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Global Information Multi-graph Neural Network for Session-based Recommendation

HUANG Tao, XU Xian
( Department of Computer Science and Engineering ,East China University of Science and Technology , Shanghai 200237 ,China)

Abstract ; Session-based recommendation aims to predict the next most likely item to be interacted based on the current session. Given
the short duration of a single session and the short sequence of clicks, it is difficult to provide accurate recommendations using only in-
formation about the session itself. It has become a trend to comprehensively consider the interaction information between other session
sequences. In order to improve the effect of session recommendation, Global information multi-graph neural network for session-based
recommendation ( GIMGNN ) is proposed to enhance the effect of session recommendation. Firstly,the model obtains the global session
representation and the local session representation of the item by Hypergraph convolutional neural network and Gate graph neural net-
work respectively,and then integrates the reverse position information into the two representations by attention mechanism ,and finally
uses the fused representation to complete the prediction. A series of experiments have been carried out on two real data sets, Yoochoose
and Diginetica. The experimental results show that compared with the benchmark model with the best performance, GIMGNN model is
on Yoochoose P@20 and MRR@ 20 At least 2.42% and 4.01% were improved on Diginetica P@ 20 and MRR@20 At least 6.56%
and 9.11% were improved, which verify the validity of the model.

Keywords : session-based recommendation ; hypergraph convolutional neural network ; gate graph neural network ; attention mechanism ;
position information
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24 105 B B T Rt ok He % AP R iy T — R
T2 W4 B i B fE 4R NCF( Neural Network-based Col-
laborative Filtering ) , XHEZEF] F 2 R F 48 K % 3 Fl P ¥
REIRE. M4, Chen % A 42 4 T — R & M2 B R it 0
#E &Y J-NCF (Joint Neural Network-based Collaborative Filte-
ring) , HEEGEN FEAHE AP YRR EFEREIY
M RERHE. B BRI T R BIE R AE R R
BT R BRI Fnsge A S5 PP 5 B R AR DR 4.

AR, BB REE I AR AW R R, TR M2 R
#&% RNN ( Recurrent Neural Network ) f£-iG i HERCN T B
T34 5. Hochreiter 25 A 32 #f LSTM ( Long Short Term
Memory) f) RNN 75 {4 B 4% , DA SE 47 4 3 #2 FF 5. Hidasi %
A4 RNN 254 BI&35 15, HA R 2 283 87T
(GRU) #4225 5 X 4 & J$ 5. Jannach % A'*) ¢ GRU4AREC
(Gated Recurrent Unit for Recommendation ) & KNN ( K-Nea-
rest Neighbor) FiEMHEE & , WMETE PSRBT REE, 5 THEE
HOR. ZEHER |, Tan 25 A U@ BB NIR T RNN, 3
18 T S BRI 254k Peng 45 A1 $2 14 T HAR-
SAM( A Hybrid Model for Recommendation Supported by Self-
Attention Mechanism) F¥RBE2: S B8, AR R B 1R )
HL X FE P A AR AT AR, 312 5 P TR AEIRST R 5.
Jing % A2 H T NARM ( Neural Attentive Recommendation
Machine ) 3% SRS K VE B WL B T SR RHIE RIS AR,
DA LRSS P ERE. Qao Z A EBH TR
TFEE S L H BRI IZ M4 STAMP ( Short-Term Atten-
tion/Memory priority ) 8, 5 B4R T F P B EF 15 8.
Wang 2 A1 $#2 #{ CSRM ( collaborative session-based recom-
mendation machine) $%Y , ¥ RNN R£& FiE R LGS &, F
B A B IR 4 8 T P R 4. Wang % AU, BT
RNN (477 4 @ 1 % 45 58 P75 P 9 38 B Y PP F A i
HRERZHEE. BERETREZINFE(FERET
RNN {55 ESERETPRE T S BERNR, EEE
TR AE—BAR, BN T: 1) ENB RSB YRSHE
FP3 RSB AT B IR 2 A AR, T2 B T X B S e i
BHZ KRR 2) ENREB T YMSENES, ™
AEBRHEEXESERR.

& #i12 4% GNN'?! ( Graph Neural Network) fE45 5 IR
PR ENRRE, ZH R ERNSERELE 5T
RNN B FEAR , T GNN M FEREE BRSERF
IS IR, A5 A GNN ZEE PR G HRPBET R
BfE A, Wu 2 A1 i SR-GNN ( Session-based Recommen-
dation with Graph Neural Network ) {584, fif FHiE = HHLHEETE
P W& R %85 —BUE A P RS BTHRE R 2
RN R Y A R A TE BB A TR Xu A
BHE T HER /1B GC-SAN( Graph Contextual Self-
Attention Model based on Graph Neural Network) , 1245 &l {# F
El#h 2 B4 B R I PLHIR 2 X 498 FP 5T i Z IR
IR X R Qin %8 A 4R H hn AR B ) 4% Bl # B FGNN
(Full Graph Neural Network) , ZEBMAIHEZNERAEEE
(WGAT) R ESTEFFI Y & ZH BE B W, AT RS
RN, RGBSR AE R A R B R AT R SR R E

Wu 2 A P42 HH T GARG( Geographical Attentive Recommen-
dation via Graph) L% , L RDRE 7 M 22 B 48 FiE 3 L
HMHEE AP RESENINGES. YHH LR GNN
AR R LIE R, AR MSIERFITT R EA RN E R
FHF B T REBL S B AR S TE RS B RBER R RIHE
MR B HEFE S, Chen 2171 42 i LESSR ( Lossless Edge-
order preserving aggregation and Shortcut graph attention for
Session-based Recommendation ) {25! 2B FEFI AR Nh %
RPEFRGER BT THERFREEMRERER S
BBk T BB RS, AR RE R ER RE L
REBAESTERETPRE T RZNERES R, BRFER
AN BB 1) ET GNN Tk AR T Y iT&iE w5,
HBRAEZRETCSIEN YR STENEN;2) BSE P FIER
R—A B A ], GNN R RBHH 214 & 2 TR A B W 553
KRR ETER YR ZRE RO RR.

o FEE A, — & REEEERRIAA TR, T B 2 —i
FRHET, — &V D EBREBEENTUS. EHE R,
BASTE RS EE . B LAY R R_ A B %
i, AR EE S IR . XS EE SR T
HESHEZANXEFESXEETYRZBEERNBHE
BB, AR E—FmEg2RERNESEAMEMESETE
FHE AL ( GIMGNN) |, AR F i Bl B PR M2 ) 4% (HGCN)
TR A2 R 4% ( GGNN) 43313 324 i Z M E 2 R B e
RAMBAEREXR  NAMERZEIY G EREERDN TR
SERFNFERR KRS T SEEENETRE.

AW EETAENT :

DRBERESFREEMRETSFEMESHESEME
Wk TR AL, 324 A B B M & W & iy f 2 R A
ZERBE B R, RBSTEIEFERNERE.

2) R A AL RAIERL & & 2R R LT
XEBFRAZIE B RER LR & RRIE, 2
ASERFINRERRA , AR 2 E MR NIEES R

3N EWNELEIE £ Yoochoose Fil Diginetica FHEFT T
—RIER, LRERRY, T L RERMANEEER,
GIMGNN #£#7E Yoochoose | P@ 20 1 MRR@ 20 & /2T
T 2.42% #14.01% ,7E Diginetica |- P@20 1 MRR@20 # />
BHT 6.56% F19.11% BiE T HEBMA M

1 GIMGNN #=3

AT, B N4 GIMONN R B A%, KK X<
TEHERE R TH R A E IR R R ) AR, 0 ) R SRR &
EEMERSERE ZFESHNERITEEME KNS
(GGNN) Fi B B FR 12 M 4 (HGCN) 43 5l 4 Ay i 1Y) R 0
S RER TN MRS RFERS. KBS ER YL
BYR I RS IERN M2 R aiE fHER T E RETER
- B SIERS Y R 2 RFHMERS BT AN A S5
BAFON , NTTH B M EER S HE2 2 B
1.1 REBREN

F R EE BN SN AN ERMEMENATET
SRR B BE T MBS 2REENSEAMEN
eIt (GIMGNN) , N 1 Jim.
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Fig.1 Model framework of GIMGNN

B EM % (HGCN) & Y @ 2 RETE IR

4) RSB ER AVLENE R 1A LB R A RS2
s R IR RHERON F e SR SRR PR BN

5) Fal gt RBERGRBRB AW SERS YR LR/
S RERTN R A GBI RERA U T —MREY .
1.2 @R

BB V={v, v, v, | RRREPTAYRIER s =
[vi,vp, e Vi I RA ST SIE P, HP v onE&iE s PR
WHMIE v, I T EiE s IRIE. &8 s T I & TR I TR
PR IR j>1,v; 1 v ZHRKE.

INRTATIR , LB R B0 AE S5 BARE S RIS E W T — A
BA T RERER Y. B b, A SO0 S R E LI
BB S ={s,,8,, 5| RRFHEEWEFH,s = [v],v5,,v]]
(v, e V) Fom HHIeE 5. SRR Bin R sr R
FCO B8 v A RS s PRATREAGHT—
Ay B v, =£(S,s:0) KB 0 RRTAEISHE K
THRBBAERWER  Fr S B E9 S, FFIMERDIGE, I Bt
FTaA s, €8, WEEITLS(S,5: 0) FRAESE 6. AT T

TR OB S, I 3. 1:0))) ()

R AR ByMERERE L( - ). HF IS 1 BI%E
BN m; BFPF s, K EE.
1.3 WHEEsk

AHEXTHAEER, REAERNLRTEEE, P
RSP AR Z RN R ERER. RRSER
FiFn YA IR R - IR LR NERER, 2/
LA FIEA A SERFIFR- IR A RN E BN TEE.

FtEERR - AR E, BRS EEE PR
REF. BB s = [v],v;, v | BEERFF, G, = (V,,E,)
RRERTESER, PV, Bl s B EEHIEY SARN
YIRES. E, =, RAMBE, BRH(vi—>v,,) €E, &
AT s PRV T—AERTIRE V...
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Tout s T Too T TN E T RERBEREET R r®m
EHREEBERIEETR. rwRART R R ZH
TN FERER, r RN % TR AR ERES.

i e e e

%ﬁ)?lﬂl

oS

*@ﬁ%ﬁ E

vV, oV, v v4 vl
V172

v, v v
2lofo] w|1|lofo]o
vl o 1s|1s|1s| v|ws|13|13] 0
il o 1212l o] Y| o [12]12] 0
Vilolofof[1] ™|o]|wr|ol|i2

RS NESRE

B2 Rk A
Fig.2 Local session graph
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—A Y. ERTAEFESERS, B4 e e ERTEET
. A wie) e W Bl e AE. RECP, W ATRLE X
FxHASERE W eR = F JBREIRT DUFIRBRAER HeR "7 R
a~,HAEHE h(v,e) BN

1,ifvee
h(v,e) ={ 2)
O,ifvege

R E RS TT AT E R ERESE D = X, . w
(e)h(v,e) A TRRHEEE R B =X, yh(v,e) , HLH D
1 B HRR XA AE .
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1.4 REHRTEIHER

[T E M2 P2 (GGNN) B T 3RBUR #F &3 51 vs
Y- R R RERES. ERFSEE S, TR ERT
BB BT RN T

a4, = (A AL T w7 v T H+D (3)

Z,,=0(Wa,,+Gy") (4)

R, =a(W,a,,+Gv") (5)

F, =tanh(W_4;; + G (R; ,0v/™")) (6)
B, =(1-Z,)0vi"" +Z; Ok, (7)

HPHeR™ W _,W, W cR*“G,,G,,G, cRER
WEER,Z, M R SRR EFITRERE T, v v,
Vi RETE s PR AR, o (- ) BN BIEER, OF RNt
MICEMTE. A RN RMEIEE N B EER, AT RR R
SEERPABEERE. AXG)ATARY RZENE AR,
TP EF T IR M B &, I HAE A
FERMEME R, AR ARG BELEFITMEE 4
FlkEEREMEFNEL. AX(6) BB —RE. LR
BMEBENHEFEERS. AN RAEEFHTTHEMT,
HE—MRRRSFRERS B RLRS. B &FEE
WA T R TE T, R BRI E BT IR R AT
RAE ZEHERERE IR EARRLSE TR YRR
BRI, AR R AN E N NERSR. fE—1T
R, FTRUEN TR MR BT E N R v, WMHEHMR
WA EE
e; =LeakyReLU(a; (h, Oh,)) (8)
e RATR v, TR v, WEEM, LeakyReLU( - )&
RBOE RE BT A v, My, KR 2, eRENESE
M B EAER R R E A R TN A v, .
R T AR R Z MR EEA T ok, £ softmax pf ¥
o EHEATIE—4k

_ exp(LeakyReLU(afij(hVithj) ))
%= o ep(LeakyReLU(al, (0, ))) )

AR(9) ERARE o, RAMFRE, B KN R 1948 /E £
FRIHY, MBS R ORMESTH0. 8 TR, B
KA AHH R v, IFERT .

B = ¥ ah, (10)

R BRI, T LR A SO MR R s S
MYRHRAFNEEREE—E, UREYHT AR
FERMR. I BB ERE I B T RE X R SiE %)
YR RRE = S .

1.5 ZRETEIER

HBEBEMZR % (HGCN) T RBUTA SIEFR S
mZE R RR. EEE FEXERaE N FERKED
TTEBHIAR T S A5 8. 2% Feng % AP R ML BB,
FEARSCHYHE R HGCN RIE LI T -

h"' =D 'HWB 'H'h! (11)

BB LB ER TS -85 TUR (V-H-V) £5538. A
(1) H'h FRATRAZBHIN R AR AR5 5HAM
T MH R T TR 15 8. &5, Bk HGCN R K
EE—ENBRA N TEAENTRA v, NB0RAELE, &
AMEVIHE v, IR, BAX h, S RUATU T F4aH,
BRAB AN LEREHNRR:

1 L
global _ ]
=T, (12

1.6 BEER

T EME, A SCER G HRRERAMERERR IR

BB RERR
hf;”“’ = dropout( hf;”“’ )
hfﬁulml = dropout( hfiabal) (13)
h; = SumPooling(h.* ,h&™*)

AF(13) T B R B S AE R BOR F AL B4,
M2 & R &R b, . [ B3 H dropout &, B 1132
BRI ER TR R MM E RS R SEFIIRA
% GGNN i HGCN ZJ5 , Al LIRS i R i 4R
a~,BH={h} b, bt}

AR X TELF R4 R R A TR A ). ZE43C
TER, BRIV EERE =[P, P, P PRI
MNERASYRBEERTHEE S, HEP p RnFE—-MER
&, BRESEFFINRKE X THRESE DY v, EEE
ANERINYRER b M EAER p )5, RABHITIER A
BHARMERITE v, FABERA , HRT N

zi=tanh(wll:hv=i [ Peivi] +Db) (14)
HPESHE W, eR7¥F beRB—ATIIEHSE, | BR
HERRAE. B TSERFFIRKEAR E, Bt AR LB it
A AN TR AL BRS04 5 R0 2 BT 2 IR Y BE RS
SEARWNEL. Bk, KR ER ST UEER RS
Yy R ERE .

SENRTSEIBNYREEBEHEX A THRES
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R L (15)

HETFMEBBRARGE 2z, MEERA s™ , RCRAREZN
R EANE

Bi=q"c(W,z, + W,s° +¢) (16)

Hep W, , W, eR Ml q,c e REBRATE IS H. Hitk, 38
TAHHSRERBEENRLERR:
S=3ph; (17)
HEMTELERY, SERD S R MBS T2R
FRFEH LT XAEE, MEEEE T HrA ¥ 5950 F R
e, BlbaiERR S I MR i m SE AR 1E.
1.7 FiNER
5% v, WRHBFERS bk, 2 RFERT
WO SEEENRNER. Bk, A& ENRERR
5 h§ M, I softmax EREOTH S E RS R EY
ot AR AR, A
¥, =softmax (S h&”') (18)
Vi ey FRYMEED T~ HWH v, R HR
PR B> S B AL ) B P FRUUABE = 1) B 1) 3 U, HOE
Xy
L(5) = - $ylog(3) +(1-y)log(1-3,)  (19)
Hrp,y, Fmh one-hot [4 &.

2 ZBWE5SH

AT, B ENME TR BIRE MBI PR
BT EMERSHORE , R)F 80T T —EFxT K%, LAE
E T34 A&

B 1. 5P WS TEHERE R T it L , GIMGNN R 3
e ?

AE2MELRAFEEGTHRBTSERERR
GIMGNN 28 v BB P BB 7

B 3. S B R A X GIMGNN F P RERZ R 4] 2

IR 4. A [F)#8 5 40 ( dropout ) 3% B X GIMGNN 4
SR 7
2.1 ISP E

ASCEEAH BT A F 2 B EAE R & Yoochoose 1
Diginetica #F4T. H. ¥} Yoochoose $#E &3 g TF 2015 4E Rec-
Sys ¥k % %%, JE i http://2015. recsyschallenge. com/challege.
html ZRER, $HE 52 A HE — AR 3k 59 2 i P 58 90 3R Diginetica
¥ & & 8 3 https://competitions. codalab. orgcompeti-
tions11161 ZREL ,3k B 2016 4E CIKM #F , 3R 4 B SRR 5 51
PR R

TR MR ENTLE TES % T 30 [23], 5 kD
WK 1 MESEMRAN RS D HRREDT 5 KNy
i R A BRI AT (BHT ) B MR KRS, # R
I SRR A TUIZRE. T Yoochoose ¥iE & IFH K, A3
Xt Yoochoose $IBAEHEAT T ARSI ALIE. Bh4h, B BFFIIEH
fEFREGL MRS RV 2R R AT BRI SR 7T LAR & e M 6.
Atk , LB U A Yoochoosel /64 R SESE. R 1FIH T

BREBALEERHEENRITES.
=1 BAEEELS

Table 1 Preprocessed data statistics
BTN Yoochoosel /64
AEgE 557248
GRLSEH 369859
MR SR 55898 60858
UL N 16766 43097
FHEERE 6.16 5.12

2.2 MR

HTETESREEBBTHR, AXERETERANEE
(P) FF3E B e (MRR ) £ Ry iR fh 1845, 7 LRRiEE P,
RGEBEEFNEES M. N TS AR S RENEE
MR, # 8 P@QK fl MRR@ K DLl BRI f#EfE, B K &
ANEEY R EE.

P@ K it B N HER IR P B AT K AL r) IE 7
WH,HE XN

Diginetica
982961
719470

_ Mt
P@K=— (20)

Horp N BWRSE T P FIE n, RAEHA IR TR K5
R IE B B S B

MRR@ K RXTIEBEFE Y& v, HREEE KM
HHERESIR I N BT, HEMES T v, ZE THPR)
He BB IR v, LT TE0%5 1 i MRR@K 1, % v, R
BUFE I FP Rt MRR@ K 7 0. B UR S B R/ A N, BOFHE
MRR@ K fE PP Al Y BE R :

1 1

MRR@ K = N, Ezs’,mrank( v,) (21)

e rank(v,) 2 v, EIEEFIRPOHAE.
2.3 wibEEER

ST BE GIMGNN BRI A8, LI LT 9 R e
RUNE Rt AR

1) POP: #E I SR BiR &£ AR R H AT N .

2) Item-KNN : 3 3 4% 5% BE B SR A B N4 & 2 T A A L
B R EEUE RS,

3)FPMC™" : Il & T 451 408 Fl— B /R 7T ke, 2
—HR& 7 BT RS BT, 28 T P TS TERS.

4)GRU4REC™™ . J@33 T M2 M4 (GRU ) #4135 5
BECHRASERR RS MR RUIZER.

5)NARM') . BF GRU4Rec (RS SR B THE
1B 46T RNN gRERE, RS HE X TS
B EERE.

6) STAMP"'"! ¥ Se BT TAEH 9 RNN iSRS AL &
BEEN FERYNSEPEE TN ARERNERAP
B B .

7)CSRM'" R S 4E B A& 5 BinaiE e A
FURSTE , FER X R EMER B MR TR S

8)SR-GNN'™': ffi i GRU R EBY B MM AERR, 5§
STAMP 2}, BB KRR G —~ MR R E SRR IERTR.

9) GC-SAN™ . 5 F [ 1: 38 M8 3k 2 S &G b 2
HH BRI BRES.
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2.4 BHIKE

FEASCHISZ I KB B4R BE R /N E Yy 100, HE4b 3
KABE R 100. FiAFIEISHHERRH 4 H KL, F
BHE S 0, FF U 2R 0. 1. 2 TP 0.001, I i Adam
AL AL, A CEF IR & 4% epoch $EE K 20. X F
GIMGNN MR E , A [F] 9 3088 22 X3 DL A R 89 E 3 @k
B R IR, T HIE 4 Yoochoosel/64 Fi Diginetica, 24 E$i%
B3 b, RER R R X T RER, MR R RIS E
BATE AL AR R 5 A SCH R, &30 R AR LB R
BEAT AL AN, R T AR, ¥ S B B R s R
R SR
2.5 ZERSH(MEL)

ERR2 WERESRATUEL , SELHERML, &< 30R
Hi#) GIMGNN #2U7E A BB &R 1R AT LR T BRI AL

R2 ARERERNMEEE LB ER%
Table 2 Experimental results of different
models on two datasets%

Yoochoosel /64 Diginetica
L P@20 MRR@20 P@20 MRR@20
POP 6.72 1.65 0.88 0.21
Item-KNN 51.61 21.80 35.75 11.57
FPMC 45.62 15.01 26.52 6.95
GRU4REC 60.63 22.88 29.45 8.33
NARM 68.24 28.63 49.70 16.17
STAMP 68.72 29. 66 45.65 14.32
CSRM 69.91 29.54 50.82 17.16
SR-GNN 70.58 30.95 50.73 17.68
GC-SAN 70.09 29.65 50.75 17.43
GIMGNN 72.29 32.19 54.08 19.29
Improve( % ) 2.42 4.01 6.56 9.11
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FIP R ERER , B R RGP R 2. XERE,
B RNN EEE S FFIEE , BR R ET SRR
AP BRI R LN RE. B REE R ARy &
EHE %, NARM #1 STAMP {5 Fi ik BALHIE A iR X A P
WER E—-cBELESTHEERR RN T
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&l SR-GNN 5 GC-SAN L 45 R Al F1, &£ T GNN &
EEAREENRA BT TRAREFESREEI FiE.
B Ay i P 51 A Dy it PRI DA R £ P GNIN /T DA SE 47 Y
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P ZRIEE ZRMKEES. ARET GNN M HER &
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SREEBAR , A SCHR 4 7 GIMGNN RS [ B4
P51 S g R I, I 168 P T M 22 R 4% (HGCN) 22 iy 2
FMERBHXR. EAFRNER T RN/ ERI
ETER, FITT ARt R LTS 75 4 & iR
{E, X2 GIMGNN B4 L5 RERY R A .

2.6 ZREEXTELERRIE(EE2)

EFRANBIRE LHTER, LITE 2 R RAFE RS
SRR RS ER A Bt A S T HR N LU .

1) GIMGNN-NL : B} bR~ % 88k (GGNN) , R &
TARRAEIES(HGON) KR 2R STERFIH £ T 3
fRa.

2) GIMGNN-NG : fliBr 2 RRn # J I (HGCN) , H &
T RERRAR I (GGONN) SRR RIS E A 5 £ T 3¢
fRa.

% 3 7£ Yoochoosel/64 F Diginetica B~ 3B £ F L8
T3 AMERMEREL R, I 4P % & TP P@20
MRR@20. \RH AT A1, 4 3C 42 Hi ) GIMGNN J5 ik 7EH#EFE44
REJT T B~ Hi B fE 45 R 7E Diginetica ¥z % |, GIMGNN-
NL ) ¥ & . T GIMGNN-NG, 3 B 5 F i [ o &2 B 4%
(HGCN) L E B 15 B B9 A %k, 7£ Yoochoosel /64 ¥ B &
I ,GIMGNN-NG #) # f84L T GIMGNN-NL, 7 g & B
Yoochoosel/64 R4 B 1) <35 E 1 K B kb Diginetica i
EPHSETFHRER, A TIIERMEMN% (GGNN) &
MEISEPYHZFANKBRR. TRERRY, BELER
YR ZBERRHES, TUA MR SEEFEN .
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Table 3 Experimental results of contrast models on two datasets%

Yoochoosel /64 Diginetica
L P@20 MRR@20 P@20 MRR@20
GIMGNN-NL 67.62 29.37 53.12 18.78
GIMGNN-NG 71.05 30.02 51.51 17.38
GIMGNN 72.29 32.19 54.08 19.29

2.7 frEmEXELERI RN (EE3)
T RAEA B 1R BXHERER M, I P 7E GIMGNN 42
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i) GIMGNN &%,

2)GIMGNN-SA: ff i B B HBUR L BERANER S
i) GIMGNN &%,

RABRTARFEN LLEER MR NEBPAUEH
GIMGNN-NP 7EF MR 4 ERIAEE, B B R L 2 i
HeY& 5HY & Z R EEE. GIMGNN-SA 7E Diginetica
B &£ MR T GIMGNN-NP, RHH&TE KRG —T
EEBAHRNIEFERS. A, E7E Yoochoosel /64 $i#E4E I
RIAAE, B R EREXE1M 5 T E 28 M5 5
PR R L, R A AL B R ATE B TR A 2300, (e T
REMER B UEEFERAES M S NESE. 8
AEBAIH, BZCIR T YRTS3E P RS, HEERN
REE 4T

x4 MWHUERERDMEIER LB ER%
Table 4 Experimental results of contrast
models on two datasets%

Yoochoosel /64 Diginetica
Lt P@20 MRR@20 P@20 MRR@20
GIMGNN-NP 69.35 30.26 50.45 17.65
GIMGNN-SA 68. 64 29.42 51.68 17.94
GIMGNN 72.29 32.19 54.08 19.29
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Fig.4 Impact of different dropout on

recommended performance
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