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ABSTRACT

Multimodal Knowledge Graphs (MMKGs) enable structured reason-
ing across heterogeneous modalities and are essential infrastructure
for data management and analytics. As MMKGs are inherently in-
complete and generally contain noisy data, MMKG Completion
(MMKGC) is a central task for improving data quality and seman-
tic inference. Speci�cally, a crucial aspect of MMKGC is negative
sampling, which impacts model discriminability and completion
accuracy. However, existing negative sampling proposals often
ignore the semantic properties of relation types and lack mecha-
nisms for adaptive control of negative sample hardness, leading
to suboptimal MMKGC performance. To address issues such as
these, we propose RelDINS that improves semantic consistency and
robustness by performing relation-type-aware negative sampling
through di�usion-based interpolation. RelDINS incorporates two
modules: (i) a Relation-type-aware Multimodal Embedding Learn-
ing (RMEL) module that adaptively injects relational semantics into
entity representations based on cardinality constraints; (ii) and a
Di�usion-based Interpolation Negative Sampling (DINS) module
that dynamically generates hardness-tunable negative samples via
spherical linear interpolation in di�usion noise space. Extensive ex-
periments on three public benchmarks show that RelDINS achieves
state-of-the-art performance, with average improvements of 3.5% in
MRR, 5.0% in Hit@1, 2.6% in Hit@3, and 1.4% in Hit@10 over lead-
ing baselines. Supported by a complexity analysis and an empirical
study, RelDINS is a principled and scalable solution to enhancing
semantic consistency and data reliability in MMKGC.
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1 INTRODUCTION

Knowledge Graphs (KGs) [54] represent real-world facts as triples,
each consisting of a head entity, a relation, and a tail entity, denoted
as (ℎ, A , C ) [58]. KGs serve as the foundation for tasks like semantic
search [45], recommendation [14], and question answering [27],
enabling machines to reason over knowledge. However, real-world
KGs are often incomplete, motivating research on Knowledge Graph
Completion (KGC) [10] to infer missing facts. A key task in KGC,
link prediction [6], focuses on inferring missing entities.

Recent studies [21, 43, 63] integrate multimodal information (e.g.,
images and text) with KGs, creating Multimodal Knowledge Graphs
(MMKGs). In MMKGC [48], negative sampling (NS) [55] is crucial,
as negative samples (synthetic triples) are scarce in multimodal
settings. By contrasting negative and positive samples, NS helps
models capture semantic boundaries and relational dependencies.
Many state-of-the-art MMKGCmethods [3, 51, 58] focus on re�ning
NS through visual–textual discrimination. However, most still rely
on random [3] or global generative sampling [51], failing to address
two key challenges:

Challenge I: Distinct relation types impose heterogeneous

semantic constraints. Knowledge graphs have four relation types:
(i) one-to-one (1–1), which enforces bidirectional uniqueness (e.g.,
country–capital); (ii) one-to-many (1–# ), where the head entity
serves as a semantic hub (e.g., author–works); (iii) many-to-one
(#–1), where multiple heads semantically converge toward a sin-
gle tail (e.g., students–school); (iv) many-to-many (#–# ), which
involves highly overlapping associations requiring strong repre-
sentational discriminability. These relation types impose di�erent
cardinality constraints, shaping semantic distribution in the em-
bedding space. Ignoring these constraints during negative sam-
pling introduces semantic bias, degrades embedding quality, and
may misidentify valid entities as negatives, especially for asymmet-
ric relations like 1–# and #–1. For #–# relations, relation-type-
agnostic sampling generates false negatives that resemble positives,
causing gradient inconsistency, unstable optimization, and slow
convergence.

Example 1. Fig. 1 shows the director–movie relation, a typical

1–# relation. Christopher Nolan is linked to multiple �lms, e.g., Inter-
stellar, Inception, and Tenet. However, the MMKGmay include only a

subset of these positive pairs (e.g., Nolan–Inception and Nolan–Tenet),

while others (e.g., Nolan–Interstellar) are missing due to data incom-

pleteness. For 1–# and #–1 relations, overlooking the asymmetric

semantics may cause misclassi�cations of positive associations as

https://doi.org/10.14778/3819518.3819526
https://github.com/dailinfei/RelDINS
https://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:info@vldb.org
https://doi.org/10.14778/3819518.3819526
https://www.acm.org/publications/policies/artifact-review-and-badging-current


Figure 1: Director-movie relation illustrating 1-N asymmetric

semantics and annotation gaps.

negative ones, causing semantic ambiguity and label noise that de-

grade the discriminative power of embeddings. In the example, the

association between Nolan and Interstellar is incorrectly regarded as

a negative sample.

Challenge II: Lack of dynamic tunability in negative sam-

ple strength and local semantic awareness. Existing negative
sampling strategies [31, 51, 58] have two limitations. First, most
methods [51, 58] lack a mechanism to dynamically adjust the hard-
ness of negatives. Random sampling produces simple negatives that
provide limited supervision, while adversarial methods like DHNS
generate harder negatives but lack �ne-grained control, hindering
progressive optimization and reducing training e�ciency.

Second, current methods often ignore local semantic awareness,
treating negative sampling as a global operation. They fail to cap-
ture the �ne-grained contextual semantics of positive triples (e.g.,
entity co-occurrence and relation type), leading to negatives that
are either trivial or semantically irrelevant. As a result, models
struggle to learn precise decision boundaries, leading to unstable
convergence and limited generalization in MMKGC. Yet, such ca-
pabilities are important in real-world applications. For instance,
in e-commerce product alignment, distinguishing visually similar
products (e.g., shirts of the same style but di�erent brands) requires
�ne-grained discrimination, which random negative sampling fails
to provide. Similarly, in medical diagnosis, where entities (diseases)
are associated with symptoms (text) and scans (images), avoiding
false positives is critical. RelDINS contributes to improving robust-
ness of such high-stakes decisions by enforcing strict semantic
boundaries.

To address the two challenges, we propose RelDINS, a novel
MMKGC framework that incorporatesRelation-type-awareNegative
Sampling via Di�usion-based Interpolation1. RelDINS comprises
two core modules: the Relation-type-Aware Multimodal Embedding

Learning (RMEL) module and the Di�usion-Based Interpolation Neg-

ative Sampling (DINS) module, designed to address the lack of
relation-type semantic constraints and the absence of dynamic tun-
ability and local semantic awareness in negative sampling. Speci�-
cally, to tackle Challenge I, RMEL models the semantic constraints

1To make the framework name more word-like and easier to pronounce, we reversed
the order of “NS” and “DI” in the acronym.

induced by di�erent relation types by introducing a relation-type-
adaptive strategy that adjusts multimodal fusion based on the rela-
tion cardinality (e.g., 1–# , #–1). This mechanism enables a model
to capture asymmetric relational semantics and maintain consis-
tent feature alignment across modalities. To tackle Challenge II,
DINS introduces a di�usion-based interpolation mechanism that
generates hard negatives adaptively through semantic interpolation
between positives and randomly sampled negatives. By employing
a dynamic interpolation coe�cient, the module continuously tunes
sample hardness throughout training while remaining sensitive to
the local semantic context of each positive triple. This dual control
over hardness and local semantic alignment enables RelDINS to
generate challenging yet semantically relevant negatives, thereby
enhancing discriminative learning, stability, and generalization in
MMKGC. To the best of our knowledge, RelDINS is the �rst proposal
to incorporate relation cardinality types into multimodal embed-
ding learning and propose hardness-adaptive negative sampling
via di�usion interpolation for MMKGC.

The main contributions are summarized as follows:

• We propose RelDINS, a novel framework for MMKGC that in-
corporates relation-type-aware negative sampling via di�usion-
based interpolation, linking relation-type semantics and adaptive
negative sample generation.

• We propose RMEL, a relation-type-aware multimodal embed-
dingmodule that dynamically integrates multimodal information
according to relation cardinality.

• We propose DINS, a di�usion-based interpolation sampler that
enables dynamic hardness adjustment and local semantic align-
ment, generating high-quality negatives near decision bound-
aries for progressive model training.

• We conduct extensive experiments on three MMKG benchmarks
and compare with twenty baselines. Experimental results show
that RelDINS achieves state-of-the-art performance, with average
improvements across the three benchmarks of 3.5% in MRR, 5.0%
in Hit@1, 2.6% in Hit@3, and 1.4% in Hit@10 over the leading
baselines.

2 RELATED WORK

Knowledge graph completion (KGC) is a fundamental task in data
management that has attracted extensive attention in the database
community [17, 28, 32, 37, 56, 59, 61]. Existing KGC models can
generally be categorized according to their scoring mechanisms:
(i) Translation-based models such as TransE [2] represent rela-
tions as translations between entity embeddings, while TransH [47]
and TransR [22] further introduce relation-speci�c hyperplanes or
embedding spaces to improve modeling �exibility; (ii) Semantic
matching models, including RESCAL [30], DistMult [53], and Com-
plEx [40], score triples via tensor or matrix factorization, where
ComplEx further captures symmetric and antisymmetric relations
using complex-valued embeddings; and (iii) Neural and geometric
embedding models such as ConvE [7] and RotatE [38], which re-
spectively employ convolutional operations and complex-space ro-
tations for triple scoring. Despite their e�ectiveness, these methods
rely solely on structural triples and ignore multimodal information
(e.g., textual and visual cues), limiting their ability to capture richer
semantic context in real-world scenarios.



2.1 MMKGC

Recent studies [4, 43, 46, 60, 63] integrate multimodal information
for MMKGC. TransAE [46] uses an autoencoder to reconstruct
multimodal embeddings, while RSME [43] employs multi-gating
to �lter visual cues. VBKGC [63] integrates VisualBERT [20] for
deep feature fusion, OTKGE [4] applies optimal transport to align
representations, and AdaMF [60] uses adaptive gating for modality
selection. While these methods enhance representation richness,
they focus on generic multimodal fusion and neglect the struc-
tural complexity of relations, particularly the role of relation types
in shaping semantics. This limits their ability to model complex
relational semantics and perform well in real-world multimodal rea-
soning tasks. Beyond representation learning, large-scale MMKG
training also requires e�cient graph-centric computation, as ex-
plored in distributed GNN training [34, 35] and distributed graph
processing [13].

2.2 NS-Enhanced KGC

Some studies [1, 3, 23, 31, 44, 51, 58, 62] employ negative sampling
to generate false triples for optimizing embeddings by distinguish-
ing true from false statements. Random negative sampling [23]
replaces the head or tail entity at random but often yields easy
negatives. To improve learning, earlier methods like KBGAN [3]
and IGAN [44] use adversarial frameworks where a generator cre-
ates negatives to “fool” the discriminator. NSCaching [62] caches
high-scoring negatives for reuse, while SANS [1] samples from
neighboring entities to increase sample di�culty. With MMKGs,
negative sampling has been extended to incorporate multimodal se-
mantics. MMRNS [51] integrates relational context, and MANS [58]
adjusts both structural and visual embeddings. Recently, genera-
tive methods like DHNS [31] use di�usion models to synthesize
hierarchical hard negatives through a denoising process.

However, existing generative approaches such as DHNS follow
a reconstruction-based paradigm that generates negatives around
the positive distribution without explicit guidance toward the de-
cision boundary. Consequently, they cannot adaptively control
negative hardness during training. In contrast, RelDINS introduces
an interpolation-based directional generation mechanism that syn-
thesizes boundary-critical negatives via spherical interpolation be-
tween positive and negative entity pairs, enabling controllable and
phase-aware hard negative generation.

3 PRELIMINARIES

3.1 MMKG Formulation

An MMKG extends the conventional knowledge graph by associat-
ing entities with multimodal au xiliary information such as textual
descriptions and visual images. To formally describe this structure,
an MMKG is de�ned as G = (E,R,T ,I, F ) [58, 60], where E de-
notes the set of entities, R the set of relations, and F ⊆ E × R × E
the set of factual triples. T and I represent the sets of textual de-
scriptions and images associated with entities, respectively. This
formulation follows the standard MMKGC setting [24, 49, 51, 58],
which focuses on relational triples with unstructured multimodal
features, where literal attributes are implicitly incorporated into
textual descriptions T .

Each entity 4 ∈ E is represented by three embeddings: e =

[eB ; eC ; eE], where eB , eC , and eE are the structural, textual, and
visual representations, respectively, with each embedding in R

34 .
The structural embedding eB is learned from the graph topology,
while eC and eE are extracted from textual and visual modalities
(e.g., via BERT [8] and VGG [33]). Similarly, each relation A ∈ R is
encoded as r ∈ R3A , where 3A is the relation embedding dimension.

3.2 MMKGC Task Defnition

The goal of MMKGC is to infer missing facts in G, i.e., to predict
whether a candidate triple (ℎ, A, C) is valid.

Given a query with an unknown entity, either (ℎ, A, ?) or (?, A , C),
the model estimates the plausibility of candidate triples through a
scoring function [51, 58]:

q (ℎ, A, C) : E × R × E → R,

where a higher q (ℎ, A, C) value indicates a higher likelihood that the
triple holds true in the knowledge graph. Accordingly, the learning
objective is to optimize entity and relation embeddings such that
valid triples receive higher scores than invalid ones:

q (ℎ, A, C) > q (ℎ′, A , C ′), ∀(ℎ, A, C) ∈ F , (ℎ′, A , C ′) ∉ F .

3.3 Negative Sampling for Contrastive Learning

Since KG contain only factual triples, negative sampling is crucial
to provide contrastive supervision during training [31, 51]. For each
positive triple (ℎ, A, C) ∈ F , a set of negative samples is constructed
by corrupting either the head or the tail entity: (ℎ′, A , C) >A (ℎ, A, C ′),
satisfying: ℎ′, C ′ ∈ E \ {ℎ, C} , (ℎ′, A , C), (ℎ, A, C ′) ∉ F .

The model is then trained to maximize q (ℎ, A, C) for positive
triples and minimize q (ℎ′, A , C ′) for negative ones, thereby learning
discriminative embeddings through contrastive optimization.

However, traditional random sampling produces easy negatives
that are far from the decision boundary, yielding weak supervision
signals and slow convergence. Recent studies show that introducing
hard negatives, i.e., samples semantically close to positives in the
embedding space, can enhance the model’s discriminative power
and generalization. In multimodal settings, this challenge becomes
more complex, as semantic similarity must be preserved not only
structurally but also across textual and visual modalities.

Final Objective: The goal of this study is to develop a relation-
type-aware and hardness-adaptive negative sampling frame-

work for MMKGC, which enables the generation of semantically

consistent and controllably hard negative samples, thereby en-
suring stable optimization, enhanced discriminative learning, and
improved completion accuracy.

4 FRAMEWORK

4.1 Framework Overview

We �rst introduce an overview of RelDINS, as illustrated in Fig. 2.
It consists of a relation-type-aware multimodal embedding learn-
ing (RMEL) module and a di�usion-based interpolation negative
sampling (DINS) module.

• RMEL Module: learns discriminative entity embeddings by
fusing multimodal information (structural, textual, and image)
based on relation cardinality, ensuring that embeddings remain



Figure 2: Overall framework of RelDINS.

consistent with the semantic patterns of di�erent relation types
(e.g., 1–# , #–1, #–# ).
• DINS Module: introduces a hardness-adaptive di�usion inter-

polation mechanism to generate negatives with controllable dif-
�culty and high semantic relevance. By performing spherical
linear interpolation (SLERP) between positives and randomly
sampled negatives, DINS creates a continuum of negatives with
adjustable hardness through a dynamic interpolation coe�cient.

4.2 RMEL Module

4.2.1 Modality-Specific Encoders. We adopt a standardized mul-
timodal encoding framework using pre-trained models to extract
modality-speci�c features and a uni�ed projection network to align
cross-modal dimensions and semantics.

Given an entity 4 with associated text description set T (4) and
image set I(4), the modality-speci�c encoding is de�ned as follows:

e
raw
C =

1

|T (4) |
∑

text∈T (4 )
BERT(text) (1)

e
raw
E =

1

|I(4) |
∑

img∈I(4 )
VGG-16(img), (2)

where BERT [8] and VGG-16 [33] serve as base encoders to extract
high-level semantic and image features, respectively. For entities
with multiple textual descriptions or images, an average pooling
strategy [60] is applied to aggregate instance-level features, ensur-
ing balanced modality information. The resulting representations
e
A0F
C and e

A0F
E denote the raw text and image embeddings.

Note that although advanced joint vision–language models such
as CLIP provide superior cross-modal alignment, we adopt standard
BERT and VGG-16 encoders to ensure a fair comparison with exist-
ing MMKGC baselines [31, 51, 60, 63]. Exploring stronger encoders
like CLIP is left as a promising direction for future work.

Furthermore, to unify the representation space across modalities
and enhance semantic consistency, we introduce a two-layer projec-
tion network, denoted as %< (·), where< ∈ C, E corresponds to the

text or image modality. This network maps modality-speci�c fea-
tures into a shared semantic space of target dimension34 . The result-
ing semantically aligned representations are eC = %C (erawC ) ∈ R34
for text and eE = %E (erawE ) ∈ R34 for image.

Moreover, to establish the foundational structural representa-
tions of the KG, the entity structure embedding eB ∈ R

34 and
relation embedding r ∈ R

3A are initialized via random learnable
matrices, serving as core base representations. The model then
outputs standardized multimodal inputs {eB , eC , eE, r}, providing a
uni�ed, semantically consistent foundation for relation-type-aware
multimodal embedding learning. Unlike the projected multimodal
features, the structure embedding eB and relation embedding r are
initialized directly as learnable parameters within the target dimen-
sion space. They are optimized end-to-end to align naturally with
other modalities during training, requiring no additional projec-
tions.

4.2.2 Relation-type-Aware Multimodal Embedding. As shown in
the left panel of Fig. 2, using the standardized multimodal represen-
tations described above, we further enhance entity embeddings by
explicitly modeling the in�uence of di�erent relation types.

Speci�cally, we �rst perform relation-type statistics on the train-
ing set to quantify the average number of entities associated with
each relation. For each relation A , we de�ne an average entity cardi-

nality function U (A, C~?4), where C~?4 ∈ {ℎ, C} denotes the head or
tail entity role. Formally:

U (A, ℎ) = 1

|�A |
∑

ℎ∈�A
|{C | (ℎ, A, C) ∈ F }| , (3)

U (A, C) = 1

|)A |
∑

C ∈)A
|{ℎ | (ℎ, A, C) ∈ F }| , (4)

where �A and )A represent the head and tail entity sets associated
with relation A , respectively. Based on these statistics, relations are
categorized into four types using a threshold parameter \ . Theoret-
ically, the ideal average cardinality for a one-to-one (1-1) relation is
1.0, but real-world datasets like Wikidata and YAGO often contain



noise or duplicate records. Therefore, we set \ = 1.5, which is the
arithmetic midpoint between the singular case (cardinality 1) and
the minimal plural case (cardinality 2). This establishes a bu�er that
tolerates minor data noise while e�ectively distinguishing di�erent
relation cardinality types. Experimental analyses (see Section 5.4)
validates that this setting is reasonable.

• Uℎ (A ) ≤ \ and UC (A ) ≤ \ : one-to-one (1-1)
• Uℎ (A ) ≤ \ and UC (A ) > \ : one-to-many (1–# )
• Uℎ (A ) > \ and UC (A ) ≤ \ : many-to-one (#–1)
• otherwise: many-to-many (#–# )

This relation-type pro�ling serves as the foundation for subse-
quent adaptive multimodal embedding fusion.

During the embedding learning phase, we �rst perform a basic
integration of the entity’s multimodal embeddings through average
pooling to obtain an initial uni�ed representation: ẽ =

eB+eC+eE
3

,

where ẽ ∈ R
34 serves as the entity’s joint multimodal represen-

tation. While advanced mechanisms such as cross-attention [51]
are popular in multimodal learning, our experiments suggest they
tend to over�t spurious correlations in MMKGs due to data spar-
sity and semantic gaps. In contrast, average pooling serves as a
parameter-free regularizer, e�ectively reducing noise and promot-
ing robust semantic alignment across modalities, thus providing a
stable foundation for relational modeling.

Subsequently, we dynamically incorporate relation-speci�c in-
formation according to the relation type. Since the dimensionalities
of entity and relation embeddings may di�er, the relation embed-
ding r ∈ R3A is �rst projected into the entity embedding space via
a linear transformation:

r? =]A r + bA , (5)

where]A ∈ R34×3A and bA ∈ R34 are learnable parameters of the
projection layer.

To control the injection strength of relational information, a
gating mechanism is employed. Given a triple (ℎ, A, C), the �nal
multimodal embeddings of the head and tail entities, denoted by h
and t , are computed according to the relation type as follows:
(i) 1–1 Relations: No relational information is injected, preserving
the base embeddings:

h = h̃, t = t̃ (6)

(ii) 1–# Relations: The relational information is fused into the
tail entity, since the tail entity depends more on relation semantics:

h = h̃, t = t̃ + 6( t̃, r? ) ⊙ r? (7)

(iii) #–1 Relations: The relational information is fused into the
head entity, since the head entity depends more on relation seman-
tics:

h = h̃ + 6(h̃, r? ) ⊙ r? , t = t̃ (8)

(iv) #–# Relations: The relational information is simultaneously
fused into both embeddings, since both entities are semantically
in�uenced by the relation:

h = h̃ + 6(h̃, r? ) ⊙ r? , t = t̃ + 6( t̃, r? ) ⊙ r? (9)

Here, 6(·, ·) denotes the gating function, de�ned as:

6(ẽ, r? ) = f (]6 [ẽ; r? ] + b6), (10)

Table 1: Intra-class Similarity Analysis of 1-N Relations on

MKG-W

ID Relation
Avg. Sim.

(w/o RMEL)
Avg. Sim.
(w/ RMEL)

Imp. (↑)

1 genre 0.334 0.621 0.287
2 occupation 0.392 0.685 0.293
3 performer 0.315 0.642 0.327
4 narrative location 0.276 0.586 0.310
5 producer 0.388 0.684 0.296
6 instrument 0.289 0.635 0.346
7 record label 0.341 0.685 0.344
8 member of sports team 0.435 0.711 0.276

9
contains administrative
territorial entity

0.412 0.687 0.275

10 educated at 0.357 0.664 0.307

Avg. / 0.354 0.660 0.306

where [·; ·] represents vector concateenation, ]6 ∈ R
34×234 and

b6 ∈ R34 are the parameters of the gating layer, f (·) is the sigmoid

activation function, and ⊙ denotes element-wise multiplication.
The gating output yields a vector with values between 0 and 1,
adaptively weighting relational information during fusion.

Notably, the relation information is fused on the multiple ("N")
side based on the Semantic Hub hypothesis. This hypothesis sug-
gests that in asymmetric relations, the unique-side entity (e.g., di-
rector in a 1-# relation) serves as a stable semantic anchor, while
entities on the multiple side (e.g., movies) are semantically diverse.
By injecting relational information into the multiple side, we bring
the diverse entities closer to the semantic hub, enhancing their dis-
criminative power. To intuitively illustrate the e�ectiveness of this
fusion strategy, we conduct an intra-class similarity analysis using
MKG-W as an example. We randomly select 10 representative 1-#
relations and compute the average pairwise cosine similarity among
tail entities associated with the same head. As shown in Table 1,
the intra-class similarity improves consistently in all cases. For
instance, in the case of instrument (Case 6), visually distinct entities
such as "guitar" and "bass" initially exhibit low similarity (0.289),
but are aligned into a more coherent cluster (0.635) after RMEL
processing. On average, the similarity increases from 0.354 to 0.660,
showing that RMEL is able to e�ectively enforce relation-induced
topological constraints.

With relation-type-aware embedding learning, entities involved
in the same relation form more compact clusters in the embedding
space, thereby preserving cardinality-speci�c semantic patterns
and enhancing link prediction accuracy.

4.3 DINS Module

Given a positive triple (ℎ, A, C), we take the process of generating a
negative sample (ℎ, A, C ′) by corrupting the tail entity as an example.
Unless otherwise speci�ed, all negative samples discussed below
refer to (ℎ, A, C ′). The procedure for generating (ℎ′, A , C) is analogous.
As shown in the middle panel in Fig. 2, the process integrates
forward noising and reverse denoising stages.

4.3.1 Forward Noising and Interpolation. The forward processmaps
entity embeddings into a noise space and constructs transitional
representations via interpolation, serving as inputs for the subse-
quent reverse denoising phase. It comprises two main steps: (1)



di�usion-based forward noising and (2) spherical linear interpola-
tion.
Forward Noising. To adapt one-dimensional entity embeddings for
di�usion models, we �rst preprocess the multimodal embedding
e< ∈ R

34 (from the RMEL module) by expanding its dimension
to B2 (where B = ⌈

√
34⌉) and reshaping it into a B × B matrix. The

reshaped embedding is then normalized to the range [−1, 1] using
min–max normalization to match the input distribution expected
by the di�usion model.

Subsequently, Gaussian noise is progressively added following
the Denoising Di�usion Probabilistic Model (DDPM) [16]. At time
step C , the forward process is de�ned as follows:

@(zC | z0) =N
(

zC ;
√
ŪCz0, (1 − ŪC )O

)

, (11)

where z0 denotes the initial embedding e
2�
< , and ŪC =

∏C
8=1 (1 −

V8 ) represents the noise scheduling parameter with V8 being the
variance schedule. In practice, by using the reparameterization
trick [16], we can obtain:

zC =
√
ŪCz0 +

√
1 − ŪC &, & ∼ N(0, O ) (12)

Finally, the fully noised embedding z) is obtained after iterating
the di�usion process up to the maximum time step ) . This gradual
noising procedure progressively removes �ne-grained semantic
details while preserving the overall embedding distribution, estab-
lishing a well-structured noise space for subsequent interpolation.
Spherical Linear Interpolation. After obtaining z) , we aim to gen-
erate transitional samples via interpolation in the noise space. It
is worth noting that interpolation needs to operate on a pair of
samples (�B , �4 ). Given a positive triple (ℎ, A, C), we treat it as the
positive parent sample �B ∈ F . The corresponding negative par-
ent sample �4 is constructed by replacing the tail entity C with a
randomly selected entity C ′ ∈ E \ C such that (ℎ, A, C ′) ∉ F . In other
words, �4 = (ℎ, A, C ′) serves as a random negative counterpart of �B .

Let the original multimodal embeddings of the parent tails C
and C ′ be t0 and t

′
0 (i.e., t , and t

′), respectively. Their fully noisy
representations at step ) based on Eq. 12 are:

z
C
) =
√
Ū) t0 +

√
1 − Ū) &, z

C ′
) =
√
Ū) t
′
0 +
√
1 − Ū) & (13)

We then perform spherical interpolation as follows:

z
interp

)
=

sin((1 − l)k )
sin(k ) z

C
) +

sin(lk )
sin(k ) z

C ′
) , (14)

where l ∈ [0, 1] is the interpolation coe�cient (its adaptive con-

trol is detailed in Section 4.3.2), and k = arccos

(

z
C
)
·zC ′
)

∥zC
)
∥ ∥zC ′

)
∥

)

de-

notes the angular distance between the two vectors. To ensure
numerical stability, when the dot product approaches 1, Slerp de-

generates to linear interpolation. The resulting zinterp
)

serves as the
noise-space transitional representation, which will subsequently
be reconstructed in the reverse denoising phase.

4.3.2 Reverse Denoising. The reconstruction process, labeled "Re-
verse Denoising" in Fig. 2, constitutes the core of the DINS module.
Its goal is to reconstruct high-quality negative sample embeddings

from the noisy latent representation z
interp

)
, which is generated by

RMEL through the reverse di�usion process. This process consists

of two main components: (i) the denoising paradigm, and (ii) the dy-
namic interpolation coe�cient adjustment strategy, which together
enable hardness-tunable negative sample generation.
Denoising Paradigm. The reverse denoising paradigm progressively

re�nes a noisy latent representation zC (i.e., z
interp

)
, the interpolated

transitional sample obtained during forward di�usion) into a se-
mantically coherent negative sample embedding.

At each reverse step C =), . . . , 1, a denoising network n\ predicts
the injected noise and recursively restores the original embedding.
The reverse denoising process is formulated as:

zC−1 =
1

√

1 − VC

(

zC −
VC√
1 − ŪC

n\ (zC , C)
)

+ fCz, z ∼ N(0, O ),

(15)
where fC denotes the noise scale parameter. This iterative process
gradually corrects zC based on the predicted noise n\ (zC , C), ulti-
mately yielding the denoised embedding z0.

To optimize n\ , we employ the standard mean squared error
(MSE) loss of the di�usion model, which minimizes the discrepancy
between the predicted and actual noise:

L�" = EC,z0,&

[

∥& − n\ (zC , C)∥2
]

, (16)

where C is uniformly sampled from {1, . . . ,) }, z0 is the preprocessed
initial embedding, & ∼ N(0, O ) is the random noise added during the
forward process, and zC =

√
ŪCz0+

√
1 − ŪC& is the noisy embedding

at time step C . By minimizing this objective, the denoising network
learns to capture the statistical structure of the embedding space,
enabling the generation of semantically meaningful hard negatives.

Notably, during training, L�" is optimized alongside the overall
negative sampling loss, but only updates the denoising network
parameters, leaving the main embedding model unchanged.
Dynamic Interpolation Coe�cient Adjustment. To enhance training
stability and discriminative ability, we integrate curriculum learn-
ing to adaptively adjust negative sample hardness via a dynamic
interpolation coe�cient l . Initially set to a high value to generate
easy, random-like negatives, l gradually decreases during training,
producing harder samples that approach positive instances and
aligning the sampling di�culty with the training progression. We
compute l as follows:

l = l�nal +
(

linitial − l�nal

)

·max

(

0, 1 − �

�warmup

)

, (17)

where linitial and l�nal are the initial and terminal interpolation
coe�cients, respectively. � denotes the current training epoch, and
�warmup speci�es the warm-up duration.
The overall pipeline of DINS. For each positive triple (ℎ, A, C), the
generation of negatives follows a structured three-step work�ow,
as illustrated by labels 1○– 3○ in Fig 2: 1○ Parallel Forward Dif-

fusion: The positive tail entity and a randomly sampled negative
entity are mapped into the noise space to obtain their noised rep-
resentations zC

)
and z

C ′
)
. 2○ SLERP Interpolation: Spherical Lin-

ear Interpolation is performed between the two noise vectors to
construct a semantic trajectory. The interpolation position is de-
termined by l , which acts as a “hardness slider” to control the
di�culty of the generated samples. 3○ Reverse Denoising: The

transitional embedding zinterp
)

is processed in the reverse di�usion



phase to reconstruct a coherent, hard negative sample Cℎ0A3 . No-
tably, during training, l is adjusted dynamically to decrease as
epochs increase (as shown at label 4○ in Fig. 2), ensuring that the
model is exposed gradually to increasingly complex patterns to
re�ne the decision boundary. Finally, the entire module is opti-
mized end-to-end via the overall loss function. Additionally, this
process performs semantic synthesis rather than simple noise injec-
tion. By generating representations that lie geometrically between
a positive anchor and a randomly sampled negative entity, DINS
simulates real-world hard negatives that share plausible semantic
characteristics with the target. This mechanism forces the model
to learn �ne-grained discriminative features, thereby sharpening
the decision boundary between positive and negative instances.

As a concrete illustration, consider the triple (Christopher Nolan,
director, Inception). While random sampling often yields semanti-
cally distant negatives like Apple (which are trivial to distinguish),
RelDINS generates synthetic negatives via interpolation that may
resemble other science-�ction movies by di�erent directors. These
samples share high-level semantic context with the target while re-
maining factually incorrect, forcing the model to learn �ne-grained
distinctions and tightening the decision boundary.

4.4 Training Objective and Loss Function

For MMKGC task, our training objective is to maximize the scores
of positive triples while minimizing the scores of negative triples.
The score re�ects the plausibility of a triple (ℎ, A, C) and is computed
by a score function q (ℎ, A, C). To this end, we optimize a joint loss
consisting of three parts: a standard KGC loss with self-adversarial
negative sampling, a hard negative sampling loss, and a regulariza-
tion term.
Knowledge graph completion loss. To enable the model to distin-
guish positive triples from negatives, we use a margin-based logistic
loss with self-adversarial weighting. For each positive triple (ℎ, A, C),
we sample : negative triples by corrupting either the head or the
tail, and optimize:

L �� = − logf (W −q (ℎ, A, C)) −
:
∑

8=1

F8 logf
(

q
(

ℎ, A, C ′8
)

− W
)

, (18)

where f (·) is the sigmoid activation function,W is a margin hyperpa-
rameter controlling the separation between positives and negatives,
and C ′8 is the 8-th randomly sampled negative tail (the head can
be corrupted analogously). Following the self-adversarial negative
sampling [38], each negative is assigned a weight:

F8 =
exp

(

Uq
(

ℎ, A, C ′8
) )

∑:
9=1 exp

(

Uq
(

ℎ, A, C ′9

)) , (19)

where U is a temperature parameter. This weighting scheme up-
weights negatives that the model currently �nds more plausible
(“harder” negatives), which accelerates learning.

Unless stated otherwise, we adopt the RotatE [38] scoring func-
tion, which embeds entities and relations in the complex space and
models diverse relation patterns via element-wise rotation. But note
that our framework is agnostic to the speci�c scoring function and
can be instantiated with alternative choices such as TransE [2] or
DistMult [53].

Algorithm 1: Training Procedure of RelDINS

Input: MMKG G = (E, R, F) , Modality features T, I,
Hyperparameters) (di�usion steps), �warmup , linitial , l�nal .

Output: Learned embeddings E,R, Denoising network n\ .
1 Initialization: Randomly initialize entity structure embedding

matrix E (containing eB for all 4 ∈ E) and relation embedding
matrix R (containing r for all A ∈ R).

2 while not converged do

3 for each batch B = { (ℎ, A, C ) } ∈ F do

4 /*Update interpolation coe�cient l based on current
epoch using Eqs. (17)*/

5 l ← l�nal +
(

linitial − l�nal

)

· max
(

0, 1 − �
�warmup

)

6 /*RMEL: Relation-aware Embedding Learning*/

7 for each entity 4 ∈ {ℎ, C } in B do

8 /*Extract raw features erawt , erawv via Eqs. (1–2)*/

9 e
raw
t ← 1

|T (4 ) |
∑

text∈T (4 ) BERT(text )
10 e

raw
v ← 1

|I (4 ) |
∑

img∈I(4 ) VGG-16(img)
11 ẽ← AvgPool(eB , %C (erawt ), %E (erawv ) ) /*Project and

Fuse*/
12 if relation type requires fusion (e.g., 1-N for tail) then

13 e← ẽ + 6 (ẽ, r? ) ⊙ r? (Eqs. 6–9) /*Apply Gating*/

14 else

15 e← ẽ.

16 /*DINS: Di�usion-Based Negative Sampling*/

17 Sample random negatives (ℎ, A, C ′ ) for each positive
(ℎ, A, C )

18 /*Add noise to obtain I) (t) and I) (t′ ) via Eqs. (12–13)*/
19 zC ←

√
ŪCz0 +

√
1 − ŪC &, & ∼ N(0, O )

20 z
C
)
←
√
Ū) t0 +

√
1 − Ū) &, z

C ′
)
←
√
Ū) t

′
0 +
√
1 − Ū) &

21 I
interp

T
← Slerp(I) (t), I) (t′ ), l ) /*Interpolation*/

22 /*Reverse Denoising (Generation)*/

23 zC−1 ← 1√
1−VC

(

zC − VC√
1−ŪC

n\ (zC , C )
)

+fCz, z ∼ N(0, O )

24 /*Optimization (Dual Optimizers)*/

25 min L�" ← EC,n [ ∥n − n\ (IC , C ) ∥2 ] /*Update n\ */
26 /*KGC Loss*/

27 L �� ←
− logf (W − q (ℎ, A, C ) ) − ∑:

8=1 F8 logf
(

q
(

ℎ, A, C ′8
)

− W
)

28 /*Hard Negative Sampling Loss*/

29 LHard ←
− logf (W − q (ℎhard , A , C ) ) − logf (W − q (ℎ, A, Chard ) )
min L ← LKGC + VLHard + _R /*Total Loss*/

30 Update E,R, and RMEL parameters by minimizing L
31 return E,R, Denoising network n\

Hard negative sampling loss. To tighten the decision boundary, we
introduce a hard negative loss constructed from high-quality ad-
versarial negatives synthesized by the DINS module. For each pos-
itive triple (ℎ, A, C), DINS generates challenging corrupted heads
ℎℎ0A3 and tails Cℎ0A3 via a di�usion-based interpolation process
(Section 4.3). We penalize the hard negatives as follows:

LHard = − logf (W − q (ℎhard , A , C)) − logf (W − q (ℎ, A, Chard)) (20)

Overall objective. The �nal training objective combines the standard
completion loss LKGC , the hard negative sampling loss LHard , and



a regularization term R used for preventing over�tting:

L = LKGC + VLHard + _R, (21)

where V balances the impact of hard negatives, and _ is the regu-
larization coe�cient.

We summarize the overall training procedure of RelDINS in
Algorithm 1. The time complexity of RelDINS is$ (�·[32+) ·�net+: ·
3]), where � is the batch size, 3 the embedding dimension, and�net

the denoising network cost, consisting of three main components:
(i) RMEL encoding, which involves feature projection and gating
mechanisms with a complexity of$ (� ·32), (ii) DINS hard negative
generation, the primary cost, requiring) iterations of the denoising
network with a complexity of$ (� ·) ·�net), and (iii) scoring, which
involves calculating scores for : negatives, with a complexity of
$ (� ·: ·3). The space complexity of$ (( |E | + |R|) ·3) is dominated
by the entity and relation embedding tables, while the additional
parameters introduced by the RMEL and DINS modules remain
constant with respect to the graph size.

In summary, as illustrated in Fig. 2, the synergy between RMEL
and DINS provides a principled and scalable solution for enhancing
semantic consistency and completion accuracy in MMKGC.

5 EXPERIMENTAL STUDY

We evaluate RelDINS on three real-world datasets, aiming to answer
the following research questions:

• Q1: How does RelDINS perform on standard MMKGC bench-
marks compared to state-of-the-art methods?

• Q2: How well does RelDINS generalize across scoring functions?
• Q3: How does RelDINS perform when training with di�erent

sample sizes?
• Q4: How sensitive is RelDINS to key hyperparameters?
• Q5: How do the individual modules contribute to the overall

performance of RelDINS?
• Q6: Do the visualization results con�rm that RelDINS-generated

negatives lie near the decision boundary?

5.1 Experimental Settings

5.1.1 Datasets. We evaluate RelDINS on three MMKG benchmark
datasets: MKG-W,MKG-Y, and DB15K [25, 51].

• MKG-W is derived fromWikidata [42], covering general-domain
knowledge like persons, locations, and events, with a balanced
distribution of image and textual descriptions.

• MKG-Y is based on the YAGO knowledge base [36], focusing
on semantic relationships and hierarchical structures, with rich
multimodal data.

• DB15K extends FB15K-237 [25] to the multimodal setting, em-
phasizing complex relational patterns (e.g., symmetric and anti-
symmetric relations) and integrating visual and textual data.

Table 2: Dataset Statistics

Dataset Entity Relation Image Text 1-1 1-# # -1 # -#

DB15K 12,842 279 12,818 9,904 131 83 24 41
MKG-W 15,000 169 14,463 14,123 80 79 6 4
MKG-Y 15,000 28 12,444 12,305 13 7 5 3

These datasets span di�erent domains, providing a comprehen-
sive test of RelDINS’s generalization and robustness. Each follows

an 8:1:1 train-validation-test split, ensuring a fair comparison. Ta-
ble 2 shows dataset statistics, including entity/relation counts and
multimodal data volume, along with the distribution of triples
across relation types. Notably, non–1-to-1 relations account for
over half of the total, highlighting the complex relational structure.

5.1.2 Baselines. The baselines are grouped into three categories:

• Unimodal (Traditional) KGC Methods: These approaches
rely on the structural information of knowledge graphs, with-
out incorporating multimodal features, and emphasize symbolic
reasoning. The methods include TransE [2], TransD [18], Dist-
Mult [53],ComplEx [40], RotatE [38], PairRE [5], andGC-OTE [39].

• Multimodal KGC Methods: These approaches explicitly in-
tegrate multimodal information (e.g., visual or textual features)
to enhance entity and relation embeddings. The methods are
IKRL [50], TBKGC [29], TransAE [46], MMKRL [26], RSME [43],
VBKGC [63], OTKGE [4], and AdaMF [60].

• Negative Sampling (NS)–based Methods: These approaches
focus on designing advanced negative sampling strategies to
improve training e�ciency and embedding quality, serving as
direct baselines for RelDINS. The methods include KBGAN [3],
MANS [58], MMRNS [51], DHNS [31], and MIRANS [57].

5.1.3 Evaluation Metrics. We focus on the core task of MMKGC-
link prediction [6]. Given a query triple (ℎ, A, ?) or (?, A , C), the goal
is to predict the missing entity. Following prior studies [9, 38], we
adopt the following ranking-based evaluation metrics:

• MRR (Mean Reciprocal Rank): The average of the reciprocal
ranks.

• Hit@k (: = 1, 3, 10): The proportion of cases where the correct
entity appears in the top-: predictions, measuring the model’s
accuracy at di�erent recall rates.

5.1.4 Implementation Details. RelDINS is implemented based on
the OpenKE [15] and executed on Ubuntu 24.04.1. All experiments
use two NVIDIA RTX 4070 GPUs (16GB VRAM). Empirical observa-
tions show that the model trains stably with a batch size of 512 on
MKG-W/Y and 256 on DB15K, with a peak memory usage at around
14–16GB, con�rming its compatibility with mainstream hardware.
Training utilizes the Adam optimizer [19], and all parameters in the
sampling network are initialized using Xavier normalization [11].
Hyperparameters are tuned on the validation set via grid search,
and they have two main categories:

• Standard MMKGC hyperparameters are typically employed
to regulate the optimization dynamics and determine the em-
bedding capacity of the model. Following the standard settings
adopted in prior studies [31, 38], the corresponding search ranges
are de�ned as follows: embedding dimensionality of entities 34 ∈
{150, 175, 200, 225, 250, 275}; learning rate ;A ∈ {1e−3, 5e−3, 1e−4,
5e−4, 1e−5}; margin parameter W ∈ {2, 4, 6, 8, 10, 12}; tempera-
ture parameter U ∈ {0.5, 1.0, 1.5, 2.0, 2.5}; and relation cardinality
threshold \ ∈ {1.1, 1.3, 1.5, 1.7, 1.9}.

• Negative sampling–speci�c hyperparameters are introduced
to control the dynamics of the proposed negative sampling pro-
cess. Speci�cally, the ratio of warm-up epochs to total train-
ing epochs (�warmup/�total) is tuned within {0.3, 0.4, 0.5, 0.6, 0.7},



Table 3: Performance Comparison between RelDINS and Representative Baselines

Category Model
DB15K MKG-W MKG-Y

MRR Hit@1 Hit@3 Hit@10 MRR Hit@1 Hit@3 Hit@10 MRR Hit@1 Hit@3 Hit@10

Unimodal KGC Models

TransE 24.86 12.78 31.48 47.07 29.19 21.06 33.20 44.23 30.73 23.45 35.18 43.37
TransD 21.52 8.34 29.93 44.24 26.84 19.65 31.48 42.68 26.39 17.01 33.05 40.41
DistMult 23.03 14.78 26.98 40.59 20.95 15.89 22.88 36.80 25.04 19.32 27.80 39.95
ComplEx 27.48 18.13 31.57 45.37 28.09 21.45 30.89 44.77 28.94 23.11 31.07 43.48
RotatE 29.28 17.87 36.12 49.66 30.79 21.98 36.42 46.73 29.96 20.70 36.38 46.49
PairRE 31.13 21.67 36.91 51.98 33.29 25.00 38.67 46.71 32.18 25.24 37.58 44.98
GC-OTE 31.85 22.11 36.52 51.18 33.92 26.55 35.96 46.05 32.95 26.77 36.44 44.01

MMKGC Models

IKRL 26.82 14.09 34.93 49.09 32.36 26.11 34.75 44.07 33.22 30.37 34.28 38.26
TBKGC 28.08 15.61 37.03 49.86 31.80 25.31 33.91 44.58 33.39 30.47 33.74 37.92
TransAE 28.09 21.25 37.17 49.17 30.01 21.23 34.91 44.72 28.10 25.31 29.19 33.03
MMKRL 26.81 13.85 35.01 49.39 29.42 22.54 31.49 43.44 30.94 27.00 32.53 36.07
RSME 29.76 24.15 32.12 49.23 29.23 23.31 31.09 40.83 34.44 31.78 36.07 39.79
VBKGC 30.61 19.75 37.18 49.41 30.69 24.55 33.07 44.62 34.03 31.76 35.73 37.72
OTKGE 23.86 18.45 25.89 34.23 34.36 28.85 36.25 44.88 35.51 31.97 37.18 41.38
AdaMF 32.51 21.31 39.67 51.68 34.27 27.21 37.86 47.21 38.06 33.49 40.40 45.48

NS-based Models

KBGAN 25.73 9.91 36.95 51.93 29.47 22.21 34.87 40.64 29.71 22.81 34.88 40.21
MANS 28.82 16.87 38.54 51.51 32.04 27.48 37.48 41.62 29.93 25.25 31.35 34.49
MMRNS 29.67 17.89 36.86 51.01 34.47 28.93 38.63 47.48 33.32 30.50 35.37 45.47
DHNS 34.36 23.34 41.56 53.72 35.68 28.98 38.68 48.12 39.11 34.70 41.23 46.66
MIRANS 35.17 24.76 41.24 52.83 35.76 29.33 38.97 48.78 38.45 34.58 40.95 46.03

Ours
RelDINS 36.61 27.14 42.23 53.70 37.71 30.51 41.20 50.57 39.45 35.13 41.36 46.88
Improve 4.09% 9.61% 1.61% / 5.45% 4.02% 5.72% 3.67% 0.87% 1.24% 0.32% 0.47%

while the initial and �nal interpolation coe�cients (linitial and
l�nal) are selected from {0.4, 0.6, 0.8}.

We intentionally use random initialization for structure embed-
dings to ensure alignment with baseline methods (e.g., TransAE and
DHNS), which follow the same protocol. While graph pre-training
methods such as Node2Vec [12] could o�er potential bene�ts, our
choice guarantees that observed performance improvements can
be attributed to the proposed RMEL and DINS modules rather than
to initialization techniques. Additionally, performance scores for
most baseline methods are cited directly from the original literature
in which these datasets were benchmarked. For negative sampling
approaches like KBGAN [3], NSCaching [62], and SANS [1], which
were not evaluated on multimodal datasets, we adopt results re-
ported in DHNS [31], using o�cial open-source implementations
and adhering to the recommended hyperparameter con�gurations.

5.2 Overall Accuracy Evaluation (RQ1)

We compare RelDINS with three baseline categories, as shown in
Table 3. RelDINS ranks best or second-best across datasets, demon-
strating substantial improvements. To further assess the robustness
of these improvements, we conduct paired t-tests over �ve inde-
pendent runs. The results show that the RelDINS improvements
over the second-best baseline are statistically signi�cant.

On DB15K, RelDINS achieves an MRR of 36.61%, surpassing the
best baseline by 4.09%. Hits@1 increases by 9.61 points to 27.14%. On
MKG-W, MRR is 37.71% (+5.45%), with gains of +5.72 and +3.67 on
Hits@3 andHits@10, respectively. The substantial improvements in
Hit@1 shows that although the DINS module is applied exclusively
during training, the resulting re�ned decision boundaries are in-
ternalized e�ectively. Thus, the model exhibits an enhanced ability
to resolve ambiguity among true hard negatives at inference time.

On MKG-Y, RelDINS leads with an MRR of 39.45%, maintaining an
edge across all ranking cuto�s.

Unimodal KGCmethods lag behind RelDINS. OnDB15K, RelDINS
outperforms GC-OTE by nearly 15 points in MRR, showing the ad-
vantage ofmultimodal cues.Multimodalmethods like IKRL, TBKGC,
and AdaMF improve over unimodal methods but still trail RelDINS
(e.g., Hits@1 +12.13 over AdaMF on MKG-W). This is due to: (i)
relation-agnostic fusion diluting discriminative signals, and (ii)
alignment issues when multimodal features aren’t matched to rela-
tion semantics. Advanced samplers (e.g., DHNS, MIRANS) perform
well at higher cuto�s but fall short of RelDINS in Hits@1/MRR due
to limitations in sampling strategies. These results demonstrate the
e�ectiveness of RelDINS in improving multimodal representation
learning and hard negative discrimination.

5.3 Model Generalization Analysis (RQ2, RQ3)

Generalization across scoring functions.To answer RQ2, we test three

representative scoring functions: TransE (distance-based) [2], Dist-
Mult (bilinear) [53], and RotatE (complex-space) [38], combining
with six negative sampling strategies: traditional (Uniform [52],
Bernoulli [47]), adversarial (KBGAN [3]), self-adversarial (SANS [1]),
caching-based (NSCaching), and di�usion-based (DHNS [31]). MI-
RANS [57] is excluded due to unavailable code.

As shown in Table 4, RelDINS outperforms or matches the best
results across all scoring functions, showing strong cross-model
generalization. The results demonstrate the ability of RelDINS to
generalize well across di�erent embedding geometries. RelDINS
generally outperforms DHNS, the top-performing baseline, across
most datasets. However, the performance gap narrows on the MKG-
Y dataset (e.g., +0.34% in MRR vs. +2.25% on DB15K). This is likely
due to MKG-Y’s richer multimodal semantics and simpler relational



Table 4: Model Generalization across Scoring Functions (Including E�ciency Analysis)

KGE Models NS Strategies
DB15K MKG-W MKG-Y

MRR Hit@1 Hit@10 Train(s) Infer(s) MRR Hit@1 Hit@10 Train(s) Infer(s) MRR Hit@1 Hit@10 Train(s) Infer(s)

TransE

Uniform 24.86 12.78 47.07 9.63 38.46 29.19 21.06 44.23 3.61 13.35 30.73 23.45 43.37 2.45 9.08
Bern 30.11 19.04 49.86 9.91 39.38 28.98 22.99 40.11 3.92 13.52 31.12 25.69 43.61 2.94 9.24
KBGAN 24.00 5.47 50.36 44.87 43.78 24.21 14.51 40.45 21.03 22.06 26.92 19.90 37.41 14.25 16.89
NSCaching 33.03 23.31 50.29 26.48 40.83 28.90 22.24 40.97 15.37 14.03 29.51 24.78 38.02 8.93 10.01
SANS 26.33 13.87 48.80 24.82 46.82 30.22 23.64 44.61 14.26 26.70 27.51 22.31 42.71 8.21 21.31
MMRNS 26.61 13.40 50.60 41.56 41.64 33.51 26.25 47.11 43.43 18.06 34.81 28.59 44.76 27.68 10.31
DHNS 32.63 20.95 52.86 46.87 94.67 33.83 26.46 46.85 18.32 45.32 36.68 32.12 43.62 12.06 27.36
RelDINS 33.83 22.14 52.95 43.83 52.65 36.40 29.43 48.78 45.86 15.54 38.06 33.31 45.89 30.24 10.32

DistMult

Uniform 20.99 14.78 39.59 8.16 38.45 20.99 15.93 38.06 3.07 13.26 25.04 19.33 35.95 2.13 9.09
Bern 27.05 20.04 40.37 8.64 39.17 25.76 21.02 36.16 3.47 13.39 32.00 30.42 38.11 2.66 9.21
KBGAN 23.36 16.43 36.30 42.35 42.89 19.11 7.69 37.44 20.36 22.03 16.99 9.25 33.33 13.42 16.31
NSCaching 24.68 19.33 39.74 24.61 40.22 24.70 20.31 37.24 14.23 13.98 27.30 23.55 35.67 8.26 9.91
SANS 23.62 16.82 39.76 23.07 46.27 23.21 18.46 32.20 13.01 26.38 23.62 16.82 39.76 7.98 20.90
MMRNS 25.92 14.06 40.42 39.32 41.36 25.92 19.73 38.20 40.68 18.05 32.78 27.99 41.13 27.06 10.32
DHNS 27.20 19.07 43.01 42.56 93.76 25.86 20.33 36.53 16.48 45.04 37.01 38.72 42.53 11.85 27.85
RelDINS 28.02 20.06 42.48 40.21 51.97 27.64 22.34 37.34 43.72 15.45 35.86 32.65 42.84 29.96 10.41

RotatE

Uniform 29.28 17.87 49.66 10.72 53.12 33.67 26.80 46.73 6.45 24.82 34.95 29.10 45.30 4.31 14.86
Bern 20.46 12.83 34.37 11.18 53.98 29.65 24.58 38.80 6.96 24.89 33.63 30.39 39.29 4.88 14.97
NSCaching 20.32 12.89 34.05 33.52 54.36 32.86 27.86 41.86 20.09 25.38 32.03 29.57 36.32 11.01 16.03
SANS 30.51 19.13 50.72 31.37 63.10 33.32 27.35 44.67 18.83 39.07 35.28 29.29 44.93 10.31 27.37
MMRNS 29.67 17.89 51.01 46.34 56.62 34.12 27.37 47.48 46.15 26.93 35.93 30.53 45.47 28.66 16.34
DHNS 34.36 23.34 53.72 51.95 119.63 35.68 28.98 48.12 22.43 58.64 39.11 34.70 46.66 13.02 35.33
RelDINS 36.61 27.14 53.70 50.66 83.42 37.71 30.51 50.57 51.55 30.38 39.45 35.13 46.88 32.07 19.07

(a) DB15K (b) MKG-W (c) MKG-Y

Figure 3: MRR under varying sample sizes.

structures, where DHNS already captures the global semantic dis-
tribution e�ectively. Nevertheless, RelDINS still maintains an ad-
vantage by leveraging relation-cardinality constraints to further
re�ne decision boundaries.
Generalization with di�erent training sample size. To answer RQ3,
we compare RelDINS with two top-performing NS methods: DHNS
and MMRNS, by varying training sample sizes (20%, 40%, 60%, 80%,
100%). We also evaluate a lightweight RelDINS variant, RelDINS w/
MLP, where the U-Net backbone is replaced with two MLP layers
to assess the di�usion-based architecture’s impact on performance
and e�ciency. Figures 3 and 4 show MMKGC performance (MRR)
and training time across three datasets.

The key observations are summarized as follows: (i) As training
sample size increases, MRR improves for all models. (ii) RelDINS
and RelDINS w/ MLP outperform DHNS and MMRNS across all
datasets, demonstrating the e�ectiveness of relation-type-aware
sampling and adaptive hardness control. RelDINS slightly outper-
forms its MLP variant (metrics in Table 5), highlighting the bene�t
of di�usion-based interpolation for generating semantically consis-
tent negatives. (iii) While RelDINS achieves the best performance,
it requires longer training due to the iterative denoising process.
RelDINS w/ MLP o�ers a good balance between accuracy and e�-
ciency, reducing training time while maintaining competitive per-
formance. RelDINS is ideal for maximizing accuracy, while RelDINS
w/ MLP is more practical for large-scale scenarios.

We proceed to study the computational e�ciency of RelDINS
empirically. As shown in Section 4.4, the training time complexity

(a) DB15K (b) MKG-W (c) MKG-Y

Figure 4: Training time under varying sample sizes.

per iteration is $ (� · (32 + ) · �net + : · 3)), meaning that the
total training time per epoch scales linearly with the number of
triples |� | when hyperparameters are �xed. This analytical �nding
is validated empirically in Fig. 4, where the training time exhibits
a linear growth trend as the training sample size increases from
20% to 100% across all three datasets. The consistent analytical
and empirical �ndings provide evidence that RelDINS possesses
excellent scalability. Moreover, as shown in Table 4, despite the
marginal training overhead introduced by the iterative di�usion
process, the inference time of RelDINS remains identical to that
of standard non-generative models (e.g., 83.42s for the full DB15K
test set), as the DINS module is discarded during deployment. This
ensures that RelDINS is practical in large-scale, real-time MMKGC
scenarios.

5.4 Parameter Sensitivity Analysis (RQ4)

Common parameters for MMKGC.Weanalyze �ve standardMMKGC

hyperparameters, including the learning rate (;A ), entity embedding
dimension (34 ), margin (W ), temperature (U), and relation cardinality
threshold \ , as shown in Figs. 5–7.

RelDINS demonstrates stable performance under moderate pa-
rameter variations. Speci�cally, the best performance is achieved
with learning rates in [1e−4, 5e−4]. As 34 increases from 150 to
275, performance improves initially and then saturates around
34 = 250. Small W values weaken discrimination, whereas large
values cause unstable optimization, making W = 4 a balanced choice.
Similarly, performance improves as U increases from 0.5 to 1.5 and



(a) ;A (b) 34 (c) W (d) U (e) \

Figure 5: Sensitivity analysis on varying common parameters over DB15K.

(a) ;A (b) 34 (c) W (d) U (e) \

Figure 6: Sensitivity analysis on varying common parameters over MKG-W.

(a) ;A (b) 34 (c) W (d) U (e) \

Figure 7: Sensitivity analysis on varying common parameters over MKG-Y.

(a) MRR performance (b) Hit@1 performance

Figure 8: Sensitivity analysis on varying (�warmup/�total).

then plateaus. In addition, RelDINS remains robust under di�er-
ent \ values, indicating that \ = 1.5 e�ectively balances relation
cardinality modeling and noise resilience.
Negative sampling–speci�c parameters. We analyze negative sam-

pling parameters, including thewarmup epoch ratio (�warmup/�total)
and interpolation coe�cients (linitial, l�nal), across all datasets.

As shown in Fig. 8, both MRR and Hit@1 improve with an in-
creasing warmup ratio, peaking at (�warmup/�total) ≈ 0.6, after
which gains plateau. The reason is that a longer warmup phase
helps the model transition from easy to hard negatives, preventing
over�tting and promoting smoother optimization. Finally, Fig. 9
shows the coupling e�ect between interpolation coe�cients via a
heatmap. The optimal con�guration, linitial = 0.8 and l�nal = 0.4,
follows a “high-initial, low-�nal” pattern. This aligns with curricu-
lum learning principles: early training focuses on easier negatives,
while later stages emphasize harder negatives to re�ne decision
boundaries.

5.5 Ablation Study (RQ5)

We conduct an ablation study across the three datasets. The settings
are divided into two parts.
RMEL-related settings. We evaluate �ve variants of the RMEL mod-

ule: (i) removing the relation-type-aware embedding mechanism

(a) MRR performance (b) Hit@1 performance

Figure 9: Sensitivity analysis on varying
(

linitial, l�nal

)

.

(w/o RMELM) and replacing it with a simple feature concatena-
tion strategy for multimodal representation learning; (ii) retaining
relation-type awareness but removing the two-layer projection net-
work (w/o %< (·)), directly using raw features for embedding com-
putation; (iii) removing all multimodal features (w/o Multimodal
Info), which tests the importance of multimodal inputs on perfor-
mance; (iv) replacing average pooling with a gating mechanism (w/
Gate), where modality weights are assigned dynamically through
a Softmax-normalized linear layer; (v) replacing average pooling
with an inter-modal attention mechanism (w/ Attention), where
structural embeddings are used as queries to compute attention
weights for visual and textual features.
DINS-related settings.We compare four variants: (i) removing the

entire dynamic interpolation di�usion module (w/o DINSM) and
adopting uniform negative sampling as a baseline; (ii) removing the
dynamic interpolation coe�cient mechanism (w/o l) by �xing l =

0.5 to evaluate the role of tunable hardness; (iii) replacing spherical
linear interpolation with conventional linear interpolation (w/ LI)
to test the necessity of geometric consistency; and (iv) replacing
the U-Net–structured di�usion model with a two-layer MLP (w/
MLP) to analyze the e�ect of network architecture on denoising
quality.



Table 5: Ablation Study Results

Module Model
DB15K MKG-W MKG-Y

MRR Hit@1 Hit@3 Hit@10 MRR Hit@1 Hit@3 Hit@10 MRR Hit@1 Hit@3 Hit@10

RelDINS 36.61 27.14 42.23 53.70 37.71 30.51 41.20 50.57 39.45 35.13 41.36 46.88

RMEL

w/o RMELM 33.85 22.58 38.57 50.86 35.66 26.37 38.45 48.65 37.25 31.05 39.50 45.11
w/o %< (·) 35.45 26.13 41.82 53.01 36.31 29.22 39.59 48.91 38.14 34.05 40.22 45.50
w/o Multimodal Info 34.61 26.02 39.09 51.25 36.03 29.78 38.68 47.82 38.16 34.64 40.01 44.67
w/ Gate 36.64 27.31 42.00 53.40 36.93 30.08 40.00 49.36 38.73 34.47 40.57 46.00
w/ Attention 36.48 27.34 41.79 53.07 37.56 30.50 40.80 50.56 39.38 35.04 41.33 46.88

DINS

w/o DINSM 32.85 22.77 37.47 50.51 33.74 25.83 36.79 47.98 35.32 29.80 37.55 44.38
w/o l 34.72 25.86 41.63 53.62 35.89 29.24 40.58 50.76 37.58 33.67 40.52 46.60
w/ LI 36.52 26.95 42.10 53.60 37.63 30.35 41.05 50.97 39.35 34.95 41.25 46.81
w/ MLP 36.15 26.65 41.77 53.55 37.23 30.03 40.68 50.54 38.92 34.61 40.92 46.75

Results and analysis. As shown in Table 5, removing the relation-
type-aware embedding and the projection network yields a signi�-
cant performance drop, indicating reduced discriminability of mul-
timodal representations. Although performance decreases slightly
when multimodal information is removed, the model does not col-
lapse and still maintains competitive predictive accuracy. This indi-
cates that RelDINS does not depend overly on auxiliary modalities
and retains robust inference capabilities even in the presence of in-
complete data. Interestingly, the empirical �ndings on the MMKGC
task reveal a counterintuitive yet consistent observation: more so-
phisticated, learnable fusion mechanisms do not outperform simple
average pooling on key evaluation metrics. In some cases, they
even result in slight performance degradation.

For the DINS module, removing the entire component (w/o
DINSM) or �xing the interpolation coe�cient (w/o l) both result
in substantial degradation, highlighting the importance of dynami-
cally tunable negative sampling hardness. In contrast, replacing the
interpolation or the di�usion model architecture (w/ LI or w/ MLP)
leads to relatively minor decreases, suggesting that the overall per-
formance is more sensitive to the dynamic scheduling mechanism
than to architectural simpli�cation.

5.6 Qualitative Visualization Analysis (RQ6)

To further analyze the sampling quality of DINS, we employ the
t-SNE [41] technique to visualize the distributions of negative sam-
ples through interpolation between parent triples. The parent triples
(�B , �4 ) are constructed as described in Section 4.3.1, with 60 pos-
itive samples (green circles in Fig. 10) selected from the MKG-W
dataset for visualization.

During training, the interpolation coe�cient l decreases gradu-
ally from 0.8 to 0.2 in the warm-up phase, simulating a curriculum
learning process that transitions from easy to hard negatives. We vi-
sualize four representative training stages: early training (l = 0.8),
mid-training (l = 0.6 and l = 0.4), and late training (l = 0.2). As
shown in Fig. 10, randomly sampled negatives (orange circles) are
scattered widely and located far from positive anchors, correspond-
ing to semantically trivial cases that provide limited supervision.
In contrast, the visualization captures the dynamic evolution of the
sampling process: as l decreases, the interpolated negatives (blue
circles) progressively migrate from regions dominated by random
negatives toward the vicinity of positive samples. When l reaches
0.2, the negatives generated by RelDINS are concentrate densely at

(a) l = 0.8 (b) l = 0.6

(c) l = 0.4 (d) l = 0.2

Figure 10: Qualitative visualization example

the borders of the positive cluster, forming a boundary-like struc-
ture in the embedding space. This behavior con�rms visually that
RelDINS incrementally tightens the decision boundary by synthe-
sizing increasingly di�cult negatives.

6 CONCLUSION

We present RelDINS, a uni�ed framework for MKGC that addresses
relation-type semantics and negative sample quality. By integrating
the RMEL module for relation-aware embedding learning and the
DINS module for di�usion-based negative sampling, RelDINS sig-
ni�cantly improves link prediction accuracy and robustness across
diverse datasets. The adaptive interpolation mechanism introduces
curriculum learning to ensure stable optimization and e�cient con-
vergence. Visualization con�rms that DINS-generated samples are
high-quality hard negatives, lying near decision boundaries. Experi-
ments show that RelDINS consistently outperforms state-of-the-art
methods and generalizes well across di�erent scoring functions. In
the future work, it is of interest to explore extending RelDINS to
dynamic, large-scale multimodal knowledge graphs, focusing on
its adaptability in evolving environments and heterogeneous data.
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