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Abstract—Multimodal  Knowledge  Graph  Completion
(MMKGC) leverages multimodal data such as images and
texts to predict missing triples. Two major challenges are static
multimodal fusion strategies overlook differences in modality
reliability across samples, and contrastive learning balancing
negative sample quality with computational efficiency. To address
these issues, we propose a Sample-Aware Multimodal Expert
Fusion and Dynamic Hard Negatives Network (SAMEF-DHNN).
First, to address the limitation of static fusion, we propose the
Sample-Aware Multimodal Expert Fusion Block. Inspired by
Mixture of Experts (MoE), it treats each modality as an expert
and employs a novel gating network to dynamically assign
adaptive fusion weights for each input entity sample, thereby
enhancing fusion robustness against variable modality quality.
Second, we introduce the Dynamic Hard Negative Sampling
Contrastive Learning (DHNSCL). Instead of static or pre-
generated negatives, Its core is a real-time mining strategy that,
for each anchor, selects only the top-K most semantically similar
samples in the current batch as hard negatives. This improves
discriminative ability while maintaining efficiency. Experiments
on DB15SK and MKG-W demonstrate that SAMEF-DHNN
outperforms 16 existing baselines across multiple metrics,
validating its effectiveness.

Index Terms—knowledge graph, knowledge graph completion,
multi-modal knowledge graph completion, contrastive learning,
link prediction

I. INTRODUCTION

Multimodal Knowledge Graphs (MMKGS) [1], [2] represent
knowledge as structured triples (head, relation, tail) augmented
with multimodal data such as images and texts. They serve
as a critical knowledge base for applications like recom-
mendation systems [3] and multimodal understanding [4].
However, MMKGs are often incomplete, necessitating the task
of Multimodal Knowledge Graph Completion (MMKGC) to
predict missing triples [1], [2].

In recent years, significant progress has been made in
MMKGC research. Early works such as IKRL [5] first in-
tegrated visual information into the TransE [6] framework,
enriching entity representations. Subsequently, TBKGC [7]
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established a joint modeling mechanism for text and images,
while RSME [8] further advanced multimodal fusion by
screening key visual information through relevance scoring. In
recent years, VBKGC [9] leveraged VisualBERT to enhance
modal alignment and fusion capabilities, MMKGR [10] intro-
duced gated attention mechanisms to enable multi-hop reason-
ing, and MoSE [11] improved representation quality through
splitting and fusion processing of multimodal data. These
methods have progressively refined the technical roadmap for
multimodal fusion, laying the foundation for more accurate
knowledge reasoning.

In the domain of contrastive learning and negative sampling,
traditional approaches typically employ random sampling or
head/tail entity replacement to construct negative samples.
To enhance sample quality and discriminative capability,
generative methods such as IGAN [12], KBGAN [13], and
MMKRL [14] introduce adversarial training strategies, synthe-
sizing hard negative samples through generators. DHNS [15]
further leverages diffusion models to generate multimodal neg-
ative sample embeddings. On the other hand, non-generative
methods like NSCaching [16] improve hard sample mining
efficiency by caching high-scoring samples, while VBKGC [9]
and MANS [17] propose fine-grained negative sampling mech-
anisms based on visual-structural alignment. These works im-
prove the quality and training efficiency of negative samples.
Despite the considerable advancements in modal fusion and
negative sampling achieved by existing methods, we iden-
tify two limitations: current fusion strategies often use fixed
weighting, lacking adaptability to sample-specific modality
quality, and negative sampling methods either incur high
cost or lack dynamic hardness adjustment. To address these
challenges, we propose the Sample-Aware Multimodal Ex-
pert Fusion and Dynamic Hard Negatives Network (SAMEF-
DHNN). First, we introduce the Sample-Aware Multimodal
Expert Fusion Block (SAMEF Block) as a key innovation
for adaptive fusion. It moves beyond fixed weighting schemes
through a trainable gating network. This network evaluates the
reliability of each modality expert per sample and computes
sample-specific fusion weights. This enables the model to



flexibly emphasize more trustworthy modalities for each entity.
Second, we introduce a DHNSCL module. Its core is a real-
time mining strategy that, for each anchor, selects only the
top-K most semantically similar samples in the current batch
as hard negatives. This dynamic and efficient approach ensures
the model continuously focuses on the most challenging
discriminative boundaries.

1) We propose the SAMEF Block that achieves input-
conditional adaptive multimodal fusion, enhancing the
model’s robustness to noisy modalities and its efficiency
in leveraging informative modal features.

2) We introduce the DHNSCL that efficiently mines a small
number of easily confusable hard samples through se-
mantic similarity computation, improving the discrimi-
nation of fine-grained semantic differences in contrastive
learning.

3) Experiments on multiple public MMKGC datasets
demonstrate that the proposed method outperforms 16
existing baseline models across multiple metrics.

II. METHODOLOGY
A. Task Definition

MMKG integrates visual and textual knowledge, defined
as G = (£,R,T,V,D). Here £ and R denote entity and
relation sets, while 7 = {(h,r,t)|h,t € £,7 € R} represents
triples. V and D correspond to visual images and textual
descriptions of entities. MMKGC utilizes multimodal informa-
tion (e, V(e), D(e)) to establish a scoring function S(h,r,t)
that evaluates triple plausibility, maximizing confidence for
positive triples [6].

B. Base Framework

As shown in Fig. 1, our model has two main parts: (1)
the Hierarchical Triple Modeling Module (HTM Module),
containing a Cross-Modal Encoding Fusion Module (CMEF)
and a Contextual Triple Encoder and Relation Decoder (CTE
& RD); (2) the DHNSCL Module.

C. Hierarchical Triple Modeling Module

1) Cross-Modal Encoding Fusion Module: To extract fea-
tures from text and image modalities, we use a pre-trained
BERT model [18] for text subword embeddings and BEIT [19]
for image patch encoding, obtaining entity, visual, and text
Tepresentations: Ten, Tyis, T € RYen X Lm*D These are con-
catenated along the sequence dimension to form a unified
multimodal feature matrix:

Xent = [Tent @ Tyis ® Tr] € RV Tent Lt LoD (1

Where & denotes the concatenation operation. A standard
Transformer Encoder (T'E(+)) then models cross-modal inter-
actions:

H = TE(X¢y) € RVXEXD )

We apply pooling to H to obtain global semantics hpoo €
RN*D Meanwhile, the SAMEF Block produces cross-modal
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Fig. 1. The overview of SAMEF-DHNN base framework.

enhanced representations fy,, € RV*P, Both are adaptively
fused via a gating unit:

Y= U(Wg [hpool ® fsum] + bg) S [0; 1]N><D 3)

€ent = LN(’Y O] hpool + (1 - '7) ©) fsum) S RNXD “4)

Here, « is a gating weight computed using W, € R?P*P

and b, € RP LN(-) denotes Layer Normalization,and o(-) is
the sigmoid activation function. The final entity embedding
eent balances both information sources.

2) Context Triple Encoder & Relation Decoder: To en-
hance relational context interactions, we employ a Contex-
tual Triple Encoder(CTE). Given a set of triples X =
{(h,r,t);},, the model first maps each element to em-
beddings: head entity embedding ey, relation embedding e,.,
and tail entity embedding e;, looked up from embedding
matrices. These are combined with positional biases ppjys to
form sequential representations hyeq, I'seq, tseq € RP,

A Relation Decoder (RD(+)), based on the Transformer De-
coder, processes the concatenated sequence [hgeq @ I'eq @ tseq)
to produce contextualized representations:

Hgee = RD([hseq 52 Fseq S tseq]) € RSXD )

_ We; take the first, second, and third vector from Hy.. as
h, T, t respectively. The triplet plausibility is scored using the
Tucker [20] Score (TS) function:

S(hyr,t) =W x1 h X2 F x5t (6)

where WV is a learnable core tensor, and x; denotes the -
mode product between a tensor and a vector. The model is
trained with cross-entropy loss:
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Fig. 2. The details of SAMEF Block.
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D. Sample-Aware Multimodal Expert Fusion Block

The SAMEF Block proposed in this paper is inspired by
MoE. It treats each modality (V' (e), D(e)) as an independent
expert, regards entity e as an input sample, and employs a gat-
ing network to assign adaptive fusion weights to each modality
expert, thereby dynamically computing and integrating more
reliable modal signals for each input sample.

As shown in Fig.2, SAMEF Block first obtains the most
representative modality-level summary e, for each modality
by applying average pooling to entity features x., visual
features x5, and textual features xy respectively:

mTZ

To establish inter-modal correlations, we concatenate these
expert opinions along the feature dimension to obtain e, €
RYX3D " which subsequently serves as input to the gating

,m € {ent, vis, tat} )

network:

= [Yent ® Yuis D Yiat) )

€com

The core innovation enabling sample-aware capability lies in
a learnable gating network that takes the joint opinions of
different experts as input, evaluates the authority of each expert
based on the current input sample, and generates learnable
dynamic weights. First, to obtain the raw logits g = [gent ®
Guis D grat) € RYV*3 for the gating network, €., is fed into a
Fully Connected (FC) layer to learn a mapping from the joint
feature space to the weight simplex:

g = ecomWe + b, g € RNV*3 (10)

where W, and b, are trainable parameters. Then, to obtain
sample-aware fusion weights & = [Qent, Qpis, Qtat], @ €
RN >3 we apply Softmax normalization:

TABLE I
STATISTICAL INFORMATION OF THE BENCHMARKS.
Dataset €] |[R|  #Vis  #Text  Train  #Valid #Test
DB15K 12842 279 12818 12842 79222 9902 9904
MKG-W 15000 169 14463 14123 34196 4276 4274
egent egvis

a = softmax(g) = [ ) )

Zm edgm Zm edm

eJtxt

} , m € {ent,vis, txt} (11)
e

The Softmax ensures weight normalization (qep: + Qs +
a¢zt = 1) and non-negativity, making « a valid convex
combination coefficient. The weights « can be interpreted as
the probability that each expert is the most reliable “answer”
in the current sample context.

Finally, the fused feature fg,,, is obtained through a convex
combination of the three expert opinions. This paper adopts a
quadratic interaction weighted fusion strategy using element-
wise multiplication:

fsum =

>

mée{ent,vis,txt}

(am Gym) O Ym (12)

E. Dynamic Hard Negative Sampling Contrastive Learning
Module

To enhance the model’s capability for fine-grained semantic
discrimination of entity information, this paper introduces
DHNSCL. By dynamically selecting the most challenging neg-
ative samples for each anchor sample, the model concentrates
on a small subset of hard negative samples, thereby learning
discriminative representations more efficiently and improving
its discrimination ability.

First, given embedding matrices 1, Ey € RBXD with batch
size B and embedding dimension D, where F; is derived
from eqy in (4) and E5 is obtained from (12), we construct a
similarity matrix S:

El E; c RBXB

S = (13)

where 7 is a temperature hyperparameter that modulates the
similarity distribution. For each anchor sample 7, we retain the
positive similarity score s; ; € S. Based on this, we perform
hard negative sample mining for each anchor ¢ by selecting
the top-K most similar samples as hard negatives:

= topK ({s;,; | j # i}, Kn)

Here, the Hard Negative Sample Count K}, is a hyperparameter
significantly smaller than the batch size B, controlling the
number of mined hard negatives. Finally, we employ the
standard cross-entropy loss as the objective function:

Z exp(si z)

— exp Sii + ZnGNham eXp(Sz n)

N hard (14)

15)



TABLE II
THE MAIN MMKGC RESULTS. THE BEST RESULTS ARE MARKED AS BOLD AND THE SECOND-BEST RESULTS ARE UNDERLINED.

DBI15K MKG-W

Model MRR Hit@l Hit@3 Hit@l0 | MRR Hit@l Hit@3 Hit@10
TransE 24.86 12.78 31.48 47.07 29.19  21.06 332 44.23
ComplEx 27.48 18.37 31.57 45.37 2493 19.09 26.69 36.73
RotatE 29.28 17.87 36.12 49.66 33.67 26.8 36.68 46.73
TuckER 33.86  25.33 37.91 50.38 30.39 24.44 3291 41.25
KBGAN(TransE) | 25.73 9.91 36.95 51.93 2947 2221 34.87 40.64
KBGAN(TransD) | 23.74 9.34 33.51 47.94 29.67 2238 35.24 40.8
IKRL 26.82 14.09 34.93 49.09 3236 26.11 34.75 44.07
TBKGC 28.4 15.61 37.03 49.86 3148 2531 33.98 43.24
MMKRL 26.81 13.85 35.07 39.39 30.1 22.16 34.09 44.69
RSME 29.76  24.15 32.12 40.29 2923  23.36 31.97 40.43
VBKGC 30.61 19.75 37.18 39.44 30.61 2491 33.01 40.88
VISTA 3042 2239 33.56 45.94 3291 26.12 35.38 45.61
AdaMF 32.51 21.31 39.67 51.68 3427  27.21 37.86 47.21
MANS 28.82 16.87 36.58 39.26 30.88  24.89 33.63 41.78
MyGO 37.57  30.15 41.04 51.95 35.17  29.81 36.94 45.51
DHNS 3436  23.34 41.56 53.72 35.68 2898 38.68 48.12
Ours 3933 3175 42.85 53.69 36.06  30.53 38.04 46.79

The overall training objective of the framework is defined as
Liotal = Lige +A- Lo, where A is the Contrastive Loss Weight.

1) Complexity Analysis: We analyzes the complexity of
the loss function in (15) and compares it with the traditional
InfoNCE loss (16). Let the batch size be N, and the number
of mined hard negative samples be K (K < N). In (16), it is
necessary to compute over all negative samples in the batch:

N
1 exp(s; - $i//T)

L= N E log ZN
i=1

j=16XP(si - 851/7)

(16)

The complexity of (16) is O(N?), which limits training
efficiency and scalability. The proposed loss function in (15)
significantly reduces the computational time complexity from
O(N?) to O(N x K). Since K < N, it greatly saves
computational and memory overhead in large-batch training
scenarios, making model training more efficient.

III. EXPERIMENTS

A. Experiment Settings

1) Datasets: We evaluated our model on two public
MMKGC benchmarks: DB15K [21] and MKG-W [22].
Dataset statistics are shown in Table 1.

2) Task and Protocols: To systematically evaluate the capa-
bility of the model, we conducted link prediction tasks [6] on
both datasets. We evaluate the model through link prediction
tasks [6] on both datasets. To ensure fair comparison, we
report MRR and Hit@K (K=1,10) [15], [23] as the most
discriminative metrics. Hit@1 reflects precision and Hit@10

evaluates recall, while Hit@3 is omitted due to its correlation
with MRR. The calculations are as follows:

1 [ Teest| 1 1
MRR = — 4 (17)
|7;est| 1:21 (Th,i rt,i)
1 | Teest|
HitaK = —— Z (L(rns < K)+1(res < K)) (18)
|7;est| =1 T T

where 7y, ;, ¢ ; represent the prediction ranks for head entities
and tail entities respectively.

3) Baselines: This paper conducts a comprehensive per-
formance evaluation, comparing 16 different baseline models
in the experiments. (TransE [6],RotatE [23],TuckER [20],KB-
GAN [13], IKRL [5], TBKGC [7], MMKRL [14], RSME [8],
VBKGC [9], VISTA [24], AdaMF [25], MANS [17],
MyGO [26],DHNS [15])

4) Implementation Details: We implemented our proposed
model in PyTorch and utilized an RTX 4090 GPU. For multi-
modal features, images adopt BEIT [19] (codebook size=8192)
and text adopts BERT [18] (vocabulary size=32,000). Training
utilizes the Adam optimizer [27] for a total of 2000 epochs,
with a batch size of 2048 and an embedding dimension of 256.
Visual token length is 8, text token length is 12, Loss Weight A
is tuned in {0.05,0.1,0.5, 1.0, 5.0}, and The Number of Hard
Negative Samples K}, is tuned in {2,4,5,6,8,16,32,64}.

B. Main Results

The main experimental results in Table II show that our
model achieves the highest or second-highest scores across



TABLE III
THE ABLATION STUDY RESULTS ON DB15K AND MKG-W.
DBI15K MKG-W
Settings
MRR Hit@l Hit@10 | MRR Hit@l Hit@10

w/o SAMEF 38.81 31.09 53.40 35.85 3021 46.70
wlo L¢ 38.98 3142 53.28 3539 29.83 45.77
w/o SAMEF+L; 38.69  31.13 53.18 3544 30.11 45.69
Full Model 39.33  31.75 53.69 36.17  30.39 47.16

all metrics on both datasets, significantly outperforming 16
existing baselines.

Specifically, on DB15K, SAMEF-DHNN improves MRR
by 4.68% and Hit@1 by 5.31% over the second-best model,
DHNS. On MKG-W, it also achieves gains of 1.37% in
MRR and 1.95% in Hit@1. These improvements, especially
in Hit@1, confirm the model’s strength in precise matching.

Further analysis reveals that the performance advantage
stems mainly from the proposed SAMEF Block and DHNSCL.
Unlike methods that simply concatenate multimodal features,
our model dynamically computes fusion weights to reduce
noise interference and capture discriminative features more
accurately. Moreover, the negative sampling strategy enhances
fine-grained discrimination more effectively than random or
generated sample approaches.

C. Ablation Study

1) Model Design: We conducted systematic ablation stud-
ies on DB15K and MKG-W to evaluate the contribution of
each module. As shown in Table III, all ablated variants
underperform the full model, confirming that both SAMEF
Block and DHNSCL play important roles.

Removing the SAMEF Block resulted in an average de-
crease of 1.10% in MRR and 1.34% in Hit@1, demonstrating
that its multimodal fusion conditioned on input entity samples
is crucial for accurate ranking. Removing the DHNSCL mod-
ule led to an average reduction of 1.53% in MRR and 1.44%
in Hit@1, highlighting its significant effect on enhancing the
discriminative capability of the system. Moreover, removing
DHNSCL caused a greater decline in Hit@10 (1.86%) com-
pared to SAMEF Block removal (0.76%), demonstrating its
stronger impact on discrimination and coverage in longer
recommendation lists.

Joint removal of both modules resulted in performance
degradation of 0.95%-3.12% across all metrics, exceeding
the loss from individual removal. This synergistic effect
confirms that SAMEF Block provides reliable multimodal
representations to facilitate dynamic hard negative sampling
in DHNSCL, while the discriminative features from DHN-
SCL in turn refine the multimodal fusion in SAMEF Block.
Their collaboration collectively improves prediction accuracy
in MMKGC.

D. Hyperparameter Analysis

We systematically analyzed the effects of the Contrastive
Loss Weight )\ and the Hard Negative Sample Count K} on

model performance.
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Fig. 3. Trends of MRR and Hit@K (k=1,3,10) across different A values.
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Fig. 4. Trends of MRR and Hit@K (k=1,3,10) across different K} values.

1) Contrastive Loss Weight \: The experimental results
are shown in Fig. 3 (with K}, = 5 by default). As )\ varies
within the tested range, the model achieves optimal MRR and
Hit@1 performance when A = 1.0. This indicates that a higher
A enhances the model’s ability to discriminate fine-grained
semantic differences, thereby significantly improving Hit@1
accuracy. Simultaneously, a moderate weight balances the
contributions of the main task and contrastive learning, further
improving the global ranking quality of candidate entities and
the overall robustness of the model.

2) Hard Negative Sample Count Kj: Fig. 4 shows the
impact of different K values with A = 1.0. When Kj = 5,
MRR and Hit@1 reach their highest values, indicating that
an appropriate number of high-difficulty negative samples
helps the model focus on discriminative semantic bound-
aries, thereby improving precise matching capability. When
Ky = 6, Hit@10 peaks, suggesting that a moderate negative
sample difficulty expands the model’s semantic discrimination
boundary for sub-optimal candidates while maintaining core
discriminative power. When K} = 32, Hit@3 performs best,
indicating that an expanded negative sample space forces the
model to learn more global ranking robustness, enhancing the
screening stability for mid-ranked candidates (Hit@3).

IV. CONCLUSION

In this paper, we propose SAMEF-DHNN, a MMKGC
model integrating Sample-Aware Multimodal Expert Fusion



and Hard Negative Sampling. To address the static weight-

ing

issue in multimodal information fusion for MMKGC,

we design the SAMEF Block, which introduces a dynamic
weighting mechanism enabling adaptive evaluation and fusion
of multimodal information based on input entity samples.
Furthermore, we propose a dynamic hard negative sample
mining strategy that enhances contrastive learning efficiency
and effectiveness by real-time sampling of a limited number
of hard negatives with high semantic similarity to target
entities. Experimental results on two datasets demonstrate that
SAMEF-DHNN significantly outperforms 16 existing baseline
models, particularly showing notable improvements in precise
prediction metrics such as Hit@1 and MRR, validating the ef-
fectiveness of the proposed modules. SAMEF-DHNN provides
an efficient and robust solution for MMKGC, offering new
perspectives and a reference framework for future research in
this field.
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