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(1) function PP-Rank ( source, steps, alpha) {

(2)ranks = [ ]

(3)sources = [ source |

(4)rank = {source:1|

(5)for step in steps

(6) for source in sources

(7) nextLayerVertexs = getVertex ( source,, step.
direction, step. labels, step. degree )

(8)for v in nextLayerVertexs

(9) rank [ v] = (rank[ v]? rank[v]:0) +
rank [ source | * alpha/nextLayerVertexs. length

(10) end for

(11) end for

(12) ranks. push(rank)

(13) sources=nextLayerVertexs

(14)  rank =mixed (rank , sources)

(15)end for

(15)return ranks

(16) end function
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A Multi-layer Personalized Recommendation Algorithm
Combining PageRank and PersonalRank

OU Ruyue, TAO Hongcai
(School of Computing & Artificial Intelligence ,Southwest Jiaotong University , Chengdu 611756, China)

Abstract ; The traditional recommendation system can only realize the recommendation of one type of entity. In order to
solve the problem of multiple types of entities at one time, that is, multi-layer recommendation, a multi-layer personal-
ized recommendation algorithm combining PageRank and PersonalRank algorithms is proposed. Firstly, it utilizes the
characteristics of using vertices to describe entities in the graph data model, and describes the relationship among entities
by edges. Then, it takes users as the first-level entities in the graph, i. e. ,the starting point, and the historical behav-
iors(e. g. , reviewed movies) left by users as the second-level entities. Further, according to the second layer the third
layer is recommended to the user in turn, and the fourth layer up to the Nth layer of the entity list is also recommended.
The experiment on the data set obtained by crawling Douban movies shows that the model has a multi-layer recommenda-
tion effect, and has a higher accuracy and recall rate than the original PersonalRank algorithm.

Keywords : recommendation system ; multi-tier recommendation ; PageRank ; PersonalRank ; graph model



