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Abstract

The development of recommendation systems has been plagued by some problems, and
cold-start is one of the major representatives. The core of cold-start refers to the scarcity of data
in the initial state of the system. There are two solutions to this problem: optimizing the model
and enhancing the data. The improvement of the model is far less efficient and convenient than
enhancing data. However, it is not easy to fully model the available data. Heterogeneous data
cannot be utilized through traditional machine learning or deep neural network methods. In
recent years, graph neural network models have brought new ideas to alleviate the cold-start of
recommender systems. This method has been successfully applied in many fields such as
computer vision, traffic prediction, molecular property prediction, and social computing
through effective modeling of heterogeneous data.

Inspired by the graph neural network model, this study proposes a graph neural network
recommendation algorithm that integrates collaborative signals and commodity-side
information. The proposed algorithm was tested on the Rec-Tmall dataset in 4 experiments.
The average AUC value is about 0.85, resulting in about a 32.26% improvement compared to
the user-based collaborative filtering recommendation algorithm. It was found that the
combination of a concatenation-based update strategy and a TransE-based aggregation strategy
can achieve the best effect of the model. The ablation experiment also proved that integrating
commodity-side information can bring about a performance improvement of about 10.41% for

the model.

Keywords: Recommender System, Graph Neural Network, Knowledge Graph, Cold-Start
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Mo JoRBEA B FAEY o B8 RS BRI R, an B =g B oy
B WATRSEE R AR R R E BRI ZHER KRG, BN R RN
P BITEPRAT A EA BARRIEN, X5 B RN BOB L g 7 RN . K
o J A S AT AL RS Ok 2 A5 BRI BIHERE R G AR R Z M, RE BRI A
T2 [ YA A TR gl L 22—, R R At P R TN 32 1) - = PR A T 48 5 B8R A
s FEIREHE AR, IR BBV AR KR (W 2-4 Fros), FHEBIERZE M
ZERER AT ARAL 55 R — 7 ) ) R A T o oR SR T R AEL, - st Re %0k 31 78 73 A1 H
B IRERY JE B A OF R A HESERZ B H . N4 Y — 2 = B, SKRIEZR U]
X 1K LA B AT AR

B P -y RS S (AU A BAG B B, — A0 R ER B AT g 2
{(Emily Brown,bought,iPhone), (William John,like,Google Pixel), --- }.

EEBEHAMEE (B XR ARG L) B, — A% B HR B AT e 2
{(Emily Brown,friend_of,William Johnson), (William John,son_of,Ashley John), --- }.

EEBEDMNEE (MR BEEED B, — AN X BB A B AT R a2
{(i0S,0s_of,iPhone), (Android,os_of,Google Pixel) ::- }.

[ nrRE e PR EE ™ BRERE

/

B 2-4  HEF RS UM A B 2RE B AT AL B 454

3 BEE RS SRR AIE S B B L NSRS

S T VA TR Y 1 R I [ N D45 U 0 B 22 I R A 7 RS o 1 SRR A
IR IS R o oS, BB E 7R - i W RS S5 AR & mT AR R ol (45
B B, W R RS AL B AS BIHERE R L R A\ S AR s M KGCN
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RFE L 09 2 A% 35 SRS 45t PR Ao 2 X 2% (1 7 J2 A 3o SRS AL AL SR s AE BRI 2 I 2835
&P EIE, THEH XY RBHE . FANHEZR QI 3-1 fos.

€D
& ‘ u
@ W) % \.%?s@g,,-\‘ y }
@ ratings.csv
kg.txt

B 3-1 HiLHESR
3.1 FAREMBEE A
3.1.1 KA (Rec-Tmall) H¥E4E
Rec-Tmall OB P48 02 B R A Rt I HERE RGP A5, H Al 7E R i B0 52 W
IR EAE R, 2R M REARLE, RIeEEIAER R, AR S HE B
£ 3-1 i e BEAREMCPRIEJF R R H, SEEMEbrdER It H. A EED B
ZEBA ARG, T s, H B AT A .

% 3-1 Rec-Tmall HEEELHIES T
% [ THE
FEALE 3,429 562 4,844
g 9,774,184 8,133,507 1,333,729,303

R B SO R R S B, JL 1T 3% 6 DR P BUR R D, 7k
FRAEL, TR IR, RO, T BRI B . L K
I “SORM-THA” B FARRE TR . H BRSO b A2 PR A FiLAS
B, TR 4 AER, AUUEES D, B ID, BTN, R R
BV RR . Er FE P AT B DU AT REFOME, R A o IO VRN IO ZE A
S CHRIRAT AP F 0 P X T PR RREE FHR A o S8 B SO AR A7 b P -
BRI (S B, H A7l 3 AEEL SRR D, A ID, R T
V. EANA B B % S B A UL 1

RO R, (LA REAR NSRBI . AN, BT 8 MR S

2 Rec-Tmall ZEFEV ) FEdk: https:/tianchi.aliyun.com/dataset/140281
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https://tianchi.aliyun.com/dataset/140281

g 1 E M -E AL AR S, R PRE SRR BARE F SOR, KA RIR A
WA HARE S B TEASOR, AR IR . X IFARAS SO T FU A H A
VEAHIE FEAME FI VPR B SO 28 b, A SCRITH 2 e S AR AR A 1N 7 it Kcd A H A8
B

3.1.2 WhAME S S iR R g

FEAF B 1 RIS B 22 (0 SR a6 B SCAF e, B e AT BRI AL B, X [R5
AMRH TR P A

RP-YathFEESER HSEa et as 7T s TR
— R s CRITHSEHLT AN REARORI I« R ” “Wiomt” S8AR%8), ASRERESE
ARG B . AW FUE BB “F R i AT 9 5 P R RO PE A IR TR SR
PE” FRRESIAT NBIE IS, 1R 3-2 Fos. 74k, BTt i s S S L,
AN FEAE LI 7 SR HERE ,  IEANE T P P 2R AT s L A I TR KA

%322 TRV RIS R R B 1%
R AR NG % T S
X PESY 1.25 2.5 3.75 5

P A B i ot Al ST T R s o R B AN R 5 B iR I
FEE S T EAMIME, ARTFUERICE 4 B O =Jud, g 3-3 Fs.
IX 4 Fh = o2 (R R R it 00455 A2 A SRR P

#* 33 ANTLHUE X 4 FhRA P =04
ek RE J=2E27S
i ID Gitem id) J&T (belong_to) RHA-T2n (category)
RFH-FF (category) J&T (belong_to) R Fe 5 Ccategory HIF-HB53)
Fan ID Citem id) B fh i (product brand)  fH % (brand id)
FE i ID Gitem id) B 2K (selled_by) FiZK (seller)

3.2 EMEMZEIE BARIE K

KGCNP4 (Knowledge Graph Convolution Network ) 5% 2 f FL 42 H O THI R HE7E R Gt
1, EFIRERE EE T S AP B S HESL . B AR B AT B RUEAR, B
G NS S PSR 2, R B SRR R . AR A
KGCN HEZESR AT AT SCHR B AR B s B8, MifE R R A R L, A

3 AW T AL PyTorch A (1 KGCN BB {E LRt AN MBS, ARSI ARG T 168 1AL AR
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5 KGCN HFrAfHE,
3.2.1 o)A

FEWMFRGESHE, 42 m NP U={u,uy, - uy} UK n s V=
(v, vy, -+, v} XEEFH PAIY S RS 5, BRI AT N BIVE S e BB R
PR R R, BB WEAONAERE Y e R™, Hh Wl v SR u BZOHED
Yuy € {1.25,2.5,3.75,5}. F MG S5, XK 3-3 I SLARFIC RImAGH I ZRN . iX
SIS H ) 1) B 3R s A R U S AR ERE ¢ = {(h,r, )}, HH hte&reRr.
M &€ F R 7 HARRLAEER K FRE.

% 34 HEMFSUMH
=) =X
mn F P R%cE, AR
UV, ER HFP%ES, mmES, LHhRES, KRES
u,v,eht,r P Wi, Sedk, Sksktk, RBSEfk, KR
Y, Yuvs Duw H -yt o [EAE S 56, S0, 0 TiE
G, (h1,t) A A R AR R, = e
F(), ©,W,b WAL R R, MRS
N (v) Piih v B —BeARIET A
S(w) M N (v) HER [ E KN AR A
V() FIEH A u m, Y v EAER
Un(v) AEEHP u W, Y v IREER

fELE - RS SHERE Y BURRE S IE SRR G J5, BT 2R
REEFIEFMAT T w RS Z AT LB IH v AWM. Bk, A H
PR TA F w s v AHE, 03-1 fos. Mo, K 3-4 S T ARERUE FH F
HIRTAT 455 B

P = F(u,v|Y,G; ©) G3-1)
3.2.2 KGCN B4 g

FERE T, KGCN BRI H e 58 R BUR — BR AR & M, X —FiER )

ARAY W, https://github.com/zzaebok/KGCN-pytorch, #Z#0{& W, https:/github.com/zzaebok/K GCN-pytorch/issues/S.
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https://github.com/zzaebok/KGCN-pytorch
https://github.com/zzaebok/KGCN-pytorch/issues/8

HLi A BAR RIS o e R PR A [F) 96 2R TR I ANIRD, g AT A ) 4 st 37 AN [R]
BUE, 032 fos. Hr, &Y, BRRR ne XA u KEE/E2, BARHEIE

=K 3-3.

U}L\/(U) = Z ﬁ;{v,ee (3'2)
eeN (v)
u — (3-3)

e B Zee]\/‘(v) exp(n’r‘v‘e)

R KGCN 2 H IR G SRS 18 ) B A AN F] ¢ R ISR Z (AR 52m,  HIX AR 5R
HRIEA =TT ISR . — 20 5 5E B B R, s ma 0 s A i b Ak
T AR AT AR, TR EE AR RSk . R HITEE AR, N
32 FIS 33 WAL vd e,y W AEE DN 0(n?). = REMERAHNRRSE

I w BIS2E, AHTFEN R R S s S, 3K BN 20 B e T SR
REMEWER .

AT R BRI, AL TransEVDNE R, RE4LE “BIE (h=t—1)”
Ik SAE, s 3-4 Jron. Bk T TransE IR G ITHERERE o), I HJGLEHISE
K], B 5 KGCON WS A BRUAR b, B S PR e 2 o ik ab, s 1
JH IR o

UVnw) = Z (e —Te) (3-4)
eeN (v)

3.2.3 KGCN 5 i

FESE W7, KGCN W th#feft 7 =MBEARR T, A0 AE R, PHEME
A FHARCRAE o SRASRBE TR S R AE AN IR G J5 B R AR B [ AT, 5t n 2 1 A R
TERREL, Wik 3-5 B PSRRI ERAEAR & 5 W ERIE S BARIE, FFithn 4142 ¥
Mg A, sl 3-6 s B AREGRAE SRS N an w1 e B, 28 R AR IE, HEE
FE IR Ja I AR _E it 0 2 1 A S AT 0 BR 28, X 3-7 PR « IR VR R R A — 3,

F H2 A H 8 A — LE SR o AR 7T B AR TR B X = b 5 SR 3 S AL RR R sz,
XA AE SIS B BOEAT X E o A
updgym = o(W - (v + vfg‘(v)) +b) 3-5)

updeoncar = o(W - concat(v, vfg‘(v)) +b) (3-6)
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updneighbor = G(W : vg(v) + b) 3-7)

3.3 EME MR SR

FEDLAL SR L, AW 706 A KGCN HESR A §ig (1 A7 FORAE AT L2 1 AL (1453 2% b
#, s 3-8 Bk ﬁ%#ﬁ@i}lléﬁ%ﬂﬂ%?& iy L2 AL g RS T AN 5 i 0L

L= Z ( Z J Yuvs Puw) — Z Ev~p (o) Vi P, )> + )\“@ll (3-8)

UueU \v:yyp=1

Hoob, g RARAHR, P ORFCTREMGEE, T AT u GRS, T
= (i = O} FI P IRAIGSIAM. BUR T, AJlel> ML L2 EMLI.

4 SEREEREHIETHE

4.1 KB RE

AR TGP s PR (R T 28 AR AT B A FE S 3 i, AR
SRR ER AN P S5 2 (A A8 BAR RS, BN ZRt B R R i A P et
Vi T IR, JFKs SR S TOAE FEX PP AR o AHE S B B A AR RS RS2 56 2 BT BATE
https://github.com/Ki-Seki/KGCN-pytorch-updated/tree/ugt-only F13% %1,

4.1.1 PHETERS

ASEEAE ] ROC AUC SKIFAR T 205 . ROC (receiver operating characteristic curve)
SRS EH TARRHE M 2L, B 2 N TES € BIE T % B/ BRI 73 R R B0
Wy, HSHO7REM 4-1 os. DURBEFE NG, ROC AT LR 732K fidh/ A midr
(R R B AT & BEYEAY . 1 AUC (area under curve) J&7E 2R R{E M (BI [0,1]) F3RE
ROC HIFASME , BRI, BRI R 2 R N 1o RO, Fot B0k

X 4-2 FiR,
y(6) = TPR =
TP + FN
FP (1)
*(0) = FPR = 5=y
1
AUC = j (0) do 4-2)
0

Hrdr, TP,FP,TN,FN 7y HACERE A, B, BN, R REFHE,
0 £{H. TP,FP,TN,FN,TPR,FPR /& 0 W, BN T EZrifEE, AR EE
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https://github.com/Ki-Seki/KGCN-pytorch-updated/tree/ugt-only

k.
4.1.2 SZIGIAIE

fEAE A B, ARSLIGIZATEN S GPU MIEM N NEIC A b #4420 71,
2SS0 32 HAE A PyTorch IR B 22 ) FF R HESE B AF RN O 4015 4038 4-1 FIZR 4-2 oo

% 4-1 TR ER B 405
i H {I=A
Kb P 2% Intel(R) Core(TM) i5-10210U CPU @ 1.60GHz  2.11 GHz
N AT 16GB
G 512GB
2R NVIDIA GeForce MX250

L HEAF 2GB

* 42 LY CLSN: iR
A B
BIE RS Windows 11 FKEEH LA 22H2
JEFAIL WSL 1.1.6.0
WIEES Python 3.10.9
IREE 5 S HELE PyTorch 1.13.1

413 WBSHKE

AT FEHEAE R AT AL AT P SL I SO 12 Ay, Hrhxd i FOoRMSLIE BA B
IS5 4 4, BA1/E aggregator, mixer, n_epochs F1 random_seed. H:H', aggregator 5
mixer 5 5 A E B KRG, n_epochs #EHERIREL, random_seed 4 il 56 HI R AL 2 A=
FAS LURIESESS (AT I . 3K 4 MESHETEMRRE DR 4-3 s, SRR 12 N8
SRR % 2 Por

*4-3 Xt S BH HEMWE 4 MESH LR
S B AR
aggregator sum, concat 3¢ neighbor =P EE BT TREME: RN, PHEANLELER
mixer transe BY, attention PR 5 A e B A & A2k
n_epochs 1R B, RUESLE ROR
random_seed fLEHF faE ENL SO+, sl s, fRikn] S
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=
E}

Loss
=4
]

e o
o o

ROC AUC

e
«

e
]

e
o

4.2 TJATHESE

T IR RL ) RTATVE , AR FERBRLE 3 DNANEBENL B FIOWE T T 3 IRk
5y, SCESEERINE 4-4 iR, =IREZEG T AUC {EHIFHE 0.8, “FIEZI N 0.85, Fiflzk

T
* 4-4 AT HESEIR S5 R
BENLECR T SEWEER (KSR, AUC)
6666 140, 0.844176
59 143, 0.820407
123 144, 0.898722

BEAh, MSEZIGHEAR AT R (ANl 4-1) EkE, BORLIAE 2 /0 AT 120 VB4R,
AUC At 7 0.8; M4 Bk 20 & It SAE 2R/ RT 100 RN =R S5 s H N
7318, PR 2448, B—NERHANSG 02 #, FESCERL. Mk, BEA
T T SRR, sl R 4F

—dataset product --random_seed 6666 -dataset product --random_seed 59 —dataset product --random_seed 123

\ 1.25 —— Train Loss
Evaluation Loss
1.00 4
9 0.75

g
0.50
0.25 1

ROC AUC

T T T T T T T T T T T T T T T T T T T T T T T T
0 20 40 60 80 100 120 140 0 20 40 60 80 100 120 140 0 20 40 60 80 100 120 140
Epoch Epoch Epoch

& 4-1 FATHERR R ARER
N T E LSRR AN ROR 3% B o B — RSB A B — R P K AT 8

A A T 2 AN SR i SR HE, 0K 4-5 Fon. o] BUR IR 28 DU RN ES 70t
VCEC AN, HARIYULES R 4T -

% 4-5 FE—HERH AT 8 4 T R I TR E AN LR E
WMME 04755 09410 0.8889 0.9919 0.8850 0.1131 0.8510  0.1162
SRME 0 1 1 0 1 1 1 0

¢ SIS SR P I SR DI AR, RAME A T RIZe#os, T .
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4.3 FELRXT LSRG

BT HH AR AR AN 7 B %, 1T HL A AR e 4t v B PR e B AR . A A
R PEFE T 0 R i e 4 AR VA NS IR SR 2R 5Tk, 76 5 DNAFRIBENLECR 7 1% 2
AT T 5 REEES, SRS R ANER 4-6 Fs.

% 4-6 BB SRR (FRERM)D
BEALE ¥ ISR (AUC)
1 0.616041
999 0.533585
345 0.553429
124 0.526271
3345 0.594942

FIRSEER ) AUC (EHIMEZIN 0.56, S KIEZIN 0.62, HAERER/N AR TR H
R PERE . PIATIESEI T BoR, Prig iR AUC H/IMEZI0Y 0.82, AHAGHL LAY
FBH 32.26%HEBESE T SEIRAE AR, AW TS AR AR BUL G — € B
HAE

4.4 A F RN L S

AR IG5 TR S T A 22 N 24 fIS A 38 BRI REI, AHIE FERS S 5 2]
) 3 P EEE HEE  2 RIS SRIE Y I 45 S BEAT R LU SESG:,  SRERSE R INER 4-7 P

LR, AWEFUER I R R S RIS AR R R R AT S, ARG AREE
FHIERESETE, AUC ET3RTT 6.67%, JF HAREF 1 5iER 71 30 LPAH A W SOE 7
FE SR A 5 T, 43 SR SRS A LU 53 AP RAT S0 5, [ BE Sems Iz,  1i SRAT
TR U F5e YK o

% 4-7 RE /T H RSN LS 45 R
B (3%4) REEE (2848) SEIOEE R (WS, AUC)
FHIE (t ) 149, 0.831771
SRKAI (sum) . :ﬁ ) ranse ‘
FE 7170 (attention) 149, 0.775663
X FPE (¢ ) 148, 0.856771
Ht¥E (concat) R iI ranse .
# &30 (attention) 122, 0.824716
e (6 ) 144, 0.840483
A4 (neighbor) e =
#7130 (attention) 148, 0.771828

S A5 AR W], LEFE P TFT SR AR 12 2R 5 SR O 2L 45 RES 1 A TR 0 B de
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B RPN G HIS T, SCIRIEARIAUG LU 4-2 Fron. se BRI st R 556h5
IEARKE R I 5% 3.

--dataset product —aggregator concat —mixer transe --n_epochs 150 --random_seed 114

107 —— Train Loss

0.8 1 Evaluation Loss
n 0.6 7
0
|

0.4 1

0.2 1

0.0 1

ROC AUC
e ©
- 7}
1 L

o
[+3]
I

o
[%,]
|

T T T T T T T T
0 20 40 60 80 100 120 140
Epoch

B 4-2 PHEEIFREAMENRESRKKAE THRERERE
4.5 JHmhSELe

AT RESRE i A7 ORI e T AS B B, 1 T ey e 00 R0 R P95 S RE 6 SR M3 A7 R
G AR, SETME ARG AEE . Oy T IR R, AWPIUHET TIHRLSE,
SAERA RIS OLS » BEAT AP AT AN G P R VR P R VR R sy o VR RS B AE A R 175 0 12EAT
TR, I3 4-8 Pz o SEUG I K A3 4 1O FAR BRE ST T a8 25, AR RIR B A
FAAEI FHERE ROR

% 4-8 PRIRIE B SE R i 45 2R
Sk (BEHLEF T P SRR (SR, AUC)
o o P R P 146, 0.830729
AT AN R P 134, 0.794886
A FH R 146, 0.818182

H (7D o
A R 138, 0.703456

MERIG AR T LU Y, A8 AR B X PR RE I SE TS AR, ISR IR I BE-T- 1 3R
TH 10.41%. AHZNSE b, A RR RS RS TR SR RBUE L, X2 e ae s
Ko (XS T A AR G A TR U, PR 10 IRIAAR,  HeBCT34 10.41%0)

SR AR S B — H =R, R . 0% RE S (P E RO RN EE AN A L«
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PERESETT R AE S
4.6 LIHEEW

CA_ESER 78 70 UE W 1 AR SR AT R B RTAT I, DURGZAR R S AT P A
(Rl R SEA EL RO DO, B 1 S 6 B 2 B SR A 32U R & Sms i 2 & e 1S
FRALTE B AR RCR, UEWA T BT A R PR BE DR AL VE RE SR T R A By, 2 A
RGP SR Bl A

5 RES5REYE

ARWFFEE T RE Y RS S AR UG S A W SR R, i AR
KI5 S, R 2 3T SR, AR T R G A R 3 1]
N T B AIE A EELE T A 5 T A S R R, AR SRS Rec-Tmall Zd FE 14 2
T AR BEEHEEAOR AR, IR R BT T R SEES, BHE AT SIS . R
FUSEG | 5RA /58 3 M bL SR ANV Rl S B DU T . SRR B A 7 VEAE AR VA I3 3 in)
EESRE

SR AT FATAFAE — SRR MR . 28—, T SEIQIREE PR B, AHF AR REAE
A BB RTS8, SRR Tl AN A ml AT AR I AS A o BB, A TR
TR (%) - 7 T AR R ) S B AN 08 e B, I I AR A 5 R #2285 (R ARZ Bl PR . 36 =,
SRR T A JE T LAGRAA YA J5 Bl L, (E M P A AL 22 O R B AR Rk B RIRE H 1,
A FUAEIX T T AR B AT L. 300, AR AT RSl A8 T “17 NEe
P47 BRI A EEEAN IR TR 8T . 551, (ESLI AR bs Jy T,
AWFFANERE T AUC X —Fabs, B lNH—.
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