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Abstract

With the continued growth of domestic trend brands and cultural consumption, product recommen-
dations on e-commerce platforms are shifting from a focus on functionality and price to an emphasis
on cultural symbols, aesthetic styles, and emotional resonance. Domestic trend products typically
involve multi-source information, including visual style, textual semantics, and cultural attributes.
As aresult, single-modality methods and traditional collaborative filtering approaches often strug-
gle to capture such complex preference patterns effectively. In recent years, deep learning-based
multimodal recommendation techniques have been widely adopted in e-commerce, providing new
avenues for integrating product images, textual descriptions, user reviews, and structured attribute
information. However, systematic reviews of their applications to modeling preferences in domes-
tic trend culture remain limited. This paper presents an overview of multimodal recommendation
technologies for e-commerce that are tailored to domestic trend cultural preferences. First, we ex-
amine the multimodal characteristics of user preferences and product attributes in domestic trend
consumption scenarios, and we identify relevant data modalities, formats, and commonly used pub-
lic datasets. We then categorize and summarize representative studies from recent years across
four dimensions: multimodal representation learning, cross-modal fusion and alignment, graph
structure modeling and knowledge enhancement, and model optimization with training strategies,
while discussing the suitability of these methods for domestic trend scenarios. Furthermore, this
paper highlights the LLM-driven generative recommendation paradigm, analyzing its breakthrough
role in deep cultural knowledge reasoning and the generation of trustworthy explanations. Finally,
we summarize key challenges in cultural semantic modeling, modality alignment, preference dy-
namics modeling, and recommendation explainability. We also outline promising future directions,
such as multimodal large-model-driven e-commerce recommendation, human-machine collabora-
tive interaction mechanisms, and controllable modeling of cultural preferences. This paper aims to
serve as a reference for both research and practice in recommendation systems for domestic trend
products.
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Figure 1. Examples of the application of domestic trend cultural symbols across different product carriers
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Table 1. Summary table of multimodal recommendation datasets
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Figure 2. MEP-3M dataset
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Figure 3. A detailed example entry from Amazon Reviews 2023 dataset
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Figure 4. M5Product dataset
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Figure 6. A classification framework of multimodal recommendation methods for domestic trend cultural preferences
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Versa [35HEZR A AR ) 2 i ven RO S5 4, 3t 4R 25 5715 4 B2 AR 3 x] 55 SRS A RUAE B AR Bk i i 5% »
FESA GPU P A7 2804 (1) [F] P S L5 A A A i

BEHE R SRR G ANHERE R G, AL SRIS i — 2D e X 55 5 2415 W Al . Wang S53R H Y
HaNoRec [36]HEZLEH X M B i Ja ELE 0 i 10 A P A7 A8 (RO AR S P AN 318 5 A1 SU 22 1R L, it
SR PS8 TR R BTSSR, R A A A X 52 5 A AR STt iy N B 2 T AR AR, Il i I sl o A DAL 1 5
PEASTE 2. AT FUR I, AR I AR — 453 2 R BT PO ME P IR AR T4 55 2 48 T by
RIPCATT TR JE D B v SO i S A 45 v J 3l B AR 3 1 A e R
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BEXTHTSCHTIR ) 2 4EFE VD FIALAG S, BT 5 A% CaE B B SR AE T B A 15 i ™ EE
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HARARAE R A% A B OO R M OV BUR, S B IAE 58— AL 5 U TR T2 ST RFAE A BT
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4. ERAGTEERSNEAR
4.1. BETERESEEREN

HEFE ARG RCR B W I B PP AT M, BIAE P S A BN, AR R LI gk £k
P A0 A B . Y ORAEXT LE A1, % IASGE R R B ) 7 2R . B bR 5 ate, 4l i i
80%- 10%- 10%F¥ LRI 73, FEAERE [R] 0 B Rl 7« A IR P46 0 SR AR 55 40 7] /¥ Top-K HEF7 12 T BE
BAFTNERNSIR[37]. F 2R 2, R ST A 2 AT 5K R A, AU
PR S e 2, DIEE R MR br + SR B EfEAR + E ek dehn” A ST HE
ST B VAl -

4.2. HMEIEFREFES & XRAA

NT R AR AT . AP RE R LR CREASE TS KRR Sk
FR, ASCRA UL F LRI AT AT [38]

1) Top-K R 1645

Top-K FMERIE 3 R 5 7 [ S 2. RS B2 “ Aropalifie” | BRI H oK
K AR % AR FUIE 5 P R B0 A T 3R AR RIAE A B 7R A S
IR, AL PR RIS . 5 IR LR AR S 2, 7ERUR B
Ol e R R 1 SR AR 2

2) frRIGE

PR IEIR « BRRR R HEASIR " , B P AR W R bt A, AKX
R AETESS UL, o F SO0 B B RO, B B S RIS G T, 4 R R < e
5 “HAERTTT W25

3) HRF b

SRIEAR fr i S AR, DRI AR ST RS, SR A R B R B B R
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b 2 R R bR 2 —
4) BT
R R BB ZE A R R T 2O RFIRIR Y, B, TR A
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Wi, AR B AR, T AR KR R S A . FESRLSE ST SR h, B
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T

4.3. MEEFASELFEAR

AR LS B R, ek U5 1T H R A ) =839
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4.4. KRMESTWEGERIIEE

N E W RIS R TR S P P I E R, ASCEIHH B A REBERS AR, H—=2
Amazon Baby ¥4 b7 FIHERE T xt b, T IR S AR FE R SR AL E iy TR T S HE R T T
BTF; H T SelectedUB ¥ 4E sk 2y SIHERE R L, T R SR 2 S i AE A G E 5 s T 2
(] AT RFAIE o PSR 20 S0l X RS (R A 50 L B s aG 6508, AR R 4 ik B 5 S0 wo-#e it 2
HAKYE[40] [41],

Table 2. Comparative results of sequential recommendation on the Amazon Baby dataset

%% 2. Amazon Baby #IEEFFIHEEITLLER

ik HR@1 HR@5 HR@10 NDCG@5 NDCG@10
FPMC 0.0385 0.1571 0.2573 0.0954 0.1238
GRU4Rec 0.0534 0.2141 0.3381 0.1364 0.1841
SASRec 0.0885 0.2559 0.3783 0.1727 0.2147
SSE-PT 0.0937 0.2585 0.387 0.1776 0.2158
CARCA 0.0946 0.2595 0.3995 0.1794 0.2175
CARCA-SSE 0.0959 0.2697 0.4017 0.1842 0.2267

M2 WTLLE W, AR S5 4E G Rl i e SE LR (FPMO)E & T FE b H3EIRRAR; BB BRG] N 791
HARAE 71(GRU4Rec. SASRec), HR 5 NDCG ¥R EHETE, VLB F AT A5G BXt T 3T i
B EAA SRR . RS L, 51N T 5R R N 0 SR AR A (SSE-PT. CARCA. CARCA-SSE)idE— 4
&R 5HEE R E, Hd CARCA-SSE £ HR@10 5 NDCG@10 FHUSEANEE 5, RIL T sty
AR B R BRI R

Table 3. Comparative results of reinforcement learning-based recommendation on SelectedUB

52 3. RILFESHEFETE SelectedUB _ERONTEL R

#¥E  Top-10 Precision Top-10 NDCG Top-10 Coverage Top-20 Precision Top-20 NDCG Top-20 Coverage

ItemPop 0.1 3.6 0.3 0.05 1.1 0.5

DDPG 0.2 0.8 0.002 0.1 0.9 0.003
BCQ 2.1 4.1 8.9 1.5 6.1 24.5

NaPRS 23 4.6 16.0 1.8 6.8 26.8

3 ML T SRS SR IEEAF HAR B %S DDPG 5 NaPRS fE Precision 5 NDCG b5 HAL
H, ULBIRNE o) Re A AR THERE A S S HEF LA [FIRF, BCQ 5 NaPRS fE Coverage fE#x I
T, R HHERE A R S ) T T, K R R OGS AT . 476 HEHL, NaPRS £ Top-10 5 Top-
20 MIAH SRR bR 5 78 T Fe bm 3 R BUELAL, ATt 70 2 v 0 5 8 5 Y0 BBl 2 [ R B 4 1) 1 f

NI
He o
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5.2. BIRSXFAES FEXMTTEA

[ ] 7 SAFAE R W SR A B BHRMRAR T 5 5 KA, SURIZRBIRAE ., PP 5
BUERTE S AR A B B 3 = A 8] OF LA AUEE XS 55, B Sy 1B SRR A A k. Bolin mi g Bl o
1 UGC Wi . BRI RAE . P2 S B e, W50 22 e Rl A S HEF th 08Ok, BRI
{ESCAE SN VLBC OB O AR [44] . ZITALIEI LA s ORIFAF th el & AR e, S B R 51
B E LSS -

53. WFASEUSBEERELETE

FEl v 2ty 2k AR g, SR SRR m iR , P E R R I SR A R
WA . A B g LAt e B 5 K — 5 i BUR S B A RO S KRG, P
BEOEITLE . 32— D i, SRS T A D R i (R A S A B, A AR B T T S
RO GE HAEIRAE, P S INE LR HE BRI A 5 1Y B R AR S AR, B OIS M AR E Ve, AR
I [R5 [45]

5.4. FRTEMELLHR V]S B AT LEHIE

PR HE A R AN U TSR R, S MR B AT A SR K SCAR RS, i R SRR T IB W B AR R . B
fPRE 2 A5 AR BRI M RO, XE DLORAIE SRR PSR — B By B “ MR sl i SOk . AR R QORI ™ S M 1Y
PEEAE(40]. RN SCAMESIL FEOH  TESR, S= 50— MR PRTE A R S 1PN, R
DASRVEALLEARS, Bt DU VRS O E AR, RS DRSE KM B AR 1S o, IR TS HUHE.

6. KBS REBHE S : BFARMRSEAER

B 2 RS RIE S BAY(MLLMs) KRR, T R G0 IE AL Ge AR R4 3 10 22 TR RE v SCRE R A0 2
JRAHETE . T R o 10 SCAL T SOHE AR AT TSR, R 35 A2 S il B O 2 B0 TR S 5K
PSR ST, MR RSO SCIZHR 5 P A5 MR AL R It TR AR [47] 48]

6.1. EFXIBEERENRELARHEE

L TAKER 2 ) BB B BRSO 55 T3, RIE 5 B BE S SEELSE IR 2 R SCAL RRAERE . — 2@
PR PR S BERGRER P B SOAT S, IR GEaUhe, JFAS & R BEHER L I SR IIR[47); — R
REATH B, B IZ AR PO I DR B SO —BURE B S, RS HESR UL O SCIURFE (48] =Rl sh A4,
R TP B SOARTER, HEIE P i SR R A, SRR GEIE I SCAG i 4 T[40 o IX AR S5 HE
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6.2. RN TEE SRR

BN BIA 7 PR XE LA P 5 HL BRI R s, KO 5 R RE SR A SRR PR ], i 2 B
TSR TSRS e . it — P, R 5 AR R IG5 A BURAG)EOR, RS A LI KR i
SSCRRE TR AT EE 1R 8 £ R 3C[50]. XL BEA IR “ S se b, RN
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Ptk
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SR NEN S FE BAGHE AR . XA O SRR SRAT RO T2 5.3 TR i i s A AL S AR E kT
e, O RSB T AN RS AR B A
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TC; ML, AT T ORTE F IR R, PR AR SO SRR 5 R AR A S T T PR
AR SRR, ST RSOy E IS O 1 3= 1 USRI, (B SR CRIE
REAEETEC . Wl AR B S R rI (S A7 T, V0 AE W R A St . et KIE
BRI Se A s SR TR R, IR R SO R R L AR AT R A S LA A 5, A
R AL G R IR -
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251 HABEE RO IR, DR o] [R] i 200 Y3 i e S5 AR AL, DR AE BRI R P R R AR IR
SEME, RSN R SOR BB e . A2 A ORTE F R S P et s A R 45 . A R AR N
WA 5 ORI — B 2 H UG . i, IR (0 R N S I Y - B 5 50, R R S
RYGSRORFE — B, S T T A AR A BE B A 5 AT I MR S (B AERE . R TR RIG SR IR 500, RERS Tyl

DOI: 10.12677/jisp.2026.152017 208 & 555 Ak #


https://doi.org/10.12677/jisp.2026.152017

M55 4%

PRI SCAGIESE, (EEREI RN A0y “H el &7, AT & 52T L X R S S A
£ BEHE 2SR B R R, B GRSCAiE RIA . ISR — Sk . (i 3h A %0 5 T
BRI ARGt , JoHR IR 5 B IRE BR QIR Rz 0y i e B E T Fo 5

E&WE

2025 F 5 R BF NI ZR - RITH (T H %5 gzuge2025012).

SE

(1]
(2]
(3]

[4]
(3]

[6]

(7]

[10]

(1]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

TRIMR, FKIE. TSR EAGHER REFT T[], OB B AR, 2017, 31(3): 134-139, 169.

e, EZONRIMEL R AR 2 RAE . SRS 514, P EEFE I, 2024(11): 4-11, 94.

BRI, WIS, FEEEERE BN AE SN E S S AR—— LR & B[], BT RS IER, 2025,
14(12): 3848-3856.

TR, PMOES. K-UT AP AR o A TE R R SVE ). NPT LR S, 2018, 39(4): 755-758.

Li, H., Huang, X., Tian, W. and Chen, X. (2026) Causal Interest Modeling and Popularity Bias Mitigation in Conversational
Recommender Systems. Knowledge-Based Systems, 331, Article ID: 114806.
https://doi.org/10.1016/j.knosys.2025.114806

Liu, F., Chen, D., Du, X., Gao, R. and Xu, F. (2023) MEP-3M: A Large-Scale Multi-Modal E-Commerce Product Dataset.
Pattern Recognition, 140, Article ID: 109519. https://doi.org/10.1016/j.patcog.2023.109519

Chen, S., Bouadjenek, M.R., Jameel, S., Naseem, U., Suleiman, B., Salim, F.D., Hacid, H. and Razzak, 1. (2025) Leveraging
Taxonomy and LLMs for Improved Multimodal Hierarchical Classification. Proceedings of the 31st International Con-
ference on Computational Linguistics (COLING 2025), Abu Dhabi, 19-24 January 2025, 6244-6254.

Cui, Y., Liu, Y., Liu, X., Wang, Y. and Zhu, Y. (2021) M5Product: A Large-Scale Multimodal Product Dataset. arXiv:
2109.04275.

Standley, T.S., Gao, R., Chen, D., Wu, J. and Savarese, S. (2023) An Extensible Multi-Modal Multi-Task Object Dataset
with Materials. The Eleventh International Conference on Learning Representations (ICLR 2023), Kigali, 1-5 May 2023,
1-18. https://openreview.net/forum?id=n700yl1S4g

Gupta, A., Mehrotra, R., Bhattacharya, P., Sharma, A. and Chandar, P. (2021) The SIGIR 2021 eCom Data Challenge.
SIGIR Forum, 55, Article 19.

H&M Group (2022) H&M Personalized Fashion Recommendations. Kaggle.
https://www.kaggle.com/competitions/h-and-m-personalized-fashion-recommendations

Zhu, H., Chang, D., Xu, Z., Zhang, P., Li, X., He, J., et al. (2024) UserBehavior: A Dataset for Recommendation. Alibaba
Cloud Tianchi. https://tianchi.aliyun.com/dataset/dataDetail ?datald=649

Liu, Q., Hu, J., Xiao, Y., Zhao, X., Gao, J., Wang, W., et al. (2024) Multimodal Recommender Systems: A Survey. ACM
Computing Surveys, 57, 1-17. https://doi.org/10.1145/3695461

He, K., Zhang, X., Ren, S. and Sun, J. (2016) Deep Residual Learning for Image Recognition. 2016 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), Las Vegas, 27-30 June 2016, 770-778.
https://doi.org/10.1109/cvpr.2016.90

Dosovitskiy, A., Beyer, L., Kolesnikov, A., et al. (2020) An Image Is Worth 16 x 16 Words: Transformers for Image Recog-
nition at Scale. arXiv: 2010.11929.

Devlin, J., Chang, M.W., Lee, K., ef al. (2019) Bert: Pre-Training of Deep Bidirectional Transformers for Language Un-
derstanding. Proceedings of the 2019 Conference of the North American Chapter of the Association for Computational
Linguistics: Human Language Technologies, Volume 1 (Long and Short Papers), Minneapolis, 2-7 June 2019, 4171-
4186.

Liu, F., Chen, H., Cheng, Z., Nie, L. and Kankanhalli, M. (2023) Semantic-Guided Feature Distillation for Multimodal
Recommendation. Proceedings of the 31st ACM International Conference on Multimedia, Ottawa, 29 October-3 November
2023, 6567-6575. https://doi.org/10.1145/3581783.3611886

Ye, Y., Zheng, Z., Shen, Y., Wang, T., Zhang, H., Zhu, P., et al. (2025) Harnessing Multimodal Large Language Models
for Multimodal Sequential Recommendation. Proceedings of the AAAI Conference on Artificial Intelligence, 39, 13069-
13077. https://doi.org/10.1609/aaai.v39i112.33426

Radford, A., Kim, J.W., Hallacy, C., et al. (2021) Learning Transferable Visual Models from Natural Language Supervision.

DOI: 10.12677/jisp.2026.152017 209 & 555 Ak #


https://doi.org/10.12677/jisp.2026.152017
https://doi.org/10.1016/j.knosys.2025.114806
https://doi.org/10.1016/j.patcog.2023.109519
https://openreview.net/forum?id=n70oyIlS4g
https://www.kaggle.com/competitions/h-and-m-personalized-fashion-recommendations
https://tianchi.aliyun.com/dataset/dataDetail?dataId=649
https://doi.org/10.1145/3695461
https://doi.org/10.1109/cvpr.2016.90
https://doi.org/10.1145/3581783.3611886
https://doi.org/10.1609/aaai.v39i12.33426

[20]

[21]
[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]
[40]
[41]

International Conference on Machine Learning. PmLR, 2021, 18-24 July 2021, 8748-8763.

Ding, N., Qin, Y., Yang, G., Wei, F., Yang, Z., Su, Y., et al. (2023) Parameter-Efficient Fine-Tuning of Large-Scale Pre-
Trained Language Models. Nature Machine Intelligence, 5, 220-235. https://doi.org/10.1038/s42256-023-00626-4

Li, S. and Tang, H. (2024) Multimodal Alignment and Fusion: A Survey. arXiv: 2411.17040.

Chen, J., Zhang, H., He, X., Nie, L., Liu, W. and Chua, T. (2017) Attentive Collaborative Filtering: Multimedia Recommen-
dation with Item- and Component-Level Attention. Proceedings of the 40th International ACM SIGIR Conference on Research
and Development in Information Retrieval, Shinjuku, 7-11 August 2017, 335-344.
https://doi.org/10.1145/3077136.3080797

Wei, Y., Wang, X., Nie, L., He, X., Hong, R. and Chua, T. (2019) MMGCN: Multi-Modal Graph Convolution Network
for Personalized Recommendation of Micro-Video. Proceedings of the 27th ACM International Conference on Multimedia,
Nice, 21-25 October 2019, 1437-1445. https://doi.org/10.1145/3343031.3351034

Yuan, X., Qi, A., Wu, H., Wang, J., Guo, Y., Li, S., et al. (2025) Cross-Modal Feature Alignment and Fusion with Contras-
tive Learning in Multimodal Recommendation. Knowledge-Based Systems, 326, Article ID: 114020.
https://doi.org/10.1016/j.knosys.2025.114020

Xiu, Y. and Tong, X. (2026) Dual-Layer Cross-Modal Alignment Recommendation Based on the Diffusion Model. Infor-
mation Fusion, 125, Article ID: 103472. https://doi.org/10.1016/].inffus.2025.103472

Ma, B, Liu, L.Y., Hu, Z.H., et al. (2025) ExplainRec: Towards Explainable Multi-Modal Zero-Shot Recommendation
with Preference Attribution and Large Language Models. arXiv: 2511.14770.

Wang, H., Zhang, F., Wang, J., Zhao, M., Li, W., Xie, X., ef al. (2018) RippleNet: Propagating User Preferences on the
Knowledge Graph for Recommender Systems. Proceedings of the 27th ACM International Conference on Information and
Knowledge Management, Torino, 22-26 October 2018, 417-426. https://doi.org/10.1145/3269206.3271739

Sun, R., Cao, X., Zhao, Y., Wan, J., Zhou, K., Zhang, F., et al. (2020) Multi-Modal Knowledge Graphs for Recommender
Systems. Proceedings of the 29th ACM International Conference on Information & Knowledge Management, 19-23 Octo-
ber 2020, 1405-1414. https://doi.org/10.1145/3340531.3411947

Wang, Q., Wei, Y., Yin, J., Wu, J., Song, X. and Nie, L. (2023) Dualgnn: Dual Graph Neural Network for Multimedia Rec-
ommendation. [EEE Transactions on Multimedia, 25, 1074-1084. https://doi.org/10.1109/tmm.2021.3138298

Wei, Y., Wang, X., Nie, L., He, X. and Chua, T. (2020) Graph-Refined Convolutional Network for Multimedia Recom-
mendation with Implicit Feedback. Proceedings of the 28th ACM International Conference on Multimedia, Seattle, 12-
16 October 2020, 3541-3549. https://doi.org/10.1145/3394171.3413556

Ping, Y., Wang, S., Yang, Z., Dong, Y., Hu, M. and Zhang, P. (2025) Grade: Generative Graph Contrastive Learning for
Multimodal Recommendation. Neurocomputing, 657, Article ID: 131630.
https://doi.org/10.1016/j.neucom.2025.131630

Zhang, S., Yang, L. and Cheng, Q. (2026) A Multi-Head Mixed Attention Mechanism Enhanced Multimodal Knowledge
Graph for Personalized Recommendation. Neurocomputing, 667, Article ID: 132393.
https://doi.org/10.1016/j.neucom.2025.132393

Schlichtkrull, M., Kipf, T.N., Bloem, P., van den Berg, R., Titov, I. and Welling, M. (2018) Modeling Relational Data with
Graph Convolutional Networks. In: Gangemi, A., et al., Eds., The Semantic Web, Springer, 593-607.
https://doi.org/10.1007/978-3-319-93417-4_38

Zhang, J., Liu, G., Liu, Q., Wu, S. and Wang, L. (2024) Modality-Balanced Learning for Multimedia Recommendation.
Proceedings of the 32nd ACM International Conference on Multimedia, Melbourne, 28 October-1 November 2024, 7551-
7560. https://doi.org/10.1145/3664647.3680626

Fu, J., Ge, X., Xin, X., Karatzoglou, A., Arapakis, 1., Zheng, K., ef al. (2025) Efficient and Effective Adaptation of Multi-
modal Foundation Models in Sequential Recommendation. [EEE Transactions on Knowledge and Data Engineering, 37,
7076-7089. https://doi.org/10.1109/tkde.2025.3608071

Wang, Y., Yang, Y., Wu, L., et al. (2025) Multimodal Large Language Models with Adaptive Preference Optimization
for Sequential Recommendation. arXiv: 2511.18740.

Zhou, H., Zhou, X., Zeng, Z., et al. (2023) A Comprehensive Survey on Multimodal Recommender Systems: Taxonomy,
Evaluation, and Future Directions. arXiv: 2302.04473.

Zhang, S., Yao, L., Sun, A., et al. (2019) Deep Learning Based Recommender System: A Survey and New Perspectives.
ACM Computing Surveys (CSUR), 52, 1-38.

XN, K. FETHLER 2 S R BE R m T R Gt vt [J]. P EF R ET = M, 2025(20): 8-11.
IREMR. BT IREERRAL 2 S I anHERE R A [D): (W20 3], BN B BB K2, 2025.
M. T IRE SN SR FIET A ST R [D]: (22400 32, P0RE: JRRE Tl K%, 2024,

DOI: 10.12677/jisp.2026.152017 210 & 555 Ak #


https://doi.org/10.12677/jisp.2026.152017
https://doi.org/10.1038/s42256-023-00626-4
https://doi.org/10.1145/3077136.3080797
https://doi.org/10.1145/3343031.3351034
https://doi.org/10.1016/j.knosys.2025.114020
https://doi.org/10.1016/j.inffus.2025.103472
https://doi.org/10.1145/3269206.3271739
https://doi.org/10.1145/3340531.3411947
https://doi.org/10.1109/tmm.2021.3138298
https://doi.org/10.1145/3394171.3413556
https://doi.org/10.1016/j.neucom.2025.131630
https://doi.org/10.1016/j.neucom.2025.132393
https://doi.org/10.1007/978-3-319-93417-4_38
https://doi.org/10.1145/3664647.3680626
https://doi.org/10.1109/tkde.2025.3608071

M55 4%

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

Liu, Q., Hu, J., Xiao, Y., Zhao, X., Gao, J., Wang, W, et al. (2024) Multimodal Recommender Systems: A Survey. ACM
Computing Surveys, 57, 1-17. https://doi.org/10.1145/3695461

Joachims, T., Swaminathan, A. and Schnabel, T. (2017) Unbiased Learning-to-Rank with Biased Feedback. Proceedings
of the Tenth ACM International Conference on Web Search and Data Mining, Cambridge, 6-10 February 2017, 781-789.
https://doi.org/10.1145/3018661.3018699

Liang, W., Zhang, Y., Kwon, Y., Yeung, S. and Zou, J. (2022) Mind the Gap: Understanding the Modality Gap in Multi-
Modal Contrastive Representation Learning. arXiv: 2203.02053.

Kang, W. and McAuley, J. (2018) Self-Attentive Sequential Recommendation. 2018 IEEE International Conference on
Data Mining (ICDM), Singapore, 17-20 November 2018, 197-206. https://doi.org/10.1109/icdm.2018.00035

Chen, X., Zhang, Y. and Wen, J.R. (2022) Measuring “WHY” in Recommender Systems: A Comprehensive Survey on
the Evaluation of Explainable Recommendation. arXiv: 2202.06466.

Liu, H., Li, C., Wu, Q. and Lee, Y.J. (2023) Visual Instruction Tuning. arXiv: 2304.08485.

Li, J., Li, D., Savarese, S. and Hoi, S. (2023) BLIP-2: Bootstrapping Language-Image Pre-Training with Frozen Image En-
coders and Large Language Models. Proceedings of the 40th International Conference on Machine Learning, Honolulu,
23-29 July 2023, 19730-19742.

Deng, Y., Zhang, W., Xu, W., et al. (2023) LLM-Rec: Large Language Models for Sequential Recommendation. Proceedings
of the 46th International ACM SIGIR Conference on Research and Development in Information Retrieval, Toronto, 24-28
July 2023, 1512-1521.

Lewis, P., Perez, E., Piktus, A., ef al. (2020) Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks.
arXiv: 2005.11401.

Rafailov, R., Sharma, A., Mitchell, E., et al. (2023) Direct Preference Optimization: Your Language Model is Secretly a
Reward Model. arXiv: 2305.18290.

DOI: 10.12677/jisp.2026.152017 211 & 555 Ak #


https://doi.org/10.12677/jisp.2026.152017
https://doi.org/10.1145/3695461
https://doi.org/10.1145/3018661.3018699
https://doi.org/10.1109/icdm.2018.00035

	面向国潮文化偏好的多模态电商推荐技术综述
	摘  要
	关键词
	A Review of Multimodal E-Commerce Recommendation Technologies for Domestic Trend Cultural Preferences
	Abstract
	Keywords
	1. 引言
	2. 数据集
	2.1. MEP-3M
	2.2. Amazon Reviews 2023
	2.3. M5Product
	2.4. EMMa
	2.5. 其他数据集

	3. 多模态推荐方法分类及其在国潮文化场景中的适用性分析
	3.1. 多模态表征学习
	在国潮场景下的适配挑战与改进思路

	3.2. 跨模态融合与对齐
	在国潮场景下的适配挑战与改进思路

	3.3. 图结构建模与知识增强
	在国潮场景下的适配挑战与改进思路

	3.4. 模型优化与训练策略
	在国潮场景下的适配挑战与改进思路


	4. 推荐系统评估指标与对比方式
	4.1. 离线评估设置与对比原则
	4.2. 评估指标选择与含义说明
	4.3. 对比方式与基线方法组织
	4.4. 代表性实验结果对比

	5. 现有挑战
	5.1. 文化语义难以被可计算化建模
	5.2. 跨模态对齐容易产生对齐错位
	5.3. 偏好动态变化导致推荐稳定性不足
	5.4. 解释难以做到可信且可验证

	6. 大语言模型驱动的国潮推荐：技术破局与范式革新
	6.1. 基于大语言模型的深层文化知识推理
	6.2. 生成式可信国潮推荐解释
	6.3. 交互式对齐与偏好可控建模

	7. 总结与未来趋势
	7.1. 总结
	7.2. 未来趋势

	基金项目
	参考文献

