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1. Foundations of Evidential Deep
Learning



1.1 Evidential Deep Learning for Classification
Uncertainty



1.1 Evidential Deep Learning for Classification Uncertainty
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1.2 Evidential Regression



1.3 Evidential Regression
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2. Experiments to Reproduce EDL



2.1 Reproduce Original Paper’s Results

1C(I)assified as: 1, Uncertainty: 0.2185841202735901
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2.2 Using New Single Images to Test

Rotated "1" Digit Classifications
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2.2 Using New Single Images to Test

Classified as: 9, Uncertainty: 1.0 Classified as: 4, Uncertainty: 0.24395227432250977
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3. To Measure Label-%e
Uncertainty



3.1 Hyper Evidential Deep Learning to Quantity
Composite Classification Uncertainty (ICLR 2024)



3.1 Hyper-EDL (ICLR 2024)
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3.2 Evidential Uncertainty Quantification: A Variance-
Based Perspective (WACV 2024)



3.2 Evidential Uncertainty Quantification: A Variance-Based Perspective (WACV 2024)
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3.2 Evidential Uncertainty Quantification: A Variance-Based Perspective (WACV 2024)
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3.3 Conformal Prediction for Deep Classifier via Label
Ranking (ICML 2024)



3.3 Conformal Prediction for Deep Classifier via Label Ranking (ICML 2024)
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4. Applications: EDL Enhanced
Machine Learning



4.1 EDL Enhanced Multiple Instance Learning (MIL)



4.1 EDL Enhanced Multiple Instance Learning (MIL)

Multiple Instance Learning: A bag of Data {z;}" have the label y5 = {0,1}°. If y5[j] =
1, then at lease one of =, belongs to jth Class.

This task want to do: Bag-level prediction and Instance-level prediction. Obviously, EDL
introduces the Uncertainty Quantification to MIL task. And more:

1. If we do Instance-level prediction, we have estimated «, for every instance, so we have
p; ~ Dir(a;), and so instance-level uncertainties.

2. If we do Bag-level prediction, we can dynamically adjust the evidence contribution from
different instances.

N 1
bag __ instance h _
(& = ’lUJGJ , WIEre ’U}J = .
= 1+ Unc(xj)
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4.2 EDL Enhanced Transfer Learning



4.2 EDL Enhanced Transfer Learning

4.2.1 Domain Adaptation

1. Labeling;:
¢ )7 if logS* > ¢;,j = argmaxi<k<L, O
Y7 Y unknown if logS* < §;,j = argmax;<k<r, O

2. Aligning Evidence Vector:

. z, from source domain, using a feature extractor ¢ and we get f, = ¢(z,);
. z, from target domain, we have f, = p(z,).

Then let the EDL model be g, we have the evidence vector m*® = g(f,) and m* = g(f,).
Then we align these two vectors with criteria D:

alzgn Z D Z D
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4.2 EDL Enhanced Transfer Learning

4.2.2 Model Adaptation
1. Distillation (like Hanjing’s Work): L, = D(P, | Pr) + AD(U, | Ur),

where P, and P; are predictive distributions, U, and U are predictive uncertainties.
2. Meta Learning approach:

@final =0 + 6

meta pretrained

This is like a updating process from Prior to Posterior.
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4.3 EDL Enhanced Active Learning



4.3 EDL Enhanced Active Learning

1. Uncertainty-based Sampling: weighted sampling strategies:
Uncertainty Score = w; AU + w, EU.
2. Second-order Uncertainty: Vacuity and Dissonance.

 Vacuity: the uncertainty due to a lack of evidence in the model’s predictions

- Dissonance: the conflict or inconsistency among the evidence gathered by the model for
different classes

Enhanced strategies:

1. Select samples with High Vacuity to let model cover more area at first (more general)

2. Select samples with High Dissonance to let model address the internal conflict (locally
or specifically)
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4.4 EDL Enhanced Multi-View Classification



4.4 EDL Enhanced Multi-View Classification

An example:

A result from to views: w' = {b7,u'} and w? = {b7,u?}, we have
1
U
1—Conf

1’LL2

b

(b1 b7 + bju? + biu') and u =

2= 1—Conf

)

C
where Conf = Z b b
i=1

Problem.

« This methods only consider the consistency among different views, while do not consider
the complementarity ;

« When b, are uniformly about 0, the Conf might do not work.
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4.5 EDL Enhanced Multi-Label Learning



4.5 EDL Enhanced Multi-Label Learning

Core idea. For every label, the EDL output a {«,, 8, } for a Beta Distribution, as the evidence
for label ¢ (based on the input x).

So for every input x, we have its prediction for every label i: p, ~ Beta(a,, 53;).

Then the predictive probablity:

and uncertainty:

u; = H|[Beta(a;, ;)]

1

The problem: imbalance among labels and the ignorance of dependences among labels.
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