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Abstract

Because Guizhou is so mountainous, it faces issues like low logistics efficiency and high costs. This ar-
ticle looks at the problem from the perspective of modern management engineering and supply chain
collaboration and proposes an intelligent logistics dynamic decision-support framework based on
fine-tuning an open-source large language model (Qwen2). The system integrates diverse data from
across the region, uses the Kalman filter algorithm to dynamically correct positioning drift in com-
plex mountain environments, and leverages a federated learning approach to enable multi-party
collaborative modeling while keeping core enterprise data private and secure. At the core of the al-
gorithm, it uses Rotary Positional Encoding (RoPE) and the SwiGLU activation function to improve the
model’s ability to handle long-sequence route planning and nonlinear multi-objective decision-mak-
ing. The fine-tuned model can output customized scheduling plans on demand, and a comprehensive
plan can optimize efficiency, cost, carbon emissions, and operational stability. This makes it well-
suited for complex logistics scheduling in mountainous areas and provides both theoretical support
and practical solutions for improving the quality and reducing the cost of intelligent logistics and mul-
timodal transport in such regions.
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Figure 1. Large model related features
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Figure 2. Current logistics situation in Guizhou
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Figure 3. Data fusion architecture diagram
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Figure 4. Large model adaptation adjustment diagram
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Figure 5. Logistics large model retrieval process
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