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Abstract

In the digital economy, e-commerce platforms, merchants, payment institutions, and logistics pro-
viders accumulate massive complementary data, while data silos and privacy constraints hinder
collaborative modeling. In precision marketing scenarios, traditional federated learning suffers
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from limited edge resources, high communication costs, and heterogeneous data under high-con-
currency environments. To address these challenges, this paper proposes a lightweight federated
data collaboration mechanism for cross-entity cooperation. By optimizing cloud-edge collaboration,
the proposed method reduces terminal resource consumption and enhances the modeling of dy-
namic consumer behaviors. Experimental results show that under the high-concurrency environ-
ment simulating e-commerce large-scale promotions, the proposed mechanism reduces communi-
cation overhead by approximately 94% compared with traditional methods, enabling efficient and
agile marketing updates without occupying critical business bandwidth and providing efficient
commercial decision support for breaking e-commerce data silos.
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Figure 1. E-commerce multi-party data collaboration architecture based on Federated Learning
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Table 1. Algorithm pseudocode
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Experiment 1: Loss Convergence under Fixed 1000 Iterations
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Figure 2. Loss convergence under fixed 1000 iterations
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Figure 3. Comparison of loss function and communication rounds
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