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_ _ We used the FLAIR images (224x224 pixels) from the UK Biobank (UKB) dataset to
Anomaly Segmentatlon on Synthetlc Data | evaluate our method's performance on real-world lesion data.

We trained our mode[g on Input VAE VQ-VAE +Transformer +Masks +Ensemble

8,000 Head CT images from
the MedNIST dataset.

We evaluated our method generalisability on four different datasets, containing multi-
ple sclerosis lesions, white matter hyperintensities.
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Then, we contaminated 100
Images from the test set with
sprites (i.e., synthetic anoma-
lies).
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Finally, we applied the sever-
al stages of our anomaly seg-
mentation method and com-
pared our results against
state-of-the-art autoencoder
models based on the archi-
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(Baur et al., 2020a)
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Image-wise Anomaly Detection on Synthetic Data

P e N ] CrLE We also evaluated our method to detect anomalous (out-of-distribution - O0D]. We
£ Phofal] Phuee ks S0 s m used 1,000 images from the HeadCT class as the in-distribution test set, the 100
ense) (Baur et al., a . .006 _ _ _ _
VQ-VAE (reconstruction-based; van den Oord et al., 2017) 0.028  0.005 HeadCT images contaminated by sprite anomalies as the near 00D set, and 1.000
VQ-VAE + Transformer + Masked Residuals + Different Orderings (Ours)  0.232 0.159 i i
MSLUB Dataset images of each other MedNIST classes as the far 00D set images.
AE (Dense) (Baur et al., 2020a) 0.041 0.016
AFE (Spatial) (Baur et al., 2020a) 0.061 0.026
VAE (Dense) (Baur et al., 2020a) 0.039 0.016 AUPRC AUPRC
VQ-VAE (reconstruction-based; van den Oord et al., 2017) 0.040 0.016 AUCROC I Oiit FPR95 FPR99 FPR999
VQ-VAE + Transformer + Masked Residuals + Different Orderings (Ours)  0.378 0.272 > u
BRATS Dataset vs. far OOD classes
iE EE““?E)D(?E‘“ E"'*t“l'f Qggg;)} 3-2;‘? gg‘f; VAE (Dense) (Baur et al., 2020a) 0.298 0.855 0.060 0.986 0.996 0.996
Spatia aur et al., a 0 . J
VAE (Dense) (Baur et al., 2020a) 0.904 0.107 Our approach 1.000 1.000 1.000 0.000 0.001 0.004
VQ-VAE (reconstruction-based; van den Oord et al., 2017) 0.331 0.125 Our approach with gE':IlEI'&l purpose VQ-VAE 1.000 1.000 1.000 0.000 0.000 0.000
VQ-VAE + Transformer + Masked Residuals + Different Orderings (Ours)  0.759 0.555 vs. near OOD classes
WMH Dataset '
AE (Spatial) (Baur et al., 2020a) 0.150 0.054 Our approach 0.921 0.988 0.707 0.409 (.885 0.885
VAE (Dense) (Baur et al., 2020a) 0.068 0.022 . ]
VQ-VAE (reconstruction-based; van den Qord et al., 2017) 0.100 0.036 Our &ppl‘ﬂﬂﬂh Wik gEIlEI‘ELl e VQ ok U-992 9850 0.7l Yioe U.BR J-£h<
VQ-VAE + Transformer + Masked Residuals + Different Orderings (Ours)  0.429 0.320

Our method showed a better performance than the autoencoder approaches from the liter-
ature in all datasets.

Method: Anomaly Segmentation

Our method obtained high scores when classifying an image as an in distribution image
or an out-of-distribution image.

The core of our anomaly detector is an expressive transformer (Choro-
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Method: Spatial information from the latent space

Autoencoders are known for creating blurry reconstructions. To avoid areas being misla-
belled because of it, we used the spatial information present in the “resampling mask”
since this mask indicates the spatial location of the latent values with anomalies according
to the transformer model.

Resampling
Mask

Upsample back to input resolution

l Smooth it and multiply by residual maps

Filtered Residuals

Method: Multiple views of the latent space through reordering

Using the same VQ-VAE model, we trained an ensemble of autoregressive transform-
ers. However, each one of our transformers uses a different reordering of the 2D latent
Image to create a sequence. This compels each transformer to use a different context
of the latent image when predicting the likelihood of an element.

Conclusions

Automatically determining the presence of lesion and delineating their boundaries is
essential to the introduction complex models of rich neuroimaging features in clinical
care

Novel transformer-based approach which achieves superior results in all tested tasks
when compared to competing methods

Future studies
New network designs, model conditioning, and explore the performance in other medi-
cal data
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