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 Abstract Public digital cultural resources have the 

characteristics of large amount, complicated classification, and 
strong homogeneity. It is difficult for users to efficiently find 
resources of real interest in massive resources. It is a key 
technology to solve the above problems that personalized 
recommendation can capture user’s interest and actively 
recommend favorite resources. This paper addresses the 
problem of high sparseness of user cultural behavior data and 
the rapid changes in user cultural interest encountered in the 
traditional collaborative filtering approach in the public digital 
culture sharing service. Based on the characteristics of the 
semantic analysis of public digital cultural resources and the 
characteristics of the recommended algorithm, two optimization 
methods for collaborative filtering recommendation are 
proposed. The effectiveness of the proposed method to solve the 
above problems is verified by experiments. 

Keywords Public Cultural Resources, LDA, Word2Vec, 
Personalized Recommendations, Tag Extraction, Time Weighted 

I. INTRODUCTION  
Public digital cultural resources are rich and 

heterogeneous, which have a wide variety of sources from 
cultural institutions, new media (such as social networks 
application: Weibo, WeChat, etc.), statistical yearbooks in 
various cultural fields[1]. Due to the different properties of 
public digital cultural resources, they have different 
structures, which are mainly divided into structured data, 
semi-structured data, and unstructured data. It is precisely 
because of the large amount of data, rapid production, 
complex classification and strong homogeneity of public 
digital cultural resources that make it difficult for people to 
find resources that they are interested in. The purpose of the 
personalized recommendation of the public digital cultural 
resources is to use the big data technology to realize the 
resource sharing, rational distribution and personalized 
recommendation. 

One of the major challenges in the personalized 
recommendation of public digital cultural resources is the 
different types of resources, covering different types of 
videos, pictures, texts, and links to books. The attributes of 
each type of resource are also different. A single personalized 
recommendation algorithm is applicable to different types of 
resources. The simplest approach is to break away from the 
content features of the resources themselves, and recommend 
them only from the perspective of resource metadata and user 

preferences. However, collaborative filtering methods have 
problems such as high sparsity, user interest change. 

For the public digital cultural platform, the number of 
user visits on the platform has been growing steadily, while 
the amount of platform cultural resources has continued to 
update. As a result, most users only score a small amount of 
resources, making the actual platform data highly sparse. The 
traditional collaborative filtering algorithm only considers the 
user's score value for the resource and cannot reflect the user's 
interest change in time. However, in the actual life 
application, the user's interest in the resource changes with 
time. This paper uses the method of natural language 
processing to analyze the metadata of public digital cultural 
video resources, and combines personal recommendation 
with the collaborative filtering algorithm that is widely used. 
Optimizations based on tag fusion and time-weighted 
recommendations are used to help solve the above mentioned 
problems. 

The rest of the paper is organized as follows. Section 2 
introduces the related work. Section 3 shows the construction 
of resource semantic tag library and the optimization methods 
for collaborative filtering recommendation on public digital 
culture platform. The experimental process and result were 
analyzed in Section 4. Finally, conclusion and future work are 
given in Section 5. 

II. Related woRK 

A. Public cultural service resources construction 
As early as the 1990s, the United States Library of 

Congress had launched the National Digital Library Project 
called “The Memory of the United States.”[2] The purpose of 
this project is to digitally integrate the cultural heritage 
include text, video, and voice forms, of the United States 
during its 200 years of establishment. Since the project was 
launched, it has received responses from all walks of life that 
has more than 9 million digital resources and more than 100 
special collections. In order to achieve the sharing of 
European cultural and scientific resources, since 2006, the 
European Digital Library (EDL) project[3] has been launched 
to integrate more than 2,000 related institutions in more than 
20 countries, which have promoted the exchanges and 
collisions between institutions, users and cultures, and have 
played an important role in the construction of public culture. 
In September 2010, the Ministry of Culture of France began 
a total budget of 750 million euros for the “Digitalization of 

Sponsors: the Support Program of the National Philosophy and Social 
Science Fund Project (15BXW061) “Collective Memory and National
Identity in Internet Age". 
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Culture, Science and Education Contents” project 
(abbreviated as the “Cultural Digitization Project”)[4]. In 
2010, the Library of Congress of Japan is ready to build new 
system NDL Search [5]for data retrieval for offering better 
service. The new system has successfully improved the 
shortcomings of the old system with low search accuracy and 
small search scope. NDL Search will continue to add various 
types of databases and provide metadata to more 
organizations.  

Based on information technology, scholars have studied 
the digital information services of public culture for user’s 
cultural interest experience. Liu et al.[6]proposed information 
intelligence service patterns based on knowledge innovation, 
including specialized information intelligence patterns, team 
service patterns supporting “E-science”, and knowledge-
based information intelligence service patterns; Wei[7] 
proposes a new pattern of knowledge service for digital 
library that enhances knowledge service capabilities from the 
perspectives of user retrieval and personalized notification; 
Sun [8] analyzed the role of the semantic grid in the 
knowledge push service, put forward the architecture and 
overall framework of the personalized recommendation of 
the digital library based on the semantic grid, and introduced 
the realization process of the system implementation. Wang 
[9] et al. proposed a semantic service model based on 
semantic grid, and elaborated several important parts of the 
model, and also summarized the idea of personalized search. 

B. Personalized Recommendation 
Since 2000, many researchers have started to study 

personalized recommendation technologies. For example, 
Du[10] from Institute Of Computing Technology Chinese 
Academy of Sciences proposed a multi-service 
recommendation mechanism based on Bayesian networks for 
recommendation systems. Tsinghua University’s Zeng [11] 
proposed a personalized recommendation algorithm based on 
content filtering in order to make better use of Chinese 
information for recommendation. Xing[12] et al. proposed 
the linear time weight function, introduced a time function in 
the score prediction, and adjusted different weight scores 
according to the resources at different access times to find the 
resources that the users are interested in recently. Cai [13] et 
al. considered that the resource tag implies the content of the 
resource and the user's preference, and proposed a tag-based 
collaborative filtering recommendation algorithm. 

This paper focuses on how to solve the problem of data 
sparseness and user interest changes in the recommendation 
system of public digital culture sharing services. This paper 
proposes two kinds of recommendation methods. One is a 
collaborative filtering recommendation method based on 
label fusion, which builds a user-tag matrix by matching 
resource tags, and maps high-dimensional space data to low-
dimensional space. By using semantic tags to represent the 
user's interest preferences, the data sparsity of a single 
collaborative filtering approach is reduced. The other one is 
a time-weighted collaborative filtering recommendation 
method, which introduces a time-forgotten curve function in 
user access process, and adjusts user's score according to the 
time's interest weight so as to help solve the problem of user 

interest change in collaborative filtering recommendation. 

III. METHODOLOGY 

A. Semantic Analysis of Public Digital Cultural Resources 
1) LDA-based resource semantic tag extraction 

For a large number of public digital cultural resources, 
cultural resources need to be categorized according to the 
topic content. At this time, the semantic tags of the resources 
need to be defined [14], so that the resources under the same 
topic tag can be further categorized and aggregated. Through 
semantic analysis to find out the related content topics of 
resources, it is possible to aggregate the same or similar topics 

 
Figure 2 LDA Graph model 

 
in the public digital cultural platform. The currently used 
topic modeling method is the Latent Dirichlet Allocation 
model[15][16][17]. 

LDA is the implicit Dirichlet distribution, which is a 
probabilistic document subject generation model that can 
discover potential topics in large-scale document sets or 
corpora. The model assumes that each word is extracted from 
a potential topic, each document is represented as a 
distribution of topics, and each topic is represented as a 
probability distribution of words. 

The basic idea of the LDA is that the document contains 
a topic with a certain probability, and the topic contains 
certain words with a certain probability. In this case, the 
probability of a word appearing in a document is: 
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The topic-word distribution generated by the LDA 

model is shown in Figure 2. For each resource, a weighted 
calculation is performed based on the probability distribution 
of the generated results, and the top TopN vocabularies with 
the largest weight score are taken as the label vocabulary of 
the resource. 

2) Word2Vec-based resource semantic tag extension 
In the language model training process, each word is 

mapped into a vector space of a specified dimension through 
the training of the deep neural network model 
Word2Vec[18][19], where each word vector is a point in the 
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vector space. With word vectors, the semantic similarity 
between words can be judged by their distance. 

As mentioned earlier, this paper calculates the semantic 
label of each public digital cultural resource through the 
method of LDA topic analysis. However, due to the limited 
data information of resource metadata, the number of 
resource tags may be too small. In order to solve this problem, 
this topic uses the Word2Vec model to expand the semantic 
tags of resources to build a resource tag library. 

Word2Vec contains Continuous Bag of Words (CBOW) 
and Skip-gram models, which is shown in Figure 3. Through 
these Word2Vec, the context information can be fully 
considered, and better results are obtained in the vector 
representation of training words. 

W(t)

W(t-2)

W(t-1)

W(t+1)

W(t+2)

Projection OutputInput

 
Figure 3 Skip-gram model of Word2Vec 
 
The work of this paper is based on the public cultural 

network data of the auxiliary services, such as cultural news, 
etc., to construct a large-scale corpus. Afterwards, through 
the use of corpus data, Word2Vec's skip-gram model was 
trained by a stochastic gradient descent method. After 
multiple iterations until convergence, each word was 
represented as a vector value. Then, the word vectors are 
calculated by using the Pearson correlation coefficient[20] to 
obtain the correlation between the words. According to the 
pre-defined thresholds, the labels that meet the threshold 
conditions are filtered out as extended semantic labels. 

3) Construction of semantic tag library 
In the public digital cultural data platform, the semantic 

module of cultural resources needs to be studied, for the 
purpose is to support the user's portrait study and the 
optimization of the personalized recommendation algorithm. 
The content theme related to cultural resources can 
correspond to resources more rationally and efficiently. 

As shown in Figure 4, in this module, the cultural 
resource metadata and network public cultural data will be 
extracted from the database, and the corpus will be 
constructed through experimental optimization of data 
cleansing; the LDA theme model will be constructed and the 
content of the cultural resources will be analyzed to extract 
semantic tags. At the same time, Word2Vec's deep neural 
network structure will be used to transform the resource tags 
into vectors, construct a vector space model, and further 
expand the resource tags according to the semantic tags 

obtained by LDA. Finally, a semantic tag library for public 
digital cultural resources was constructed. 
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Figure 4 Semantics Analysis Module Architecture 

B. Collaborative Filtering Recommendations for Public 
Digital Cultural Resources 

1) User collaborative filtering recommendation based on 
tag fusion 

In the analysis module of the public cultural big data 
platform, the use of the semantic information of public 
cultural resources to achieve the extraction of semantic tags, 
and semantic tags to a certain extent, reflects the user's 
preferences for different tag resources[21]. When user-based 
collaborative filtering algorithm is used to calculate user 
similarity, the use of tag information to expand neighbor 
users can effectively alleviate the high sparseness of data. 

In order to solve the high sparseness problem of user 
ratings of public cultural big data platform, and make full use 
of tag information to improve the effect of personalized 
recommendation, this paper proposes a user collaborative 
filtering algorithm that uses semantic tags to select neighbors. 

Through the matching of public cultural resources, the 
accuracy of similarity calculations will be improved, and the 
effectiveness of personalized recommendation of public 
cultural big data platforms will be improved. 

Different from the traditional scoring matrix constructed 
by the collaborative filtering recommendation algorithm, the 
tag-based recommendation algorithm introduces a three-
dimensional relationship between the user-resource and the 
tag by introducing a tag. 

As shown in Figure 5, where���� denotes the score of 
user i for resource j in the user-resource rating matrix, ��  
denotes the weight of tag k for resource j, and the weight 
value is calculated by the semantic tag extraction module 
above. And !�  represents the score value obtained by the 
user i weighing the label k, which is defined as: 

!� �" ��� � �� �#$
 

This builds a user-label rating matrix. 

561



u1

u2

u3

u4

t1

t2

t3

t4

i1

i2

i3

i4

i5

u1

u2

u3

u4

t1

t2

t3

t4

r11

r12

r44

r45

r22

w11

w33

w54

s11

s32

s44

s21
s22

s42

 

Figure 5 User-resource-label relationship diagram 
 

2) Time-weighted user collaborative filtering 
recommendation 

Many scholars according to the study of memory 
forgetting rule [22][23], design time weight functions, and 
forgotten curves of different knowledge have common 
characteristics: they fall rapidly at a certain period of time, 
then the rate gradually slows down, and in the end it tends to 
be stable. The psychologist Ebbinghaus studied the 
phenomenon of forgetting and obtained an amnesia curve 
[24] as shown in Figure 6. 

The abscissa time in the forgotten curve is similar to the 
interval between the current time of the system and the 
accessed time of the resource in the recommended system, 
and the ordinate memory is similar to the time weight value 
of the resource in the recommended system. 

And the user's memory decay rate in the forgotten curve 
is similar to the user's interest rate of resource decay in the 
recommendation system. 

 

 

Figure 6 Ebbinghaus memory forgetting curve 
 
 

Therefore, based on the forgotten curves, many scholars 
have proposed exponential time functions and logarithmic 
time weight functions. The algorithm proposed in reference 
paper[25] uses an exponential time weight function, as shown 
in equation: 

�%&�'( )� � *+,
-.(/
0.  

Where 12(�  represents the time interval between the 
current time and the last access time of user u accessing 
resource i, and 32 represents the time span of user u using 
the recommended system. 4 # �5(6� is the time weight 
coefficient, which indicates the speed of the resource weight 
change with time. The larger the 4  value, the faster the 
weight growth rate. In actual parameters, the accuracy of 
recommendation can be improved by adjusting the value of 
4. 

3) Collaborative filtering recommendation optimization 
of public digital cultural resources 

The recommendation method based on the contents of 
public digital cultural resources is based on the labeling of 
cultural resources and the changes in the interests of users. 
The analysis is based on the current access resources and the 
interests of current users, and personalized recommendations 
are provided. 

The idea is shown in Figure 7. First, according to the 
logs of the public culture sharing service platform, user user 
behavior data is extracted and a user-resource rating matrix is 
constructed. According to the tag library of public digital 
cultural resources constructed in this paper, matching the 
interest tags of users who have visited the resources and 
weighted calculations, the user-tag rating matrix shown by 
the Dash line block 1 in the figure is constructed;At the same 
time, based on the original user-resource rating matrix, an 
exponential time weight function is introduced to calculate 
the user's interest weight in historically visited resources. The 
weighted calculation results in a time-weighted user-resource 
matrix shown by the dashed line block2 in the figure. Thus, 
the matrices obtained by the two methods are merged to 
obtain a mixed weighted user-tag matrix. 

Further, the similarity between users is calculated based 
on the Pearson correlation coefficient, the k-nearest neighbor 
user set is selected, TopN resource sorting calculation is 
performed, and the recommended result is provided to the 
public culture sharing service platform through the API 
service interface.Then the platform further makes 
recommendations to users who are using public cultural 
services to provide personalized resources. 
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Figure 7 Hybrid collaborative filtering recommendation method for public digital cultural resources 

 

IV. EXPERIMENTS 

A. Dataset 
The public digital culture national shared service 

platform collects platform operating data from the server, 
which mainly includes two types of data, namely metadata of 
the resources and user behavior data of the platform. The 
metadata of the resource contains different tags for extracting 
resources and builds a tag system. 

The user behavior record generated by the platform is 
used to train a personalized recommendation system. The 
amount of resource data is as high as 8980 records. The user 
behavior record is a total of 89092 records, including 5608 
user's scores for 8980 resources with the score range from 1 
to 10. 

B. Results and analysis 
In the collaborative filtering method, it is necessary to 

rely on the over-evaluated resources shared by the two users 
to obtain the similarity between the users, but because the two 
users share few scoring resources, the similarity obtained can 
be inaccurate or even close to zero. 

The user-tag matrix obtained by using the tag 
optimization represents the degree of user's interest in 
different tags. Even if there are no resources that share the 
same score, tags that are of common interest to the user can 
be obtained. Therefore, users can use the common favorite 
tag to calculate their similarity. 

This not only alleviates the sparseness of the original 
data, but also converts high-dimensional data calculations 
into low-dimensional space calculations, thus solving the 
dimensional disaster problem caused by too many resources. 
The experimental results obtained by this algorithm are 
described below. 

According to the study of collaborative filtering 
recommendation by Herlocker et al., the sizes of neighbors 
set are 50, 60, 70, 80, 90, 100, 110, 120, 130, and 140, 
respectively. 

With the change in the number of neighbors, Tag-based-
CF based on tag optimization and time-based weighting, and 
User-based-CF-based Precision, Recall, and F-measure 
value, respectively, are compared. 

The experimental results are shown in Figure 8-Figure 
10. 

 

Figure 8 Effect of optimization combined with label and 
time-weighted fusion on accuracy 

0.2
0.22
0.24
0.26
0.28
0.3

0.32
0.34

50 60 70 80 90 10
0

11
0

12
0

13
0

14
0

A
cc

ur
ac

y

Number of neighbors

User-based-CF

Tag-based-CF

Time weight-based-
CF
Combined-based-CF

563



  

Figure 9 Effect of optimizing the combination of label and 
time-weighted fusion on recall rate 

  

Figure 10 Effect of optimizing the combination of label and 
time-weighted fusion on F1 

 
According to Figure 8-Figure 10, when the experimentally 

set neighboring users are in the range of 70-110, the absolute 
mean error indicator will be more stable than the two methods 
based on the label fusion and time-weighted optimization 
methods. In this range, The absolute average error is 
generally reduced. Compared to the traditional user 
collaborative filtering, when the number of neighbor users is 
120, the MAP value is reduced by a maximum of 0.1467. 
Compared with the traditional user collaborative filtering, the 
accuracy of recommendation list, compared with the 
optimization methods of both label fusion and time 
weighting, the accuracy is increased by 0.0917 when the 
neighboring user is 70. The recall rate was increased by 
0.1533 when the number of neighbor users was 60. The F-
measure value was increased by 0.1306 when the neighboring 
users were 70. 

It can be concluded that when the user's neighbor 
parameters are within the scope of the experiment, combined 
with the label fusion and time-weighted optimization 
methods, the accuracy rate, recall rate, and F-measure value 
recommended by the method are all obviously better than the 
experimental indicators of their respective optimization 
methods. 

V. CONCLUSION 
In this paper, by studying the characteristics and 

classification of public digital cultural resources as well as the 
advantages and disadvantages of commonly used 

recommendation algorithms and their applicable scenarios, a 
method of integrating topic models and word vector models 
is proposed, semantic analysis of public digital cultural 
resources is conducted, and a resource semantic tag library is 
constructed. 

At the same time, two kinds of optimized 
recommendation methods are proposed for the different 
problems in the platform recommendation of public digital 
cultural resources. One is collaborative filtering 
recommendation based on tag fusion, and the other is time-
weighted collaborative filtering recommendation that applies 
to the user's current interest. The algorithm experiments 
verify that the combination of the two methods is better than 
a single collaborative filtering recommendation in terms of 
accurate indicators. 

In this paper, the research of algorithm is based on 
collaborative filtering recommendation. This method must 
establish user-resource rating model according to the user's 
behavior data. However, in many times we can't establish the 
model through the user's explicit or implicit behavior. 
Therefore, collaborative filtering recommendations cannot be 
applied in this case. Future work may consider introducing 
another algorithm to make up for the gaps in user behavior, 
such as the combination of content-based recommendation 
methods to solve the problem of cold start, and use a mixture 
of multiple recommendation methods to generate 
recommendations for users in a wider range. 

ACKNOWLEDGMENT 
We would like to thank all colleagues and students who 

helped for our work. We thank the National Philosophy and 
Social Science Fund Project (15BXW061)“Collective 
Memory and National Identity in Internet Age" for partially 
supporting our research. 

REFERENCES 
[1] Yan Chunzi. Construction of Public Cultural Digital Resource 

Aggregation Service Platform [J]. Library Science Research, 
2016(11):45-47. 

[2] http://memory.loc.gov/ammem/index.html. 
[3] http://www.theeuropeanlibrary.org/tel4/. 
[4] Deng Wenjun, Li Fengliang. Study on French Foreign Cultural 

Communication Strategy in Digital Age[J]. Journal of Tianjin Normal 
University (Social Science Edition), 2015, (03): 43-47. 

[5] http://www.ndl.go.jp/. 
[6] Liu Yanling. Knowledge Innovation and Information Intelligence 

Service [J]. Shi Zhi Xue Bao, 2008 (1): 197-198. 
[7] Wei Siting. A New Model of Knowledge Service in Digital Library 

Combining Alternative Metrology [J]. Library and Information 
Science, 2015(2):87-92. 

[8] Sun Yusheng, Dong Hui. Research on personalized recommendation 
of digital library based on semantic grid——architecture and overall 
framework[J]. Information Security Theory and Practice, 2009, 
32(6):63-66. 

[9] Wang JX, Huang T, Li X. Research on educational knowledge service 
system based on semantic grid[J]. China Electro-Technical Education, 
2006(5): 93-96. 

[10] Du Jing, Ye Jian, Shi Hongzhou, He Zhe, Zhu Zhenmin. Research on 
Multi-Agent Service Recommendation Mechanism Based on 
Bayesian Network[J]. Computer Science, 2010, (04): 208-211. 

[11] Zeng Chun, Xing Chunxiao, Zhou Lizhu. Personalized Search 
Algorithm Based on Content Filtering[J]. Journal of Software, 2003, 
(05): 999-1004. 

0.1

0.15

0.2

0.25

0.3

0.35

50 60 70 80 90 10
0

11
0

12
0

13
0

14
0

R
ec

al
l

Number of neighbors

User-based-CF

Tag-based-CF

Time weight-based-
CF
Combined-based-CF

0.15

0.2

0.25

0.3

50 60 70 80 90 10
0

11
0

12
0

13
0

14
0

F1

Number of neighbors 

User-based-CF

Tag-based-CF

Time weight-based-
CF
Combined-based-CF

564



[12] Xing Chunxiao, Gao Fengrong, Han Sinan, et al. Collaborative 
Filtering Recommendation Algorithm Adapting to User Interest 
Changes [J]. Computer Research and Development, 2007, 44(2): 296-
301. 

[13] Cai Qiang, Han Dongmei, Li Haisheng, et al. Personalized Resource 
Recommendations Based on Tags and Collaborative Filtering[J]. 
Computer Science, 2014, 41(1):69-71. 

[14] Trant J. Studying Social Tagging and Folksonomy: A Review and 
Framework[J]. Jodi Journal of Digital Information, 2009, 10(2009). 

[15] Blei D M, Ng A Y, Jordan M I. Latent dirichlet allocation[J]. Journal 
of machine Learning research, 2003, 3(Jan): 993-1022. 

[16] Blei D M. Probabilistic topic models[J]. Communications of the 
ACM, 2012, 55(4): 77-84. 

[17] Bela A. Frigyik, Amol Kapila, and Maya R. Gupta. Introduction to the 
Dirichlet Distribution and Related Processes. ee.washington.edu. 
Retrieved 14 May 2015. 

[18] Mikolov T, Chen K, Corrado G, et al. Efficient Estimation of Word 
Representations in Vector Space[J]. Computer Science, 2013. 

[19] Le Q V, Mikolov T. Distributed Representations of Sentences and 
Documents[J]. 2014, 4:II-1188. 

[20] Herlocker J L. Evaluating collaborative filtering recommender 
systems[J]. Acm Transactions on Information Systems, 2004, 22(1):5-
53. 

[21] Liu Jian, Zhang Wei, Chen Xuan. Personalized Recommendation 
Algorithm Based on Tags and Collaborative Filtering[J]. Computer 
and Modernization, 2016(2):62-65. 

[22] Zheng Xianrong, Cao Xianbin. Research on Linear Progressive 
Oblivion Collaborative Filtering Algorithm [J]. Computer 
Engineering, 2007, 33(6): 72-73. 

[23] Song Lizhe, Niu Zhendong, Yu Zhengtao, et al. A Method of User 
Interest Drift Based on Mixed Model [J]. Computer Engineering, 
2006, 32(1): 4-6. 

[24] Ebbinghaus Forgetting curve [EB/OL]. https://baike.baidu.com/item/ 
Forgotten curve 

[25] Li Kechao, Liang Zhengyou. Forgetting Collaborative Filtering 
Algorithm Based on Exponential Changes of users[J]. Computer 
Engineering and Applications, 2011, 47(13):154-156. 

565


