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Abstract In recent years, with the development and popularization of the Internet and smart mobile devices, the
promotion methods and delivery platforms of advertisements have enriched. However, the traditional advertising
push can't meet the needs of users for personalized advertising, resulting in users' resistance to advertising, which
brings great challenges to advertising push. As an effective means to deal with these challenges, personalized
advertising recommendation system has become one of the hottest research topics in the field of personalized
services. Personalized advertising recommendation system obtains users' interests and preferences, uses a variety
of personalized advertising recommendation technologies, provides personalized advertising for users through
PC-side, mobile terminals and other platforms, and has achieved good results in some application systems.
Therefore, personalized advertising recommendation system can alleviate the influence on users caused by the
content of advertisements does not meet the needs of users, or the time or location of advertisements is not
appropriate. At the same time, personalized advertising recommendation system can effectively deal with the
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challenges brought by advertisement recommendation due to the negative emotions of users and the decrease of
advertising profits, and reduce users' resistance to advertisements and enhance user experience, which not only
meets users' personalized needs, but also considers the economic benefits generated by advertisements. This
paper summarizes the research progress of personalized advertising recommendation system. Starting from the
introduction of personalized advertising recommendation, this paper expounds the differences between this paper
and the review of the existing advertising recommendation system, and leads to the writing motivation of this
paper. It points out the similarities and differences between personalized advertising and non-personalized
advertising such as other forms of advertising and traditional advertising, analyzes the differences between
personalized advertising recommendation and other personalized recommendation, highlights the uniqueness of
this field. Then, this paper deeply analyses the key technologies of personalized advertising recommendation,
including data acquisition and preprocessing, acquisition techniques for explicit and potential user preferences,
collaborative filtering, context, hybrid recommendation, click rate prediction and other personalized advertising
recommendation technologies, and classifies these key technologies in detail, finds their advantages and
disadvantages, and draws the direction of improvement. Subsequently, this paper makes a statistical analysis of
the internal data set, the open data set and the data set captured by some researchers in personalized advertising
recommendation. After that, it summarizes the traditional evaluation indicators and specific evaluation indicators
commonly used in advertising recommendation, and makes a comparative analysis and explanation of some
studies combining with the main data sets and evaluation indicators. Then it organizes the current application of
personalized advertising recommendation in traditional Internet, mobile service, digital signage, IPTV and other
scenarios, and finds out the future development direction of each scenario, and some typical applications are
listed and analyzed. In addition, advertising recommendation needs to be improved in the aspects of the
timeliness of advertising recommendation, privacy protection of users, cold start in advertising recommendation,
content sensitivity of advertising recommendation, dynamic preference acquisition of users, extension of
content-based advertising context recommendation, localization of mobile advertising recommendation system,
and utilization of multi-source data. Finally, in order to develop the personalized advertising recommendation
system, this paper discusses and prospects the problems and the further research in the future in the above
aspects of advertising recommendation.

Key words  personalized advertising; recommendation system; user preference acquisition;
recommendation; application domain; data mining
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Recently, with the development and popularity of the
Internet and smart mobile devices, it is of great help to push
advertisements. Advertisements can be seen everywhere in
daily life. Whether browsing the web or using mobile
applications, advertisements will appear in front of users in
various ways. However, the traditional large-scale
indiscriminate advertising cannot fully meet the personalized
needs of users. In addition, advertisements may have negative
effects on users due to inappropriate content, time and location,
weakening the effect of advertisement and reducing the profit
brought by advertisement. The above situation brings great
challenge to push advertisements In order to reduce users'
resistance to advertisements and enhance user experience, it is
necessary to know users' preferences when pushing
advertisements.  Advertisements  should  meet  users'
personalized needs, and considering the economic benefits
generated by advertisements at the same time, recommendation
system (RS) is a good solution. RS is widely used to help users
find items or services in line with their preferences due to the
consideration of users' tastes or interests. Coupled with users'

personalized needs for advertisements, the personalized

advertising recommendation system (PAR) comes into being.

In recent years, PAR has become one of the hottest
research topics in the field of personalized services and RS.
PAR uses a specific data set, through the acquisition of user
preferences, using a variety of personalized advertising
recommendation technology, through the PC-side online pages,
mobile terminals and other platforms to provide personalized
advertising for users, and in some application systems to
achieve good results. This paper reviews the current research
progress and practical application of PAR. Starting from the
overview of personalized advertisement recommendation, this
paper mainly analyses the personalized advertisement
recommendation technologies of PAR, such as explicit or
potential user preference acquisition, collaborative filtering,
context recommendation, hybrid recommendation, click rate
prediction, and some commonly used advertising data sets and
some evaluation indicators are sorted out. And the application
of PAR in traditional Internet, mobile service, digital signage,
IPTV and other scenarios are sorted out. Finally, this paper
summarizes and prospects the existing problems and future

research directions of PAR.



