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Efficient Graph Denoising Methods Based on Knowledge-Aware Networks

in Social Recommendation Systems
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(1. College of Artificial Intelligence, Tianjin University of Science & Technology, Tianjin 300457, China;
2. Shenzhen An Ruan Hui Shi Technology Co., Ltd., Shenzhen 518000, China)

Abstract: Social recommender systems are designed to provide customized recommendations by leveraging user social
relationships and user-item interaction data. Redundant relationships with noisy connections are prevalent in authentic social
networks, which significantly impair the efficacy of social recommendation systems. This paper proposes a solution to the
aforementioned problem in the form of an efficient graph denoising method based on the knowledge-aware network (KAN)
referred to as the KAN-based graph denoising method for social recommendation (GDMSR) , named KAN-GDMSR. This
method integrates Fourier frequency domain modeling, adaptive evaluation of edge confidence, and multi-layer
regularization control mechanism to effectively improve the representation quality and recommendation robustness of social
graph structures. Experimental results show that KAN-GDMSR significantly outperforms the baseline GDMSR in terms of
recommendation accuracy, efficiency, and robustness. Specifically, KAN-GDMSR achieves average improvements of
12.7% in N@10 and 11.3% in R@10, while the training time is reduced by approximately 23.5%. The research method
provides a novel concept for graph denoising modeling in social recommender systems and offers theoretical support and a
foundation for the subsequent design of recommender systems with high complexity in high-noise environments.
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oo AR SC R BLESE T AT e A HER 5 B et i
W2 R AR R IE LR (Diffnet++. MHCN.
NeuralSparse. ESRF. GDMSR %) HEAT 52365610 «

A HEAF Y T 10T, 64 Diffnet++H1 MHCN
VE N EE LAY 5 AT VEEAT U - ¥ KAN-GDMSR
BRI R 77 %5 . NeuralSparse Hil ESRF #4746 H .
IEAh, AR LightGCN (2 ALY A A2 H 808
M AL R REAE) ME NI,

EEZHOR BT, BRARENU, g sl h
WANLEES—~d =64, batchsize &y 1024, k2
KH Adam, 2£51%9107° .l BUHA S50 (s
REW ) WEGEEBIE ¢ UL K A I 1058
EFIE R A, a, f 3@ R UEE T —A Tk
BeE A B R] Y EAT RS 1 2 IR i L - AT

TE 2 MR AR EX IR B ST HE MO e ah 925, K
DUAEHEFE R UE T LA, & TR AR I AR FE RN,
B R A DR IFARE , Ul B 3R 7 ik St i 2
BEA—EWNEBET.

NATH RSB RE, R A HIZ (Recall@K,
N R@K) FH— b4t R & (normalized
discounted cumulative gain, NDCG@K, it N N@K)
YERNVEI R . o, ROK F/RTERT K MER SR
Hr T A B H b, T R A 2 R
J1: N@K 7EH S AT BB R I, 0 7 25 SR 1k
AL E AT IR, B S AL S5 R R E M, Hoh
K={1,3}. XX EEREALAE 100 /N A AR B3t i
WH, SMRES R EREA—EETHS.

32 EH{AMEEIIE

¥ KAN-GDMSR 5 LA 1) AR 25 W (1) 41 A A AR
R DL AN TRIRE FE 1 2107 AT T UG, 5 R 2.
FEFTA 525, KAN-GDMSR B 1 B iR,
5 HATHAR T AL, ZRETERIR SA 2%~6%, &
HHR A Rl 2 R E S SRR R AR, JFRAER
GFIIRSETE, MGt THR TR o] AT A 22 e 3 B M
(p<0.01). 7 3 M##E4E(Ciao. Yelp F1 Douban) L,
KAN-GDMSR 7F Recall il NDCG %5 & Z 45 bx 454
W B ) U RUR

R 2 AFEEEFREEFESZE LA MRE
Tab. 2 Overall performance of this method on different recommended methods

Bt Ciao Yelp Douban
LAY Ji: R@1 R@3 N@3 R@1L R@3 N@3 R@1 R@3 N@3
LightGCN 0.2298 0.0785 0.2071 05681 0.2774 05804 0.4321 0.1696 0.4156

w/o denoising  0.2742 01109 0.2639 0.6031 0.3072 0.5897 05165 0.2156 0.4988

Rulebased  0.2860 0.1123 0.2677 0.6230 0.3228 05996 0.5358 0.2489 0.5172

NeuralSparse ~ 0.2869 0.1153 0.2734 0.6383 0.3289 0.6054 05470 0.2226 0.5102

Diffnet++ ESRF 0.2864 0.1197 0.2736 0.6184 0.3124 05958 0.5374 0.2393 0.5194
GDMSR 0.3020 0.1244 0.2821 0.6449 0.3291 0.6102 05614 0.2540 0.5297
KAN-GDMSR 03196 0.1312 0.2904 0.6592 0.3418 0.6213 05829 0.2676 0.5402

A 5.82% 547% 2.94% 222% 3.88% 1.83% 3.84% 5.35% 1.98%

w/o denoising  0.2330 0.0884 0.2297 0.6991 0.3252 0.6364 0.6198 0.3167 0.5933

Rulebased ~ 0.2301 0.0916 0.2311 0.6966 0.3234 0.6347 006082 0.3372 0.5980

MHCN NeuralSparse ~ 0.2461 0.1034 0.2540 0.7012 0.3288 0.6352 0.6206 0.3349 0.6011
ESRF 0.2495 0.1028 0.2568 0.6927 0.3298 0.6344 0.6194 0.3244 0.5995

GDMSR 0.2618 0.1138 0.2632 0.7036 0.3405 0.6434 0.6396 0.3496 0.6137
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KAN-GDMSR  0.2782  0.1195

A 6.26% 5.01%

0.2724
3.50%

0.7165 0.3487 0.6528 0.6532

2.13%

0.3593 0.6264

1.83% 2.41% 1.46% 277%  2.06%

7E: R@K FR RAK (HFEIZFE) , N@K /R N@K (H—birit KRG 5 “w/o denoising” 7R 7 AT & 25 ML (1) FE LB ALY . “Rule based” R /R 5

TR ZM 73 A %78 KAN-GDMSR Xt T GDMSR HIAHXHR T EL A1

TEVLIAME, AR P Ciao. Yelp. Douban
LENTFHAZ IR R A G A5 K& H AR TE )
MR, WA R R R MERIAS HAT NS,
H = 7045 R 7 5 R 7 R A7 A W 2
Ciao MIH:2C KRB b e A5 LL A7) AH ) 58 v
Douban FI#142 EIMIAHXS B NEUE, Yelp T HEZ
i) o FEANEIAMNEN N TR HHTHR T, KAN-GDMSR
15 3 BHILE PR e T 2 M RR MR i,
i BA BT 4 AR TE AN [R] [ R 0GR 75 7K P R P 45 ) % A
THA—EREEE,

it — BRI AR AT R R T R B, fEAH
A S BRI 5 S 50 E R G SR 17 31 25
i), DAREEE Cepoch) HIFIJRERS A& Fabr. K
Wmai KW, 5 GDMSR #HEL, KAN-GDMSR 7t 3
AN K 55 LN SRt 1) 3 BT RRAR, T34

20%~25%, FHHTE Yelp #¥E4E Ll gRmt A [RR L
23.5%. RCRSETFIG R N E EARBAE A T — 2
BUZ KAN g5 Fai it 43 2 @B T TR
W, fEm TSR R A 2 5 8 S iR E L
HIFE N GRT B ED 0] T = e 75 5 e e, AT ek
D TCRBE R R, R R I R AR e

FIRGERRI, AR IEAE R TR [F
B, FHARGINGSMOTHE G, RifiE—ERE Bk
T B ISR
3.3 iHRASCLG

DNBAEAR SCHE H RUZ KAN R DL K i B -2
BIEMML RS AR 55, AT 7 SHE s st o
SR KAN B FME B8 ENk, F HlZGA
[ B AR B AT IR, AR AR Y 138 47 45 ok i
BB TR R a1 0L, &5 R 3.

& 3 HRSIIER
Tab.3 Ablation experiment results

. Ciao Yelp Douban
AL &
R@1 R@3 N@3 R@1 R@3 N@3 R@1 R@3 N@3
AR 0.3196  0.1312  0.2904  0.6592  0.3418 0.6213  0.5829  0.2676  0.5402
Fourier Only 0.286 0.1123  0.2677 0.623 0.3228 05996  0.5358  0.2489  0.5172
KAN Only 02869  0.1153  0.2734 06383  0.3289  0.6054 0.547 0.2226  0.5102
Base Model 02742  0.1109 0.2639  0.6031 0.3072 05897 0.5165 0.2156  0.4988

3.3.1 MUE KAN A2 308 gk

M7 KAN EHUH Bl SLis 2 A 1k X — B2
X T P e« AL SR Tk s
5T Diffnet++iEAT 15 0t, FEXT EE SIS 43 i Ad FH 52
B RSO | I R A B B2 IE 4L (Fourier
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BEHAME S IE WA L, BT -4
(28 EE s DA B A A8 A5 AT X 285 1A 5000 A 22 1T i D) o
T 50 B AR R (1) 45 AR bR A2 0 e T T R
H A TE A DL S R ALY

MRYE LI 45 R0, 725 e S dabs b, AL
PRI EREL Fourier Only #1 Base Model & . HAF R@1
fabnf 8% ~12%[$H¢Tt, N@3 A 5%~8%MHI4Eft,
R@3 A 7%~20%M)42 . HILAT DA H, 158 B
BRI FHZ KAN B (8 5L 224 R A AH 255 1

J5 T L A A2 T P w2 Ak 2 AR DL R P
[ AT ASAEAT R R, Ik T A8 B S ik iz A
7. M FHAWR BN, SN HEEE S S
PR R AR TR G MR, WEHT
KAN-GDMSR 77 % B A BRI REAL 25
332 1§ Zetah A E WAL A%

e L )2 T U0 Y i 2 56 o FH R B0 TIE AR R B
X [ M R B TR L AL RE 70X — TR D BE, FF
XATH ARSI FEEN T Diffnet++1E81 . SLIG 25
FoWg I b f b e AR A L AR FXUZ KAN REHLLL K
B Bl AR 2R (% AR Y 2 B L i 3 2 R U Ak R X2
KAN S5 LT, 56T -9 58 B AR FIA A8
15 AT 09 288 B0 ) B0 ) b A e e FEL i 2 28 0 00 4 P 2
R BIGERERTIR, WSEIRLEE T, 5B
Y % R PR AL T AT NUZE KAN fidk, 4R
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