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Personalized Recommendation Method Based on Hybrid Computing in Two Layers of Community

HUANG Ya-kun WANG Yang SU Yang CHEN Fulong ZHAO Chuan-xin

(School of Mathematics & Computer Science, Anhui Normal University, Wuhu 241000, China)
Abstract Researching the inner structure of sccial network has great performance in community detection. A hybrid
computing model can be constructed by the different levels of communities which have contact between them, Consider-
ing the hybrid computing model in two-layers community , we applied it to personal recommendation system. The method
makes evolution from users-items diagram into three dimensional hybrid computing model, and constructs the different
layer communities respectively by the fusion similarity, We also defined the hybrid computing layer based on the rela-
tionship in users and items, Defining different computing for new user, old users,new items and old items, HCPR can
recommend the precise and diverse information. The experiments result show that the model has great performance in

representing the relationship between users and items, Compared to the U-CF and [-CF, HCPR can ensure the precise of

the recommendation and rich diversity.
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/ /Phase one

COutput:different communities DC=

while v, >
c;=n;// each node as an independent community
simli,])=Cal-nei—mer(n;.n; ) ;
if sim(i,)) >0, 5 then

Merge(n;,n;);//merge the goal of nodes
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9. end if

10, end while

11. // Phase two

12: while v, =1

13. nj=c;/ /each division of the community then

regarded as independent nodes

14, ¢'=n;'// the work in the step one is repeated
15. sim(i,])=Cal-snei—mer(n;.n;);

18. if sim(i,j)>>0.5 then

15 Merge(n; n,) ;//merge the goal of nodes
18. end if

19, end while

20, end while
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2, Cal{ New—item ) =—item—sim
3. Dif( user—eommunity }=—item—eommunity—sser
4. Rec—tser«=Min( Sim( user—eommunity) )

5. item—sim=—user—saction,//update
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