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Figure 8. Zero-shot generalization performance evaluation under different unseen problem scales: (a) Fixed order quantity scenario; (b)
Random order quantity scenario.

Table 2. Zero-Shot Generalization Performance Comparison under Different Unseen Problem Scales

Problem Scale Scenario Standard DRL CH-MADRL (Ours) Improvement

13× 6× 4
Fixed 1205.00± 258.48 1087.38± 202.11 ↑ 9.76%
Random 1103.47± 217.78 1001.62± 205.49 ↑ 9.23%

17× 8× 5
Fixed 1551.18± 321.50 1523.32± 291.68 ↑ 1.80%
Random 1300.97± 256.79 1259.36± 255.15 ↑ 3.20%

25× 12× 6
Fixed 2749.87± 962.86 2710.55± 466.19 ↑ 1.43%
Random 2270.23± 831.72 2235.53± 541.18 ↑ 1.53%

30× 15× 7
Fixed 3674.75± 1060.23 3615.21± 582.97 ↑ 1.62%
Random 2941.36± 1004.26 2875.22± 737.65 ↑ 2.25%

demonstrate that the proposed framework possesses high policy stability and structural generalization capability when facing345
cross-domain and out-of-bound scales.

5.5 Interpretability and Microscopic Behavior Analysis

To examine the decision behavior of the agents at a finer scale, Figure 9 compares the Gantt-chart schedules produced by
the two methods for a 20× 10× 5 instance. The traditional rule-based method, shown in Figure 9(a), is limited by locally
greedy decisions and does not account for the cumulative effects of cross-node logistics delays. As a result, manufacturing and350
logistics flows become temporally misaligned, leading to task fragmentation and resource idleness. By contrast, CH-MADRL,
shown in Figure 9(b), produces a more compact spatiotemporal schedule. Through time-window coordination and dynamic
load balancing, the agents improve the alignment between processing, transportation, and subsequent processing stages, avoid
node congestion, and reduce the overall makespan.
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