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Abstract. Several existing personalized recommendation systems for network
resources do not specifically classify user history information personalized clas-
sification criteria, resulting in a low degree of matching between system person-
alized recommendations and user interests. In order to improve the accuracy of
personalized recommendations for network resources, we designed a collaborative
filtering basedAlgorithm-based personalized recommendation system for network
resources. In the hardware design, design the overall circuit module, configure the
bus timing, and improve the operating speed of the system hardware. In software
design, calculate the time weight function to construct the user’s implicit scor-
ing matrix; calculate the similarity between network resources and user browsing
history items, design personalized classification criteria for user history informa-
tion based on collaborative filtering algorithms; calculate predicted item scores
and actual scores Establish a personalized recommendation model for network
resources.In the experiment, the system is compared with several existing sys-
tems, and the average absolute error in different adjacent sets is tested. According
to the data results, in the five data test sets, the average absolute error of the sys-
tem is less than that of other systems, so the personalized recommendation system
based on collaborative filtering algorithm has better recommendation accuracy.

Keywords: Collaborative filtering algorithm · Overall circuit module · Bus
timing · Time weight function · Recommendation model

1 Introduction

Modern e-commerce has the main characteristics of personalization, which is not pos-
sessed by the traditional business model. E-commerce has an urgent demand in the
dynamic provision of precise marketing “comparative shopping” services and real-time
provision of optimized distribution services. With the emergence of e-commerce, it pro-
vides an unprecedented opportunity to achieve this demand, making it a new direction
of e-commerce development, “personalized” business model came into being [1].

Literature [2] analyzes the user’s historical behavior data based on the systemdynam-
ics algorithm,mines the user’s interest preferences, classifies users according to different
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interest preferences, and recommends items with similar preferences. This kind of sys-
tem requires a combination of qualitative and quantitative methods, and the calculation
process is more complicated and the calculation speed is slow. Literature [3] designed
a personalized recommendation system for college books and bibliographies in view
of the poor effect and poor accuracy of the current college bibliographic personalized
recommendation system combined with association rules. However, the hardware of this
system is not up to the standard and cannot realize fast calculation and processing.In ref-
erence [4], a personalized recommendation system is designed based on tensorflow. The
recurrent neural network module of the system can build a model for time series, fully
tap the changing interests of users, and save training time to a great extent through multi
super parameter adjustment, and can significantly reduce the error rate. But this kind of
system needs a lot of parameters to build the model, otherwise the accuracy is difficult to
reach the standard. In this paper, we design a new personalized recommendation system
based on collaborative filtering algorithm.

2 Hardware Design of Network Resource Personalized
Recommendation System

2.1 Circuit Module Design

The structure before the expansion of the network port of the ultrasonic flowmeter only
includes three parts: TMS320F28335 as the control core; an analog front end composed
of a transmitter circuit that transmits ultrasonic probe drive signals, a receiver circuit
that receives ultrasonic probe signals, and a switch circuit that switches the transmit and
receive states [5]; The ADC sampling module that samples the received signal.

DM9000 Ethernet control chip provides three kinds of bus connection modes: 8-bit,
16-bit and 32-bit. The 16-bit bus connection mode is chosen in this article. In the actual
connection process, what needs to be connected includes 16-bit bus SD0~SD15, chip
select signal AEN , processor read command signal IOR and processor write command
signal IOW . It should be noted that the data bus and address bus are multiplexed in
DM9000, and the actual access type of the bus is determined by the input signal of
the CMD pin. When the input signal of CMD pin is a high level signal, the data bus is
accessed; When the input signal of CMD pin is low level, the address bus is accessed.
Therefore, in TMS320F28335, a signal is needed to control the CMD pin. The CMD
pin in this paper is controlled by the SA2 pin in the address bus of TMS320F28335. In
this way, TMS320F28335 can access dm9000 data bus and address bus by accessing
different addresses.

2.2 Bus Timing Configuration

In the process of using xinf bus of TMS320F28335, the key point is to configure the
timing of xinf [6]. In the internal clock signal of TMS320F28335, xtimclk and xclkout are
used by xinf. The relationship between these two clock signals and CPU clock sysclkout
is shown in Fig. 1.

Access to XINTF is based on XTIMCLK. XTIMCLK can be configured as
SYSCLKOUT or SYSCLKOUT/2 through XINTFCNF2 register, and its default value
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Fig. 1. Bus configuration relationship

is SYSCLKOUT/2. XCLKOUT is the output clock provided by XINTF module. In the
process of DM9000 accessing Zone0 memory area of TMS320F28335 through XINTF
bus, the process of accessing Zone0 includes three stages: establishment, activation and
tracking.The timing of the three stages can be configured in the register XTIMING.
In the setup phase, XZCSO is set to low level, and then the address is placed on the
address bus. In the activation phase, if data is read from DM9000, the read signal is
set to low level again; if data is written to DM9000, the write signal XWE is set to
low level. In the tracking period, when the read and write signal becomes high, it will
continue to be maintained for a period of time to ensure that the read and write process
can be completed.The establishment, activation and tracking cycle of each XINTF can
be configured through the XTIMING register. Through the design of the circuit module
and the configuration of the bus timing, the operating speed of the network resource
personalized recommendation system can be improved, so that it can search for network
resources and sort them within the allowable range of the software [7].

3 Software Design of Network Resource Personalized
Recommendation System Based on Collaborative Filtering
Algorithm

3.1 Constructing the User Implicit Rating Matrix

The system’s mining of user’s implicit information is mainly through the log files of
the website, where the main analysis and use of user behavior records, which mainly
include user name, target IP, number of visits, visit duration, application type, etc., can
be used for user interests [8]. It is expressed by the type of item visited, that is, the type of
website visited. The interests of users are reflected by the websites they browse, and are
classified according to the application types of the websites, and each application type
includes at least one item. Since the log data has been classified according to application
types, the realization of user interest classification is relatively simple. According to
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the record information of users visiting learning website, the user interest is mapped,
and the user interest degree is transformed into implicit scoring of project resources by
users, and the implicit scoring matrix of users is established. Considering the timeliness
of the system recommendation, the user’s latest browsing record is the most favorable
for the recommendation effect, which makes the recommendation result very accurate,
so the system selects the magazine file data of the last month as the analysis object [9].
Because this article analyzes and mines the user’s implicit rating information, the rating
information is indirectly reflected by the user’s behavior when browsing the page. In
order to intuitively describe the user’s interest in the project, the interest is converted
into an interest value, the data weight based on the user’s visit time is introduced, and
the user’s interest value is generated in combination with the number of visits. Based on
the time weight function, the calculation formula of Wi(m, n) can be obtained as:

Wi(m, n) = (1− βx) + β × Dmn

Tm
(1)

Where,Wi(m, n) is the time weight function of a user accessing a network resource;
βx is the index to adjust the weight growth, that is, to change the speed of weight change;
Dmn represents the access time of userm to resource n;Tm is the time interval for userm to
access such resources. Considering that in a period of time, some users’ interests may be
more scattered or concentrated, which will have a certain impact on the recommendation
effect to a certain extent, the appropriate correction should be made according to the
number of types of users’ interests in the quantitative scoring. The user scoring value
formula is as follows:

Hmn = βm

Ci
× Kmn (2)

In the formula,Hmn represents the value of userm’s interest in network resource n;βm

represents the adjustment parameter of network personalized information classification,
generally taking a value of 1; Ci represents the standard threshold of user i for the item;
Kmn represents the user’s interest in a certain network resource The value of the score.The
behavior records of a user in the network are obtained from the log file, and then these
behaviors are classified as Ci = {C1,C2, · · · ,Cn} according to the user’s interest, and
then the implicit scoring matrix of the user is output. The length and times of user I’s
access to item J are extracted from the log file and recorded as Dmn and Tm respectively.
The time weightWi(m, n) is obtained by formula (1), and then multiplied by the number
of visits to obtain the user interest value. According to formula (2), the user’s rating
value is obtained, denoted as Hmn, and then the user’s rating value of the item is divided
into 6 standards from 0 to 5, and a threshold value is set for each standard, denoted as
CLi = {CL1,CL2, · · · ,CLn}, and then the relevant threshold value is passed Evaluate
the corresponding interest value, repeat the above steps, calculate the user’s score for all
access items and the score for all application types, and finally form the user’s implicit
score matrix.
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3.2 Design User History Information Personalized Classification Standard Based
on Collaborative Filtering Algorithm

Firstly, preprocess the historical query information on the web, and use a vector com-
posed of multiple search keywords to represent the vector model of the similarity of
historical query information on the web to improve the accuracy of retrieval. On this
basis, the temporal semantic classification of the information in the network historical
query information database is carried out, and the temporal semantic feature vector is
extracted. At this point, a vector model should be established first, so that the vector can
represent network history query information in this feature space, and all the temporal
semantic sentences related to the network history query information in the database
are extracted to establish this vector model. Every feature in the vector model has its
eigenvalue, that is the weight of the feature. Each temporal semantic keyword is one of
the feature dimensions. Assuming that there are I temporal semantic keywords in the
database, the feature dimension in the database is also I. For a web history query infor-
mation Hi, we can use the frequency of temporal semantic keyword Hj in the database
to calculate the weight of temporal semantic keywords, and take the similarity as its
continuous measurement index. The formula for calculating the frequency of temporal
semantic keywords is as follows:

Hij = μij

γj
(3)

Among them,Hij represents the frequency of temporal semantic keywords,μij repre-
sents the frequency of temporal semantic keywords appearing in historical online query
information, and γj is the most frequent occurrence of temporal semantic keywords in
historical online query information. The number of times. This formula is mainly used to
calculate the relative frequency of a temporal semantic keyword in the online historical
query information. The temporal semantic keywords appearing in the network history
query information are transformed into a vector according to the frequency order. The
content of the network history query information is extracted, the attributes and attribute
values are extracted, and the temporal semantic vector describing the content of the
network history query information is characterized. Each web history query informa-
tion has different temporal semantic features, so when calculating the similarity of web
history query information, we need to first consider the concept attribute.Assuming that
the concept G has an instance g, the instance g can be represented as gy = Wη[CL],
where D = (D1,D2, · · · ,Dm). At this point, the similarity of instance G and Q can be
calculated. First, the attribute vector of instance G and Q is a common attribute vector
through the above method, and then the similarity of the historical query information of
the network is calculated according to the attribute value, and the comparison of the two
instances [10]. The formula for attribute value and similarity is as follows.

αG(m, n) =
n∑

t=1

μij + γj

2
· αG(m1, n1) (4)

Among them, μij and γj are the weight coefficients of attributes m1 and n1 in each
vector, which are preset parameters. They are usually the statistical values obtained
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after preprocessing the network history query information. The final weight value of the
network history query information is determined by this statistical value, and its value
range is [0.1]. By substituting the above similarity into the semantics of the network
history query information, the similarity between the network history query information
and the standard semantics can be calculated, and then the personalized classification
standard of the user’s network history query information can be obtained [11].

3.3 Establish a Personalized Recommendation Model for Network Resources

When building the recommendation model, the set of neighboring users of the target
item is obtained through the above formula, and then the target user’s score of unknown
items is predicted according to the score of neighboring users, and the items with higher
prediction score are recommended to users [12]. The algorithm for predicting, scoring
and recommending unknown items is shown in Fig. 2:

Enter the target user rating recommendation set

Calculate the predictive score

Traverse all user metrics

start

There are Unrated users

yes

no

Calculate the actual score value of the 
user

Precision index > 1

Calculate the prediction scoring 
accuracy

Sort by score

end

no

yes

Fig. 2. Algorithm flow

As shown in Fig. 2, it is first necessary to input the nearest neighbor sets of various
types of target users in the algorithm, such as Ci = {C1,C2, · · · ,Cn} above, and then
use formulas to calculate the target user’s predicted scoring value for unknown items
and the ranking of recommended items. Assuming that the project user isCi, the unrated
projects of the network resource Xn can be roughly summarized in a set of projects. Then
use the evaluation formula to calculate the predicted accuracy value:

Gm,n =

m∑
i=1

sim(m,Gi) × HM

n∑
j=1

∣∣sim
(
n,Gj

)∣∣
(5)

Where, Gm,n is the precision index between the predicted value and the actual value
of user m in network resource item n; sim(m,Gi) represents the predicted value of
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a user relative to a network resource; sim
(
n,Gj

)
the actual Recommendation Index

of a user relative to a network resource; HM represents the user’s own rating of the
item.If the accuracy does not meet the standard, repeat the calculation steps of the user’s
recommended predicted value for the network resource until the accuracy of the scoring
items of all users reaches the standard value. Finally, the score values of the unknown
items in all types of the target user are calculated, and the predicted score values are
sorted from high to low, and the top X items are selected as recommended items.The
algorithm can recommend the users who first visit the network resources, classify the
interests according to the types of network resources accessed by users, mine the implicit
information of users in the system described in this paper, and calculate the similarity to
produce the nearest neighbor, and finally recommend the similar items.With the increase
of access to network resources and the extension of time, the number of recommended
projects will be more and more, and the accuracy is also higher and higher.

4 Experimental Research

4.1 Experiment Preparation

The evaluation of personalized recommendation system is also an important content.
If the results of recommendation can not meet the personalized needs of users, it will
reduce the user’s trust in personalized recommendation service, and recommendation is
meaningless. On the contrary, if the personalized recommendation results are consistent
with the user’s personalized needs, it will enhance the user’s sense of trust in the system.
More importantly, it can help users solve the problem of “information overload” and lack
of personalized services, so that users can reduce the time cost of finding the resources
they need.Therefore, it is very necessary to evaluate the recommendation effect of the
algorithm. Use the SPM method to calculate the similarity between the predicted score
and the user’s real score in the recommendation results of the personalized recommen-
dation system to measure the recommendation accuracy of the recommendation system,
calculate the average absolute error (MAE), and detect the items recommended by the
personalized recommendation system Whether it is appropriate, statistics recommend
the frequency of correct or incorrect. The MAE value is used to calculate the error value
between the predicted score of the recommendation algorithm and the actual score, so
MAE only calculates the resource items that the user has scored in the test data set.The
smaller the MAE value, the higher the recommended accuracy of the proposed algo-
rithm. If the score set of I users in n network resources can be expressed as ni, the user
score predicted by the system can be expressed as kyi,j and the real score of the user can
be expressed as kzi,j, then the calculation of the average absolute error can be expressed
as:

ηi =
∑ ni

j−1

∣∣kyi,j − kzi,j
∣∣

ni
(6)

In the formula, ηi represents the absolute error of the resource recommendation
accuracy of the network resource personalization system. Take the average of the MAE
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values of the selected i users to get the overall average absolute deviation of the algorithm:

ηi =

n∑
i=1

ηi

i
(7)

Whereηi is the average absolute error of the recommendation accuracyof the network
resource personalization system; i is the number of users who scored. Through the
previous article, we know that the selection of similar user groups has a great impact
on the final recommendation results. In the case of selecting different neighbor sets,
the stability of recommendation accuracy is a big index to measure the efficiency of
collaborative filtering recommendation algorithm.Therefore, this experimentwill design
experiments to test the algorithm.Taking movie scoring as an example, a data set on
network resources is established, and the Movie Lens data set provided by the Group
Lens project research team of the University of Minnesota is used as the data set of
this experiment. This includes nearly 200,000 rating data on 2,249 movies from 10,484
users, and each Web user has rated at least 19 of them. In the experiment of this article,
the training set and the test set are divided into 5 cross-validation, and the data set is
randomly divided into 5 groups. Each test set occupies about 20% of the total data.
Therefore, it can be known that the total data of the data set The amount is about 80%
to form 5 sets of test sets and training sets.

4.2 System Personalized Recommendation Test

Under the same experimental conditions and experimental environment, five rounds of
cyclic experimentswere carried out on the experimental group and the control groupwith
different training sets and test sets, and their recommended results were compared with
the test set data, and five sets of experiments were calculated. In, set up the experimental
group and the control group respectively. The experimental group is the recommendation
system based on the collaborative filtering algorithm designed in the article, and the
control group is the personalized recommendation system based on system dynamics
proposed in the literature [2], literature [3] The personalized recommendation system
based on association rulesmentioned in [4] and the personalized recommendation system
based on TensorFlow proposed in [4]. In the same test set, different sizes of neighbor sets
are selected to test and compare the traditional collaborative filtering recommendation
algorithmwith the optimized recommendation algorithm. In this experiment,we increase
the number of neighbors from 1 to 200, and the test results are shown in Fig. 3.

According to the experimental data of the five test sets in Fig. 3, the size of the neigh-
bor set has a significant impact on the average relative error value, that is, the accuracy
of the system recommendation. With the increase of the neighbor set, the average rela-
tive error value will gradually decrease, and the accuracy of the recommendation will be
improved. In the comparative test of the four systems, the network resource personalized
recommendation system based on collaborative filtering algorithm is smaller than other
systems, and has higher recommendation accuracy in the five test sets. From the experi-
mental data in Fig. 4, we can know that the personalized recommendation system based
on collaborative filtering algorithm designed in this paper has better recommendation
accuracy than several existing systems.
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Fig. 3. System performance comparison test
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Fig. 3. continued

5 Conclusion and Prospect

The collaborative filtering recommendation system was born in the field of e-commerce
and has been widely and successfully applied. Traditional websites can only recommend
unified network resources to customers, but are unable to meet the individual needs of
customers. In order to provide them with personalized network resource recommenda-
tion, we learn from the successful application of collaborative filtering recommendation
technology in the field of e-commerce, and try to introduce this technology into the net-
work environment design in this research.Based on the three systems of literature [2],
literature [3] and literature [4], this paper optimizes them. Then, based on the optimized
collaborative filtering recommendation algorithm, a personalized network resource rec-
ommendation model is proposed. Finally, a personalized network resource recommen-
dation system is designed and implemented to meet the personalized needs of customers
and improve the efficiency of the network.
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Although this method seems to have achieved some results, there are still many
deficiencies in the research. In the future, research will be conducted on the category
and amount of network data to improve the effectiveness of recommended resources.
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