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1. Limitations
While ETN improves the uncertainty estimation performance
of pretrained models without harming accuracy and with
only minimal additional computational cost, it also has sev-
eral limitations.

First, the benefits of ETN are largely empirical rather than
theoretical. Recent works have raised concerns about EDL
from a theoretical standpoint, arguing that current training
procedures do not guarantee a faithful modeling of epistemic
uncertainty [2, 12, 23]. Our observation that simple scalar
scaling is often sufficient to make logits suitable as Dirichlet
parameters may reflect inherent limitations in existing EDL
training formulations. However, we do not think that this
empirical success should be underestimated, as robust and
consistent improvements across diverse datasets and architec-
tures are precisely what is required for practical deployment
of uncertainty-aware pretrained models, even in the absence
of a complete theoretical account.

Second, our method requires access to the logits and the
last hidden representation of the pretrained model, which
may not be available when using closed-source models ex-
posed only through an API (e.g., recent GPT models). Nev-
ertheless, since ETN depends solely on these two quanti-
ties—unlike many uncertainty estimation baselines that re-
quire access to the full model architecture or gradients—it
remains relatively compatible with gray-box models [1, 10].

2. Proofs and Derivations
In this section, we analyze the behavior of logits produced
by models trained with cross-entropy and EDL losses. We
first define the softmax per-sample (x, y) cross-entropy loss
as:

LCE(z, y) = − log
ezy∑C
j=1 e

zj
= log

(
1 +

∑
j ̸=y

e zj−zy
)

Then we define the inter-class margin of an sample as:

γ(z, y) = zy −max
j ̸=y

zj

Given these definitions, we now present two lemmas char-
acterizing the relationship between cross-entropy and EDL
models.

Lemma 1 (Zero loss implies infinite margin). Cross-entropy
loss becomes zero if and only if the margin between the logits
of the label and other logits become infinite. i,e:

LCE(z, y) → 0 ⇐⇒ γ(z, y) → ∞.

Proof. Suppose LCE(z, y) ≤ ε. Then the softmax probabil-
ity of the correct class satisfies

ezy∑
j e

zj
≥ e−ε.

Rearranging gives∑
j ̸=y

ezj ≤ ezy (eε − 1).

Hence, for each j ̸= y,

zy − zj ≥ − log(eε − 1).

Since − log(eε − 1) → ∞ as ε → 0, the margin diverges.
Conversely, if γ(z, y) → ∞, then zj − zy → −∞ for each
j ̸= y, so ezj−zy → 0. Therefore

LCE(z, y) = log
(
1 +

∑
j ̸=y

ezj−zy
)
→ 0

Lemma 2 (Margin of EDL models). For a sample (x, y),
assume there exists η with 0 ≤ η < ν − by such that

αy ≥ ν − η, αj ≤ bj + η ∀j ̸= y.

Then the inter-class margin of an sample (x, y) of EDL
models is defined by:

γEDL(z, y) = f−1(ν − by − η) − f−1(η) (1)

Proof. From αy ≥ ν − η we get

f(zy) = αy − by ≥ ν − by − η

=⇒ zy ≥ f−1(ν − by − η).

For any j ̸= y, the assumption αj ≤ bj + η gives

f(zj) = αj − bj ≤ η =⇒ zj ≤ f−1(η).

Taking the maximum over j ̸= y yields maxj ̸=y zj ≤
f−1(η), hence

γEDL(z, y) = zy −max
j ̸=y

zj ≥ f−1(ν− by − η)− f−1(η),

which is Equation 1.



2.1. Proof to Proposition 1
By Lemma 1, zero CE loss is achieved by sending the mar-
gins γ(z, y) → ∞, which can be done by either pushing the
correct logit up or the incorrect logits down. Given this, we
provide two explicit cases of logits that both show vanishing
cross-entropy loss but lead to bounded and diverging values
of α0, respectively.

Bounded α̃0. Set z̃y = 0 and z̃j ̸=y = −t. Then
LCE(z̃, y) = log(1 + (C − 1)e−t) → 0. Therefore,

α̃0 =
(
f(0) + b

)
+
∑
j ̸=y

(
f(−t) + b

)
→

(
f(0) + b

)
+ (C − 1)b < ∞,

(2)

as t → ∞ since f(−t) → 0.

Diverging α̂0. Set ẑy = t and ẑj ̸=y = 0. Then
LCE(ẑ, y) = log(1 + (C − 1)e−t) → 0, and

α0(ẑ) =
(
f(t) + b

)
+
∑
j ̸=y

(
f(0) + b

)
−→ ∞, (3)

as t → ∞ since f(t) → ∞.

2.2. Proof of Theorem 1
For a sample (x, y), assume L := LCE(z, y) = LEDL(z, y).
Since zj − zy ≤ −γCE(z, y) for all j ̸= y, we obtain an
upper bound on the CE loss:

L = log

1 +
∑
j ̸=y

ezj−zy


≤ log

(
1 + (C − 1) e−γCE(z,y)

)
.

(4)

Let the lower bound on the EDL margin be

γLB := f−1(ν − by − η) − f−1(η).

Assume further that L satisfies

L ≥ log
(
1 + (C − 1)e−γLB

)
. (5)

Combining Equation 4 and Equation 5, we obtain

log
(
1 + (C − 1)e−γCE(z,y)

)
≥ log

(
1 + (C − 1)e−γLB

)
.

Since the logarithm is monotone increasing and (C−1) > 0,
it follows that

γCE(z, y) ≤ γLB,

and therefore,

γEDL(z, y) ≥ γCE(z, y). (6)

Algorithm 1 Training and Inference of Evidential Transfor-
mation Network
Require: Dataset D = {(xi, yi)}Ni=1, pretrained model θ = h ◦ ϕ,

number of MC samples M , monotonically increasing function f ,
1: Parameters: Evidential Transformation Network θETN, prior belief

term b
2: for (x, y) ∈ D do ▷ Loop over dataset
3: θA ← θETN

(
ϕ(x)

)
▷ Compute parameters for variational distribution

4: z ← θ(x) ▷ Compute logits for sample x
5: P ← ∅
6: for m← 1 to M do
7: A(m) ∼ Dist(θA) ▷ Sample from variational distribution
8: α′ ← f

(
A(m)z

)
+ b

9: p′ = Eπ∼Dir(α′)[p(y | π)]
10: P ← P ∪ {p′}
11: p̄′ ← 1

M

∑
p′∈P p′

12: if TRAINING then
13: Backprop through LETN

(
θETN

)
14: else
15: return argmax

y
p̄′

Define event A as the event that Equation 5 holds, and event
B as the event that Equation 6 holds. From the derivation
above, we have A ⊆ B, which implies P (A) ≤ P (B) [6].
Thus,

P (γEDL(z, y) ≥ γCE(z, y))

≥ P
(
L ≥ log

(
1 + C−1

ef
−1(ν−by−η)−f−1(η)

))
.

(7)

2.3. Proof to Corollary 1
With f as softplus, f−1(x) = log(ex − 1). Plugging into
Equation 7, we get:

P
(
γEDL(z, y) ≥ γCE(z, y)

)
≥ P

(
L ≥ log

(
1 + (C − 1) eη−1

eν−by−η−1

))
.

3. Modeling Transformation Parameterizations
In this section, we describe how the transformation parameter
A is modeled when defined as a scalar, vector, or matrix.
Specifically, we explain (1) how the variational distribution
over A is constructed, and (2) how the prior term b is handled.
For clarity, we denote the scalar case by a, the vector case
by a, and the matrix case by A.

Scalar (a ∈ R+). We constrain a > 0 and model it with a
Gamma distribution:

a ∼ Gamma(αG, βG),

where the shape αG and rate βG are predicted by ETN. To
strictly preserve accuracy, we set all elements of b to be
identical, i.e.,

b1 = b2 = · · · = bC .



Vector (a ∈ RC
+). We model a as a product of Gamma

distributions, one per class:

a ∼
C∏
i=1

Gamma(αG
i , β

G
i )

ETN predicts the shape αG = (αG
1 , . . . , α

G
C)

⊤ and rate
βG = (βG

1 , . . . , βG
C )⊤. For b, we treat each element inde-

pendently and train them separately.

Matrix (A ∈ RC×C ). Matrix transformation are a natural
choice since they directly operate in Dirichlet space [13].
Although the Wishart distribution[26] would be a natural dis-
tribution for positive-definite matrices, in practice we found
its parameterization too restrictive and its reparamterization
unstable during training. Instead, we model the flattened
matrix as a Gaussian with Kronecker-factored covariance:

vec(A) ∼ N (µ, Σ),

where Σ = B ⊗D, with B = LBL
⊤
B and D = LDL⊤

D.
ETN predicts µ,LB ,LD. To encourage monotonic behavior,
we apply a softplus to the diagonal elements of sampled A,
keeping off-diagonal terms unconstrained. The prior p(A) is
set as a Gaussian with mode and variance matching the scalar
and vector Gamma priors. Additionally, we adopt the ODIR
(Off-Diagonal and Intercept Regularization) loss[13] on µ
for stable optimization. As in the vector case, all elements
of b are treated independently and trained separately.

4. Experimental Setting
4.1. Training Details
The hyperparameters used for training ETN are summa-
rized in Table 1. For LLM experiments, we employ cosine
learning-rate scheduling with warm-up steps. All experi-
ments are performed using three different random seeds, and
we report the mean along with 95% confidence intervals.

For post-hoc uncertainty estimation baselines, we select
the checkpoint that achieves the highest accuracy on the
adaptation dataset. In contrast, for ETN with scalar scal-
ing, we select the checkpoint with the lowest loss on the
adaptation dataset.

All training and inference are performed using eight
NVIDIA A6000 GPUs.

4.2. Architecture of Evidential Transformation Net-
work

The network is composed of independent modules, each
predicting a parameter of the variational distribution. (e.g.,
for a scalar-prediction case, the network contains two mod-
ules to predict two parameters, αG and βG, respectively.). In
the image classification case, each module is implemented

Setting VGG16 ResNet50 Llama-3.1-8B Gemma-2-9B

Pretrain
Batch size 1024 – 4 4
Learning rate 2.5 × 10−4 – 2.5 × 10−4 2.5 × 10−4

Epochs 200 – 3 3

Uncertainty adaptation
Batch size 1024 64 8 8
Learning rate 1 × 10−3 1 × 10−3 1 × 10−3 1 × 10−3

Epochs 50 50 5 5

ETN
Prior mode 10 5 100 100
Prior variance 5 5 5 5
MC samples 20 20 20 20
λ 1 1 × 10−3 1 1
ν 1 × 104 1 × 104 1 × 104 1 × 104

Table 1. Training and hyperparameter settings for each model.

as a 2-layer MLP with hidden dimension 256. For LLMs,
each module is implemented as a 3-layer MLP with hidden
dimension 512.

Moreover, the training and inference procedures of ETN
are outlined in Algorithm 1.

4.3. Datasets
CIFAR-10. Since CIFAR-10 does not include an official
validation split, we use 5% of the original training set for
post-hoc uncertainty adaptation and the remaining 95% for
pretraining the VGG16 model. Evaluation is conducted on
the CIFAR-10 test set, as well as the SVHN and CIFAR-100
test sets for OOD assessment.

ImageNet. Following Minderer et al. [19], we use 20%
of the ILSVRC 2012 validation set for post-hoc adaptation
and the remaining 80% for evaluation. For ImageNet-A,
ImageNet-S, and ImageNet-R, we use all available samples
from each subset.

RACE. To ensure that RACE serves as in-distribution data,
we train LLMs on the official training set using cross-entropy
loss. The validation set is used to adapt all post-hoc uncer-
tainty estimation methods, and the test set is used exclusively
for evaluation.

OBQA. Similar to RACE, we treat OBQA as in-
distribution by training LLMs on the official training set
with cross-entropy loss. We use the validation set for post-
hoc adaptation and the test set for evaluation.

MMLU. We use three domains from MMLU, adopting the
same subsets as in Yang et al. [27]. The selected domains
and their corresponding subsets are listed in Table 2.

4.4. Models
VGG16. We adopt the VGG16 architecture [24], which
is composed of 16 convolutional layers followed by 3 fully



Domain and Subsets of MMLU

Computer Science:
college computer science
computer security
high school computer science
machine learning

Engineering:
electrical engineering

Math:
college mathematics
high school mathematics
abstract algebra

Table 2. MMLU domains and their corresponding subsets.

connected layers. Batch normalization is applied to all con-
volutional layers. All parameters are updated during the
pretraining stage, and for baselines that rely on training the
original model (MAPCE, MAPEDL and IB-EDL), all parame-
ters are likewise fully fine-tuned.

ResNet50. We use the ResNet50 architecture [9], a 50-
layer convolutional network organized into five stages, each
containing multiple residual blocks operating at a fixed spa-
tial resolution and channel width. For baselines that require
training the original model, all parameters are fully fine-
tuned.

Llama-3.1-8B For baselines that require tuning the origi-
nal pretrained model, we applied LoRA to all attention layers
with a rank of 8 and lora alpha value to 16, and trained only
the LoRA layers, following the setting in Li et al. [15], Yang
et al. [27].

Gemma-2-9B We use the identical setting as Llama-3.1-
8B.

4.5. Baselines
Deep Ensemble (DeepEns). We use an ensemble of three
models in all settings. Each model is trained on the same
dataset with a different random data order.

MC-Dropout (MCD). We set the number of forward
passes to 20 for all settings. For image classification set-
ting, we use the dropout layer in the pretrained model with
a dropout rate of 0.2, while we use the LoRA dropout layer
for LLM with a dropout rate of 0.1.

Laplace Approximation (LA). We utilize the laplace
library proposed in Laplace-redux [4], which provides a inte-
grated tools for bayesian adaptation of neural networks. As

for CIFAR-10, We opted for the best setting proposed in the
work, which applies laplace approximation on the last layer
of the network with Kronecker-factored Generalized Gauss-
Newton (GGN) matrix to the Hessian in a post-hoc manner.
For ImageNet setting, we construct GGN matrix with di-
agonal matrix due to constrained resources. To compute
distributional uncertainty, we use Monte Carlo sampling for
predictive approximation, with the number of MC samples
set to 20.

Laplace LoRA (LL). We build GGN matrix only on all
LoRA layers through Kronecker factorization, following
Yang et al. [27].

Dirichlet Meta-Model (DMM). For VGG16, we follow
the implementation of Shen et al. [22]. For ResNet50, DMM
takes the final hidden states from each stage as input, with
each module consisting of a max-pooling layer followed
by two fully connected layers. For LLMs, DMM receives
hidden states from all transformer layers, and each module is
composed of three fully connected layers and a max-pooling
layer.

MAPEDL. We train the model using the reverse KL for-
mulation of LEDL, as reverse KL is known to provide more
stable optimization than forward KL, primarily due to its
mode-seeking behavior [18, 23].

IB-EDL. We follow the original implementation from Li
et al. [15] for LLM experiments. For image classification,
we modify the architecture by doubling the dimension of
the final layer to model both the mean and variance for each
class.

Static scaling. We adopt the static scaling approach in-
spired by Guo et al. [8], Niculescu-Mizil and Caruana
[20], Platt et al. [21] for all experimental settings, and train
the additional parameters using the reverse KL formulation
of LEDL.

AdaTS. We use the original implementation from Joy et al.
[11] for all experimental settings, and train the additional
parameters using the reverse KL formulation of LEDL.

5. Additional Experiments
5.1. OOD-Detection Baselines
In this section, we compare ETN against ODIN [16] and the
Mahalanobis distance method (MD) [14]. Although neither
ODIN nor MD are strictly uncertainty estimation methods,
we include them as they both work in post-hoc manner, and



Method CIFAR10 → CIFAR10-OOD ImageNet → ImageNet-OOD OBQA → MMLU RACE → MMLU

MD 45.43 1.2 / 56.69 1.06 87.54 0.16 / 77.45 0.24 70.5 0.04 / 54.42 0.05 87.28 0.01 / 54.44 0.02

ODIN 86.41 0.99 / 87.29 0.82 79.77 0.00 / 72.11 0.00 61.35 0.00 / 50.11 0.00 81.22 0.00 / 49.65 0.00

ETN 85.93 0.92/ 86.5 0.97 84.78 0.36 / 79.86 0.49 91.7 0.00 / 83.39 0.01 96.80 0.39 / 87.57 0.01

Table 3. Comparison of ETN to OOD-detection methods. We showcase both AUPR and AUROC scores, respectively. For ETN, we outline
the scores based on maximum probability.

Method CIFAR-10 → CIFAR-OOD ImageNet → ImageNet-OOD RACE → MMLU OBQA → MMLU

ACC UE UE ACC UE UE ACC UE UE ACC UE UE

DUQ 42.25 9.4 42.05 9.3 54.86 8.0 0.09 0.0 0.18 0.0 69.77 1.9 21.52 0.0 22.54 0.2 74.31 11.7 27.60 0.0 26.74 1.1 50.85 3.0

SNGP 83.62 1.4 90.75 1.3 57.72 4.7 12.83 1.0 12.83 0.9 65.73 0.8 45.73 19.5 49.97 22.9 95.11 1.1 39.53 17.8 43.74 20.8 94.74 4.3

ETN 90.70 0.0 98.99 0.1 85.93 0.9 79.61 0.0 88.04 0.1 79.86 0.5 89.69 0.0 97.60 0.0 96.80 0.0 88.80 0.0 97.15 0.0 91.70 0.0

Table 4. Comparison of ETN with deterministic uncertainty estimation methods in terms of accuracy (ACC) and uncertainty estimation (UE),
where UE is measured by AUPR. For ETN, we report UE based on maximum probability.

there exists close relationship between uncertainty estima-
tion and OOD detection [7]. We report both AUPR and Area
Under the Receiver Operating Characteristic Curve (AU-
ROC) metrics, and for ETN we showcase scores based on
maximum probability. The results are summarized in Ta-
ble 3.

On CIFAR-10 and ImageNet, ODIN and MD achieve
higher AUPR scores than ETN, respectively. However, on
OBQA and RACE, ETN outperforms both baselines across
AUPR and AUROC. It is also worth noting that MD requires
learning class-conditional feature distributions, which be-
comes resource-intensive as the number of classes grows,
while ODIN is highly sensitive to its hyperparameters. By
contrast, ETN avoids these limitations by operating directly
in logit space, providing a lightweight and broadly applicable
alternative.

5.2. Deterministic Deep Neural Network Baselines

In this section, we compare ETN against deterministic deep
neural network baselines that estimate uncertainty using a
single model and a single forward pass. Specifically, we use
DUQ [25] and SNGP [17] as baselines. The comparison
results are summarized in Table 4.

Across all image classification and QA settings except
OBQA → MMLU, ETN consistently outperforms these base-
lines in uncertainty estimation without sacrificing accuracy.
One possible reason is that DUQ requires a separate learn-
able weight matrix for each class, while SNGP requires
learning a class-wise covariance structure for the Gaussian
process. Such additional parameters for post-hoc adaptation
can lead to overfitting when only a limited adaptation dataset
is available, as also observed for other baselines such as
Laplace Approximation and Dirichlet Meta Model.

5.3. More on Comparison of Transformation Meth-
ods

In this section, we present additional results on CIFAR-
10 and OBQA, comparing different transformation strate-
gies—specifically, static scaling and AdaTS. The results are
shown in Figure 1. Since CIFAR-10 is considerably smaller
and simpler than the other datasets we evaluate, all three
methods—static scaling, AdaTS, and ETN—achieve rea-
sonably strong uncertainty estimation performance. AdaTS
performs on par with ETN in terms of mutual information,
while static scaling trails ETN by roughly 5%.

On OBQA, however, the differences between methods
become more pronounced. Both static scaling and AdaTS
exhibit substantially lower mutual information compared
to ETN, with margins of approximately 13.6% and 24.7%,
respectively. These results highlight two key observations:
(1) modeling sample-dependent transformation parameters
is crucial for reliable uncertainty estimation, and (2) among
sample-dependent approaches, our variational inference
framework more effectively transforms logits to produce
high-quality evidential uncertainty estimates.

5.4. More on Comparison Across Transformation
Dimensionalities

In this section, we take a closer look at how the dimension-
ality of the transformation parameter A affects uncertainty
estimation performance across different transformation meth-
ods.

Results of ETN. We first analyze the behavior of ETN.
For ImageNet, we exclude the matrix case since the corre-
sponding covariance matrix would contain on the order of
1012 entries, which is intractable to store in GPU memory.
The results are shown in Figure 2.

On ImageNet, the scalar configuration outperforms the



Figure 1. Comparison of uncertainty estimation performance based on different transformation methods on CIFAR-10 and OBQA.

Figure 2. Comparison of uncertainty estimation performance and accuracy across different dimensionalities of the transformation parameter
A modeled by ETN on ImageNet and RACE.

vector configuration for both confidence estimation and
OOD detection. In contrast, on RACE, the vector config-
uration achieves the best performance on both ID and OOD
metrics.

Results of static scaling. We next consider static scaling
with different dimensionalities of A. The results are pre-
sented in Figure 4.

For static scaling, all dimensionalities yield broadly sim-
ilar uncertainty estimation performance on most datasets.
An exception is ImageNet, where the maximum predicted
probability tends to decrease as dimensionality increases,
while OOD detection performance improves.

Results of AdaTS. Finally, we evaluate on AdaTS, with
results summarized in Figure 5. In this case, higher-
dimensional variants generally improve OOD detection com-
pared to the scalar configuration. However, the behavior in
confidence estimation is less consistent: maximum proba-
bility typically decreases while uncertainty mass increases,
with ImageNet showing particularly irregular trends.

Discussion. Across ETN, static scaling, and AdaTS, a con-
sistent trend emerges: increasing the dimensionality of the
transformation parameter A tends to degrade predictive accu-
racy and introduces a clear trade-off between OOD detection
performance and core predictive capability. Moreover, none
of the higher-dimensional variants—including the matrix for-

mulation that operates directly in Dirichlet space—surpasses
scalar-based ETN across all datasets and metrics, with the
sole exception of the maximum probability metric on Im-
ageNet. Taken together, these results suggest that a simple
scalar-based transformation within ETN offers the most ef-
fective and practical balance for adapting pretrained models
to the EDL framework.

5.5. AUPR Scores on Gemma-2-9B
To further assess the robustness of ETN across different pre-
trained architectures, we evaluate its AUPR performance
on Gemma-2-9B using OBQA and RACE. The results are
shown in Table 5. Consistent with our findings on Llama-3.1,
ETN delivers the strongest uncertainty estimation perfor-
mance while fully preserving the model’s predictive accu-
racy. These results provide additional evidence that ETN
generalizes effectively across diverse large-scale pretrained
models.

5.6. Uncertainty Estimation Performance Based on
AUROC Scores

Although recent works increasingly adopt AUPR as the pri-
mary metric for evaluating uncertainty estimation capabil-
ity [3, 5, 28], we additionally report AUROC scores for
image classification in Table 6 and for LLMs in Table 7.

On CIFAR-10, we observe that ETN outperforms all base-
lines across all AUROC-based metrics, showcasing its ro-
bustness across different uncertainty evaluation criteria.

For ImageNet, AUROC trends largely mirror those ob-



Figure 3. Histograms of logit margins for models trained with EDL
and CE.

served with AUPR. ETN remains competitive in OOD de-
tection, while Laplace Approximation attains slightly higher
AUROC for mutual information in some settings. In confi-
dence estimation, we observe that DMM attains unusually
high AUROC scores relative to its accuracy and AUPR. Upon
inspecting its predictions, we find that DMM often produces
nearly uniform predictive distributions with low α0, indi-
cating uniformly high uncertainty across both ID and OOD
inputs. This suggests that the inflated AUROC scores do not
reflect reliable or informative confidence estimates.

For RACE and OBQA, ETN achieves the strongest OOD
detection performance for both Llama-3.1 and Gemma-2.
Moreover, in every setting, at least one confidence estima-
tion metric (maximum probability or uncertainty mass) is
maximized by ETN.

Although ETN is less dominant under AUROC than under
AUPR, it remains competitive with strong baselines across
all AUROC metrics while clearly outperforming them on
our primary metric, AUPR. Overall, these results support
ETN as an effective and practical method for uncertainty
estimation in pretrained models.

5.7. Empirical Comparison of Margins between
EDL- and CE-Pretrained Models

In this section, we empirically examine the logit margins of
EDL- and CE-pretrained models to assess whether enlarg-
ing margins during the transformation process, as done by
ETN, is a justified approach. For this experiment, we use
VGG16 on CIFAR-10. We compare a model trained from
scratch with LEDL, where λ = 0.01 and f(·) = softplus,
against a model trained from scratch with LCE. The remain-
ing pretraining settings follow those in Table 1. Margins are
computed on the CIFAR-10 training set.

Figure 3 shows the resulting margin histograms. The
EDL-pretrained model exhibits larger margins than the CE-
pretrained model. Together with Corollary 1, this result sup-
ports the validity of enlarging logit margins during the trans-
formation process.



Figure 4. Comparison of uncertainty estimation performance and accuracy across different dimensionalities of the transformation parameter
A modeled by static scaling.

Figure 5. Comparison of uncertainty estimation performance and accuracy across different dimensionalities of the transformation parameter
A modeled by AdaTS.

Method RACE RACE → MMLU OBQA OBQA → MMLU

ACC MP UM MP MI DE ACC MP UM MP MI DE

MAPCE 88.81 0.2 98.16 0.1 – 96.03 0.1 – – 88.87 0.6 97.59 0.2 – 85.85 0.1 – –
DeepEns 89.09 0.1 98.26 0.0 – 94.64 0.2 93.79 0.4 – 89.00 0.0 97.84 0.3 – 83.04 0.9 78.82 0.5 –
MCD 89.38 0.4 98.40 0.2 – 96.36 0.3 95.36 0.4 – 89.60 0.5 97.87 0.5 – 85.59 1.4 81.81 1.8 –
LL 88.51 0.2 69.05 0.3 – 27.47 1.4 27.03 1.0 – 92.53 0.2 79.45 0.6 – 25.32 0.6 26.25 0.8 –
MAPEDL 87.14 0.2 92.27 0.7 87.60 1.1 93.97 1.5 83.89 1.1 90.36 1.2 87.53 0.4 94.63 0.9 86.32 3.3 80.28 2.7 63.50 1.5 79.78 2.6

DMM 89.42 0.2 97.96 0.1 95.20 0.4 93.84 0.3 92.77 0.6 93.80 0.3 93.00 0.6 96.68 0.0 95.44 0.1 81.48 0.5 80.53 0.4 81.51 0.5

IB-EDL 87.98 0.3 93.72 0.1 88.04 0.4 90.67 0.9 89.43 1.5 90.70 1.1 85.13 0.4 94.60 0.4 92.15 0.1 79.99 0.8 66.58 2.1 74.28 1.7

ETN 89.48 0.0 98.43 0.0 95.94 0.1 96.70 0.0 95.21 0.3 95.29 0.3 93.20 0.0 98.06 0.0 96.00 0.1 86.95 0.1 82.69 0.2 84.39 0.2

Table 5. AUPR scores of Gemma-2-9B on RACE and OBQA, using MMLU subsets as OOD data.



Method CIFAR-10 CIFAR-10 → SVHN CIFAR-10 → CIFAR-100

MP UM MP MI DE MP MI DE

MAPCE 87.71 0.1 – 73.26 5.6 – – 79.10 2.3 – –
DeepEns 90.78 0.5 – 87.43 1.1 49.19 0.2 – 83.63 0.8 49.39 0.3 –
MCD 77.67 5.4 – 73.26 4.2 78.56 1.4 – 68.72 6.2 75.62 2.5 –
LA 90.23 0.3 – 84.22 0.1 83.46 0.2 – 82.38 0.2 81.93 0.2 –
MAPEDL 87.91 0.5 86.98 0.8 81.61 0.7 81.58 3.1 81.93 1.9 80.27 0.7 82.24 0.4 81.89 0.4

DMM 90.65 1.2 83.36 1.9 85.68 2.6 80.20 9.7 84.99 6.6 79.25 3.0 79.69 5.5 82.43 4.0

IB-EDL 87.58 1.3 86.19 1.0 78.22 2.9 76.72 3.0 77.64 3.0 79.39 1.7 79.41 1.2 79.76 1.5

ETN 91.80 0.9 87.98 2.8 88.60 1.4 88.40 0.9 88.79 1.2 84.40 0.5 84.50 0.6 84.84 0.5

Method ImageNet ImageNet → ImageNet-A ImageNet → ImageNet-S ImageNet → ImageNet-R

MP UM MP MI DE MP MI DE MP MI DE

MAPCE 80.28 0.2 – 70.51 0.2 – – 67.78 2.9 – – 67.43 1.0 – –
DeepEns 63.83 0.4 – 53.39 2.3 49.63 0.1 – 26.96 2.7 50.15 0.3 – 54.25 1.9 50.01 0.1 –
MCD 78.90 0.4 – 67.64 1.6 50.17 0.2 – 60.11 3.5 50.12 0.0 – 66.94 0.8 50.02 0.1 –
LA 49.16 1.5 – 78.39 0.1 83.55 0.0 – 75.58 0.1 81.30 0.0 – 75.39 0.1 79.97 0.0 –
MAPEDL 72.72 0.3 55.10 0.3 70.80 0.8 66.07 1.1 66.49 1.1 68.83 5.3 69.50 4.6 69.90 4.7 68.11 2.3 71.41 2.4 71.55 2.4

DMM 92.54 0.4 91.86 0.4 48.30 0.4 48.38 0.4 48.36 0.3 43.48 3.6 43.82 3.4 43.77 3.4 48.15 2.0 48.24 1.9 48.25 1.9

IB-EDL 91.05 0.1 48.70 0.1 55.50 1.8 50.03 0.2 48.84 0.3 54.65 1.6 49.00 0.7 49.84 0.2 55.03 1.4 49.63 0.3 49.42 0.1

ETN 69.32 0.3 64.78 0.4 81.81 0.2 77.21 0.1 76.35 0.9 78.34 0.6 74.08 0.9 73.44 1.4 79.42 0.7 75.63 1.0 74.88 1.6

Table 6. AUROC scores on CIFAR-10, SVHN, and CIFAR-100 (top), and on ImageNet, ImageNet-A, ImageNet-S, and ImageNet-R
(bottom).

Method RACE RACE → MMLU OBQA OBQA → MMLU

MP UM MP MI DE MP UM MP MI DE

MAPCE 87.59 0.4 – 87.02 0.9 – – 81.94 0.9 – 83.48 1.3 – –
DeepEns 86.03 0.5 – 80.76 0.8 73.49 2.0 – 80.61 0.5 – 80.33 1.4 75.67 0.8 –
MCD 87.11 0.0 – 86.39 0.01 85.17 0.8 – 83.02 0.2 – 81.96 0.0 69.58 0.5 –
LL 45.04 0.8 – 49.82 1.9 53.43 1.3 – 41.32 0.2 – 47.43 0.7 46.37 0.6 –
MAPEDL 70.10 0.7 61.71 2.2 70.22 0.9 65.15 1.5 70.16 0.9 64.44 1.7 48.60 0.2 72.17 1.7 66.99 2.2 72.53 1.9

DMM 82.34 0.4 75.21 2.8 77.88 2.0 76.85 0.7 78.89 1.6 77.12 1.1 69.32 3.7 78.98 0.6 73.51 2.5 78.47 0.4

IB-EDL 82.85 0.4 77.21 0.6 80.48 1.6 66.86 2.9 80.17 1.7 79.98 0.6 63.71 0.9 82.83 1.2 67.89 2.1 83.16 1.2

ETN 84.96 0.0 77.69 0.5 87.57 0.0 81.42 3.0 81.81 3.1 83.21 0.0 73.60 1.0 87.09 0.0 85.30 1.2 86.27 0.9

Method RACE RACE → MMLU OBQA OBQA → MMLU

MP UM MP MI DE MP UM MP MI DE

MAPCE 89.39 0.3 – 84.74 0.2 – – 81.35 0.2 – 83.48 1.3 – –
DeepEns 89.41 0.4 – 80.13 0.7 77.11 1.1 – 88.03 1.7 – 75.44 1.2 67.04 1.2 –
MCD 90.45 0.4 – 85.50 1.0 81.61 0.8 – 81.83 1.8 – 78.99 1.5 75.31 1.7 –
LL 36.16 0.8 – 52.36 1.8 51.37 1.8 – 29.94 1.0 – 47.43 0.7 51.54 0.7 –
MAPEDL 71.43 3.0 61.76 2.0 80.65 3.4 64.75 3.9 77.12 3.4 76.90 2.5 56.79 9.8 73.38 3.7 59.13 1.5 73.41 3.9

DMM 88.96 0.4 84.28 1.6 79.72 0.7 76.31 1.4 79.48 0.7 77.97 1.5 75.12 2.2 78.98 0.6 73.51 2.5 78.47 0.4

IB-EDL 78.58 1.0 62.83 0.6 74.67 1.5 68.19 3.5 72.94 2.4 80.67 0.7 69.30 0.5 73.78 1.0 61.76 2.8 68.66 2.1

ETN 91.30 0.0 80.97 1.2 87.00 0.0 83.12 0.8 83.31 0.8 82.68 0.0 64.87 0.7 85.67 0.0 78.82 0.3 80.92 0.3

Table 7. AUROC scores on on RACE and OBQA, using MMLU subsets as OOD data. Results on Llama-3.1-8B is reported (top), and
Gemma-2-9B is reported (bottom).
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