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This paper proposes a deep attention network based on cluster design (ASDCLK), which effectively removes
noise and dynamically adjusts the weights of knowledge triplets by introducing a degree sensitive graph
structure denoising module and an attention-based knowledge aggregation mechanism, thereby improving
recommendation accuracy. The experiment was conducted on public datasets for music recommendation and
movie recommendation scenarios, and the results showed that the ASDCLK model outperformed current
advanced recommendation methods in CTR prediction and top-K recommendation tasks. Especially on
the Last.FM and MovieLens-1M datasets, ASDCLK performs well in AUC and MovieLens-1M, respectively
Recall@20 There is a significant improvement in indicators compared to the baseline model. In addition, by
adjusting the sampling probability of graph structure denoising, this study found that a moderate sampling
probability can effectively remove noise while preserving key interactive information, thereby achieving optimal
recommendation performance. The model is evaluated on the MovieLens-1M and Last.FM datasets, comprising
thousands of users and interactions, using standard evaluation metrics such as AUC, Fl-score, and Recall@K to
comprehensively assess recommendation performance.
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1. Introduction

With the rapid development of information technology, the
exponential growth of data has intensified the problem
of information overload for users. In recent years, deep
learning techniques, particularly graph neural networks
(GNNSs), have been widely adopted in recommendation
systems due to their strong capability in modeling graph-
structured data and improving representation learning [1].

GNN-based recommendation approaches have signifi-
cantly enhanced performance; however, they suffer from
inherent limitations. During message passing, high-degree
nodes tend to lose their distinctive features due to exces-
sive aggregation, leading to representation degradation

[2, 3]. Additionally, user interaction data often contains
noise, which negatively impacts recommendation accu-
racy. Although edge pruning techniques have been pro-
posed to reduce noise, existing studies largely overlook
the broader impact of graph structure noise on model ef-
fectiveness [4, 5]. Furthermore, current methods face chal-
lenges in effectively handling complex interaction graphs,
often relying on fixed aggregation strategies that fail to
capture varying importance among knowledge triplets [6,
7]. Existing contrastive learning approaches are also lim-
ited to single-view settings, restricting their ability to learn
diverse relational features [8, 9]. Compared with recent
knowledge-aware recommendation frameworks such as
KGAT, KGIN, and other GNN-based approaches, which
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primarily rely on uniform neighbor aggregation or static
attention mechanisms, the proposed cluster-based atten-
tion mechanism introduces structured clustering prior to
attention computation. Recent advancements in graph neu-
ral network-based recommendation systems have signifi-
cantly improved representation learning by incorporating
attention mechanisms, contrastive learning strategies, and
knowledge graph integration. Despite these improvements,
challenges such as noise in interaction graphs and ineffec-
tive knowledge aggregation still persist. Compared with
existing GNN-based recommendation models, ASDCLK
introduces a degree-sensitive graph denoising mechanism
to reduce interaction noise. Additionally, it integrates clus-
tering with attention-based aggregation to capture both
structural and semantic relationships. This article pro-
poses a Cluster designed Deep Attention Network (CDAN)
based on cluster design, which effectively solves the above
problems by introducing graph structure denoising and
a knowledge aggregation mechanism based on learnable
attention [10]. Clustering-based recommendation methods
rely on static clusters, limiting adaptation to evolving user
preferences and reducing personalization. Many separate
clustering from representation learning and are sensitive
to noise and sparsity, causing instability. To address this,
an adaptive attention-integrated framework is proposed.
With top-K set to 10, clusters are formed using embedding
similarity and iteratively refined during training to im-
prove representations. The cluster size is selected based on
empirical evaluation using the silhouette score, where the
optimal number of clusters is determined by maximizing
intra-cluster similarity and minimizing inter-cluster dis-
tance. The convergence of the clustering process is achieved
when the centroid updates fall below a predefined thresh-
old or when the maximum number of iterations is reached.
Additionally, computational overhead is analyzed in terms
of training time complexity, which is primarily influenced
by the number of samples, feature dimensionality, and itera-
tions required for convergence. The clustering information
is integrated into attention-based aggregation by grouping
similar users and items. This guides the model to focus
on relevant neighbors within clusters, assigning higher
weights to similar interactions and improving embedding
quality. A clustering strategy is integrated to capture struc-
tural similarities, where items are initially grouped based
on cosine similarity of embeddings. During training, clus-
ters are dynamically refined through iterative updates from
GNN-based embedding propagation, adjusting similarity
relationships and cluster boundaries. This article applies
a degree-sensitive edge pruning method to denoise the
user—item interaction graph, removing noisy edges while

preserving important information by adapting pruning
probabilities based on node degree, improving robustness
[11]. It also uses a learnable attention scoring function
to weight knowledge triplets dynamically, capturing user
preferences more effectively than fixed aggregation meth-
ods [12, 13]. The existing Graph Neural Network-based
recommender models such as KGAT and KGIN, which
primarily rely on fixed message passing and static aggre-
gation strategies, the proposed ASDCLK framework in-
troduces a degree-sensitive graph denoising mechanism
combined with cluster-aware attention learning. This al-
lows the model to dynamically filter noisy interactions and
adaptively reweight knowledge triplets during representa-
tion learning. The computational complexity of ASDCLK is
estimated through graph neural propagation, scaling with
the number of edges, and attention operations, scaling with
sequence length and embedding dimension.

2. Methods and materials

2.1. User project interaction diagram for structural de-
noising

Graph neural networks enhance recommendation perfor-

mance by improving user and item representation learning

[14, 15]. However, high-degree nodes tend to lose their

original features during message aggregation, and user

interaction data often contains noise.

To address this, some studies propose edge prun-
ing methods using multimodal features to sparsify the
graph [16]. Several existing graph denoising methods in
recommendation-oriented GNNs include edge dropout,
uniform edge sampling, similarity-based pruning, and
learnable edge weighting. However, these methods either
randomly remove useful interactions or rely on static simi-
larity thresholds, failing to consider node degree imbalance
and noise accumulation in high-degree nodes.

Construct a symmetric adjacency matrix V €
Rlolx ‘V‘, |V| based on the user project interaction matrix Y,
which represents the number of nodes in the user project
interaction graph Gy;. The construction of adjacency matrix

v=(% o) M

In the symmetric matrix V , if user u interacts with item

is shown in Eq. (1):

i, then V,; = 1; otherwise, V;;; = 0. When performing
graph cropping, if the probability of cropping edges is set
to p, the number of edges that should be cropped in the
user project interaction graph is, |p | || where [— |
] is the base function, |e| is the number of edges in the
graph, and the number of edges that should be retained is
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n = [(1—p)le|]. For any edge e;(0 < k ¢ ¢ |) in the user
project interaction diagram that connects two nodes 7 and j,
the probability of being sampled is shown in Eq. (2):

1
T Ve

Among them, w;, w; are the degrees of pointsiand j in

)

the figure, respectively.
After obtaining the sampling probability of each edge,
sample the edges from the polymorphic distribution with

' Pz > Dur-
ing the sampling process, nodes with higher degrees have

index n and parameter vector p = <p0, p1,c

a lower probability of being sampled. Subsequently, based
on Eq. (1) and the sampled edges, a denoised symmetric ad-
jacency matrix V, is obtained. Finally, the adjacency matrix
is normalized according to Eq. (3) to obtain: V),

V, =D 2y, D71/2 ®)

Among them, D € RI?II?! is the angle matrix. The pro-
posed degree-sensitive graph structure denoising module
employs neighborhood selection which is done according
to the user-item interaction graph with only the directly
connected nodes being viewed as neighbors. The sampling
probability that directs the edge pruning process is based
on the node degree, and high degree nodes have lower re-
tention probabilities to minimize noise. The pruning level
is set at a moderate level, which is picked on an empiri-
cal basis to prevent excessive removal of noise and loss of
information.

The proposed degree-sensitive graph structure denois-
ing module employs neighborhood selection which is done
according to the user-item interaction graph with only the
directly connected nodes being viewed as neighbors. The
sampling probability that directs the edge pruning process
is based on the node degree, and high degree nodes have
lower retention probabilities to minimize noise. The prun-
ing level is set at a moderate level, which is picked on an
empirical basis to prevent excessive removal of noise and
loss of information.

The graph attention network differentiates the impor-
tance of neighboring nodes using attention mechanisms
and updates node features accordingly [17]. IoT-based opti-
cal fiber sensor network with HMI integration for real-time
water level monitoring and feature extraction [18].

This article adopts this aggregation mechanism using
GAT on the denoised user—item interaction graph to learn
user and item representations, as shown in Eq. (4).

e/ = Y aef'™ @)
ieN

O] (=1

Among them, ¢;,” and e jare the embeddings of users
and projects respectively, is the neighbor set of users, and
the aggregation of projects is similar to Eq. (4). The calcula-

tion of neighbor weights is shown in Eq. (5):

nij=a ([VXJ Vj)

exp ( LeakyReLUn 1-]-)) 5)

: Y k=N exp ( LeakyReLUn j>>

Among them, ej ¢ is the embedding of nodes i and
jW is a learnable weight matrix, vector a maps high-
dimensional feature vectors to a real number, and softmax
function is used to normalize the weight coefficients.

Finally, add up the representations of each layer to ob-
tain the user and project representations of the user project
interaction graph:

et = o) el 4 el ©)

Among them, L, represents the number of layers in the
user project interaction graph aggregation layer. During
graph convolution, node embeddings are progressively re-
fined through neighborhood aggregation, capturing higher-
order structural patterns and propagating enriched rep-
resentations across layers. These representations are fur-
ther enhanced in the attention stage by assigning adap-
tive weights to important interactions, ensuring effective
modeling of both structural dependencies and user prefer-
ences. To provide a clearer computational workflow, the
clustering component is tightly integrated with the GNN-
based feature propagation process. Initially, user and item
embeddings are grouped into clusters based on similarity
measures. These cluster assignments are then incorporated
into the message passing mechanism, where each node
prioritizes aggregating information from neighbors within
the same cluster.

2.2. Attention based knowledge aggregation

Most recommendation systems use relation-aware aggre-
gation without considering neighbor importance, limiting
preference[19, 20]. Existing knowledge graph recommen-
dation models such as TransE, KGAT, and KGIN use triplet
weighting and embedding mechanisms, but they show lim-
itations in large-scale environments. Their static or locally
normalized weighting strategies fail to capture global struc-
tural complexity, and as the graph size increases, noise and
weak relations reduce the reliability of learned importance
scores. First, low dimensional embeddings of entities and
relationships in the knowledge network are learned using
the translation based embedding method TransE [21]. The
basic idea is to treat the relationship as a translation in the
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embedding space. If triplet (1, 7, ) holds, the embedding e;
of the tail entity should be close to the embedding of the
head entity ej, plus the displacement ¢, of the relationship.
If f;(-) represents the 1 L norm to measure the similarity
function of embedding vectors, then for a given triplet, it
can be expressed as shown in Eq. (7):

fa= Il (en+er —er) @)

Finally, the optimization loss function for the initial em-

bedding of the knowledge graph can be defined as shown
in Eq. (8):

g:Z

(hr#t') Gy

Ly —1no (fq (ep+er —ep)) — fa(ep +er —et)

®)

Negative sample G, was generated by randomly
replacing the tail in triplet of knowledge graph
(h,r,t)0(.).The functionisasigmoid function.

Eq. (9) displays the score calculation for each knowl-
edge triplet. Following the initialization embedding of
the knowledge graph, a learnable attention mechanism is
utilized to dynamically weight each knowledge triplet.

(exW2) - ((eWE) [ler) "
Vid

Among them, h, 1, and t represent the head entity, re-

flhrt)=

©)

lationship, and tail entity of the knowledge triplet, re-
spectively, and e, e, e; is the embedding of the three;
WR, WK, e R1%4 ig a trainable attention weight matrix, d is
the embedding dimension, representing element wise mul-
tiplication. The score of the triplet indicates its importance
in helping user preferences. In order to ensure comparabil-
ity of weighted scores between neighbors of the same entity,
the softmax function is used to standardize the weighted
scores of neighbors as shown in Eq. (10):

exp(f(h’ 7, t)) — (10)
Y (hrt)=N, €XP (h, 7', t")
Among them, N, represents the set of triplets with the

ni(h,r,t) =

same head entity. In the knowledge aggregation step, the
model embeds relational context into neighboring entities
and assigns dynamic importance weights to them using
the weighting function defined in Eq. (10). This weighted
neighbor information is then aggregated for the head entity
as described in Eq. (11).

n_ 1
eh ‘Nh‘(

Among them, N, is the first-order neighbor set of h

(h,r, t)er|el ™Y

hri ) €M1

1)

in the knowledge graph, and 1 represents the number of
layers in the aggregator. The project diagram construc-
tion helps uncover semantic relationships between projects,

while Eq. (11) learns item representations from the knowl-
edge graph through iterative aggregation of related and
neighboring entities. Additionally, cosine similarity is used
to build a project graph based on semantic relevance, and
Eq. (12) computes similarity between projects I and J.

Sij = — (12)
el

Due to the high computational complexity of fully con-
nected graphs and the potential introduction of noise and
unimportant edges, Nj sparsity is applied to the resulting
dense graph. For item i, only the edges with top-k confi-
dence scores are retained. The process is shown in Eq. (13)):

A Sii, Sij € top —k(S;
S={ o Sier S ay

After obtaining the sparse directed graph adjacency ma-
trix, the normalization matrix $ of the item graph is ob-
tained according to Eq. (13), where D is the angle matrix
and Dj; = }; §ij After constructing the project graph, Light
GCN is used for aggregation operations to learn project
representations, which removes feature transformations
and nonlinear activations that contribute little to recom-
mendation performance in ordinary graph convolutional
networks. The message passing and aggregation opera-
tions are shown in Eq. (14):

el =y 5 (14)
JEN,

Among them, N; is the set of neighboring projects of
project i, S is the normalized adjacency matrix of the project
graph, 1 represents the current aggregation level, and e](.())
is the ID embedding of the project. Finally, add the project
representations of each layer in the project graph aggrega-
tion L times to obtain the final project representation:

]

e = e}o)

+el 4.l (14)

1 1

Among them, L, represents the number of layers in the
graph aggregation layer of the project diagram. The com-
putational complexity of the proposed model is mainly
influenced by graph denoising, clustering, and attention-
based aggregation, with operations scaling linearly with
the number of edges, neighbors, and embedding dimen-
sions. Overall, the model remains efficient and scalable,
making it suitable for large-scale recommendation datasets
with manageable computational cost.

3. Results and discussions

3.1. Experimental dataset

Experiments use Last.FM and MovieLens-1M datasets, ap-
plying implicit feedback conversion, negative sampling,
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and MCCLK-based knowledge graph construction for eval-
uation. In the knowledge graph construction process, en-
tities are extracted from the original datasets and external
sources such as the Microsoft Satori knowledge base to
enrich item information. Relations are defined based on
semantic associations, including attributes like genre and
category. During preprocessing, low-confidence triplets are
removed and entity alignment is performed to ensure con-
sistency, thereby improving the quality, transparency, and
reproducibility of the framework. Using MovieLens-1M,
movie-related triplets are extracted from Microsoft Satori
with confidence >0.9, matched with dataset movie IDs, fil-
tered for valid entities, and aligned with head triplets for
final construction. Table 1 shows statistics.

Table 1. Dataset Introduction.

MovieLens-1M Last.FM
Number of users 6038 1 870
Number of projects 2444 3 844
Number of interactions 755 770 43 344
Number of entities 180 11 9 366
Number of relationships 13 60
Number of triplets 1 240 999 15 517

The statistics presented in Table 1 reflect the scale of the
knowledge graph and user—item interaction data used in
this study. These components are essential for constructing
the knowledge graph representation, which is further uti-
lized in the attention-based knowledge aggregation mod-
ule to learn enriched item and user embeddings.

3.2. Comparison Model

The proposed model is compared with several baseline
methods. CKE integrates structural, textual, and visual
features using TransR embeddings. RippleNet models user
preferences through knowledge graph propagation. KGCN
applies graph convolution to capture high-order relation-
ships. KGAT introduces attention mechanisms in collabo-
rative knowledge graphs. KGIN models user intent using
relational paths, while MCCLK enhances representations
through multi-view contrastive learning across collabora-
tive, semantic, and structural perspectives.

3.3. Experimental setup and evaluation criteria

The model in this article is built using the PyTorch frame-
work, with experimental environments including Python
3.8, NumPy1.23, and SciKit Learn 1.3.2. All experiments
were conducted on a system equipped with a standard
processor configuration and sufficient memory capacity to
support model training. The implementation was carried
out using PyTorch along with supporting libraries such as

NumPy and Scikit-learn to ensure efficient computation
and reproducibility. The model parameters are initialized
using the Xavier initialization method to ensure stable
training. The training process is performed over multiple
iterations until convergence, where model parameters
are updated in each epoch based on the optimization
objective. The batch size is set to 4096 by default, and
the temperature hyperparameter is set to 0.2. During
training, the Adam optimizer is employed for parameter
optimization with a predefined learning rate. A fixed
learning rate strategy is adopted for stable convergence,
and the batch size is set to 4096. The model is trained
iteratively until convergence, and early stopping is applied
based on validation performance to prevent overfitting.
The stable convergence during the dynamic adjustment of
knowledge triplet weights, the proposed model employs
a controlled optimization strategy.  Specifically, the
attention weights assigned to knowledge triplets are
updated gradually through backpropagation using a
bounded activation function and normalized via softmax,
preventing abrupt weight fluctuations. The top-k is set to
10 when constructing the project graph. Table 2 presents
hyperparameters for both datasets, where d denotes the
embedding dimension, and 1 represents the learning
rate, tuned in {1x1073,3x1073,1x107%,3 x 107*}.
The L_u regularization coefficient is tuned in
{1073,107%,1075,107°} .L_¢,L_u,
aggregation levels of the collaborative knowledge map,

and L_i denote

user-project interaction map, and project interaction map,
respectively, each adjusted in {1,2,3}. After training,
evaluation is conducted on test data under CTR prediction
and Top-K recommendation scenarios. CTR performance
is measured using AUC (Area Under Curve) and F1
metrics. The Top-K recommendation task is optimized
using traditional ranking objectives like pairwise and
pointwise methods, aiming to maximize scores of observed
Unlike
conventional approaches treating all negatives equally, the

interactions and minimize unobserved ones.

proposed strategy emphasizes ranking consistency within
top-K candidates, prioritizing highly relevant items and
improving effectiveness in real-world scenarios where only
top-ranked recommendations matter.

Recommend the top K items predicted by the model
to users, and choose from the top-K recommendation op-
tions Recall@K evaluate the predictive performance using
evaluation metrics, with K values set to 5, 10, 20, 50, and
100 respectively, to assess the performance of the model.
Recall@K measures the proportion of relevant items suc-
cessfully retrieved within the top-K recommended list. A
higher Recall@K value indicates that the model is more
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effective in ranking relevant items at top positions, thereby
reflecting better recommendation quality and ranking per-
formance. Each experiment was repeated 5 times with dif-
ferent random initializations, and the average performance
was reported.

For AUC measures the probability that a randomly cho-
sen positive sample is ranked higher than a negative one by
comparing all positive-negative pairs based on predicted
scores. Recall@K evaluates performance by selecting top-K
ranked items for each user and computing the proportion
of relevant items within this list, reflecting recommenda-
tion effectiveness.

Table 2. Model hyperparameter settings.

- d 1 A L. L, L

MovieLens-IM 64 0.002 1x10~°> 2 1 1
Last.FM 64 0.0002 1x107° 2 1 2

The hyperparameters listed in Table 2, such as embed-
ding dimension (d) and aggregation layers, directly influ-
ence the representation learning process in both the knowl-
edge graph and the attention-based aggregation module.

3.4. Analysis and Outcomes of the Experiments

3.4.1. Model Comparison Experiment

Table 3. Model Comparison Experiment.

Model MovieLens-1M Last.FM
AUC F1 AUC F1

CKE 0.905 0.801 0.745 0.676
Ripple Net  0.921 0.844 0.777  0.705
KGCN 0911 0.836 0.805 0.707
KGAT 0.916 0.844 0.927 0.744
KGIN 0.917 0.844 0.847 0.762
MCCLK 0.933 0.865 0.875 0.803
ASDCLK 0936 0.866  0.885 0.805

Table 3 shows ASDCLK outperforms baselines on
MovieLens-1M and Last.FM in AUC and F1, improving
MCCLK via denoising, attention, and contrastive learning.
Table 3 AUC and F1 results predicted by CTR. Top-K recom-
mendation is evaluated using Recall@K, where ASDCLK
outperforms advanced baselines on both MovieLens-1M
and Last.FM datasets. It achieves significant improvements,
including 13.01% on MovieLens-1M and 11.5% on Last.FM
over MCCLK, showing better preference modeling and
accuracy.

The performance improvements observed in Fig. 1 can
be attributed to the integration of knowledge graph rep-
resentation with the attention-based aggregation mecha-
nism. The model effectively captures structural relation-

0.6

0.4 T CKE
2 —®— RippleNet
S 03 —+— KGCN
02 KGIN
—#— MCCLK

—o— ASDCLK

5 10 20 50 100
Recall@K

Fig. 1. Recall@K Comparison results of indicators.

ships and assigns adaptive importance to different knowl-
edge triplets, resulting in enhanced recommendation accu-
racy.

3.4.2. Graph Structure Denoising Sampling Probability Super Pa-
rameter Experiment

Experiments tested pruning probabilities 0.1, 0.3, 0.5, 0.7
using AUC on two datasets, with best performance at 0.5.
This setting balances noise removal and information reten-
tion, improving accuracy and reducing overfitting through
effective graph denoising.

1.0 4 R
-
-
-
-
-
-
0.8 - PRs
-
-
& R
& -~
o 0.6 -
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G PR
& PR
S 0.4 -~
= -~
-
-
-
-
_-
0.2 -
-
-
_- ROC curve (area = 0.79)
0.0
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

Fig. 2. AUC results of different pruning probabilities on
Last.FM.

The variations in AUC values observed in Fig. 22 demon-
strate the impact of graph structure denoising on the knowl-
edge graph representation. The pruning probability di-
rectly affects the quality of connections between entities,
which in turn influences the attention-based knowledge
aggregation process and the overall recommendation per-
formance.

As illustrated in Fig. 3, the pruning probability is cru-
cial for balancing noise removal and information preserva-
tion in the knowledge graph. This balance improves the
attention-based aggregation module by retaining meaning-
ful structural relationships and enhancing overall model
performance.
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Fig. 3. AUC results of different pruning probabilities on
MovieLens-1M.

4. Conclusion

This article proposes a deep attention network based on
cluster design (ASDCLK) to solve the common problem of
user item interaction graph noise in recommendation sys-
tems and the challenge of dynamically adjusting the impor-
tance of neighboring entities in the knowledge aggregation
process. By introducing a degree sensitive graph structure
denoising module, this paper effectively sparsifies the user
item interaction graph, removes noise interference, and pre-
serves key interaction information. Based on the Last.FM
and MovieLens-1M datasets in particular, the experimental
results demonstrate that ASDCLK performs much better
than current state-of-the-art models in real-world scenarios
involving music and movie selection. In future work will
apply ASDCLK to large-scale real-world recommendation
systems like e-commerce, streaming services, and content
platforms to improve accuracy, personalization, and user
experience in dynamic interaction environments.
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