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Motivation & Contribution Experiment

Table 1: Prediction errors () across 10 diverse tasks on NAS-Bench-360. “FPT” and “NFT” respectively represent

« We gradually constructs intermediate modalities from the source
fine-tuning only the layer normalization of the model and performing one-stage full fine-tuning of the model.

* |In certain professional field where data is scarce and modality specific,

the need for specialized models becomes apparent. modality to the target modality, bridging the modality gap.
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* Directly pre-training a large model from scratch on the target modality is closer to the target modality. This enables a gradual transfer from

easy to difficult tasks.

Table 2: Normalized Root Mean Squared Errors (nRMSEs, |) across 8 tasks of PDEBench. PaRe surpasses U-Net and
PINN 1n all tasks, outperforms ORCA 1in 6 out of 8 tasks, and exhibits performance comparable to FNO.

performs poorly.
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b) Patch Replacement Gate Network

* A Fully Connected Layer
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Step 2: Gradually Select k Patches

the impact of varying strategies for different values of £, where “non-gradual” indicates a constant &, while the other three
represent different strategies for decreasing k.

backpropagation using Gumble

Step 1: Patch Scoring Step 3: Patch Replacement

-/ Softmax function.
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from source modality and Bottom-k lowest-scoring patches E
from the target modality.

« Patch Replacement: Replace the selected bottom-k target
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important regions, making it difficult to identify and Table 5: Comparison prediction errors () between different strategies (Random vs. Gate) to select patches for replacement.

preserve the critical features from each modality.
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patches to construct intermediate modality data.
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