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Abstract: Traditional recommendation algorithms usually rely on the user’s existing data and
historical behavioral records to make recommendations, which often leads to low recommendation
accuracy and insufficient personalized experience. To solve these problems, this paper proposes an
innovative recommendation algorithm model, neural collaborative filtering with multiple attention
mechanism (NCF-MAH). The goal of this model is to enhance the effectiveness of the recommender
system. The specific implementation includes constructing a negative sample set and applying matrix
decomposition techniques to map user and item IDs to a low-dimensional embedding vector space.
In addition, the model processes these embedding vectors using a multi-head attention mechanism to
transform them into query vectors, key vectors, and value vectors, and further computes the attention
scores and the corresponding weighted sums. Finally, the score prediction is accomplished by fusing
the output of the multi-head attention mechanism with the results of the multilayer perceptual
machine. The experimental results show that the NCF-MAH model exhibits significant advantages
over the baseline model in two key evaluation metrics, hit rate and normalized discount cumulative
gain (NDCG), on the MOOC platform and other datasets. Specifically, hit rate and NDCG improved
by 13% vs. 9.8% and 15.7% vs. 12.8% when Top-k was set to 10 and 20, respectively.

Keywords: neural collaborative filtering; multi-head attention mechanism; implicit feedback;
multiple attention force mechanisms; score prediction
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1. Introduction

With development over time and the advancement of technology, social platforms and search
engines not only provide convenience, but also generate a large amount of information [1]. The
amount of data that users face every day is exploding. The explosive growth of data on the one hand
greatly enriches the user’s life; on the other hand, the overly redundant data causes great interference
in the user’s behavioral decisions [2]. This phenomenon, commonly termed information overload,
has prompted researchers to develop recommender systems as a countermeasure. By collecting and
analyzing users’ behavioral data—including browsing histories, click patterns, and evaluation
records—these systems identify individual preferences to deliver targeted recommendations [3]. This
methodology has become both a widely studied solution and an extensively implemented strategy in
digital environments.

The core of recommendation algorithms is to actively provide personalized services to users
based on the interaction history between users and resources [4]. Traditional recommendation
algorithms include content-based recommendation algorithms and collaborative filtering
recommendation algorithms [5]. With the development of artificial intelligence (Al), building
recommendation algorithms based on deep learning has become the mainstream approach.

Currently, deep learning (DL)-based recommendation models show superior performance
compared to most linear-based collaborative filtering (CF) methods, which mainly utilize deep
neural networks (DNNs) to capture higher-order features to understand the complex relationships
between users and resources. For example, Sinha and Dhanalakshmi [6] proposed neural network
matrix decomposition by combining neural networks and matrix decomposition, He et al. [7]
proposed neural collaborative filtering by combining neural networks and collaborative filtering,
and Fu et al. [8] proposed to capture implicit user-item interactions with a feed-forward neural
network, which is more accurate in acquiring co-occurring relationships between users and
resources as compared to traditional processing methods. Pan et al. [9] added social relationships as
auxiliary information to the idea of collaborative deep learning, and proposed to learn social
representations via a sparse superposition denoising autoencoder to solve the problem of data
sparsity in social networks. Feng et al. [10] combined rating-oriented probabilistic matrix factorization
and a pairwise ranking-oriented Bayesian personalized ranking together to address cold-start scenarios.
Bai et al. [11] proposed cold-start KT to address this problem, which guides learning from short
sequences and ensures accurate predictions for longer sequences. It also introduces cone attention to
better capture complex hierarchical relationships between knowledge components in cold-start
scenarios. Alfarhood and Cheng [12] proposed using matrix decomposition on the information of
the ratings matrices learned by multilayer perceptron machines with the information of the resource
ratings learned by convolutional neural networks. Saifudin et al. [13] utilized a mixture of feedback
behind users, items, and tags to recommend tags. These recommendation algorithms utilize deep
learning techniques centered on learning feature vector representations of users and resources. The
training phase usually uses pairwise or pointwise loss functions to optimize the network
parameters, while the recommendation phase is based on the learned user and resource vectors for
matching and recommendation.

Although deep learning-based recommender systems have achieved some results, there are still
some problems. Some models simply equate user behavior with explicit preferences when dealing
with implicit feedback data, ignoring the noise in the data. For example, in a student course
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recommendation scenario, a student may choose a course for credit rather than personal interest.
Existing models fail to distinguish this effectively, leading to the misjudging of users’ true
preferences and affecting recommendation accuracy. In matrix decomposition techniques, some
models rely on basic methods, for which it is difficult to capture the complex nonlinear relationships
between users and resources, limiting the in-depth understanding of interactions. In addition, many
models perform poorly on the cold-start problem and cannot fully utilize the limited user or course
information for accurate recommendation. Implicit feedback data has more noise, which may
mislead model learning if used directly for training. Therefore, how to reduce the noise and
accurately extract the real user preferences has become an important challenge for recommender
systems. Meanwhile, it is difficult for traditional algorithms to comprehensively capture complex
user-resource interaction patterns, and how to optimize the model structure to improve its
generalization ability remains a difficult problem in recommender systems.

This study aims to address these issues by focusing on how to effectively utilize implicit
feedback data, optimize the model structure to better capture the complex interactions between users
and resources, and improve the model’s ability to generalize across different datasets and cold-start
scenarios. Therefore, a personalized recommendation algorithm model based on implicit feedback,
neural collaborative filtering with multiple attention (NCF-MAH), is proposed. First, the inner
products of potential features of users and resources are taken using matrix factorization. At the
embedding layer, user and resource IDs are mapped into a high-dimensional embedding vector space,
and the embedding vectors are mapped into query vectors, key vectors, and value vectors. Then,
weighted sum vectors are computed by calculating the corresponding scores for each attention header.
Finally, the output vectors are combined with the results of the multilayer perceptron processing the
implicit vectors in terms of weight ratios to produce a prediction of user preferences. The main
contributions are as follows:

1) We present a novel neural network architecture for user and resource modeling. Departing
from prior single architectures relying solely on matrix decomposition or MLP, it innovatively
integrates generalized matrix facorization (GMF) and MLP. User-item data are one-hot encoded into
sparse vectors and embedded in a low-dimensional space. GMF and MLP layers then process linear
and nonlinear features respectively, with results fused for prediction. This design comprehensively
captures complex user-resource interactions and enhances the model's feature-handling ability.

2) We introduce a multi-attention mechanism. Differing from traditional applications, this study
linearly transforms the user, resource embedding vectors, and rating information via distinct weight
matrices. Each attention head can focus on user-resource-rating interactions from diverse
perspectives, capturing data patterns more precisely and thus improving recommendation accuracy
and personalization.

3) We employ the binary cross-entropy loss function. Unlike previous simple uses, this study
optimizes it by integrating the model’s overall architecture and implicit feedback data characteristics.
During training, it effectively measures the gap between predicted and real values, updating model
parameters iteratively through gradient descent. This enables the model to better adapt to data and
structure, enhancing prediction accuracy and generalization. Experiments show the model
outperforms traditional methods significantly in metrics like hit rate (HR) and normalized discounted
cumulative gain (NDCGQG).
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2. Preliminary
2.1. Explicit vs. implicit feedback

Early recommendation models primarily relied on explicit feedback, such as users’ historical
ratings of resources, to predict their ratings for target items. This approach was based on the idea that
by estimating the ratings users might give to target resources, top-K recommendations could be made
by ranking items according to these predicted scores [14]. However, the results were often
unsatisfactory, as explicit feedback fails to account for negative feedback. Users may avoid rating
resources they dislike, and ignoring this absence of feedback can lead to sub-optimal model
performance [15]. In contrast, implicit feedback, while abundant and easy to collect, is noisy. For
example, a user purchasing an item does not necessarily indicate that they like it; they may have
bought it as a gift or later realized they do not like the product. Implicit feedback also introduces
challenges due to the presence of negative samples, which are difficult to identify and account for.
Most existing studies treat implicit feedback as mere additional input features, failing to fully explore
its intrinsic value.

To overcome these limitations, this study introduces a multi-head attention mechanism designed
to better process implicit feedback data. The multi-head attention mechanism allows the model to
analyze implicit feedback from multiple perspectives by processing it in parallel across different
subspaces. Each attention head focuses on distinct feature dimensions and interaction patterns,
enabling the model to more accurately capture users’ preferences and behavioral patterns. Moreover,
the model distinguishes between two types of data by encoding missing values or browsing
behaviors in the user-resource interaction matrix as binary signals. This approach enhances the
model’s ability to capture users’ behaviors and intentions from various angles, improving
recommendation accuracy and revealing hidden characteristics within implicit feedback data, as
illustrated in the table below.

Table 1. Representative examples of explicit and implicit feedback in each website.

Explicit feedback Implicit feedback
Video website User ratings for videos Logs of users watching videos and browsing
video pages
E-commerce sites  User ratings of products Purchase log, Browse log
News site User ratings for news Read the journal of the news
Learning sites User ratings for courses Notes taken by students on the course

2.2. Multilayer perceptron

The multilayer perceptron was developed from the perceptron, and its main feature is that it has
multiple neuron layers that can process nonlinear data [16]. The basic model structure includes an
input layer, a hidden layer, and an output layer, where the number of hidden layers can be more or
less, the input layer to the hidden layer can be regarded as a fully connected layer, and the hidden
layer to the output layer can be regarded as a classifier. Ordinary recommendation algorithms apply
vector multiplication for user features and resource features to predict ratings, and each user feature
is multiplied with each resource feature one by one, which consumes time and occupies space [17],
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as shown in the following formula:
Fo) = GO+ W (£ + Wi x)), M

where W is the weight matrix, b is the bias vector, and f is the activation function.

Therefore, the model in this paper utilizes the advantages of multilayer perceptrons for
nonlinear data processing, transforms the original vector multiplication through the multilayer
perceptron, inputs the user features and resource features obtained from the model into the multilayer
perceptron, and the final output value is the predicted rating value, as shown in the following figure.

Embedding Layer Output Layer

Input Layer
user
item

Figure 1. Schematic diagram of a multilayer perceptron.

> Softmax —> | score
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2.3. Generalized matrix decomposition

The basic idea of matrix decomposition recommendation algorithms [18] is to decompose the
user-resource rating matrix R into two low-dimensional user feature matrices U and resource feature
matrices " as shown in the following Eq (2). In the process of rating prediction, the user and the
resource are usually represented as a two-dimensional matrix form, i.e., the user-resource rating
matrix. Koren [19], who introduced implicit feedback into recommendation systems through the
SVD++ model, addressing cold-start issues caused by sparse explicit ratings. Subsequently, the
temporal SVD++ algorithm extended this framework by incorporating time-sensitive mechanisms,
dynamically adjusting recommendation weights through two key operations: decaying historical user
behavior influence while amplifying recent neighbors’ implicit feedback patterns. Different from
traditional matrix decomposition models, this method deeply integrates generalized matrix
factorization with a multilayer perceptron. Traditional matrix decomposition models mainly focus on
mining potential features of users and items, with which it is difficult to deal with complex nonlinear
interactions. In our model, on the other hand, the GMF layer is responsible for capturing linear and
low-order nonlinear relationships, and the MLP layer handles high-order nonlinear relationships,
which complement each other and enable the model to portray the complex user-resource
interactions more comprehensively.

Rypsn = Umxdvrfxd- (2)

Here n denotes resources quantity and d the latent feature dimensions for users/resources.
Matrices U (user preferences) and V' (resource attributes) model observed rating while predicting
unratedinteractions. To optimize formula alignment with real-world ratingdata, the matrix factorization
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algorithm employs linear regressionprinciples, constructing the following objective function:

1 A 2
J = X X1 1 jRej — UV + 2 (U1 + ([ ). 3)

In this Eq (3), m represents the number of users, I; ; is an indicator parameter with a value of 1
if user 7 has ever rated resource j and 0 otherwise, is the actual rating of user i on resource j, is the
predicted rating, and 4 is a regularization parameter to prevent overfitting.

2.4. Multi-attention mechanisms

The attention mechanism [20] is one of the major breakthroughs in the field of deep learning,
which has been widely used in computer vision, natural language processing, and other fields. As the
process of the weighted transformation of features, the multi-head self-attention mechanism [21] is an
attention mechanism in which each head is calculated in the same way, and only the parameters are
different, so as to be able to represent features from multiple subspaces, and compared with the
ordinary self-attention mechanism, it can obtain features in multiple dimensions. The user and
resource embedding vectors are input to the attention module as query, key, and value, respectively.
Since each user can be associated with multiple resources, the batch size can be larger than 1. The
attention module computes the user’s attention score for the resource, and the output represents an
aggregated representation of the user’s weighted resource embedding vector.

3. Personalized recommendation algorithm model based on implicit feedback

To address the above issues, we propose a personalized recommendation algorithm model based
on implicit feedback, named NCF-MAH, as shown in Figure 2. We will now detail its components.
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Figure 2. NCF-MAH model architecture.
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3.1. Input and preprocessing layer

In the NCF-MAH model, the first type of data we need to process is the interaction information
between users and resources. These data are typically presented in matrix form, where rows represent
users, columns represent resources, and the element values in the matrix indicate the strength of
interaction between users and resources, such as rating scores.

To effectively utilize these data in constructing a recommendation model, we convert the input
User-Item data into sparse vectors through one-hot encoding, as defined below:

(4)

_ {1, if user interacts with resource
Yui 0, if user does not interacts with resource’

Specifically, for M users and N resource items, we can transform each user and item into 1 x M
and 1 x N vectors, respectively. For example, the vector for the i-th user is ([0, 1, O, ..., 0]) (where the
i-th element is 1 and the rest are 0), indicating that this user has interacted with the i-th resource.
Similarly, the vector for the j-th item is ([0, O, ..., 0, 1]) (where the j-th element is 1 and the rest are 0),
indicating that this item has interacted with the j-th user. Afterward, we embed the user and item
vectors into a lower-dimensional space, multiplying the input vector N with the embedding matrix P
to obtain the embedded vector of this vector.

3.2. Enhanced attention layer

In this paper, we improve the performance of NCF models by introducing a multi-head attention
mechanism. The multi-head attention mechanism is an innovation in the Transformer architecture
that allows for more complex linear transformations of the output vectors of the previous layer to
capture the interactions between users, resources, and ratings in more detail. The multi-head attention
layer first performs independent linear transformations on the user and item embedding vectors, the
user embedding matrix is U of size m X d,,, and the item embedding martix is V of size n X d,,
where m is the number of users, # is the number of items, d,, is the dimension of user embeddings,
and d,, is the dimension of item embeddings. For each user u and item i, the initial approach to
acquire their embedding vectors u vec and i vec is through direct lookup from pre-trained
embeddding tables. Then, the multi-head attention layer first performs independent linear
transformations on the user embedding vector u_vec, the item embedding vector i vec, and their
rating information. These transformations are realized by different weight matrices, denoted as Wy,
Wy, and Wy,. To generate the query vector @, for user u, we multiply the user embedding vectors u
by Wy, ie., @, = Wy X u. Similarly, for the key vector K; of item i, we have K; = Wy X i, and
for the value vector V,, V; = Wy, X i, the item matrix V contributes to the computation of the key,

query, and value matrices by providing the item embeddings. Each column of the item matrix
represents an item’s embedding in the low-dimensional space. When computing the key, query, and
value vectors for a particular user-item pair, the corresponding item embedding from the item matrix
is retrieved and linearly transformed using the weight matrices Wy and W) along with the user
embedding being transformed using W,. Next, we compute the attention weights of user « and item
i by computing the dot product of Q, and K;, and then apply the scaling factor and softmax
function. Subsequently, we merge the vectors of weighted values of all resources to obtain a
weighted representation of user u. Finally, this weighted representation is then linearly transformed
once more to generate the final output vector to be used as input for the next layer, as follows:
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T

Attention(Q,, K;, V;) = softmax (2L, (3)
vk

Output, = W, * WeightedSum,,, (6)

where dj is the dimension of the key vectors and Wo is the weight matrix of the final linear
transformation, and the specific principle is shown in Figure 3.

Wod Q
I A F:*:H Ke,
User Iy 0
HH ox 0 Qv
we x [
e, WK i Q softmax(—— — =11 v, V, Wz Z
| W,V . sqrt(dy)
x | H V, X
Item E Q K,T \Z
o
x = WX Y Q7K softmax( )
H Wy F':':“ v, sqrt(dy)

Figure 3. Schematic diagram of the attention layer.
3.3. Output and prediction layer

To enhance the non-linear fitting ability of the attention mechanism, in the GMF model, to
capture the interaction between users and items in a distinct way, we focus on the embedding
multiplication of the user-resource vectors p and gf to obtain the embedding matrices P¢ and
Q¢. This element-wise multiplication operation is a fundamental step in GMF, aiming to highlight
the specific relationships between user characteristics and item features encoded in the embeddings.
Then, we calculate the scores through a linear layer and the sigmoid activation function, resulting in
the vector ¢pSMF. In the MLP model, we concatenate the user-resource vectors pj and g to
obtain PM and QM matrices, then calculate the scores through fully connected layers and ReLU
activation functions, resulting in the vector ¢M“P. We then connect these two vectors and pass them
to the neural layer that maps the vectors to a one-dimensional space to get the final predicted score,
as follows:

=a¢u(lrMF+(1_a) MLP

ui , (7)

where a is a hyper-parameter that controls the contribution ratio of the GMF and MLP parts, and 4
is the weight vector of the final neural layer. This combination allows the model to leverage the
advantages of both GMF’s simple interaction capture and MLP’s complex pattern learning ability.
The model is a multi-layer fully connected neural network. Hidden layers use the ReLU
activation function to boost non-linear expressiveness and learn complex feature relationships. The
output layer applies the sigmoid function to map results to probability scores for predictions. The
binary cross-entropy loss function (BCE loss) measures the gap between predicted and actual values.
A gradient descent algorithm iteratively updates model parameters to enhance prediction accuracy
and generalization. This iterative process enables the model to adapt to various datasets and make
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more accurate predictions.

3.4. Improved model pseudo-code

Algorithm 1: NCF-MAH algorithm

Input: training data D={(u,i,» ui)}, where u is a user, i is a resource, and r_ui is a rating, pre-trained embeddings
of user U and resource V, MLP layer parameters W_mlp, b_mlp, Multihead Attention Mechanism
parameters W_att, b_att, and Fully Connected Layer parameters W _fc, b_fc

Output: trained NCF-MAH model

l.initialize model parameters O={U,V,W _mip, b_mip, W_att, b_att, W fc, b _fc}
2.for each interaction in the training set (u,i,r_ui)

3.u_vec=U[u]

4.i vec=V[i]

S.umlp=ReLUW _mlip * u_vec+b_mlip)

6.imlp=ReLU(W _mip * i vec+b_mlip)

7.uatt,iatt=MultiHead Attention(umip,imlp,W _att,b_att)

8.x=[uatt;iatt

O.r ui=W fc*x+b_fc

10.L=LossFunction( 7 , Fui )

11.Update € to minimize L

4. Experiments
4.1. Dataset

To critically evaluate the proposed methodology’s effectiveness, this paper experiments on two
real-world datasets: MOOC [22] and EdX (https://www kaggle.com/datasets/edx/course-study). The
MOOC Cube dataset from X School has 706 MOOC courses, 38,181 videos, 114,563 interactions,
and 199,199 users. The EdX dataset is based on 290 edX online courses from Harvard and MIT,
with 250,000 certifications, 4.5 million participants, and 28 million hours of data. Table 2 shows
detailed dataset statistics. To fairly assess comparison methods, we adopt the same data-processing as
in [23]. Each instance in the training or test set is a sequence of historical lessons paired with a target
lesson. In training, the last course in a sequence is the target, and the others are historical. Each positive
example pairs with 1000 randomly sampled negative ones. In testing, each test-set history course is the
target, and the corresponding training-set course of the same user is historical. As in [24], each positive
instance pairs with 100 randomly sampled negative ones to form the test data.

Table 2. Statistics of the experimental datasets.

Dataset #Courses #Uers #Interactions  #Average interactions
MOOC 698 199199 682753 3
EdX 188 289 290 1

Electronic Research Archive Volume 33, Issue 2, 1185-1206.



1194

4.2. Experimental setup

This study completed comparative experiments of the improved NCF algorithm and baseline
algorithms in an environment based on Python 3.8, PyTorch 1.11.0, CUDA 11.3, and on an RTX 3090.
The specific parameter settings for both datasets are shown in the following figure, where “-”
indicates the same parameters as the previous column.

Table 3. Experimental hyperparameter settings.

Parameters MOOC EdX
topk 10, 20 -
num_factors 8 -
num_negatives 4 -

Ir 0.001 -
num_heads 4 -
head dim 8 -
test num 1000 290
Epoch 100 50
Batch size 2560 64
Optimizer Adam -
Loss function BCELoss -
Activation function ReLu -

4.3. Evaluation metrics

The following metrics are used in this paper to evaluate the performance of all models, which
are widely used in other related work.

The hit rate (HR) is mainly used to measure whether the recommended list contains resources
that users are really interested in. Specifically, the hit rate of the first K resources is a recall-based
metric, and HR@K, which represents the percentage of resources successfully recommended to users,
is defined as follows:

YY_| Hits, @K

HR@K = ==1 e,

®)
where GT refers to the set of basic facts for all users in the test set, which the number of resources in the
top-K recommendation list for the u-th user belonging to the test set, and | | denotes the size of the set.

Normalized dicounted cumulative gain (NDCG) evaluates the ranking performance by
considering the position of the correct resource. Specifically, NDCG@K for the top K resources is an
accuracy-based metric that considers the predicted positions of different user recommendation lists.
The specific definitions are as follows:

DCG@K

_ 15U
NDCG@K = UZu:lwcGu@K’ ©)
Zrel%.i_l
DCG,@K =YX, og, 1)’ (10)
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DCGu@K denotes the ideal discounted cumulative revenue realized by the best top-k
recommendation list for the u-th user, and rel), is the hierarchical correlation between the i-th
recommendation result and the u-th user.

Precision, a metric used to evaluate the performance of a recommender system, focuses on the
number of correct recommendations in the recommendation results. Specifically, for the first K
recommendation results, Precision@K is the ratio of the number of correctly recommended items to
the total number of recommendations, calculated as follows:

.. l
Precision@K = %Zﬂﬂ W;M, (11)
where U is the total number of users, Rel, denotes the set of relevant resources for the user «, and Recu
(K) denotes the set of the top-k items recommended for the user.

5. Results and analysis
5.1. Comparison experiment

To verify the effectiveness of the proposed model, the NCF-MAH model was compared with
other baseline models, including the classic matrix factorization model (GMF), supervised learning
model (MLP), and neural network-based collaborative filtering model (NeuMF). A brief overview of
these models is as follows:

MLP [25]: It uses MLP on a pair of user and course embeddings to generate recommendation
probabilities.

GMF [26]: It directly models the linear relationship between users and resources through the dot
product of their low-dimensional embedding vectors, achieving personalized recommendations.

NeuMF [7]: It utilizes neural networks to merge user and resource embedding representations,
learning their non-linear interactions for user recommendations.

FM [27]: The interactions between features are modeled by mapping each feature to a
low-dimensional vector space and computing the inner product between these vectors, thus
effectively capturing the nonlinear relationships implicit in the data.

Wide&Deep [28]: Combining the memory capabilities of generalized linear models and the
learning capabilities of deep neural networks, it can simultaneously capture known feature interactions
and discover new complex patterns to provide more accurate personalized recommendations.

Comparative experiments between the MLP, GMF, NeuMF models, and the NCF-MAH model
were conducted using the MOOC and EdX datasets. The top-k values were set at 10 and 20,
separately, and the model experimental curves are shown in the following figures, with specific
values presented in the tables below.
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Figure 4. K = 10, Performance of different algorithmic models for HR on MOOC dataset.
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Figure 5. K = 20, Performance of different algorithmic models for HR on MOOC dataset.
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Figure 6. K = 10, Performance of different algorithmic models for NDCG on MOOC dataset.
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Figure 7. K =20, Performance of different algorithmic models for NDCG on MOOC dataset.

From the experimental results, the NCF-MAH model shows higher prediction accuracy
compared with MLP, GMF, and traditional NCF models on two different sized datasets. As can be seen
from Figures 4-7, on the MOOC dataset containing more than 600,000 pieces of data, the improved model
improves the HR@10, HR@20, NDCG@10, and NDCG@?20 metrics by 13%, 9.8%, 10.3%, and 10.2%,
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respectively. In contrast, as can be seen in Figures 8—11 that the small EdX dataset with about 300 data
entries shows greater improvements of 15.7%, 12.8%, 7.5%, and 10.9%, respectively.

This is mainly due to the addition of the multi-head attention mechanism in the NCF model,
which allows the model to simultaneously focus on multiple different information dimensions, with
each dimension handled by a separate attention head. This way, different heads can learn various
aspects of the user-resource interactions, enriching the model’s understanding of the data. For instance,
one head might focus on the user’s interest in learning course categories, while another head could
concentrate on the duration of the user’s engagement with learning courses. Through this approach, the
model gains a more comprehensive understanding of user behavior and preferences.

During this process, each head independently calculates the attention scores between user
embedding vectors and item embedding vectors, and then these scores are summed up. This total score
is weighted and summed with the vectors calculated using the GMF and MLP methods. This structure
enables the model to better handle the complex relationships between different users and resources
while maintaining personalized recommendations.

Additionally, we use the BCE loss function as the model’s loss function to optimize its
performance. The BCE loss effectively measures the difference between the model’s predictions and
the true values, allowing the model to update parameters more efficiently during training, thus
improving prediction accuracy.

These results clearly indicate that the proposed NCF-MAH model demonstrates superior
performance compared to traditional baseline models when handling datasets of different scales.

HR@10

e FARN
\_/\/\K/\X/\_/\/_L

0.20
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MLP
NeuMF

M
WidedDeep
NCF-MAH
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0.15
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0.00
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Figure 8. K = 10, Performance of different algorithmic models for HR on the EdX dataset.
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Table 4. Performance comparison of various models on the MOOC dataset.

Model

MLP

GMF
NeuCF

FM
Wide&Deep
NCF-MAH

MOOC

HR@10  HR@20  NDCG@I0 NDCG@20
0.612 0.802 0.332 0.800
0.105 0.185 0.038 0.188
0.532 0.706 0.302 0.708
0.014 0.173 0.266 0.311

0.549 0.790 0.231 0.255

0.662 0.804 0.405 0.810

From Tables 4 and 5, it is more intuitive to see that under the same experimental parameters for
both datasets, the NCF-MHA model exhibits superior performance metrics. This is due to the
consideration of users’ implicit interaction data, and through the multi-head attention mechanism,
combined with the use of BCE as the model’s loss function, it better captures user behavior and
improves recommendation accuracy and performance.

Table 5. Performance comparison of various models on the EdX dataset.

Model

MLP

GMF
NeuCF

FM
Wide&Deep
NCF-MAH

EdX

HR@10  HR@20  NDCG@10 NDCG@20
0.213 0.435 0.105 0.402
0.200 0.387 0.167 0.387
0.228 0.575 0.103 0.588

0.295 0.568 0.124 0.185

0.273 0.569 0.120 0.189
0.385 0.703 0.178 0.697
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5.2. Ablation experiments

To test the contribution of each component in the NCF-MAH model to the recommended
performance, it was evaluated by the following ablation experiments on both datasets.

In order to deeply investigate the effects of different layer architectures of the multilayer
perceptron on the performance of the neural collaborative filtering and multi-head attention
mechanism fusion model, we carried out detailed experiments on two datasets. We set up three
different MLP layer architectures, namely (128, 64, 32), (256, 128, 64, 32), and (64, 32, 16), and the
corresponding models are denoted as NCF-MAH 128 64 32, NCF-MAH 256 128 64 32, and
NCF-MAH_64 32 16, and the performance of these models is evaluated by the hit rate and
normalized discounted cumulative gain in the Top-10 and Top-20 recommended scenarios to evaluate
the model performance, and the results are shown in Tables 6 and 7.

Table 6. Performance of models with different MLP layers on the EdX dataset.

Model EdX

HR@10 HR@20 NDCG@10 NDCG@20
NCF-MAH 128 64 32 0.190 0.409 0.032 0.113
NCF-MAH 256 128 64 32 0.227 0.454 0.093 0.150
NCF-MAH 64 32 16 0.270 0.523 0.132 0.201

Table 7. Performance of models with different MLP layers on the MOOC dataset.

Model MOOC

HR@10 HR@?20 NDCG@10 NDCG@20
NCF-MAH 128 64 32 0.450 0.633 0.255 0.603
NCF-MAH 256 128 64 32 0.425 0.618 0.243 0.687
NCF-MAH 64 32 16 0.622 0.750 0.401 0.810

The experimental results clearly show that the differences in the MLP layer architectures have a
significant impact on the performance of the NCF-MAH model on both datasets. Among them, the
NCF-MAH 64 32 16 model with the (64, 32, 16) architecture shows obvious advantages, which
fully highlights the superiority of this architecture.

On the MOOC dataset, the NCF-MAH 64 32 16 model performs well with significant
performance improvement. Compared with the NCF-MAH 128 64 32 and NCF-
MAH 256 128 64 32 models, the NCF-MAH 128 64 32 model achieves considerable
improvement in the recommendation hit rate measured by the HR@10 and HR@20 metrics, as well
as the quality of the recommendations embodied by the NDCG@10 and NDCG@20 metrics. This
indicates that the architecture can capture the interaction information between users and items more
accurately and effectively improve the accuracy and effectiveness of recommendations. Similarly,
the NCF-MAH 64 32 16 model also performs well on the EdX dataset. Compared with the
NCF-MAH 128 64 32 and NCF-MAH 256 128 64 32 models, there is a significant improvement
in the hit rate and recommendation quality indexes, which further proves the adaptability and
effectiveness of the (64, 32, 16) architecture on different datasets.

Combining the experimental results of the two datasets, the (64, 32, 16) architecture excels in
balancing model complexity and performance, and is able to efficiently capture the complex
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interaction information between users and items, thus significantly improving the accuracy and
quality of recommendations.

In addition, three variant models of NCF-MAH are described, namely PureMLP, PureMF, and
NCEF, and these three variant models are compared with the NCF-MAH model. The specific results
are shown in Tables 8 and 9.

Table 8. Ablation experiments on the EdX dataset.

Dataset Precision@10 Precision@?20
PureMLP 0.025 0.026
PureMF 0.017 0.021

Edx NCF 0.027 0.028
NCF-MAH 0.032 0.030

Table 9. Ablation experiments on the MOOC dataset.

Dataset Precision@10 Precision@?20
PureMLP 0.051 0.035
PureMF 0.046 0.022

Mooc NCF 0.050 0.032
NCF-MAH 0.060 0.039

1) Comparing the performance of the PureMLP algorithm and the NCF-MAH algorithm on the
Precision@10 and Precision@20 recommendation metrics, the algorithms that use the matrix
decomposition and multi-head attention mechanism in personalized recommendation improve 28%
and 15% on the EdX dataset compared to the PureMLP algorithm that uses only multi-layer
perceptron, and an 18% and 11% improvement on the MOOC dataset, respectively. Thus, the
personalized recommendation algorithm proposed in this paper represents the user-resource
interaction in a way that allows for a more comprehensive learning of the user’s behavior.

2) Comparing the performance of the PureMF algorithm and the NCF-MAH algorithm on
Precision@10 and Precision@20 recommendation metrics, the algorithms that use a multilayer
perceptron and multi-head attention mechanism in personalized recommendation improve 28% and 15%
on the EdX dataset compared to the PureMF algorithm that only uses matrix decomposition, while on
the MOOC dataset by 30% and 70%, respectively. Therefore, the personalized recommendation
algorithm proposed in this paper can better improve the recommendation accuracy by capturing
higher-order features between users and resources.

3) Comparing the performance of the NCF algorithm and the NCF-MAH algorithm on
Precision@10 and Precision@20 recommendation metrics, the addition of a multi-attention
mechanism to personalized recommendations improves the performance of the NCF algorithm over the
traditional NCF recommendation algorithm by 19% and 7% on the EdX dataset, and by 20% and 22% on
the MOOC dataset, respectively. Therefore, the personalized recommendation algorithm proposed in
this paper introduces the multi-head attention mechanism, which significantly enhances the ability to
capture the complex relationship between users and resources, and thus achieves significant
improvement in recommendation accuracy.

It can also be seen from Tables 6 and 7 that the NCF-MAH algorithm, which also considers
generalized matrix decomposition, a multilayer perceptron, and a multi-head attention mechanism,
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has a greater improvement in the Precision@10 and Precision@20 metrics than the three variants of
the algorithm. From the principles of the ablation experiments, it is known that the experimental
results are better than the model that only considers the explicit interaction between users and
resources by considering the addition of attentional mechanisms and the capture of complex
relationships with implicit feedback information about user resources. Therefore, the combined use
of training can better recommend resources of interest to the user.

6. Conclusions

In this paper, a personalized recommendation algorithm model of NCF-MAH incorporating
implicit feedback is proposed, which combines the ideas of matrix decomposition and multilayer
perceptrons, and introduces the multi-head attention mechanism to enhance the model’s learning
ability and expressive ability. The binary cross-entropy loss function is used for training by optimally
adjusting the parameters of the connection layer. The model maps the high-dimensional feature
vectors of users and items to the low-dimensional embedding space by deeply analyzing the implicit
interaction data between users and resources and using matrix decomposition technology. Combined
with the multi-attention mechanism, the model can effectively capture complex feature relationships
and ensure the effectiveness and stability of training by optimizing the negative sample selection
strategy. Ultimately, the model integrates matrix decomposition and multilayer perceptron methods
to improve the prediction accuracy, thus achieving a more accurate personalized recommendation
effect. The core advantage of the model is that it can learn the implicit cross-features of users,
capture the interaction between low-order and high-order features, further extract user behavioral
preferences, improve the prediction performance and the generalization ability of the model, and
effectively alleviate the data sparsity problem. Comparison experiments on the MOOC dataset and
the EdX dataset show that the model outperforms the comparison model in both HR and NDCG
evaluation metrics and achieves good recommendation results, proving the effectiveness of the
proposed model.

In the future, we can try to further optimize the overall structure of the model, add a
convolutional neural network for contextual feature extraction and learning, and utilize multiple
types of data information, such as audio, image, etc., to perform multimodal feature fusion, so as to
improve the recommendation effect of its model.
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