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2. ViT+UNet Shows Superior Generalization Across Spatial Scales.
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= Traction force microscopy (TFM) infers cellular 1.2
forces on a substrate from measured L"',J,
displacements. E
= TFM via deep learning (DL) has become a <
powerful approach. 0.4

= We aim to develop robust DL models for 1'5-’ = T T TTTITYTT
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U-Net captures local patterns. ViT learns global context. ViT+UNet surpasses U-Net and ViT across spatial scales 0.25-2.3.

Vision Transformer with U-Net

(ViT+UNet) 3. ViT+UNet Demonstrates Robust Prediction Across Noise Levels.
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ViT+UNet outperforms U-Net and ViT across noise levels 0-9%.

4. Cell-Type Input Enhances Prediction Specificity and Accuracy.
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1. ViT+UNet Outperforms U-Net and ViT Models.
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ViT+UNet+Cell-Type achieves the best results among tested models.
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150 FU-Net FViT4UNet VIT U-Net ViT+UNet™ VIiT U-Net ViT+UNet = ViT+UNet combines U-Net’s local features with ViT’s global context.

= ViT+UNet achieves robust, accurate inference across spatial scales
and noise levels.
= Cell-type input significantly improves accuracy and specificity.

= ViT+UNet performs better than U-Net and ViT in individual cases.
= ViT+UNet also surpasses both models in statistical metrics.



