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Figure 7: T-SNE visualization of embeddings. The first two figures on the left are about the first example in the table 6, and the

two on the right are about the second example.

entities, demonstrating a highly sophisticated and practical
understanding of one-to-many semantics.

4.5. Sensitivity to Data Sparsity: RQ4

We observe that MCDN performs slightly worse on
UMLS than on other datasets. Table 2 shows that UMLS
has a limited size and semantic diversity, which may pro-
vide insufficient contextual signals for MCDN. In contrast,
DiffusionE may be robust on such sparse graphs due to its
emphasis on semantic consistency via adaptive propagation.

To empirically validate this hypothesis, we design a
controlled sparsity experiment by sub-sampling FB15k-237,
which exhibits similar node-degree characteristics to UMLS.
Given the absence of an official implementation for Dif-
fusionE?, we focus on evaluating how data volume im-
pacts message-passing mechanisms. By randomly sampling
FB15k-237 at various proportions, we quantify the perfor-
mance of MCDN on smaller-scale graphs, and the results
are reported in Figure 8.

4.6. Inductive Reasoning: RQ5

Building on the demonstrated superiority of the MCDN
in the transductive setting, we further validated its inductive
learning power. This direction is motivated by concurrent
studies, such as DKGC [Chen et al., 2024], which have
already confirmed the guiding role of relational semantics

2 As DiffusionE’s adaptive message passing and PathCon’s relation-
based message passing are conceptually similar, we use PathCon as a proxy
to evaluate the impact of data volume on message-passing mechanisms.

60
MCDN
50 Pathcon
TransE
= 40
S
o 30
o
= 20
10
0
100% 50% 10% 5% 2%

Data Sampling Percentage

Figure 8: Performance analysis on FB15k-237 under varying
training data sparsity. The results demonstrate the models’ sen-
sitivity to the volume of training data. While MCDN achieves
strong performance on the full dataset, its performance de-
grades more rapidly than the more robust PathCon model
as data becomes sparse. This provides empirical evidence
that MCDN's architecture is more data-hungry, justifying its
relatively lower performance on the small UMLS dataset.

for diffusion-based models in inductive tasks. To better adapt
the proposed model to this task, we introduced a variant
named MCDN w/ Relation. Specifically, we modify the
scaling and fusion mechanism within our conditions adap-
tive fusion module as follows:

¢ 4
X =" X'+ O +a®, 22)

Siyuan Li et al.: Preprint submitted to Elsevier

Page 12 of 15



Multi-Condition Latent Diffusion Network

Table 11
Inductive results. The best results are shown in bold while the second-best results are shown underlined.
| | FB15k-237 | NELL-995
T M |
ype | e
IMRR H@10|MRR H@10|MRR H@10|MRR H@10|MRR H@10|MRR H@10|MRR HO10|MRR H@10
GralL 27.9 429|276 424|251 424|227 389 [48.1 565|297 496|322 51.8 (262 50.6
GNN-based NBFNet 30.7 51.7 |36.9 63.9 (33.1 58.8 |30.5 559 [58.4 79.5(41.0 63.5 425 60.6 |28.7 59.1
RED-GNN 36.9 483469 629|445 60.3 |442 62.1 |63.7 86.6 |41.9 60.1 |43.6 59.4 |36.3 55.6
AdaProp 31.0 55.1 [47.1 65.9 [47.1 63.7 |45.4 63.8 |64.4 88.6 |45.2 65.2 |43.5 61.8 |36.6 60.7
Diffusion—based‘ DiffusionE ‘31.0 525 |47.4 66.1 |45.6 627 |44.6 62.5|67.3 87.3 |42.4 66.0 |45.8 62.0 [30.8 52.3
Ours MCDN 25.4 40.3 |35.2 60.5 (359 599 [34.7 60.1 - - 33.2 55.2 30.7 51.3|26.5 51.2
MCDN w/ Relation| 30.6 52.2 |40.8 60.8 |42.3 60.4 |41.5 61.2 - - 39.4 61.1 |38.8 58.8 |33.7 56.8
(&) :
where f," " represents the scaling parameter learned from the Table 12

relation contexts after processing by the adaptive parameter-
ized projector.

4.6.1. Experiments Settings

Datasets. We proceed with four subsets each from the
FB15k-237 and NELL-995 datasets, for a detailed exami-
nation of the dataset specifics, refer to Table 12.

Baselines. Traditional embedding-based models are inca-
pable of generalizing to unseen entities. Therefore, our selec-
tion of baselines is drawn from the following two categories:
(i) GNN-based: GralL [Teru et al., 2020], NBENet [Zhu
et al., 2021], RED-GNN [Zhang and Yao, 2022], and
AdaProp [Zhang et al., 2023b]. (ii) Diffusion-based: Diffu-
sionE [Cao et al., 2024].

Implementation Details. The setup and parameter selec-
tion are consistent with the transductive experiments.

4.6.2. Overall Performance

Table 11 presents the results of our inductive learning.
The MCDN w/ Relation demonstrates strong and robust gen-
eralization capabilities, achieving highly competitive per-
formance against state-of-the-art GNN-based and diffusion-
based models across eight distinct inductive settings on
FB15k-237 and NELL-995.

On FB15k-237, MCDN w/ Relation consistently per-
forms similarly to leading baselines such as AdaProp and
DiffusionE, particularly in the more challenging v2, v3,
and v4 versions. Notably, the proposed model exhibits re-
markable stability across these settings, with MRR scores
remaining consistently high (40.8 to 42.3). On the highly
sparse NELL-995, the model remains highly competitive,
surpassing several strong baselines and exhibiting compa-
rable performance with other examined models.

However, the most crucial insight is obtained from the
ablation study comparing MCDN w/ Relation with its vanilla
counterpart MCDN. The results demonstrate that the model
achieves substantial and consistent performance gains across
all evaluated settings after refining the fusion mechanism.
For instance, on the v3 and v4 versions of NELL-995,

Statistics of inductive learning datasets. |R| and |R,| denote
the number of relations in the training and test sets, respec-
tively. Similarly, |V| and |V, | represent the number of entities,
and |F| and |T,| represent the number of triples.

Dataset | IRl V] |F| [Ristl Wil [Tistl
vl | 180 1,594 5,226 142 1,093 2,404
v2 | 200 2,608 12,085 172 1,660 5,092

FB15k-237 v3 | 215 3,668 22,394 183 2,501 9,137
v4 | 219 4,707 33,916 200 3,051 14,554
vl | 14 3,103 5,540 14 225 1,034
v2 | 88 2,564 10,109 79 2,086 5,521

NELL-995 v3 | 142 4,647 20,117 122 3,566 9,668
v4 | 76 2,092 9,289 61 2,795 8,520

the MRR is boosted by 26.7% and 27.2%, respectively,
whereas the H@10 score on FB15k-237 v1 improves by
nearly relative 30%. This demonstrates that the proposed
relation-context scaling mechanism is the key contributor
to the strong inductive reasoning capability of the model,
effectively guiding the diffusion process for unseen entities.

In summary, although MCDN w/ Relation does not
consistently outperform the top model on every metric, it
remains a robust and competitive method for inductive KGC.

5. Conclusion

Herein, we introduced the MCDN, which reframed KGC
as a conditional generation task. By jointly conditioning
on semantic context and connection patterns, the MCDN
effectively modeled the distribution of target entities with an
accurate prediction process. Extensive experiments demon-
strate that the MCDN achieved superior performance across
several challenging benchmark datasets. Despite its empir-
ical success, a primary limitation of the MCDN was in
its computational efficiency. The iterative sampling process
inherent to diffusion models exhibited more training latency
and memory footprint than single-step, nongenerative ap-
proaches, highlighting a fundamental trade-off between the
expressive power of conditional generative modeling and its
associated computational cost. In future studies, we aim to
improve the training efficiency of the MCDN by adopting
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advanced and efficient diffusion frameworks such as the
recently proposed mean-flow method. We plan to extend the
MCDN to large-scale KGs to thoroughly evaluate its com-
pletion capability when facing the vast knowledge semantics
of the real world. We might enhance the proposed model
by exploring new condition fusion mechanisms and context
aggregation techniques to further enhance its performance.
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