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A Related work456

A.1 Evidential Deep Learning457

In classification tasks, Evidential Deep Learning (EDL) estimates predictive uncertainty by learning458

the parameters of a higher-order prior distribution over the categorical distribution, typically459

modeled as a Dirichlet distribution. This idea of modeling higher-order uncertainty has also been460

extended to regression tasks, where EDL approaches learn priors over the parameters of a Gaussian461

distribution—namely, its mean and variance—to capture uncertainty in continuous predictions [1, 8].462

While our work focuses primarily on classification, readers interested in a broader perspective may463

refer to the comprehensive survey in [40]. In the classification setting, several prominent approaches464

have emerged. One foundational method is the EDL model proposed by Sensoy et al. [37], which465

incorporates the principles of Subjective Logic [20] to model class probabilities via a Dirichlet466

distribution. It introduces a KL divergence-based regularizer to discourage overconfident predictions467

on incorrect classes, thereby promoting better-calibrated uncertainty. Prior Networks (KL-PN) [28]468

explicitly learn a prior Dirichlet distribution to match a synthetic target distribution using forward469

KL divergence. These models rely on out-of-distribution (OOD) examples during training to enforce470

high uncertainty on unfamiliar inputs. This idea is further extended in Reverse KL Prior Networks471

(RKL-PN) [29], which instead maximize the reverse KL divergence between in-distribution and472

OOD predictions, encouraging sharper in-distribution certainty while maintaining uncertainty on473

OOD data. To move beyond the requirement of OOD data during training, Posterior Networks474

(PostNet) [7] leverage normalizing flows to learn a posterior over pseudo-counts, allowing flexible475

uncertainty modeling. Natural Posterior Networks (NatPN) [8] generalize this idea by placing the476

model within the exponential family framework, offering a unified approach to both classification477

and regression through Bayesian updates with learned latent densities. Recent advances focus on478

addressing overconfidence and improving robustness. I-EDL [12] introduces a Fisher information-479

based regularizer to prevent the model from assigning excessive confidence, while R-EDL [10]480

modifies the prior and introduces constraints to avoid the degenerate behavior of collapsing variance481

in the Dirichlet distribution. H-EDL [35] further enriches the representational capacity by adopting482

hyper-opinions from subjective logic, thereby capturing second-order uncertainty. Lastly, DA-EDL483

[41] proposes to calibrate Dirichlet parameters using the local density of the feature space, enhancing484

reliability in sparse or uncertain regions. Together, these methods represent a growing body of485

work that refines evidential reasoning in neural networks, aiming for more robust and interpretable486

uncertainty estimation in classification tasks.487

A.2 Critiques and Improvements of EDL Methods488

Despite the notable progress of EDL models in uncertainty estimation, several recent works have489

raised critical concerns regarding their theoretical foundations and practical reliability. Bengs et al.[3]490

and Jurgens et al.[21] highlight a key issue: optimizing level-2 distributions via hard label supervision491

leads to a Dirac delta function without any regularization on the Dirichlet distribution. Bengs et al. [4]492

further argue that, under level-0 label supervision, virtually no proper scoring rules exist for level-2493

distributions—even though neural networks have the theoretical capacity to approximate arbitrary494

distributions. While these studies effectively diagnose the limitations of EDL, they do not provide495

actionable insights or concrete solutions to overcome them. More recently, Shen et al. [38] offered496

an in-depth analysis of these critiques and proposed modeling epistemic uncertainty through model497

ensembles. While this method shows promising results, its major drawback lies in the computational498

cost of training multiple models—though inference can be performed using only a single distilled499

model. Overall, these analyses are all based on the assumption that supervision is provided in the500

form of level-0 hard labels. They overlook the implications of such fully certain supervision in the501

context of uncertainty-aware modeling. This assumption may itself be a root cause of overconfidence502

and misleading uncertainty estimates in EDL systems.503

B List of Symbols504

A list of symbols used in the main paper as well as in the following supplementary material, most of505

symbols keep same as [3][4].506
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Table 4: Notation summary for the general, level-1, and level-2 learning settings.
General Symbols

K number of classes
X instance space
Y label space with hard labels {y1, . . . , yK}

D training data {(x(n)
, y

(n))}Nn=1 ⇢ X ⇥ Y

P data generating probability
p(· | x) a conditional distribution on Y , i.e., p(y | x) , represents the probability of observing y

given x

P(Y),P1(Y) the set of probability distributions on Y

�K the K-simplex, i.e., �K := {✓ = (✓1, . . . , ✓K) 2 [0, 1]K | k✓k1 = 1}
✓ = (✓1, ..., ✓K)> probability vector with K singletons

Level-1 Learning Setting

H1 (level-1) hypothesis space consisting of hypothesis h : X ! �K

L1 loss function for a level-1 hypothesis, i.e., L1 : P1(Y)⇥ Y ! R
R(·) risk or expected loss of a level-1 hypothesis (Eq.3)
R̂emp(·) empirical loss of a level-1 hypothesis (Eq. 4)
ĥ empirical risk minimiser, i.e., ĥ = argminh2H R̂emp(h)
h
⇤ true risk minimiser or Bayes predictor, i.e., h⇤ = argminh2H R(h)

Level-2 Learning Setting

�(2)
K the set of distributions on simplex �K

P2(Y) the set of distributions on P1(Y) (the set of level-2 distributions)
H2 (level-2) hypothesis, i.e., a mapping h : X ! �(2)

K
Q probability distribution on P1(Y), i.e., an element of P2(Y)
Quni uniform distribution on P1(Y) (an element of P2(Y))
L2 loss function for level-2 hypothesis, e.g., L2 : P2(Y)⇥ (·) ! R+

R̂
(2)
emp(·) empirical (level-2) loss of a level-2 hypothesis

R
(2)(·) (level-2) risk or expected loss of a level-2 hypothesis

Distributions

N (µ,�2) Gaussian distribuiton with location parameter µ and scale parameter � > 0
Dir(↵) Dirichlet distribution with parameter ↵ 2 RK

+

�y Dirac measure at y 2 Y (i.e. �y is an element of P1(Y))
�p Dirac measure at p 2 P1(Y) (i.e., �p is an element of P2(Y))

Entropy and Divergence

H(·) Shannon Entropy of a categorical distribution
KL(·, ·) Kullback-Leibler divergence on P2(Y)⇥ P2(Y)

C Proof of Theorem507

Theorem 1. For any level-1 loss function L1 : P1(Y) ⇥ Y ! R that satisfy L1(Ep⇠Dir(↵)p, ·) 508

Ep⇠Dir(↵)L1(p, ·), (i.e., as a convex function), such as Brier score and the log-loss in Eq. 2, empirical509

risk minimizer of a level-2 prediction is always a Dirac measure �p 2 P2(Y) and the expectation of510

level-2 prediction is �y 2 P1(Y).511

Proof. Let the empirical risk of a level-2 prediction Q 2 P2(Y) as512

R̂
(2)
emp(Q) =

1

N

NX

n=1

L2

⇣
Q, y

(n)
⌘

=
1

N

NX

n=1

Ep⇠QL1

⇣
p, y

(n)
⌘
.

(18)
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By assumption on the level-1 loss L1 (i.e. convexity), it holds that513

R̂
(2)
emp(Q) �

1

N

NX

n=1

L1

⇣
Ep⇠Q[p], y

(n)
⌘
. (19)

Let eQ(N) be the minimiser over all Q 2 �(2)
K of the right-hand side, then p̃

(N) = Ep⇠ eQ(N) [p] is an514

element in �K . Define Q̂
(N) = �p̃(N) and note that Ep⇠Q̂(N) [p] = p̃

(N). Then,515

R̂
(2)
emp(Q̂

(N)) =
1

N

NX

n=1

Ep⇠Q̂(N)L1

⇣
p, y

(n)
⌘

=
1

N

NX

n=1

L1

⇣
p̃
(N)

, y
(n)

⌘

=
1

N

NX

n=1

L1

⇣
Ep⇠ eQ(N) [p], y

(n)
⌘
.

(20)

This proves that the empirical level-2 risk is minimized by a Dirac distribution over a single level-1516

prediction, i.e., Q̂(N) = �p̃(N) , implying vanishing epistemic uncertainty. We now show that the517

corresponding level-1 prediction also collapses to a Dirac measure, indicating vanishing aleatoric518

uncertainty. Consider the empirical level-1 risk:519

R̂
(1)
emp(p) =

1

N

NX

n=1

L1(p, y
(n)). (21)

For any strictly proper loss function L1 (e.g., Brier score, log-loss), it is uniquely minimized when520

p = �y(n) , i.e., the one-hot encoding of the ground-truth label. That is,521

arg min
p2�K

L1(p, y
(n)) = �y(n) , with L1(�y(n) , y

(n)) = 0. (22)

Hence, the optimal level-1 predictor ✓̃
(N)

that minimizes the empirical risk is522

p̃
(N) = �y(n) , for all n. (23)

It follows that the expected level-1 prediction under the optimal level-2 distribution is523

Ep⇠Q̂(N)p = �y(n) , (24)

i.e., a one-hot distribution that assigns all probability mass to the ground-truth class. This indicates524

that aleatoric uncertainty also vanishes.525

Therefore, the empirical level-2 risk is minimized by a Dirac measure over a level-1 Dirac prediction526

Q̂
(N) = ��

y(n)
. (25)

This implies that:527

• Epistemic uncertainty vanishes, since Q is a Dirac measure.528

• Aleatoric uncertainty vanishes, since the expected level-1 prediction under Q is a one-hot529

vector.530

This highlights a critical degeneracy of empirical risk minimization with strictly proper convex losses531

in the level-2 setting: it collapses all predictive uncertainty, providing no representation of uncertainty532

despite operating in a distribution-over-distributions framework.533

Proposition 1. Under the assumptions of Theorem 1, empirical risk minimization of level-2 prediction534

inevitably yields degenerate distributions �p 2 P2(Y) and the expectation of level-2 prediction is535

�y 2 P1(Y). As a result, the model fails to provide any meaningful or disentangled representation of536

aleatoric or epistemic uncertainty.537
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Proof. Assume that the optimal strategy under ERM is to collapse the Dirichlet distribution to a delta538

distribution centered on the one-hot vector �y , i.e., Dir(↵) ! ��y as in Theorem 1. This degeneracy539

has consequences for uncertainty estimation. Consider the standard decomposition of predictive540

uncertainty in Dirichlet-based models as D.1, we have541

Total Uncertainty (EU) = H
⇥
Ep⇠Dir(↵)[p(y|p)]

⇤
, (26)

542
Aleatoric Uncertainty (AU) = Ep[H[p(y|p)]], (27)

543
Epistemic Uncertainty (EU) = TU � AU. (28)

When the Dirichlet degenerates to ��y , both the expected predictive distribution and the samples from544

Dir(↵) are deterministic, yielding545

TU ! 0, AU ! 0, EU ! 0. (29)

Thus, the model expresses neither AU nor EU, regardless of the true nature of the data distribution.546

Consequently, the level-2 model fails to provide any meaningful or disentangled representation of547

aleatoric or epistemic uncertainty.548

Theorem 2. Let the ground-truth level-1 label be denoted as p
⇤(x), and let the observed level-0549

one-hot label �y(x) be a noisy realization of p
⇤(x) perturbed by input-dependent label noise µ(x)550

�y(x) = p
⇤(x) + µ(x) where µ(x) ⇠ N (0,�2

I). (30)

Then, the test risk admits the following lower bound under mild regularity conditions551

R(ĥ;P ) � C�
2
, (31)

where C depends on the trace of the Hessian matrix of the loss function w.r.t. p. Then, for the level-1552

label with strong mixing, the bound can be tightened as553

R(ĥ;P ) � C
0
�
2
, (32)

where C
0
/C ⇡

1
2�+1 + 1

2 < 1 (8� � 1/2), indicating a reduced sensitivity of the test risk to554

input-dependent noise.555

Proof. We supposes the label noise µ follow an isotropic Gaussian distribution as I-EDL [12]556

µ ⇠ N (0,�2
I). (33)

Then, even if the optimization loss the R(ĥ;D) is minimized (or approaches zero), the population557

loss R(ĥ;P) will have an irreducible component that is at least on the order of �2. As we assume558

that the training labels y are generated from the true labels p
⇤ with added noise559

�y(x) = p
⇤(x) + µ(x) (34)

where µ(x) ⇠ N (0,�2
I). The expected test loss can be expressed as560

R(ĥ;P ) := E(x,y)⇠P [L2(ĥ(x), y)]. (35)

Since the label itself is affected by noise, we can decompose the expectation as:561

E[L2(ĥ(x), �y)] = E[L2(ĥ(x),p
⇤ + µ)]. (36)

Using a second-order Taylor expansion to approximate the loss function562

`(ĥ(x),p⇤ + µ) ⇡ L2(ĥ(x),p
⇤) + hrL2,µi +

1

2
µ

T
Hµ (37)

where H represents the Hessian matrix of the loss function L2(ĥ(x),p⇤) w.r.t. p
⇤, defined as563

H = r
2
L2(ĥ(x),p

⇤) (38)

and hrL2,µi is the inner product between the gradient of the loss function and the noise vector µ564

hrL2,µi =
KX

k

@L2

@k
µk. (39)
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Since the noise µ follows a zero-mean Gaussian distribution, the expectation of the first-order term565

vanishes.566

E[hrL2,µi] = 0 (40)
while the expectation of the second-order term is given by the noise covariance567

E[µT
Hµ] = �

2 Tr(H). (41)

Thus, the lower bound of the test loss can be approximated as568

R(ĥ;P) � C�
2 (42)

where C depends on the trace of the Hessian matrix. We then show that incorporating VRM leads569

to a lower test risk. Let the original label noise µ
(n)

,µ
(m)

⇠ N (0,�2
I) be i.i.d. After vicinal570

interpolation, the noise in vicinal labels becomes571

µ̃ = �µ
(n) + (1 � �)µ(m) (43)

with variance572

Ekµ̃k
2 = �

2
�
2 + (1 � �)2�2 = �

2
⇥
�
2 + (1 � �)2

⇤
. (44)

When � ⇠ Beta(�,�), the expected variance is573

E�
⇥
�
2 + (1 � �)2

⇤
= 2E[�2] � 2E[�] + 1. (45)

Using properties of Beta distribution E[�] = 1
2 and Var(�) = 1

4(2�+1) , we obtain574

E[�2] = Var(�) + (E[�])2 =
1

4(2� + 1)
+

1

4
. (46)

Substituting yields575

E�
⇥
�
2 + (1 � �)2

⇤
=

1

2� + 1
+

1

2
< 1 (8� � 1/2). (47)

Thus, the effective noise variance after Mixup is k�2, where k = 1
2�+1 + 1

2 < 1, significantly lower576

than the original �2. Substituting into the theorem’s lower bound gives577

R(ĥ;P ) � C · k�
2
< C�

2 (48)

Although distribution of the noise µ is unknown; and assumptions about it is a modeling question,578

most statistical methods rely on certain mathematical conditions, known as regularity assumptions, to579

ensure their validity. In our proof, i.e., we assume that µ follows a additive gaussian noise.580

Theorem 3. Let � be the mixing hyperparameter defined in Eq. 12. Consider the optimization of the581

Dirichlet parameters ↵ in Eq. 13. For samples where ↵k 
1
K

PK
j=1 ↵j with low belief assigned to582

the ground-truth k class, the following properties hold583

• The update to the Dirichlet concentration for the ground-truth class �↵k increases584

monotonically with �.585

• The updates to the Dirichlet concentrations for the non-ground-truth classes �↵j 6=k586

decrease monotonically with �.587

• The total increase in Dirichlet concentration, denoted �S, increases monotonically with �.588

Proof. Let k denotes the index of ground-truth class. By optimizing the objective function in Eq. 13589

with gradient descent, the update of ↵j with single gradient update can be denoted as590

�↵j := �⌘
@Ledl

↵j
, (49)

where ⌘ is the learning rate. Let j denote the index of class, we have591

@Ledl

↵j
= ỹj [ 1(S) �  1(↵j)] (50)

17



where  1 is the trigamma function, which is a positive, monotonic decreasing and strictly convex592

function. Then, we have the accumulative updates of ↵j with T -steps as593

�↵j = ⌘

TX

t=1

ỹj

h
 1(↵

(t)
j ) �  (S(t))

i
. (51)

As the vicinal label is obtained by ỹ = �y
(n) + (1 � �) ·

⇥
1
K , . . . ,

1
K

⇤
, we can also express the594

smoothed target labels explicitly as595

ỹk = �+
1 � �

K
, ỹj =

1 � �

K
, (52)

where k denotes the index of ground-truth class. By substituting Eq. 52 into Eq. 51, we have596

�↵k = ⌘

TX

t=1

✓
�+

1 � �

K

◆⇥
 1(↵

(t)
k ) �  1(S
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Then, the total update of Dirichlet concentration �S can also be expressed as599
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To analyze how � affects �↵k, �↵j , and �S, consider the derivatives600
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For samples where ↵k 
1
K

PK
j=1 ↵j—which typically correspond to uncertain predictions with low603

belief assigned to the ground-truth class in the early stages of training—we have604

@�S

@�
� 0. (60)

Therefore, decreasing � (i.e. with stronger noise mixed) for such samples can effectively suppress605

the growth of their Dirichlet concentration parameters. This results in a more dispersed (i.e., less606

confident) predictive distribution, thereby promoting higher epistemic uncertainty.607

D Uncertainty Measures608

D.1 Uncertainty Decomposition in Dirichlet-Based Models609

A fundamental identity in information theory is that the Shannon entropy of a random variable X can610

be additively decomposed into the mutual information between X and Y , and the conditional entropy611

of X given Y [2]:612

H(X) = I(X;Y ) +H(X | Y ) (61)

Follow this idea, Prior Networks [28] propose a method to explicitly model and decompose predictive613

total uncertainty into two components: data uncertainty (aleatoric uncertainty) and distributional614

uncertainty (epistemic uncertainty). The total uncertainty in the prediction is measured by the615

Shannon entropy of the expected categorical distribution conditioned616

H [p(y|p)] = Ep⇠Dir(↵)[p(y | p)] = �

KX

j=1

↵j

S
log

↵j

S
, (62)

Aleatoric uncertainty (or data uncertainty) corresponds to the expected entropy of the categorical617

distributions sampled from the Dirichlet prior, commonly referred to as the conditional entropy618

Ep⇠Dir(↵) [H[p(y | p)]] = Ep

2
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3

5
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( (↵j + 1) �  (S + 1))
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KX

j=1

↵j

S
 (↵j + 1)

(63)

where  (·) is the digamma function. For epistemic uncertainty, it is measured by the mutual619

information between predictions and the Dirichlet parameters as620

MI(y,p) = Htotal � Ep⇠Dir(↵)[H[p(y | p)]]. (64)

This mutual information quantifies how much of the total uncertainty arises from uncertainty in621

the model parameters (i.e., distribution over categorical distributions), and thus reflects epistemic622

uncertainty.623
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D.2 Differential Entropy624

The differential entropy is defined as625

ENT(Dir(p | ↵)) = �

Z

�K

Dir(p | ↵) logDir(p | ↵) dp, (66)

where �K denotes the probability simplex. The closed-form expression is given by626

ENT(Dir(p | ↵)) = logB(↵) + (S � K) (S) �

KX

j=1

(↵j � 1) (↵j), (67)

Differential entropy is also a prevalent measure of epistemic uncertainty, where a lower value indicates627

that the model yields a sharper distribution, and a higher value means a more uniform Dirichlet628

distribution.629

D.3 Vacuity of Evidence630

EDL [37], RED [31], I-EDL [12], R-EDL [10], and H-EDL [36], which are grounded in Subjective631

Logic [20] and Dempster-Shafer Theory [11], represent uncertainty using evidence mass values.632

Subjective Logic [20] provides a principled framework for modeling predictive uncertainty by633

interpreting the output of a neural network as an opinion—a structured representation of uncertainty634

over a discrete set of classes. Unlike conventional classifiers that output categorical probabilities,635

EDL models produce non-negative evidence values e = [e1, e2, . . . , eK ] for each of the K classes.636

These evidence values parameterize a Dirichlet distribution Dir(↵), where ↵j = ej +1. In Subjective637

Logic, an opinion over a finite domain is characterized by three components: the belief mass bj , the638

base rate aj , and the uncertainty mass u, satisfying:639

bj + u · aj = E[pj ], and
KX

j=1

bj + u = 1 (68)

where pj denotes the probability assigned to class j. These quantities relate to the Dirichlet parameters640

as follows: The belief mass bk is proportional to the evidence for class k:641

bk =
ek

S
, where S =

KX

j=1

(ej + 1) =
KX

j=1

↵j (69)

The base rate ak is typically assumed to be uniform, i.e., ak = 1/K. The uncertainty mass u is642

defined as:643

u =
K

PK
j=1 ↵j

=
K

S
(70)

This uncertainty mass u is referred to as vacuity in EDL literature, and it quantifies the degree644

of epistemic uncertainty due to a lack of evidence. When the total evidence is low (e.g., under645

out-of-distribution or ambiguous inputs), S becomes small and vacuity u approaches 1, indicating646

that the model abstains from committing belief to any specific class. Conversely, high total evidence647

yields a low vacuity, reflecting confident predictions based on strong feature-based support. This648

opinion-based interpretation highlights the epistemic nature of uncertainty in EDL and differentiates649

it from aleatoric uncertainty captured by distributional spread in conventional probabilistic models.650

E Experimental Details651

E.1 Implementation Details652

Since different baseline methods involve distinct activation functions and regularization terms, we653

provide detailed implementation settings below.654

EDLs based on Subjective Logic. For EDL [37], we adopt the barrier score, i.e., the mean squared655

error (MSE) loss. For I-EDL [12], we follow their original paper and use the Fisher-MSE loss, where656

the Fisher information regularization weight is set to 0.05. The activation function is Softplus, as657
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specified in their implementation. For R-EDL [10], we follow the settings in the original paper and658

set the prior strength to 0.8 for the CIFAR datasets. The loss function used is the MSE loss variant659

without the variance minimization term. For all three methods (EDL, I-EDL, and R-EDL), the KL660

divergence term which aims to remove misleading evidnece with an annealing weight schedule of661

�t = min(epoch_idx/10, 1). The KL divergence term which is used to regularize the predicted662

Dirichlet distribution by encouraging it to stay close to a non-informative prior for incorrect classes,663

typically Dir(p | 1), where each class has a concentration parameter of 1. The KL divergence664

between the predicted Dirichlet distribution Dir(p | ↵̄) and the uniform Dirichlet prior665

LKL = KL [Dir(p | ↵̄) || Dir(p | 1)]

= log

0
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3

5 (71)

where ↵̄ := y + (1� y) � ↵ represents a modified Dirichlet parameter vector where the target class666

value is set to 1, �(·) is the gamma function,  (·) is the digamma function. Then, the total objective667

function is668

L = LEDL + �t · LKL (72)

PriorNets. For KL-PN [28] and RKL-PN [29], we set the target class Dirichlet concentration669

parameter to ↵k = 200. Since both methods require out-of-distribution (OOD) samples during670

training to constrain the predicted Dirichlet distributions, we follow the setup in [12, 9] and use671

random noise as the OOD dataset to ensure a fair comparison.672

Our method. For our method, the non-negative activation function � is set to SoftPlus for CIFAR-673

10. For CIFAR-100, due to the large zero-evidence regions observed in prior work [31], we warm up674

the model using an Exponential activation for the first 10 epochs to move away from the regions,675

and then switch to SoftPlus activation.676

F Discussions677

F.1 Why do some methods perform poorly on CIFAR-100?678

For models like EDLs [37][10] and PriorNets [28][29] that require Dirichlet concentrations for679

incorrect classes to approach zero, we observe that they struggle to converge when the number of680

classes is large (e.g., K = 100). Since the original papers do not provide CIFAR-100 experimental681

settings, we adopt the same configurations as used for CIFAR-10, which may limit their performance.682

F.2 Social Impact683

Our work addresses the challenges of uncertainty estimation, out-of-distribution (OOD) detection and684

out-of-distribution (OOD) generalization, which are critical for ensuring the safety, reliability, and685

fairness of machine learning systems in real-world applications. By improving the model’s ability686

to recognize and appropriately respond to unfamiliar or ambiguous inputs, our methods contribute687

to reducing the risk of overconfident mispredictions in high-stakes domains such as healthcare,688

autonomous driving, and finance. These advances have the potential to increase trust in AI systems689

and support more responsible deployment practices. Moreover, enhanced OOD generalization690

may help mitigate performance disparities when models are applied across diverse populations and691

settings.692

G Uncertainty distribution693
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Figure 4: Differential entropy distribution on CIFAR10 (ID) vs CIFAR-100 (OOD).
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Figure 5: Differential entropy distribution on CIFAR10 (ID) vs Tiny-ImageNet (OOD).
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Figure 6: Differential entropy distribution on CIFAR10 (ID) vs MNIST (OOD).
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Figure 7: Differential entropy distribution on CIFAR10 (ID) vs SVHN (OOD).
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Figure 8: Differential entropy distribution on CIFAR10 (ID) vs Texture (OOD).
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Figure 9: Differential entropy distribution on CIFAR10 (ID) vs Place365 (OOD).
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Figure 10: Mutual information distribution on CIFAR10 (ID) vs CIFAR-100 (OOD).
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Figure 11: Mutual information distribution on CIFAR10 (ID) vs Tiny-ImageNet (OOD).
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Figure 12: Mutual information distribution on CIFAR10 (ID) vs MNIST (OOD).
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Figure 13: Mutual information distribution on CIFAR10 (ID) vs SVHN (OOD).
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Figure 14: Mutual information distribution on CIFAR10 (ID) vs Texture (OOD).
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Figure 15: Mutual information distribution on CIFAR10 (ID) vs Place365 (OOD).
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Figure 16: Differential entropy distribution on CIFAR100 (ID) vs CIFAR-10 (OOD).
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Figure 17: Differential entropy distribution on CIFAR100 (ID) vs Tiny-ImageNet (OOD).
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Figure 18: Differential entropy distribution on CIFAR100 (ID) vs MNIST (OOD).
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Figure 19: Differential entropy distribution on CIFAR100 (ID) vs SVHN (OOD).
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Figure 20: Differential entropy distribution on CIFAR100 (ID) vs Texture (OOD).
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Figure 21: Differential entropy distribution on CIFAR100 (ID) vs Place365 (OOD).
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Figure 22: Mutual information distribution on CIFAR100 (ID) vs CIFAR-10 (OOD).
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Figure 23: Mutual information distribution on CIFAR100 (ID) vs Tiny-ImageNet (OOD).
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Figure 24: Mutual information distribution on CIFAR100 (ID) vs MNIST (OOD).
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Figure 25: Mutual information distribution on CIFAR100 (ID) vs SVHN (OOD).
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Figure 26: Mutual information distribution on CIFAR100 (ID) vs Texture (OOD).
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Figure 27: Mutual information distribution on CIFAR100 (ID) vs Place365 (OOD).
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