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Abstract

The clothing industry is characterized by frequent product updates and significant demand fluctua-
tions, and traditional forecasting methods relying solely on historical sales sequences struggle to ac-
curately capture sales variation patterns under the combined influence of multiple factors. To im-
prove prediction accuracy, this paper proposes a multimodal clothing sales forecasting method
based on multimodal information fusion, which jointly models multiple data sources, including prod-
uct images, textual descriptions, user reviews, and historical sales data, to comprehensively charac-
terize the key factors affecting sales. The proposed model consists of four modules: multimodal en-
coding, gated fusion, cross-modal alignment, and a GRU decoder. Features from different modalities
are separately encoded and normalized into a unified representation space; dynamic fusion is
achieved through a gating mechanism and cross-modal attention; contrastive learning is employed
to enhance the consistency of image, text, and temporal features; and finally, a GRU decoder is uti-
lized to perform future multi-step sales forecasting. Experimental results show that the proposed
method significantly outperforms baseline models in terms of MAE, RMSE, MAPE, and RZ. Multi-step
forecasting results further demonstrate that the model exhibits higher stability in short-term replen-
ishment and medium-term inventory planning tasks. Ablation studies further verify the importance
of the gated fusion and contrastive learning modules in improving predictive performance. The find-
ings indicate that multimodal fusion can effectively compensate for the limitations of structured data
representation and provide more reliable forecasting support for replenishment strategies and in-
ventory management in the clothing industry.
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Figure 1. Overall model architecture
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Table 1. Performance comparison of different sales forecasting models

= 1. ZRBEVHETUNMERERTEL

[ERLE MAE] RMSE| MAPE (%) | R%p
ARIMA 0.3542 0.4618 28.7 0.672
Prophet 0.3419 0.4462 27.5 0.688

XGBoost 0.3167 0.4125 25.4 0.721

TS-Only (GRU) 0.3012 0.3928 24.1 0.739
Text-Only (BERT) 0.3274 0.4173 25.8 0.716
Image-Only (ResNet) 0.3391 0.4297 27.1 0.701
Time + Image 0.2789 0.3531 22.4 0.762
Time + Text 0.2614 0.3291 212 0.781
MM-noAttn 0.2568 0.3226 20.7 0.789
MM-noContra 0.2509 0.3158 20.3 0.794
MM-noGate 0.2467 0.3097 20.0 0.799
Full Model 0.2347 0.2993 19.5 0.807

2) YH RS HT

(1) ZBRT1ENLHI(MM-noGate)

ZBRITENLH G BTCVE BN A P RESAUE, TERERE A T B EIIR T RS . Rkt b 5] 5
BTG LS FAR, MERE N E . ERRE R WU GBS MR RS A2 R, AR AR SR BUAR
Ao ZIHRSLIRINUE T BRI BAMEF o

3) Z Il RE S A

Table 2. Performance variation across prediction horizons K
2. EIFUNEK K BMERETE (L

TS K () MAE (MM-Full) RMSE (MM-Full) MAE (TS-Only) RMSE (TS-Only)
1 0.172 0.218 0.198 0.251
2 0.195 0.241 0.223 0.278
4 0.241 0.288 0.269 0.325
8 0.312 0.362 0.338 0.392
12 0.387 0.435 0.412 0.463

AFFBE T ARSI 20 TN sE (0% 2). MAKRE, s KK, PIEAIR 2 R
T, {H MM-Full Z524LT TS-Only.
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HATIN(K = 4~8 &) MM-Full % 23818 i 3 /N T TS-Only, SCARSIRBLAIRAL T 8202 i gsf
ARG, EHTEARS &M

(3) IR (12 J): UHERIFOLH:, (H2F=7T SRR RR

KHAFM(K = 12 F)5 MM-Full /) MAE {/f% T TS-Only %] 6%, {HZ{e8 5 R Rpm, Rz
FABGNAEAE, Kk rlEd F @A T R .

4) 2PN R AR FE 53 Hr

AR AR B AEAS [R] 7 78R B R IZE e, A RS 2 A JE A BN A X R = AN G FE X
K =4 F IR Z AT 73 4150

Table 3. Prediction performance by product category (K = 4 weeks)
3. FREIEAERNFNEERK =4 B)

T AR MAE RMSE MAPE (%) R?
3% 0.218 0.267 17.8 0.823
TH 0.232 0.281 18.6 0.812

AR 0.269 0.318 21.3 0.786
HhE 0.257 0.303 20.1 0.795

HIE 3 AT, RS TR AR TR B ey, SEAHE T ST IR K(MAPE 1% 21.3%), #ME
TP 1A

Table 4. Prediction performance by product lifecycle stage (K = 4 weeks)
= 4. FEE @ EHNENTUNMEEEK =4 &)

A1 R SHBY B MAE RMSE MAPE (%) R?
B (<4 R 0.286 0.339 23.1 0.761
B 4~12 ) 0.229 0.274 18.4 0.818
A (>12 ) 0.212 0.258 17.1 0.831

B 4 mT 50, SR b R IEAL(R? = 0.831), 7 i A T #E & e K(MAPE = 23.1%), HZEIE
FETRUATY S 25 A0 T 4 3 48 (TS-Only 35 it 30 MAE = 0.321), W] B S5 B AT 7R 7 s 58 B = iR e

Table 5. Prediction performance by price range (K = 4 weeks)

5. NEMMEXERTUNIEEEK = 4 &)

Y X A MAE RMSE MAPE (%) R?
%A (<100 JT) 0.253 0.305 20.4 0.798
4 (100~300 JT) 0.224 0.270 18.0 0.821
= (>300 JT) 0.247 0.296 19.8 0.804
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Ko Bt TRE SRR, TR G BHEAXTTS GRU SIS —TRINHEZ . SLIREE SRR,
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