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1. Credal Wrapper: Which Point to Predict?

1. If the test data is the same distribution of the training data, then different choices of the
points has little influence on the accuracy (except for the “highest Entropy Point”).

2. When the ensemble size is large, the credal set is also larger (because we will have lower
lower bound and higher upper bound), the entropy-related points will have large
difference.

3. I think we can try the different points prediction on domain-shift/low-quality/failure data
which have little difference from the training data, and we see which point’s prediction is
the most robust.
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2.1 Computing the Similarity

The choices of similarity scores:

1. Cosine Similarity: cos(𝐼1, 𝐼2) =
𝐼1 ⋅ 𝐼2
‖𝐼1‖‖𝐼2‖

2. SSIM (Structural Similarity Index)

3. Intersection over Union(IoU): IoU = |𝐼1(20%) ∩ 𝐼2(20%)|
|𝐼1(20%) ∪ 𝐼2(20%)|

, 𝐼𝑖(20%) means the most

important 20% areas in image 𝑖.

4. Wasserstein Distance

5. Variance of Saliency Maps

6. Calculate the Similarity interval
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2.2 OOD results

After we have the pairwise similarity scores ( N models have 
𝑁(𝑁 − 1)

2
 scores), we can

1. Average them
2. Calculate their varicances

Expectation:
• ID data: high average similarity, low variances, short interval
• OOD data: Low average similarity, high variances, large interval
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2.2 OOD results
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2.3 Saliency Maps are robust on Corrupted Data

We treat Corrupted CIFAR-10 as OOD data, and see whether the saliency-map based
methods can distinguish them.

• Uncertainty-based methods are sensitive to corruptions, and they can distinguish the
corrupted data( most of corruption types have AUROC > 0.8)

• Saliency-Map-based methods are not sensitive to corruptions, that is, they cannot
distinguish corrupted data from the clean data ( AUROC ≈ 0.5)
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2.3 Saliency Maps are robust on Corrupted Data

Thought: Can we use saliency maps to calibrate Epistemic Uncertainty so that EU can be
distinct from AU?
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3. Ensemble of Feature Map/Vector

Similarly we have different methods to computer similarity scores, but even the best results
is not comparable. Because the Feature Extraction NN are trained with its own Fully-
connected layers, different Feature Extraction NN can extract similar but not exactly the
same features.
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4. Rethinking Aleatoric and
Epistemic Uncertainty



4.1 The Results on Corrupted CIFAR-10

Previously, we trained model on Clean/high-quality data and test on the corrupted data, and
we found that

• Aleatoric uncertainty and Epistemic uncertainty increase simultaneously, and they have a
strong linear relationship, this phenomenon is also found by some published paper.

• Increasing AU and EU are reasonable, because AU measures the randomness in the data
and EU measures whether the test data align withe the training data distribution, but the
linear relationship seems problematic.
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4.2 What I am Thinking?

• If I train a model on both clean data and low-quality(corrupted data), what will happen to
the changes in AU and EU, compared with the model only trained on clean data.

• My expectation is

‣ The EU should decrease, because the training data contains corrupted data, the model
will have the knowledge of the corrupted version of data.

‣ The AU whether keeps or decreases, but I expect that the relative ranking should keep.
Like if Impulse Noise data has the highest AU in the original model (only trained on
clean data), then it should also have highest AU in the new model (trained on both clean
and corrupted data).

‣ This way, even though the AU and EU are dependent, but at least AU can be robust.
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4.3 Experiment

• We already have a model trained on clean data and the testing results the corrupted data.

• Train model on clean CIFAR-10 and Corrupted CIFAR-10 with Corruption Types: Gaussian
Noise, Impulse Noise, Gaussian Blur and Contrast.

• Then we test the new model on Corrupted CIFAR-10, to see what’s the ranking changes of
the selected corruption types and what about others.

4.3.1 Preliminary Results

• AU has high rank correlation, which means AU is robust and the rank mostly keeps.
• EU has lower rank correlation, this means after training on corrupted images, the model is

can perform well on some corruption types, so the EU of them will decrease and change
the ranking.
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4.3 Experiment

4.3.2 Unexpected Results
The model trained on different corruption types obatin a good generalization ability, the
performance increases also on other corruption types.
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