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Abstract With the rapid development of Internet and information computing, we have entered the era of information
explosion. The exponential growth of all kinds of information in the network makes it more and more difficult for users to
find the information they need from a large amount of information, and the problem of information overload is becoming
increasingly prominent. Recommender system plays a very important role in alleviating the problem of information over-
load. This method studies the user’s interest preference for personalized calculation, and the system finds the user's interest,
and then guides the user to find their own information needs. At present, recommender system has become a hot issue in
industry and academia. It has a wide range of applications, such as e-commerce, conversation recommendation, article
recommendation, intelligent medical and so on. Traditional recommendation algorithms mainly include content-based
recommendation, collaborative filtering recommendation and hybrid recommendation. Among them, collaborative filtering
recommendation is one of the most widely used and successful technologies in recommender system. This method uses the
similarity between users or items and historical behavior data to recommend target users, so there are problems of user
cold start and project cold start. In addition, with the rapid growth of information, traditional collaborative filtering re-
commender system will encounter serious data sparsity and scalability problems in the face of the rapid growth of data. In
order to alleviate or even solve these problems, recommender system researchers have done a lot of work. In recent years,
in order to improve the recommendation effect and user satisfaction, scholars began to pay attention to the diversity and
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interpretability of recommender system. Because deep learning method can learn an effective feature representation by
discovering the nonlinear relationship between users and items in the data, it has attracted more and more attention of re-
commender system researchers. The current work is mainly to use scoring data, social network information and other areas
of information and other auxiliary information, combined with deep learning, data mining and other technologies to im-
prove the recommendation effect and improve user satisfaction. In this regard, this paper first summarizes the recom-
mender system and traditional recommendation algorithm, and then focuses on the related work of collaborative filtering
recommendation algorithm. It includes the task of collaborative filtering recommendation algorithm, evaluation index,
common data sets and the work and efforts of scholars in solving the problems of collaborative filtering algorithm. Finally,

several possible research directions in the future are proposed.

Key words recommender system; collaborative filtering; sparsity; deep learning

1 35l5

TR WA S SR AR A R, TR T R A
i, AL G REEER I AC, SR IX L5 55
AGEAENTIORL, P ENKEAE B T3k
A UG BAAHBOR R INME . 53— T7 1, A5 B2k r=J7
FESUIR T P R £ S HERR 4 L, i
AN SO AR, B BLAT LUSEBLT A T 1 19
HERE RGBT A . (A7 kU, HEAE RGTREARSE H
(30 5 >3 Bt P R, A T T AT A,
PG rfs BHErE s 7, W P AR oK
HEA 2GR 44 A6) 8 b AE 2R B e 3 3 43 A ik AE
23R 73 BRI i e v s B Al A0 e e i 1 H AR AR
G VL R A N B AR > I 2 S Y ™ ¢
FEANAT 4 HS SRR, R (10 B 30T S ik 5
HNRHEREN A, R LRI AEL Ui, Wil 1 Py
e HA, HEAERG LA M A REEAR IR « b
TR, RS2, RSl &
TR SO R A A T -

(B
NS

e
i

B 1itk

B1 #FERGFHEFTRE
Figure 1 Recommendation process of recommender
system
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Figure 9 CDRS based on transfer knowledge
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Figure 11 Novel Seeking Model (NSM)
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Model: I recommend Pulp Fiction. This is a dark comedy with a great cast.

User: I don’t want to watch a comedy right now.

Model: How about /ce Age’.’ It is a very good anime with a lot of action adventure.
User: I don’t like anime,but action movie sounds goods.

Model: I recommend Mission Impossible. This is by far the best of the action series.
User: Sounds great. Thanks for the recommendation!
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Figure 13 Interpretable conversation recommenda-
tion
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