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Abstract

Session-based recommendation aims to predict the next most likely item for interaction based on
the historical behavior sequence of anonymous users. Most existing hypergraph-based solutions
for session recommendation overlook hyperedge isomorphism and ignore the various dependen-
cies that may exist within a session, thus failing to capture the latent information of the session.
Meanwhile, the anonymity of sessions and the short sequences often lead to data sparsity, affect-
ing the performance of recommendation models. Therefore, this paper proposes a Multi-Rela-
tionship Aware and Self-Supervised Learning-based Hypergraph-Enhanced Session-based Rec-
ommendation Model (MS-HGNN), which effectively captures the complex high-order relationships
among users across sessions and the sequential and co-occurrence dependencies within sessions.
Specifically, the MS-HGNN model models session sequences as hypergraphs, co-occurrence graphs,
and sequential graphs, respectively. It incorporates positional information to mitigate hyperedge
isomorphism while capturing hypergraphs, and utilizes a gating mechanism to fuse the sequential
and co-occurrence dependencies within sessions. Additionally, self-supervised learning is em-
ployed to maximize the mutual information between the representations of two sessions, alle-
viating data sparsity and effectively integrating the complex high-order relationships among users
and the sequential and co-occurrence dependencies within sessions. Extensive experimental re-
sults demonstrate that the proposed MS-HGNN model outperforms the current state-of-the-art
models on three real-world datasets: Diginetica, Tmall, and Last.fm.
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Figure 1. Dependency relationship description
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Figure 2. Structure of MS-HGNN model
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Figure 3. An example of the hypergraph construction process
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Figure 4. Co-occurrence dependent local graph building process instance
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Table 1. Datasets statistics

F 1 BEENGITER

Hmse train test items avg.len ratio.bi
Diginetica 719,470 60,858 43,097 5.12 12.95%
Tmall 351,268 25,898 40,728 6.69 27.90%
Last.fm 2,837,330 672,833 38,615 11.78 20.14%

4.2. FHEHLE)

AIEFE P@K AT MRR@K 1E AV Fa bR K AL HEE R .
P@K (Precision calculated over top-K items). P@K EE AT Hix¥im, CitH ARG K A
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MRR@K (Mean Reciprocal Rank calculated over top-K items). MRR@K Zf&xf F—MEHF RS, 4
E NPT s MHEESR, THRAMERFSIEFLAE K Mad, B AN5HP Y s Skhrig .
FR 42 it AH — B AR ) it A7 . rank  FOEE1ECT 2418
1 s 1
MRR @ K =Mz“l —

()

TSI, AT TS5 AIT IR, A0 K 58 20, BTH P@20 f1 MRR@20 XA i34 T
PEA o

4.3. BEER

FESRIG T, GEEL T 10 AN iEERE B AU E N R, ol TR S T E(IKNNL FPMC). 2T
TREE % 2] [1)777%(GRU4Rec. NARM. STAMP)ZE T B #H 2 W 4% [1) /5 1%(SR-GNN . GCE-GNN) PA J2 2 Tt
P22 /R 45 (1) )5 15 (DHCNY GC-HGNN. AC-HCN), HAKSGRI T

IKNN [2]: 5T 40025 HAbh 2 S AR R HER T E .

FPMC [4]: 456 T HFEI: il Al — B Sy /R BHEREER A SR P e o I8 1806 LART I LA, ASCAETHE
HEAE 3 BTt 288 T P R E R R

GRU4Rec [8]: 18I [ 48 £ X 4844 2215 7 51 SN i B IR 21l R R

NARM [9]: {5 FH 142 4l 22 D 28 AT 2 B 2% >0 20 P 21 16 32 2 H IR 31 RPAE

STAMP [10]: FERZ EiEE S ZERBURERT TAEH 1) RNN 4afides, eI Mpieit s
— TP A TR IR R

SR-GNN [11]: f# 13 B & W25k (A 00 H M 4aisRoR, Ja8H STAMP J84ul, il [ = bl
il 55 f5 — AN H SRS 2 R RN AHES

GCE-GNN [25]: i X2 PR A S i A 4 Joy bR SOk mi H i i X &, B R R EE R,
ARG R IR

DHCN [14]: A2 T B ph 42 I 25 R 2L T 2R I s 2 2%, kAR MM RO I8 R, ¥ E
B2 S RN B DX 28 AR, A A eSO AT 55 T A I D7 9 SR 1 i R F A

GC-HGNN [20]: A5 FH 35T P 1 o 22 o 5 SR R s B AR BN IR SR &R, (A GAT SRA SR R i85 &
T I A Ak R G R B R A PR e

AC-HCN [21]: 2 HEMIRA R BEERINE K S 2] ERER, R a-entmax of 307 bk
TERIH IR, f5 Ja b2 2 B I B ZRAE 55 I 18] 18] 55 A0 s A7 B R A 45 A AL i 5 I H 3RoR .

44, BYIE

TESE 1, embedding size % & A 128, mini-batch [fIK/NEE AN 512, AT IS HUE ISR 0 HAx
WEZ Y 0 (I R AT BEAT WUk« 2 ST 2R ¥ B 9 0.001, FE{# ] Adam AR AL 2% . Seub bl 1 B2 5
RS AR S5 B AT A RARE, 19{0.1, 0.2, 0.3, 0.4, 0.5}, FELRAAY Y4 FHAH [|] A Hicda B2 AVEAS % &
SBer kA v I SR S HOR A AT e A
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4.5. EWERE S

SRR F IR DA ) B HERE R I, SRIGIEA SCHR 19 MS-HGNN BB PERE . N Ifi4e H
SKE AR KT

45.1. BEEEE(RQL)

2 TR AR SRR R, IR RS R A A R RO . BT EHER 1 R
FEERENLERE, FA% P IBUE N Z RS P E S R . R EUE R, MS-HGNN 1% 4 Rk i
i

Table 2. Performance comparison between MS-HGNN and baseline models

%% 2. MS-HGNN S5 £ 58U M gEEL 5

Diginetica Tmall Last.fm
Model
P@20 MRR@20 P@20 MRR@20 P@20 MRR@20
IKNN 35.75 11.75 9.15 331 14.90 4.04
FPMC 22.14 6.66 16.06 7.32 12.86 3.78
GRU4Rec 30.79 8.22 10.93 5.89 17.90 5.39
NARM 48.32 16.00 23.30 10.70 22.40 7.42
STAMP 46.62 15.13 26.47 13.36 22.01 7.98
SR-GNN 51.26 17.78 27.57 13.72 22.33 8.27
GCE-GNN 54.22 19.04 3342 15.42 22.49 8.45
DHCN 53.66 18.51 31.42 15.05 22.10 7.44
GC-HGNN 54.10 18.64 36.83 17.37 22.95 8.31
AC-HCN 51.73 18.71 37.42 17.51 2291 8.22
MS-HGNN 55.04 19.20 39.98 18.83 24.50 8.78
%Gain 1.74% 0.95% 6.85% 7.54% 6.76% 3.91%

TR 5 2] B8 (GRU4Re, NARM, STAMP) & E 1 TAE G (IKNN, FPMC), 1XR 216751
eH R G T I HERE I B . & HERE T P w2 3D AL, NARM HI STAMP SRH T ¥R
BT P AT AT S, [EIE 5N R LSRR R A BR IR FE S T, IX SR AE X 2l @i
FEH AN R0 H 2 FeAS [l = B & 3L

FE T e 22 0 2% () R Y (SR-GNIN. GCE-GNIN) X bb 3 TR B 24 S R AU R 7 B I i e M it
SR-GNN I8 i ¥ > 2 15 AR - B R A 1145 22 I 2 2 ST iR AR 7R, GCE-GNIN - U FH X2 P A
BAR R RHRE L, R TR UG ANV RS B A 216 7 1 AR R B 25
FEAH FH GNN SRI 3R H 2 (A SO 6 #e 0 R, IX AR 1 7EHERER 25 FE 0 H 2 (R OC R I B

BT B 4 X 45 [ (DHCN . GC-HGNN. AC-HCN) A% T — M i P4 28 W 28 LA 1 sk — 25
$2Ft. DHCN i R Bk m M B 44 R ., GC-HGNN i Fli#E B 3R s R 24 5 R AR AN 7 A
GAT KA 3K Jm Bk &, AC-HCN NITE & Bl 3K i B A5 B I T a-entmax bR ORI BR 6 X I H 1
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SN XYL IR 2 10 7 A1 B R R 2 5% 2R W] AR AR R P

M2 VA, 5 BRI, A5 1 MS-HGNNA R AE = #i 4 EIP@20FIMRR@20
Mtk e . B AT AT BEAE T MS-HGNNFE R\ = AT IIEAT 1 et — R K2 E BJa A T4z
BERGAS, E TBEG R . RAMIR Tl NBY ESR BRI A, SRl AL A X
TR AR - = EMS-HGNNE R L1 1 [ I 27 2, e KA R i 5 B AR S R 2 il 5 B Z R AR R .

4.5.2. JHRRSEIE(RQ2)

T RS0 Y SR UE AR Y 2 SRR M BE A DR - S I F2 R MS-HGNN AN [RI AR HR T il A1 20 A%
ZREANME =N BIREE EHEFENERER PPN &S HOT 25 R 5 -

MS-HGNN-H: A MS-HGNN i i i o 7 B A5 B b, U0 R R 4/ o 1E 3R
7N o

MS-HGNN-CO: M MS-HGNN HR IE LA ¢ 8 S BUZ 24, FGUAe A6 5C 2R 3 HUZ SRR R 2
SR

MS-HGNN-SE: M MS-HGNN HeREIF ik R 5e Uz L4, I SEBLRK AT OC R IR HUZ RIRHUR 2
SUERIR

MS-HGNN-S: x 1 B M2 IR, AR A A SR % pR B

F3EH T RIS R, EXT T HAMEHAE Diginetica. Tmall A1 Last.fm =M EE4E EROPERE, P4
ZH057 58 P@20 Il MRR@20.
Table 3. The impact of each module of the model on the recommendation performance

%% 3. BB IERIHEF R

Dataset Tmall Diginetica Last.fm
Measures P@20 MRR@20 P@20 MRR@20 P@20 MRR@20
MS-HGNN-H 39.16 18.25 54.39 19.12 23.78 8.09
MS-HGNN-CO 38.63 17.56 54.47 19.14 23.85 8.14
MS-HGNN-SE 39.55 18.52 54.73 19.16 23.85 8.01
MS-HGNN-S 39.46 18.23 54.81 19.18 23.57 8.77
MS-HGNN 39.98 18.83 55.04 19.20 24.50 8.78

IR ERFE, AR A MS-HGNN 7£ P@20 F1 MRR@20 EMEfe et 7 Tmall ¥4 L, T
ZHHREER) ratio.bi {7, MS-HGNN-SE tt MS-HGNN-CO MREHE M, *tT Last.fm #dide, iZHdade
avg.len B, MK T 215 N BT X R, BT L MS-HGNN-SE I PERE I T M8 % . 4t
MS-HGNN-H il MS-HGNN-S #AI7E 84k FAGT MS-HGNN, F H MS-HGNN-H &%, ilmiis
AER S 5N B B S B HEARAT S5 Re 7 — E R RS R TH M RE .

45.3. BAERBFM(RQ3)

TEHERE RGBT, G RBOHER MR RE A — T . SR E R T RH 4 PSRl G iR $E
R A5 B R A5 BT HERE AR IR, X 4 R A R

1) RATER % (sum pooling), RIKs AN Fe 7 1 A R 48 A s

2) itk ek E(Average pooling), BT PASFEom IAFANGERE E SR IS

m
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3) Pk ¥ (Concat), R EHK DL PHES]—E;

4) fbG 1R H(Fusion Gate), #H4 TN E R Z A AT & MEATE -
f :O_(Wfll\local +Wf2|VgIobaI +bf)
| = ﬂ\l/ocal +(1_ ﬂ‘?lobal>

T A VR TRIRAER, WP SRS B R . ok, PHEREUE = EE g LT Re
BRI E . XA R AR AT 9 TR A B 2 B R B o Ff45 o0 AR AR BN [R) R I {6
[ T PRI, Mk LIRS A eI C BRI G SR MU Ak R 2 (B I 22 5%, ANITTRE IR 1 HAtk g AHLEZ T,
SR BR BRI T Pt A0 R 87 S e I R P R B T RAFIIPERE, IF HUEATM TR B AR B . X A
PRECE AT AT ORI, RE A RON B AER, RN RSB RIS SR T . Rl s — 1R,
B R BHE = AR AR AR T BV RE . X IR MER] T AE AN ROR T AT 2 M A (AL B RE A 5
ARG 2 A ) 2 ARSI RS T A R AR AT A W 2 S, RS
fE— R LR B R B TP OGBS 2, TR T 1 HERE R GEIHERA LA R

Table 4. Effects of different fusion functions

4. NEIRLE R BAIR0

Dataset Tmall Diginetica Last.fm

Function P@20 MRR@20 P@20 MRR@20 P@20 MRR@20

Concat 38.92 18.11 54.02 18.56 23.58 7.98
Sum 39.66 18.34 54.27 18.99 24.25 8.64

Average 39.75 18.65 54.75 19.13 24.35 8.57
FG 39.98 18.83 55.04 19.20 24.50 8.78

45.4. BY p HHEFERENFID(RQ)

TEARSCH 2.4 /N, 32T — NPk A, HA sl T S5 p kIsHI B B TS
ERA AN ZR L. T BRI B BRI HERE ORI, RSO B BB #41#£{0.1, 0.2, 0.3, 0.4,
05U, KBEEHRIHEFVEREM R . & 6 ] WL, %IT Diginetica. Tmall A1 Last.fm ix =M ¥a4E,
4 B HUEAE 0.1 FiHiZES, P@20 Al MRR@20 A3t st thfe. Sk, BEE B IUKER, HEFEMERER T
Bt . R TGS B EH AT DT 2 G AT 55 RO B 22 S BT 55 Z IR I &R, AT SRAS B0 HE A8

AHEREPERE .
Tmall Diginetica
41 21 56 21
40 20 55 20
39 19 19
54
38 18 18
2% 7 3 17
36 16 52 16
0 0.1 0.2 0.3 0.4 0.5 0 0.1 0.2 0.3 0.4 0.5
~—P@20 —*—~MRR@20 ~o—P@20 ——~MRR@20
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Figure 6. Effect of parameter £ on recommended performance

E 6. 5% 4 FHEFIHEERNFE

&g
BUA BT 1B A HERE 7 I B U PP A I AR SR R, P EUEFEPERER AL . A SCIR Y MS-HGNN £

M, FATEEMEMN AN EEE, SRR R R, [R5 8 il T A LB, SRS HER
S P L AR IR, SERBEEM . SRI BRI R = A R PR RE IR, ok
Rtk — DT FU 2 1 B AR AR Ok 2R AR TR AL P e
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