S A ki o B =
LR U

CAAI TRANSACTIONS ONJINTELUIGENT] S"ﬁSfEM.

"

B R G H R I8 R SRR T7 %

TR, Ha, KEE, FRE

FIHASLC:

TARSS, B At KRB, % W R G0 UME g S8 sl P J5 AL, B RE R GE I, 2021, 16(1): 178-185.

WANG Jianzong, XTAO Jing, ZHU Xinghua, et al. Cold starts in collaborative filtering for federated recommender systems[J]. CAAT
Transactions on Intelligent Systems, 2021, 16(1): 178-185.

FELE L View online: hitps:/dx.doi.org/10.11992/tis.202009032

L] RERGBR A HAN SO
FilE P RO A SRS A b ] it D Bk

Collaborative filtering algorithm combining user features and preferences in optimized clustering

BHER G R, 2020, 15(6): 1091-1096  hitps:/dx.doi.org/10.11992/tis.201710024
BT I E I FAT U Rl v e Sk

Parallel collaborative filtering recommendation algorithm based on graph walk

BHER SR, 2019, 14(4): 743-751  hitps://dx.doi.org/10.11992/1is.201806002
TINASL i 25 FH R 1 4 B BB TR A AR

Two-phase weighted high—utility factor—based hybrid recommendation algorithm
BHERG AR, 2019, 14(3): 518-524  hitps://dx.doi.org/10.11992/tis.201710028

FilE DI i 5 P P i e AR T 2L A T ik
A tourist group recommendation method combining collaborative faltering and user preferences

BIRERGEA. 2018, 13(6): 999-1005  https://dx.doi.org/10.11992/tis.201802011
X e T2 AT A

A personalized recommendation algorithm for intelligent guidance

BB R Gi244R. 2018, 13(3): 352-358  https://dx.doi.org/10.11992/tis.201711036
A B TS

Research on the recommendation method of personalized information

FHRE RS 2= 4. 2018, 13(2): 189-195  https:/dx.doi.org/10.11992/is.201701002



http://tis.hrbeu.edu.cn/
http://tis.hrbeu.edu.cn/
http://tis.hrbeu.edu.cn/
https://dx.doi.org/10.11992/tis.202009032
https://dx.doi.org/10.11992/tis.201710024
https://dx.doi.org/10.11992/tis.201806002
https://dx.doi.org/10.11992/tis.201710028
https://dx.doi.org/10.11992/tis.201802011
https://dx.doi.org/10.11992/tis.201711036
https://dx.doi.org/10.11992/tis.201701002

516 B 1M OB A
2021 4E 1 A

CAAI Transactions on Intelligent Systems

g % Vol.16 No.1

Jan. 2021

DOI: 10.11992/1i5.202009032

BXFRHERF R IR RN RIS R B R IR 77k

IRF,ER, K2R, FEFZ
(F2=H3 ORI AN E, 7 & K| 518000 )

B B LTI W R T TR R P RFARITE O, BE& 2 05 8l , 4R THEE RETITERE, C &M
AR SR B W TR 2 — o BRI [ i i R TR R G h B S R R T B IR 2 — o BRI, BRI
PR U 2R S8 V8 I Sl )RR A DI AR AR B o B b i — [, ASSCHR N Y — R T4 4 N AR BB 8L 0 A ke
Jr % FLARHM, T RGeS InET L S08 Y i, B6a 207 V0 ARG, R 2 A ARG 5 1, R 22 05 Bl R AT
ARARL R PR 1 S e, DT 52 U 5 40 HH o A SCHE MovieLens B8 58 T X AR vk b A7 79000 . 25 R W . A5 1%

R AT A0 ik DR i T AR DL B2 1) W3 [ 3o 9 v 540980 0 Sl R A, O L4 A8 Rt 2 AR A0 22 0 8 20 A1 ) LE 9] A2 1
R KR T 5 B AL s s IS 5 MR R GE s MR U5 Yo R 2l ML T s AR

HESES:TP391  XEtER&D: A

G AR ERR, BN, RER, . KTBERENH RTINS

178-185.

X E YRS 1673-4785(2021)01-0178—08

SEIMBRAEJ]. BEREREALKFR, 2021, 16(1):

5| A& : WANG Jianzong, XIAO Jing, ZHU Xinghua, et al. Cold starts in collaborative filtering for federated recommender
systems[J]. CAAI transactions on intelligent systems, 2021, 16(1): 178-185.

Cold starts in collaborative filtering for federated recommender systems

WANG Jianzong, XIAO Jing, ZHU Xinghua, LI Zeyuan
(Ping An Technology (Shenzhen) Co., Ltd., Shenzhen 518000, China)

Abstract: Recommender systems based on federated learning has become one of the research hotspots in the recom-

mender field. However, few studies focused on the cold start problem of federated recommender systems. Under the

framework of federated learning, we propose a novel collaborative filtering algorithm for its solution: through involving

more rating matrices, we can get a similarity matrix with secure inner product method, and implement the recommenda-

tion for new users to the system. In this work, we verify the performance of our method on MovieLens. The results show

that our proposal is effective in solving the cold start problem in similarity-based collaborative filtering, and the recom-

mendation effects vary according to the data distribution among different parties.

Keywords: federated learning; privacy protection; data island; recommender system; collaborative filtering; cold start;

machine learning; secure inner product
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