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Abstract

Deep ensembles (DE) have emerged as a powerful approach
for quantifying predictive uncertainty and distinguishing
its aleatoric and epistemic components, thereby enhancing
model robustness and reliability. However, their high com-
putational and memory costs during inference pose signifi-
cant challenges for wide practical deployment. To overcome
this issue, we propose credal ensemble distillation (CED), a
novel framework that compresses a DE into a single model,
CREDIT, for classification tasks. Instead of a single softmax
probability distribution, CREDIT predicts class-wise proba-
bility intervals that define a credal set, a convex set of prob-
ability distributions, for uncertainty quantification. Empirical
results on out-of-distribution detection benchmarks demon-
strate that CED achieves superior or comparable uncertainty
estimation compared to several existing baselines, while sub-
stantially reducing inference overhead compared to DE.

Code — https://gitlab.kuleuven.be/m-group-campus-
brugge/distrinet public/credal-ensemble-distillation

Extended version — https://arxiv.org/abs/2511.13766

1 Introduction
Uncertainty quantification (UQ) in neural networks (NNs)
has gained increasing attention, with two primary types of
uncertainty distinguished: aleatoric uncertainty (AU), which
stems from the inherent randomness in the data generation
process and models the stochasticity in the output given an
input (i.e., via a conditional distribution p(output|input));
and epistemic uncertainty (EU), which is caused by a lack
of evidence and reflects the model’s imprecise knowledge
of the true conditional distribution (Hüllermeier and Waege-
man 2021; Hüllermeier, Destercke, and Shaker 2022; Wang
et al. 2024, 2025b). The effective estimation and differen-
tiation of AU and EU can improve a model’s trustworthi-
ness and robustness (Senge et al. 2014; Kendall and Gal
2017; Sale, Caprio, and Hüllermeier 2023; Manchingal et al.
2025). For example, proper EU estimates can help avoid
misclassifying ambiguous in-distribution (ID) samples as
out-of-distribution (OOD), since their ambiguity does not
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necessarily correspond to regions of high EU within the ID
distribution (Mukhoti et al. 2023; Wang et al. 2025a).

To quantify both AU and EU, recent studies propose train-
ing NNs to predict a second-order representation, capable of
expressing the uncertainty about a prediction’s uncertainty
itself (Malinin, Mlodozeniec, and Gales 2019; Hüllermeier
and Waegeman 2021; Caprio et al. 2024; Wang et al. 2024).
Bayesian neural networks (BNNs) (Blundell et al. 2015; Gal
and Ghahramani 2016; Krueger et al. 2017; Mobiny et al.
2021), in particular, learn posterior distributions over their
weights and enable predictions in the form of second-order
distributions (Caprio et al. 2024). However, BNNs generally
face significant challenges in scalability to large datasets and
complex architectures due to high computational demands
(Mukhoti et al. 2023). Their performance is also sensitive to
the choice of prior, likelihood, and training objectives (Hen-
ning, D’Angelo, and Grewe 2021; Knoblauch, Jewson, and
Damoulas 2022).

Alternative to BNNs, deep ensembles (DE), which com-
bine multiple standard neural networks (SNNs) to predict
a finite set of distributions (Lakshminarayanan, Pritzel, and
Blundell 2017), have been treated as a strong UQ baseline
(Ovadia et al. 2019; Gustafsson, Danelljan, and Schon 2020;
Abe et al. 2022; Mucsányi, Kirchhof, and Oh 2024). Nev-
ertheless, a key limitation of DEs is their substantial de-
mand for memory and computational resources. To this end,
ensemble distillation (ED) has become a popular way of
significantly reducing inference costs (Hinton, Vinyals, and
Dean 2015; Lin et al. 2020), by distilling a DE into an SNN
that approximates the mean of DE’s predictive distributions.
However, one drawback of ED is that the distilled SNN only
generates a single predictive distribution, limiting its ability
to quantify AU. This is because this single distribution cap-
tures randomness in the mapping between the input and out-
put while assuming precise knowledge of this dependency
(Hüllermeier, Destercke, and Shaker 2022).

To address this problem, ensemble distribution distillation
(EDD) (Malinin, Mlodozeniec, and Gales 2019) has been
proposed to distill a DE into a single model outputting a
Dirichlet distribution as the second-order prediction. Yet,
one practical challenge in EDD and other Dirichlet-based
methods (DBMs) (Malinin and Gales 2018, 2019; Char-
pentier, Zügner, and Günnemann 2020) is the absence of
ground-truth Dirichlet labels for training. In addition, DBMs
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Figure 1: CED framework for three-class classification (C=3). Given an ensemble teacher composed ofM SNNs, the predicted
probabilities can generate class-wise probability bounds via a credal wrapper (see Sec. 3.1). These intervals form a credal set
for UQ, from which a unique intersection probability is extracted for class prediction. As described in Sec. 3.2, the proposed
credal student is designed to output a vector v := (p∗

S ∈RC,∆pS ∈RC, βS ∈R), each component representing the intersection
probability, the interval length vector, and the weight factor, respectively. The student is trained using a novel distillation loss
introduced in Sec. 3.3. At inference time, p∗

S is employed for class prediction, while v can recover a credal set QS for UQ.

have recently faced criticism for departing from the theoret-
ical tenets of epistemic uncertainty (Ulmer, Hardmeier, and
Frellsen 2023), and failing to provide a meaningful quanti-
tative interpretation of EU (Juergens et al. 2024).

In an alternative approach, credal sets, i.e., convex sets of
probability distributions (Levi 1980), have been employed
for UQ in a broader machine learning context (Zaffalon
2002; Corani and Zaffalon 2008; Corani, Antonucci, and
Zaffalon 2012; Mauá et al. 2017). This method has recently
garnered renewed attention in deep learning. Recent ad-
vancements include modeling both NN weights and outputs
as credal sets (Caprio et al. 2024), deriving credal set pre-
dictions from outputted probability intervals (Wang et al.
2024, 2025c), and wrapping the predictive probabilities of
BNNs and DE as a credal set (Wang et al. 2025a), to name
a few. Although these credal predictors offer improved UQ
compared to BNN and DE baselines, they generally demand
even greater computational resources for inference.

In this context, a research question arises: Can a single
NN predicting a credal set as a second-order representation
be distilled from a DE, which is capable of improving the
UQ performance of existing distillation frameworks?

Novelty and Contributions In response, this paper pro-
poses an innovative distillation framework, termed as credal
ensemble distillation (CED), to distill a DE teacher into a
single model, called CREDIT. The distilled CREDIT can
predict class-wise probability intervals (De Campos, Huete,
and Moral 1994) that can define a credal set.

As illustrated in Figure 1, given multiple predictive soft-
max outputs from a DE teacher, the proposed CED frame-
work first applies the credal wrapper method in (Wang et al.
2025a) to construct class-wise probability intervals. From
these intervals, an intersection probability (Cuzzolin 2022)
is computed—a single probability vector used for class pre-
diction—based on the interval lengths and a scale weight
factor. For a classification task involving C classes, the pro-
posed CREDIT modifies the final classification layer of a
standard neural network architecture to output a vector in
R2C+1. This vector consists of the predicted intersection

probability in RC , the corresponding probability interval
lengths in RC , and a scalar scale weight. CREDIT is trained
using label information distilled from the DE teacher via
a novel distillation loss. At inference time, the intersection
probability is used for class prediction, while the full output
vector enables the reconstruction of a credal set for uncer-
tainty quantification.

While our work employs a recent credal wrapper (Wang
et al. 2025a) to extract credal information from ensembles,
we emphasize that credal ensemble distillation is a novel
task that, to our knowledge, has not been previously ex-
plored. Our objective is to design a novel and simple sin-
gle model capable of learning and retaining the credal infor-
mation from an ensemble, while improving the UQ perfor-
mance of the ensemble and existing distillation approaches.

Empirical experiments on several OOD detection bench-
marks, including different dataset pairs and various network
architectures, demonstrate that CED achieves superior or
comparable uncertainty estimation compared to several ex-
isting ED, EDD, and DE baselines, while substantially re-
ducing inference overhead compared to DE.

The remainder of this paper is organized as follows. Sec. 2
extends the background discussion. Sec. 3 introduces the full
details of our CED. Sec. 4 describes the experimental vali-
dations. Sec. 5 summarizes our conclusion and future work.

2 Background
This section discusses UQ in deep ensembles and different
distillation frameworks.

Deep Ensembles (DE) DE generates an averaged pre-
diction from a set of M individually-trained standard neural
networks (SNNs), as follows:

p̃= 1
M

∑M
m=1SNNm(x)= 1

M

∑M
m=1pm, (1)

where pm represents the single predictive probability vec-
tor from the m-th SNN. In this context, the total uncer-
tainty (TU) and the aleatoric uncertainty (AU) in DE can
be approximately quantified by the Shannon entropy of the
averaged prediction (denoted as H(p̃)) and by averaging
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the Shannon entropy of each sampled prediction (H̃(p))
(Hüllermeier and Waegeman 2021), respectively, as follows:

H(p̃)=−
∑C

k=1p̃k log p̃k

H̃(p)=− 1
M

∑M
m=1

∑C
k=1pm,k log pm,k

. (2)

Here, p̃k and pm,k are the k-th elements of the probability
vectors p̃ and pm, respectively. The level of epistemic uncer-
tainty (EU) can be estimated asH(p̃)−H̃(p) (Depeweg et al.
2018), which can be interpreted as an approximation of mu-
tual information (MI) (Hüllermeier, Destercke, and Shaker
2022; Hüllermeier and Waegeman 2021).

Ensemble Distillation (ED) Given a DE of M trained
SNNs, a single model, ED-Net, can be trained within the
ED framework by minimizing the cross-entropy between its
predictive categorical distribution (p) and the soft label (p̃)
obtained by averaging the ensemble’s output distributions in
eq. (1), as follows (Hinton, Vinyals, and Dean 2015):

N−1∑N
n=1

(
−
∑C

k=1 p̃
n
k log p

n
k

)
. (3)

Here, the superscript n is the index of the N training sam-
ples. ED-Net can merely measure AU by calculating the
classical Shannon entropy as H(p)=−

∑C
k=1pk log pk.

Ensemble Distribution Distillation (EDD) In contrast
to SNNs predicting a single softmax probability, the EDD-
Net model distilled within the EDD framework generates the
parameter vector (denoted as α=RC

+) of a Dirichlet distri-
bution q := Dir(α). Let zedd ∈ RC be the output logits of
EDD-Net; both α and the expected categorical distribution
(denoted as π) under this Dirichlet prior can be calculated
as follows (Malinin, Mlodozeniec, and Gales 2019):

α=exp(zedd)

π= α∑C
k=1 αk

= exp(zedd)∑C
k=1 exp(zeddk )

=softmax(zedd)
. (4)

π is employed for making class prediction. TU and AU
can be measured by the Shannon entropy of π and the ex-
pected entropy of a categorical distribution sampled from the
Dir(α), respectively, as follows:

H(π)=−
∑C

k=1πk log πk

Ep∼Dir(α)(H(p))=−
∑C

k=1
αk

α0

(
ψ(αk+1)−ψ(α0+1)

).
(5)

Here α0 =
∑C

k=1 αk, while ψ denotes the digamma func-
tion. EU is calculated asH(π)−Ep∼Dir(α)(H(p)) (Malinin,
Mlodozeniec, and Gales 2019).

3 Methodology
This section details our credal ensemble distillation (CED)
framework. As shown in Figure 1, a DE teacher comprising
M SNNs generates class-wise probability intervals using a
credal wrapper. These intervals define a credal set for UQ,
from which a unique intersection probability is derived for
class prediction (see Sec. 3.1). To distill a credal predictor
from the DE teacher, we introduce an innovative credal stu-
dent, termed as CREDIT (Sec. 3.2), capable of predicting
the intersection probability, the interval length vector, and a
weight factor for collectively reconstructing the probability
interval systems. Sec. 3.3 proposes our distillation strategy
for effectively training the credal student.

3.1 Credal Wrapper for Ensemble Teacher
A credal wrapper method has been recently proposed to en-
hance the UQ capabilities of DE by generating a credal set
from DE’s M predicted probabilities (Wang et al. 2025a).
Specifically, a set of probability intervals over C classes, de-
noted as [p,p] :={[p

k
, pk]}

C

k=1
, can be computed from

pk= max
m=1,..,M

pm,k, p
k
= min

m=1,..,M
pm,k, (6)

where pm,k is the k-th class value of the m-th predicted
probability pm from DE. These intervals can determine a
valid credal set Q (De Campos, Huete, and Moral 1994) as

Q={p |pk∈ [pk, pk] ∀k}, (7)

while satisfying ∑C
k=1pk≤ 1≤

∑C
k=1pk. (8)

As a result, Q consists of a convex set of valid (normalized)
probability vectors p, whose any k-th probability value pk is
constrained by the probability interval [p

k
, pk].

To derive a unique class prediction from the credal set de-
fined in eq. (7), the credal wrapper (Wang et al. 2025a) com-
putes a normalized intersection probability, p∗, under the as-
sumption of equal trust in the probability intervals across all
classes (Cuzzolin 2022). Mathematically, the k-th element
of p∗ is obtained from

p∗k=pk + β(pk−pk), (9)

where the weight factor β∈ [0, 1] can be computed as

β=
(
1−

∑C
k=1 pk

)
/
(∑C

k=1 ∆pk
)
. (10)

Here, ∆pk denotes the k-th element of the interval length
vector ∆p=p−p.

3.2 Credal Student Design
Architecture Our proposed CREDIT merely modifies the
final classification layer and is compatible with any NN
backbone. Specifically, it replaces standard C output neu-
rons with 2C +1 nodes to predict a vector v := (p∗

S ∈
RC ,∆pS ∈ RC , βS ∈ R), each component corresponding
to the intersection probability, the interval length vector, and
the weight factor, respectively. Let zS ∈R2C+1 be the final
layer logits outputs; then, v is computed as follows:

p∗
S=softmax(zS1:C);∆pS=sigmoid(zSC+1:2C);

βS=sigmoid(zS2C+1)
. (11)

This ensures that p∗
S is normalized, that each k-th interval

length ∆pS,k := pS,k−pS,k ∈ [0, 1], and that βS ∈ [0, 1].
From eq. (9), it is evident that the probability interval vec-
tor [p

S
,pS ] can be reconstructed from the elements of v.

Namely, its k-th element, [p
S,k
, pS,k], can be computed as

p
S,k

=p∗S,k−βS∆pS,k, pS,k=p∗S,k+(1−βS)∆pS,k. (12)

To guarantee that any p
S,k

and pS,k fall in [0, 1], our credal
ensemble distillation enforces:

p
S,k
←max{p

S,k
, 0}, pS,k←min{pS,k, 1}. (13)
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As a result, it can be proved that pS,k−pS,k=∆pS,k∈ [0, 1]
guarantees a valid probability interval for each class and that∑C

k=1 pS,k=
∑C

k=1 p
∗
S,k−βS∆pS,k≤

∑C
k=1 p

∗
S,k=1

≤
∑C

k=1 p
∗
S,k+(1−βS)∆pS,k=

∑C
k=1 pS,k

(14)

satisfy the condition in eq. (7) for defining a valid credal set
for UQ. p∗

S is then employed to predict a unique class.

Uncertainty Quantification To estimate both AU and EU
from a credal set, one can use several measures, includ-
ing the generalized entropy (Abellán, Klir, and Moral 2006)
and the generalized Hartley measure (Abellán and Moral
2000). Due to its broad applicability and computational ef-
ficiency (Wang et al. 2024, 2025a), this study adopts the
generalized entropy measure. In this framework, an up-
per and a lower Shannon entropy, H(QS) and H(QS), are
used to quantify total uncertainty (TU) and AU, respectively
(Hüllermeier and Waegeman 2021). EU can then be esti-
mated via H(QS)−H(QS). Calculating H(QS) here re-
quires solving the following optimization problem:

H(QS)=maximize
∑C

k=1−pk ·log pk
s.t.

∑C
k=1pk=1 and pk∈ [pS,k, pS,k] ∀k=1, ..., C

, (15)

which searches for the maximum entropy value of any pos-
sible probability vector p within QS . The computation of
H(QS), for which the maximize is replaced by minimize,
returns the minimal entropy. Standard solvers, such as the
SciPy optimization package (Virtanen et al. 2020), can be
used to efficiently solve these problems. Moreover, empir-
ical evidence (Wang et al. 2024, 2025a) indicates that the
computational overhead of eq. (15) is marginal, particularly
when C ≤ 10.

3.3 Distillation Strategy
Generalizing cross-entropy (CE) loss, which corresponds to
the Kullback-Leibler divergence, to the task of learning a
credal set (defined by lower and upper probabilities) from
a credal label remains an open research problem (Soubaras
2011; Lienen, Demir, and Hullermeier 2023; Wang et al.
2024). In this context, we propose minimizing the following
loss, Lced, to distill a CREDIT student from the DE teacher:

N−1
∑N

n=1

(∑C
k=1−p∗

n

k log p∗
n

S,k+∑C
k=1(∆p

n
k−∆pnS,k)

2
+(βn−βn

S)
2
). (16)

Here, the superscript n indicates the index of the N training
samples, and pn

S,k
. The first item of Lced is the CE loss be-

tween the intersection probabilities of the DE (p∗) and the
CREDIT (p∗

S). This enables CREDIT to retain the ensem-
ble’s predictive performance—i.e., making a unique class
prediction—since the intersection probability serves as the
most representative single estimate for approximating prob-
abilistic interval systems (Cuzzolin 2022). The second and
third items correspond to classical mean-squared error losses
that guide the student in learning the interval length ∆pS
and the weight factor βS from the DE teacher, i.e., capturing

the imprecision of the probability interval system (credal set)
implied by the DE teacher’s label. Following training, the
probability interval systems in CREDIT are reconstructed
via eq. (12). Semantically, these last two items are equiva-
lent to ∑C

k=1(p
n
k − pnS,k)

2
+
∑C

k=1(p
n
k
− pn

S,k
)
2
,

where pnS,k and pn
k

can be calculated from p∗S,k
n, ∆pnS,k, and

βn
S using eq. (12).
Temperature scaling applied to the CE loss has been

shown to enhance distillation performance (Hinton, Vinyals,
and Dean 2015). This technique is also compatible with our
CED framework, and the complete training procedure incor-
porating temperature scaling is outlined in Algorithm 1.

Algorithm 1: CED with Temperature Scaling
Input: trained DE teacher ({SNNm}Mm=1), temperature T
Output: credal student (CREDIT)

1: while training do
2: compute scaled logits of each SNNm given input x:

zm=SNNm(x)/T
3: calculate the predicted probability of each SNNm:

pm=softmax(zm)
4: extract p∗, ∆p, and β using eqs. (6), (9) and (10)
5: compute scaled logits of the student given input x:

zS=(z1:C/T, zC+1:2C+1) where z= CREDIT(x)
6: calculate p∗

S , ∆pS , and βS using eq. (11)
7: minimize T 2 ·Lced in eq. (16)
8: end while

4 Experimental Validation
To assess the UQ performance of our CED framework, em-
pirical validations are conducted on standard OOD detection
benchmarks (Mukhoti et al. 2023; Mucsányi, Kirchhof, and
Oh 2024). OOD detection is formulated as a binary classifi-
cation task. ID and OOD samples are labeled as 0s and 1s,
and the model’s uncertainty estimate for each sample serves
as its prediction. In this context, models are expected to as-
sign higher EU/TU scores to OOD samples than to ID in-
puts. Thus, improved OOD detection performance serves as
an indicator of better UQ. To quantify OOD detection per-
formance, we report AUROC (Area Under the Receiver Op-
erating Characteristic curve) and AUPRC (Area Under the
Precision-Recall Curve) scores, where higher values reflect
enhanced UQ performance.

Setups The empirical evaluation employs various dataset
pairs (ID vs. OOD data), including CIFAR10 (Krizhevsky,
Nair, and Hinton 2009) vs. SVHN (Hendrycks et al. 2021)
and CIFAR10 vs. CIFAR10-C (Hendrycks and Dietterich
2019). The CIFAR10-C dataset consists of instances that ap-
ply 15 types of corruptions to the CIFAR10 test sets, respec-
tively, with five severity levels per corruption type.

The experiment begins by training 15 SNNs with different
random initializations using the ID training sets. Choosing
15 runs aims to improve the statistical significance of the re-
sults. DEs are constructed by five SNN models (M = 5).
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ID Performance OOD Detection (CIFAR10 vs. SVHN) OOD Detection on (CIFAR10 vs. CIFAR10-C)

Test
ECE

AUROC AUPRC AUROC AUPRC
Accuracy Using EU Using TU Using EU Using TU Using EU Using TU Using EU Using TU

VGG16

DE 93.52±0.07 1.46±0.13 89.99±0.79 91.53±0.72 93.78±0.67 95.09±0.49 93.18±1.99 96.51±1.70 89.41±4.07 95.42±2.07

SNN 91.79±0.11 6.39±0.15 / 89.44±1.78 / 93.71±1.24 / 93.90±2.41 / 91.68±3.48
CED 92.23±0.17 6.71±0.18 93.56±2.17 92.51±1.96 96.09±1.72 95.21±1.52 96.51±1.81 95.56±1.75 95.09±2.36 93.58±2.44
ED 92.18±0.16 6.85±0.16 / 91.07±1.27 / 94.51±0.89 / 94.71±2.20 / 92.72±2.94
EDD* 91.13±0.18 3.84±0.25 90.94±2.41 90.96±2.66 93.66±1.72 93.78±2.11 93.83±1.88 95.45±2.10 87.91±4.32 92.11±3.65

MCDO 91.95±0.13 6.15±0.12 51.42±0.46 89.12±1.63 74.72±0.42 93.64±1.17 51.32±0.50 94.74±2.40 56.58 ± 1.92 93.12±3.10

ResNet50

DE 93.40±0.12 1.32±0.16 89.50±1.05 94.89±0.50 92.22±1.19 97.32±0.33 87.78±2.28 94.08±3.48 78.92±3.67 93.08±3.92

SNN 91.60±0.38 5.81±0.27 / 93.55±0.96 / 96.54±0.65 / 93.24±3.46 / 91.64±4.27
CED 91.77±0.74 6.34±0.59 96.69±1.14 94.80±1.07 98.44±0.64 97.12±0.67 96.80±2.81 95.23±2.74 96.09±4.14 93.78±3.72
ED 92.02±0.22 6.64±0.24 / 94.02±0.55 / 96.50±0.43 / 94.09±2.81 / 92.22±3.69
EDD* 80.38±6.10 10.79±8.12 86.80±8.08 88.75±5.93 93.27±4.74 93.61±3.94 89.48±9.52 91.04±6.75 86.30±12.72 86.76±9.45

Table 1: ID performance (test accuracy and ECE) and OOD detection performance comparison across methods on benchmarks
(CIFAR10 vs. SVHN/CIFAR10-C) involving VGG16 and ResNet50 (in a pre-trained model setting) as backbones. Results (all
in %) are averaged from 15 runs. In terms of OOD detection, ranking legend for consistent use of uncertainty estimates (either
EU or TU): Best, Second best. The highest scores across both EU and TU are indicated with .

AUROC using EU (left) and TU (right) - Backbone: VGG16 AUPRC using EU (left) and TU (right) - Backbone: VGG16

AUROC using EU (left) and TU (right) - Backbone: ResNet50 AUPRC using EU (left) and TU (right) - Backbone: ResNet50

Figure 2: OOD detection (CIFAR10 vs. CIFAR10-C) comparison over increased corruption levels on various backbones.

To prevent distilled models from relying on one particu-
lar DE teacher, we construct 15 DEs by randomly select-
ing 15 distinct subsets of size 5 from the full SNN index
set {1, ..., 15}, ensuring that no ensemble shares an identi-
cal composition. Subsequently, three types of student mod-
els—ED, EDD, and our CED—are distilled from these DEs,
yielding 15 student models per category. All training config-
urations, including batch size, number of epochs, optimizer,
learning rate scheduler, and temperature scaling (T = 2.5)
as recommended by (Hinton, Vinyals, and Dean 2015), are
kept consistent within each student class to ensure fair com-
parison. Additionally, we include a variant of EDD, denoted
as EDD*, which adopts the cyclic learning rate policy, tem-
perature scaling (T = 10), and temperature annealing, fol-
lowing the recipe in the original study (Malinin, Mlodoze-

niec, and Gales 2019). In addition, we include the well-
known Monte Carlo Dropout (MCDO) (Gal and Ghahra-
mani 2016) with 10 forward passes during inference as an
additional baseline.

As the main experiment, all models are implemented on
the established VGG16 architecture (Simonyan and Zisser-
man 2015), and trained from scratch using the CIFAR10
dataset. As an ablation study, we also evaluate the UQ per-
formance of our CED method in a pre-trained model setting.
All models are trained on the CIFAR10 dataset using pre-
trained ResNet-50 backbones (He et al. 2016), following the
same training pipeline as in the main experiment. To accom-
modate the pre-trained models, all input images are resized
to (224, 224, 3). Because no pretrained models are available,
we do not report ResNet50-based MCDO results.
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Results Table 1 presents UQ evaluations on EU and TU
on the OOD benchmarks (CIFAR10 vs. SVHN/CIFAR10-
C). For CIFAR10-C as OOD data, the reported scores are
averaged over 15 corruption types and 5 severity levels. The
EU and TU estimates of DE are computed from eq. (2) in a
standard manner. Figure 2 shows the OOD detection com-
parison on CIFAR10 vs. CIFAR10-C against increased cor-
ruption intensity. Evaluation results for EDD, trained with
the same configurations as ED and CED for a fair compar-
ison, are excluded due to its substantially lower prediction
accuracy, as shown in Table 2.

ACC [VGG16] ECE [VGG16] ACC [ResNet50] ECE [ResNet50]

EDD 74.56±2.02 5.51±0.57 61.15±8.47 8.40±2.06

Table 2: Test ACC and ECE of EDD on CIFAR10 test data
across distinct architectures. All results are in %.

CIFAR10 SVHN

CIFAR10 SVHN

Figure 3: Distributions of EU and TU estimates across mod-
els on the VGG16 (top) and ResNet50 (bottom). 15 runs.

These OOD detection results in Table 1 show that our
CED framework significantly and consistently improves EU
estimation over baseline methods, as reflected by enhanced
OOD detection performance across diverse dataset pairs and
backbone architectures. For TU estimation, CED achieves

superior or comparable performance over baselines, ranking
among the top two in most cases. Furthermore, the compar-
ison of OOD detection scores using both EU and TU in Ta-
ble 1 and Figure 2 shows that CED’s EU estimates yield the
best performance in most cases. This highlights the impor-
tance of improving EU quantification for reliable OOD de-
tection. As a summary, these empirical results establish CED
as a principled alternative distillation framework for UQ. In
this setting, EU estimation with MCDO becomes unreliable,
likely due to limited model diversity.

In addition, Table 1 also presents test accuracy and ex-
pected calibration error (ECE) (Guo et al. 2017) on the CI-
FAR10 test set for various models. A lower ECE value sig-
nifies a closer alignment between the model’s confidence
scores and the true probabilities of the events (Guo et al.
2017; Nixon et al. 2019). The results indicate that distilla-
tion enhances the predictive accuracy of individual SNNs,
and our CED approach achieves performance comparable
to baseline distillation methods. Note that the ECE metric
used here is designed for single-probability predictions, and
a principled extension of ECE to credal-set predictions is
needed for a fair comparison (Wang et al. 2024).

Qualitative Evaluation Figure 3 displays kernel den-
sity plots of EU and TU estimates on CIFAR10 (ID) and
SVHN (OOD) samples for DE, CED, and EDD*, across
different backbone architectures. While the EU and TU es-
timates are not directly comparable across methods due to
differing uncertainty representations, CED consistently ex-
hibits substantially higher EU and TU values for OOD sam-
ples relative to ID instances, as qualitatively observed.

It is worth noting that in the VGG16 case in Figure 3, al-
though EDD* yields more distinct density peaks in EU and
TU estimates for OOD samples, the uncertainty distributions
for ID samples also exhibit considerable density near the
OOD peaks. This overlap aligns with the lower OOD de-
tection performance of EDD* compared to DE and CED, as
reported in Table 1. The peaks for EDD* on ResNet50 stem
from its low test accuracy (Table 1), which results in more
misclassified ID samples with high uncertainty.

Ablation Study on Teacher Ensemble Size This ex-
periment assesses the UQ performance of our CED across
varying ensemble sizes of the teacher model. Using the same
training procedure as in the main experiment, we consider
DE teachers with M ∈ {5, 15, 25, 30} for distillation.

Figure 4 presents the OOD detection performance involv-
ing the VGG16 backbone for CIFAR10 vs. SVHN and CI-
FAR10 vs. CIFAR10-C, respectively. The results reveal the
following observations: Unlike the DE teacher, where in-
creasing the ensemble size consistently improves UQ per-
formance, no such clear trend is observed for either CED or
EDD*. The consistently strong OOD detection scores with
EU, along with comparable results using TU, highlight the
high potential of our CED approach for UQ, particularly
given the significantly lower inference complexity compared
to DE with larger ensemble sizes.

Ablation Study on Effect of Temperature Scaling This
experiment empirically investigates the effect of various
temperature scaling on the UQ performance of our CED.
Using the same training procedure as in the main experi-
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OOD detection using EU (left) and TU (right) 

OOD detection using EU (left) and TU (right) 

OOD detection using EU (left) and TU (right) 

OOD detection using EU (left) and TU (right) 

Figure 4: OOD detection performance with increasing ensemble sizes of the DE teacher. Left: CIFAR10 vs. SVHN. Right:
CIFAR10 vs. CIFAR10-C. Backbone: VGG16.

ment, we consider T ∈ {1, 2.5, 5, 10} (recommended by
(Hinton, Vinyals, and Dean 2015)) for distillation. Fig-
ure 5 presents the OOD detection scores on CIFAR10 vs.
SVHN/CIFAR10-C using the VGG16 backbone across var-
ious temperature scaling values. The results indicate that
temperature scaling improves the UQ performance of our
CED method, although excessively high values (i.e., T =
10.0) degrade performance. Among the tested values, T =
2.5 consistently yields the best results, aligning with the
findings of Hinton, Vinyals, and Dean (2015).

OOD (CIFAR10 vs. SVHN) using EU (left) and TU (right) 

OOD (CIFAR10 vs. CIFAR10-C) using EU (left) and TU (right) 

Figure 5: OOD detection performance over increased tem-
perature T values. Backbone: VGG16.

Complexity Table 3 presents the inference times in sec-
onds on the CIFAR10 test set using a single P100 GPU.
While CED introduces a slight increase in inference com-

DE CED EDD*

Inference time 5×(2.22±0.20) 2.26±0.23 2.22±0.20

Training time 5×(130.07±0.24) 659.52±11.82 684.54±5.05

Table 3: Inference time (s) comparison on CIFAR10 test set.

plexity compared to other distillation methods—due to ad-

ditional output layer nodes—it remains significantly more
efficient than DE. In addition, the training time per epoch
in seconds using a single P100 GPU in Table 3 shows that
training CED is simpler than training EDD*, as CED does
not require a sophisticated learning rate scheduler or tem-
perature annealing.

Additional experimental details, ablation studies on the
ResNet18 backbone, and a case study on real-world medical
image classification are provided in the extended version.

5 Conclusion and Future Work
This work presented credal ensemble distillation (CED), a
novel framework that compresses a deep ensemble (DE)
teacher into a single model, CREDIT, for classification
tasks. Instead of a single softmax probability distribution,
CREDIT is capable of predicting class-wise probability in-
tervals that define a credal set for uncertainty quantification.
Empirical results on out-of-distribution detection bench-
marks demonstrated that CED achieves superior or com-
parable uncertainty estimation compared to several existing
ED, EDD and DE baselines, while substantially reducing
inference overhead compared to DE. We believe that these
promising results could position our credal ensemble distil-
lation as a principled and scalable alternative for uncertainty
quantification in deep neural classifiers.

One direction for future work is to enhance the scalability
of CED, enabling its application to classification tasks in-
volving a significantly larger number of classes (e.g., 100 or
1000). A key challenge in the current CED setting is that the
softmax activation used in DE teacher produces extremely
small probability values (near zero) for most classes, which
could potentially destabilize the regression component of
the distillation loss during training and undermine the ro-
bustness of CED’s uncertainty quantification. Another future
goal is to integrate calibration considerations into the design
of the distillation strategy, with the aim of achieving compa-
rable or better calibration performance than the DE teacher.
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