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><7> @ Assumptions:
1) Logits are independent

given the image;
2) Labels are

Independent given the
ik ’@ >QJE logits.

Pixel-wise independent loss function:
pixels
—logp(y x) = —log Jp(y Mpym x)dn = —log H ply; m)
=1







X1 ,@ >@ Make the logits
dependent of each other

by using a low rank
multivariate normal

o .@ .@ p(n x) = N plx), Z(x))
>=PP' +D

Pixel dependencies are modelled in loss function:

1 M
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A full covariance matrix

K scales with the square of
Y —» Model D the number of pixels
- times the number of
P classes.
e The mean, u, has shape:
e The covariance diagonal, D, is a diagonal matrix with diagonal

elements;

e The covariance factor, P, is a rectangular matrix with shape:



Results




Brain tumour segmentation




Real time sample manipulation



Are the samples better than the mean?
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Figure 5: Distribution of sample average class DSC per case. The yellow bars denote the fraction of
samples whose D SC' is higher than the mean prediction, which is represented by a cross. The dashed
line 1s the average fraction of samples better than the mean prediction (average height of the bars).
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Lung nodule segmentation
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Figure 3: Qualitative results on the LIDC-IDRI dataset for the proposed model trained on four expert
annotations: (a) CT image; (b-e) radiologist segmentations; (f) mean prediction; (g-j) samples.




Comparison to state of the art

model Al DSC (%)t DSChod (%)t Dipp | (Sfi‘g‘ell?;fty

deterministic U-Net  set 0 37.5+04 50304 0.698 4+ 0.009 0.000 £ 0.000
probabilistic U-Net 38.4+04 57204 0516 £0.007 0.290 £ 0.004
PHiSeg 39.1 04 51.3+£0.5 0.456 £0.008 0.215 £+ 0.003
proposed (diagonal) 37.1 £ 04 51.2 04 0.734 =0.009 0.001 = 0.000
proposed (low-rank) 40.7 £ 04 58.6 04 0.365 £0.005 0.399 £ 0.004
deterministic U-Net  all 359+04 435+ 0.5 0.607 =0.009 0.000 £ 0.000
probabilistic U-Net  sets 30.0+04 50.6 0.5 0.252 +£0.004 0.469 £ 0.003
PHiSeg 338404 40.3 =205 0.224 £0.004 0.496 + 0.003
proposed (diagonal) 37.0 £ 04 46.2 £ 0.5 0.622 +0.009 0.007 & 0.001
proposed (low-rank) 43.6 £ 04 68.5+0.3 0.22540.002 0.609 £ 0.002




Comparison to state of the art

Better predictive performance for the mean sample.

model g;‘med DSC (%)* DSChog (%)t | D2pp | Zﬁfifty

deterministic U-Net set O 37.5+04 50.3+£0.4 | 0.698 = 0.009 0.000 % 0.000
probabilistic U-Net 3841+04 572 4+04 | 0.516 & 0.007 0.290 % 0.004
PHiSeg 30.1+04 51.3+0.5 | 0.456 +0.008 0.215 4 0.003
proposed (diagonal) 37.1 £ 04 512104 § 0.734 =£0.009 0.001 £ 0.000
proposed (low-rank) 40.7 £ 0.4 58.6 04 || 0.365 +0.005 0.399 + 0.004
deterministic U-Net  all 3594+04 43,5+ 0.5 | 0.607 £0.009 0.000 £ 0.000
probabilistic U-Net  sets 30.04+04 50.6 = 0.5 | 0.252 +£0.004 0.469 + 0.003
PHiSeg 33.8+04 40.3 £ 0.5 | 0.224 +£0.004 0.496 + 0.003
proposed (diagonal) 37.0 £ 04 46.2 £ 0.5 | 0.622 +0.009 0.007 £ 0.001
proposed (low-rank) 43.6 = 0.4 68.5+ 0.3 || 0.225 4 0.002 0.609 £ 0.002




Comparison to state of the art

model Taned  DSC (%)t DSCrod (%) 1 | Dipp | (Sfi‘g‘ef;iy

deterministic U-Net  set 0 37.5+04 50.3 =04 0.698 4+ 0.009 0.000 £ 0.000
probabilistic U-Net 38.4+04 572104 0516 £0.007F 0.290 £ 0.004
PHiSeg 39.1 04 51.3 0.5 0.456 £0.0085 0.215 £ 0.003
proposed (diagonal) 37.1 £ 04 51.2 0.4} 0.734 = 0.009 0.001 = 0.000
proposed (low-rank) 40.7 £ 04 58.6 =04 | 0.365 £0.0057 0.399 £ 0.004
deterministic U-Net  all 359+04 435+ 0.5 0.607 =0.009 0.000 £ 0.000
probabilistic U-Net  sets 30.0+04 50.6 0.5 0.252 +£0.004 0.469 £ 0.003
PHiSeg 338404 40.3 =205 0.224 £0.004 0.496 + 0.003
proposed (diagonal) 37.0 £ 04 46.2 £ 0.5 0.622 +0.009 0.007 & 0.001
proposed (low-rank) 43.6 £ 04 68.5+0.3 0.22540.002 0.609 £ 0.002




Comparison to state of the art

model Al DSC (%)t DSChod (%)t Dipp | (Sfi‘g‘ef;iy

deterministic U-Net  set 0 37.5+04 50304 0.698 4+ 0.009 0.000 £ 0.000
probabilistic U-Net 38.4+04 57204 0516 £0.007 0.290 £ 0.004
PHiSeg 39.1 04 51.3+£0.5 0.456 £0.008 0.215 £+ 0.003
proposed (diagonal) 37.1 £ 04 51.2 04 0.734 =0.009 0.001 = 0.000
proposed (low-rank) 40.7 £ 04 58.6 04 0.365 £0.005 0.399 £ 0.004
deterministic U-Net  all 359+04 43.5 4+ 0.5 F 0.607 =0.009 F 0.000 £ 0.000
probabilistic U-Net  sets 30.0+04 50.6 = 0.5 © 0.252 +0.004 1 0.469 + 0.003
PHiSeg 338404 40.3 0.5 F 0.224 £ 0.004 | 0.496 + 0.003
proposed (diagonal) 37.0 £ 04 46.2 £ 0.5 | 0.622 4+ 0.009 @ 0.007 & 0.001
proposed (low-rank) 43.6 £ 04 68.5 0.3 [} 0.225 4+ 0.002 F 0.609 £ 0.002




Comparison to state of the art

model Al DSC (%)t DSChod (%)t Dipp | (Sfi‘g‘ef;iy

deterministic U-Net  set 0 37.5+04 50304 0.698 4 0.009 & 0.000 £ 0.000
probabilistic U-Net 38.4+04 57204 0516 £0.007 § 0.290 £ 0.004
PHiSeg 39.1 04 51.3+£0.5 0.456 +£0.008 | 0.215 £+ 0.003
proposed (diagonal) 37.1 £ 04 51.2 04 0.734 = 0.009 || 0.001 == 0.000
proposed (low-rank) 40.7 £ 04 58.6 04 0.365 £0.005 © 0.399 £ 0.004
deterministic U-Net  all 359+04 435+ 0.5 0.607 =0.009 | 0.000 £ 0.000
probabilistic U-Net  sets 30.0+04 50.6 0.5 0.252 +0.004 & 0.469 + 0.003
PHiSeg 338404 40.3 =205 0.224 +£0.004 | 0.496 + 0.003
proposed (diagonal) 37.0 £ 04 46.2 £ 0.5 0.622 4+ 0.009 & 0.007 & 0.001
proposed (low-rank) 43.6 £ 04 68.5 0.3 0.22540.002 | 0.609 £ 0.002




Algorithmic benefits over SOTA

e Infinitely many samples from one forward pass;

* No variational inference which requires tuning many
regularisation hyper-parameters;

e Lightweight and flexible, enabling it to be used over any existing
architecture, including 3D CNNSs.





https://colab.research.google.com/github/MiguelMonteiro/stochastic_segmentation_networks_demo/blob/master/ssn_demo.ipynb

