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Abstract

With the development of diversified business formats on e-commerce platforms, user behaviors
have exhibited cross-scenario distribution characteristics, making it difficult for traditional single-
scenario recommendation methods to effectively capture complex user preferences. To address the
problems in e-commerce multi-scenario recommendation that random negative sampling fails to
characterize real negative feedback, the traditional Bayesian Personalized Ranking (BPR) loss lacks
the ability to distinguish sample difficulty, and cross-scenario knowledge transfer is limited, this pa-
per proposes a multi-scenario recommendation method based on user-based collaborative filtering
and adaptive BPR loss, termed EDDA-UBCF. Built upon the EDDA framework, the proposed method
constructs a collaborative-filtering-based negative sampling strategy by integrating users’ historical
behaviors with preference patterns of similar users to improve negative sample quality; it further
designs an enhanced BPR loss incorporating dynamic margin coefficients, sample weights, and adap-
tive regularization to strengthen the model’s ability to learn from hard samples and scenario differ-
ences. Meanwhile, by combining embedding disentanglement and scenario alignment mechanisms,
the method enhances the collaborative learning of cross-scenario shared knowledge and scenario-
specific knowledge. Experiments are conducted on the real-world five-scenario e-commerce dataset
AntM2C from the Alipay App and compared with 11 baseline models. The results show that the pro-
posed method achieves the best or second-best performance in multiple sub-scenarios. Ablation
studies further verify the effectiveness of the collaborative-filtering-based negative sampling strat-
egy and the adaptive BPR loss. The proposed method can more accurately capture users’ cross-sce-
nario preference transfer characteristics, improve the accuracy and robustness of multi-scenario
recommendation, and provide effective support for personalized recommendation on e-commerce
platforms.
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Figure 1. Overview diagram of this chapter
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Figure 2. (a) ED structure diagram (b) Specific scenario model (c) Scenario sharing model
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Figure 3. Schematic diagram of node similarity based on random walk
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Figure 4. Comparison chart of AUC values in the overall scenario on the
AntM2C dataset
& 4. AntM2C BiEEE EE#KIAR T AUC EXTEEE

Table 2. Performance comparison on the AntM2C dataset with the baseline

2. AntM2C BiiR S E SRR RELLER

AUC Relalmpr
#0 #1 #2 #3 #4 #AIl #0 #1 #2 #3 #4 #AIl
Single-task 0.6224 0.8423 0.8538 0.5680 0.6083 - - - - - - -
Wide&Deep 0.5575 0.8026 0.8336 0.5468 0.5836 - -10.43% —-4.71% -2.37% -3.73% —4.06% -
PNN 0.6980 0.8858 0.8759 0.6350 0.7139 - 12.15% 5.16% 2.59% 11.8% 17.36% -
DeepFM  0.7894 0.9133 0.8957 0.6615 0.7756 - 26.83% 8.43% 4.91% 16.46% 27.50% -

S-B 0.7881 0.9351 0.8958 0.6236 0.8120 0.8995 26.62% 11.02% 4.92% 9.79% 33.49% -

MMoE 0.7534 0.9344 0.8969 0.6261 0.8188 0.9014 21.05% 10.93% 5.05% 10.23% 34.60% 0.21%
PLE 0.7658 0.9367 0.9017 0.6304 0.8132 0.9058 23.04% 11.21% 5.61% 10.99% 33.68% 0.70%
Star 0.8173 0.9090 0.8992 0.6515 0.7879 0.9008 31.31% 7.92% 5.32% 14.70% 29.52% 0.14%
SarNet 0.8066 0.9161 0.8930 0.6791 0.8123 0.8991 29.60% 8.76% 4.59% 19.56% 33.54% —0.04%
M-scan 0.8035 0.9133 0.8957 0.6382 0.7729 0.8980 29.10% 8.43% 4.91% 12.36% 27.06% —0.17%
EDDA 0.8811 0.9819 0.9769 0.9179 0.9317 0.9379 41.56% 16.57% 14.42% 61.60% 53.16% 4.27%
Ours 0.8860* 0.9829 0.9760 0.9209* 0.9380* 0.9407* 42.35% 16.69% 14.31% 62.13% 54.20% 4.58%

£ AntM2C #dia e b, I 4 MR 2 aTLUE H, 284K AUC b, SROTIAEARLEA R 1 0.9407, LR 4G
EDDA 1) 0.9379 $&/ 1 0.28%, #E—PHER] 7 IATHIBAL/E R AV R0 R & L% . 1E Relalmpr 545

DOI: 10.12677/ecl.2026.158930 735 HLF- 1 45 VF 18


https://doi.org/10.12677/ecl.2026.158930

ERTT E

F, BRATREAILE S 5 0 thBOMIXT Rl 42.35%, &% T EDDA K 41.56%, 7E375 4 T AHR i
BEEH 54.20%, ‘23 =T EDDA 1] 53.16%. Klit, FATHIEALE 2 AN 50 F A ot B 2 = T EDDA
SRS, I BRAT ek S A R AR T TR R e

SEEGEE SRR, FRATIR SO HESEE 2 7 5 TS T BB M ERE ST . Rl R AR AT s
W2 SEEORIT, 2R R I T O (132 AN RE ) R
4.4. jHRESELE

FEIX— AT 7RSS, DA T BRATIIASE A b [y P e SR 1) A 8P o BRATTBETT 1 A AR A B RT3
MIFTH R AT LA, 45 Rk 3 B, FRATTARL AR B i 45 31, T RIZR AR H 28 —ir g .

(1) w/o JT-F P U [R1 I 8 ) SORE A SRR BG5BT P Wb R0 i 1 47 R A SR SR S 2R, fif
FH T 46 BEATLAURE AR S0

(2) w/o BPR R [HRAL: BT A A 1G58 7 BPR 4515k, (6 F (12 JR 46 1 BPR #5715

Table 3. AUC of EDDA-UBCF and its sub-models in ablation studies
%< 3. EDDA-UBCF R E FIEBEI7E HRLA 5 A AUC

AntM2C
Model
#0 #1 #2 #3 #4 #ALL
w/o UBCF 0.8829 0.9826 0.9758 0.9210 0.9377 0.9400
w/o BPR loss {4t 0.8756 0.9832 0.9768 0.9188 0.9368 0.9382
EDDA-UBCF 0.8860 0.9829 0.9760 0.9209 0.9380 0.9407

BATRT LS R, SR BRI+ U P R D8 I GO ACRAE SRS, AR (1 e 2 2 Ik X%
BUIESE T BENLA A 25 R 2 P 1 P seAT A A b R S5 R . FATTR AT A2 T I I [RD g A kt
AL SIS A RO RS T AR AT R, AR A O OB TR, AN R AL £, R
I FECMERERI P i, UESE 15T b R 8 ) SRR AR SRS F EE 44, g LI L 25 f8 F P AR DU
TREARERGE S5, BRI R . Bhsh, AT AR, 24%LER BPR SR IMALES, B
TUPEREH 0 25 PR AIR. IXUESE 749583 BPR il R (U EH 2.

5. 45RiE

ARSI AT G A Bk ) BE AL SR SRS T 1A R 2R 7 i S A ST AR B, 3 B 7 1k
REMEAN A% St BPR 451 5% bR ik Z 0 AN [ FEREACH) X 20 BE 0, MDA AR BE 2 3 5 RO - BTH A2
A A i B 22 578 W L, B 1 — M T e R D P RO AT G N BPR 51 ) 2 I HERAE S . JEId BL
R O R R g O B SR A S AT D0 SLAT DR S ARARL P G, R S ECRAE R I SR A, A
M2 AR L N R e ORFE NG . B4, EAHE HIE N BPR i KR4, @i 5IABhA L bR &
B T3> Z 5 KRR, R AR EEREA 22 ST RE ), R T TR k. A
FSTHE AR AR FI R E IO T RATALE 11 MERERRME S, Hhas 5 Mo, 4RE
WY, ASCHR HIHESAAE 2 A5 FEUS 1 R E PERESR T, W] 7 A AU . ARRAIHT TR A
B IR RS R B PEACHERE S 1S 5, DASAE KRR S B N2 37 55 mh D 3 2 AN AL o

EHEWH

[ 2% B S A1k H (2023YFB3308802), [ 5K B AR R 223 4 T H (52275480), S M4 HAREL 34
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