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Abstract—Multimodal  Knowledge  Graph  Completion
(MMKGC) seeks to automatically uncover unseen true
knowledge from multimodal knowledge graphs by jointly
modeling entity triplets and multimodal data. However,
real-world MMKGs face two key challenges: modality
diversityand modality missingness.To tackle these challenges,
this paper proposes a Multimodal Knowledge Graph Completion
framework based on Relation-Guided Adaptive Fusion and
Different Modality Tendency Negative Sampling (MTNS),
featuring two core innovations: 1) adaptive fusion of any
modalities via dynamic weight allocation; 2) a diffusion
model-driven negative sampling strategy that generates diverse
negative samples ), effectively mitigating modality missingness
issues.Empirical results against SOTASOTA baselines confirm
MTNS’s superiority.

Index Terms—Multimodal Knowledge Graph, Knowledge
Graph Completion, Negative Sampling.

I. INTRODUCTION

Multimodal Knowledge Graphs [1], [2] (MMKGsS), as an
extended form of traditional knowledge graphs, construct a
multi-dimensional feature space among entities by semanti-
cally associating multimodal features such as text and images
with structured triplets (head entity, relation, tail entity). This
fused representation paradigm provides more reliable knowl-
edge support for downstream tasks such as recommendation
systems, visual question answering, and large language mod-
els. However, due to the difficulty in collecting multimodal
corpora, existing multimodal knowledge graphs often face
the issue of incompleteness. Therefore, Knowledge Graph
Completion (KGC) technology, which discovers potential facts
by mining latent associations in the graph, has become an
important research direction in the field of knowledge graphs.

Traditional knowledge graph completion methods typically
learn structural embeddings to model triplets and evaluate their
validity. However, for multimodal knowledge graphs, relying
solely on structural embeddings is insufficient to capture the
complex relationships and interactions between modalities. It
is necessary to effectively integrate information from different
modalities to achieve more accurate predictions of missing
entities. In existing research on multimodal knowledge graph
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completion, multimodal information of entities is usually used
as supplementary data for encoding entity representations.
Pre-trained models are employed to extract features from
different modalities. Then, the encoded entity representations
are concatenated with relation representations and fed into a
triplet encoder for prediction. Nevertheless, these methods still
face the problems of entity modality diversity and modality
missingness.

Modality Diversity: In the real world, Multimodal Knowl-
edge Graphs (MMKGs) encompass a variety of heteroge-
neous modalities, such as structured data, text, images, and
audio. The semantic representations and structural features of
different modalities exhibit significant differences, and they
contribute differently during the completion process. Existing
methods overly rely on visual and textual modalities and adopt
simple feature concatenation or dot-product fusion strategies.
This leads to insufficient model generalization ability, mak-
ing it difficult to adapt to complex and diverse modalities.
Moreover, the semantic gap between heterogeneous modalities
further exacerbates the difficulty of feature fusion, limiting
the improvement of completion performance.Modality Miss-
ingness: During the actual completion process of MMKGs,
there are significant differences in the acquisition difficulty
and sparsity of different modalities, resulting in the frequent
absence of key modality information. Existing research has
not paid sufficient attention to this issue and merely relies on
complete modality data for completion. Additionally, current
negative sampling strategies, such as random sampling and
adversarial-based sampling, mainly generate negative triplets
based on structural features. They neglect multimodal semantic
information, which easily leads to the generation of simple or
ineffective negative samples. Furthermore, these strategies are
overly dependent on pre-sampled triplets.

To address the aforementioned issues, we propose a Multi-
modal Knowledge Graph Completion model based on Diffu-
sion Model for generating Multi-Tendency Negative Samples
(MTNS). It can fuse diverse entity modalities through an
adaptive fusion module and generate negative samples with
various tendencies using a diffusion model to combat modality
missingness. MTNS consists of two key modules: the adaptive
fusion module and the negative sampling module. The fusion
module facilitates diverse multi-modal fusion with any input



modality and adjusts the weight of each modality through
relation guidance. The negative sampling module designs a
conditional diffusion model for generating negative samples.
By replacing specific modalities of positive samples and
dynamically adjusting the time steps, it generates negative
samples with different tendencies and difficulties, thereby
enhancing the missing modality information. Our specific
contributions are mainly as follows:

1) We propose a novel multi - modal knowledge graph
completion model, MTNS. This model obtains enhanced
modal semantics through relation - guided modal fusion,
addressing the ambiguity of single - modal entities.
Moreover, by generating multi - tendency negative sam-
ples and simulating missing scenarios, it improves the
model’s robustness.

2) We present an effective negative sample generation mod-
ule. By dynamically controlling the difficulty of negative
samples and generating negative samples with different
tendencies, it enhances the model’s stability in the face
of modality missingness.

3) We conduct extensive experiments on two public
datasets against multiple models, demonstrating the ef-
fectiveness of our proposed model.

II. RELATED WORK

Multimodal knowledge graphs significantly enhance the
richness of knowledge representation and reasoning capabil-
ities by integrating data from multiple different modalities,
such as structural information, textual information, image in-
formation, and audio information. This provides strong support
for a more comprehensive and accurate understanding and
processing of knowledge. Existing research methods mainly
make improvements from the following three key aspects:
multimodal fusion, comprehensive decision - making, and
negative sampling:(1) Multimodal fusion [6]-[8]. The key to
multimodal knowledge graph completion lies in effectively
fusing multisource information from text, vision, and structure.
To this end, researchers have proposed various fusion strate-
gies to achieve semantic complementarity among modalities.
(2) Comprehensive decisionmaking [11], [12]. This category
of methods focuses on the integration of multimodal infor-
mation at the decision-making stage, aiming to enhance the
accuracy and stability of the model through joint prediction.(3)
Negative sampling optimization [14]-[16]. Negative sampling
is a crucial step in the training of Multimodal Knowledge
Graph Completion (MMKGC) models, and its design directly
affects the model’s discriminative ability and generalization
performance. In response to the complex characteristics of
multimodal data, some studies have introduced improved
sampling mechanisms.

III. METHOD

In this section, we offer an in - depth introduction to our
MTNS model. As depicted in Figure 1, it comprises two main
modules designed for cross - modal entity fusion and accuracy
improvement under modal missingness. First, entity modal

information, combined with relations, is used to calculate
weights, resulting in entity embeddings that incorporate multi
- modal data. In the negative sampling module, conditional
diffusion generates realistic negative samples. By swapping
modalities of positive samples, we create negative samples
with varied tendencies to mimic real - world modal missing
situations. Moreover, we dynamically adjust negative sample
difficulty to enhance model stability.

A. Relation-Guided Modal Fusion

To utilize modal information, we first perform modal en-
coding to capture modal features, which is a very common
step in different MMKGC methods. We use BERT as the text
encoder and VGG16 as the image encoder. Digital information
can also be extended into sequences, and BERT is adopted
to capture its modal information. The pre-trained encoders
are frozen to capture modal features and will not be fine-
tuned during the training process. The modal encoding process
produces different modal embeddings e,, for each entity e.In
the context of Multi-Modal Knowledge Graph (MMKG), em-
beddings from other modalities serve as auxiliary information
to enhance the structure of entities. To uniformly represent
multi-modal information, we designate the structural modality
as S and the structural embedding e as eg, which are learnable
parameters.

After obtaining the modal embeddings of entities, in order
to extract the rich semantic information contained within the
entities, it is common to fuse these multi-modal embeddings.
Existing methods typically employ fusion mechanisms such
as concatenation, dot-product, or gating to achieve modal
fusion. However, these methods are mainly designed for
specific modalities (e.g., text and images), and may not fully
serve scenarios where a richer combination of modalities is
intertwined. Moreover, given the diversity of entity modalities,
different modalities need to play different roles and provide
different evidence for robust predictions in different contexts.

To address the above issues, we propose a relation-guided
modal fusion module within our framework. We believe that
the importance of modal information varies across different
relations. For example, the “color” relation focuses more on
the image modality, while the “creator” relation pays more at-
tention to the text modality. Therefore, we calculate the weight
of each modality through relations, which can be dynamically
adjusted when the importance of modal information varies,
and add relation context to entities. More specifically, given a
triplet (h,r,t), with the head entity ~ and relation context 7,
the adaptive weight of each modality m of h is represented

as:
exp (2l
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By using adaptive weights, the joint embedding of the head
entity h is aggregated as:
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Fig. 1.

Traditional MMKGC methods typically adopt entity-centric
modal fusion approaches, regardless of the triplet context. The
advantage of our design lies in its ability to dynamically adjust
the modal weights of different entities in different triplets. It
allows these weights to be dynamically adjusted according
to their relation contexts, while taking into account both
the modal information of entities and the relation contexts.
Moreover, our method can handle an unlimited number of
input modalities, rather than considering specific modalities.

Once the joint embeddings of entities are obtained, we use
the RotatE scoring function to distinguish the plausibility of
triplets. The scoring function is expressed as:

F(h,rt) = 3)

where © is the rotation operator in the complex space. The
higher the score, the more plausible the triplet is. We choose
RotatE as the scoring function because RotatE can model the
most common relation patterns. During the training process,
we adopt a negative sampling based loss function to optimize
the parameters, which can be expressed as:
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Here, o is the sigmoid function; + is a fixed margin;
(hi,rit)y € T', (i = 1,2,...,K) are K negative samples

of the triplet (h,r,t). Additionally, p(h},r.,t;) is the self-
adversarial weight proposed in RotatE.

B. Negative Sample Generation via Conditional Diffusion

The previous sampling strategy is straightforward, but it
tends to select simple negative samples that contribute little to
model training. In fact, multimodal features offer rich semantic
and contextual information, which can be leveraged to guide
the selection of more realistic negative samples and help the

The MTNS model is mainly divided into three stages.Relationship guided fusion, diffusion negative sampling, and multi-directional modal replacement

model understand triplets better. Therefore, we aim to generate
negatively-biased samples. To achieve this goal, we utilize a
conditional diffusion model, taking relations and entities as
additional information for negative sample generation.

1) Training Phase: The forward diffusion process can be
represented by a Markov chain:

q(x¢|xt-1) = N (x5 V1 — quxy 1, oud) %)
And the closed form of noisy entity embedding z; is:
Xt =1/ Bixo + V31— Bre (6)

where 5, =1 — ay, B = H2:1 Bi, and €; ~ N(0,1).

In the reverse diffusion process, it iteratively denoises
the noisy entity embedding x; to obtain a synthetic entity
embedding. Given the noisy entity embedding x; at time -
step t, the reverse process is conditioned on the embeddings
of an input entity x;, and a relation x,., and can be expressed
as:

= N(x¢—1; po(x¢, PE(t), C(xe,%1)), ouI)
)

where 0 represents the parameterization of the diffusion
model. PE(¢) denotes the positional embedding of time - step ¢.
X, X, are conditions from the observed entity E and relation
r in the triplet, guiding the generation of a negative triplet
entity embedding.

The mean p,(x¢, PE(t), X¢, x,-) of the Gaussian distribution
in reverse diffusion is parameterized as:

Pe(Xt—l | Xt)
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The entity embeddings generated in reverse diffusion at
different steps are:

%1 B (X¢, PE(t), C(Xe, X))+ v €

1
VB VBB o

where X is pure noise at step 7, and Xg and x;_1 (f €
[1,T — 1]) are embeddings at starting and intermediate steps..

2) Generation Phase: The negative sample generation
module integrates multiple modalities to produce semantically
rich negative triplets. Specifically, by corrupting the head
entity of a positive triplet (ep,r,e;), we input the structural
features x¢,., visual features xy", and textual features z
of the tail entity, along with the relation embedding z,, into
the diffusion process to compute multimodal conditions. These
conditions guide the reverse processes, generating modality-
specific embeddings 5y, #50°, and 25 to construct the

generated negative triplets. The diffusion model loss is:

M
Lag =Y lleo(@rm,t,c) — e (10)
m=1

To prevent negative sample difficulty from being too low
or high, we propose a dynamic adjustment mechanism. It
generates negative samples based on the model’s current
performance, enhancing robustness.

Specifically, at each training stage, we create negative
samples of varying difficulty. Entity embeddings are generated
from complete noise, iteratively removing predicted noise at
each step (a diffusion model process). We adjust diffusion
time steps to control negative triplet difficulty: smaller steps
yield harder-to-distinguish samples closer to positives, while
larger steps produce easier ones. After obtaining embeddings
at different steps, we generate increasingly difficult negative
samples using a fixed-step function:

epoch
5 J Y

stage_idx = int {

Where S is a fixed value.We find negative samples at the
wﬁ time step from the time steps.This strategy ensures
model stability by avoiding overly hard negatives early on and
overly easy ones later.

3) Negative Samples with Different Tendency: To address
the issue of modal missingness, we utilize diffusion models to
generate negative samples. To further enhance model perfor-
mance and simulate real-world modal missingness scenarios,
we propose constructing negative samples with different incli-
nations. Specifically, we define negative samples with different
inclinations as follows.

Visual tendency negative samples: Formed by replacing
the original entity text modality and numerical modality
embeddings:(hs, hy, by, hl)

Text tendency negative samples: Formed by replacing
the original entity visual modality and numerical modality
embeddings:(hs, h%, he, b))

Numeric tendency negative samples: Formed by replac-
ing the original entity visual modality and text modality
embeddings:(hs, h%, by, hy)

TABLE I
STATISTICAL INFORMATION OF THE DATASET USED
Dataset |E] |R| | Train | Valid | Test | |T] V]
DB15K 12842 | 279 | 79222 | 9902 | 9904 | 12818 | 12842
MKG-W | 15000 | 169 | 34196 | 4276 | 4274 | 14463 | 14123

Unlike traditional methods that sample negatives at the
entity level, our strategy operates on individual modality em-
beddings. We generate synthetic triplets, calculate their scores
using a fusion module and scoring function F to evaluate plau-
sibility, and denote these as synthetic set S(h,rt).Therefore,
in the overall design, the contrastive loss between negative
samples and positive samples can be expressed as:

1
Lrge= Y —Jf(h,r,lt)JrE > F(h ot
(h,r,t)ET (h*,rt™)
€S(h,r,t)

(12)

IV. EXPERIMENT
A. Experimental Setup

1) Datasets: In this paper, we employ two public MMKGC
benchmarks, DB15K and MKG-W, to evaluate the model per-
formance. Detailed information about the datasets is presented
in Table 1. The raw data for each modality is obtained from
their official release sources. During the training process, each
dataset is divided into a training set, a validation set, and a
test set with a split ratio of 8:1:1.

2) Evaluation Indicators: Building upon prior research, we
employ rank-based metrics including Mean Rank Reversal
(MRR) and Hits@K (K=1,3,10) to evaluate prediction out-
comes. Furthermore, we apply filter settings to exclude can-
didate triplets in the training data, ensuring fair comparisons.
The metrics MRR and Hits@K are defined as follows:

| Test |
1 1
‘ﬂest| l:ZI (Th,i + 7(11>

| Tiest|
Hits@K = —— Z (1(rh <x) 1, iSK))
|Ttest| =1 ’ ’

MRR =

(13)

(14)

where 7, ; and r;; represent the predicted head entity
ranking and tail entity ranking, respectively, while T} denotes
the test triple.

3) Baseline: From the perspective of modalities, baselines
can be divided into two categories: for single-modal methods,
the model is trained using only the structural information of
triples; for multi-modal methods, the model is trained with
both textual and visual information.

(1) Single-modal KGC methods: TransE [1], ComplEx [2],
RotatE [3], PairRE [4], and Tucker [5].

(2) MMKGC methods: IKRL [6], TBKGC [7], TransAE [8],
MMKRL [9], VBKGC [10], OTKGE [11], IMF [12], VISTA
[13], AdaMF [14], MANS [15], MMRNS [16].



4) Implementation Details: We implemented MTNS using
PyTorch, setting the number of training epochs to 1000 and
the batch size to 1024. We employed the tokenizers of VGG16
and BERT as the visual/text encoders, with the embedding
dimension set to 250. The model was optimized using the
Adam optimizer with a learning rate of 5e-4. All experiments
were conducted on a Linux server with the Ubuntu 20.04.1
operating system and an NVIDIA RTX 3090 TI GPU.

B. Main Results

The main results of MTNS and baseline methods on link
prediction are presented in Table II. Several observations can
be drawn from it.

Firstly, MTNS outperforms all baselines on four metrics
across both datasets, showing early modality interaction en-
hances entity representation quality. It improves more signifi-
cantly in Hit@1 and MRR than in Hit@10, indicating relation-
guided fusion boosts prediction accuracy.

Secondly, MTNS, with simpler modules, outperforms other
complex multi-modal knowledge graph completion models,
demonstrating its effectiveness and efficiency. It uses relation-
computed weights to guide fusion, effectively utilizing multi-
modal information.

Thirdly, MTNS performs better on DB15K than on MKG-Y
because DB15K entities have richer image and text informa-
tion, aiding multi-modal info utilization.

C. Ablation Experiments

To show MTNS module effectiveness, we did ablation ex-
periments. We removed some modules under different settings
for MMKGC tests (results in Table III). Three experiment
sets verified each module’s contribution. Modal info removal
shows all modalities help, with image less so than text.
Removing the modal fusion layer hurt performance, proving
its role. Negative sampling module tests showed our method
notably improves accuracy.

D. Parameter Sensitivity

To assess MTNS’s parameter sensitivity and robustness,
we ran extensive tests on diffusion model hyperparameters,
loss function robustness, and diffusion noise variance impact
(results in Figure 2). For diffusion time steps, varying T from
5 to 100 showed that performance slightly drops after T=25,
suggesting excessive steps may add redundant computations
and harm generalization. Regarding diffusion loss function
robustness, L2 loss generally performed best among L1, L2,
and Huber losses.

E. Negative Sampling Analysis

To further assess our negative sampling (NS) module, we
tested KGE models (TransE, DistMult, RotatE) in MMKGC
tasks with a replaced scoring function. When paired with
RotatE, MTNS significantly outperforms other NS strategies
across all datasets and metrics. For TransE and DistMult,
MTNS achieves top or near-top MRR and H@10 scores
on all datasets. Notably, MTNS consistently surpasses both

MRR

L1 loss. L2 loss.
Diffusion Loss Function

Huber loss

Fig. 2. Parameter Sensitivity.

traditional and advanced NS methods, like MMRNS, by lever-
aging multi-modal info across models and datasets. This high-
lights the advantage of generating hierarchical embeddings
for diverse, high-quality negative triplets, rather than simple
sampling.
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Fig. 3. Imbalance MMKGC Experiments.

V. CONCLUSION

This paper presents a novel multi-tendency negative sam-
pling framework (MTNS) for multimodal knowledge graph
completion. The core innovations include a relation-guided
adaptive multimodal fusion module that dynamically assigns
modality weights based on relation semantics, and a diffusion-
based negative sampling strategy that generates high-quality
hard negatives to simulate modality missingness and im-
balance. Extensive experiments on two benchmark datasets
show that our model significantly outperforms state-of-the-art
methods. The relation-guided fusion improves the rationality
of multimodal integration, and the diffusion-generated negative
samples enhance model discrimination and generalization,
jointly leading to consistent performance gains. In the future,
we will further explore fine-grained relational-semantic inter-
action and lightweight optimization of the negative sampling
pipeline.
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