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1. Presonalized Social Recommendations
— Accurate or Private?
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1. Presonalized Social Recommendations

— Accurate or Private?

BEEHE(1/3)

Social Recommendation Algorithm

AB:V—%ILTZ5T G=(V, E)

VIEFA—HRUEREED/—F
EXRARRY, BRBALGE

A:TvP ()

A=y A—F r ITHLT/—R i 2HETEHLEEKRT D
FIVTAVZL:r [ZHLT i 2B HHEER pi DR HTKRY

Prob.,
BEIL r (2R LT utility uibMiRBRELY
EHER 1 THEI DN, TS5MN\—R5E 08
DN=-OHERFHELT " [FPOHT”
utility® ) number of common neighbors 0.2
sum of weighted path
0 Session 26: Recommender Systems

L -Eayk . B3T. WO (55K K)

Bl P n 2



1. Presonalized Soclal Recommendations
- Accurate or Private?
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1. Presonalized Soclal Recommendations
- Accurate or Private?
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2. Levandoski et al., RecBench: Benchmarks for Evaluating
Performance of Recommender System Architectures
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1 MovieLens Datasets: http://www.grouplens.org/node/73, *2: Netflix Prize Dataset: http://www.netflixprize.com
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2. Levandoski et al., RecBench: Benchmarks for Evaluating
Performance of Recommender System Architectures
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2. Levandoski et al., RecBench: Benchmarks for Evaluating
Performance of Recommender System Architectures
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Figure 3: Initialization task.
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Figure 5: Filtered recommend results.
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Figure 7: Item prediction results.
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Figure 4: Pure recommend results.
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Figure 6: Blend recommend results.
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MRI:
Meaningful Interpretations of Collaborative Ratings
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