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Abstract: To address limitations in modeling user interest dynamics, cross-modal semantic alignment, and time-
frequency feature extraction in multimodal sequential recommendation, wavelet-enhanced dynamic graph attention
recommendation (Wave-DGARec) was proposed. This framework introduced innovations in three dimensions. A multi-
scale wavelet transformation module was introduced to reconstruct behavioral sequences in the time-frequency do-
main, enabling the capture of non-stationary preference fluctuations. A user-item-image tripartite dynamic graph was
constructed, wherein a graph attention mechanism is leveraged to enable efficient propagation of structured semantics
across different modalities. A cross-modal contrastive learning strategy with a learnable temperature parameter was de-
signed, enhancing both semantic alignment and sample discrimination. Experimental results on four Amazon domain

datasets demonstrated the superiority of Wave-DGARec. Ablation studies further validated the effectiveness of both

WimEEA: 2025-07-30; 1EEIEHA: 2025-12-30

BIEEE: T, wrq@zjhu.edu.cn

HEEWB: HEXBERRFAESEEIA (No.62277016)

Foundation Item: The National Natural Science Foundation of China (N0.62277016)



iﬂ%

+ 170 -

the wavelet module and the dynamic graph modeling. This work introduced a novel paradigm for multimodal recom-

mendation systems by seamlessly integrating time-frequency analysis with structured representation learning.

Key words: multimodal sequential recommendation, wavelet transform, dynamic graph attention, cross-modal con-

trastive learning
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enhanced language model for recommendation,
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TR AT S5 VAL, 43 7l 4 Baby.  Sports.
Clothing Al Electronics. 1ZEREE) 12 FH T 2%
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PRz ARE T AR TE T A AR A B 5 A R
GAEN:, SEIRRBCR a0 N AL B RN X
H P 530 H 44T 5-core i, #Bk 2% R 53T
AEIH, I8 Leave-One-Out K ¥ 74 it 5 5
£, FFRERIHMEENEKL

®1 BEEGITER
Bk MdcE BHSE ZORE Wi

Baby 19 445 7050 160 792 99.88%
Sports 35598 18 357 296 337 99.95%
Clothing 39 387 23033 278 677 99.97%
Electronics 192 403 63 001 1689 188 99.99%
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ST, SCHLH P XS 2 RHERBG 2 2]
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HA®EMEE S, JEHARBLLE Clothing 5 Electron-
ics Budi & L. ([HAEEM &, 7E Sports HU 4 4
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Aese A P XB O T i2 AT A ZE R
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3.5 HRRSELIG

T 2 AR 7L 2 R TSR G Bl
— SRR, FEAR A 5 1R B A R
HAFAEA R, MELA REHIEH A7 A et
FRAE 5 85 A8 W . N 1 % iE Wave-
DGARec AR G S5 1) B 518 SO0 S5 AL il
PR REIERT, ASC¥E 7R 428 AT R i i
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(1) w/o Wavelet: # R/ BB, M
JRIGIRA RIS 5 Ja 2k BRI .

(2) w/o Graph Attention: & #2375 EE =L
H A ERAS BB AR A .

(3) w/o Contrast: HUHRFELA: I8k, A
B R AT .

(4) Simple Fusion: & INACT 35 S5 0E 5 &
AR,

N TR AR, A% — K H Adam

*2 TREREZEHMRELLRER

— M iﬁiﬁﬁfiﬁ%?ﬂ E20 S RIN A i —
BPR LightGCN VBPR MMGCN SLMRec MGCN FREEDOM

Baby Recall@10 0.038 2 0.0453 0.042 5 0.042 4 0.054 5 0.061 6 0.062 4 0.064 6

Recall@20 0.059 5 0.07 28 0.066 3 0.066 8 0.083 7 0.093 4 0.098 5 0.099 8

NDCG@10 0.020 7 0.024 6 0.022 3 0.0223 0.029 6 0.033 0 0.032 4 0.0351

NDCG@20 0.026 3 0.0317 0.028 4 0.028 6 0.037 1 0.041 4 0.041 6 0.042 7

Sports Recall@10 0.0417 0.054 2 0.056 1 0.038 6 0.067 6 0.072 6 0.072 4 0.073 4

Recall@20 0.063 3 0.083 7 0.0857 0.062 7 0.1017 0.110 5 0.108 9 0.1104

NDCG@10 0.023 2 0.0300 0.030 7 0.020 4 0.037 4 0.040 1 0.0390 0.040 7

NDCG@20 0.028 8 0.0376 0.038 4 0.026 6 0.046 2 0.049 4 0.048 4 0.050 2

Clothing Recall@10 0.020 0 0.033 8 0.028 1 0.022 4 0.046 1 0.064 9 0.063 5 0.066 1

Recall@20 0.029 5 0.0517 0.041 0 0.036 2 0.069 6 0.097 1 0.093 8 0.098 4

NDCG@10 0.0111 0.0185 0.0157 0.011 8 0.024 9 0.040 3 0.0340 0.042 5

NDCG@20 0.0135 0.0230 0.0190 0.0153 0.030 8 0.049 8 0.0417 0.051 2

Electronics ~ Recall@10 0.023 5 0.036 3 0.029 3 0.020 7 0.036 7 0.043 9 0.038 2 0.0457

Recall@20 0.036 7 0.0540 0.045 8 0.0331 0.057 3 0.064 3 0.058 8 0.065 5

NDCG@10 0.0127 0.020 4 0.0159 0.0109 0.019 8 0.024 5 0.020 9 0.025 8

NDCG@20 0.016 1 0.0250 0.020 2 0.014 1 0.0259 0.029 8 0.026 2 0.0310
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0.070 0H = Recall@10 100380 0.080 O [~ Recall@10 0.0440
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006751 Loo3so 0.078 0
0.034 7 0.0351 0.042 0
0.065 0 0.064 6 0.076 0 0.040 7
=i 0.063 9 H0.03402 < : =
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w/o w/o Graph w/o Simple Wave- w/o w/o Graph w/o Simple Wave-
Wavelet ~ Attention  Contrast Fusion ~ DGARec Wavelet — Attention  Contrast Fusion ~ DGARec
(a) Baby (b) Sports
0.072 5F, 0.050 OF
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: —0.036 0 0.042 0+ 0.022 0
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<3 TENRBIAIREITEL
e WAREA VBPR MMGCN MGCN FREEDOM  Wave-DGARec
Baby YR F]/(s-epoch™) 1.12 5.68 10.25 277 8.02
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