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Abstract: Service recommendation is key to improving users’ online experience. The development
of the Internet has accelerated the creation of many services, and whether users can obtain good
experiences among the massive number of services mainly depends on the quality of service rec-
ommendation. It is commonly believed that deep learning has excellent nonlinear fitting ability in
capturing the complex interactions between users and items. The advantage in learning intricacy
relationships enables deep learning to become an important technology for present service recom-
mendation. Recently, it is noticed that linear models can perform almost as well as the state-of-the-art
deep learning models, suggesting that capturing linear relationships between users and items is also
very important for recommender systems. Therefore, numerous deep learning systems combined
with linear models have been proposed. However, existing models are incapable of considering the
size of the embedding. When the embedding dimension is too large, it leads to overfitting and thus
influences the model’s ability to capture linear relationships. In this paper, a neural network based
on two-layer matrix factorization and multi-layer perceptron—Two-layer Matrix factorization and
Multi-layer perceptron Neural Network (TMMNN)—is proposed. To solve the problem of overfitting
caused by an oversized embedding dimension, multi-size embedding technology has been integrated
into the model. Matrix factorization and the multi-layer perceptron are placed in the upper and lower
layers respectively, and they both receive embedding vectors dynamically adjusted for dimensions.
In the upper layer, the matrix factorization is responsible for receiving the embedding of users and
items, capturing linear relationships, and then yielding the generated new vectors as input to the
multi-layer perceptron in the lower layer. Compared to other previously proposed models, the
experimental results on the standard datasets MovieLens 20M and MovieLens Latest show that the
TMMNN model is evidently better in terms of prediction accuracy.

Keywords: recommendation system; deep learning; matrix factorization; linear model; multi-size
embedding

1. Introduction

In recent years, the scale of the Internet has continued to expand, and the online
service industry has developed rapidly. Users are often faced with a massive number of
services in the network. Thus, how to accurately push services based on users’ historical
interaction information with items has become a hot research topic. The development of
service recommendation is crucial to improving user experience. Lately, many researchers
have established a variety of models to capture linear and nonlinear relationships between
users and items to predict user preferences for network services.
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By means of the powerful nonlinear fitting and feature learning capabilities, deep
learning could capture the implicit interactions between users and services in recommen-
dation tasks to improve recommendation accuracy [1]. In the meantime, the Wide and
Deep model [2] introduced a wide linear model when training deep neural networks.
It is difficult for the neural network to learn the sparse and high-order query matrix at the
bottom, resulting in poor feedback from the recommendation system in the occurrence of
this special situation [2,3]. Therefore, the linear model can be used for auxiliary processing
to capture linear relationships and to improve the memory ability of the overall model.
The Deep and Cross Network (DCN) [3] obtains the weight of the cross term by product, and
the feature parameters are linearly combined to filter meaningless prediction information.
Both models add a linear module to capture linear relationships between users and items,
which improves the prediction accuracy. Their success indicates that the capture of linear
relationships of the model also has an important impact on the recommendation accuracy.

However, although the recommendation accuracy is relatively high when dealing
with large datasets, the overfitting phenomenon happens when deep learning models are
capturing linear relationships between users and items with reduced dataset sizes [4,5].
Figure 1 shows the prediction accuracy of the Embedding Size Adjustment Policy Network
(ESAPN) [4] for users with different frequencies, where the ordinate represents the model’s
prediction accuracy and the abscissa represents the user’s frequency. This model is selected
as the comparison target in the following section, so the experimental acquisition process
of the data in the figure will be introduced later. The model dynamically adjusts the
embedding size for user–item feature pairs according to frequency, trying to address the
problem of overfitting caused by high-dimensional embedding when dealing with low-
frequency datasets. However, it can be found in the figure that a low frequency of user–item
interactions corresponds to a lower prediction accuracy in the model, and there still exists
a certain degree of overfitting. The reason for this phenomenon is that the deep learning
model contains a large number of parameters and requires large amounts of data for
training to learn a linear function [6,7]. Low user–item frequency makes it difficult for
the model to capture linear relationships between users and items and in turn affects the
prediction accuracy. It further illustrates that the linear relationship of the model has a
significant impact on the recommendation accuracy. Therefore, in addition to the method
of dynamically changing the embedding dimension proposed by the ESAPN model, the
overfitting phenomenon can be further alleviated by strengthening the capture of linear
relationships, thus improving the prediction accuracy of the model as a whole.

(a) ml-20m dataset (b) ml-latest dataset

Figure 1. Prediction accuracy of users with different frequencies.

Linear capture technology can improve the performance of deep learning models in
capturing linear relationships. Guo et al. [8] designed a neural network model based on a
Factorization Machine (FM), in which a multi-layer perceptron was introduced to capture
the implicit higher-order interactions between features. In this model, FM was used to
capture the second-order linear interactions between feature domains, which improved
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the overall effect of the model. Since capturing higher-order linear interactions requires
a large number of parameters, Wang et al., inspired by residual network [9], proposed a
Deep and Cross Network (DCN) model [3], in which a multi-layer perceptron was used
to capture implicit higher-order interactions between features. Meanwhile, they used the
cross network to capture higher-order linear interactions, improving the linear capture
capability of the model. Cheng et al. [2] proposed the Wide and Deep model, which applies
the multi-layer perceptron to learn deeper user–item information to recommend more
diverse items and uses linear functions to capture the linear relationships between users
and items, so as to recommend more related items.

However, these works were all relying on fixed embedding vectors. They did not
incorporate multi-dimensional embedding into the model and still used high-dimensional
embeddings for low-frequency data. It would make the model prone to overfitting for low-
frequency users, thus preventing the model from capturing linear user–item relationships.

In summary, in order to better solve the phenomenon of low frequency data overfitting,
to allow the deep learning model to capture linear relationships, and to address defects such
as being incapable of integrating the multi-dimensional embedding, this paper proposes the
Two-layer Matrix Factorization and Multi-layer Perception Neural Network (TMMNN).
In our model, the dimension of the embedding vectors is adjusted according to the data
frequency in the adjustment layer to form multi-dimensional embedding vectors. Matrix
factorization is introduced as a linear model that linearly combines the latent features of the
input data. The neural network of the multilayer perceptron is used to perform in-depth
learning of low-dimensional dense embedding vectors and to generalize the unknown
features in a low-dimensional way to improve the generalization characteristics of the
model. Hence, this model can receive embeddings of different dimensions and capture
nonlinear interactions between users and items through the powerful nonlinear fitting
ability of the multi-layer perceptron. Moreover, the model can use the linear function of
matrix factorization to capture linear user–item relationships.

Compared with the ESAPN model, the advantage of our model lies in the intro-
duction of a linear capture technique—matrix factorization, which is applied especially
to capture linear relationships. Our model combines matrix factorization with the dy-
namic dimension adjustment technology of an embedding vector. Thus, the problem of
overfitting in the low-frequency data area can be further solved, and the model’s recommen-
dation efficiency with middle- and high-frequency data can be improved at the same time.
Compared with models such as DCN and Wide and Deep, our model has some advantages
as well. In our model, the embedding dynamic adjustment technology is introduced,
which can dynamically process the input data with changing frequency. This technology
is conducive to the capture of linear relationships, and can optimize the memory while
improving the recommendation performance of the model for low-frequency data.

In this paper, Section 2 reviews the related research work; Section 3 details the structure
and implementation of the TMMNN model; Section 4 discusses the experimental design of
the TMMNN model on two evaluation indicators, together with the analysis and discussion
of the experimental results; and Section 5 gives the conclusions and future work.

2. Related Work

Capturing linear relationships between users and items is important to the perfor-
mance of recommender system models [10–12]. Traditional matrix factorization tech-
niques can capture the first-order linear relationships using self interaction functions.
However, in practical situations, there often exits second-order or higher-order linear rela-
tionships between users and items. Rendle et al. [13] proposed a model using Factorization
Machine (FM) to capture the first-order and second-order linear relationships between
users and items; thus, the model’s ability to capture linear relationships has been improved.
Juan et al. [14] found that different feature domains of users and items exhibit heterogeneity
when interacting, which hinders the linear capture ability of the model. Therefore they
proposed the Field-Aware Factorization Machines (FFMs) model, which stores several
embeddings for one feature field. The corresponding embeddings are selected accord-
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ing to interacting objects in the feature domain, which improves the effect of the model.
However, it is not enough to rely solely on linear features to output recommender system
feedback. The categories of data input to the recommender system are diverse and discrete,
forming a huge sparse matrix [3]. New methods are needed to jointly capture the linear
and nonlinear features of the data space.

In recent years, because of powerful nonlinear fitting and feature representation capa-
bilities, deep learning has been gradually introduced into recommender systems [15,16].
It is not enough to rely only on nonlinear relationship mining, so many scholars have tried
to combine deep learning with linear models. In order to enable the model to capture
high-order linear interactions, Wang et al. [3] proposed the Deep Cross Network (DCN)
model, which uses a multi-layer perceptron to capture the higher-order implicit interac-
tions between features. The higher-order linear interactions are captured by repeatedly
sending the original embedding vectors into the cross network for calculation, which can
effectively reduce the model parameters and achieve a high accuracy rate. Cheng et al. [2]
proposed the Wide and Deep model, which uses a multi-layer perceptron to learn deeper
user information to recommend more diverse items. However, due to limited interactions
between users and items, large amounts of irrelevant items were recommended by the
model. In that case, a linear model was introduced to capture the linear relationships, so
that more related items could be recommended, and the overall accuracy of the model
improved. Since the pure DNN network cannot capture the relationships between different
feature fields, Qu et al. [17] proposed the Product-base Neural Network (PNN) model,
which is the first model using the embedding technology to convert the high-dimensional
input into a low-dimensional dense embedding, and then input it into the product layer to
capture the interactions between different features of the input data, extract their linear and
nonlinear interactions, and finally input them into the subsequent multi-layer perceptron
for further extraction of the higher-order interactions.

To summarize, since deep learning contains a large number of parameters, a large
amount of training is required to learn any interaction function, which makes it difficult for
models to capture linear relationships between users and items with only deep learning.
Consequently, overfitting easily occur in the low-frequency data region. When the user’s
historical evaluation information is not enough, it is difficult for the recommendation
system to accurately grasp the user’s preferences. At the same time, although the above-
mentioned DCN, DNN, and other models introduce linear models to make up for the
insufficiency of deep learning, they cannot dynamically adjust the dimensions of their
embedding vectors. Using high-dimensional embedding in scenarios with small data
volumes is still prone to overfitting, which hinders the capture of linear relationships.

There have been many studies combining dynamic embedding vectors with deep
learning. The DARTS model [18] proposed by Liu et al. uses a soft selection embedding
vector dimension search technique. The AutoEmb model [19] proposed by Zhao et al. is
improved on the basis of DARTS. The final embedding dimension is determined by the
weighted sum of six fixed-size embedded vectors, and the weight is determined by the
frequency of user–item interactions. The ESAPN model [4] uses the hard selection method
to realize the embedding vector dimension search technology, which is a further improve-
ment of the above two models. However, these models focus on dynamic embedding,
ignoring the capture of linear relationships, and do not employ additional linear models to
compensate for the insufficiency of deep learning in low-frequency data regions.

Therefore, it is necessary to construct a new model to strengthen the capture of
linear relationships while capturing nonlinear relationships, which introduces dynamic
embedding technology to improve the overall accuracy of the recommender system at the
same time. In this paper, we propose the TMMNN model based on the ESPAN model. In
order to solve the problem of high-dimensional embedding of low-frequency data in deep
learning, a method of dynamically adjusting the dimensions of the embedding vectors is
used in the model. In order to strengthen the capture of linear relationships between users
and items, the matrix factorization method is used in the model, which has the advantages
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of feeding back implicit information, reacting time effects, etc. [10]. To capture the nonlinear
relationships, a multi-layer perceptron is used in the model for in-depth learning.

3. The TMMNN

The overall structure of the neural network model, based on two-layer matrix factor-
ization and a multi-layer perceptron, is shown in Figure 2, which consists of three layers:
the embedding size adjustment layer, the embedding layer, and the recommendation layer.
First, in the TMMNN model, for a given sample label pair, the embedding dimension
adjustment layer adjusts the embedding dimensions of users and items, and outputs the
adjusted sizes; then, the embedding layer will receive user and item numbers, together
with the embedding vector dimensions, and output the corresponding embedding vectors;
finally, the embeddings output by the embedding layer are sent to the recommendation
layer, and the prediction result is obtained after the calculation by matrix factorization and
multi-layer perceptron. The details of each layer will be described in the following sections.

Figure 2. Overview of the TMMNN.

3.1. Embedding Size Adjustment Layer

The embedding size adjustment layer saves the current embedding size and user–item
frequency. When receiving a user or item, this layer converts the occurrence frequency
of the user or item and the current embedding dimension into the embedding vector
and one-hot encoding, respectively. Then, the layer concatenates them and feeds them
into the multi-layer perceptron. Through the softmax activation function, the adjust-
ment strategy, i.e., whether the embedding vector is expanded or maintained, is confirmed.
Finally, the layer sets the dimension size of the embedding vector as the output.
The process is described in detail below.

First, define the state s = ( f , e), which contains the user and item occurrence frequency
f and the current embedding dimension e. The embedding adjustment layer determines
how to adjust the embedding vector size of users and items through the two most basic
pieces of information: f and e. Then, it should be noted that the model contains two
embedding dimension adjustment layers with the same structure for users and items,
respectively. For brevity, in the following part, we take the user’s embedding dimension
adjustment layer as an example for introduction.

In order to determine the user’s current state, the embedding dimension adjustment
layer needs to obtain the user’s appearance frequency and the current user’s embed-
ding dimension. Considering that the network cannot directly handle integer values,
the user frequency f of integer values needs to be converted into the embedding femb,



Appl. Sci. 2022, 12, 7369 6 of 14

and the current user embedding size e needs to be converted into a one-hot encoding
eone−hot with dimension n, where n represents the number of candidate embedding size.
By concatenating the two elements mentioned above, the embedding z is obtained from
the specific equation, which is shown in Equation (1):

z = [ femb : fone−hot] (1)

In order to determine adjustment policy, the embedding dimension adjustment layer
needs to analyze the current user state. Therefore, the spliced embedding z is sent to the
multi-layer perceptron for calculation, and finally, the adjustment policy is obtained with
the softmax activation function. There are two adjustment options: enlarge or keep it
unchanged. Enlarging means that the user’s embedding dimension needs to be expanded
from dk to dk + 1, while keeping it unchanged means maintaining the user’s current
embedding dimension.

3.2. Embedding Layer

The embedding layer consists of two parts, namely, the embedding table and the
linear transformation layer. For the conciseness of description, the following introduction
is mainly from the perspective of the user’s embedding vector. First, given a user id and
user embedding dimension d, the embedding layer will obtain the corresponding user
embedding e from the embedding table according to the user embedding dimension d.
Then, the layer will send the vector e to the linear transformation layer. The output is a
normalized embedding. The process is described in detail as below.

Suppose the user embedding has n candidate dimensions D = {d1, d2, . . . , dn}. Sup-
pose there is a user u, and the user embedding e with dimension d is obtained through the
embedding adjustment layer and the embedding table. Since the size of the embedding
received by the recommendation layer is fixed, the embedding layer needs to send e into
the linear transformation layer to obtain an embedding with uniform size. The specific
process of linear transformation is shown in Equation (2):

e2 = W1→2e1 + b1→2

e3 = W2→3e2 + b2→3 (2)

· · · · · ·
en = Wn−1→nen−1 + bn−1→n

en refers to the embedding vector of the n layer. Wn−1→n and bn−1→n refers to the
transition of trainable weight and bias parameters from n to n + 1 layers, respectively.

3.3. Recommendation Layer

As shown in Figure 3, the recommendation layer consists of two parts: matrix factor-
ization and a multi-layer perceptron. Starting from the bottom of the structure in Figure 3,
this layer is fed with the user and item embedding vectors. These two types of embedding
vectors can be decomposed in the feature cross layer along the left path. They can be
directly spliced along the right path as well. Finally, the results of the above two paths are
spliced, and the final prediction is obtained after judgment by the activation function.

In the traditional methods, the model will send embeddings with different dimensions
for the matrix factorization and the multi-layer perceptron [20]. However, in the scenario
of multi-dimensional embedding, it is difficult for the model to adjust the embedding
dimensions for the two components separately, so in this paper, we use two-layer matrix
factorization and a multi-layer perceptron to integrate multi-dimensional embedding
technology into the model. First, the recommendation layer receives normalized embedding
from the user and item embedding layers, labeled e(u) and e(i), respectively. Then, our
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model feeds these two normalized embeddings into matrix factorization to obtain the
vector e′ according to Equation (3):

e′ = hT(e(u) � e(i)) (3)

hT is the weight of the corresponding position, and � is the bit-wise multiplication.
Then, in order to retain the original features of users and items, the embedding e′ is spliced
with the embedding e(u) and e(i) of users and items, and sent to the multi-layer perceptron.
The specific process is shown in Equation (4):

e = e′ ⊕ e(u) ⊕ e(i)

h1 = tanh(W1e) + b1

h2 = tanh(W2h1) + b2 (4)

· · · · · ·
hm = tanh(Wmhm−1) + bm

⊕ is the connection operation, tanh represents the activation function, and Wk and bk are
trainable weight and bias parameters, respectively. The hm of the last layer will be fed into the
activation function, and the activation function will be selected according to different tasks.
For the binary classification tasks and multi-classification tasks introduced in the following
section, the model applies the Sigmoid function and the Softmax function, respectively.

Figure 3. Recommendation Layer overview of the TMMNN.

4. Experiments
4.1. Datasets

Our model will be tested on two classical benchmark datasets. One of the datasets
is the MoveLens 20M Dataset [21], which has a high user–item interaction frequency and
thus can test the model’s recommendation accuracy for medium- and high-frequency data.
The other dataset is the MovieLens Latest Datasets, which contains more low-frequency
user–item interaction data. This dataset can better test the model’s recommendation
accuracy for low-frequency data. Next, we will introduce these two datasets:

MovieLens 20M Dataset (ml-20m) [21]: A movie rating dataset collected from the
personalized movie recommendation website MovieLens4. The dataset contains 20 million
5-star ratings and 465,000 free-text tags applied to 27,278 movies provided by 138,493 users.
These users are randomly selected to ensure every selected user has rated at least 20 movies.
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MovieLens Latest Datasets (ml-latest) [21]: A newly released movie rating dataset
collected from the same website. The dataset contains 27 million 5-star ratings and 1.1 mil-
lion tags applied to 58,098 movies from 283,228 users. In this dataset, the users are also
randomly selected, and each selected users has rated at least least one movie.

In order to prove our model’s effectiveness, we purposefully divided the above
datasets into different sizes, so that the multi-layer perceptron could not learn a linear
function due to the lack of training data. Therefore, the model gives full play to the role
of matrix factorization to capture the linear relationships to verify the effectiveness of
our method.

4.2. Parameters

We set 6 candidate embeddings with dimensions D = 2, 4, 8, 16, 64, 128 for users and
items. We use Adam [22] to optimize the policy network and recommendation model
with learning rates set to 0.0001 and 0.003, respectively. The number of dimensions of the
fixed embedding is 8. The whole framework is trained on mini-batches with a size of 500.
The number of layers of the multi-layer perceptron is set to 1.

We split the dataset into five different sizes, which are 25%, 37.5%, 50%, 62.5%, and
75% of the original size, respectively. Our purpose is to test the influence of dataset size
on the prediction results of the model. The smaller the size of the dataset, the greater the
ability of the matrix factorization to capture linear relationships, allowing us to examine the
overall inhibition degree of the model to the phenomenon of overfitting. This paper only
uses two datasets for testing and analysis. However, since the two datasets are divided into
different scales during our tests, the impact of our model on prediction results in various
situations is essentially considered. The workload in the following testing and evaluation
sections is relatively sufficient.

4.3. Tasks and Evaluation Metrics

We evaluated the baselines and our model on a binary classification task and a multi-
class classification task.

Binary Classification Task: We transformed the 5-star ratings to binary labels, where
ratings of 4 and 5 are viewed as positive while the rest are viewed as negative, and
demanded the recommendation model to predict the correct label. We used predictive
probability 0.5 as the threshold to assign the label. We measured the performance of the
models by the classification accuracy and the mean squared error (MSE) loss. Classification
accuracy was acquired by calculating the percentage of the correct prediction number to
the total prediction number. The MSE loss can be represented by Equation (5):

MSE(Θ) =
1
N

N

∑
k=1

(yk − ŷk)
2 (5)

Here, Θ is used to parameterize the deep recommendation model. Suppose N pairs
of the input user–item data can be represented by {uk, ik}N

k=1; then, yk represents the
corresponding ground truth label, whose value can be 0 or 1. ŷk represents the probability
of label to be 1, which is predicted by the recommendation model.

Multi-Classification Task: We viewed the 5-star ratings as 5 classes and made the
model predict the correct ratings. In this task, we evaluated the model according to the
classification accuracy and the cross-entropy (CE) loss. The calculation method of the
classification accuracy is the same as that described in the Binary Task section, and the CE
loss value can be represented by Equation (6):

CE(Θ) = − 1
N

N

∑
k=1

M−1

∑
m=0

ykm log pkm (6)

where N represents the mini-batch data’s size, and M represents the number of data classes.
ykm represents the ground truth label which shows whether one pair of the data {uk, ik}
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belongs to class m. Similar to ykm, pkm shows the probability that the data {uk, ik} belong
to class m.

The test difficulty of the binary classification task is relatively small, and the tolerance
for the prediction error of the model is relatively large. During this task, the prediction
accuracy of the model for a single evaluation is investigated. The multi-classification task
requires our model to capture the implicit relationships in user–item interactions, and the
capture of nonlinear and linear relationships is more demanding. By carrying out tasks one
by one and improving the requirements step by step, the performance of our model for
single tasks and complex tasks can be tested more intuitively.

4.4. Baselines

We compared our proposed framework with the following four baseline methods:
Fixed Word Embedding Vector Model (FIXED) [4]: the original recommendation

model with embeddings of uniform and fixed sizes. We adopted the embedding size of 128
for all the users and items.

Differentiable Architecture Search (DARTS) [18]: the traditional DARTS method
that adjusts embedding sizes by learning the weights for the six candidate embedding sizes
2, 4, 8, 16, 64, 128 for each user or item. The embedding of a user or an item is represented
as the weighted sum of the embeddings of the six candidate sizes.

AutoML-based end-to-end framework (AutoEmb) [19]: a DARTS-based method that
trains a controller to dynamically assign weights for the six candidate embedding sizes
2, 4, 8, 16, 64, 128 based on the frequency of a given user or item. The embeddings are also
represented by soft selection.

Embedding Size Adjustment Policy Network (ESAPN) [4]: this model determines
the dimension size of the embedding based on the frequency of items and users. Its policy
network is responsible for selecting the embedding size of the user or item embedding.
The recommendation layer is responsible for accepting the input and making predictions
and finally updating the policy with the activation function. It uses a hard selection method
to implement the embedding size search technology and uses the multi-layer perceptron
technology to capture the feature relationships between users and items.

Among them, the FIXED model does not use multi-dimensional embedding vectors and
linear models such as matrix factorization. The other three models use multi-dimensional
embedding vectors but do not introduce linear models. Therefore, in the following section,
the TMMNN model proposed in this paper will be compared with these four models so
that the overall performance of the two-layer structure can be examined. Moreover, the
ESAPN is also the comparison target of the TMMNN model under a small data volume or a
low-frequency data area to verify the effect of introducing matrix factorization.

The experimental data and analysis results presented in the following sections are
based on the model’s sufficient learning of the given data to predict user behavior. The two
datasets with different frequency distributions are divided according to size and frequency.
As a result, the model’s performance in various application scenarios is tested, which can
reflect the generalization ability of the model to the data, so no new dataset for testing will
be introduced in this paper.

4.5. Overall Performance Comparison

Table 1 list the overall performance of all models on the MovieLen 20M and MovieLen
Latest datasets. This includes the pure multi-layer perceptron models and the two-layer
matrix factorization and multi-layer perceptron model. We use the accuracy and MSE loss
as the metrics for the binary classification task and use accuracy and CE loss for the multi-
classification task. We bold the test results of the TMMNN model to show the difference.
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Table 1. Overall performance comparison on baselines and TMMNN models.

ml-20m

Method
Binary Multiclass

Accuracy MSE Loss Accuracy CE Loss

FIXED 72.13 0.1845 49.45 1.1517
DARTS 72.18 0.1836 49.85 1.1423

AutoEmb 72.27 0.1828 49.94 1.1399
ESAPN 72.98 0.1785 50.98 1.1155

TMMNN 73.37 0.1766 51.48 1.1101

ml-latest

Method
Binary Multiclass

Accuracy MSE Loss Accuracy CE Loss

FIXED 72.13 0.1845 50.01 1.1414
DARTS 72.22 0.1834 50.46 1.1304

AutoEmb 72.36 0.1823 50.47 1.1311
ESAPN 72.88 0.1790 51.11 1.1147

TMMNN 73.26 0.1773 51.37 1.1072

From the results in the tables, we can draw the following conclusions:

1. In this paper, the accuracy of our model on all datasets and all tasks far exceeds that of
the fixed model, and our model has a lower loss value as well. Meanwhile, compared
to the fixed model, each multi-size embedding model on any dataset and any task has
a higher accuracy and a lower loss value. The above conclusion shows that multi-size
embedding can improve the performance of the model.

2. In terms of accuracy, the model in this paper exceeds all models on all datasets and all
tasks, and our model also has the lowest loss value, which indicates that the added
matrix factorization technique can improve model performance through the capture
of linear interactions.

3. The improvement effect of the TMMNN on the ml-latest dataset is not as high as that
on the ml-20m. The reason for this difference is that ml-latest can provide more data
for the training of the multi-layer perceptron, which further indicates that when the
amount of data is insufficient, the linear capture technology can really provide linear
capture capability for deep learning models.

4. The test results show that our model improves the prediction accuracy in both binary
classification and multi-classification tasks. Although the performance improvement
in two tasks is numerically similar, the performance on the multi-classification task is
better with smaller benchmark values. This shows that in the face of complex evalua-
tion indicators, the simultaneous introduction of linear models and multi-dimensional
embedding vectors plays a significant role in capturing implicit interactions.

4.6. Analysis of the Performance in Small Data Volumes

The introduction of matrix factorization can provide linear capture capability to the
model. In order to investigate whether matrix factorization can help to improve the
performance of the model in scenarios with small data volumes, we used the method
of clipping on the basis of the two datasets, namely, MovieLens 20M and MovieLens
Latest, to divide a number of small datasets. The database was cut according to the
proportions of 25%, 37.5%, 50%, 62.5%, and 75%, and then training was performed on
the datasets that have been cut. By varying the dataset size and task types, we simulated
10 different scenarios for each of the two datasets. For the ml-latest dataset with more
low-frequency data, the results can reflect the impact of prediction accuracy under low-
frequency interactions, and the experiments can fully test our model’s mitigation effect on
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overfitting. The ml-20m dataset, which mainly contains medium- and high-frequency data,
is used to check whether the model can maintain the prediction accuracy in general, except
in the special case of low-frequency small datasets. In this subsection, the experiment only
changes the size of the two datasets so as to study the effect of dataset size on the linear
capture ability of our model.

Figure 4 shows the accuracy of the ESAPN and TMMNN on various datasets and
tasks; the red line represents ESAPN, and the blue line represents TMMNN. The abscissa
shows the percentage of full training batches. The original data set is randomly cropped
by a percentage to serve as the training set, and the interaction information of the same
user is selected as the test set in the remaining data. Combining the two datasets and the
two classification tasks yields four different situations, which are shown separately in four
subplots. The following conclusions can be drawn from the figure:

(1) Our model outperforms the ESAPN on all datasets and all tasks, which shows that the
addition of matrix factorization can indeed improve the effectiveness of the model.

(2) The model shows more improvement in ml-20m than in ml-latest. Considering that
the amount of data the former dataset has is much smaller than that of the latter, this
phenomenon can also be interpreted as the matrix factorization improving the model
more significantly in a small amount of data.

(3) It can be seen from the figure that when the size of the training dataset gradually
increases, the performance of the TMMNN does not lag behind. This can be explained
by the fact that as the amount of data increases, the multi-layer perceptron is gradually
affected by the sufficient training, so the accuracy of the model can be guaranteed to
continue to increase.

(a) ml-20m, binary (b) ml-20m, multi

(c) ml-latest, binary (d) ml-latest, multi

Figure 4. Testing accuracy based on different percentage of full training batches.

4.7. Analysis of the Low-Frequency Users

In order to further explore whether the model can capture linear interactions after
adding matrix factorization to the model, we conducted experiments on binary classifi-
cation and multi-classification tasks on the ml-20m and ml-latest datasets, respectively,
so as to improve the overall effectiveness of the model. During the experiment of this
subsection, we divided the datasets according to the frequency of user–item interactions,
studied our model’s performance from the perspective of frequency, and focused anal-
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ysis on the prediction accuracy for low-frequency data. The comparison model for this
experiment is the ESAPN, which is a deep learning model based on multi-size embedding.
The experimental results are shown in Figure 5. The ordinal number in the graph shows
the prediction accuracy, and the horizontal coordinate represents the occurrence frequency
of users. The specific meaning is explained as follows: We divided the frequency of user
appearance into 43 frequency categories, and each category represents a set of frequencies.
Category 41 means that the user appears 200 to 500 times, Category 42 indicates that the
user appears 500 to 1000 times, and Category 43 indicates that the user appears more than
1000 times. The frequency intervals of the remaining categories can be calculated according
to Equation (7):

F ∈ [5× k, 5× k + 5). (7)

In Equation (7), F represents the frequency of the user, and k represents the frequency
category of the user. Therefore, the value range of the abscissa user frequency is [1, 43], and
each value represents a numerical interval of user frequency. Based on the original datasets,
all interaction data in this interval are screened out. All interactions of the same user are
randomly divided into a training set and test set, and the obtained accuracy on the test set
is taken as the numerical result of the ordinate.

(a) ml-20m, multi (b) ml-20m, binary

(c) ml-latest, multi (d) ml-latest, binary

Figure 5. Testing accuracy based on training batches with different user-item frequencies.

It is evident that, compared to the MovieLen 20M dataset, on which matrix factor-
ization has slight positive influences, the MovieLens Latest dataset has been significantly
improved in all tasks. Since the former dataset mainly consists of medium- and high-
frequency data and the latter consists of more low-frequency data, the matrix factorization
method has a more obvious impact on improving the prediction accuracy of low-frequency
data. Moreover, the effect of TMMNN is much better than ESAPN, and we can notice that
the blue curves in Figure 5c,d are much higher than the red curves in the low frequency data
area, which indicates that the addition of matrix factorization can actually help the model
to capture the linear interactions and improve the prediction accuracy of low-frequency
users. Hence, the result proves the effectiveness of the method.
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5. Conclusions

Due to the fixed dimension of the embedding vector, the deep learning models em-
bed high-dimensional vectors in the low-frequency region, which is prone to overfitting.
In the meantime, the models contain a huge number of parameters and require a lot of
training data to learn linear functions that capture linear interactions, making it difficult
for models to capture linear relationships. To address this problem, this paper proposes a
neural network model using two-layer matrix factorization and a multi-layer perceptron
(TMMNN), which embeds multi-dimensional vectors with dynamic adjustments, uses the
linear function of matrix factorization to allow the model to capture the linear relationships
between users and items, and uses the multi-layer perceptron to capture the nonlinear
relationships at the same time. The experimental results on a large amount of real data
in the datasets show that the performance of the TMMNN under a small data volume
has increased, and the prediction accuracy of low-frequency users has been improved.
The effectiveness and feasibility of the TMMNN have thus been verified. Therefore, the
establishment of this model can improve the accuracy of service recommendation, help the
predictive delivery of network services, and further improve user experience.

In the future, it can be further optimized from two directions of linear model and
multi-dimensional embedding. For linear models, we can innovate on the basis of ma-
trix factorization to try to capture linear interactions above the second order. For multi-
dimensional embedding, there is still room for development based on the hard selection
method, and further improving the dynamics of the embedding vectors is one of the goals
of future development.
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