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Abstract: Deep learning has recently gained a lot of grip in recommender systems. Hybrid recommendation systems, content-based
recommendation and Deep learning were all used in multiple ways. Big data has been doing this for nearly 10 years, and the amount of
available data on the network will be quickly growing. When challenged with complicated and huge data sets, it's indeed difficult for
many people to obtain the necessary data rapidly. At this point, the recommendation system, including its features, is one of the most
significant techniques for communicating with the large data overload issue. The development of recommendation algorithms has been
aided by the growth of the e-commerce industry in particular. Traditional single recommendation algorithms are plagued by data sparsity,
long-tail items and cold start. At this point, hybrid recommendation algorithms can efficiently keep away from some of the flaws of
single algorithms. In response to these concerns, this paper proposes an experimental hybrid technique for enhancing the quality of the
personalized product recommendation system algorithm that depends on deep learning IA-CNN to give back for a single collaborative
model's limitations. To generalize and categorize the output results, first, the system employs a comprehensive approach, fusing product-
and user-based collaborative filtering strategies. That is the methodology that the algorithm uses. Improved deep learning techniques are
then used to capture nonlinear interactions between users and products that are more detailed and abstract. Finally, we devised
experiments to test the algorithm's efficacy. Tests on the Amazon product rating dataset are performed against the benchmark algorithm,
and the outcomes show that the proposed IA-CNN algorithm outperforms the on the test dataset, the benchmark algorithm was used for
rating prediction.

Keywords: Deep Learning, Recommendation System, IA-CNN Algorithm, Amazon product rating dataset, hybrid recommendation
algorithm.

discover what they are looking for and what they are
interested in. Even if they do find it, it is unlikely that they
will use it; it would be a lengthy process. A critical issue is

1. Introduction

Today's exponential increases in the quantity of

information available online, users are confronted with a
serious problem of information overload [1]. Big data is
still evolving and maturing. Other technologies like cloud
computing have really improved our development and way
of existence. Simultaneously, the data volume on the
network has grown. The amount of information improved
by humans during the last 10 years or so has surpassed the
maximum volume of information produced in the earlier
millions of years [2]. In general, when confronted with
enormous amounts of data, people frequently struggle to
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how to provide users with useful information in an
efficient manner. Google introduced search engine
technology to address this issue. Users can search for items
by entering keywords for content in order to find it quickly
and accurately. This method, however, is only appropriate
for situations in which wusers dynamically request
information and need a good purpose. In reality, several
users' information-seeking requirements are hazy, passive,
and latent. Users may be unable to describe their situation
or their interests, and they might not still dynamically look
for the content they are seeking. Search engines are used in
this case but are unable to provide users with useful
information. One of the most efficient methods of
resolving the issues listed above is through the use of a
recommendation algorithm.

It is possible to model by analysing customer product
ranking data, users' browsing history and further data such
as choices of users, in order to uncover some potential
personalised user requirements. Because such a
recommendation algorithm is presently the most accepted
on social networks and e-commerce websites, the research
and application value of recommendation algorithms is
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substantial. Both collaborative filtering recommendation
[3] and content-based recommendation [4] have
demonstrated some success in finding the significance of
users and items in traditional recommendation algorithms.
However, given the fast increase in these traditional
recommendation algorithms, which have been influenced
by recent network data and the characteristics of "big
data,” they are no longer entirely appropriate in light of the
current network situation.

To begin with, the information available is restricted. In
today's social networks and e-commerce websites, the
evaluation history of the user for a specific item is missing,
as is the user's evaluation-related index, and the item has a
large number of null values. Second, the algorithm does
not properly handle new items added to the system or new
users registered. Finally, while it is extremely rare for a
user to consume a valuable item in the system, the
potential profit by investors is substantial, and this type of
problem is not specifically addressed by the algorithm. As
a result, traditional recommendation algorithms have
limited effectiveness. In order to overcome these issues,
this study aims to provide a hybrid recommendation
algorithm built on deep learning. The algorithm employs
multi-recommendation-algorithm-fusing  strategies and
generalises and classifies multiple models' output results,
thereby remunerating for the drawbacks of different
algorithms. Then, the integration model posits that the
technology of deep learning captures the more complex
and fuzzy nonlinear interaction patterns between products
and users. This is crucial because it solves the slow
response problem and explains long tail items efficiently
associated with conventional methods. Along these
approaches, the algorithm's precision has been much
improved. These are the most significant things that this
article adds to the discussion:

i. A multi-recommendation algorithm integrated strategy
model is planned, and on the dataset, pre-processing and
pre-classification are applied to the model's output.

ii. The updated CNN deep learning model is accompanied
by comparative experiments. IA-CNN is educated, and
evaluation of advantages and disadvantages, as well as a
comparative analysis with the conventional model is used.

The remaining sections of the paper are organised as
described below: In the following sections, we will go over
the related work done on this topic, the hybrid
recommendation system's design and algorithm overview,
the test, and finally, a summary of the results.

2. Related Work

A subcategory of data mining science influenced the
recommendation algorithm and evolved into its own
research field in the 1990s. To complete the

recommendation task on the justification of clustering, an
initial Group Lens has been proposed [5], and
recommendation algorithm research has been ongoing.
Algorithms for collaborative filtering are gaining traction.
They are classified as either model-based or nearest-
neighbor-based. To make recommendations for users, the
latter measures the variation between customers and
products in a data matrix. On this foundation, [6] proposed
the item-based algorithm, that was successfully combined
into Amazon's e-commerce system. The latter, besides
measuring the similarity, it requires the development of a
model, although it is easily extendable to massive data
structures in resolving the recommended true issue. Huge
amounts of data, on the other hand, can cause data sparsity
and cold starts. [7] A collaborative filtering algorithm has
been proposed that expands user-item capabilities by using
the possible factor storage of the additional domain,
resolving the restriction of only using a single special
domain recommendation. Simon Funk [8] proposed, based
on matrix decomposition, a collaborative filtering
recommendation algorithm that significantly improved
classification  results. ~ The  probabilistic ~ matrix
decomposition model (PMF) [9] is the result of subsequent
refinement efforts by the authors. Data sparsity has been
overcome by the SVD++ model [10], MCFSAE [11], and
others.

On the other hand, in the big data environment, they
underperform with extremely limited rating data and are
inadequate to deal with the "cold start” troubles of new
products or new customers. With the expansion of online
technology and social media platforms, a large volume of
source data, such as personal interactions and user
information, is now available. These have generated hybrid
recommendation algorithms based on machine learning
models, which incorporate collaborative filtering and
content-based [12]. Clearly, the narrow levels of machine
learning models will be incapable of learning the specific
experiment inferred by customers and products. Many
researchers have used deep learning to learn hidden
patterns in recommendation systems because it generates
outstanding results in hidden feature extraction [13].

Salakhutdinov et al. [14] became the first to suggest a
collaborative filtering algorithm that is based just on a
restricted Boltzmann machine (RBM) for having to
discover the inherent variables of customers and products
through recommender systems. [15] enhanced the classical
CF technique with SVM and made progress in the research
of bridge collaboration, but he neglected the source data.
[16] Were using deep neural networks (DBN) and
convolutional neural networks (CNN) to retrieve inherent
variables from metadata. That is only useful for music data
because it only considers the inherent variables of
products. [17] Were using convolutional neural networks
to obtain development in order to improve applicable data
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sets, which were integrated with a prediction model
framework to make recommendations, but most of those
model parameters may have to be individually changed. In
this article, we propose a new deep hybrid
recommendation strategy based on the first application of a
Deep Belief Network (DBN) to recommender systems
[18]. This method had an inherent data sparseness
problem. [19] Constructed a collaborative deep learning
(CDL) model to resolve this issue by incorporating the
collaborative filtering technique and the Bayesian network
model. DeepCoNN [20] has been proposed as a
mechanism to enhance rating prediction by merging
multiple CNN networks. [21] An in-depth look at the main
effects that deep learning approaches have had on
YouTube's video recommendation engine. Specifically,
two neural networks are being used, one to generate
YouTube candidate sets, and the other to rank those sets.
The neural networks can operate independently of one
another, and the ranking layer is not limited to the datasets
used to generate the candidate sets. Experiment results
show that a two-stage information retrieval system can
improve recommendation impact while also providing
users with a better customer experience when dealing with
large amounts of data.

Research problems and possibilities are presented by the
fact that deep learning techniques have been so effective in
the field of personalized recommendation systems. Some
progress has been made in the field of recommendation
algorithms thanks to the application of deep learning
algorithms, but much more might be done.

3. The Recommendation System model of IA-CNN

To address differences in recommendation results, several
recommendation algorithms are typically coupled at
different stages of the recommendation system. The four
stages enumerated above are typically required in order for
the process to consider making recommendations to
customers focused on interesting items to customers under
low-latency conditions. The specifications are seen in
Figure 1. The recall process is primarily responsible for
extracting the features of as many more accurate results as
possible from the complete data collection and trying to
return them to the "sort." The sorting stage is typically in
charge of choosing the most extensive set of features from
the testing set that conforms to the usage requirements of
this process. The good ranking stage seems to be mostly
responsible for ranking and classifying the present group
from the collection of features in order to achieve the
recommended outcomes. Estimates for items that have not
been shown will deviate during the mechanism strategy
stage, and problems might arise. As a result, at this stage,
to filter and display products employing multiple recall
techniques, re-ranking should be used.

Feature Repository |

Context and User History | | Information of all other |

& § ¢

Models ‘ Learning based on Representations ‘ ‘

T

l Rerank
Candidate S Hundreds K‘ Tens

Optimal Row — Products
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Input: Rankng Finish the Recommendation
Recall

Fig 1. Process Model of a Recommendation System

i) Recall Processing Algorithm Hybrid Collaborative
Filtering-Description

The traditional collaborative filtering algorithm would be
enhanced during the recall phase. Collaborative filtering is
a popular technology, particularly in recommender system
classification, because the approach based on nearest
neighbours is far more descriptive than the model-based
method. The basic purpose of the nearest-neighbor
collaborative filtering technique is to locate, across the
entire structure, the k users and things with the most
significant connections to the wuser or item under
investigation. The primary goal is to find similarities. The
majority of existing fundamental techniques are based on
vector-based computation, which attempts to calculate the
length between two feature vectors; the closer the distance,
the stronger the correlation. We can compare products in
recommendation systems by taking the customer's priority
for all products as a variable or by taking all customers'
choices for a single product as a vector. Its most frequently
used approach is the similarity measure formula.

ek P
Similarity (m, n) = ZickPmy (1)

Nllzjexpgn._;
The correlation among user m and user n is requested from
the above formula, in which K seems to be a product
ranking with both customers, and Pm,j signifies customer
m's rating on product j and Pm,j signifies customer n's
rating on product j.

Here is the Pearson correlation equation:

Pon. i (Prom—
Similarity (m, n) = — Zmett Pm,j-(Prn—Pn) 2)

T
\‘\IZmEM(ij7Pj)'VI‘ZmEM(Pm.n’ n)

As in the previous equation, M signifies the number of
customers who may have ranked, Pj signifies the average
rating for product j, and Pj signifies the average rating for
product j. The Pearson correlation coefficient, with a
valuation of [1,-1], is being used to determine the measure
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of correlation between two customers' correlations.

To recall the dataset, this study employs hybrid
collaborative filtering. The goal is to create a dataset that
can be easily classified. Algorithm 1 contains a detailed
description of the algorithm.

Algorithm 1:
Collaborative filtering using a hybrid approach

Input: Mounting M feature for user. Product feature J
matrix, customer rating matrix Pj, customer list ml, and
product list mJ are all examples of product feature matrix
features.

Output: Remaining data set Data= {Datal, Data2,...,}
(Data={ al, a2, Pjm})

1. Initially the similarity Matrix is empty i.e,
Similarity PM and Similarity PJ

2. Search the Product list List M and User list List J
in Pk

3. ForminsetMand jinsetJdo

4, Compute Similarity (jt, jx) and similarity (mt,
mx);

5. Measure all customers of similarity matrix
Similarity PM * all products of Similarity matrix
Similarity PJ

6. Search the K-clustering M mS = {my,...., my,
mi+n} in Similarity PM and PJ

7. Search the T-clustering J jS = { jn,..., ju jetn} in
Similarity PM and PJ

8. To build a correlation matrix, relevant users and
products are choserriim*

9. Repeat

10. Add similarity data in Data;
11. Until get all other Data

12. Final;

13. Return Data;

ii) The Rough Sorting Model is based on XGboost
Classification Method

When used as a boosting technique, XGBoost should help
the classification algorithm perform better [22]. This is due
to the fact that regression trees form the basis of the real
decision tree and that multithreading technology has the
ability to boost learning performance. It has several
benefits, together with large-scale data and personalised
loss activities, in addition to the features of a faster rate
and great results. It's an additive model made up of many
base classifiers. | believe we're learning the decision tree
for the tth iterative process, signified by gn(a), and we also

have the following equations:
Xj(t): Yhoign(a) = (t— 131(-“1) + gn(a;) (3)

In the preceding formula. indicate the expected
outcome of example X “sehind X" t" jteration, the
expected outcome of the (t-1) t" tree, and gn (3 ) the
representation of the t" tree.

The following is a description of XGBoost:

Specify the complexity of the tree:

g (a) = Ry, Re P2, Se PA>{1,2,3,..,0} (4)
As in the previous equations represents a tree's
configuration and R denotes the leaf strength.

To prepare for classification, Algorithm 1 is used to train
the XGBoost model on the preprocessed data set. The tags
are for the datasets of users and products. The goal is to
make scoring model training easier while also improving
the algorithm's classification efficiency. Algorithm 2
explains the algorithm in better detail.

Algorithm 2:
Classification of XGBoost

Input: Remaining data collection Data, user mL and
product list jL

Output: Category for user descriptions MS, category for
product descriptions JS

1. Initiate with the same weight for training
2. for sample data in Data do

3. Initialize n times with XGBOOST to determine the
erro Error, = (2 Rjk (Xg#H,»)/ 2 R;)

the learning rate should be updated
Set the nth sample's weight to zero

Repeat

N o g &

Create the XGBoost model based on the formulas'
objective functions steps from 3 to 6

8. Update the learning rate by obtaining the loss
function's second-order temporary subset

9. Upto Numbern
10. add description label in MS and JS
11. final
12. return MS, JS
iii) Description of Classification Algorithm

The improved deep learning model recommendation
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algorithm's recall classification and processing will
develop its quality. The model might be used without
having to constantly evaluate its performance in terms of
recall and categorization. The simulation results are
invalidated by using the XGBoost classification algorithm,
after the correlation has been determined independently, a
similarity score has been generated, the correlation of each
user to many other users and items has been evaluated, the
simulation results have been clustered, the nearest
neighbour set has been shaped, and the simulation results
have been invalidated. The classification algorithm takes
into account the customer's past actions, ratings, attributes,
and interaction methods, as well as the relationships
between customers and the interactions between
consumers in different projects.

iv) An Improved CNN Model

The author suggested a novel deep network-CNN
improved architecture (IA-CNN) that focuses on the
learning algorithm for good ranking computation and can
be used for real-time customer recommendation. The 1A-
CNN network model is depicted in Figure 2. At the first
step, a hidden layer is implemented, which incorporates the
hotspot matrix of the action feature from the previous layer
into a dense vector. This is followed by a completely
connected layer, which is constructed from two distinct
feature spaces. By applying the convolutional layer to the
word embeddings of the user and the object, new features
are constructed to predict and capture the significantly
more abstract and multidimensional user-product dialogue
interaction. The convolutional layer's output can then be
used by the focus pooling layer. Following that, we would
go over each component of IA-CNN in detail.

Fully
Connected
O,

N _ Output

Convolution

Pooling ___.-="""
Input E.-

0]

O

. OFf
ot

\ e

Feature Extraction

Classification

Fig. 2. Architecture diagram of IA-CNN
IA-CNN architecture is divided into two parts

a. A convolution tool is one that segregates and
designates features of the product for observation and
use in the feature extraction process.

b. A fully integrated layer that predicts the product
category based on these features obtained in earlier
phases using the outcome of the convolution process.

1. Convolutional Layer

This is the very first layer of the network, and its job is to
learn about the input products by extracting features from
them. The input product and a PxP filter are convolved
arithmetically in this layer. Dragging the screen over the
input product produces the matrix multiplication of the
classifier and the input product's components with respect
to the filter's size (PxP). The extracted features map
contains information about the product, such as edges and
corners. This convolution layer is then consumed by other
layers, which learn a wide range of other attributes from
the input data. The convolution layer is then consumed by
other layers that also learn a wide range of other attributes
about the input product.

2. Pooling Layer

It is standard procedure to use a pooling layer after one of
these convolutional layers. To reduce the computational
load, this layer's primary goal would be to reduce the
dimension of the feature map used by the convolution
layer. This is achieved by placing sole significance on the
classifiers themselves and reducing the number of
connections between the layers. Convolution layer tasks
are classified based on how they will be carried out.

Max, the largest values are taken into account when
pooling in a convolution layer. The overall factor estimate
is determined by the pooling procedure within the
constraints of a fixed product column size. The end
outcome of the sum total pooling procedure is a computed
total for all of the factors in a given segment. Connected to
the convolutional layer is the FC layer via the pooling
layer.

3. Fully connected Layer

The receptors, including the perceptions and weights, have
been coupled from one layer to another by using a fully
connected (FC) layer. Such layers are generally placed
before the output neuron and represent the last several
layers of an IA-CNN layout.

The earlier layers' efficiency products have been
demolished and pushed towards the FC layer in this layer.
The squashed vector then goes through so many more FC
layers, which are usually where numerical feature
operations are performed. This would be the reference
point for the classification process.

4. Dropouts

Because all of the attributes have been associated with the
FC layer, training and testing throughout the training
dataset is frequent. Whenever a model is trained so well on
training examples that it does have a negative effect,
mostly on the model's efficiency while presented with new
data, it is said to be overly accommodating.
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A dropout layer has been implemented to deal with this
problem. While the neural network is being trained, a small
number of neurons are removed from this layer, leading to
a more streamlined process overall. 30% of the neural
network's nodes are randomly removed when the dropout
threshold of 0.3 is reached.

5. Activation functions

One last important part of the CNN Algorithm is the
activation function. Using this strategy, people can be put
to work discovering and accurately estimating any constant
or complex network link between network variables. In a
summary, it calculates which design knowledge should be
sent throughout the channel and what should not.

4. Experimental Study

This section contains a variety of experiments that are
designed to evaluate the scientific validity of the proposed
IA-CNN Algorithm. The following questions will be
addressed during this experimental study:

a. Requirementl: In terms of productivity, does the
IA-CNN model win over the benchmark model
technique?

b. Requirement2: How perceptive is the IA-CNN
model to specifications including embedding size,
latent factors and degeneration?

i) Dataset

This paper measures the performance of IA-CNN using
the very latest; nearly complete Amazon product dataset
2018 [23].The dataset is divided into two phases: user
comment data and product metadata. This dataset contains
data gathered by Amazon.com between 1996 and
December of 2018. It currently has 29 different item
categories and is the most accurate collection dataset for
recommendation algorithm experimental tests.

The product description, which includes details namely the
related products, product category, price, feature
description, and product number, is the most important part
of Amazon's product meta-data.

Researchers have used the Amazon review dataset for
rating prediction tasks in previous works [24, 25, 26]. The
customer's product of choice, the product number, and
details regarding reviews, ratings, and the number of users
are the most important parts of product reviews.

Because the label has been in place for so long, the original
dataset is too big, and it contains a lot of unrated
individuals and items. As a result, we used the Amazon-
mini dataset's 5-core version in our experiment (At least
five classification interactions exist for every customer or
product). With only ten item classification, the volume of
data within that version is approximately 0.33% of the

source data; additionally, the size of the data remains
extremely large, and the experimental error could be
rejected due to a lack of proper datasets. Those unexpected
conditions, duplicate entries, and unnecessary attributes
have been eliminated from such an article prior to the word
vector mapping in the particular experimental procedure to
reduce the time and space required for the system to
understand the data on a regular basis Only the data
required for this experiment is saved, and a total of five
classification models are obtained. All word removals and
non-vocabulary words have been eliminated from the
remark dataset. The dataset would be divided into three
main sections in the following order: training, testing, and
validation. The combined experimental and simulated
research led to the creation of five distinct data types and
four distinct data sets (1-class item, 3-class item, 5-class
item, and full).

a. A comparison of experiments

To rebuild the equality of the experimental comparison,
this article utilizes the very same collection of hardware
and software platforms as the benchmark model. The
following benchmark methods have been used for
correlation: deep cooperative neural network (DCNN)
(DeepCoNN), matrix factorization (MF), collaborative
topic regression (CTR) and probabilistic matrix
factorization (PMF). MF [27] and PMF [28, 26] are two of
the most prominent datasets that have been used and very
well standardized for collaborative filtering techniques. On
the other hand, the significance of summary information
mostly on recommendation algorithms could be confirmed.
CTR [29] is a much more effective content modeling
technique that models reviews and ratings while evaluating
possible concepts. DeepCoNN [20] is presently a fairly
advanced deep-learning-based rating prediction model.
Furthermore, user-item representations have been learned
by employing two simultaneous CNN models. The IA-
CNN design concepts in this paper depended heavily on
this method, which calculates reviews in the sharing layer
using matrix factorization. We employ the free and open-
source My Medialite component of a recommendation
system to evaluate the model's performance for PMF and
MF. The authors communicate the CTR and DeepCoNN
source code on GitHub to perfect and rebuild the testing
based on the available requirements set by the article's
researchers.

The metrics of the model were initially fixed by a
parameter sensitivity test, and then they were steadily
improved upon during the experiment as intended. This
was especially true for the amount of neurons in the
convolutional neural network, as well as the distinctive
measures of consumers and objects. The range for user-
item attribute measurements is from 100 to 1000, while the
range for the number of modules is from 100 to 600. After
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that, we set the number of modules to 200, the number of
customers to 100, the packet size to 100, the dropout
parameter to 0.7, the feature extraction parameter length to
4, the training rate to 0.002, the number of words to
measure to 0.002, and the feature extraction parameter
length to 0.002. These adjustments were made so that the
maximum amount of productivity could be realized.

ii) Deep learning model experimental platform

Experiments with the deep learning approach provided in
this work were run on a computer with an Intel i7-10700
processor. The model is written in Python and uses the
Tensor Flow framework, while other requirements include
a GTX 2070 graphics card, 32 GB of RAM, and Windows
10. The optimization algorithm employs Adam Optimizer.
All algorithms have been fine-tuned except for their
convergence phases; hence the training rate has been
reduced to 0.002.

The Root Mean Square Error (RMSE as formula (17)) is
being used to measure the accuracy of the estimation
ranking since it can estimate the variation between the
expected and reliable product, which would be classified as
follows: the relatively small the measurement outcome, the
improved the prediction accuracy and recommendation.

As the fundamental goal of the recommendation system is
to produce the top-n recommendations for end users, we
show that our proposed IA-CNN model makes use of
evidence from both recall (formula (18)) and precision
(formula (19)). The following is how they have been
described:

TP
TP+FN

Recall =

)

. TP
Precision =
TP+FP

(6)

Before recommending the top-n recommendation lists to
each customer, we ranked all products based on their
predicted popularity with that customer (where TP is the
number of products the customer prefers in the top-N and
FP is the number of products the customer uses) to assess
the efficacy of the proposed hybrid model.

iii) Construction of Training Model

We try to tune and correlate the metrics in the CNN in the
four categories enumerated below, because the
specifications method does have a major impact on the
study. The last model was constructed using experimental
results.

a. Dropout's Impact

In neural network models [30] Dropout has been shown to
be an effective way of dealing with over fitting. As a
result, in order to test the effect of dropout, we vary the
value of dropout.

Figure 3 depicts how allowing dropouts does have an
impact on the decreasing number of false positives. As
illustrated in Figure 3, the method may have significantly
improved across all datasets. The benefit of RMSE, on the
other hand, differs across datasets. Throughout many
datasets, the method performs the best at approximately
0.56 or 0.64, so it accomplishes the lowest when the
dropout is disabled. The effect of dropout is clearly less
visible in a much bigger dataset compared to the smaller-
scale sample. This is a visible occurrence. This needs to
support earlier research [19] and the purpose of this system
of dropout in small-scale datasets. As a result, the model's
substitute value can range between 0.56 and 0.64, as seen
in Figure 3.

m1sw
m20W

Fig. 3. The effect of Dropout
b. Dimension of Embedding

To evaluate the models responsiveness to variations in the
word dimension of embedding, we assigned these values
the range 100-700. As shown in Figure 4, the end result is
as follows:

As illustrated in Figure 4, the model has a higher response
in less than 500 word embedding measurements. The
effects of sensitivity are more visible in data from a single
category. This is not a difficult situation to comprehend.
Here the complete data set model performs better because
the recurrence of words in single class product data is low.
The results also reveal that, among all datasets, efficiency
is preferred at approximately 300 measurements and
persists reasonably constant above 400. It is enough to
make this product responsive to the word embedding
factor. As a result, using larger values in the future did not
result in a significant improvement in the model. Finally,
300 were selected as the word embedding.
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Fig 4. Effect on dimension of word embedding
c. Effect of Document Length

We started to run a verifying experiment with 5-class
statistics and see how the duration of the records and
information impacted the model. Modifying the duration of
the document records the performance of the models and
testing set. Figure 5 actually illustrates that whenever the
full size of the document is set to 200, the performance is
better and the spending time at this moment is much more
acceptable; that is, the method is more reliable. This could
furthermore demonstrate that, up until the requisite length
of 400 is attained, additional document information can be
effectively utilized for document concealed vector, despite
the document size being bigger than 400. This could imply
that hidden vectors in documents can be properly utilized
for more document data up until the necessary length of
400 is attained. This is due to the fact that as the length of
the document increases, so does the time required
processing the information in the document. Furthermore,
the model requires a significant amount of time to produce
appropriate results. Accessing the information in a
document, therefore, necessitates careful consideration of
the trade-off between the time spent on preparation and the
size of the document.
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Fig 5. Effect of Document length
iv) Comparisons of Experimental analysis

In this article, we choose four important features of
recommendation algorithms and run experiments to see
how they perform under the conditions of the specified
super standards. These four dimensions are a deep
cooperative neural network (DeepCoNN), a collaborative

topic regression (CTR) model, a matrix factorization (MF)
model, and a hybrid matrix factorization (HMF) model.
The goal of these tests is to verify the performance of the
proposed IA-CNN algorithm. We may see examples of
framework recommendation algorithms in the hybrid
matrix factorization model and the matrix factorization
model. It is possible to verify the effectiveness of review
text and summary data on the recommendation algorithm
when the rating matrix is constrained. This occurs when
there are restrictions placed on the rating matrix. The
proposed topic-based model recommendation algorithms
include the collaboratively created approach. Topic models
are used in the majority of recommendation algorithms that
take into account review text. The proposed algorithm's
advantages can be demonstrated when compared to them.
The term incorporate vector technology, in particular, is
being used to substitute the classification method in the
preprocessing stage, with only a focus on the improving
performance decided to bring by the sequence of words in
the document; An example of a popular deep learning-
based algorithm is DeepCoNN, a popular collaborative
filtering method. While DeepCoNN serves as the
foundation for the CNN algorithm suggested in this
chapter, a linear correlation is also necessary. This process
was repeated three times, with the product of the three
outcomes used as the finished product. Experimental
studies on multiple lengths of Amazon product review
datasets generated the experimental results seen in Table 1.

In various datasets, the mean square error

Models 10W | 15W | 20W | 25W | Total

RMSE
Our Methods| 2.052 | 1.431 | 1.352 | 1.263 | 1.186
CTR 2137 | 2432 | 2.261 | 1.764 | 1.638
MF 2465 | 2417 | 2.161 | 1.831 | 1.764
HMF 2371 | 2.642 | 1.643 | 1.047 | 1.468
DeepCoNN | 2.651 | 1.853 | 1.649 | 1.872 | 1.542

Table 1. RMSE for various test sets

Naturally, we have chosen the Amazon product evaluation
dataset to evaluate our product's quite compelling recall
and precision with the benchmark experimental tests CTR,
DeepCoNN, MF and HMF. Figures 6 and 7 have shown
that even as n increases, so does the significance of recall.
Our method performs them in the benchmark experimental
tests for recall and precision.
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Fig 7. Comparison of Precision and Precision for Amazon
Dataset

The following experiments were designed taking into
account the fact that runtime is not a crucial criterion for
evaluation. Several models have been used to train the
10w-full dataset, and twenty independent samples are
typically selected at random from the testing machine for
validation. Figure 8 displays the results of this method's
temporal analysis. Under the same testing method, MF and
HMF spent less time learning features when the machine
learning approach began learning less features. DeepCoNN
and our deep learning method, on the other hand, took
slightly longer and the amount of time it takes in this
article is higher than in the previous article because the
algorithm will include a learning algorithm and
computational complexity. Even though the
recommendation could be made in 0.3 seconds, which
really is an explicitly appropriate recommendation
available time, suggesting that our algorithm is accurate
and acceptable.
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Fig 8. Comparison chart of Different Datasets

5. Conclusion

This article's objective is to evaluate how well existing
personalized product recommendation algorithms deal with
issues like data invariance, cold product starts, and long
tail products by using the deep learning methods that have
the appropriate features and can carry out complex tasks.
The benefits of nonlinear transformation and its effective
recognition capability can mitigate the impacts of sparse
data and product cold start in existing product personalized
recommendation systems. An improved CNN deep
learning model is trained, a hybrid model of
recommendation algorithms is developed, the models are
tested, and the results are provided in this work. Although
preliminary results are promising, research and use of deep
learning technologies and methodology in recommendation
systems are still in their development. Based on these
previous improvements suggested by the experimental
data, this still applies. This work proposes an experimental
hybrid method for improving the quality of personalized
product recommendation systems based on deep learning,
but it still has phased and temporary issues and is not yet
ready for use in actual recommendation systems.
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