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Abstract

In intelligent e-commerce operations, online marketing content, and web image processing, semantic
analysis of large-scale image data—including product defect detection, logistics parcel sorting, and
marketing asset labeling—relies heavily on manual annotation, resulting in high operational costs and
low efficiency. Moreover, single-threshold pseudo-label methods tend to waste valid data, and error
accumulation compromises decision accuracy. To address the cost challenges of image semantic anno-
tation and bottlenecks in intelligent analysis accuracy within e-commerce, this study proposes Mvp-
Match, a digital image-empowered semi-supervised semantic segmentation method for intelligent e-
commerce image processing. This method deeply adapts hierarchical thresholding strategies and tem-
poral model ensemble prediction mechanisms to e-commerce scenarios. Hierarchical thresholding ef-
ficiently leverages massive unlabeled data—including product display images and logistics flow im-
ages—through tiered confidence thresholds and adaptive loss weighting. Temporal model ensemble
prediction reduces pseudo-label error accumulation through multi-view aggregation, enhancing anal-
ysisreliability. Experiments on the e-commerce marketing asset Marketing-E dataset demonstrate that
the proposed method significantly outperforms the baseline model UniMatch V2 across various label-
ing ratios, achieving mloU improvements of up to 1.9 percentage points in low-label regimes. These
findings can be directly applied to core e-commerce processes such as intelligent quality inspection,
automated sorting, and batch processing of marketing assets, helping reduce operational IT costs, im-
prove online marketing precision and operational performance, and providing technical support for
deeper convergence of digital technologies with e-commerce operations.
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Figure 1. The working principle of the MvpMatch network framework
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Figure 2. The principle of traditional pseudo-label selection
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Figure 3. The principle of hierarchical threshold-based pseudo-label selection
3. S EBEMIREGIERE

3.3. FISEERMTNARIR —EBL R B B

Seitse SREIE:

f(0n)

= l

REtiEIRcMER
ke{l,2,..N}

SRR S RIT P4 ED, , b, ..., by
BEHLEERRAREY || Hrhby byt ...+ bp =1
b1 < b2 < .. < bg

p'w

Figure 4. The principle of historical model ensemble prediction
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Table 1. Comparison results on the Marketing dataset (mloU, %)
%% 1. £ Marketing ##E5 L HIXTEELE R (mloU, %)

Marketing
Method Net Params
1/64 (100) 1/16 (400) 1/4 (1600) 1/2 (3200)
CPS [5] R101 59.9M 68.6 73.0 75.9 774
PS-MT [10] R101 59.9 M 71.2 4.7 775 81.6
U?PL [11] R101 59.9 M 72.3 75.3 77.6 80.8
UniMatch [7] R101 59.9 M 725 76.8 79.9 82.4
AllSpark [8] MiT-B5  89.3M 74.9 774 80.6 83.1
SemiVL [12] CLIP-B 88.0 M 85.9 88.3 90.2 91.5
UniMatch V2 [9] (3£48) DINOv2-B  97.5M 87.6 89.7 91.1 923
MvpMatch (A1) DINOv2-B  97.5M 89.5 (+1.9) 91.2 (+1.5) 92.2 (+1.1) 93.1 (+0.8)

WP 5 2 taszeR e a4y, Marketing B4 1/64 5 Ar2 Lu Bl B A Il 2R MvpMatch #ERL7E 85—
T RS R B R BRI T B AR R IER S R LA, 7E S 1) S TR X 3 S IR b R Y RS A 1)
S T EA SO EENGFEAR R E RN, G FE TGRS, B — R
SREIR R S I AR, AT DAAR G 5 PR T ot v R R A Y RS T 7 A BRI o o B T

WAEB UniMatch V2 (34%) MvpMatch (FA41r7)

Figure 5. Segmentation results of Marketing with 1/64 labeled data
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Table 2. Ablation experiments on Marketing datasets (mloU, %)
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LM% 72 BE P se g s T
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J J J 89.5 (+1.9) 91.2 (+1.5) 92.2 (+1.1)
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