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Quantization can make models more reliable: |rCan Improve : Accuracy - Calibration - OOD Detection - Corruption Robustness IrCan Uegrade : Semantic Robustness - Spurious Correlation Robustness
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FP32 PyTorch 64.47 120.9 X1 302.1 Mild 3.99 171 +2 .91  First large-scale reliability benchmark for quantized VLMs: Quantization isn't uniformly destructive: it can
FP16 TensorRT 64.43 29 7 X5.33 187.7 Moderate 19 98 2 99 +4.90 strengthen calibration, OOD detection, and noise robustness but weakens shift robustness and worsens spurious bias.
' ' ' e One mechanism explains the split: spectral low-pass filtering. Rounding noise buries high-rank, low-variance
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[ Severe 35.64 L el features and forces the model to rely more on coarse, robust ones; Quantization amplifies the spectral bias of VLMs.
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