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Our Motivations

Current literature on mixed-supervised segmentation

Most prior works leverage multi-task learning [2, 3, 4].

Figure 1:Examples of employed tasks in multi-task learning for mixed supervised segmentation.

Recently, [4] proposed a dual-branch network, where each stream is governed by dif-

ferent supervision.

Figure 2:The dual-branch achitecture proposed in [4]

.Issues

Specific task-objectives do not allow the direct interaction between the multi-stream

outputs [2, 3, 4] or no consistency between the two branches is enforced [4].

Contributions

-Anovel formulation for learningwithmixed supervision inmedical image segmentation.

- Our dual-branch network imposes separate processing of the strong and weak anno-

tations, which prevents direct interference of different supervision cues.

- We integrate the Shannon entropy in our learning objective, which enforces high-

confidence predictions on the less-supervised branch.

- We introduce a Kullback-Leibler (KL) divergence term which: 1) transfers knowledge

between branches and 2) avoids the min entropy term to achieve trivial solutions.

Proposed methodology

Notation

Let Ωi denote the spatial image domain and C the number of segmentation classes.

We have a fully supervised dataset Ds = {(X1, Y1), ..., (Xm, Ym)}, where Xi ∈ RΩi represents the ith image and

Yi ∈ {0, 1}Ωi×C its corresponding ground-truth segmentation mask.

We also have a less-supervised dataset Dw = {(Xm+1, Ym+1), ..., (Xn, Yn)}, whose labels can take the form of

semi- or weakly-supervised annotations (e.g., only a handful of pixels are annotated).

For each image in D = Ds ∪ Dw, we define the softmax probability outputs of the network as
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Our model

Figure 3:Overview of the proposed method. Both fully and partial labeled images are fed to the network. The top branch generates

predictions for fully labeled images, whereas the bottom branch generates the outputs for partially labeled images. Furthermore, the

bottom branch also generates segmentations for the fully labeled images, which are guided by the KL term between the two branches.
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Results

Comparison to baselines and prior literature

Empirical validation performed on three scenarios: 3,5 and 10 fully labeled images from

Ds (denoted as Set-3, Set-5 and Set-10, respectively).

The number of images partially labeled from Dw is ×5 larger than Ds.

Top Bottom

Setting Model FS PS DSC HD-95 DSC HD-95

Set-3

Lower bound X -- 54.66 80.05 -- --

Single X X 57.42 78.80 -- --

Decoupled [1] X X 56.61 74.95 5.01 120.06

Ours (KL) X X 56.39 63.27 63.98 67.67

Ours (KL+Ent) X X 69.25 49.93 75.92 30.12

Set-5

Lower bound X -- 69.71 51.75 -- --

Single X X 70.73 51.34 -- --

Decoupled [1] X X 70.96 54.42 4.29 127.68

Ours (KL) X X 67.96 44.01 72.69 40.75

Ours (KL+Ent) X X 67.10 45.28 78.77 23.29

Set-10

Lower bound X -- 78.28 44.16 -- --

Single X X 78.17 42.99 -- --

Decoupled [1] X X 77.53 32.23 4.58 125.36

Ours (KL) X X 80.60 27.19 82.21 33.96

Ours (KL+Ent) X X 83.96 30.71 88.07 4.37

All images Upper bound X -- 93.31 3.46 -- --

FS and PS indicate full or partial supervised images.

On the importance of the KL term

Coupling the KL term avoids trivial solutions from the min entropy term.

This is evident when the KL term has low importance, i.e., λK = 1.

Set-3 Set-5 Set-10

DSC HD-95 DSC HD-95 DSC HD-95

λK = 1 24.89 117.52 46.30 82.89 73.88 38.23

λK = 10 64.42 67.47 59.16 58.01 78.66 31.79

λK = 20 72.30 47.52 70.47 37.84 83.47 16.97

λK = 50 75.92 30.12 78.77 23.29 88.07 4.37

λK = 100 60.64 71.62 66.01 43.83 84.34 16.60
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