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Abstract
Proper quantification of predictive uncertainty is essential
for the use of machine learning in safety-critical applica-
tions. Various uncertainty measures have been proposed for
this purpose, typically claiming superiority over other mea-
sures. In this paper, we argue that there is no single best mea-
sure. Instead, uncertainty quantification should be tailored to
the specific application. To this end, we use a flexible fam-
ily of uncertainty measures that distinguishes between total,
aleatoric, and epistemic uncertainty of second-order distribu-
tions. These measures can be instantiated with specific loss
functions, so-called proper scoring rules, to control their char-
acteristics, and we show that different characteristics are use-
ful for different tasks. In particular, we show that, for the task
of selective prediction, the scoring rule should ideally match
the task loss. On the other hand, for out-of-distribution de-
tection, our results confirm that mutual information, a widely
used measure of epistemic uncertainty, performs best. Fur-
thermore, in an active learning setting, epistemic uncertainty
based on zero-one loss is shown to consistently outperform
other uncertainty measures.

1 Introduction
Uncertainty quantification (UQ), the assessment of a
model’s uncertainty in predictive tasks, has become an in-
creasingly prominent topic in machine learning research and
practice. A common distinction is made between aleatoric
and epistemic uncertainty (Hüllermeier and Waegeman
2021). Broadly speaking, aleatoric uncertainty originates
from the inherent stochastic nature of the data-generating
process, while epistemic uncertainty is due to the learner’s
incomplete knowledge of this process. The latter can there-
fore be reduced by acquiring additional information, such as
more training data, whereas aleatoric uncertainty, as a char-
acteristic of the data-generating process, is non-reducible.

Due to inherent challenges in representing epistemic un-
certainty, higher-order formalisms, most notably second-
order distributions (i.e., distributions over distributions), are
typically employed. Given a suitable uncertainty represen-
tation, the key question that follows is how to appropri-
ately quantify (total) uncertainty in terms of a numerical
value, and how to decompose it into an aleatoric and an epis-
temic component. This choice has important consequences
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for downstream tasks, e.g., it determines which examples are
abstained on, which inputs are flagged as out-of-distribution,
or which unlabeled points are queried, and poor uncertainty
quantification can thus mask true performance or misguide
decisions even if the base predictor is strong.

For second-order uncertainty representations, entropy-
based measures have long been the default choice (Depeweg
et al. 2018). Yet recent work (Wimmer et al. 2023) questions
whether these metrics truly satisfy the core criteria of sound
uncertainty quantification. Consequently, exploring alterna-
tive uncertainty measures is a natural and necessary step
toward overcoming the limitations of existing approaches.
However, much of the prior work treats these alternatives
as general competitors rather than asking which uncertainty
measure is appropriate for a specific downstream objective,
leading to conflicting or opaque conclusions.

Uncertainty measures in the machine learning literature
have largely been treated as a one-size-fits-all solution, with
little emphasis on adapting to specific tasks. However, recent
work (Mucsányi, Kirchhof, and Oh 2024) suggests that dif-
ferent tasks may require tailored uncertainty measures. Cru-
cially, in the absence of an observable baseline, uncertainty
measures are typically evaluated empirically through (down-
stream) tasks such as selective prediction, out-of-distribution
(OoD) detection, or active learning, each of which may re-
quire different uncertainty measures.

These considerations highlight the need for a more flex-
ible approach to uncertainty quantification, one that aligns
with the specific requirements of underlying tasks. Accord-
ingly, leveraging a classical decomposition of proper scoring
rules, we adopt a loss-based family of total, aleatoric, and
epistemic uncertainty measures that subsumes traditional
measures as a special case (Sale et al. 2024b; Hofman, Sale,
and Hüllermeier 2024b; Kotelevskii et al. 2025).

While recent work has explored this family of mea-
sures theoretically and cast them as alternatives to the static
entropy-based approach, it has largely overlooked the most
critical factor: the downstream machine learning task used
to (empirically) evaluate the entire uncertainty pipeline. By
tying uncertainty measures directly to each task’s evaluation
loss, we demonstrate that instantiating an uncertainty mea-
sure with that same loss yields optimal alignment with the
task’s objectives. We demonstrate this both theoretically and
empirically. Theoretically, we establish a formal connection
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between task losses and the losses used to construct uncer-
tainty measures, showing that optimal uncertainty quantifi-
cation requires alignment between these components. Em-
pirically, we validate our framework across important down-
stream tasks, including selective prediction, OoD detection,
and active learning, confirming that different tasks bene-
fit from different uncertainty measures. Together, these re-
sults expose why common one-size-fits-all practices can be
misleading and motivate more deliberate, task-aware uncer-
tainty evaluation.

2 Uncertainty in Machine Learning
In this paper, we consider a standard supervised learning set-
ting, in which a learner is given access to a set of i.i.d. train-
ing data Dtrain = {(xi, yi)}ni=1 ∈ (X × Y)n, where X
denotes the instance space and Y the set of outcomes. We
focus on the classification scenario, where Y = {1, . . . ,K}
consists of a finite set of class labels. Additionally, we de-
note by P(Y) the set of all probability measures on Y , which
can be identified with the (K − 1)-simplex ∆K . We con-
sider a hypothesis space H, where each hypothesis h ∈ H
maps instances x to probability distributions on outcomes.
For brevity, we write h(x) = θ̂ for the probabilistic pre-
diction produced by the hypothesis h ∈ H, where θ̂ =

(θ̂1, . . . , θ̂K) ∈ ∆K . Similarly, θ = (θ1, . . . , θK) denotes
the ground-truth (conditional) probability distribution on the
outcomes given a query instance x ∈ X . Finally, we denote
the extended real number line by R ..= R ∪ {−∞,+∞}.

Uncertainty Representation. A probabilistic model h pre-
dicts a probability distribution that captures aleatoric uncer-
tainty about the outcome y ∈ Y , but pretends full certainty
about the distribution θ itself. In order to represent epistemic
uncertainty, we consider a Bayesian representation of uncer-
tainty. Hence, we assume that we have access to a posterior
distribution q(h | D). The posterior distribution gives rise to
a distribution over distributions θ through

Q(θ) =

∫
H

Jh(x) = θK dq(h | D) ,

with Q ∈ ∆
(2)
K and ∆

(2)
K denotes the set of all probabil-

ity distributions on ∆K (viz. second-order distributions). To
make predictions, a representative first-order distribution is
generated by model averaging θ̄ =

∫
H h(x) dq(h | D). In

practice, we usually only have access to samples of the pos-
terior, e.g., through an ensemble of predictors. Thus, we use
a finite approximation θ̄ = 1

M

∑M
m=1 h

m(x), where M de-
notes the number of ensemble members or samples drawn
from the posterior in the case of e.g. variational inference.

Uncertainty Quantification. Given a second-order distri-
bution Q ∈ ∆

(2)
K , the task of uncertainty quantification

is to specify functionals (namely, uncertainty measures)
TU,AU,EU : ∆

(2)
K → R≥0 that quantify total, aleatoric,

and epistemic uncertainty, respectively. Particularly, a well-
known decomposition of proper scoring rules yields a theo-
retically principled family of uncertainty measures, flexibly
instantiated by the choice of the loss function.

Proper scoring rules, originating in Savage’s elicitation
framework (Savage 1971) and developed further by Gneiting
and Raftery (2007), assign numerical scores to probabilistic
forecasts and incentivize truthful reporting. A scoring rule is
proper if a forecaster’s expected score is optimized exactly
when the announced distribution equals their true belief, and
strictly proper if this optimizer is unique. Further, a function
Y → R is called ∆K-quasi-integrable if it is measurable
with respect to 2Y , and is quasi-integrable with respect to all
θ ∈ ∆K . We assume scoring rules to be negatively oriented,
thus taking a standard machine learning perspective where
we wish to minimize the corresponding loss.
Definition (Proper scoring rule). A scoring rule is a measur-
able function ℓ : ∆K × Y → R such that, for all θ̂ ∈ ∆K ,
the expectation

Lℓ(θ̂,θ) ..= EY∼θ

[
ℓ(θ̂, Y )

]
(1)

is well defined for every θ ∈ ∆K . The scoring rule ℓ is
proper if, for all θ̂,θ ∈ ∆K ,

Lℓ(θ,θ) ≤ Lℓ(θ̂,θ), (2)

and strictly proper if equality in (2) holds only when θ̂ = θ.
It is well-known that (strictly) proper scoring rules (and

with them their corresponding expected losses) can be de-
composed into a divergence term and an entropy term,
respectively (Gneiting and Raftery 2007; Kull and Flach
2015):

Dℓ(θ̂,θ) = Lℓ(θ̂,θ)− Lℓ(θ,θ), Hℓ(θ) = Lℓ(θ,θ).

The latter captures the expected loss that materializes
even when the ground truth θ is predicted, whereas the for-
mer represents the “excess loss” that is caused by predicting
θ̂ and hence deviating from the optimal prediction θ. This
decomposition naturally aligns with the distinction between
irreducible (aleatoric) and reducible (epistemic) uncertainty:
Hℓ(θ) is the irreducible part of the risk, and hence relates to
aleatoric uncertainty, whereas Dℓ(θ̂,θ) is purely due to the
learner’s imperfect knowledge, or epistemic state, and could
in principle be reduced by additional information.

So far, our discussion has focused on first-order distribu-
tions, assuming access to the true conditional distribution
θ. In practice, however, and as previously motivated, uncer-
tainty about θ is represented through a second-order distri-
bution Q. Consequently, it is sensible to define

EU(Q) = Eθ∼Q[Dℓ(θ̄,θ)] (3)

= Eθ∼Q[Lℓ(θ̄,θ)− Lℓ(θ,θ)] (4)

= Eθ∼Q[Lℓ(θ̄,θ)]︸ ︷︷ ︸
TU(Q)

−Eθ∼Q[Lℓ(θ,θ)]︸ ︷︷ ︸
AU(Q)

. (5)

That is, EU is the gain — in terms of loss reduction — the
learner can expect when predicting, not on the basis of the
uncertain knowledge Q, but only after being revealed the
true θ. Intuitively, this is plausible: The more uncertain the
learner is about the true θ (i.e., the more dispersed Q), the
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more it can gain by getting to know this distribution. The
connection to proper scoring rules is also quite obvious: To-
tal uncertainty in (5) is the expected loss of the learner when
predicting optimally (θ̄) on the basis of its uncertain belief
Q. It corresponds to the expectation (with regard to Q) of the
expected loss (1). Broadly speaking, we average the score of
the prediction θ̄ over the potential ground-truths θ ∼ Q.
Aleatoric uncertainty is the expected loss that remains, even
when the learner is perfectly informed about the ground-
truth θ before predicting. Again, we average over the po-
tential ground-truths θ ∼ Q. Epistemic uncertainty is the
difference between the two, i.e., the expected loss reduction
due to information about θ. When ℓ is taken to be a strictly
proper scoring rule, (3) is also known as the Bregman infor-
mation (Banerjee, Guo, and Wang 2004). We discuss three
important loss-instantiations of the uncertainty measures:
(1) Log loss: Instantiating the uncertainty measures (5) with

the log loss ℓ(θ̂, y) = − log(θ̂y) yields

S(θ̄)︸︷︷︸
TU(Q)

= Eθ∼Q[S(θ)]︸ ︷︷ ︸
AU(Q)

+Eθ∼Q[KL(θ ∥ θ̄)]︸ ︷︷ ︸
EU(Q)

,

where S(·) and KL(· ∥ ·) denote the Shannon entropy
and Kullback-Leibler divergence, respectively. Clearly,
the log loss instantiations correspond to the entropy-
based measures (Depeweg et al. 2018). Although these
measures have been criticized (Wimmer et al. 2023),
they remain the most commonly used uncertainty mea-
sures in the classification setting.

(2) Brier loss (or quadratic loss): Similarly, fixing ℓ(θ̂, y) =∑K
k=1(θ̂k − Jk = yK)2 yields

1−
K∑

k=1

θ̄2k︸ ︷︷ ︸
TU(Q)

= Eθ∼Q

[
1−

K∑
k=1

θ2k

]
︸ ︷︷ ︸

AU(Q)

+Eθ∼Q

K∑
k=1

(θ̄k − θk)
2

︸ ︷︷ ︸
EU(Q)

The Brier loss (Brier 1950) is another strictly proper
scoring rule, which is often used as a measure of cali-
bration (Minderer et al. 2021; Clarté et al. 2023). The
decomposition generates the measures of expected Gini
impurity for aleatoric uncertainty. The Gini impurity
quantifies the probability of misclassification when pre-
dicting randomly according to the ground-truth distribu-
tion, i.e. θ̂ = θ. The measure of epistemic uncertainty is
the expected squared difference. This measure has also
been proposed by Smith and Gal (2018).

(3) Zero-one loss: With ℓ(θ̂, y) = 1 − Jargmaxk θ̂k = yK,
we get the following instantiations:

1−max
k

θ̄k︸ ︷︷ ︸
TU(Q)

= Eθ∼Q[1−max
k

θk]︸ ︷︷ ︸
AU(Q)

+ Eθ∼Q[max
k

θk − θargmaxk θ̄k ]︸ ︷︷ ︸
EU(Q)

.

The aleatoric component is the expected complement of
the confidence. Assuming θ̂ = θ, it quantifies the prob-
ability of misclassification when predicting the class

with the highest probability. Quantifying uncertainty on
the basis of the confidence of the model is common
(Hendrycks and Gimpel 2017), but in a second-order
representation, this measure has not been used before.
Interestingly, this component aligns with the measure of
aleatoric uncertainty proposed and axiomatically justi-
fied by Sale et al. (2024a). The epistemic component
of this decomposition has, to the best of our knowledge,
not been used in machine learning so far. It is minimized
when all first-order distributions θ in the support of the
second-order distribution Q have the same argmax as
the Bayesian model average θ̄, where the support is de-
fined as supp(Q) = {θ ∈ ∆K : Q(θ) > 0}. Mini-
mizing this component guarantees that every first-order
distribution in the support of Q agrees on the class with
highest probability (i.e., consensus on the most likely
class), but it does not eliminate all epistemic uncertainty
about the true conditional distribution θ. In particular,
variability in the assigned probability mass, such as how
confident the predictors are about that top class or how
much weight is placed on runner-up classes, can per-
sist. Put differently, the zero-one loss epistemic mea-
sure only captures label-level disagreement about which
class is most likely and is blind to finer-grained uncer-
tainty in the shape of the distributions; even when it is
zero, Q may still be diffuse and reflect unresolved un-
certainty about θ beyond the predicted label.

Remark. Let ℓ : ∆K ×Y → R be a strictly proper scoring
rule with associated convex potential G : ∆K → R such that
Dℓ(θ̂,θ) = Lℓ(θ̂,θ)− Lℓ(θ,θ) is the Bregman divergence
induced by G. For a second-order distribution Q ∈ ∆

(2)
K , let

θ̄ ..= Eθ∼Q[θ] denote the (Bayesian) model average. Then,
the measure of epistemic uncertainty (3) is exactly a Jensen
gap of the convex potential G, which measures how spread
out the posterior over first-order predictions is:

EU(Q) = Eθ∼Q [G(θ)]−G
(
θ̄
)
.

This is easy to see: By the convex-potential representation
of strictly proper scoring rules (Gneiting and Raftery 2007),
Dℓ(θ̂,θ) = G(θ) − G(θ̂) − ⟨∇G(θ̂), θ − θ̂⟩. With the
prediction θ̂ = θ̄ and taking the expectation over Q,

EU(Q) = E[Dℓ(θ, θ̄)]

= E[G(θ)]−G(θ̄)−
〈
∇G(θ̄), E[θ − θ̄]

〉
= E[G(θ)]−G(θ̄),

since E[θ − θ̄] = 0. Thus, EU(Q) = 0 iff Q is a point
mass at θ̄; more generally, EU is monotone in the convex
order, if Q′ is more dispersed than Q but has the same mean,
then EU(Q′) ≥ EU(Q). This characterization is epistemi-
cally appealing: EU grows precisely with posterior disper-
sion about the unknown ground-truth distribution and van-
ishes only when the learner’s belief collapses to a single θ,
i.e., when no epistemic uncertainty remains.

3 Customized Uncertainty Quantification
Throughout, we write L(∆K ,Y) to denote the collection of
all proper scoring rules ℓ : ∆K × Y → R. Moreover, let Uℓ
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Figure 1: Selective prediction with different task losses using the total uncertainty component as the rejection criterion where
(a) uses the log loss as task loss, (b) zero-one loss, and (c) the Brier loss, respectively. Results are averaged over three runs.

denote a mapping ∆
(2)
K −→ R≥0, where ℓ ∈ L(∆K ,Y).

Task Loss vs. Uncertainty Loss. In real-world settings, we
do not measure uncertainty purely for its own sake, but to
understand to what extent it informs and improves perfor-
mance on the downstream task. In typical machine learning
tasks, performance is evaluated on held-out test data Dtest

using a loss function ℓtask, which we call the task loss. To
distinguish it from the scoring rule ℓ that parametrizes the
uncertainty measure Uℓ, we refer to that rule as the uncer-
tainty loss. The task loss may have the same structure as the
uncertainty loss, i.e., ℓtask : ∆K × Y → R≥0 quantifies the
cost associated with predicting the probability distribution
θ̂ ∈ ∆K when the true outcome is y ∈ Y , and the overall
loss is the average over the predictions on Dtest. In general,
however, ℓtask can be a complex loss function that is neither
defined in an instance-wise manner nor decomposable over
the data points in Dtest. In selective prediction, for example,
the performance is determined by the ordering of the data
points (according to their uncertainty). Thus, a loss cannot
be assigned to an individual data point anymore. Instead, the
uncertainty score assigned to a data point can only be as-
sessed in comparison to others. We say a scoring rule ℓ is
better aligned with the task loss ℓtask than another rule ℓ′

if using its induced uncertainty measure Uℓ yields a strictly
lower (expected) task loss than using Uℓ′ .

3.1 Selective Prediction
Selective prediction is a task where the model can abstain
from making a prediction on some inputs if it is uncer-
tain about the correct outcome. Usually, performance on
this task is measured using a hold-out dataset, for exam-
ple, a test set. Formally, let the test set be denoted as
Dtest = {(xi, yi)}ni=1, where for each instance xi, a predic-
tive model outputs a second-order distribution Qi ∈ ∆

(2)
K .

Further, for α ∈ [0, 1] let k = ⌊αn⌋ be a (fixed) rejection
level, which dictates the number of instances for which the
model is allowed to abstain from making a prediction. The
permutation π of {1, . . . , n} is defined so that

Uℓ(Qπ(1)) ≥ Uℓ(Qπ(2)) ≥ · · · ≥ Uℓ(Qπ(n)).

In other words, the permutation π sorts instances by their
uncertainty, as quantified by the measure Uℓ. Again, let ℓ ∈
L(∆K ,Y) be a loss function. Then, the area under the loss-
rejection curve (AULC) is defined as

AULC =

∫ 1

0

 1

⌊αn⌋

⌊αn⌋∑
j=1

ℓ∗(θ̂π(j), yπ(j))

 dα. (6)

Taking the expectation (over the randomness in the labels)
in (6) yields the expected AULC. In the context of selective
prediction, AULC can be interpreted as the task loss ℓtask, as
it quantifies the expected prediction error over varying levels
of instance rejection. We call ℓ⋆ in (6) auxiliary task loss.
Proposition 1. Let θ̂ ∈ ∆K be a (first-order) prediction
and ℓ ∈ L(∆K ,Y). Then, the expected AULC is minimized
by ordering test instances in non-decreasing order of their
(instance-wise) expected loss Ey∼θ

[
ℓ(θ̂, y)

]
.

Proof. For α ∈ [0, 1], the area under the loss-rejection curve
(AULC) is defined as

AULC =

∫ 1

0

 1

⌊αn⌋

⌊αn⌋∑
j=1

ℓ(θ̂π(j), yπ(j))

 dα.

Define cπ(j)
..= E

[
ℓ(θ̂π(j), yπ(j))

]
. Then, the expected area

under the loss-rejection curve is given by

E[AULC] =

∫ 1

0

 1

⌊αn⌋

⌊αn⌋∑
j=1

E
[
ℓ(θ̂π(j), yπ(j))

] dα

=

∫ 1

0

 1

⌊αn⌋

⌊αn⌋∑
j=1

cπ(j)

 dα. (7)

Consequently, we can approximate the integral by a Rie-
mann sum with step ∆α = 1

n :

E[AULC] ≈ 1

n

n∑
k=1

1

k

k∑
j=1

cπ(j)


︸ ︷︷ ︸

=:S(π)

.
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Dataset Method log loss Brier loss zero-one loss

CIFAR-100
Dropout 0.829±0.000 0.822±0.000 0.702±0.001

Ensemble 0.860±0.001 0.852±0.002 0.762±0.002

Laplace 0.845±0.002 0.836±0.001 0.808±0.001

PLACES365
Dropout 0.837±0.001 0.828±0.001 0.714±0.002

Ensemble 0.856±0.002 0.846±0.002 0.758±0.005

Laplace 0.863±0.003 0.850±0.003 0.825±0.004

SVHN
Dropout 0.835±0.000 0.830±0.000 0.701±0.002

Ensemble 0.872±0.005 0.868±0.005 0.776±0.007

Laplace 0.865±0.005 0.856±0.004 0.826±0.006

Table 1: OoD detection with CIFAR-10 as in-Distribution data based on epistemic uncertainty. The mean and standard deviation
of the AUROC over three runs are reported. Best results are highlighted in bold.

Then, interchanging the order of summation yields

S(π) =
n∑

k=1

k∑
j=1

1

k
cπ(j) =

n∑
j=1

cπ(j)

n∑
k=j

1

k
.

With weights wj =
∑n

k=j
1
k we finally get S(π) =∑n

j=1 wj cπ(j). Since w1 ≥ w2 ≥ · · · ≥ wn > 0, the rear-
rangement inequality implies that the sum

∑n
j=1 wj cπ(j) is

minimized when cπ(1) ≤ cπ(2) ≤ · · · ≤ cπ(n).

Now, if θ̂ = θ̄, then considering the expectation (with
respect to the learner’s belief Q) over Ey∼θ

[
ℓ(θ̄, y)

]
yields

the measure of total uncertainty in (5). This leads to an im-
portant observation: In selective prediction, when determin-
ing the ordering of test instances (e.g., based on uncertainty
measures), the most sensible strategy to minimize the ex-
pected AULC, as established in Theorem 1, is to order them
according to the (predicted) total uncertainty with uncer-
tainty loss ℓ given by ℓ∗ in (6).

As an aside, let us note that loss-rejection curves (or, anal-
ogously, accuracy-rejection curves) are commonly used as a
means to evaluate aleatoric and epistemic uncertainty mea-
sures, too, which means the curves are constructed for these
measures as selection criteria (Hüllermeier, Destercke, and
Shaker 2022; Sale et al. 2024b). In light of our finding that
total uncertainty is actually the right criterion, this prac-
tice may appear somewhat questionable, as it means that
aleatoric and epistemic uncertainty measures are evaluated
on a task they are actually not tailored to.

Empirical Results. We generate loss-rejection-curves by
rejecting the predictions for instances on which the predictor
is most uncertain and computing the loss on the remaining
subset (Hühn and Hüllermeier 2008). Given a good uncer-
tainty quantification method, the loss should monotonically
decrease with the percentage of rejected instances, because
the model misclassifies instances with low uncertainty less
often than instances with high uncertainty.

In particular, we train a RandomForest classifier, an
ensemble of decision trees, on the COVERTYPE dataset
(Blackard and Dean 1999). In Figure 1 we show the results
for three different task losses using total uncertainty as the
rejection criterion. This validates the theory: the rejection

ordering is optimal when the uncertainty loss is aligned with
the task loss. The effect is most pronounced with zero-one
loss, the canonical loss for selective prediction (Nadeem,
Zucker, and Hanczar 2010; Geifman and El-Yaniv 2017).
Experimental details and additional experiments with vary-
ing uncertainty components, models, and datasets are de-
ferred to the supplementary material. The code is at: https:
//github.com/pwhofman/task-specific-uncertainty.

Finally, two practical caveats are worth noting. The op-
timal ordering in Theorem 1 presumes that the uncertainty
values faithfully reflect the instance-wise expected loss;
poor posterior approximations will blur that ranking and
weaken the gains, so investing in better second-order beliefs
(e.g., via ensembling etc.) improves selective prediction in
practice. Conversely, using only aleatoric or only epistemic
components as selection criterion, rather than total uncer-
tainty aligned with the task loss, can be misleading.

3.2 Out-of-Distribution Detection
Another complementary downstream task to assess and
compare the quality of uncertainty quantification is out-of-
distribution (OoD) detection. We first train the model on in-
distribution (iD) data and evaluate its uncertainty on held-
out iD test instances. Then, we present the model with OoD
samples and compute their uncertainties as well. Because
the model has not seen the OoD domain during training, it
should register higher epistemic uncertainty on those inputs.
Being able to separate iD from OoD points is essential for
reliability, since predictions outside the training distribution
are inherently less trustworthy.

Empirical Results. We train a ResNet18 (He et al. 2016)
on CIFAR-10 and approximate the second-order predic-
tive distribution using three methods: deep ensembles (Lak-
shminarayanan, Pritzel, and Blundell 2017), Monte Carlo
Dropout (Gal and Ghahramani 2016), and a Laplace ap-
proximation around the trained parameters (Daxberger et al.
2021). Table 1 reports epistemic uncertainty performance
on OoD datasets with CIFAR-10 as the in-distribution data,
comparing three loss-based instantiations of the epistemic
uncertainty measure (3). The results show that epistemic un-
certainty measures instantiated with the log loss (i.e., mu-
tual information) achieves the best OoD performance, which
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Figure 2: Active learning with different datasets using the epistemic uncertainty component to query new instances, where (a)
is based on the MNIST dataset, (b) TISSUEMNIST, and (c) BLOODMNIST, respectively. Results are averaged over three runs.

may be explained by the log loss penalizing over-confident
predictions, thus improving the separation of iD and OoD
samples. This aligns with, and helps justify, its widespread
use in second-order uncertainty representations for OoD de-
tection (Mucsányi, Kirchhof, and Oh 2024). On the con-
trary, the zero-one loss ignores the confidence magnitude.
Epistemic uncertainty is zero when the argmaxes “agree”,
yielding a weaker separation signal. Additional results us-
ing IMAGENET (Deng et al. 2009) and FOOD101 (Bossard,
Guillaumin, and Gool 2014) as iD data are reported in the
supplementary material; they further underscore the supe-
rior performance of the log-loss–based instantiation of (3).

We note that OoD detection is qualitatively different from
selective prediction or active learning because the “task” it-
self is shaped by how the OoD examples are constructed.
Covariate shifts, semantic shifts, near- versus far-OoD, and
synthetic versus natural perturbations all induce different
separability structures between in- and out-of-distribution
data, so any ranking-based metric, such as the AUROC used
here, conflates properties of the uncertainty measure with the
particular flavor of shift being evaluated. That mutual infor-
mation (the log loss instantiated epistemic uncertainty mea-
sure) performs best in our experiments indicates it is espe-
cially sensitive to the kinds of unfamiliarity present in these
benchmarks; however, this performance should not be inter-
preted as universally dominant without qualification. For ex-
ample, Li et al. (2025) critically re-examine common OoD
detection pipelines and argue that many of them are effec-
tively asking the wrong questions, conflating surrogate sig-
nals with the underlying notion of “out-of-distributionness”.

This finding, too, echoes the paper’s central message: the
“best” uncertainty measure depends on the downstream task
(there is no one size fits all). In selective prediction, aligning
the uncertainty loss with the task loss yields optimal behav-
ior, whereas in the OoD detection benchmarks, the log loss
instantiation of epistemic uncertainty (mutual information)
empirically separates familiar from unfamiliar inputs most
reliably, albeit with the caveat that its dominance can depend
on the specific distribution shift and evaluation setup.

3.3 Active Learning
Active learning is another popular downstream task that is
frequently used to evaluate uncertainties, since its success
hinges on identifying examples about which the model is
most uncertain in an epistemic sense and thus will bene-
fit most from labeling (Nguyen, Shaker, and Hüllermeier
2022). Its objective is to reach strong performance with as
few labels as possible. Beginning from a (small) labeled
seed set, the learner iteratively selects unlabeled examples
to be annotated by an oracle. Many query strategies leverage
epistemic uncertainty (Nguyen, Destercke, and Hüllermeier
2019; Kirsch, van Amersfoort, and Gal 2019; Margraf et al.
2024). The source of (epistemic) uncertainty we care about
in this setting is label disagreement: whether plausible pre-
dictive distributions disagree on the most likely class. Ac-
cordingly, the uncertainty measure should directly reflect
that disagreement. Many common measures instead con-
flate label-level ambiguity with other sources of epistemic
uncertainty, for example, uncertainty about the full first-
order distribution, even when all plausible predictors agree
on the top label. That extra sensitivity can cause less effec-
tive queries, whereas the zero-one loss instantiation isolates
true disagreement on the predicted label. Here, we run pool-
based active learning: in each round, we score candidates us-
ing different instantiations of the epistemic uncertainty mea-
sure (3) and query the highest-uncertainty examples.

Empirical Results. We use MNIST (LeCun et al. 1998),
FASHIONMNIST (Xiao, Rasul, and Vollgraf 2017), and mul-
ticlass subsets of the MEDMNIST collection (Yang et al.
2023). The benchmark includes both color and grayscale
tasks; for color inputs we employ a small convolutional ar-
chitecture based on the LeNet (LeCun et al. 1998) archi-
tecture, and for grayscale data a small fully connected net-
work. The second-order predictive distribution is approxi-
mated via Monte Carlo Dropout, as is standard in image-
based active learning (Gal, Islam, and Ghahramani 2017;
Kirsch, van Amersfoort, and Gal 2019). Figure 2 shows the
task loss (zero-one) versus the number of labeled examples.
On all shown datasets, epistemic uncertainty sampling using
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the zero-one–loss instantiation delivers the best label effi-
ciency. Also for active learning experiments, further datasets
and ablations can be found in the supplementary material.

The zero-one loss instantiation performs well because it
targets disagreement over the most likely label among plau-
sible predictive distributions, i.e., the kind of label disagree-
ment that active learning specifically seeks to resolve. The
most informative unlabeled examples are those where the
model is unsure about the correct label because different
plausible (first-order) distributions disagree on which class
is most likely; examples where all of them agree on a single
top class add little new information. The zero-one instantia-
tion of the epistemic uncertainty measure captures this dis-
agreement: its value is zero when there is consensus on the
predicted class and grows only when there is genuine uncer-
tainty about which label should be chosen. In contrast, other
instantiations (e.g., log or Brier) may signal uncertainty even
though the predicted label would remain unchanged, since
they respond to finer variations in the second-order distribu-
tion that do not affect the top choice, potentially resulting in
less focused queries. Once more, we see that one size does
not fit all, active learning benefits most from the specific
form of uncertainty captured by zero-one loss (disagreement
on the predicted label) rather than a broad, undifferentiated
uncertainty measure.

3.4 Findings and Insights
Taken together, our theoretical and empirical results form
a coherent prescription: uncertainty quantification must be
customized to the downstream task, not treated as a one-
size-fits-all solution. On selective prediction, aligning the
uncertainty loss with the task loss yields the optimal rejec-
tion ordering; for OoD detection, the log loss instantiation
(mutual information) best isolates unfamiliar inputs; and for
active learning, resolving label-level disagreement via the
zero-one epistemic measure drives the most label-efficient
gains. Because these three tasks are among the most widely
used evaluation paradigms in both research and practice, this
paper serves as a reality check: without careful alignment,
empirical comparisons can be misleading.

4 Related Work
Uncertainty Quantification. For second-order distribu-
tions, the most commonly used measures are based on
information-theoretic decompositions of Shannon entropy
(Depeweg et al. 2018). However, these measures have been
criticized for violating several properties that uncertainty
measures should fulfill (Wimmer et al. 2023). A general-
ization has been proposed, which considers different instan-
tiations of the predicting model and approximations of the
predictive first-order distribution (Schweighofer et al. 2025).
Beyond information-theoretic approaches, there have also
been proposals of uncertainty measures that are based on
a decomposition of risk or loss. Lahlou et al. (2023) pro-
pose a method to directly quantify epistemic uncertainty
based on the difference between total risk and Bayes risk.
Gruber and Buettner (2023) use a general bias-variance de-
composition to quantify uncertainty based on the Bregman

information (Banerjee, Guo, and Wang 2004) with mutual
information as a concrete instantiation. Recently, Hofman,
Sale, and Hüllermeier (2024b,a); Schweighofer et al. (2025);
Kotelevskii et al. (2025) have introduced an uncertainty
quantification framework based on proper scoring rules.

Connection to Downstream Tasks. A complimentary line
of work starts from the downstream predictive task. Smith
et al. (2024) argue that one should reason about uncertainty
by first specifying the predictive task at hand. Other re-
lated work compares alternative representations of uncer-
tainty and shows that the chosen representation can substan-
tially affect task performance (Mucsányi, Kirchhof, and Oh
2024; de Jong, Sburlea, and Valdenegro-Toro 2024). Like-
wise, several works observe that different uncertainty mea-
sures exhibit markedly different performance profiles across
downstream tasks (Schweighofer et al. 2025; Kotelevskii
et al. 2025). To the best of our knowledge, our contribution is
the first to explicitly connect, in a single framework, down-
stream tasks to specific uncertainty measures, theoretically
(via loss-alignment results) and empirically (across selective
prediction, OoD detection, and active learning).

5 Concluding Remarks
We have argued and shown that uncertainty quantification is
not a one-size-fits-all endeavor: the usefulness of a given un-
certainty measure depends critically on the downstream task
and how that task evaluates performance. On the theoreti-
cal side, we tied the construction of uncertainty measures to
proper scoring rules and proved that optimal instance order-
ing in selective prediction arises when the uncertainty loss
is aligned with the task loss. Empirically, we confirmed this
principle across three canonical evaluation paradigms. For
selective prediction, total uncertainty instantiated with the
task-aligned loss yields the best rejection behavior; for out-
of-distribution detection, the log loss based epistemic mea-
sure (mutual information) most reliably identifies unfamiliar
inputs; and for active learning, querying based on the zero-
one loss epistemic disagreement delivers the strongest la-
bel efficiency. Beyond these specific findings, the broader
implication is practical: researchers and practitioners should
choose and report uncertainty measures with their target ob-
jectives in mind. Blindly applying generic uncertainty scores
or mixing selection and evaluation criteria can obscure real
performance differences and lead to misleading conclusions.

Limitations and Future Work. All of our downstream ben-
efits hinge on reasonably faithful second-order beliefs; poor
posterior approximations can degrade the expected gains,
underscoring the value of improved uncertainty represen-
tations (e.g., better ensembles, or more expressive poste-
rior approximations). It remains of great interest for both
the machine learning community and practitioners to un-
derstand how to (empirically) evaluate uncertainty itself, an
inherently difficult problem, since true uncertainty is unob-
served and must be judged indirectly via downstream objec-
tives. Our results caution against one-size-fits-all practices
and instead point toward task-aligned evaluation protocols
and benchmarks, alongside extending the framework be-
yond multiclass classification to regression, structured out-
puts, and cost-sensitive or imbalanced settings.
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Panov, M. 2025. From Risk to Uncertainty: Generating Predictive
Uncertainty Measures via Bayesian Estimation. In The Thirteenth
International Conference on Learning Representations.
Kull, M.; and Flach, P. A. 2015. Novel Decompositions of Proper
Scoring Rules for Classification: Score Adjustment as Precursor
to Calibration. In Appice, A.; Rodrigues, P. P.; Costa, V. S.;
Soares, C.; Gama, J.; and Jorge, A., eds., Machine Learning and
Knowledge Discovery in Databases - European Conference, ECML
PKDD 2015, Porto, Portugal, September 7-11, 2015, Proceedings,
Part I, volume 9284 of Lecture Notes in Computer Science, 68–85.
Springer.
Lahlou, S.; Jain, M.; Nekoei, H.; Butoi, V.; Bertin, P.; Rector-
Brooks, J.; Korablyov, M.; and Bengio, Y. 2023. DEUP: Direct
Epistemic Uncertainty Prediction. Trans. Mach. Learn. Res., 2023.

21733



Lakshminarayanan, B.; Pritzel, A.; and Blundell, C. 2017. Simple
and Scalable Predictive Uncertainty Estimation using Deep Ensem-
bles. In Guyon, I.; von Luxburg, U.; Bengio, S.; Wallach, H. M.;
Fergus, R.; Vishwanathan, S. V. N.; and Garnett, R., eds., Advances
in Neural Information Processing Systems 30: Annual Conference
on Neural Information Processing Systems 2017, December 4-9,
2017, Long Beach, CA, USA, 6402–6413.
LeCun, Y.; Bottou, L.; Bengio, Y.; and Haffner, P. 1998. Gradient-
based learning applied to document recognition. Proc. IEEE,
86(11): 2278–2324.
Li, Y. L.; Lu, D.; Kirichenko, P.; Qiu, S.; Rudner, T. G.; Bruss,
C. B.; and Wilson, A. G. 2025. Out-of-Distribution Detec-
tion Methods Answer the Wrong Questions. arXiv preprint
arXiv:2507.01831.
Margraf, V.; Wever, M.; Gilhuber, S.; Tavares, G. M.; Seidl, T.;
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Second-Order Uncertainty Quantification: A Distance-Based Ap-
proach. In Forty-first International Conference on Machine Learn-
ing, ICML 2024, Vienna, Austria, July 21-27, 2024. OpenRe-
view.net.
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