S TP391 ZRACHED : 10363
= & N = 2. 2220910106

Anhui Polytechnic University

it FMIEX

Al H ETFESHEENEHENSER

CRi: L PRy
B X HE = fiic—
B’ N = In FLEB (BIEER)
B 5 W Fax (BRIE
Tl 35 T EAEA

MRAmE G  HESmSHIRTEE

HXRXAH: 2025% 5 A 9H




SAS: TP391 B{IRAS: 10363
= % NFF = 2. 2220910106

g B TS SR E R e R 2 U HERE VAR IT

R HF
il H Research on Information Enhanced Graph Neural
Network Session-based Recommendation Method
FHEHZ. P22
GRSESTE FLiEE CEIZERD
BN : P CGER LRI
T FEAH] HEALEAR

MRAE (G - B 5N TR

WA RHB: 202545 H10H




RRIIBRFHFNIL R AR

FNREFEY: RIETFEREME, RH™EER. IEXHNEMLR £
ANESHHTE ST, MAL#TH R TIEFTIERRR. BRI+ CRBERMGI A
BB Sh, XA TN NBUER A B L KRR 1E i R BRI
HE. WICHEAANEBES, ROMFTEHARRTT, HTERIRBIARE AR
JaREA NI,

#m@tﬂf%ﬁ Y kE
H3#A: £ ¢H 7



BB TIZAF FALORAUE AP

2RSS A T IR R E . MRS NE, AEERRE
3 E 5 68 TN RS SO L EMEE A TR, O VR IR SO B BRAE 1
2 NI B TR A 22T LUK AR 22 00 40 S B & SR BR AR 53 PO B G N S I st
R, TUSRAKE. FOREHSEHFREFMICAEFEMRI.
e O, & FREEERARRNES.
EERWXET
Mem

srplEEss: W hi S HITRL
BH 5% A 9B B 705% A 7 A



i N 4 e e VAT

T BB A AR B 2 5 A5

w2

SRS R G0 B AR IS o A F AR R T A4 S AT O S R
Uf, NHARBES A IUE R o« Sl o WK R R A
5 2 B R @A T H e s, X 28071 B AR R 2
(I H e, HED A P S E M DAL . SR, SERRRL A 22
TP A B, 28 T H S BARKT A IR, SO DU
RV IR ZHFIE . L, Wl i Th AR S S0 A R B 44y, DA
IR 28 I 2% BE 78 705 > T P I B AIAT 9 ik, O W HERE T ) —
ANEEAER . AL, SRS TR ROl m 1 2 Pk S,
AT JEE i 22 ] FESEAS AT T I H BB 8 5 R ILAEHERR A s 28—, InR
P A AR AT B RO, KRR BE P AR SR SR =, S
W SR P A — 8 RAZAES— 1 H IR o 188 o) B AR LE,
1S U HEA AR S bR L b AR ARG v A HEAR 45 R o B0 ok 1] A,
ARICHAT VBRI TS, BARTIAEM R

(1) BEXS A F T e 28 o 2% 1) o T A S B AE S o b ) o iy
DR FRVRUAT T O 22 ) R, it H — 7 4 ) 18 5 1 R o 22 I 8 iR 9 T 125
B, AT ARG RRAT B ZE R, R I H 2o R R TE AL S
AR LE I ZRANHER AR T, T H 5 21l B B 2R e 20 R AE A R BR T



i N 4 e e VAT

by R G BEE IR BARER AR, 2R A
L IRILRE ) G, ZhE 5 B RN JRFR A BL A HFRHRN
Kee TR & e B R 2RO, TR T 2 B2 18 R SOR

(2) EFXSIUA B i AHEA T b 2 I H 2 18] B 2% = o5 &
PR AT D9 Fe 0 b A 2 W i R i 445 S 4 ) L, @il — AR T B R
SCH SR B S OTE R T il . B, MR TR
S EARIH 209 5% B3 H SR, 72 B PO R AR SRR B A X
7 PP HIARZ O, FLR, Rt D4 Jm B BB A iR s B R S )
B, BEaibhEANEAEE, R0 BRI R AL AR 2RI
ZAMAME R Bon, B — A R ST E AR BT %, SRR )
ST I RN

(3) EFXSIUA B AR T T BCE M s J2 U BE A 3 25 14k
1 SO 2% 2 18 PP T BEAFAE (0 2% P S I ) i, gty — bt -2
R AN sR R 2 U HER i . B, I I IUH Y S B
VENER IRCEREHUH N, DAMGSRE S E rE R, Lk, @
IR VA IUE A D2 A 1R R IR S Sl E i &
AAREWS I EEL B, BEDSURSBSAIE 7246, JF
5 FH Tl B B0 LR 5

REER): S, BRI, RIS, KR, R
>



i N 4 e e VAT

Research on Information Enhanced Graph Neural Network

Session-based Recommendation Method

ABSTRACT

The session-based recommendation system aims to provide
personalized item recommendations by analyzing a user's behavior and
preferences during a short-term anonymous session. A common approach
in session-based recommendation is to model a user's item transition
patterns using their session data. These methods aim to infer the user's
potential interest changes by capturing item transition patterns within the
session. However, in real-world applications, session sequences are often
short, and the item transition information is relatively limited, making it
difficult for models to extract enough deep features. Therefore, designing
and constructing more effective graph structures so that graph neural
networks can fully learn user preferences and behavior patterns becomes a
critical challenge in session-based recommendation. In addition, real-
world session-based recommendation scenarios face several challenges.
First, the popularity bias problem makes popular items more likely to
appear in the recommendation list. Second, if noise data is not effectively
handled, it negatively impacts recommendation accuracy. Third, in real-
world recommendation scenarios, users may not have a single intent or
goal. The existence of these issues makes it difficult for session-based
recommendation to provide accurate results in practical applications. To
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address these problems, this paper conducts the following research, with
the specific work outlined below:

(1) To address the common popularity bias issue in existing graph
neural network session-based recommendation models in practical
applications, a globally enhanced graph neural network session
recommendation method is proposed. First, to effectively alleviate the
popularity bias problem, a normalization strategy for item representations
1s employed, ensuring that both item and session graph representations are
constrained to the unit hypersphere during training and inference. Next, by
combining self-attention and target attention mechanisms, the expressive
power of the graph neural network is further enhanced. Finally, in terms of
session representation, the global embedding, local embedding, and target
embedding are comprehensively considered and fused into a complete
session embedding, thereby improving the recommendation performance
for the current session.

(2) To address the issues in existing session-based recommendation
methods, such as the neglect of complex higher-order relationships
between items and the presence of noisy preference information in user
behavior sequences, a context-enhanced contrastive learning method for
session recommendation is proposed. First, by adopting a metric-based
learning approach, the item sequence is reconstructed into a dense item
interest graph, where dense clusters are formed to clearly differentiate the
user's core interests. Next, context vectors are added to each session in the
global graph, aggregating the information of each node in the session,
providing a natural way to transmit information beyond adjacent items.
Finally, a contrastive learning module is designed as an auxiliary task to

jointly learn the representations of items within the session.
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(3) To address the issue in existing session-based recommendation
methods that fail to capture the session semantics from a higher-level
perspective, thereby neglecting the various user intents that may exist
within a session, a multi-intent perception-enhanced session
recommendation method is proposed. First, the frequency of item node
repetitions 1s used as attention weights to update item embeddings,
enhancing the information of repeated items. Next, multiple session
representations centered around each item are derived, and important
session representations are dynamically selected to indicate various user
intents. Finally, the multiple session representations are decoded into item

distributions, and a pooling function is used to aggregate them.

KEY WORDS: session-based recommendation, graph neural network,

attention mechanism, representation learning, contrastive learning
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2l BRI IR A PR AR ER T B IE S, SR 1 RIS T E AN 2 T R R R A

(2) BPXf BN SO SRS e ) iR . B SE, N TR D ST
VIRl I al U aaes S G D VR Sy 55 A St RN T i B e ST & B el L1 ]
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FRAME R A X AR S, R B 300 H P S 4oy s I - H B, R 5 X
o P EZDGBANR G . H U, N TR GNN FEAEAR SR H 2 18] (5 2 A%
FEMEGHA L, BN BN SRRk E, B
T AN ELESE R A I H X Z A5 R, 12 BN S AT LR B AR 7
RALIEAHB I ANAE S BJm, EIRAG IR 42 R 2 1l B AR L B i PR o H itk
NJE s AF DR 7 ST R Nl I S5 AL P R 2 U RN A5 B KA, B e iR & 1k
RFAETH S Y it BB R, ASHE T RIS B2 29 T A R 1 2 1l A
BB L, RIS AR 1 M 7 A5 2 s R AR T

(3) BT Z BB R EHEYE . H il R 2 H0T R G — T
o E RS A R AN TUH , R8N R Z R A RS 2 1l 18 3, Wk
B Ja — AN K E B H W 2%, eI I SR S . 9 T G CE
2 IR IR 1 BEA $2 2 TV SO T I 2 Ul m R BEAF A (125 e i B i) 7L, AR
RO S I8 A 30T Y R A R R AR O TE R B ER B I RN, BT
G MRS A I UK, S A TR R P AT ORI R ARRAE O HaEE 5T
P BN ERX 0 P SIRIY A A 21 rh R H 2. HX,
BT H AL P F Tl e 2 A He T A ORHK, I HIX eS¢ &R AT RELEAN R 17 [7]
b CErEAE D BA AR EENE, XA B EE A AUEEE ST R
B R T AU S A TR U 2 (R B R R R ANE UE R R R 2%
MR 2L, e RO B S MK Z RRILE R . EHEE RS,
TS B T EE P R EBARAT O A E SC EEL, AETH R AR S U A B
TARHRAEAN T H A9 PEARFAE AT B o DR bR FH R I 33 T L T o o 5% 5K
BRI AERAE B P B IF B iGN R I 1 h mE P E . &E, B2
NGRS RS I 734, I It R B0k F R S T HEATHE R

ERIKRYL, ER=TAR R DR, HRZRESE. 50 A SRR R
R FERILES 73, WL 3E F AR 0 2 A R UL ok AT 21 R 2 2], A
FEHF ARG R P 45 2 T ARAHAR I H Z IR B 2 B ok &, JESIN TR
B I AR M LN A, ISR 2GRN B SO R AR i
FHRBITZ A A5 2RI SN B 27 A DA 4 B A 55 A5 A R 2 1 RN ELA I e K
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. (BAERSCHER SR R P AN RAEAE S — I H IR, B il el bt
ISR P B & S EEEREERE S N R, SRR MR AR =, @i
ARBLE G TR E] B P S EDE B S N SR B 1 R, AR R
figé _E SRR T B ) L

1.4 RS KRR EEH

ARSI 9 AR R

W1, AT TS B B 4 o T T RO 7Y B
S W T AR R ST I PR, e H A E R L BB IOR  T
A, BUG A T AT TS AHE SR B R TR, IR LS T A AL
.

0%, WEANAT SN RGME, FIR A T SR A B
SERBHOAR, LR RN WL VR HUR B 2 314, LR T AR e
5 R

3%, AR BN G SR VAR TR R G R
VAT RE R R, LU T B BT, JRER AT T S0 45

4 %, BT RSO IRION L 5T SRR . VA T M B 1 R
PRI 28 U 5 2545 1135 LA 1 SRR B, LR T BRSO RERFIT, FREEN
SR T SRR,

5 %, T % B EBATE I & FE . A T SRR TR &
FRAT P A, ELARE TR, FRRNS T S

6 %, BUCHABIGOIT T ATH08 8RR AR, A 2 G b ol B
ST SO SE TR, B SCHR M B4 SRR IRAE, 605 ST REFO T 5t
J7FAR I T ROHE RO A
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H28  EMIERLEXEAR

| VR R

& Gt A3 7 1 2 ZEMKEE F 7 ()i 215 2 BRI 1R 7 S8 A8 BLAS R IR AT HE
15 o TR 445 o B B RS AL B SR IR S5 4 st , a0 FE 7 DAV 25 B 40 26 53 30 58 A
I, X LSRR TV, R TEVEAZ YR P 0 7 S e i A R G, AT
FEAEFEICRAME. BEHERT, ET Sl RGN

BT 2l 0 R lm i o b BE 4 P R ST R A AR L R AT
M R —AN e e 5 2 L HRWE o L3RR, — DS ERee
o 18] B I REAT IR — RAVTESAE HAT N, 0 LR — M 1 2 Hh )3 8 5 i AT
N — KSRGS SR FI R L5 . 21l HE P LU 51 e U e, A4
H P 5905 58 B F A A8 HAT I EBEE(E B . STE RN O RET
St FH P 28 HF B AR A4, HEWT I AT B~ AR 22 B BEE ) & . XK RGREE
SAHAR S P I S AR AR AR &, JEHAEBEAE P 0 SE s s 0 R Ak AR Re
B3R R A IR SS « I, ST SRR R VF 2 SEBR M i i 3R
P T REFRERNAE, =227 B ANAMIEFR ) 2 %00 . BEAE BRI A WA ATt
BLRETIMFRTE, BT S0l AR R GUIRMT RN AT ST R Tk S R85, A il
TEHLF RIS HRA T & AR I S5 S 3 st JR I T BRI

SRR I BB AR R T 2 A eI RS 5 S FIIRJE 2% 21 7 ik, A4S
F AT R A A B R SOE RS FARUEE T 5. o2, e H P G s2 47 h
IR NAIHT, BESE G RO FH P (D AR PE 7R oK, TR IR B 4
25 IR P S R ARG FR, IS SR (A e AN Al .
W, ERSUERIITIN, W ETERIE R, M, R SENER, REHER
S50 L M B A P (VRS R SR AR AT o R WL R X — i AR R i AR,
W B EERCE, R AT TE OGRS S, R e HEE A MR BB
AL, R AR T, RGERERE IR RS H P 7 SR S P an, i

11
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Xt b 3] SRR G SRS A )2 AL BE I A R Ik, T (8 45377 45 2R S It 5 FH P
MR AR . AR, S ULHERZ RENOE B A MBS A S e sk, A4
VA IR AR 55

2.2 EREMLE

el ot 22 o 24 1M I — 2 1) B v of Ach 3 T 45 R 5000 11 R P 2 S AR . ) 152
JEHTT R (Vertices) il (Edges) ZHHIAERK L BAS Eitg£ds . EIvh & 28
I T R TR R I R G AR R A A v B 2R I 5 RS BN U E 4E R R . SRS
LR /2558 (Convolutional Neural Network, CNN) R[], CNN 3 2] 4b
TRV BE, i PRI £ 00 % T A T PR O PR AR AL 27 > ) L

GNN [ A% 0o JEVAE 238 o 15 05t 18] (0 RE ELAE P AT A5 RAR 1S, AEBEATT S5
INBERE T AN RG FLAT R A R, R 2GR (BPZ 2 B , T
TR RENS IR WA A BN BRI S5 A4 (V15 06, AT B 05 B8 1 R Al 412 PRI b 42 2 1 0% R R
Mo BRI, R R8T 5 N = 1B IR

(D FEA: BT AU SR A ERE X REIBER . Xk
E AN AR T B CIRE, B R AR BT IAT R A R . 1S
BEAEE R, 7 RUBE AR H CRRHIE,  FRRARE T S REE .

(2) Fetr: BT AL AR A0 BT R A SR LR G
AAFEIBCRA, Pt s RS o X — B BRSO T T e - iE 1Y
REEE, DUMERI A R & AR AR S5 B

(3) HH: BA GRS B2 51 s 5 RHE— i N B R 2 45
S A AR AT SRR ORI AR o S R R O B K
/4 P = N U o o <07 0y ST AN 2 R

A& B E ST TEARTRN, 1R T ZFAEF GNN 28, BN ANF
S FH 75 SRR A . 5 LI GNN R4 BSR4, B R 4 Al
145 B2 X 4%

12
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2.2.1 BEF ML

KR M4 (Graph Convolutional Networks, GCN) & 45 #iF1 ]2 44 FH 1)
K24 2 —, -5 i Thomas Kipf £ Max Welling 7E 2016 fE#2 i, & —3%
VP T A B LB (0 R 2 SIS, 2 I T AR A W 4% R R G iR
W T LA . S5HREMBRMMEMEAF, GON @il &R e
BB HEE , BRNS A R 2147 s 8] IR LG R AT AR R i 4ERRAE o 7 B
P, R AE DO A% R AR AE, BRI AS e B4 S AR G R B AR R
GCN %5 AR Rt 2 R B URAE R EAR Y AE R, JEid AL 5 [
T RURHET M e, 533 RIIRAR IR, XL R AR B A
H S IFHERE S, G T AR SIRHE. bAh, GON il 0 — i 4nss
TR R — R A1 SRR SAT B AR, Horh, SRR R VT S I 2 AT U
Ak, DAIREGAN R SRR R IR 2 . TR A 720, GON RERS A R e K
T S SHAL R R AR R, FHAE R I IS5 T R OR . GCN B
A i B v IR0 2, BIE S 0] 4% 1 SR B S AT AR, AT 27 2] 311
T AR o

fE GCN 1, EIBRURAE R A 2l R xR e g R . RiE —
ANMEG=(V,E), HH, v 2ITEES, ERUMES, BT SITEE —ANRFHIE
a5 b, GCN I B breilid £ 205 B R TR SURHIE, GCN BEHTHY
BEARRNAKUTF

HO = o (AHOW®) 2-1)

Hor, HO RS 2R s rsaeE, WO RZZM 2 I EE S, o L3N
PRAL AR ISR EEIERE, H T Ron IS, 0L B R A
R R AR R o B T AR & S B RS T R s
POEEISY:IP A= RE St SPN=11}- 2 N ieb o = Rt A 155151 L DR T [ S SR R
B AR RS R AR . H LA — 5 A=DPAD ™2, AR
SRR, DX AR

JRE GON W2 NS 7 RIEFRIZCR, (EEAEAB R E,

13
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TR R, ELREAE M2 RGN, 7T RE 2 H BT RURFAE I BT~ 19 1) 1) A
M B ARVERE TR Dy 1 RIS ), WEFTE SR T 2R ik, i
AL G RAE B R AU S T B 208 GON LR KRR B Hdfs Hh i 5 AT
Rikfe ). SHKY, GON 7EEHHE B SRR B 1 om KIRe /1, JoIHRAE
TR B SRR TN SRS, N AT 2, HBEE R S i A
WA, GCN (3 F VE AR RERE RS4RI

2.2.2 BEIEE ML

IVE = /481591 (Graph Attention Network, GAT) 1F 4y BIF#HZR X 45 rp i) — Fi
AR, SR HAETT S RR A I RIE R FE RN, OO B S A
REHAR . GAT 1R 0 B R 51N BRI, Shas oy 15 s 28 2 i
ANE IR, AL A5 S AL R S ks i B R . 5 0% G i) BRI R I 45 4k
T [ 2 AR B MR AT 15 B R AN, GAT REWsiBidiHHEE 28 BT 5
REE H I& B R B AE EAL R HBUE X PRSI AR E R G AR S E
SR, A R AR R AR DG 3R 5 I REAE AR 418 15 5 10 B IR AN A A
XFEET R IR EST T, 15 GAT RETE RIS MR %, T AHIEE 7
BENSRT, BRI HETRI S fE

B, GAT i —H % SIS 80 EA iS40 Z TR ) R 3G X— 2R3
S WAL T s AEAS AR P Y SR S AT JE T SR AT IR A
HBHT R SRR B XA T R, GAT MBI #2175 SRS M5 E,
B R IRLE AT 15 s T R RN O L B R SRR X
ANE SRS R , JUHRAETT 02 120 2 DA K e e T 55 i FH O e
BENE A MR THE I O FRIA B D RERAVE . MIEE TR SR T BB 715, GAT

BT RIE e LA, AP S0 BRI 2 45 B R B 1 5 s (@ b 1
R — AT A, ERARET SEA NN, GAT EHE AR R XF

TEMIET R peNV), HHRERNER o, LR RIMABE A JEEM

RAERESE, LAY S R TSRS 21

14
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o exp(a(Wh,, Wh;))

Y e, EP@(WhH, Wh)
Horb, h Alh 2T NS S R, W R IE R 2 AR AR RS, a 2TE
BEARBUNEIRGE . (PEHERIREBUE, R A A0 AT
AR, ARIF:

(2-2)

W=0(§:%WMJ (2-3)

jeN(v)

Hor, o REIEVE R IHUHEITH A RS T ] 2 R R IR, WO ALE
kR, o REIEREL

SR, RE GAT FER % SIES AT 7 B RCR, U5RH IR — 28k,
Rl A KRR BT RCR R . BT GAT &% ST H AT AR 8 19 s 8] 1
TR RE, THA RS B ARG T SURIBG N, 3065 T A B R b B R £
H BRI ESR  BAh, BARZ KR N RE SR THE A R IARE /T, HE
SINTEOMOTHEIAE . N T RJGX e 8, a3 T 2 ool ik,
AERAE . R RBOIMERASE SRR, DU R GAT 12 RS K] L 38z A
VERE. BVATT S, GAT I FATH i = LR R G R IE SR A 7 2, 78 Bl
SRR Y T EEMA, HMEEE P REAN, TP E2 S
BUPAFPANA T B, HES) AR SN AR I 2 SR S I L

2.2.3 [ 1IEEHRE L&

H%Ew%m%m<&mummNmmmmmgGmm>%~ﬁ%?ﬁw
22 e ERARY, B I SN T LR AL (S BAE IS5 i T A Fd 72, A
MR R 1 AL 7 B B3 I R A5CR o A% e 1 ] o 222 ) 245 2 P S R X % S i
PO 20 T 5] 7 P40 2R bR IR B 37T i 30, (HTE TR A B B AR 0 & 1
BT, X7 R o AT R A F 1 T B P ot P Y R S I, PR T
ATERE AR S R I . 9 T R RIX S 0] 8, GGNN 5 T BT K AIHIL1Z M
£ SOVRN [ PG ER BTG R (R T AL, A0 S IR A5 S A T 2 R 8 0% 1
HARKYL, GGNN I 7E R —FEk A 27 o 525 B I AL RR R A SR 5319 R
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Row, T EE RGN RRIE, TR S A B A R ARG AR .
PR (A0 R AR I I 114 B e 1) IR A ) ST » 8 DR A% [ B R 2L
Vo R AERE RIS A PRSI T I B S RAIE, SR8 T AL RS
TR B AR R AARFAE 32 1T 3 I U SR I R R DAY KRR . GGNN X
ottt U1 B 7 A L e A A B B R ARBTG5

B ReIRACH, T RCIRAS B BB AN S RS LA T R RS il [ 1AL
HIRPIRAS R SE B AT S o AU RE T O 2 AP IREEAT, AREZEHEE
it o AR

al, = A°[VI'H, VI H,T +b (2-4)
z,, =c(W,a;; +U,v;} (2-5)

L, =c(Wag; +U,v,;} (2-6)

Vi =tanh(W,a;, + U, (ri; OV.)) (2-7)
Vi =(1-z;,) OV +2;, OV (2-8)

o, W, WL W, e RP IUEARERE, 28, FoR EE T, TR B a R,
CONTEE ), BT SR 2R A T H R . o A sigmoid BT, © MBI
EHRET.

SR 330 ML LA S0 7 5 2 B O 80 R 30 7K U 0 1,
T -5 T 1 7B AR K I 250 1] . SRS A, GGNN 22 A R R 5
BB TIRARIZEI), RICRAEE K 4R PRI R DA R 4 T
P74, E T 7E IR 2 ST A AR 98 . S R I T TR, GONN REBS7E %
AU P 250 T PR 55 R ST J e, PRI O 4 o — A T
Jil.

16
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2.3 FEEHHH

TR TP (Attention Mechanism) # FLEJR TR 22U, KR
NFAE AL A SIS 5 g 5 70 () B R ORVE o VER AL A S A AR - T
Feal b AR — oo, BB RYE 5 H A RS B R R SCRIAH SR, 0B — AL
HAE CRIEZAIBGE) o XA e 1A A 5 — I ZIR A e R ORI L,
FE AR 7 A fag N BEAT AR TR . I IR DT 3, TER AL AE s A A
FEACPRAS S, 5 EORVE S MRS o R 15 2, I SEi 1 AL Gities 48 42
AL Py 51 BRAR 2% A5 S I 28 5 25 S A e DA S S (R Y 1]

FEVE R IHLE R B AR SEIUMESE o, i HOE H = ML O ZER D R &
WiHE (Query) « #[J&E (Key) MMEAE (Value) . Hrf, AR ERR 4R
IS PR AR B 1) TR os A AN AN R B8 0 (RS AL L T U 2 5 B AT SR PR 5
b5 BB o 2B A% OIS VR AR AL B S S BB BL: B SEIE I PR B 1)
BEHRAE AR Z R A, THEARUE LA /s JLUOHAR 04T 3 — et
B, A S RAN [ B R S (R R I R, SRR R AL ) FL 4 X ML
{5, REFBIBRE AR . A AR SR

Attention(Q, K, V) = softmax { QK }V (2-9)

Jde
Hr, QR#&M, K2, VRHE, softmax /M TIH—HE, f155aH
HZ N 1,
FERE AL A DRSS H A 507 AN 5 O ANE, 73 9 LR AN R 2R 2,
Horb e WHIAT LUR UM BEE AL, BOER PN 2 S bl .

2.3.1 BFEIWE

EVER IHLH] (Self-Attention Mechanism) 5 £E3 it 5 251 8 /5 41 7 44N 7T
B TB) AR R B L A BRI B AR A OC 2R o S5 AL SR IR B e 22 Y 24 BRI AZ
P28 ANTR], B VA R AL AN AR T IR TR0 S Ak BB, T R s X A A\ 471
AR TC R 5 HAR TR BEAT B LU, TSR A T = At s R = )

17
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B . X R AR BR8] AR BURE R e i, Tl R ARIE S5
H B TC R Z B BB, SRR XX SEARULE EAT 7 — AL AL B, 1981 — M BUE
oA, BEMOINBGRAPTAA A, A2 A TR BB R R . XL RE5 A 2K
RIS R, PR S BT = BT, $Em T AAENCR . BiER
JINUA R OCFSAE T RS PN w28k, 3@ A BN A TR B R AR,
BRLRT LA B 3 o AR AR 55 Th 7 EOIEMREE B 0 R B - RAER BER IS
it B ORVE S AL EAE S5 AR I 4, JCHARAENLA B e . SCARAE AN 7] B 2R 4055
FHIeh, BENS TE L i 31 ) 1 o N1 22 TB] A2 % 0% SR AT BE AR o e I Ay
X BIEBDHURIAGE T TR RIERE 7, BI85 88 2 4 1 i i
Transformer ZEFR4R B [ REAl, HES) 1 IRIE 5 IR 7 51 BANIE 5 21 AR 45
AR ) T o

2.3.2 HOEE NN

BIER SIMLH (Soft Attention Mechanism) =52 Fi] T3 i hn Bk A 75 303k
SR ANEGE ANERIR A, B AR A OGRS R BT IR A ). A S
2T PR AL FEE 308 5 e ot o AR B A AR AL RS P v B4 38, 5 X A AR AL {2
I Softmax BREL, AR 4IH— AL AL E 73 A o X BEALE S T ASE Y o T A [Fl
ANTCRIIIEREE, BUEBRK, RRIZITEN YA TS oI, Bijs, B
AR 126 LA F S 6] 7 B REAT IIBGR AN, AT 13 2] — NI OR, TERZEA
TOER MBIRIR « TEX PSR, ASEAY B8 08 AR AT 55 75 3R R 3 o O N B Hh i
ANEER Sy, BNASH R B HE R T BE o IXFPHLER A% DAL 3R E T8 e E AL P
NTFHIS, XA e 3 AR 8 H B M il — A2 R B S URCE, AT S A5 A5 Y
BEB% 3 N HAR B BN [R5 o 1015 8 SRR AU b, e AL BT
BRI PIEYEAIAT R, XSS Rl I A R A T B I 25, H A
B T SRR . B R I HURIE B ARE S AT SRS ) Tz M, R
TENLES BN BB IR A BT SR 55 P, et Suth i N B 1 Jm i 5
SRR, BERE THRA IR RIB ST . 8 X N AT AR
B SR AR BE A AR b R Sl A H A oG A, RIS RO AN IF]
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AR5 RE R, WO EE 1R L 5 ST R A2 AL RE T ARG A
2.3.3 ZRFEE NN

%2 JER AIHLH] (Multi-Head Attention Mechanism) & —Fh £ 1 B 27 ] 45Uk
Iz BRI, BEEE TR 2 AR 13k (Attention Heads) K35
IR k4 NS AR ) 728 A O R BE 7o 7222 SKIER ML b, SN 4
MUE T ST i 31 2 AN A B 4t 723 1], JE 2 AL i &l BEAVE I A 5
BN G N — AP 8 ) 2k o BT R 0 SR AE H 178 () N BEA T FR TR )
R, RIS AR 7 XA PRI EZE B AT S
KHTHRL S, RUEIR SO i, IRl — AR B BT, Bk
1330 2 kR NI R, A TR

MultiHead(Q, K, V) = Concat(head,, head,, ..., head, )W° (2-10)

BT E AR N:  head, = Attention(QWR, KW, VW), Hrf, we,
W, WY R SRR R, h oSk R .

I SN ZANE RSk, SRS WA R i B e S A B (K 2 AR 2.
AT SE e T MR AR AR ) A RS R S Ok AR B RSIE R NLIRLE, 2R
JINLERA SR R I RE ST, TROAE RES [RIIN S fay N B 1 24122 18], A
SRR REE R X FLR P 3AE T RENE S P2 B A R 2 RANAS [R AL
JERMMIR R, CIE TR RS, W E R AR LR SOR

R JERDR 2N E R T Sk R T A B, 2 kER ML RE TS 1R
THERI IR BE DA G R YE, 39 SR AR B B O A BE 0, I RO E
SRR BN KA . BeAh, 2 ki R IS BAT RS T R R IR AT
Ve, BOSEEANE R SR TH AT DUOFATREAT, XA AR AL B OO SR e A
W A%

2.4 XfHEFZ]

%tHE2% 2] (Contrastive Learning) A& —Fh gl 24 >0y, BAE@ES b
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ANTRIAEAR 2 8] R REABL IR R 22 S 1, 257 =0 B AU ARFIE R 7R o AEXT EE 2 ) v, AR
T K o N B U B — AN ORI ROR, B AR AT, {545
EATRIZRZR AL, TR AU REAHET, (543 EATH R AR FERFIE 2 18] R
B . FARMIE, 4508 —XRAREAR, o — DREARBHONIERER, 55—
NPFEA . IEFEA S G FTREAAE S L8 77 T B A AR BRI &R, 1 SRR AR T 5 24
FEARAEIX BE T T K 22 5 o %o LU 2 ST s 0 b T AR AR 2 T) (1 B B SOAR LU
S 5| G ST BN X A PR RFAE o 7ESERBR R, ) b2 o) — it ¥t —
AN 3 IR0 B AR O R Bk AR AR Y R LI A R O, 5 o B A 2k
(Contrastive Loss) {5 H & 1125 (InfoNCE Loss) . X Hudhi 2k s BuE 5 1E
FEARST 2 18] A B8 /N T SRR AN 2 [ (1 BE B R AR AL B 250 . {5 B 40k R 25
FIF softmax THEIEREAIINERE, HEIEMI522E, AITINSRIE AL X 2 A
3],

FEHER R G, X H 7 ST AR m M HERE I B B AR, U R 7R IR
A FEEHAR RGO o HERE RG AT S50 1 2 MK & 1 F P A H Hhik
RGBT BEATHES o JBIE XS Lo 2], HEFE RGERENS 2 =) B P ORI H 22 [8) i 7
FERFR, A T 2 Q) FH P 173 BOSE B « ARk, e g e >T,
HERE RGP IO B P ARSI H 2 ) — AMIRYEFE I R In) & o X BB T i —
ANE WS ALK H P 5 L S A B I H A IEREAS, H 5iX Se 5T H Jo oG ) HoA
BUHACROREA . AR5, Ak kg, A4S P AR DG E YRR S,
1fif P A A SR I H 1R~ 7 o 80 A et I 2R A - AT H RN ) &, HERE
RYAENS TR HERD LB - 068, S M HERE I RCR

2.5 KRB/

ARERMAN T 2T RGO EAR, GFEEE ML, 2L
AR L 22 2 85T IR DT IR BRI TAF IR S LR, Wik T E
AESRTHERERG BEAH R385 T BRI 7. B AR D A AR 2 50 A
Ha A 71 LH, Besa REme 7 2 s BLUH P 5P 2 [ a5 45
NETEAER RGRME T ORORIM RS )y, TR AL B 2 GRS B E
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FEy, D TR HERERCR, Rl R A SR 21 BT X
o XS —Rh B 21 07 3, I 5] SRR AN IR A 1] AT A
ABELLHE, sl 7 AR P s (BB, IF 3R T T HERE I 2 FEPEAT R4
KV o ARFIETEANITIE T IX LT VEN BARSEOUAIVE Al bR e, LU DR AL SEBR
st A RE S R . B XS TTIRRI R S A, A E RS
AR, A IF R SRt 7 B 45 2 A S B AR
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FIFE =RIERNEHEMESEES

% R B UL HERE AR GU A7 AL I IRAT B Al 22 AT S S5CHE A7 1 RE AR 22 11 1), A
RPTH T A R o X A 22 X 2% S AR T ORI R ST E R . 3.1 5
BT AT 2 TR TR R BRI, R AT X PR Y At SR 3.2 T el R AR AR
filiE X, RN Ao BRI Bbr; 3.3 WHRTHEIGEITEE, REME TS
TR AR AR [ BRI o 2R FR AL T R BB L TR AL AR R A 2 1
TR F WP = KRGl 3.4 @M@ tbsess, AR 8 ERS
S UE PSR AL b 2 R HE VA B 1 BE 2

3.1 HitE=

SUE T A W 258 (K 7 VETEHERR R G R IS T — @ I, (A 1 7L
REAKIE LG B AR ARI0H Z 18] (K156 5 o A% G0 T VEAE AN ST B8R 5 2 AF IEE 1) AH 20
TEAGE, I @i B A AR I A AR ¢ R A THER o« SR, X BT
EAERHE A SR R OC R AATE B AR o UHRTES IR b, T H 5 s H) 7 g
FHABE AR, G0 GNN M LA R0 i e i7e JR 2 10 H 2 A RS TEAR R R,
MR 1 7R PRIk R . AN, AT T GNN [HEE R Guid Tl 45 AT
ZE 0], HEFFARUG ) T ) B PRI, T 2 T R H 8 (R
ORBZ XM B A BRI E D o 3R B o) L 22 s HER: RGN 2 REE S a5 1
JCHRAEAL B PO ZE R BRI T H Z RGBT, BB PEREAE A2
Blggmd. i H, fFHEREDHEE 2FEEN, HPMRGEEE 22 o). DR
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Fig. 3-1 The workflow of GENE model
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Fig. 3-2 Schematic diagram of session diagram construction
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Horr, WORHRGEHIE . FECHEAl b, F 3 AT 2 A8 R0 R AR st ko
ZEUN R P
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L(9) = -y, 1og(§,) + @ y)log(L- %,) (3-7)
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Table 3-1 The descriptive statistics of datasets

sk Diginetica Nowplaying
R 982961 1367963
WS E 719470 825304

M A 68977 89824

T H B4 43097 60417
2 FEKE 5.12 7.42

341 SLHRE

(1) HFEse. RBAMAEL A IEEEE BT 7925 Nowplaying
A Diginetica. Diginetica /& 2016 4F CIKM HkERA B RS, S2ibh R4S 728
Zy8% . Nowplaying s S 60 & F P I8 SRV AT 9. A T AR I ZRAmi ik
8, fJa LR RIS 51 1E Diginetica #1 Nowpaying FIII4E. *f T HlA 4
i, AR BRIV G AR R AR 2E o i 1 WA e H BLE VI 2R
R IIH .

(2) PP fiEbR. T VPl GENE BRI HEREVERE, RAIIE S il HER )2
i I BE &, RS2 (Precision@N) A1F 351 2% (MRR@N), 5256 H N HX 20,
CAVE Ak BT L e« Precision@20 R HERITE, R IEHIHEIERI P 5 TE
AN AN LB, T EA R R

P@N =n,/n (3-8)

Horb, nOIEEREAR B HL  nyg WET N AN S A IR R HERE ORE AL
MRR@20 Ko LB I 1P 4805, P R s R on 17 b
R EASWE

MRR@N =12 :

n &5 rank(i)
Hoar, nAMNREREARLE, rank(i) a5 1ANTH ML F IS
(3) XFEE k. I MR ELSEEG, W PR A 5 R B iy R T MR RE

(3-9)
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TAGNN B9 (Z R 7 — ol (¥ H ARi 5 7 B i 2%, Gl H A gk s
FER AN B RN, Bl NS P AR ARSE )% 8.

NISER-+1: 12 AR 58 i i N U — A R i 10 GININ AR v 10 0 v 22 11 it
A B AR BT NBIE R

Disen-GNN®: Z A 71 2 5 1] FH fif 24 282 ) BEAKE T H N4k 2 TR 3R ik
Ny FERI R R ISR 5 2 FH P 6 231 FR AT H A [ DR 2R e

(4) 3K E. GENE M8 RHFA X755 T Pytorch SEHL, 8 H
python BT K o SEEGH I BT S 40838 i R SRR R . N T R R S 45
IATER A BN, 4% RAT TR 2R HE L INE, R BMER 0. driERZ A 0.1
(1 T A BT A SHGRAT YA . (EF ADAM RALE N LTI . AR AR RE
ML 10%56E 4R 1 B HARE 250, ADAM BIVIEG2E S R % BN 0.001, & 3 AN
2R REIR 0.1, BRI E XML E Y 50, Ly & REOLE N 107, &R
#h 30,

3.4.2 MEREELER

N T3 AE GENE Uk, A& 5t (AT 1 LA AR 3-2 ]
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(1) GRU4Rec # R F NARM #4784 () HE e A0 T-1% el 8 FPMC Al Ttem-
KNN. FiPAME AR A RNN KA PR, 31X 3R B 20 P 5 At 14 =2 TR ARG
(1, BOAE T IR L ) B RTEHE T 2 h 14 P 1A Mtk . NARM MR T
GRU4Rec 7 #1458 /7 T DA SE dEff e 2 7 00 2 BEDGAN R AT, 13 5= T ML)
SINMEFE RGAH B TR THERE RGN RS

(2) SR-GNN.GC-SAN.TAGNN Fl NISER+H 7 friHE 47 1 GE L T GRU4Rec
A1 NARM HERY, R T B WK EHERE RGP A R T M2 25 11
SR HER ALY AT DL GNN KA R 20 17 51 35T 2 1) 58 5 2% R e 45 R
GC-SAN 7£ SR-GNN HJEftti I A% ) 5 93 2 AL 1) ok B8 vhe oy b 3% 7 4 J) A 47
TAGNN 7E SR-GNN HJE:Ali b, 51N HFREGIE R RS, shastt SR oo kit
H AR ISR SRR L, A2 B H AR  BN T) , $2 7 T A (AP R A e
NISER-+@#d Mtk T SR-GNN I H A2 18 R 7= R MRAT Im 2 0] /L, [RI A
e T BAYPERE . Disen-GNN FLALE I A#AR 10 77 20, # B BIEHE B %
AT 725 (R BB FE IR o 7 (8 B g M A PR B R R I IR 2R, 4 e o g
PR

(3) WJLAESR], A J7i%F, GENE #£ Precision A1 MRR J5 U5 1 #i
TFITERE . 45 FAIEW] GENE #2577t i A B

32 MR A LU S g 45

Table 3-2 Comparison of experimental results in model performance

Diginetica Nowplaying
Method — .
Precision @20 MRR@20 Precision @20 MRR@20
FMPC 22.14% 6.66% 7.36% 2.82%
Item-KNN 35.75% 11.57% 15.94% 4.91%
GRU4Rec 29.45% 8.33% 7.92% 4.48%
NARM 49.70% 16.17% 18.59% 6.93%
SR-GNN 50.73% 17.59% 18.87% 7.47%
GC-SAN 51.70% 17.61% 18.85% 7.43%
TAGNN 51.31% 18.03% 19.02% 7.82%
NISER+ 53.39% 18.72% 22.35% 8.52%
Disen-GNN 53.79% 18.99% 22.22% 8.22%
GENE 53.83% 19.21% 22.56% 8.94%

29



i N 4 e e VAT

F 3-3 A AR M RE 1) R

Table 3-3 The impact of different modules on algorithm performance

Diginetica Nowpalying
Method — .
Precision @20 MRR@20  Precision @20 MRR@20
GENEx 53.34% 18.29% 21.63% 8.12%
GENE,s 53.45% 18.18% 21.52% 7.46%
GENEqr 52.78% 18.25% 20.93% 8.16%
GENE 53.83% 19.21% 22.56% 8.94%
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FEARTT, X TE R ARG BEAT 1SRRI T 75 DRSS I A At S5 A AH R 1
GUT, W T DA R AR SR A BT A AL M BE 52 . GENEn 5254, B0 25FR 7 100
HH—4 088 GENEns B8, BB T H TR 4 R BN B L
GENE.r 8, &k 1 H T 3K45 B AR A B ARIREIER ). 4Rk 3-3
/No GENE B EPEREIL T GENEw A, R BT I 5 — AR AN AL FRIRAT i 22
T E AT GNN G HER TR RE R A R N Tt — B i &R 2GR A
HFR 1l R AR A SN, 4 GENEqs M1 GENEqr B A8 /K 5 GENE LAY AT
LR, AR 2 SR = AL w] LA B A2 1 e R IR S AT N E B, JF
H B ARVE R WL AT LS B 56 B B AR T H AR SSMEHERE . ST &, GENE %
TITEW AR AR RS T e PERE , IX R B LR G 2 BEIH — AL RN B 3 AL
Sk AT A SR S LA B B bR BRI 577 1R s B AN B

3.4.4 BELEHHT

NTNFEW, BT IERSEIN, RIFHADSEAA . AR I H
10% IR ENE NS E TR E KRS . Ko =16 (ERFMRAEIRIELSE L
ZRER 2 BB h SO Ry, BRIy 7 — 3, RS AR BT R e £k
TR AR B RERE [R] BHR 4E  21 RO [F A B S B A B AR, 4T R TSk Ik
S FEENE, 2 SBURNER A A YRR AR, 1T S5 AL

TR RIMEERERE 7. £ 3-4 1, Nowplaying HIREIER J1LECN 4,
Diginetica I EVER J1SRE0N 2. BEESECREIIN, HEFEAES5 IR RE Se i n s
BEAR. RUIAERIIRBOR TN T RN, PEREIEA H .
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Table 3-4 The impact of the number of self-attention heads on algorithm performance

Diginetica Nowpalying
Head Precision @20 MRR@20  Precision @20 MRR @20
1 53.62% 18.94% 21.69% 8.22%
2 53.83% 19.21% 21.75% 8.58%
4 52.63% 18.86% 22.56% 8.94%
6 53.17% 18.45% 22.42% 8.87%
8 53.23% 18.57% 21.99% 8.27%
10 53.01% 18.26% 21.78% 7.96%
12 53.16% 18.13% 21.49% 7.94%
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BRRAT B O 22 I P 18 13 ) b A o AT P 2= AR AR ARG HERE R LI P (i (F) X T
2T Ve T ME AT BE AT A P GBI H o WX TR, RENS B T A A
SR TIWH Z [0 (B, 3R R T R G R TE M AR 722 D EHE
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Fig.4-1 The workflow of CCL model
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Table 5-2 Comparison of the performance of different models on two datasets

RetailRocket Tmall
Method . .

Precision @20 MRR@20 Precision @20 MRR@20

FMPC 46.04% 21.95% 20.30% 13.07%
GRU4Rec 55.32% 33.18% 23.25% 15.78%
NARM 58.65% 34.69% 31.67% 21.83%
SR-GNN 58.71% 36.42% 33.65% 25.27%
CORE 61.77% 38.49% 44.91% 31.59%
Atten-Mixer 59.49% 36.25% 38.76% 28.52%
MSGIFSR 63.04% 38.42% 35.39% 22.19%
MiaSRec 63.22% 39.15% 55.89% 33.41%
MIAE 63.79% 39.67% 56.36% 33.74%

R 5-3 AN [FIREHO A AL RE A S

Table 5-3 The impact of different modules on algorithm performance

RetailRocket Tmall
Method — —
Precision @20 MRR@20  Precision @20 MRR@20
MIAE.r 63.23% 39.14% 55.62% 33.14%
MIAE.p 65.45% 38.31% 54.47% 32.69%
MIAE.mp 63.32% 38.47% 54.62% 32.49%
MIAE 63.79% 39.67% 56.36% 33.74%

P BUR S, PRI P P SURHE: K MIAEe 248 1K 5 MIAE
RRRYREAT LA, WY 515 5 S A T H A EE B T4 s itk e A R
¥ MIAEqp 88K 5 MIAE AU T ELAL, R Z M mEFRR R — B EIER
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io E AT T ML DA KA AT BN 2 = P RN I M RN A R A
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Fig. 5-2 The impact of the number of self-attention heads on algorithm performance
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