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Training deep learning models
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Putting deep learning models into practice

Research setting
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How to “fool” deep learning models

Adversarial attacks

“panda”
57.7% confidence

Goodfellow et al. arXiv. 2015.

In medical imaging:
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Paschali et al. MICCAI. 2018.

Altered/corrupted images

Defocus Blur Frosted Glas

Hendrycks and Dietterich. arXiv. 2019.

Hendrycks: 15 transforms, 5 severities each for
benchmarking on ImageNet
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Goals and contributions

@ Highlight the sensitivity of current models to
corruptions/perturbations common in MRI

@ Develop a benchmarking methodology for medical imaging
datasets (transforms, metrics)

@ Optimize augmentation strategies, model design




Benchmarking methodology

Training set

Out-of-distribution modeling

e Corruptions and artifacts
e Post-processing
e Acquisition-related differences
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Medical imaging distortions/transforms

Contrast Contrast
(compression) (expansion)

Original MRI noise Smoothing Bias field

Random
motion

Elastic Isotropic Anisotropic

Affine deformation downsampling downsampling

Ghosting

https://monai.io/

https://qithub.com/fepegar/torchio
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https://monai.io/
https://github.com/fepegar/torchio

Discretized severity levels

Severity =0 Severity = 1 Severity = 2 Severity = 3 Severity = 4 Severity =5

Ghosting

Downsampling

MRI noise
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Experimental framework
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Sensitivity to transforms/distortions
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Prediction degradation over severity levels
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False-positive inducing distortions/artifacts
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Benchmarking metrics
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Sensitivity to transforms/distortions
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Strategies to improve robustness —
augmentation during training

Sample Apply transform
ag ~ U(0, 0pax) with g,

rand(0,1) < p

To network

rand(0,1) > p

Do nothing




Strategies to improve robustness —
augmentation
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Strategies to improve robustness —

augmentation

WMH, p = 0.1:

Dice coefficient
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Conclusions

1. “Naive” CNN segmentation models
are sensitive to imaging distortions

2. Distortions induce false negatives,
false positives in some cases
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