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Figure 3. Training efficiency and curriculum efficacy validation: (a) Convergence curve comparison between CH-MADRL and Standard
DRL; (b) Training convergence comparison between mixed-dimension expansion and single-dimension expansion strategies.

5 Experimental Results and Analysis

The proposed method is implemented with PyTorch and runs on a workstation equipped with an AMD Ryzen 7 8845H CPU,
16 GB RAM, and an NVIDIA GeForce RTX 4060 Laptop GPU with 8 GB VRAM. All random seeds are fixed to ensure
reproducibility, and each reported result is averaged over 100 independently sampled test instances per scale configuration.285

5.1 Training Efficiency and Curriculum Efficacy Validation

To evaluate the effect of the curriculum mechanism, two training settings are considered: progressive training with CH-MADRL
and direct training with standard DRL. CH-MADRL is trained from E1 (10×5×3) and promoted stage by stage under the dual-
gating criteria defined by δperf(k) and δstab, with parameter warm-start used at each stage transition. Standard DRL is trained
end to end on the target scale 20×10×5.290

Supply chain networks involve coupled order, resource, and logistics flows, making curriculum design an important factor in
training efficiency. Two curriculum expansion strategies are compared: single-dimension expansion, which increases only the
number of orders while keeping the manufacturer scale and logistics capacity fixed, and mixed-dimension expansion, which
jointly increases order quantity, manufacturer scale, and logistics capacity.

As illustrated in Figure 3(a), standard DRL shows pronounced oscillation in the early training stage and converges to a295
suboptimal makespan of about 1500, reflecting cold-start difficulty. CH-MADRL exhibits brief performance drops near stage
transition points but recovers quickly after each transition and converges to a lower makespan. Figure 3(b) shows that mixed-
dimension expansion leads to smoother stage transitions and faster convergence, while single-dimension expansion produces
noticeable performance drops when later stages introduce abrupt parameter changes.

5.2 Overall Scheduling Performance Comparison300

To evaluate the scalability of the framework, experiments are conducted across six gradient scales from 10×10×5 to 20×10×5,
with 100 independent random test instances generated for each configuration. To simulate dynamic disturbances and resource
heterogeneity in supply chains, critical environment parameters are independently sampled from uniform distributions:

(1) Dynamic Order Arrivals: Release times Ai ∼ U [30,300].
(2) Resource Capability Fluctuations: Manufacturer processing quality qj and logistics transportation quality qv ∼ U [0.1,1.0].305
(3) Logistics Time-Lag Distribution: Inter-node transportation times ttrans ∼ U [1,10].
The average makespan comparison of various algorithms across different scales is presented in Figure 4. Results demonstrate

that CH-MADRL maintains performance advantages across all test scales. Particularly in the highest complexity 20× 10× 5
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