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Recommendation Approach Based on Attentive Federated Distillation

CHEN Ming, ZHANG Lei, MA Tian-Yi

(Zhejiang HiThink RoyalFlush AI Research Institute, Hangzhou 310012, China)

Abstract: Data privacy protection has become one of the major challenges of recommendation systems. With the release of the
Cybersecurity Law of the People's Republic of China and the general data protection regulation in the European Union, data privacy and
security have become a worldwide concern. Federated learning can train the global model without exchanging user data, thus protecting
users' privacy. Nevertheless, federated learning is still facing many issues, such as the small size of local data in each device, over-fitting
of local model, and the data sparsity, which makes it difficult to reach higher accuracy. Meanwhile, with the advent of 5G (the 5th
generation mobile communication technology) era, the data volume and transmission rate of personal devices are expected to be 10 to 100
times higher than the current ones, which requires higher model efficiency. Knowledge distillation can transfer the knowledge from the
teacher model to a more compact student model so that the student model can approach or surpass the performance of teacher model, thus
effectively solve the problems of large model parameter and high communication cost. However, the accuracy of student model is lower
than teacher model after knowledge distillation. Therefore, a federated distillation approach is proposed with attentional mechanisms for
recommendation systems. First, the method introduces Kullback-Leibler divergence and regularization term to the objective function of

federated distillation to reduce the impact of heterogeneity between teacher network and student network; then it introduces multi-head
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attention mechanism to improve model accuracy by adding information to the embeddings. Finally, an improved adaptive training
mechanism is introduced for learning rate to automatically switch optimizers and choose appropriate learning rates, thus increasing
convergence speed of model. Experiment results validate efficiency of the proposed methods: compared to the baselines, the training time
of the proposed model is reduced by 52%, the accuracy is increased by 13%, the average error is reduced by 17%, and the NDCG is
increased by 10%.

Key words: federated learning; distributed learning; federated distillation; recommendation systems; attentive mechanism
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Fig.1 Collaboration flow of attentive federated distillation
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Table 3 Attentional federated distillation—Processes on the federated center
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(1) B35 AF.
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3.1 HEHERIHRE

FAIAE Movielens™ ¥ 4 M A LN Level2 Aidldh EUGilE AFD K 5ms (145 2%k Movielens ¥ 5540
2000 NP S PRES 3300 #BHLG LA 52 AR 28 I VA B S 50 G B H B2 PRI R T 15 1 HaSE R
M B S BCR R T2 T 10 (19 P AR g I bl AR S 7 [R] 16 5 B S 3 5 4 Bl 42 vh 0B AT U8 AT, B 45 1
B H P X Level2 72l G A5 LGV FRIERFE TH P ID H AP D W RE R WA R H P&
FIVET s D B S R MERRAE . 72 SRR AR S5 P B RUREAE 18 T, 1% S AiE 22 T S0 A % R AE BE AT T A 2, B 4
BRFAE AN A b P Gm i FIRR 2 A BB I 7 s e P 3R SRR RS E /N T 3 AR 45 A BE SE R,
WEREEILA 32 JTH A K 40 THURHAE, 3L 78 J5 4 FEAR SR N AR 3LAT 12 J7 7,40 TRRFIE S 25 )7 6 AE AR SRR .
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S T v 0T i A AT 2 M A A b PSR AZ SCRAE B T 3K RS R 23 1 4 43 0F 0 R B 4 &
AU 26 BEDLIER S SIZ B 02 T 7 5, Bk 65 B0 4% b P B0 A EL AT

TR AN ) BB S 2 S5k PO A MM 3 BT DR A SO HH IR 2 T B IO R IR (42 595 AFD 456y
T RIAZE 25 (CNN) Ly 25 G 1B 27 2 (K LA 3 il 27 SR HEAT X LU S5, 01X 3 P2 S vA A 4t

(M
@
3)

FWD:IB T % 3] (FedAvg) 4 & Wide&Deep 59214

FDIN:IEFR 2% 2] (Fed Av) & £ v FiE % 80 X 4% (DIN) 914,

FD+CNN: I 3 28 10 4 v U0 58 4 25 FEUAN 28 B 2% AFD+CNN 7 VEZE NS AR SCHE HE 11 3 A S 1175
44T FD+CNN.

AFD 5L _E 3 MBI Lk WLk 4.

Table 4 Comparisons between AFD and baselines
&4 AFD SFIEFIEAERLRY XF HL
Sk e OADIN I S e AP LN I S P A

AFD+CNN v v
FD+CNN x \ x x
FWD X v X X
FDIN N v x x

AR % 528648 ] Tensorflow S230,IF H 7E Nvidia GeForce GTX 1080Ti GPU b iH47 525 AFD ;% 3 FJ7
IS BEE IR,

0

(@)
3)
4

AFD+CNN:attention J4EE m ¥4 32.M 4% )2 2 40% & ,CNN JZ 500 5,558 1)K/ hidden_units #
A 128, A& R A [64,64], 55 KIBAL JZ A [64,11,3 NS4 1E42)Z R 120,60 F 2;

FWD:Deep #i4r 21424 128,64 Fl 2;

FDIN: [0 2 e 3k 32,4482 4 80,40 Rl 2;

FD+CNN:CNN JZ#h 5,2 NMERUZ 1 AN Kb 2,2 N E =,

3.2 FMMiER
AR I AR FR AT 9290 45 R VRO FE A5

Time: R IE A 45 8 5 HOS AT I [R]

Loss:H R 453 2k o6 B (Chy 5 FLABARE A G —  AFD PFA% 2% AR B0 Js da 450 0, T FE IR S 3 2%);

AUC:ROC &k N iR, H R [ e o» 838 1 73 2K e 07

ACC:HER 2,371 73 28 TE A A A 250 R A S ) L 43

NDCG(normalized discounted cumulative gain):JH—4b J7 43 2RI 35

MAE(mean average error): VA% 5024 157 0 (1) Fi b, 380 3ok 135 S B o0 -5 Y00 -8 1) 7 S, DO A 4
T UL

33 XWHERED

SR 1A RV RS 7 S0 (KR L S 56

TEPABRAE B IHE o 300 L 2 SR an 18] 2 7, 45 LR W AR SCHR HH IR AFD S0 E 1 o3 ey 1 304t 3 i B
775 E Movielens ## & , AFD Sk 14 26 5 =5 B T 0.84,FDIN [ #EHf 2 5 T FD #1 FWD Sk 78
Level2 %44 I AFD S UERT 25 5 0.92 £ 45 FD+CNN HIHERIZ 4 0.81 Z£ 47, FWD HERIZAL N 0.67 24,
FDIN #)24 0.83 7247, AFD AH LG AN F AR SCER HE 19 3 AN 3% 1) FD+CNN By E kR % E3RTE T 13%. 7 LUE H:
FD+CNN £ A% F 68 28 1ML f5 858 20KE F% 5 FDIN #H 4. FDIN t1 T4 1 T Attention #L i1, & 44K B2 06 T° B AFD
CANIOEEN (L WIRe

50 4 GEATM MAE K4 R MAE. 3 5 o LUR H i THAR A A L4 & sk iy
AT iR 22 ). A — B4 FWD 1% 25 {8 f: K, FDIN #1 FD £ MAE ¥/ T FWD 523 .7 Movielens $#34E
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b FWD 57511 MAE {8 5 KRR RO I 22,11 AFD 595 MAE {E L FD 835 PR ZE k> T 29 20%.7E Level2
P 4E L FD Fl FDIN 5.7k MAE &5 ST e, AFD 5032 b L B PR B3 P 335 22980 T 20 17%. 15 B, AFD £
4 BRI T RIS R, FZH AFD AIXT T HAh 3 Rl HEREME RE R DN A £E.

C
Device

(a) Movielens

N AFDHCNN N AFD+TNN
. FOCHN BN FO+CHN
. FWD . FWD
=1 FOIN a8 == rom

a8

L3S

o4

L)

a0

Fig.2 ACC on different datasets
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Table 5 MAE on Movielens and Level2 datasets
% 5 Movielens f1 Level2 ¥4 N ) MAE

ECIE S WA | WEB | %4%C | 4D | Global-MAE
AFD+CNN | 0.15 0.23 0.20 0.17 0.19
Movielens | FDCNN 0.18 0.27 0.26 0.23 0.24
FWD 0.24 0.33 0.31 0.28 0.29
FDIN 0.16 0.25 0.22 0.21 0.21
AFD+CNN | 0.09 0.17 0.15 0.14 0.14
Level2 FD+CNN 0.12 0.23 0.17 0.15 0.17
FWD 0.15 0.27 0.24 0.17 0.21
FDIN 0.10 0.21 0.18 0.16 0.16

& 3 o LLE AT NDCG@5 5 AWM Fa ks, AFD B3k AE 4 G4 B NDCG 1w T HoAls 3 Fhdkvi

B I 7E Movielens #454E I, AFD [¥] NDCG “F¥J{Eix %] 0.92,FWD [¥) NDCG “F¥J{E % 0.82,FD f1 FDIN
) NDCG T-#ME#IE (%14 0.85).AFD DL PR NDCG {H#H T4 8%;7E Level2 $#i4E I, AFD 11
NDCG FEI{HLE 0.96,FWD ] NDCG “FHE7E 0.85,FD A1 FDIN f] NDCG “FI{E7E 0.87.AFD Lt LL_E P Ff 3%
NDCG fH#EHA T 10%. '
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Fig.3 NDCG on different datasets
K3 AFEZHEE TR NDCG
H P 4 v DUE H,AFD 895 AUC {3 T3 500k b 7E Movielens 2054 1, AFD &L/ AUC 4 0.78;



e F AT IEE BRI Sk
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Fig.4 AUC on different datasets
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Fig.5 Loss on different datasets
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Fig.6 Running time of algorithmson different datasets
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Level2 $4li4E - ,FWD 1 FDIN 53 [13E 47 I [, Bl 45 16 A Q50 200038 I 38 A7 I 4G 5 4 M3 6 FD B8 AT
B /N T DA b R 92 T SR P 0 N % S 2R SRR 19 AFD BLVETEAR R 46 5% F AL RS S, R B 76 200 %6 LLJS I8
AT B A Y 2R 38 1 5E 2718 A1 264K 400 48 A2 47, AFD R Ia 1T I K 9.8 4344, FD+CNN iz 17 i 24 20.6 4 £, AFD
VL FDHCNN S NGRS T4 06 52% 26 47, U BH 38 W 2% 3 3610 77 VL BE WS AT R0 I $E T DI 3k B

o SZI% 3:Attention ML AT R KL,

ARSI AFD WK Attention 4 i S5 45 4 78 Jofth 3 AN JEUEMIR b 23 5 O 6 IR AR 25 4 ONN R i
R I HUEI(FD+CNN+ATN) 24 ) 45 & Wide&Deep 5172 F1E 5 T HLHI(FWD+ATN) AT 2% ) 5 A v 1 ¢
R Y 48 A3 = ST P (FDINHATN). % NDCG. AUC. A 4 NIl 2R K (AR IR S 400,minibatch K/ 128,
5] %0.001)F1 % %5 5% MAE 18 0 4] L6 5, 78 Movielens 085 420 Level2 $dii 45 L) Hb 5256 45 5 L% 6.

Table 6 Comparisons between baselines using attentional mechanism
F6 UL Attention HLHI S ¥ AR LE

EE Hik NDCG AUC Time (5%1) | Global-MAE
FD+CNN+ATN | 0.88 (5%) | 0.67 (13%) | 41 (28%) 0.22 (—8%)
FWD+ATN 0.86 (4%) | 0.63(15%) | 64(25%) | 0.26 (~10%)

Movielens | ppATN | 0.88 2%) | 073 <1%) | 92(18%) | 020 (=5%)

AFD+CNN | 0.92 (11%) | 0.78 (8%) | 13.4(19%) | 0.19 (-20%)
FD+CNNTATN | 0.92 (6%) | 0.75 (20%) | 23 (12%) 0.18 (6%)

Leveld FWD+ATN | 0.90 (6%) | 0.63(9%) | 35(29%) | 0.19(~9%)

FDIN+ATN 0.92 (1%) | 0.81 (1%) 46 (24%) 0.15 (=6%)
AFD+CNN 0.96 (6%) | 0.87 (7%) 9.8 (56%) 0.14 (=22%)

6 TLHS A BB NN Attention AL JE [ 77 VEAH LA In N 22 1 U7 V5 B4 Tk I FE.NDCG FI AUC
BTG 3B 4T I T A MAE U £ Movielens 34 4 HF FD+CNN A AVE 72 WL NDCG@5
HIRTHZ 5%, AUC {HHE T2 13%,Global-MAE 12 22 5l /> 2 8%, AH R 46 4 VI Zi i HI 8 0 T 25 28%, Ui B I A
= WL B AR KT FD+HCNN SRS BEAT 01 R4 TH (B30 7 7140 & FDIN i A= & H ML S ,Global-MAE 17 ]
WK, 12 NDCG #8451 AUC LT A GRS IE N T 20 18%, Ui I A = HLHIN FDIN S8 FE 48+
HMR.IZX A H T FDIN AT N T AL T Attention $AE T LS4 o B FDIN 4b, HCABAR YA K 347 B B 42 71,
E 23 1IN B35 PR VAR 38 I R i TR0 A RIFE N Level2 Zd 43 47, o1 AME— 25 15 H A IR 45 1.

o SZIG 4:Attention Fihidh 5 R AIE 2 TR] (1) SR IBEAE 43 AT

AL Attention G il f5 R AE 2 ) (K DCINE Mk EAT 407, 45 SR LI 7. 36 I 7 B REAAL BRI Level2 I P
R 5 s 28 7 BB U Pl 8 B R 3R 7 PR AR I 11 TP 5 38 S 1 v, D TG 38 8 v )RR A BB 3R A v I AL EE AR 4
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Fig.7 Visualization of feature interactions on Level2 dataset after attentional encoding
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52 g T K E), last Tonlinetime (e 23 7 K 1 4E 28 K ) 5 2 ) 77 46 55 5 RV AR HIE A L, 328 WD P P 9% KBS o R B R
T 2R B A SRR AR 7 T ) S S M R, T B 25 v (R W 458 4510 2% 45 SR 3R I AR SCHR HE 1 Attention SiEHE 1] LA
PRI B B AR AE R AEAS (Tl Attention W25 3E 4T I 25), 189 58 15 45 Bidm 42 THE R kG i

o SEEE 5:3 AU SEME K IS ZE 1 I AT R SR IF

LE S I — A SR P 0 AUE AR SC 3 A S X IR 218 Uy VAR 2 1) TR AR S, 2 Sl DA DR AR A N KL HUEE R I
I T (FD+KLR) I56FR A48 A Seidh i (07 725 77 HLHI(FD+ATN)FIIPEFE 248 v N 5@ B 2% =1 40 4k 5% (FD+
ADA).H THAE 3 A Cidt s s o BR800 14T 240 ¥ NDCG. AUC. AR 44 R I g & GEAR IR BT 400,
minibatch K/ 128,%% 312 0.001)F1 MAE 14 5t EL 38 AR 06 bb S2 86 45 5 0L 36 7.

Table 7 Comparisons between three strategies

RT 3AEIEHIBERN H
Rk Ak Hk NDCG AUC Time (43%1) | Global-MAE
FD 0.81 0.69 32 0.24
FD+KLR | 0.83 (2%) | 0.72 (4%) 34.6 (8%) 0.23 (—4%)
Movielens | FD+ATN | 0.87 (7%) | 0.75(8%) | 37.2(16%) | 0.21 (-12%)
FD+ADAM | 0.81(0%) | 0.69 (0%) | 12.7 (~60%) 0.24 (-)
AFD 0.92 (13%) | 0.78 (13%) | 13.4(=58%) | 0.19 (=20%)
FD 0.88 0.76 20.6 0.17
FD+KLR | 0.90(2%) | 0.81 (6%) | 22.6 (13%) | 0.16 (—6%)
Level2 FD+ATN | 0.93 (5%) | 0.84 (10%) | 24.7 (20%) | 0.15 (-12%)
FD+ADAM | 0.88 (-) 0.76 (-) 9.3 (=55%) 0.17 (=)
AFD 0.96 (10%) | 0.87 (14%) | 9.8 (=52%) | 0.14 (=17%)

MR 7 iR LUE 7 Movielens F(H5 4 LE BN gt BIEHT JE 9 NDCG@S 18 #5,AFD & =0
0.92,FD+ATN 24 0.87, /ME (K [ /& FD+ADA 2y 0.8 1; I N & H MU L R R B R AR 4 7% 14 T, 3
W& FD+ KLR A Eb AR BN 2818 VL 1T 40 2% W3R T Bl A i N ot 9k AT J5 1) AUC {8, I\ FD+ATN AH Lt
JRARTR I 22 ) R 29 8% R T % L I N ek 9 T 5 1) MAE,FD+KLR Fl FD+ATN #f Ll FD+ADAM i% 7
WD T L1 4%FN 12%; WK JE SR E - TH 85 W1 2 1R 2 I N 35 I HLRI (A TN, FE U 51N KL A I I 1062 483 2K
P Ak S (KLR), 1Ml [ 38 . 2% > 28 5% (AD A YW AE B2 14 T B AH A VI Zr 0 S0 JEE £ B2, ADA. SRS I A T e K
I R5, B I KLR PRI )3k 2D T 29 60%, i WH 1% 5% s B K P2 TH 2% AR AR I I 253 FE ,FD+ATN  FE I B
%, Ut ATN SElE KR 3R & 7 v S5 KLR SR B RO H AR o B A, 5 4k 5 52 w4520 AN [RI )R Level2 $4/
S5 R4y AT LLIE— 2545 AR ) (9 25

23 b BT I AR IS ZE URAE 2 N YA T T AL R A K I 4 AR (9 1 R I N KL 0 R DU R 5 AR
A S s T LA sl /D REAIE 2 1) PR 2 S A R PR 5% e, AT S8 AR B 00K R e S N 1 3 1 2 =) IR I SR g AR AN
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