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1 Appendix A. Normalization strategies
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Figure S1: Validation Dice coefficients of baseline nnUNet, Sauron, and two other approaches to

normalize Qop¢.
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g stability and performance to the baseline nnUNet.

We studied the impact on performance of different strategies to normalize d,,;. For this, we compared
Sauron’s normalization strategy (orange, Fig. [ST), the baseline nnUNet (blue), and when not normal-
izing J,p: (red). Additionally, we normalized 0p¢ as in dprune (green), i.e., instead of normalizing
feature maps, the computed distances are divided by their maximum value, layer-wise (see Section

Figure [ST|shows that Sauron’s normalization of the feature maps provided the closest optimization
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s Appendix B. nnUNet diagram
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Figure S2: Diagram of an archetypal nnUNet with five levels.

nnUNet is a self-configurable U-Net optimized with extensive data augmentation, deep supervision,
and polynomial learning rate decay. In our experiments, the configuration of its architecture and
optimization settings depended on the dataset, as in the original publication [6]]. The architectural
components that depended on the dataset were the following:

Number of levels: Number of block pairs in the encoder with different feature map sizes.
The number of levels in Fig. [S2]is five. After each even block in the decoder (except

in dec_block_2), nnUNet computes predictions at different resolutions, enabling deep
supervision (green blocks in Fig.[S2).

¢ Number of filters: Number of filters of the first two blocks in the encoder. The number

of filters in every level doubles with respect to the previous level, unless it exceeds 480—
maximum number of filters.

Normalization: We employed either Batch normalization [3]] or Instance normalization [9].

¢ Dimensions: Whether we used 3D or 2D convolutions.
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Appendix C. Configuration based on the dataset

nnUNet architecture, its optimization, dataset preprocessing, and data augmentation strategy varied
across datasets. Such disparity in configuration aimed to tailor each model and training settings
to resemble as much as possible to previous studies that reported state-of-the-art performance
(411 5/ 2, [10]. Tables [T} 2| and [3]list the configuration employed for each dataset. This configuration
can also be seen in our publicly-available code.

C.1. Preprocessing

Rats dataset was not preprocessed. ACDC and KiTS datasets were resampled to their median voxel
resolution (Tables 2] and [3|report the final voxel resolution in mm.). In KiTS dataset, images from
patients 15, 23, 37, 68, 125, 133 were discarded due to their faulty ground-truth segmentation.
Intensity values were clipped to [—79, 304] and normalized by subtracting 101 and dividing by 76.9.
Finally, images smaller than the patch size 160 x 160 x 80 were padded.

C.2. Data augmentation

During training, images from Rats, ACDC, and KiTS datasets were augmented via TorchIO [8§]].
Images were randomly scaled and rotated with certain probability p. Their intensity values were
altered via random gamma correction. Then, they were randomly flipped, and they were transformed
via random elastic deformation. Particularly in ACDC dataset, 2D slices from the 3D volumes were
cropped or padded to 320 x 320 voxels.

C.3. Architecture

The number of levels of the nnUNet models trained on Rats and KiTS datasets were five whereas in
ACDC was seven. nnUNet was optimized on Rats, ACDC, and KiTS datasets with 32, 48, and 24
number of initial filters (enc_block_1,[Appendix B)), respectively. The nnUNet models optimized
on Rats and ACDC datasets were 2D whereas the model for KiTS dataset was 3D. Finally, the
normalization layer utilized in Rats and KiTS datasets was Instance Normalization [9] whereas in
ACDC was Batch Normalization [J3]].

C.4. Optimization

All models were optimized with Adam [7]] with a starting learning rate of 10~3, weight decay of
10~°, and polynomial learning rate decay: (1 — (e/epochs))®?. nnUNet was optimized for 200
epochs in Rats dataset and 500 epochs in ACDC and KiTS datasets. The batch size in Rats, ACDC,
and KiTS datasets was four, ten, and two, respectively.

Table 1: Rats dataset configuration summary

Preprocessing  Data augmentation Architecture Optimization
— Scale [0.9,1.1],p = 0.5 Five levels 200 Epochs
Rotation [—10, 10],p = 0.5 32 Init. filters ~ Batch size: 4
Gamma correction [—0.3,0.3],p = 0.5 2D
Flip axis p = 0.5 Instance Norm.

Table 2: ACDC dataset configuration summary

Preprocessing Data augmentation Architecture ~ Optimization

Resample (1.25, 125, 1)  Scale [0.85,1.25],p = 0.2 Seven levels 500 Epochs
Rotation [—180, 180],p = 0.2 48 Init. filters  Batch size: 10
Elastic deformation p = 0.3 2D

Gamma correction [—0.3,0.5],p = 0.3  Batch Norm.
Flip axisp = 0.5
CropOrPad (320, 320)




Table 3: KiTS dataset configuration summary

Preprocessing Data augmentation Architecture Optimization
Discard samples Scale [0.85,1.25],p = 0.2 Five levels 500 Epochs
Resample (1.62, 1.62,3.22)  Rotation [—180, 180],p = 0.2 24 Init. filters Batch size: 2
Clip intensities (-79, 304) Elastic deformation p = 0.3 3D

Norm. (data — 101)/76.9  Gamma correction [—0.3,0.5],p = 0.3  Instance Norm.

Pad (160 x 160 x 80) Flip axis p = 0.5
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Appendix D. Increase/decrease in clusterability metrics

Table[]lists the relative increase/decrease in the three clusterability measures (dip-test value, distances
dopt, and average number of neighbors) for each convolutional layer. The increase/decrease is
computed as the ratio between p; and p,, where p; is the average value during the first third of the
optimization, and p, is the average value in the last third of the training. An increase in clusterability
is indicated by 1) an increase in dip-test, 2) a decrease in J,p¢, and 3) an increase in the average
number of neighbors.

Table 4: Name of the convolutional layer (see Section[Appendix B.), number of output filters, and
relative increase/decrease in three clusterability measures. Gray: layers with 256 or more feature
maps.

Conv. Layer  Filters Dip-test Distances d,,: Avg. neighbors

enc_conv_1 32 -46.0% 2.1% -74.3%
enc_conv_2 32 -13.5%  5.4% -91.5%
enc_conv_3 64 -15.0% 2.4% -97.9%
enc_conv_4 64 -4.2% -13.7% -99.8%
enc_conv_5 128 -5.0% -7.4% -93.6%
enc_conv_6 128 3.3% -9.4% -97.5%
enc_conv_7 256 688.0% -22.0% 75.1%
enc_conv_8 256 168.5% -29.3% 118.5%
enc_conv_9 480 -324%  -53.4% 128.9%
enc_conv_10 480 118.1% -51.1% 161.4%
dec_trans_1 256 226.7%  -29.7% 30.7%
dec_conv_1 256 212.7% -42.4% 63.8%
dec_conv_2 256 121.9% -8.3% 70.3%
dec_trans_2 128 18.0% -55.0% 30.3%
dec_conv_3 128 89.0% 3.4% 3.4%
dec_conv_4 128 -152%  13.7% 192.5%
dec_trans_3 64 214.6% -40.8% 1872.5%
dec_conv_5 64 -7.4% 0.0% 49.1%
dec_conv_6 64 22.9% -3.1% 312.9%
dec_trans_4 32 130.8% -47.1% 2769.6%
dec_conv_7 32 -9.2% 5.5% 0%
dec_conv_8 32 7.6% 9.0% -97.4%




s Appendix E. Feature maps in the second-to-last convolutional layer of the
o1 baseline (unpruned) nnUNet models
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Figure S3: Rats dataset.
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Figure S4: ACDC dataset.
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Figure S5: KiTS dataset.
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