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A Caching Strategy for Internet Plus TV Based on Popularity Prediction

Zhu Chengang, Cheng Guang, Hu Yifei, and Wang Yuxiang

(School of Computer Science and Engineering , Southeast University, Nanjing 211189)

(Key Laboratory of Computer Network and Information Integration (Southeast University), Ministry of Education,
Nanjing 211189)

Abstract Internet plus TV tends to excessively consume storage space to achieve higher cache hit
ratio. A novel cache schedule algorithm called PPRA (popularity prediction replication algorithm) is
proposed in this paper based on programs popularity forecast. Firstly, according to statistical analysis
from actual measurement, we apply random forests (RF) algorithm to construct a forecasting model of
programs popularity. Subsequently, we use the principal component analysis (PCA) to overcome
dimensionality curse and accelerate the forecasting process. Finally, we validate PPRA with authentic
behavior data of a certain cable operator’s 1. 3 million users in a period of 120 days. Our experimental
results show that PPRA only consumes 30% storage space to achieve a fixed cache hit ratio compared

with LRU and LFU algorithms, therefore the cost of Internet plus TV platform is saved.

Key words Internet plus TV; popularity prediction; random forests (RF); caching strategy;

dimensionality curse
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Table 1 Internet Plus TV Data Set in Figures
F1 EEM+BRAKAHESEER

Ttem Requests Programs Clients
Daily Max 2300747 20447 407133
Daily Min 1066 706 17552 225290

Daily Median 1678506 19098 318052

Total 201420717 423254 1309381
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Fig. 1 Number of requests, active clients, and distinct

programs requested over 120 days.
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Fig. 6 Comparison of precision between RF, LR and
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D for p in sorted(CT)
@ if ((size of RTO<< W)
@  RT=RT+p;
@ else:
® break;
©® endif
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@ end for
for ¢t in (S—CT)
for ¢ in RT
if (P,>P,)
OT=0T+gq;
IT=1T+1¢;
else
continue;
end if

end for

©6600B e e

end for

@® return OT, IT.
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