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Random Sets
• Die: Θ = {face1, face2, ..., face6}       {1, 2, ..., 6}.

• Cloaked Faces: Faces 1 & 2       mapped to set{1, 2}.

• Random Set: Set-valued random variable.

Θ



Bel({c1, c2}) = m({c1}) +

m({c1, c2}) = 0.5 + 0.4 = 0.9
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Belief Functions
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Definition: 

• Assigns normalized, non-negative mass values to subsets 𝐴 ⊆ Θ.

• 𝑚 𝐴 ≥ 0; ∑𝑚(𝐴) = 1 for all 𝐴 ∈ 𝑃(Θ) 
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Belief function encoding of ground-truth

Original one-hot 
encoded ground truth

0         1         2         . . . .           N
Classes

0         1         0         . . . .           0   

Belief function 
encoded 
ground truth

𝜙       {0}       {1}      {2}      {3} . . . . . {0,1}   {0,2}   {1,2} . . . {2,3,4} {1,2,3,4} . . . {0,1,2,..,N}

Sets of classes

0         0          1        0          0    . . .      1          0         1     . . .     0         1       . . .        1
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• Step 1: Selection of an optimal budget of such sets from the training set

RS-NN Architecture
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• Step 2: New output layers and loss that predict random sets for relevant sets of classes 

RS-NN Architecture
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• Compared RS-NN with all the most recent baselines

• Better accuracy, same inference time as standard NN with no uncertainty estimation

RS-NN Performance
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• But also: better ability to identify out-of-distribution (OoD) data (i.e., unusual or rare data)

• Better in-distribution vs out-of-distribution uncertainty estimation

RS-NN Performance
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• Increased robustness to adversarial attacks

• Statistical guarantees, using conformal learning, on how often the prediction is correct!

RS-NN Performance

Read the full paper here:
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