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Abstract

Session-based social recommendation aims to predict the next most likely item of interaction for
the current session based on the user’s social network and historical session information. Existing
session-based social recommendation methods predominantly learn session embeddings from a
single graph perspective for making predictions, thereby neglecting the sequential dependencies
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among items. To address this issue, we propose a Dual-View approach for Session-Based Social Rec-
ommendation (DVSSR). DVSSR learns user and item embeddings through a user-item heterogene-
ous graph and learns session embeddings from both graph and behavioral sequence perspectives.
In the session graph perspective, it propagates feature information between nodes using a graph
neural network and aggregates session embeddings via an attention mechanism. In the behavioral
sequence perspective, it employs an adaptive rotary position encoder to learn the relative posi-
tional relationships among items and captures the sequential dependencies and sequence embed-
dings using a multi-head self-attention mechanism. The results from these two perspectives are then
integrated with user embeddings to form the final session embedding for making predictions. To
ensure consistency in user preference learning across the dual perspectives, a contrastive learning
module is designed to align the learned embeddings from both views, and the method’s robustness
and generalization capability are enhanced through contrastive learning between augmented and
original views. Finally, experimental results on three large public datasets validate the effectiveness
and superiority of DVSSR.
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ANt Em, EEEARNAW R B SERH G ™E, 5 RENREA UM% .
SR AEIF A1) (Session-based Recommendation, SR)#& % F 7 (56 W4T N AT B 2 ih E A, 9T ikk
TP N — M7 R ERSE R, MHPEEES e, AT e AE ek, filn
Facebook, Instagram AIffIE S KA H A 5, F P 2 [AImT DLdadk i . O3 # R ST NI H &I
HPERIALAT LS, TIXLEH P AR AR — € B, B, SCvERE— 7 i P BER AT Re A7 AEAH DA
il P EmEFR AT B2 B HAb R P osem . RIbk, Hara oo FIX s s, St ae 4 i 5 N
FEHHTWETL, FRONFET 2516 0 4E 22 H#E 24 (Session-based Social Recommendation, SSR).

TEH AT SSR A5 H, DGRec [2]04 T ik 122 4 v F P (AR FLSZ 0 0% 2R, {3 FH T 46 1Y 45
(Graph Neural Network, GNN) % 448 & 5 S FHRFIEAS S, M P I m i 5438 < R R LK. SERec [3]44
@7 —ak A P AT AR A B, JRIE I A R 22 M 4% (Heterogeneous Graph Neural Network,
HGNN)2= ) BT 01 H LA P AR OR, ARG T — RN SR R A, 856 T MaT il 1)
T EAS B UL S BAE RS IE N E R . HF-Rec [4]7E LAY E, 385 & /M 4% (Graph Attention
Network, GAT), SEHUKE#1 2% 21 3 7285 F P b i 2 iiim o, IR &tk —ANmBrRr e Sk, K H
PR RGO Sl RN R G SR O R, XS R AR T R A I HERE 1 B

ASCAERE T I, I R J T2 136 P 4 58 HE A A 2R 0 B — 1 AT 3 — A A H R i o SSR ] i,
B 3d i B T B A A0 23 & I H 2 R B SR OC R, (X B AR AT 23 138 Hh T (97 A 0% &
RS, BOAERS T, S liE SR E IS S T S AL R S5 A T e S R 2 iE— S

T RN F R P B — A AR A B G A ] R, ASCER T — AN A T 2 b AR A ) 4
PR . JE T 2235 1) AR £ AL A8 HE 757 4 A (Dual-view approach for session-based social recommendation,
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DVSSR). M8 e WITH - Fl 7 S B R 2 SN TR, R 43 T AR P I 20 P DL R AT S 5 41 1 o
MAME, EiEEAAT, A GNN M s 2 RIFRHEE S, B SE B R GRS MIRAR
TNe TEATNITHIRLA R, A —Ff & N e e Ar B b, HliIRI0H Z B ARG A B oG R, FaFHxm A
M SUE B A KA BAE BRG, lid 23k B INHIF AT AT A RS B FLIR, PR R
R B S E RS Bl G, (EABRE NS RAFR IR . &5, N T ORIER AR % 2]
BN S B —8, @0 H 2 SRR R A R 5 ST BIRIRNR R, A T IR R S e, X
JERL AR A I A A B SRR T 2= BN RO 53R R 5 2] B R N R R AT 0 2 2T,
AP i RE ]

T T 2R AR ASHERE AT o, I I F P A A8 00 R, DR RS iE HERE I HERA M, DRI,
TE LK X 22 TEHEFA A ARY DL R e T 2 1 IR A ACHERA ALY (A OC TARHEAT /M4 -
1.1 EHEFER

SAGHEREM HARAE T, 4@ P PR AR i), Rl rp Il H 2 [ 1 0C R, 0 i H - el ml
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THHER R R AL, ST 2 )2 1T 14808 A e R R I H 2 (A AZ R &R . NARM [6]F1 STAMP [7]55 544
FEREFEA N T 9 B B DA S M S 7 R . SSRM [8]45 A B 4 i % GRU - #EAT 1 58 4 3
FURK DS, 2Bl T 3T 215 MR . Caser [9]45 HiE T RNN (A5 RY AT A Jo 1048 I Hudei 55 2wl JLAS
TH XN —/NIUH B sgE, R iE I SRR N 4 2 2] P ARG, NextltNet [1015] N T H AR ZE 21 1045
FRRRZE 2%, K A AR . T3 GNN BB e 300 A 22 (B s A2 X &R, N B
BT ER A AL 2 — . SR-GNN [11]38 1 1145 GNN 2231415 B TR A 55 H #: N\ - GCE-GNN [12]38 1 #y38
2R E B AR R AR AR ) . IR RS T RAF TR RE, ) T il HEE MU R R, (HEA
RE BN T T oG AL ACHERE,  DROAEATTRE 25 R B A8 I 2% v FH P 28 HOR 27 AR IR )
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R0 RHERE S . SERec [BIE 17— 5K da Fl P AT H L) A4 B, I HGNIN 27 3] BTy it
H PR P BRI, B T — R M S T RS, 456 7 201G 30 B A5 2 DU P 5 B AR
FRETE RN IR . HF?-Rec [AJ7ESLEEAL I, T8I GAT SRS Al 2 1 2 1 2505 H P w2 id o, F
Bt — NPV RHERE A, R R DR DL R i RS S O
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ALY, W B T H 18] AR RE T, RO 2 1R ST H B Je Ja e & e
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2.1, AR ER
PESET ARSI 1, BAV = (W, Vo Ve Vi ) FTU = {0, U, Uy, Uy, | 43 BB AR S

B ERA e, BAS ={s),8),8), 5y | FRFH P R ERS, BAS B U IR 2iF !
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Figure 1. Workflow diagram of DVSSR
& 1. DVSSR T1ER 2R
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FECAWIUH, SERec [STAILANA HA A B PR FH S mOIAT R G#4E, BT H P 5I0H
A B R BT KT 5 A P A LR AR, T RE i e SR M, ARSCIESE | SERec HROXHZ IR R Ak
BT BRI SN R RO, ORGSR A

B, WHRARTY RS AR AR B, DU O B
HY™)+bl,) @)

Jorf, g, eRY, W) eR™, bl cRYEIEISH, o A sigmoid BT B 75 54 I 2RI 56
L2, HITeRY 5 H R QBN A u 5 x 765 | -1 22 A FIIHAZOR, M5 Tt
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al, = SoﬁLnax(Imp' (u,x)) 2)

xeNy

K@, Ny AR AR EE S TR, RARJET R x e Ny W19 mi 5 BARIEE O R BUL k4 ARy
Rou:

u

HY = 3 o (WHY +0 ) 3)
Fob, W'eR™, bl eRYEAEISHL BLARE), 10 WABET A xe N, 1 bR E
LRGN EN I Z IR RE, O HAR 1 AR . RS, 41 A u 22 AR ) B
it 5 R AR, it B A A ReLU WS BB . 13 BT A 1E L2 R A 2 b 5o
% ST BIRA RN R

H! :ReLU(W'(ﬁI

HEE )b @)

K@), W' eR™, b eRY Ru2:5 58, @abixorat, 4 5 o fZEEIAR R SIS B . o
FIEY v, KA R RS L R H .
24. 2IEEMATHSEBRARREY

76—, i R R 2 S S T IR H 5 R P O RNER, (HIR AN R A AT
TEHIRR S E . B, e A2 ST P DA R 0 N R, RO 248 24 R0 &%
AR B, 3 %S E LR

ShSEFT U SRR SY = [V Vo VooV, | W TR ETEIEIG, PR fe B 238 P R
AR LRI 2 RIAE T, B 5, KT s BT T A A1

h =H}[H, (5)

He, H! eRLIEH! e R 45N IZSE AP AR RIE | ERaE K ] 800 E #5208
PRI ZR R, O 7 s A S B A B DUSEEL MRS R PR IR N IE R RRUA G iz s s 4]
BRI b e R% o BRJE, S BIMNEERTI A, il s A 3 AT F R AR

‘ 1 ~

h" = W Wi, h;

Z,-EN;" W J§ e

1 —~
2 i Wi je%;“‘ it
K@)+, wRBMNE, REESEFT AT jROZERE, NFNM 2350855 50 AR LA
KA ESE, W, W, e R ZA[2 250 K% s A BN BERFIE S H B RRE i 32

ﬁ;: hiin

(6)
hiOUt —

hiout (7)

SRIG, N T R B RIS R, B T L R GAHRAE by 5 GNN 23] BRI by 454
h :tanh(Wh(ﬁi“ﬁi)mh)
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h =1 Oh +(1-r)OW,h
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SR 72 S B I TR S, R R B LR NN B ) HE B R PR
BT IR ARIR:
B :softmax(q;a(wﬂ (hfh| HJ)+bﬂ))
s9 =Y fh

RO, by g, e R LW, e R EWEISH, hy REihEE — BN R, FRAEMK
FHDGE IR B 2R s b KA (G) B AR (O)H— RANGR A MEL EAZ M 2% PGNN 2:

S =PGNN(G;) (10)
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25 fTAFIIRATHRIERARRE S

BT, EXH AT NS AT 3R E R, SASRec [13]411 BERT4Rec [14]4 1 R 5741 15
Hioptr BEE, RNIHRNR RN T — M5 ] 00 B s, BARE — @8R, HEXFRmL T
FAMEE R ZE H IG5 B 2 (B AR A B G &, 9 i PR B8 A B30 H 2 1807 B 9 A L DR FF — 28 1R AH
BhE,  BEBSHOE A T H 2 A7 B G S OR A — E 22 % o Eluerfomer [15THEZR R 1H T —Fh H & R e e fir
B, R R A 2ok s LA R B B B R, SEEE 1R SUE B EE B g
KSR R R, AT AT HIR A I8 B & e A B A4 Eoef I H 2 [ AR AL B 15 B 1 BN e
71, ) BRI 2 TE IR R IR .

B, AR RAE K 2B H AR R 2 S =[i iy, 5,0, | TRIBUH RS BRI, 13
FZAT NP B IR RN BE E; =[e), ey, 0,] o #RJF PP 51 i A A B 40 A ple— Ao B ik
P=[p.p, Pso Py | AKIEHEALEIRAN R = (1,1, 1,1, ] o AFFFHRN SO B AADN, 3 E)FHHRA
%%Zzﬁi;i~ﬁﬂ,ﬁ¢i=a+go%$ﬂ$%—4ﬁﬁ%ﬁAmﬁ%%%%ﬁﬁ%%i%ﬁﬁ
MR S A 1

7 =[tut oty ], 20 = [ttty ] (11)
Hep, 77 e R Ml z2 e R 5050 HIR NS R AR A &, d AREIZIRAIILEE . iRl
BRFEAT, W HBAT—RIVEH, ok, tHEIEEA S0 -

A =\7?+2*.6, =atan2(2] 2/ (12)
RIG, KA S BIMANA S, Hfnl B AR R, DASEIN B e A B 4w i«
z,=2[cos(6,+r),sin(6 +)] (13)

HRAE E b A 3, 1930 T % FF B G5 0SSR T A I D I e B R 4R N A
2 =[5 58, | NS KRR A1) A DL F 2 B IR e R, Fooptg— A

K BHER IR R A

QK (2W3ﬂiwff .
Z, =softmax| == |V, = softmax yAWAS (14)
Jd, Jd,

Hor, WO WS WY e R™% RIS S8, RN Z bkt 2l . A smth. do=d/hgz
SIERIIE AL, NEHARRLIER AN, S2diBEE, S35 RARIRALR:
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Z= Concat(ZAl,ZAz,Z:,m,fh)W‘)

_ (15)
Z = ReLU (W, Z +bg, )W, +by,

R@5)F, WeeR™W W W, e R™ by, b, eRY, A SH,  h &Sk, KR AR
Z=(2,2,,25, .2, | PHRIBJG — B 2, (ERAT AR IR h 22 2] BN R, B S5 =z, BAKXQADEL
F(15) ) — R ANAURE AR A 4 o 4% 2 7

S; = ELF(E;) (16)

2.6. JLLES
FEFTP AT, 43 2 i R A AAAT N SR AR 2 2 B T P il il RN R IR, A TR
FRLA N 7 2 SIS B — B, ASCEE 7 — Rk s 8, AR — D1\ A T IR AR
INNIEREAR, R AT BB RS, (A — ek A i A 2 1m IA A T IR AN OR S N SOREAS, i e
M A EE RS, PRk AT
exp(cos

exp(cos(sjg,sf)>+ > exp(cos(sf,sj))+ > exp(cos(sf,sj))

SjeS’ SjeS’

RAN T, cos WATLHILIE AL, FORE R MRAR RO, S NSES, WA ES. 3
AR R, W LU KA 2 A 2 B AR DA AT T SRR A T I S BN Z R ELAS S, R
2 5] BRI B — Sk .

KRR B S SR m R R (R B R MERZ AR BE 77, 7R P 21 b, SRR A T 2 ) EBAELE SR A S,
F P AE AN 35 18] A T B A AR E I H 5N 18 b, BHUbF=t TR, R T 3R m s i et Ay
1LBE )1, 2% CLASRec [17]LA 2 GRACE [18] 7 i H BRI a7 v, o i A i H st B e 15 [ g e gk
FFRFEEES

TEAT R FIR AR, 5 51 Fp g5 BIWIEE N DL 200% A2 1 B RERD N, LA 3% 5 41
(GRS IR IR B, % E; fEARK A BN, 3% F5 0 2 mEB xR, 5
ﬁ%ﬁ?ﬂ%ﬁA%ﬁ? Em() RIG, WE— 2B AT NS T 2 S B N 5658 5

SURMBAFTRNIEREAT (S35} ), e PN SLB L E AN SR, 9 BI5KHR

e><|0(¢05(3js S} )) (18)
eXp(COS(S]-S : SAJS))+ i exp(cos(SiS N ))

=1,k=i

(ELR AR, R AR G AN A, < R™ K/ MARIKHIEIE O, e R™ , JEFEH1H)
P 76 T MM SR T I O, ~ B(0,0.2)  KFATBERRNE A SHERIATIE O AT IR, DAL
BEHLE SRR B, ERAIRRIRE G, o KR ML BRI PONN [N, i H 4 AR A
R IORHIER KL AR ST - PONN(G, ) IIATER, 55 ARSI EHIRE AL

—_—
—
wn
)
wn
—
~
~—

L, =—log an

L, =—log

exp(cos(sf’,gja))
N

exp(cos(S?,ng))+ > exp(cos(sjg 8¢ ))

k=1,k=i

=— |og (19)
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¥ BRI SR SRR A, 15 BN EE 2 SR ) A R 2 R R
Lo=Ly+ L +L, (20)
2.7. 7w
TE5Y B AT P DA AT o P BUAL AR 2 ) BU 4 SY IR IR, 4B B R 2GR
SY, AT ARSI FIIFF AN R s° S P AR HY i, AR RIZETE IR IR R
S; =W, (8§ |s;|H.) 1)
Hoeb, W, e R® RT3 BH. K5, MIRAMAFOR S, 5T H v M AFORMTE, LIS EI%50H (F A
S5 — AN H R

y, =softmax (S v, ) (22)

AR L HE A R BT top-K T H I T H 113 o K40 5% B BUE SO TN AT FCSEAR R IR 22 SN, 5
XL SRR &, AR AR R iR L

L :_gyi |Og(§/\i)

Ltotal =L+ (/)Lc

(23)

3. SEWLAR
31 BIRENR

KT T =AKEI A T RS Gowalla [19]. Delicious [20]. Foursquare [21], 56:iF 4 Hi A 7 (1)
PERE. TEXTEUR AR T I 5T, 2% SEREC H AL . RS S b, 1T 60%IEAIIZREE, 20%1F
NIGIEEE, f)a 20% 1 NIR4E . BPR 4R £ 25 B nde 1 Fin:

Table 1. Dataset information

® 1 BEEEER

BAE/ES Gowalla Foursquare Delicious
F - T0H &8 HAIRH 1,218,599 3,627,093 266,190
DR 258,732 888,798 60,397
R 33,661 39,302 1313
H #oE 41,229 45,595 5793
M - PSS B IRE 283,778 304,030 9130
PR E A 471 4,08 4.41
32. FESH

ASCHTHEHE) DVSSR FESE IR E W T : ML K/ N 256, RMEIMEMEZHCN 1, #ok

/Ny 128, #2130 0.0002, 2 SkiE R MESSLINEE Y 2, XTSI B R R ALE @ Oy 0.01, FAYE]

A0 JE T s PR RE N 100 N T R MRS, SRAHERE RGP 1 BRI fR AR R HIT@K LA
KPR EHEY MRR@K A7 & A2 B P HERE F11 26, K HX 10 1 20,
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3.3. XtHEscng

N T VRO TR AR PR e, 4 DVSSR 7E =Ml 4 EITERE 5 2 iE AL : NARM [6]. STAMP
[7]+ NextltNet [10]. SR-GNN [11]. SSRM [8], LAAHE T il A HEF A . DGRec [2]. SERec [3]+
HF?-Rec [A]iFAT X LESEES, BT 2 i HERERL A AN R A B AR AL S I E B, O TS AP,
S P R 22 I 2% i 27 20 B T H RN R E X SR I H (IR o SR 45 RN 2 fos:

Table 2. Comparison of experimental results
2 2. JfLELIEER

PAEITE S Gowalla Delicious Foursquare

| HI1I0 M10 H20 M20 H10 M10 H20 M20 H10 MI10 H20 M20
s-NextltNet 4557 2491 5308 2543 39.00 20.86 4856 2152 61.11 33.77 6953 34.36
s-NARM 4444 2409 51.95 2460 39.69 2107 4925 21.83 59.66 3230 68.05 32.90
s-STAMP 4526 2465 5269 2518 3878 2052 4806 21.11 6122 33.73 69.54 3431
s-SRGNN 4540 2507 5279 2558 39.97 21.30 4941 2198 61.10 3367 69.55 34.26
s-SSRM 4507 2475 5256 2526 39.73 21.02 4928 2163 6118 33.83 69.62 34.43
DGRec 4214 2308 4997 2361 37.69 20.15 4728 20.80 57.23 31.65 6591 32.26
SERec 4598 2522 5358 2574 40.04 2141 4936 2206 61.72 3410 70.12 34.69
HF-Rec  46.80 2599 5428 2652 41.02 2216 5034 2278 6328 3565 7155 36.23
DVSSR 4835 27.43 5615 27.97 4350 2391 5340 2457 6490 37.85 7294 3842
PERESR A 3.31% 5.54% 3.45% 5.47% 6.05% 7.90% 6.08% 7.86% 2.56% 6.17% 1.94% 6.04

RAEE 2 XS LLsIegs iR, MR B, SufHEERRIREE SR K % 2] BRI E R E R AR Y
HIH R AWIGALS s BCRAAA WSS T 2R A A IS HERE, ROARR A A, BT 2l A A HEFR A
R EMH F RHEE S, SERec. HF%-Rec DLEASCHEH ) DVSSR TE 2 TEHR AR /NS 3] HH A0 FH ik
N BUAFRM T RNEAN T SiERomd, DR P IX— R B @, (iGN BE A 2R A it
FE, UGG SERE BRI, TERTA RIS S A B H AL [ Lk, DVSSR TEFTA 24 LI
RIHT HADARL . o, DVSSR 1E Delicious #f45E FFEABIAMPIANEARETT R, nIREM R 2,
Delicious ZE4E A S ZE 0 /N T AN SR 48, S50, T HS0E . S BREUIE =& R, Fitk
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Table 3. Results of ablation experiment
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Figure 2. Parameter experiment results
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