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Session Recommendation Incorporating Dual-branch Dynamic Preferences

SHEN Xue-Li, WANG Le, TIAN Xue-Cheng
(Software College, Liaoning Technical University, Huludao 125105, China)

Abstract: Session-based recommendation algorithms only statically model a single preference of users and fail to capture
the preference fluctuation of the users affected by the environment, thus reducing the recommendation accuracy.
Therefore, this study proposes a session recommendation method that integrates dual-branch dynamic preferences. First,
the heterogeneous hypergraph is used to model different types of information, and a dual-branch aggregation mechanism
is designed to acquire and integrate the information in the heterogeneous hypergraph and learn the relationship between
multiple types of nodes. Then, a price-embedded enhancer is used to strengthen the relationship between categories and
prices. Second, a two-layer preference encoder is designed, which _uées a multi-scale temporal Transformer to extract the
user’s dynamic price preference, and a soft attention mechanism and reverse position encoding are used to learn the user’s
dynamic interest preference. Finally, a gating mechanism is used to integrate the user’s multi-type dynamic preferences
and make recommendations to users. By conducting experiments on two datasets, namely Cosmetics and Diginetica-buy,
the results prove that there is a‘signiﬁcant improvement in Precision and MRR evaluation metrics compared with other
algorithms. |
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N7 AN IS A IR 2 5 2 4558 55 2] 1 RE 7T,
¥ H BB b RN 2 0, FRATPAT 5 B E 1
VERHRAE, Rl T \\
Hy = [healh headas+- head),] (20)
head; = Atrention(WCS ,, WES ,, WYs,) (1)
o we, WK, W) e RV 43 5 T WA\ B 25 )
SHUE R B AV, h R, S, = Wy (H; ||
H' || H?).
2,62 FrERIIFIINZE
HESETEREETELERY, A TR PER
A 26 1 FNAS [) 4 B 2 ) i AH HAE L, 78 2 R P
Transformer X% H ¥ & ¥ 2 (1) far tH S A7 B #7150
2% E E AN AR R R, 7R A R 2 AR A
(Gaussian error linear unit, GELU) ¥ 2 [8] 27~ 1 K

PREEN(Hy) = |FENGD) o FENG) 22)
FEN@) = GELU(uWy, +bg )Wy, +by,  (23)
GELU(u) = u® () (24)
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Horr, @ (x) br k2 A 0 R ARG AT R R, Wy
Wy, € R4 Fllby, | by, € RT3 2] S50, AEFTA L &
IR XA T AR, £ OpenAI GPTUAI BERT
ZJa, T AN B GELUP S, 18R 514
% W] Transformer. H, %%iﬂﬁfﬂ%ﬁﬁpw
2.7 ERFHERE

FE—ATUH o, SREUH 7 RIEh SIS I P, 1Y%
R LT T, [ 25 8 —ANTH x ) 1D RV R R
NV, SRA I A (R A% R 8l e T

P,=P) -V, (25)
I,=1Iy v, (26)

Hor, 1, P, e RYJEFH P 1 04 i 1F AN B AR 4, R
IR B RTE Bl fe 2 B 1 7 i

Y=o (W, [P{, I1z,) * (27)

SiE g Py+(1-9) 1, (28)

FiI Softmax BN HEAT A HE, 155 B 4 1 49 Bk
NI

9 = Sxp()’i)

D exp)

R, § FORAE Y BT S g € VISR ARE i

R G, J9l5 b2, BRI BN L2 TE Mk,

FaRUR:

14

£=-yilog, @)+ —yplog, (1 -3+ Al (30)
i=1

29

Horp, AZORIEWACR T, pm A S K
3 SEI 5T g !
3.1 HIEE '

N5SAE SDBDP #8147 Rk, A SCAE AN A T4
P4 AT 528 . Cosmetics HH4E (https:/www kaggle.
com/datasets/mkechinov/ecommerce-events-history-in-
cosmetics-shop) RJ& T kaggle b — 4NN I SR 5
PRER, B AR H IR VS A 2019 4F 10 H; Diginetica-
buy #(#54E (https://competitions.codalab.org/competitions/
1116) /&K H 2016 £ CIKM #f, f8 T H P EH T
7 251 & b B S S sl SR 2 SR A 2 HUiE . X
P EE Sl )2 N AE R RGN 1 HEF 33
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& AP 55 H # 1D, TH KIS 5 R0 8 DL P
A ELA A S I R AN B A h i KR 1, T
HHILXECD T 10 2GR E . XHF— A28, &
Je AN T B R bR 2 A 1) 7 B 4 P T AR
MR TE P AN OS2 B TR S BT 70% AF A
YRR, 20% TENIIELE, f )5 10% 1ENMNREE, SEIR 3L
PRGN 1 s,

* 1 HIEESI
PAETES Cosmetics . Diginetica-buy
TEE 23094 T 24889
THH 1058263 . 855070
LR[S . 11 100
Fs 301 721
YIZrLiR% 109845 131278
BE 2154 31384 37508
M2 5% 15692 18754
PRI 6.74 4.56

3.2 iFNIERR
L4 Precision@K (P@K) Al MRR@K WiFhiF

M bRx B R AT VRN, Hoh P@K s i B T2 1E I
HEFE R S0 1) TOIIRS HE P I Ha b, SRR FEHERE I R A4
HI K AT 00 I 400 5 B o % BB, A R R R SR
ERAT. P 44181 %0HE 4 (mean reciprocal ranking, MRR) 7&
IEHRHEFEY) i BB HE 4, FEHERED) L B3R R IR
T HE T ) ot o7 B v Wﬁﬁﬁ?ﬁ%ﬁ%ﬁﬁ%, EEmR i
HEFEYD S O HE S ASTE AT 20 B, ZAE N 0. ARS8,
I K=10, K=20. | ' -
3.3 SLGFEMSHIRE

SR SCHER LT PyTorch HEALSEHL, TF 418 2 K
Python 3.8.13, fRALHIALR AT Adam HRALEE. S50 T F
f@E IR 2408 Windows 11, AbFE28 A Intel(R) Core
(TM) i5-1135G7 @ 2.40 GHz, % NVIDIA GeForce
MX450 2 GB, 217 W47 N 16 GB. 5256 Diginetica-
buy HHE H AN Cosmetics 4 LM S Hx B Wik 2 By
7R, e epoch R I ZRIKHL, batch_size Fonilll Zrilt
R K/IN, learnRate KRS %, d RoRANGEE, L KR
5 I Z 40

*2 SHKE

ZH Diginetica-buy Cosmetics
epoch 30 20
batch_size 100 100
learnRate 0.0005 0.0005
d 128 128
L 3 3
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3.4 XPELSCIGHREAY

(1) GRU4Rec!™M#i ] GRU i it — A2 - 347 /)N
HEAEFR Y 2R FE R IR0 H 7 H1 R R.

(2) BERT4Rec "R FH WL [ ¥ 55014 2 45 44k G
Ji 228 H P 5.

(3) NARMPUE I B 7 8 N S5 T2 RNN
H, Bkt T GRU4Rec!”.

(4) SR-GNNH 2 P, JF1] F B i 46 0 485 5k
FHRITE 2 8] {1 X 46

(5) CoHHN" Vi iof 78 P Jik 3 2010 H 22 1] FrAO 8 ikt
R, A HER S ERE S 2 1 TAER I ATH RNN 44
8.
3.5 XTEESRIGLER

£ Diginetica-buy I Cosmetics ™ #i 4 Lt it

AT I, 455R W& 3, SDBDP. £ PN S 4

£ RS R0 T HAR XS LA NARM fil BERT4-
Rec 31 5] AVE R I HLE 21 () 32 Z Bk
T GRU4Rec, 13 & 1ML 2502 & 0T LA 3R 7 571 5 B
Z A A — B ¢ & . 2T GNN BJ/57% SR-GNN
MREEXT T R B RO 58 R AT B AR BE J13R1F e 4 Mk
e, At CoHHN HEAR T 3 — B s AR B 7 % R
P G (A5 I, (EE G 25 R P i e B B ) 28 4 1 7=
AR B, Toik B 3hiE NS AR A, R P I e
PR AR, BRI TT RE S IR AL, DRI S SE PR AN T Hh Y
SDBDP B A< B R % o B B8, 7 Digi-
netica-buy X(#E€E [, P@20 Hl MRR@20 45575 14 5
ST 3.1%, 3.0%; fE.Cosmetics $(# 4 I P@20 Al
MRR@20 1555 145 AT 2.7%, 2.4%, 3% F W1 A S0 1
R Re 8 G ROR I 7 303 i 2, $2 7t 2 iE HERE
PERE.

%
y &3 £ Diginetica-buy Fl Cosmetics F#i 4 I K%} L5256 (%)

Method g Diginetica-buy Cosmetics
eHe P@10 P@20 MRR@10 MRR@20 P@10 P@20 MRR@10 MRR@20
GRU4Rec 2191 27.54 11.27 11.70 19.27 21.73 14.40 14.58
BERT4Rec 47.22 60.16 20.37 21.51 3821 46.35 23.32 23.87
NARM 46.28 56.59 21.70 23.29 42.32 46.09 34.10 34.45
SR-GNN 45.67 56.1 21.25 22.89 43.80 48.09 34.52 34.89
CoHHN 50.29 63.24 24.89 25.78 47.54 53.65 36.31 36.74
SDBDP 51.39 65.19 25.62 26.55 49.31 55.09 37.21 37.62
M 4 HFA] LLE H, SR-GNN, GRU4Rec, BERT4Rec, . é -
N N " . 44 b —u— Cosmetics
NARM H 75 758 24 FE BARAE M BEAS U CoHHN 57 —e— Diginetica-buy
SDBDP {3 {1 77 150 I BT B A R Ui Y, Ja AT 40t s
I /) 2/ F CoHHN #A!, 1fij H SDBDP ## 7 [y 4 GE Ak A ¥
- - . » . S36
T HAMAR AL, 0 B AL g i 7) SDBDP A i 1 g ©
B, 2t ”
K4 MBI LS e 28
Method p " 7 A
i 24 . . . .
GRU4Rec | 757.355M X 5 3 ; :
BERT4Rec 1.28G o
NARM 928.619M
SR-GNN 14M 4 BHERHA BRI
CoHHN 4.424G &l 4 D - % 28 i
SDEDP 555G M 4 FTEUE th, B A 3 E E0W 38 in, SDBDP

3.6 SHERMSH

DRI TS AT 4% S O HE T ROR B S, 4% S A
Diginetica-buy il Cosmetics %4 5 b 47 5258,
AL IS BIRFEAZRIEOLT, 78 1-5 EHOA Y, 5
e RanEl 4 pos.

FERAE N@20 (N F7~ NDCG, 7] DLl i 45 HE 4 SE R
s (4 B 1 SR 52 i R A D) A TR T MBS
KT 3 JERF, T2 1AL 5 2 7T DR B4 (1 B, 1X
F BT B A% 3 2 A AT 5 R4S 1 B At
KA. MR BHEHEZHER, S5 NgHE, XeG
it B ) )

Special Issue Eige4Eik 59

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

i E RSN

http://www.c-s-a.org.cn

2024 4F 55334 3

5 2] % (learnRate) #2584 | Zx 22 O EL B (V)8 2
oz —, ext e Ak B AR ek B0 B 23 R
B /IME DL AR I 23 1A 3 fe /IME B AT B B 0. 7R AHTT
Forh, ST AN 02 ) B B SRR HEAT 5, S
s Rk 5 FEk 6 Fis.

# 5 A P@20 T3 ) BN LAY 520

EAEE S 0.0001 0.0003 0.0005 0.0007 0.001 0.003

Cosmetics (%) 5338 5459 55.09 509 5391 51.92
Diginetica-buy (%) 64.38  59.5 65.19 63.95 63.91 59.6

F 6 1E MRR@20 T 5] BN A 5]

B 0.0001 0.0003 0.0005 0.0007 0.001 0.003

Cosmetics (%) 35.09 3729 37.62 35.52 36.95 35.79
Diginetica-buy (%) 26.1  24.86 26.55 25.83 2585 24.18

W 5 FIFE 6 Al LSS 6 T A A,

222 3] % learnRate W B N 0.0005 i, f Cosmetics Fll
Diginetica-buy i I, *ﬁ&%fﬁﬁ B EETERE. I,
AR PR 2 o) B E N 0.000 5, YERARB SR AL
RESHICE.
3.7 HRRSLLG

AR 2 BB UF X AT AT B, XA
[F) IR () B3 i 2 30 AT 2025 5 21 5 Uk 1 B 1 n 22 2R A
FHEFVERE I RZIR, 23 BRI kg AR AN 2% 2], R %)
FH P X% 7, K A8 A 44 5 SDBDP-1. A 7t 2 745 i
UFAREN, 4 2 REERS 5 Transformer SCNH B ERE )
&N, K AR A i 44 9 SDBDP-P. £ Rt S 56 o
SR BEAFEAR 0 R K 5. K6 Fis.

60

5o | I SDBDP-1
[ ]spBDP

40t

30

P@K (%)

20 +

10 +

0

5 10 20
K

K5 7 Cosmetics 4L T TH Al L6
M 5 FE 6 T CLE H, ABLE AN B s 46 T
WA F PR AR, H SDBDP-1 4 fe i 2, IR I
AUl S 0] DA R RS e o F P R I8
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\:] SDBDP-P -

bt SDBDP #EF# 1 BE 22, 1iF B H i B O T s B R 3¢
1Mk Z 4 R 15 B B HE e 0, 7EXF F P i 64T 2 )
I A7 AR — L8 R BR %, 17 EL BV R AN T AR B 2
E‘Jﬂﬂ“l‘ﬂﬂ‘ﬁ%ﬁiﬁﬁiﬁ TeiE A R 7 U A5

| VERE S AL AR SCHT IR Hi 1Y) SDBDP BB, @it £
%i%gﬁﬁ)ﬂ (w4, M 2 RIS P Transformer £
RCH A A P A b, DA R A (] B T R A B A
FeAE BB R BRI 4 R 0% 2R, I8 W] LARCAR Jm S o, e 4%

RIHEAEERE. (\
70 +[__] SDBDP-P
p [ spBDP-1
“/ [_]spBDpP
L)
&
T <
)
%30 b
20
10
0
5 10 20
K

6 1t Diginetica-buy £ 445 T 7 Al SE 56
3.8 Xt

T BN 7R SDBDP 27U 7E Diginetica-buy £
e LI Ao A HE A ZISIU\{EJLEE’%EF‘BJEMJMX
T — BB BT S 40 7 lz/\é‘wﬁ‘kf“ij 13, e
A 12 AN H R T H *mzﬂﬁ,dﬁ'ﬁﬁaﬂé ANIE N2 ARE
5 A @ﬂﬁi@*

\fﬁ/l\im P, ARSI R T MR M B XS
Hﬁi/ﬁ‘: } 5 /& SR-GNN #1 CoHHN. SR-GNN J& i/}
H A 22 P 285 N 2 5 HERE S0V W 5 7%, T CoHHN
N2 7E Diginetica-buy #5452 S i (1) F 4 J7 1.
AT 16 MEFES R R 7 s,

R T HEE S

it SDBDP-P

%8/
F TR

H bR 2xil

T E

58814—58572—5312—58239—58814—56209—601
—58572—5312—56773—601—57731
B 58317
SR.GNN 77315 58572, 59385, 56601, 56773, 58783, 58708, 57043,
54915, 7920, 5312, 58281, 56511, 28668, 601, 58423
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