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Comments

• The model names used in the tables and in the text are not consistent. Table 1 and Table 2
might be merged with unique model names.

We apologize for our oversight. We have now consolidated the names of the models within
Tables 1 and 2.

Table 1: Overview of models included in ablation study. All models were based on PGW-Lite.

Model Number of parameters (millions) Hidden dimension
Pangu-Weather-Lite (absolute bias) 44.6 192

Relative bias 24.3 192
Positional embedding 24.3 192

2D-Attention 57.2 288
Three-depth 108.9 192

Table 2: Best validation loss and total epochs for the different models

Model Best Validation loss Epoch #
Pangu-Weather-Lite (absolute bias) 0.143 360

Relative Bias 0.143 300
Positional Embedding 0.152 358

2D-Attention 0.148 263
Three-depth 0.143 346

• Visualisation of the modification in model architecture: I find the modularised code in the
repository very helpful. Could the code be included as pseudo code in the paper giving a
comparative overview of the architectural details of the different models? This would be
helpful in connection with the graphics in the original Pangu Publication (Fig. 2).

Thank you for your comment. We have provided a visualization of the different architectures

1



in the following figure. For simplification and clarity’s sake, these diagrams neither include
the up and downsampling layers, nor the Sliding-Window Transformer (SWIN) architecture.
This is also why the Three-depth model is not depicted here, as its architecture is largely the
same as Pangu-Weather Lite, albeit with an additional up/downsampling layer.
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(a) Pangu-Weather
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(b) Relative bias
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