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Abstract

In the context of information overload, how to improve the quality and accuracy of recommendation
systems has become a research hotspot, and graph neural networks, as an emerging technology,
have shown great potential in this regard. This study first applied four widely used graph neural
network models, GAT, GCN, GIN, and GraphSAGE, to the recommendation system, and found through
comparison that GraphSAGE performed best in multiple indicators. Specifically, GraphSAGE achieved
excellent performance in RMSE (0.6459), MAE (0.4989), AUC (0.8701), Recall (0.6377), Precision
(0.8348), and F1-score (0.7231) in the recommendation system. Furthermore, this study compared
the performance of GraphSAGE with traditional collaborative filtering algorithms in the recommen-
dation system, and the results showed that GraphSAGE still maintained its advantage in the recom-
mendation system. On this basis, this study also explored the impact of the GraphKGA algorithm,
which is a combination of GraphSAGE and genetic algorithm optimized K-means, on the perfor-
mance of the recommendation system. Experiments have shown that the RMSE (0.6364) and MAE
(0.4855) of the GraphKGA algorithm applied to the recommendation system have achieved excel-
lent results, indicating that it can effectively improve the performance of the recommendation sys-
tem.
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2. {HXER
2.1. GraphSAGE &%

Bl 22 I 5 2 — 28 [ ) FH Sl A 30 1) 65 P s PO R P 25 SIS Y, e ] DUAR R BRI 5 MAE IR, IR I e
S BEATRE % SR 2 2] o HAZ O AR R R B A0 B s AR RS BT IE RS, IR G 1EfE
PR P R A ARG B S a0 O T S IRIER R . B E MK IR 2 MERFRE, XEERE AR
E(Aggregation) 1 52 i 44 (Update) 2 i [12], 58 -& #4571 57 REAS 1T 25 (10 408 J8 45 s USCEE A B R id i S b
J7 OB ARJE T SRR IE R AR, BB A LEEMALE T RN BRI RS G A RS B
WRBSEEEGER, FH UETE AR R. WTURRN:

Aggregation : m" = Aggregator, ({dé'),vU eM, })

1)
Updata : d{'*" = Updater, (dv('), m('))

\
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2.2. B{EEEM K-Means B3k
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xeQ (2) @)
QcH  (3)

Hr, () NHEARREL x NREASE, (QME@)INLIRFEM, Q NIEAZ I H T4, X Wil e LIH %
PHETATAT AR, R VAL & R AT AT R AR 5 [13].

2.2.2. K-Means E3%
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3. Bk

ASCAEFH 7 AT movielens100k L SE %4 45 (http://www.grouplens.orq), 1% %4 4 0 & 943 £z ] /%t
1682 # FLEZ A 100,000 NFE7y, 1E73 4 1 2] 5, AN #EDXT 20 #8 5 B HMEEAT 7. R EHE
RS, W R AT WAL R, R —2 VR HE R, 5 A KNN3 P20 B e ) sk
AT T AR

3.1 EMEMEEHRERETHNA

AW FAE T DUR R[] ) A 2 45 45578 GAT. GCN. GIN il GraphSAGE i 4 #7841k AT A 5,
LR ok, WEH P E, JEid EEE SR R 5, I A Sk P
F S ) 5K RS B 4 S R R R A, DR HER IR e T2 IR ZE oG R . HK, X GraphSAGE #7Y,
W AR NS R AIAZOAERL, SEXEF PRI & BRI EAT 2% 20, AR ORI s 4R N R OR . B
J&, EINGERE, M T IR RMSE, MAE Fl AUC ki B FERER g vERE, FEik— 508 F VP4
& ¥% Recall, Precision 1 F1-score 3%} GraphSAGE 7EHE#% £ 4t i B FH U AT 4 78 -

F4h, RGN GraphSAGE FEATEHESE R G H IVERE, KI5 4 Su i by IR I P SRy (3 T
P Ak AN T i W R 9E) AT AR, PRl FE AR RMSE #iT MAE.

3.2. GraphSAGE S5i# 58 %Mk K-Means B4 & (GraphKGA E3%)

TEAT ARG I, A0 GraphSAGE S5 fEHEIi4E K-means 17455, M T GraphKGA &%,
FEE PP FE bR RMSE Fl MAE SREGUE 2 5 e s RANIPERE. B2, {FH GraphSAGE B8 A= i H
FURID S AR N . LR, R B RE AL K-means SRR S, DIRBIRM AR H O,
LR B mHEE RS RER H K. GraphKGA Hi%fil G | GraphSAGE (158 K ik A RE ) A% B 1 4 =)
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ARG 3 A H VAL TR AR & RMSE, MAE #il AUC.

(1) 7% % (RMSE)
RMSE = /%Zi”zl(yi—yi)2 ®)

RMSE i A5 R PN 5 SEPE IR B 22 57, B BE 08 S BRI DR 22 FR -5 ~F 28, AT BE 2 3R
HBCRI R ZE . RMSE [IAUE RSN, B WA R (1 T 28 A
(2) LR R ZE(MAE)

MAE:%ilyi -9 @)

MAE F T & FUIE 55 SE BB 2 18] (1 T3 46500 22 57 . MAE BIBUE B /IS, 150 B AR (0 S0 R SR B 4
(3) ROC HiiZk T IR (AUC)

AUC = [, TPR(FPR)dFPR 5)

Ferbr, TPR I FPR 23530 9 B FH A AR B 2
AUC HIFiT Ry 23 P BE, BUE TG 0~1. AUC IUEUEIEIT 1, BB 588 I 8OR T -

4. SCIRLER T4
4.1. PUFEREMEIRE

4.1.1. FERIRYIRSHSE(Loss History)
K 1 /R T GAT. GCN. GIN. GraphSAGE R 7E I ZRid FEH %R 100 IR I R AR 10 3% -

Training Loss History

20.0
GAT

GCN
GIN
GraphSAGE

17.51
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Epoch

Figure 1. Loss values of GAT, GCN, GIN, and GraphSAGE models after 100 iterations of training
1. GAT. GCN. GIN. GraphSAGE #RE7ENIZFIZHIEN 100 RAVIRKIE
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AT, RALI TION 1 e R AR T . AR DU AR A — R, (HARRAE R B R A A E .
t, LRI, GraphSAGE #AY S Rt T S PRI SIOER L, HAR KA I I s U N e, IF HLAEHL
HIH M Epoch Haftis B T BARMIK, XRIIHE SI6 TB0GR. EIZRF /5, GraphSAGE #A TR
FEXF BN R W B, X R L TN FE IS E o FEVIZRERET, GraphSAGE I R (E 5 MK, XEIRE
GraphSAGE 1 REAI XTG4 . 1 GAT. GCN Fil GCN fEWIMAMIBR S N 21, Hin ks LK+
GraphSAGE 57, £:4 ki, GraphSAGE HAIFE IRl FErp R B T ARSI . /N ki 3
DA SEAIG IR i A0 A, 3K 2 B E 3K Y A ] A 22 I 4 A5 200 e FL A R A £

4.1.2. BIgFRELE
& 2 75 7 GAT. GCN. GIN. GraphSAGE & 7E Movielens100k ###4: 1) RMSE, MAE Fl AUC

iR
RMSE Comparison across Models MAE Comparison across Models AUC Comparison across Models
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Figure 2. Three indicator values of GAT, GCN, GIN, and GraphSAGE models on the Movielens100k dataset
[& 2. Movielens100k ##E& F GAT. GCN. GIN. GraphSAGE #&#&! ) = INgHr{E

(1) RMSE

GraphSAGE f5 A1 7E RMSE #54r_E % Bl i 14:(0.6459), 7 H i (173 5 S2BryE4) i) 22 F 8¢/« GCN
FE79(1.0138). GAT Fi%4(1.0150)F1 GIN #i7#(1.0237)k ., RIALF

(2) MAE

GraphSAGE A 71 MAE fbr_ R I 47 (0.4989), 1X iE— L BGAIE 1 HAE T 435 ThI A HERR 1 A T3
M =AMER T GAT £5%4(0.8241). GCN #i#4(0.8229)F1 GIN #i74(0.8327) ) MAE {ii%i s, #IH 2.

(3) AUC

GraphSAGE FEMIE AUC R BRI NE(0.8701), B HAE X 7 1E SUREA (A SCHE = V40 AT
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S T RO e fE. T GAT F5#4(0.5605). GCN ##74(0.5654)F1 GIN #5%1(0.5174) ) AUC {iAHXT %
K, LHHHTE R LEE.

LA KE, GraphSAGE FAE = AMTFAL TR FIRIUNL T, XKW GraphSAGE B IEHEIFAT %
H ELAG e A TR HE A 1 B 2y 25 fe 7. TR, AANFEIGAE GraphSAGE B fEHE#E R S8 rp (1 M F g, X
Xf GraphSAGE &L N T =M 1FAfifabn K likh 78, B Recall (0.6377). Precision (0.8348)#1 Fl-score
(0.7231), Z55UFRH, GraphSAGE HEAI/EAb 78 PPAl Fa AR L RIRER NI, 1 1 — 5 1E A FLAE T FH 7 i e
TR R, AN P SR S R R eSS . A, GraphSAGE A 7EEAT HEFFAE 550, A
EEF ol = B X g B, HE 7 R

4.2. GraphSAGE & FnfE b BT i E %

Hidk—2B A GraphSAGE MARIEHER: RGP TERE, K S54L G 1 P [A) i € S0 (G T F 7 1 B )
eI T 5 P L ) BEAT T beE:, K] 3 IR T GraphSAGE A - H - (bl [e) sk i S v fn
T4 5 () Wy [E) i B 4F RMSE 1 MAE J845 E IR0,

RMSE Comparison MAE Comparison

3.5 1

3.0 1

2.5+

2.0

RMSE
MAE

1.01

0.5 1

0.0-
GraphSAGE  User-based CF Item-based CF GraphSAGE  User-based CF Item-based CF

Figure 3. RMSE and MAE values of the GraphSAGE model, user-based collaborative filtering algorithm, and item-based
collaborative filtering algorithm

3. GraphSAGE &8, BT FeIthELITEEZFMET YRR EE AR RMSE 1 MAE f5#r&E

GraphSAGE 7Y () L 81 55 2 A0 T P [ e A 7% . GraphSAGE 74 [) RMSE (0.6459) i1 MAE (0.4989)
I8 /N T 3T P 0L T 5 i P )5 D B2 RMSE AT MAE . 541, 9, 22 30 G Ath, == il [ e 22 o) 2% A 7Y
') RMSE 1 MAE /N T23F H PR3 T g R g5 . xR, B masig, JtHe
GraphSAGE R AITEHETRE 2 40 Hp (1 B F A8CR Lo A& e b IR 8 SR T AR

X T GraphSAGE AU FIA% Gr b [l ik P8 L B 2 5 0, X AT REZ BT GraphSAGE HE ALK 7
AP EERE R R A, SRERIH SIS S AR, HAFHh A ) )T A 2 R
MPETEREAE, MITFEmERE R . AL Z T, ARS8 H b R SRR AR A ' —4 iV 43 R R 1
FHABLEE,  TGiEe o M2 P A i M 2 2 AL BAE S, IR IR .
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4.3. GraphKGA &3

FEARIRSEE S, GraphKGA BVEA I ZRAIITAL, 41k F] T RMSE (0.6364)F1 MAE (0.4855) ()14 &
b5, HoA, RMSE Fl MAE [{I{E R B GraphKGA SR I FH 7 VP23 B 2 Z2 50/, X 5 % GraphKGA
BB TMERYE, BRI IS PR 2 A A R, RALE RSO LE R. [H
I, X HE— R SE T 45 B4 I 28 RIS SRR AN SRR B T VETE HERE R Ge U X S )

5. SKIRLERMOHR

ASCH W T T DURh E AL 2545 Y (GAT . GCN. GIN. GraphSAGE)#EHESR 7 45 b (N 1 RE, I
S& G IR FE AT LU . DR, T MM R R G RN T REMRE,
FL /& GraphSAGE #5, 18 & T8 bx LT 53 4 =4~ B X 4 B AR R 5 1) Wb TR 90 v, &% 0P A
Febrgh BN RMSE (0.6459). MAE (0.4989). AUC (0.8701). Recall (0.6377)+ Precision (0.8348)# F1-score
(0.7231), JFH S5fEGMthRILIEMEE FIEAHLL, BT R E M4 R SIA R T B ar i tERE. K,
FERT A 2EAL B3R H HFIGTE T GraphKGA Hi%, J RMSE (0.6364)F1 MAE (0.4855)3 MU 34 5 (1) 45
XK T GraphKGA BRI B AR s 1 TERATE, Refs i Rt RS HERE S R . Rk TR
7 8 L RS ) Bt SR AR T A R ) R N A5, DLt — AR S HERE R R 1 B .
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