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Federated cooperative variational autoencoder
based on recommender system

WANG Xifei, WU Zhaoxia

('School of Statistics and Data Science, Xinjiang University of Finance and Economics, Urumgi 830012, China)

Abstract: In order to solve the problem of user data privacy protection and data sparsity in federated learning, a Federated
Cooperative Variational AutoEncoder model (FCVAE) is proposed. The model is based on the federated learning framework, and
each client adopts the variational autoencoder structure for local training, and the iterative clustering method is introduced to enhance
the expression ability of the model. Experimental results on four datasets, such as amazon_clothing, MovieLens—1M, MovieLens—
100K, and Amazon Office, show that FCVAE is significantly better than the existing methods in terms of interpretation quality,
personalization, and consistency, especially in the scenario of sparse user—project interaction, demonstrating robust performance.
The further development of the recommender system provides beneficial support.
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Fig. 1 Structure of the FCVAE model
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Table 2 Experimental parameter settings

SHAHR wE
W& IZUEE (k) 256
TUERDI e 20
U PRAL tanh
ISR pREE B mult
IR (epoch) 50
batch_size 128

Sk 0.001

KL HE 0.01

4.1.3 FLERARAY

N T RAVEAL FCVAE TEHER R G h A 5L
P, SCHRHE S N LRI T T ER G PERE LR

(1) VAECF, Z—Fhidid 227 A 9t e~
F =00 52 G T A R B SRl e X 5 X

e AR

(2) Cvaecf'®' 7E VAECF JLl F 5] AT 444
FE W P B I H R, U — 2 P2 R

SRR PR FIAR DG

(3) Revae' ") i 3 5 | A TE Ak I 5k 08 2> 48 43
St s 3t UL ) RBE, DT i e AL 32 1L fiE
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(6)MRVAE"™" | §"J& T A& 55 i U [R] 1 8 75 1%
FIAZHE R AR ), REAE AL HL T P 53 H 2 1]
ARIZEHRIMIE JREE R H R

(7)VMoSE"™" , 854 TS MR A LR RMERE
o] PRI T B AN TR B YR (an SCA A
B A7 H &) hERBUE B0y B RSB g
4.1.4 VEMFEHR

R T A RANRIBAL R, R T 4 MERER
VT4 FE 5 : MRR (Mean Reciprocal Rank) F T
FEMER AN R ER I H 1 HE A A B R s
HEFP B BT . NDCG BB T i 20 AHEF I AR G
PERFI) , B I8 T ALEALTE , Recall fif RETETT 20 4
FET R P B IE B BRI H T 5 LA Precision
FHIHT 20 M A 20 BRI 7 20,
T HAIE FCVAE 8RR PERE, fEECIR 4 AT T
ZUWHIRT L, LR g RILE 3~ %K 6,

%3 FCVAE 27 MovieLens—1M #{#E £33 th 45 R
Table 3 Comparison results of FCVAE models in the MovieLens—

1M dataset
Bl gk GER7S MRR  NDCG
MovieLens—IM VAECF  0.3987 0.2075

Precision  Recall

0.1299 0.1897
Revae!'”) 0.3989 0.2105 0.1302 0.1805
Cvaecf '®) 0.4125 0.2203 0.1517 0.220 4
Bivaecf!'™ 0.4205 0.2406 0.1507 0.237 8
VMoSE?"! 0.4183 0.2241 0.1403 0.209 6
MRVAE®! 0.3439 0.1959 0.1222 0.2101
BVAE!™) 0.2649 0.1202 0.0776 0.1113

FCVAE

0.4525 0.2430 0.1565 0.2076

% 4 FCVAE #3I7E MovieLens— 100K #1731 bk 45 3
Table 4 Comparison results of FCVAE models in the MovieLens—
100K dataset
MovieLens—100K VAECF  0.228 1 0.138 8

Precision  Recall

Bk MRR NDCG

0.0651 0.2012

Revae!'”) 0.2506 0.1392 0.0605 0.2015
Cvaecfl ') 0.2512 0.1459 0.0671 0.2208
Bivaecf!'™ 0.2619 0.1607 0.0682 0.249 8
VMoSE?"" 0.2055 0.1386 0.0640 0.207 1
0.060 1

MRVAE!®! 0.206 0 0.1327 0.204 7

BVAE!™) 0.1688 0.1035 0.0445 0.1602

FCVAE 0.2779 0.1812 0.0808 0.2570

%5 FCVAE #E % Amazon_Office ##E &£tk & R
Table 5 Comparison results of FCVAE models in the Amazon _
Office datasets

HARE ik MRR NDCG
Amazon_Office VAECF 0.0434 0.0360 0.0082 0.0712

Precision  Recall

Revae''7) 0.0423 0.0358 0.0091 0.0716

Cvaecf ') 0.0435 0.0412 0.0095 0.0759

Bivaecf!'® 0.0489 0.0425 0.0097 0.0812

VMoSE!?'] 0.0488 0.0413 0.0093 0.077 5

MRVAE?) 0.0450 0.0355 0.0080 0.066 7

BVAE™ 0.0141 0.0099 0.0021 0.0184

FCVAE 0.0505 0.0427 0.0095 0.0817

% 6 FCVAE ##Z17f Amazon_Clothing #{#E&E 3T L &R
Table 6 Comparison results of FCVAE models in the Amazon _

Clothing datasets
Amazon_Clothing VAECF  0.028 8

Bk MRR NDCG

Precision  Recall

0.0370 0.0045 0.0853
Revael'7) 0.0305 0.0380 0.0046 0.086 1

Cvaecf'® 0.0345 0.0408 0.0051 0.0864

Bivaecf!'™®! 0.0540 0.0459 0.0053 0.089 8
VMoSE!?!) 0.0267 0.0348 0.0044 0.080 3
MRVAE'?! 0.0306 0.0364 0.0036 0.067 6
BVAE™) 0.0266 0.0330 0.0041 0.0733

FCVAE

0.0640 0.0743 0.0069 0.1270

4.2 HEASCIE

N T HERZI MR FCVAE #5550 (1 484 20 G
SR, ¥ FCVAE 5 2 A28 (R RS R A7 X L
FL+MoE ({Xf& B IR & & B A ) Fl FL+MultiGroup
(PR B IEARR RSN ) o i X b7 =, AT RLPFAl
TS BARPERE R 2, JF i — 25 IA FCVAE
AT TE .

FEASTTT BT il S 06 v, 2 82 ol FH i S 4 3 Y 4
A B B 4 ( Amazon Clothing, Movielens — 1M,
MovieLens— 100K #1 Amazon Office Products), 1%
I AH T8 @ 3%l 48 B8 (MRR NDCG Recall
Precision) RATEAIIRI R, FIr A 5256 2475 7] —
WA, LR 45 R T etk

THRLSEI A5 RS WL 7, 485 7 B mT L
FHAILFCVAE 1E 4 B4R b AR B T H AR (A
Fi# FL+MoE H1 F1+MultiGroup , X & bk % FCVAE
R HAFER R PR BE A AR A DTk, &5 b ik ) TH
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Table 7 Comparison of ablation experimental results

GRS (=R MRR NDCG  Precision Recall

MovieLens—1M FL+MoE 0.4340 0.2357 0.1462 0.2209

FL+MultiGroup 0.4410 0.2410 0.1523 0.201 1
FCVAE 0.4525 0.2430 0.1565 0.2076

MovieLens—100K  FL+MoE 0.2277 0.1500 0.0682 0.2263

FL-MultiGroup 0.2347 0.1716 0.0746 0.266 0
FCVAE 0.2779 0.1812 0.0808 0.2570

FL+MoE 0.0448 0.0373 0.0086 0.0736

Amazon_Office
FL-MultiGroup 0.0495 0.0412 0.0092 0.0807
FCVAE 0.0505 0.0427 0.0095 0.0817

Amazon_Clothing ~ FL+MoE 0.0572 0.0711 0.0077 0.1420

FL-MultiGroup 0.0436 0.0541 0.0055 0.1010

FCVAE 0.0640 0.0743 0.0069 0.1270
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