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Abstract—Multi-modal Knowledge Graph Completion
(MMKGC) aims to uncover hidden knowledge by fusing multi-
modal and structured information. Existing fusion methods use
attention, weighting, or mixture-of-experts strategies. However,
they treat all feature segments equally at the fine-grained
level. This equal treatment prevents effective filtering of image
background noise and textual redundancy. Consequently,
discriminative features are weakened. To address this, this
paper introduces a sparse mechanism into the model, proposing
a Dynamic Sparse Selection (DSS) model. Its core is the
Sparse-Global Fusion (S-GF) method, which utilizes Sparse
Prompt Attention (SPA) and Global Dense Attention (GDA) in
parallel. The SPA branch uses a lightweight controller to learn
attention masks. It focuses on the most discriminative local
segments. Meanwhile, the GDA branch captures global context
to preserve semantic coherence. The two are adaptively fused
via a gating mechanism. Additionally, we propose Sparse Gated
Contrastive Learning (SGCL). DSS proposes the Sparse Gated
Selection Mechanism (SGSM) to dynamically construct tailored
anchor representations for entities. Optimization is performed
using the Multi-view Focused Adaptive Contrastive Loss (MFAC
Loss) with progressive focusing capability, thereby enhancing
both the discriminative power and alignment robustness of
entity representations. Experiments on DB15K, MKG-W, and
MKG-Y show that DSS improves the MRR metric by 6.48%,
2.75%, and 0.97%, respectively, compared to existing MMKGC
models, demonstrating the effectiveness of the introduced sparse
mechanism in focusing on critical information and suppressing
multi-modal noise.

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

I. INTRODUCTION

Multi-modal Knowledge Graphs (MMKGs) [1], [2] con-
nect text, images, and other multi-modal information to the
structured triplets of traditional Knowledge Graphs (KGs).
This enhances the richness of knowledge representation and
finds wide application in areas like recommendation systems
[3] and large language models [4]. However, MMKGs, like
single-modal KGs, commonly face incompleteness. The Multi-
modal Knowledge Graph Completion (MMKGC) task [1], [2]
aims to leverage existing multi-modal knowledge to build
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more comprehensive knowledge representations. It predicts
missing world knowledge in MMKGs, thereby mitigating this
limitation.

Despite progress in MMKGC research, existing methods
still face two unresolved key problems in achieving fine-
grained, precise multi-modal fusion and alignment.

Insufficient Dynamic Information Filtering in Fine-grained
Fusion. Current mainstream MMKGC methods, whether based
on attention mechanisms [5], adaptive fusion [6], or mixture
of experts [7], essentially perform weighted aggregation or
cross-modal interaction on all available modal features. Multi-
modal data often contains substantial noise, such as irrelevant
image backgrounds or generic textual descriptions. Because
existing models treat all feature segments equally, they cannot
dynamically focus on the most discriminative local evidence
for reasoning. For example, when predicting the relation
”starring in”, textual features of the actor’s name are far
more important than descriptions of the movie’s background.
When predicting the entity ”Eiffel Tower”, the image of
the tower itself is more relevant than the tourists below
it. Existing methods lack a mechanism to dynamically and
sparsely mask irrelevant information while focusing on key
tokens. This makes models susceptible to noise interference,
reducing discriminative power.

To address the above challenges, this paper proposes a
new model with dynamic sparsity as its core design prin-
ciple—Dynamic Sparse Selection (DSS). The core idea is
to introduce dynamic sparsity as a general mechanism into
both the feature fusion and contrastive learning processes.
This enables precise information filtering and alignment. We
propose that adding controllable sparsity can guide the model
to focus dynamically on the most informative feature parts.
This approach is essential for achieving precise reasoning and
alignment.

Dynamic Sparse Selection (DSS)’s innovations are em-
bodied in two core methods: Sparse-Global Fusion (S-GF)
and Sparse Gated Contrastive Learning (SGCL). S-GF first
tokenizes the visual and textual modalities of entities in an
MMKG using pre-trained models. This captures fine-grained
semantic sequences for each modality. These sequences are
then fed in parallel into Sparse Prompt Attention (SPA) and
Global Dense Attention (GDA). SPA, our core design, achieves



dynamic information filtering at the fine-grained level. Concur-
rently, the standard GDA branch ensures the model does not
lose global semantic coherence and structural dependencies.
The outputs of the two branches are fused via a learnable gate.
This design equips the model with both highly discriminative
local feature extraction capability and robust modeling of
global context.

To further enhance the alignment quality, we propose SGCL.
First, this method focuses on multiple distinct perspectives of
an entity. The Sparse Gated Selection Mechanism (SGSM)
dynamically constructs a highly compatible anchor represen-
tation for each perspective. Subsequently, it systematically
enhances the discriminative power and alignment robustness
of entity representations through the Multi-view Focused
Adaptive Contrastive Loss (MFAC Loss). This loss function
progressively adjusts the focus on hard negative samples.

Our contributions are summarized as follows:
• We propose DSS, a novel MMKGC model based on the

principle of dynamic sparsity. It is the first to systemati-
cally apply a learnable sparse mechanism to both feature
selection and sample selection. This provides a unified
and effective new approach for fine-grained noise filtering
and precise contrastive alignment.

• We design the innovative S-GF method. The SPA branch
enables key information filtering. It complements the
GDA branch. This significantly improves feature discrim-
inability while preserving structural information.

• We propose the SGCL method. A learnable sparse gate
enables adaptive, dynamic selection of contrastive sam-
ples. Combined with the MFAC Loss, it markedly im-
proves the accuracy of cross-modal alignment and the
model’s generalization capability.
Due to proprietary constraints, the data and code associ-
ated with this paper cannot be made publicly available.

II. RELATED WORK

A. Multi-modal Knowledge Graph Completion

Compared to traditional KGs, Multi-modal Knowledge
Graphs (MMKGs) contain richer modal information (e.g.,
images, text) but still suffer from incompleteness. The core
challenge of Multi-modal Knowledge Graph Completion
(MMKGC) lies in effectively coordinating structural, textual,
visual, and other modal information to enhance entity predic-
tion.

Early MMKGC works, such as IKRL [8] and TransAE
[9], validated the effectiveness of multi-modal information
by using pre-trained models to extract features from images
and text, and typically combined these with structural embed-
dings through simple fusion operations or cross-modal loss
functions. However, such coarse-grained fusion methods fail
to finely distinguish the importance of information within
and between different modalities, making them susceptible
to interference from noise such as image backgrounds or
irrelevant textual descriptions.

To optimize the fusion process, subsequent studies in-
troduced more refined mechanisms. For example, OTKGE

[10] employs optimal transport theory to minimize distribu-
tional differences between embeddings of different modalities,
thereby promoting modal alignment. AdaMF [11] introduces
adversarial training to balance the contributions of different
modalities, enhancing robustness against modal imbalance.
These methods achieve dynamic fusion at the level of the
”entire image” or ”entire text,” improving the model’s adapt-
ability to different relational contexts. However, they still treat
the feature vectors of each modality as indivisible wholes
and cannot achieve differentiated attention and filtering at a
finer-grained feature segment level (e.g., key object regions in
images, core entity words in text).

Recently, some research has attempted finer-grained interac-
tions. For instance, models like VISTA [12] and MKGformer
[13] introduce powerful sequence modeling capabilities to
MMKGC. MyGO [5] employs attention mechanisms and fine-
grained encoding to tokenize modal data at a fine granularity,
avoiding the information loss that arises from compressing an
entire image or text into a single static embedding. Overall,
such methods based on fine-grained tokens and attention
share the common goal of more precisely capturing complex
intra- and inter-modal dependencies. However, their attention
mechanisms are typically dense, tending to assign some com-
putational weight to all segments, even if many constitute
noise. This makes it difficult for the model to actively and
accurately focus on the most informative key segments and
effectively suppress the influence of irrelevant segments.

In summary, existing MMKGC methods have made sig-
nificant progress in the depth and dynamism of multi-modal
fusion, but they still commonly face a key challenge: the
lack of a dynamic, sparsity-guided discriminative informa-
tion selection mechanism at the feature segment level. This
prevents models from quickly focusing on the most relevant
and discriminative local evidence in cross-modal signals when
processing raw multi-modal data rich in noise—much like
humans do. Consequently, it constrains the precision and
robustness of representation learning and alignment.

III. METHODOLOGY

A. Task Formulation

An MMKG containing visual and textual modalities can be
represented as G = (E ,R, T ,V,D), where E and R are the
entity and relation sets. T = {(h, r, t) | h, t ∈ E , r ∈ R} is
the set of triplets, indicating that head entity h is associated
with tail entity t via relation r. V and D are the image and
textual description sets corresponding to each entity e ∈ E .
The goal of MMKGC is to learn a scoring function S(h, r, t)
that assigns high scores to plausible triplets and low scores to
implausible ones.

B. Overall Pipelines

Our DSS model aims to enhance the ability of the MMKGC
model to focus on key details in fine-grained modal informa-
tion by introducing a dynamic sparse mechanism. As shown
in Fig. 1, the overall workflow consists of four stages. First,
in the Multi-modal Information Tokenization Stage, we use
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Fig. 1. The overall architecture of our proposed DSS.

pre-trained models to encode multi-modal data (text, image,
and structure) into fine-grained token sequences. Second, in
the S-GF Stage, the encoded sequences are fed in parallel into
two branches to balance focus on local key information and
modeling of complete global context. In the SPA branch, we
introduce SPA to dynamically filter the most valuable modal
segments (e.g., key objects or entity words) and effectively
suppress noise. In the GDA branch, a standard Transformer
Encoder captures the complete global context. Third, the
outputs of both branches are fed into an Adaptive Fusion Gate
(AFG) to generate enhanced entity representations. Finally, in
the SGCL and Model Training Stage, the fused representations
are optimized for cross-modal alignment via SGCL. They are
also fed into a Transformer Decoder for the final triplet scoring
and prediction.

The total loss function comprises two parts: a cross-entropy
loss for entity prediction and a contrastive learning loss for
modal alignment.

C. Multi-modal Information Tokenization

Consistent with prior MMKGC research, the multi-modal
information in this paper consists of four parts: structure,
text, image, and relation modalities. We use the pre-trained
image encoder BEiT-V2 [14] and the pre-trained text encoder
BERT [15] to extract fine-grained tokens. The formula for each
modal sequence is as follows:

Xm = xm +Ppos, m ∈ {str, vis, txt, rel} (1)

where xstr and xrel is the structural embedding, obtained
via a learnable lookup table initialized with Xavier uniform
distribution. xvis and xtxt are the visual and textual token
sequences, respectively. Ppos denotes learnable positional em-
beddings. The relation modality sequence Xrel is separately
processed in the Transformer Decoder for triplet scoring. For
an entity e, we construct a unified multi-modal sequence
X = {[ENT];Xstr;Xvis;Xtxt}, where ; denotes concatena-
tion, and [ENT] [5] is used to capture sequence features for
downstream prediction.

D. Sparse-Global Fusion Method

The Sparse-Global Fusion method is a core innovation of
this study. To achieve efficient collaborative fusion of multi-
modal information for enhanced entity representations, S-GF
introduces a parallel architecture: a Sparse Prompt Attention
branch for noise filtering, and a Global Dense Attention branch
for preserving semantic and structural integrity. Finally, the
outputs of the two branches are combined via an Adaptive
Fusion Gate to produce the enhanced entity representation.

1) Sparse Prompt Attention: To focus on key fine-grained
information in each modality, we propose Sparse Prompt
Attention. The standard self-attention mechanism in Trans-
formers computes weights for all tokens, often introducing
irrelevant background noise. The core innovation of SPA is
to focus only on critical cross-modal interactions, suppressing
token-level noise interference in multi-modal fusion, thereby
strengthening the fused entity representation.



Specifically, given the multi-modal input sequence X, query,
key, and value matrices Q, K, V are first obtained via linear
projection. The global attention score matrix A = QK⊤

√
d

is
then computed, where d is the feature dimension.

However, directly normalizing these attention scores incor-
porates all interactions, including those representing potential
noise, affecting entity representation quality. To address this,
SPA introduces a Sparse Prompt Controller (SPC). This con-
troller adaptively determines the number of keys kdyn each
query should retain based on the current input. This value lies
between 1 and the number of tokens, reflecting the amount of
important information in the current sample.

Based on kdyn, we perform dynamic sparsification on the
original attention scores: only the top kdyn highest attention
scores for each query are retained; the rest are suppressed.
This operation transforms the original score matrix A into a
sparse attention score matrix Ã. Specifically, for each query
row, only the largest kdyn values are kept; other positions are
set to negative infinity.

Thus, in the subsequent softmax calculation, the weights
for suppressed positions approach zero. We obtain the sparse
attention weights:

Attn = softmax(Ã)V (2)

We adopt a multi-head strategy. The outputs of all attention
heads are concatenated, linearly projected, and then passed
through a global average pooling layer to obtain the enhanced
entity representation Hsparse.

2) Sparse Prompt Controller: The SPC module serves as
the dynamic sparse controller for SPA. Its core function is
to generate prompt information from the multi-modal input
sequence X, determining the number of connections k each
attention head should retain, thereby facilitating the dynamic
selection process for the attention matrix. SPC first compresses
the sequence dimension X via global average pooling to
obtain token-level feature statistics z = 1

N

∑N
i=1 Xi. z is then

linearly projected into a hidden space, passed through a ReLU
activation, and projected again linearly. A sigmoid function
produces the sparse retention ratio r ∈ (0, 1). The kdyn value
is finally calculated as in (3):

kdyn = ⌊min(max(r ·N, 1), kmax)⌋ (3)

Here, kmax is the token dimension length of the multi-modal
input sequence X.

3) Adaptive Dual-Branch Integration: The sparse repre-
sentation Hsparse output by the SPA branch reflects the key
cross-modal interaction information filtered by the dynamic
sparse attention mechanism. Simultaneously, the GDA branch
processes the same multi-modal input sequence X via a
standard Transformer encoder, followed by pooling, to obtain
the global representation Hglobal. The global branch captures
complete token-to-token dependencies, ensuring no important
long-range interaction information is lost.

To balance the focused features Hsparse from SPA and the
holistic features Hglobal from the global branch, we employ an
Adaptive Fusion Gate:

Henh = β ·Hsparse + (1− β) ·Hglobal (4)

Here, β ∈ (0, 1) is a learnable parameter, constrained by a
sigmoid function to the range (0, 1) for training stability.

E. Sparse Gated Contrastive Learning

To enhance the discriminative ability and robustness of
entity representations in MMKGC, we propose SGCL. SGCL
mainly consists of two components: the SGSM and the MFAC
Loss.

1) Sparse Gated Selection Mechanism: SGSM aims to
dynamically construct an appropriate anchor representation
for each contrastive task. Specifically, for an entity e,
we build a corresponding multi-view candidate set C =
{x1, x2, x3, x4, x5}. Here, x1 = Henh(e) is the enhanced
entity representation output by S-GF; x2 = [ENT]e is the
special token representation; x3 = Mean(X(e)) is the global
average representation; x4 = Mean(V(e)) is the average
visual modality representation; x5 = Mean(D(e)) is the
average textual modality representation.

To ensure each view is fully learned and the final repre-
sentation aligns with all views, we establish five contrastive
learning tasks, numbered t = {1, 2, 3, 4, 5}. Each task t uses
the corresponding view xt as the positive sample. For task
t, its anchor representation x

(t)
A is not fixed. Instead, it is

dynamically fused from the candidate set C via a sparse
gating mechanism, using the positive sample view xt as the
query. The specific process is as follows: First, based on the
cosine similarity between the positive sample view xt and each
candidate xk (k = 1, . . . , 5) in the candidate set, we compute
the initial gating weights using a Softmax with a temperature
parameter τgate:

g
(t)
k =

exp (cos (xt, xk) /τgate)∑5
j=1 exp (cos (xt, xj) /τgate)

, k = 1, . . . , 5 (5)

where cos(·, ·) denotes the cosine similarity function, and τgate
is the temperature coefficient controlling the sharpness of the
weight distribution.

Subsequently, to make the model focus on the most crucial
candidate views, we use the Sparse Candidate Count K to
determine how many high-weight candidates to retain. The
weights of these selected candidates are then re-normalized to
obtain the final sparse gating weights:

g̃
(t)
k =

g
(t)
k∑

i ∈ TopK(t)g
(t)
i

, k ∈ TopK(t) (6)

where TopK(t) denotes the set of indices k corresponding to
the top-K largest g(t)k values for task t.

Finally, the anchor representation for task t is the weighted
sum of the selected candidate views:

x
(t)
A =

∑
k∈TopK(t)

g̃
(t)
k · xk (7)



2) Multi-view Focused Adaptive Contrastive Loss: To pro-
gressively optimize the entity representation space, we propose
the MFAC Loss, based on the anchor representations generated
by SGSM. This loss employs a dynamically adjusted focusing
parameter, enabling the model to transition from coarse-
grained global alignment to finely distinguishing hard negative
samples, thereby learning more discriminative representations.

For a training batch containing N entities, for each task
t, we generate an anchor representation x

(t,i)
A for each entity

e(i), and use the corresponding view x
(i)
t of that entity as the

positive sample.
To enhance the model’s ability to distinguish hard negative

samples, we introduce the Dynamic Focused Parameter βt that
dynamically increases with the training steps:

βt = βinit + (βfinal − βinit) ·min (t/T, 1) (8)

where t is the current training epoch, T is the preset total
training epochs, βinit is the initial βt value, and βfinal is the
final βt value. In the early stages of training, βt is small. The
loss function approximates the standard contrastive loss, with
the primary goal of pulling positive pairs closer, encouraging
the model to learn global, coarse-grained alignment. As train-
ing progresses, βt increases. The loss function then imposes
stronger penalties on negative samples with high similarity to
the anchor, forcing the model to focus on distinguishing these
hardest samples.

For task t, its contrastive loss function is defined as follows:

L(t)
cl = − 1

N

N∑
i=1

log

[
exp

(
cos

(
x
(t,i)
A , x

(i)
t

)
/τcl

)
exp

(
cos

(
x
(t,i)
A , x

(i)
t

)
/τcl

)
+∑

j ̸=i

exp
(
βt · cos

(
x
(t,i)
A , x

(j)
t

)
/τcl

)]
(9)

where τcl is the temperature parameter.
Finally, the overall contrastive loss is the average of the five

task losses:

Lcl =
1

5

5∑
t=1

L(t)
cl (10)

F. Training Process

This method employs a Transformer decoder-based triple
scoring module. We extract the vectors of entities and relations
from Henh and xrel respectively, transforming the candidate
triple (h, r, t) into a vector sequence [eh; er; et] for subse-
quent processing. This sequence is then fed into a multi-
layer Transformer decoder for encoding, which outputs the
corresponding contextual vector sequence. Subsequently, we
introduce Tucker [16] as our scoring function S(h, r, t) =
W×1 h̃×2 r̃×3 t, where ×i denotes the vector product along
the i-th mode, and W is a learnable tensor during training. We
use this scoring function to produce a scalar score measuring
the plausibility of the triple. Finally, the obtained scalar scores
are used to compute the standard Cross-Entropy Loss Lp:

TABLE I
THE STATISTICAL INFORMATION OF THE DB15K AND MKG-W/Y

DATASETS.

Dataset |E| |R| #Vis #Text Train #Valid #Test

DB15K 12842 279 12818 12842 79222 9902 9904

MKG-W 15000 169 14463 14123 34196 4276 4274

MKG-Y 15000 28 14244 14305 21310 2665 2663

Lp = −
∑

(h,r,t)∈T

log
exp (S (h, r, t))∑

t′∈E exp (S (h, r, t′))
(11)

Here, we treat t as the ground truth label of the entity set E ,
which is consistent with the handling of h prediction.

Finally, the overall objective for the MMKGC task is L =
Lp + λLcl, where λ is the Loss Weight for Lcl.

IV. EXPERIMENTS

A. Experimental Setup

1) Dataset: This paper evaluates the model using three
public MMKGC benchmarks: DB15K [17] and MKG-W/Y
[18]. The original data for each modality is obtained from
official sources. The statistical information of the three datasets
is shown in Table I.

2) Evaluation Protocol: We perform the link prediction
task on the dataset. This task requires predicting the missing
entity in the given queries (h, r, ?) or (?, r, t) from Ttest.
We apply the filtered setting to the datasets to filter out
already existing facts. This paper employs the same metrics
as prior research for result evaluation: Mean Reciprocal Rank
(MRR) and Hit@N (N=1, 3, 10). These metrics are calculated
as follows: MRR = 1

|Ttest|
∑|Ttest|

i=1

(
1

rh,i
+ 1

rt,i

)
, Hit@N =

1
|Ttest|

∑|Ttest|
i=1 [⊮(rh,i ≤ K) + ⊮(rt,i ≤ K)], where rh,i and rt,i

are the ranks for head and tail predictions, respectively.
3) Baseline Models: We select 17 representative MMKGC

methods as baselines. (1) Uni-modal KGC methods: TransE
[19], ComplEx [20], RotatE [21], QuatE [22], DualE [23].
These models only incorporate the structural information of
the knowledge graph. (2) Multi-modal KGC models: IKRL
[8], TransAE [9], VBKGC [24], OTKGE [10], MoSE [25],
MMRNS [26], QEB [27], VISTA [12], IMF [28], AdaMF
[11], MyGO [5], K-ON [29]. These methods leverage both
the structural and multi-modal information in KGs.

4) Implementation Details: In our experiments, we imple-
ment DSS using PyTorch and utilize an RTX 4090 GPU. For
modal tokenization, we adopt BEiT-V2 [14] and BERT [15] as
the visual and textual tokenizers. The codebook size for BEiT-
V2 is 8192, and the vocabulary size for the BERT tokenizer
is 32,000. During training, we set the number of epochs to
2000, the batch size to 2048, and the embedding dimension
to 256. The maximum number of tokens for text and vision
is 12. The weight parameter λ is tuned within the range
{1e−3, 1e−4, 1e−5, 1e−6}. The model is optimized using the
Adam optimizer [30].



B. Main Results

DSS outperforms all 17 baselines across multiple metrics,
with performance improvements ranging from 0.6% to 4.6%,
highlighting its ability to fuse fine-grained multi-modal in-
formation effectively. As shown in Table II, these results
demonstrate that the sparse mechanism enhances alignment
and boosts prediction accuracy. Furthermore, we observe that
the DSS model shows larger relative improvements on the
Hit@1 and MRR metrics across the three datasets, with an
average increase of 2.61%. This indicates the model’s excellent
capability for high-precision prediction.

C. Ablation Study

1) Model Design: To verify the effectiveness of each mod-
ule in DSS, we conduct further ablation studies from the
perspectives of Model Design.

The ablation studies confirm that both the S-GF and SGCL
modules are critical to the overall performance of DSS,
with the SGCL contributing more significantly. As shown in
Table III, removing the S-GF leads to a drop of 1.52% in
MRR and 2.78% in Hit@1, whereas removing the SGCL
causes a more substantial decline of 3.88% in MRR and 5.40%
in Hit@1. This result strongly demonstrates the substantial
contribution of S-GF and SGCL. The two methods enables
precise multi-modal feature alignment and improves model
prediction accuracy.

Ablating Dynamic Sparsity: Dynamic sparsity is necessary
for adaptive fusion. We ablate the dynamic sparse mechanism
(w/o Dynamic Sparsity) by replacing the SPA in SPC and
the SGSM in SGCL with uniform aggregation. In this setting,
MRR and Hit@1 drop by an average of 2.10%, indicating that
static, non-adaptive fusion cannot replace the dynamic sparse
filtering mechanism.

Ablating Sub-modules in SGCL: The two sub-modules
in SGCL work synergistically to enhance the overall perfor-
mance. Removing either the SGSM or the MFAC Loss leads to
an average drop of 3.45% in MRR and 4.37% in Hit@1. This
shows that the effectiveness of SGCL relies on its complete
dynamic architecture: the SGSM performs hard selection at
the sample level, while the MFAC Loss achieves progressive
focusing at the loss function level. Their synergy is essential
for optimal alignment and accurate prediction.

D. Impact of Dual Branch Attention

As shown in Table IV, both SPA and GDA are crucial for
the MMKGC task, as confirmed by our experiments. Optimal
performance is achieved only when both attention mechanisms
are used concurrently. Rows 1, 2, and 3 represent three
different ablation scenarios: removing both SPA and GDA
from the S-GF module, removing only SPA, and removing
only GDA, respectively. All three scenarios resulted in varying
degrees of performance degradation. This result demonstrates
the complementary roles and individual necessity of the two
attention mechanisms.

1e-3 1e-4 1e-5 1e-6
38.8
39.0
39.2
39.4
39.6

M
RR

 (
%

)

MRR
Hit@1

31.2
31.6
32.0
32.4
32.8

H
it

@
1 

(%
)

Fig. 2. Different values of λ.

1 2 3 4 5
K

38.4
38.6
38.8
39.0
39.2
39.4

M
RR

 (
%

)

MRR
Hit@1

30.8
31.2
31.6
32.0
32.4
32.8

H
it

@
1 

(%
)

Fig. 3. Different values of K.

E. Hyper-parameter Sensitivity Experiments

To further investigate the sensitivity of important parameters
in the contrastive learning component, we examine the impact
of the SGCL Loss Weight λ, the Sparse Candidate Count K,
and the Dynamic Focused Parameter βt on DSS, using the
DB15K dataset.

1) Loss Weight λ: The experimental results are shown in
Fig. 2. The optimal MMKGC performance is achieved at λ =
1e− 5, as performance exhibits a trend of first increasing and
then decreasing when λ is adjusted within {1e−3, 1e−4, 1e−
5, 1e− 6}.

2) Sparse Candidate Count K: As shown in Fig. 3, The
best MRR and Hit@1 performance is achieved when K is
2. This result strongly supports the necessity of the sparse
mechanism in SGCL. Specifically, when K = 1, performance
declines because the anchor representation is generated solely
from a single view, failing to effectively integrate key informa-
tion from other perspectives. Conversely, a larger K leads to
a decrease in metrics because it introduces more candidates
with lower information content. Blindly increasing K for
synthesizing negative samples does not yield benefits and
can even cause performance degradation. The experimental
results powerfully demonstrate that introducing sparsity into
contrastive learning plays a crucial role in improving model
performance.
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Fig. 4. The MRR performance of the DSS model on
the DB15K dataset with different βinit and βfinal.

3) Dynamic Focused Parameter βt: We analyze the impact
of different βinit and βfinal settings on DSS performance using
the DB15K dataset, where βinit and βfinal are varied over a
grid of values {0.1, 1.0, 10.0}. The experimental results are
shown in Fig 4.



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

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

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

ComplEx 27.48 18.37 31.57 45.37 24.93 19.09 26.69 36.73 28.71 22.26 32.12 40.93

RotatE 29.28 17.87 36.12 49.66 33.67 26.80 36.68 46.73 34.95 29.10 38.35 45.30

QuatE 34.18 25.42 38.91 51.30 34.50 28.94 36.71 46.64 36.01 30.53 38.84 43.68

DualE 35.85 29.31 38.52 51.28 33.94 27.55 36.56 46.09 34.95 29.77 38.44 43.12

IKRL 26.82 14.09 34.93 49.09 32.36 26.11 34.75 44.07 33.22 30.37 34.28 28.26

TransAE 28.09 21.25 31.17 41.17 30.00 21.23 34.91 44.72 28.10 25.31 29.10 33.03

VBKGC 30.61 19.75 37.18 49.44 30.61 24.91 33.01 40.88 37.04 33.76 38.75 42.30

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

MoSE 28.38 21.56 30.91 41.67 33.34 27.78 33.94 41.06 36.28 33.64 37.47 40.81

MMRNS 32.68 23.01 37.86 51.01 35.03 28.59 37.49 47.47 35.93 30.53 39.07 45.47

QEB 28.18 14.82 36.67 51.55 32.38 25.47 35.06 45.32 34.37 29.49 36.95 42.32

VISTA 30.42 22.39 33.56 45.94 32.91 26.12 35.38 45.61 30.45 24.87 32.39 41.53

IMF 32.25 24.20 36.00 48.19 34.50 28.77 36.62 45.44 35.79 32.95 37.14 40.63

AdaMF 32.51 21.31 39.67 51.68 34.27 27.21 37.86 47.21 38.06 33.49 40.44 45.48
MyGO 37.72 30.08 41.26 52.21 36.10 29.78 38.54 47.75 38.44 35.01 39.84 44.19

K-ON 36.24 28.13 40.49 51.26 35.83 29.41 37.32 47.16 35.83 32.56 37.34 42.45

Ours 39.48 32.03 43.06 53.80 36.29 30.60 37.88 47.79 38.54 35.35 39.92 43.86

TABLE III
THE ABLATION STUDY RESULTS ON DB15K.

Setting MRR Hit@1 Hit@3 Hit@10

w/o S-GF 38.88 31.14 42.51 53.76

w/o SGCL 37.95 30.30 41.39 52.76

w/o Dynamic Sparsity 38.77 31.26 42.42 53.20

w/o SGSM IN SGCL 38.09 30.60 41.48 52.45

w/o MFAC Loss IN SGCL 38.15 30.66 41.56 52.61

Full Model 39.48 32.03 43.06 53.80

TABLE IV
ABLATION STUDY OF DUAL BRANCH ATTENTION ON DB15K.

SPA GDA
DB15K

MRR Hit@1 Hit@3 Hit@10

✗ ✗ 38.88 31.14 42.51 53.76

✗ ✓ 39.11 31.31 42.86 54.22

✓ ✗ 37.86 30.38 41.40 51.95

✓ ✓ 39.48 32.03 43.06 53.80

Firstly, employing a monotonically increasing βt schedule is
crucial for achieving optimal performance. The model attains
the highest MRR when setting βinit = 0.1 and βfinal = 10.0.
This optimal configuration allows βt to linearly increase
from a low to a high intensity. It follows the progressive
focusing strategy designed for the MFAC Loss. Specifically,
it initially focuses on pulling positive sample pairs closer for

global alignment in the early training stages. Subsequently,
it gradually strengthens the discrimination of hard negative
samples.

Secondly, the final focusing intensity βfinal is a key factor
determining the model’s discriminative ability. Experiments
show that, given the same βinit, increasing βfinal consistently
yields performance gains. For example, with βinit = 0.1,
increasing βfinal from 0.1 to 10.0 improves MRR by 3.27%.
This confirms that applying stronger contrastive penalties in
the later training stages is essential for learning a highly
discriminative representation space.

In summary, the experiments on the dynamic focused pa-
rameter βt validate the important role of the MFAC Loss.
Its design, through an adaptive contrastive learning process
that transitions from global alignment to fine-grained dis-
crimination, works synergistically with the SGSM. This joint
mechanism ensures the model robustly learns discriminative
and resilient multi-modal entity representations.

V. CONCLUSION

In this paper, we propose DSS, a Multi-modal Knowledge
Graph Completion model based on Dynamic Sparse Selection.
Specifically, we design the S-GF method. Within it, SPA can
dynamically filter the most discriminative feature segments
across modalities, effectively suppressing image background
noise and textual redundancy. Simultaneously, Global Dense
Attention preserves the complete global context, ensuring
semantic coherence and structural integrity. The two are
fused via an adaptive gating mechanism, achieving synergy
between local focus and global modeling. Furthermore, we



propose SGCL. It uses a learnable sparse gate to dynami-
cally select the most informative multi-modal view features.
Combined with the MFAC Loss for progressive optimization,
it significantly enhances the discriminative power of entity
representations and the robustness of cross-modal alignment.
Extensive experiments on three benchmark datasets, DB15K,
MKG-W, and MKG-Y, demonstrate that DSS outperforms
existing methods across multiple evaluation metrics. This
validates the effectiveness and generalization capability of the
proposed dynamic sparse filtering mechanism and sparse gated
contrastive strategy.
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