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ABSTRACT

Deep neural networks (DNNs) often produce overconfident predictions on out-
of-distribution (OOD) inputs, undermining their reliability in open-world envi-
ronments. Singularities in semi-discrete optimal transport (OT) mark regions of
semantic ambiguity, where classifiers are particularly prone to unwarranted high-
confidence predictions. Motivated by this observation, we propose a principled
framework to mitigate OOD overconfidence by leveraging the geometry of OT-
induced singular boundaries. Specifically, we formulate an OT problem between
a continuous base distribution and the latent embeddings of training data, and
identify the resulting singular boundaries. By sampling near these boundaries, we
construct a class of OOD inputs, termed optimal transport-induced OOD samples
(OTIS), which are geometrically grounded and inherently semantically ambigu-
ous. During training, a confidence suppression loss is applied to OTIS to guide
the model toward more calibrated predictions in structurally uncertain regions.
Extensive experiments show that our method significantly alleviates OOD over-
confidence and outperforms state-of-the-art methods.

1 INTRODUCTION

Deep neural networks (DNNs) have achieved remarkable success in classification problems (He
et al.,2015; Tang et al.,|2025b). However, they are typically trained and evaluated under the closed-
world assumption that all test inputs are drawn from the same distribution as the training data (Ben-
dale & Boult, [2015). In open-world scenarios, this assumption often breaks down, as inputs from
previously unseen classes or domains naturally arise. When confronted with such out-of-distribution
(OOD) inputs, DNNs tend to produce confident predictions despite lacking relevant experience. This
overconfidence has been extensively documented (Nguyen et al.l 2015} |Goodfellow et al.| [2015),
and poses serious risks in safety-critical applications. Mitigating such overconfidence is therefore a
fundamental step toward reliable deployment of DNN systems in open-world environments.

To address OOD overconfidence, a widely adopted strategy is to perform OOD detection at test
time, where confidence-based scoring functions are used to separate in-distribution (ID) and OOD
inputs (Hendrycks & Gimpel, [2017;|Liang et al., 2018} Tang et al.,2023a3b}; 2024;|2025a;|Zhao et al.}
2025}, [Yang et al.l 2025} [Fang et al.l [2024; 2025agbic). However, such post-hoc filtering merely
avoids high-confidence mistakes without fundamentally altering the model’s tendency to produce
overconfident predictions on unfamiliar inputs. As a more proactive alternative, recent work has
explored exposing the model to proxy OOD samples during training, encouraging it to produce
low-confidence predictions on inputs outside the training distribution. These proxy samples are
typically constructed using external datasets (Hendrycks et al., 2018]), input corruption (Hein et al.,
2019), class mixing (Tang et al. |2021), or latent outlier synthesis (Du et al., 2022). Despite their
empirical success, these heuristically designed samples often lack theoretical grounding and fail to
target semantically ambiguous regions where overconfidence is most likely to occur.
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Figure 1: Given a semi-discrete optimal transport (OT) map from (a) a continuous base distribution
to (b) a discrete target distribution over images, the singular boundaries in the source domain are
mapped to (c) the semantic ambiguity set in image space, which typically contains images with
features from multiple classes.

A promising direction to overcome these limitations is to exploit the geometric insights offered by
optimal transport (OT) (Villani et al., 2008; Santambrogio, |2015; Mérigot, 201 1), which provides a
principled framework for understanding data structure and distributional uncertainty. In the semi-
discrete OT setting, a continuous source distribution (e.g., Gaussian noise) is mapped onto a discrete
target measure via the gradient of a convex potential. This potential induces a partition of the source
domain into convex regions, each assigned to a discrete target point. The interfaces between adja-
cent regions correspond to non-differentiable loci of the potential, known as transport singularities,
where the direction of transport changes abruptly (Figalli, [2010; |An et al., 2020). These singular
boundaries mark structurally unstable zones in the transport map and often coincide with seman-
tically ambiguous regions in classification models, where decision behavior becomes less reliable
(see Fig.[I). As such, these regions provide a theoretically grounded signal for identifying where
overconfidence may arise, offering a compelling basis for model regularization.

Building on this insight, we propose a principled framework for mitigating OOD overconfidence by
exploiting the geometric singularities arising in semi-discrete optimal transport. Our approach first
encodes ID samples into a compact latent space via an autoencoder. A semi-discrete OT problem is
then solved between a continuous base distribution, e.g., a Gaussian or uniform distribution, and the
discrete set of latent embeddings, inducing a convex partition of the latent space. Among the adja-
cent regions, those with large angular deviations in transport direction are identified as structurally
unstable zones. To construct ambiguous inputs, we interpolate between the centroids of neighbor-
ing regions associated with these zones, and decode the resulting latent vectors back to the input
space. The generated samples, termed optimal transport-induced OOD samples (OTIS), are used
during training with a confidence suppression loss, guiding the model to produce low-confidence
predictions on structurally ambiguous regions. Extensive experiments across multiple architectures
and diverse ID/OOD settings demonstrate that our method effectively reduces OOD overconfidence
without sacrificing ID accuracy, consistently outperforming state-of-the-art approaches.

Opverall, our contribution is summarized as follows:

* We establish a theoretical link between geometric singularities in semi-discrete optimal
transport and the emergence of overconfident predictions on OOD inputs.

* We develop a novel OOD overconfidence mitigation framework that regularizes model
confidence using semantically ambiguous samples derived from OT-induced singularities.

* We demonstrate through experiments across multiple architectures and ID/OOD settings
that our approach outperforms state-of-the-art methods in mitigating OOD overconfidence.

2 PROBLEM FORMULATION AND MOTIVATION

2.1 OOD OVERCONFIDENCE

Preliminaries on OOD Overconfidence Issue. We consider a standard multi-class classification
task with label space {1,2,..., K}. Let A denote the space of all candidate inputs, and let Z C A
be the in-distribution (ID) subset. The set of out-of-distribution (OOD) inputs is given by A\ Z. A
classifier f : A — {1,..., K} is trained on Z, but may produce overconfident predictions on inputs
from A \ Z, compromising reliability in open-world deployments.
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Mitigating Overconfidence via Suppressing Predictions on Proxy OOD Samples. A widely
adopted strategy to mitigate OOD overconfidence is to expose the model to a set of proxy OOD
samples O C A\ Z during training. These samples are typically constructed by injecting noise,
applying input corruptions (Hein et al., [2019), performing class mixing (Tang et al.,[2021)), or sam-
pling from unrelated datasets (Hendrycks et al., 2018). The objective is to encourage the model to
produce low-confidence predictions on unfamiliar inputs. The corresponding regularization loss is

often formulated as
Eproxy = Eze@[s(f(m))L (D

where s(f(x)) denotes a confidence score (e.g., the maximum softmax probability). However, exist-
ing methods typically construct O with heuristic rules and don’t explicitly target structurally unstable
or semantically ambiguous regions where overconfident predictions are most likely to occur.

2.2 SEMI-DISCRETE OPTIMAL TRANSPORT

Semi-discrete optimal transport (OT) models the alignment between a continuous source measure
and a discrete target distribution. It naturally induces a geometric partition of the source domain,
providing a structured view of how samples are assigned to semantic prototypes.

Preliminaries on Semi-Discrete Optimal Transport. Let u be an absolutely continuous proba-
bility measure supported on a convex domain 2 C R, such as a Gaussian or uniform distribution.
Let the target domain be a discrete set Y = {y1, ...,y } € R equipped with a probability measure
v=> 1  wd,,, wherew; >0and > w; = 1.

The semi-discrete optimal transport problem seeks a measurable map 7" :  — R? that pushes p
onto v, i.e., Ty = v, and minimizes the expected transport cost:

[ 31 = 2P duco), @
Q

where z € 2 denotes a source point.

According to Brenier’s theorem (Brenier, [1991)), if w is absolutely continuous, the optimal transport
map 7" exists and is given by the gradient of a convex function:

T(z) = Vun(=), un(z) = max{(ys,2) + hi}, G)

where h = {h;} are scalar offsets. The function uy, is the upper envelope of affine functions, forming
a piecewise-linear convex surface over (2. To ensure identifiability, a normalization condition such
as »; h; = 01is typically imposed.

Partition Boundaries Induced by Optimal Transport. The convex structure of uy induces a
partition of the continuous source domain €2 into convex Laguerre cells, such that Q = (J, W,
where

Wi:{ZEQ‘<yi,Z>+hiZ<yj,Z>+hj7Vj;éi}. 4)

These cells form a power diagram over {2, generalizing Voronoi diagrams by incorporating the off-
sets {h; }. Each adjacent pair WV;, W;) shares a boundary hyperplane:

Sij ={2€ Q| (aij,z) +b;; =0}, aij =vi —y;j, bij =hi—h;j. (5)

These transport-induced boundaries delineate semantic transitions and provide the foundation for
constructing structurally ambiguous samples.

2.3 OT SINGULARITIES AS SOURCES OF SEMANTICALLY AMBIGUOUS OOD SAMPLES

According to the regularity theory of semi-discrete optimal transport (Figalli, 2010; Chen & Figalli,
2017), the Brenier potential uj, becomes non-differentiable on a singular set 3 C {2 when the target
measure v is multimodal or disconnected. The transport map 7'(z) = Vun(z) is discontinuous
across Y, leading to abrupt changes in transport direction.

Although X has measure zero, its neighborhood contains inputs near multiple transport boundaries,
where assignments are unstable and semantic alignment is ambiguous. These regions often corre-
spond to high-confidence mispredictions and indicate heightened robustness risk.
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Figure 2: Overview of our framework for generating OTIS. Input images are encoded into a latent
space, where a semi-discrete optimal transport (OT) map establishes a power-diagram partition with
its convex potential visualized as the upper envelope. Singularity boundaries identified from this OT
map guide the generation of interpolated latent features, which are decoded to synthesize OTIS.

Therefore, by setting the OT target distribution to the support of training images, we can construct
transport-induced singularities and map from their vicinity back to the input space, yielding semanti-
cally ambiguous samples near class transitions. These samples serve as proxies for OOD uncertainty
and offer a principled basis for training-time regularization to mitigate OOD overconfidence.

3 METHOD

This section presents our framework for alleviating OOD overconfidence by exploiting the structural
properties of OT-induced boundaries introduced in Sec. 2.2} The proposed pipeline first encodes
input samples into a compact latent space, then constructs optimal transport-induced OOD samples
(OTIS) based on the geometry of the OT partition, and finally mitigates overconfident predictions by
training the classifier with these ambiguity-aware samples. Please refer to Fig. 2] for demonstration.

3.1 LATENT REPRESENTATION FOR OT

To facilitate optimal transport modeling in a compact geometry, we construct a latent representation
space ) C R using an autoencoder. Each ID sample = € 7 is encoded by a neural encoder Enc
into a latent vector:

y = Enc(x). (6)

The resulting y lies in the latent space ), which is designed to be geometrically structured and
compact. To enable reconstruction and downstream training, a decoder Dec maps latent vectors
back to the input domain:

’

x = Dec(y). (7

We denote by {x;}? ; C Z aset of n ID training samples, and let their latent embeddings {y; =
Enc(x;)}7—, serve as support points for the discrete target measure v = ), w;d,, in the semi-
discrete optimal transport formulation. Modeling in latent space improves regularity and tractability
compared to operating in the original input domain.

3.2 CONSTRUCTION OF OTIS

Partition Estimation via Potential Optimization. Building on the semi-discrete OT formulation
introduced in Sec. [2.2] we aim to construct the transport-induced partition in the latent space by
estimating the p-volume of each Laguerre cell. These volumes characterize how the source measure
distributes mass across regions associated with the support points {y; }.

We estimate the p-volume of each Laguerre cell W;(h) using a Monte Carlo strategy. Specifically,
we sample M latent points {z; }?4:1 ~ p and assign each point to the region that maximizes the
potential: i*(z;) = argmaxy {(yx, z;) + hx}. The proportion of points assigned to each region

yields an empirical estimate of its p-volume: i(W;(h)) = W
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To compute the optimal offsets h, we minimize the discrepancy between estimated p-volumes and
a target measure v = » . w;d,,, using uniform weights w; = 1/n:

n

min £(h) =Y (AWi(h)) —w;)?, st Zhi =0. (8)

heR”
i=1

After convergence, each region pair (y;,y;) defines a boundary S;;, and we collect S = J
as candidate boundary set.

1<J

Identification of Singular Boundaries. We operationalize the concept of transport singularities by
assigning a geometric score to each OT-induced boundary and selecting those most likely to exhibit
discontinuous or unstable behavior. Given the candidate boundary set S constructed from adjacent
support points in the OT partition, we quantify the angular deviation across each boundary S;; as

score(S;;) = arccos <<y“yj>> . )
gl - 11yl

This score reflects the change in transport direction between adjacent cells. Larger values suggest
sharper directional shifts and greater likelihood of singularity. We sort all boundaries by score and
retain a fixed top-ranked proportion to form the singular boundary set S’ C S, which is used to
guide ambiguity-aware sample generation in the latent space.

Synthesis of Optimal Transport-induced OOD Samples (OTIS). For each selected boundary
Sij € S', we estimate the mass centers ¢; and ¢; of the corresponding Laguerre cells ; and W;
via Monte Carlo approximation. Specifically, each center is computed as:

1

. — o, with z, ~ g, t € {4, 5). (10)
t #{zr € Wi} zkg;vt ¥ R A i, g}

We then sample a latent point z ~ p and compute inverse-distance interpolation weights:

_ Lz = &l
llz = éll +1/1z =&’

i Aj=1-= A\ (11)
To ensure continuity near transport-induced boundaries, we adopt a smoothed transport extension
T(-), defined as:

§=T(2) = \T(&) + NT(). (12)
This extension provides a softened approximation of the discrete OT map in structurally ambiguous
regions, reducing aliasing artifacts and enhancing the semantic coherence of generated features.

Finally, we decode § via & = Dec(%), and include it in the proxy OOD set Ogr. These samples,
termed optimal transport-induced OOD samples (OTIS), are used during training to suppress over-
confident predictions near OT-induced singularities.

3.3 TRAINING WITH OTIS FOR MITIGATING OOD OVERCONFIDENCE

To mitigate OOD overconfidence, we incorporate OTIS, & € Ogr, which serves as proxy OOD
inputs generated near OT-induced singular boundaries, into the training of DNNs. We regularize
model predictions on these inputs using a confidence suppression loss following (Tang et al., [ 2021):

K
1
[fsup(-fj) = Z E IOg‘/z(i')a (13)
=1

where V;(Z) denotes the softmax probability for category i. This loss encourages the model to
distribute its confidence evenly across all classes, thereby enforcing averaged uncertainty and sup-
pressing overconfident predictions on ambiguous inputs.

During training, each batch consists of 50% ID samples supervised with cross-entropy loss and 50%
OTIS guided by the suppression loss in Eqn.
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Table 1: Comparison of eight methods in mitigating OOD overconfidence. We report test error
(TE), mean maximum confidence on ID (ID MMC 1) and OOD (OOD MMC |) inputs. All values
are in percent (%). Note: OE and CCUd leverage auxiliary datasets, while others do not.

D[ mewic | OOD ~ CEDA ACET CCUs CODES VOS Ours | OE CCUd
with auxiliary dataset v v

TE CIFAR-T0 | 579 855 687 586 773 581 752 | 680 5.55
IDMMC | CIFAR-I0 [97.98 96.06 9684 9750 9346 97.14 9546 96.80 97.30
SVAN [8422 7162 8216 7248 7235 73.16 13.18 5582 7652

= CIFAR-100 |85.98 80.18 8236 7595 7469 81.04 64.79|80.94 81.49
o LSUN.CR |77.18 60.70 65.15 5593 51.64 705 30.36|68.61 79.49
£ | oop My | TexturesC 8628 7247 7858 5901 6132 785 48.75|67.66 74.35
5 Noise | 8555 6051 6474 50.61 4370 5138 16.18 | 10.13 74.95
Uniform | 8745 1004 10.00 10.00 11.13 80.65 10.00|2620 10.00

Adv. Noise |98.90 43.04 10.00 10.00 37.66 9556 26.42|91.15 10.00

Adv. Samples | 9545 69.44 2627 8420 9237 9585 57.71|88.86 98.00

TE CIFAR-100 [23.03 3096 2505 50.66 25.68 23.56 27.73 | 25.63 23.83
IDMMC | CIFAR-T00 [82.96 8036 83.75 5643 87.76 8541 83.00 84.02 82.01

- SVAN (4827 6303 6285 6549 6611 358.76 9.30 (5257 58.62
8 CIFAR-10 |5634 62.65 6536 4570 6896 6229 6188|6501 5634
0 LSUN.CR |5501 5134 5035 5182 4185 58.02 40.64|50.11 56.98
= | oopyye | Texures C (5742 6669 6626 5830 6377 6196 55.89|60.66 56.14
5 Noise | 92.17 8299 78.94 68.00 80.15 9292 71.61| 1.07 70.59
Uniform | 7476 109 100 100 110 7244 1.00 | 325 7.38

Adv. Noise | 8647 2358 1.00 100 2785 7758 894 |67.36 46.52

Adv. Samples | 92.86 19.35 225 51.16 87.88 8401 13.71|47.75 63.88

TE SVAN | 3.68 466 350 842 429 351 483 [ 353 3.17

D MMC SVAN [9841 97.17 97.78 9064 9335 97.99 9625 |97.67 98.50
CIFAR-T0 [75.15 7370 6254 4692 61.00 7139 6137|6248 6636

. CIFAR-100 | 7536 74.01 6342 4481 5409 725 56.88|62.44 66.12
Z LSUN.CR |6675 6644 5098 49.99 56.11 6439 4885|5452 7541
% | oop MMc | TexturesC | 7422 7303 5030 5155 2277 7158 5120|4576 56.06
Noise  |98.41 97.17 9778 97.64 9335 97.99 92.42|97.67 98.00

Uniform  |7543 1021 10.00 10.00 1025 7132 10.00 | 10.08 10.00

Adv. Noise |93.75 8021 10.00 10.00 2559 91.99 24.53|21.88 10.00

Adv. Samples | 89.05 84.83 7120 8233 68.05 88.13 66.81 |42.23 99.96

TE MNIST | 067 082 072 128 066 068 1.00] 083 0.61
[DMMC | MNIST [9947 9932 9927 9841 99.65 9943 98.98 [99.30 99.18
FMNIST [58.80 355.62 4076 3209 5729 6221 20.05 4083 34.88

g EMNIST |82.18 8240 79.12 7834 8602 81.85 50.01|79.87 80.66
Z GrayCIFAR |4141 2935 12.80 10.01 2598 39.85 1548 |13.76 10.02
Kylberg | 26.56 1042 10.00 10.00 10.09 1943 10.00 | 10.17 10.00

= |OODMMC | "Qie” 17005 1062 1001 1030 1022 1125 10.00|1007 1091
Uniform  |27.20 1025 10.00 10.00 1001 1956 10.00 | 10.13 10.00

Adv. Noise |95.08 75.67 10.00 10.00 6547 1933 10.00 |25.50 10.00

Adv. Samples | 89.09 8801 59.03 1027 9377 8775 10.00|76.37 10.00

TE FMNIST | 691 610 752 1151 725 598 738 | 646 4.84
IDMMC | FMNIST [97.01 9748 9449 8853 9740 9731 95.64|98.02 98.32
MNIST — [7789 7583 80.80 4884 89.39 7646 44.6375.86 70.20

& EMNIST |81.32 77.58 85.56 33.64 0043 7728 47.93|78.64 67.16
2 GrayCIFAR |90.73 5679 3201 1137 3854 82.86 11.14|16.63 45.66
S| oopave | Kylberg 9425 1730 1525 1093 1701 8192 1035|1843 59.11
= Noise  |92.37 3567 1127 1276 1332 64.16 10.00|10.02 52.77
Uniform | 8578 1003 10.00 10.00 1031 6653 10.00 | 32.88 10.00

Adv. Noise [99.76 1698 10.00 10.00 19.64 98.69 19.39|97.57 10.00

Adv. Samples | 89.64 67.10 5020 98.60 5122 8371 15.09|40.81 99.98

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Implementation.  For latent representation, we train an autoencoder using a five-layer convo-
lutional encoder with 512 channels paired with a symmetric five-layer transposed convolutional
decoder for small images (28 x 28 or 32 x 32), resulting in a latent dimensionality of 256. For
ImageNet (224 x 224), a symmetric VGG-16 architecture is adopted as the autoencoder, yielding
a latent dimensionality of 1024. All models are trained for 200 epochs using the Adam optimizer
with a learning rate of 0.0001. The semi-discrete OT problem is solved following (An et al., [2020).
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Figure 3: Histograms of maximum confidence scores on OOD inputs before and after applying our
method. Results are shown for ResNet-18 trained on CIFAR-10 (left) and CIFAR-100 (right).

We select the top 10% of boundaries with the largest singular scores for OTIS generation and set
the weight \; according to Eqn. The overall training procedure for confidence suppression fol-
lows the default configuration of CCU (Meinke & Hein, [2020). All experiments are implemented in
PyTorch (Paszke et al.,2019) and conducted on a workstation with eight NVIDIA RTX 4090 GPUs.

ID/OOD Configurations. For low-resolution benchmarks, we use CIFAR-10, CIFAR-
100 (Krizhevsky et al.l 2009), SVHN (Netzer et al., [2011)), MNIST, and FashionMNIST (FM-
NIST) (Xiao et all) [2017) as ID datasets. Each can also serve as an OOD dataset when ex-
cluded from training, enabling diverse ID/OOD configurations. Additional OOD datasets include
LSUN_CR (aclassroom subset of LSUN (Yu et al.,[2015)), Textures_C (cropped from Textures (Ash-
worth & McLellan, (1985)), EMNIST (Cohen et al.,2017), GrayCIFAR (grayscale CIFAR-10), and
Kylberg (Kylberg) [2011). We also include Noise and Uniform samples following the procedure
in (Meinke & Hein, [2020). Furthermore, we evaluate on Adversarial Noise (obtained by maximiz-
ing classifier confidence near random inputs) and Adversarial Samples (constructed near ID inputs
but off the data manifold) (Meinke & Hein, [2020). For high-resolution evaluation, we use Ima-
geNet (Deng et al.,[2009) as the ID dataset, and consider Openlmage-O (Kuznetsova et al., [2020),
iNaturalist (Van Horn et al.| 2018), SUN (Xiao et al., 2010), Places (Zhou et al., [2016), and Tex-
tures (Ashworth & McLellan, [1985)) as OOD benchmarks.

Baselines.  On low-resolution datasets, we compare our method with five approaches that do
not rely on auxiliary OOD data: CEDA and ACET (Hein et al.l 2019), CCUs (Meinke & Heinl
2020) (a noise-based variant of CCU), CODES (Tang et al.| 2021)), and VOS (Du et al., [2022). We
also include two methods that utilize external datasets: OE (Hendrycks et al., 2018)), and CCUd, a
variant of CCU trained with the 80 Million Tiny Images dataset (Torralba et al.| |2008), excluding all
samples overlapping with CIFAR-10/100, following (Meinke & Hein, 2020). For high-resolution
experiments on ImageNet, we compare against CEDA, ACET, CODES, and VOS as baselines.

Setup and Evaluation Metrics. We use LeNet for MNIST and ResNet-18 for CIFAR-10, CIFAR-
100, SVHN, and FMNIST. For high-resolution datasets, ResNet-50 is employed. All models are
evaluated on their respective ID test sets to report test error (TE), and on both ID and OOD datasets
to compute mean maximum confidence (MMC), following the protocol of (Meinke & Hein, [2020).
To further assess the model’s ability to suppress overconfident predictions on unfamiliar inputs, we
also report the false positive rate at 95% true positive rate (FPR95), where confidence serves as the
scoring function to distinguish between ID and OOD samples.

4.2 MAIN RESULTS

Results on Low-resolution Benchmarks. Tab.[I|reports the performance of our method and prior
approaches across five datasets. Our method consistently outperforms all baselines in mitigating
OOD overconfidence, achieving the lowest OOD MMC in nearly all settings while maintaining
strong ID performance. On CIFAR-10 and CIFAR-100, we obtain significantly lower OOD MMCs
(e.g., 13.18% on SVHN and 9.30% on CIFAR-100) than all competitors, including OE and CCUd
which rely on large auxiliary datasets. Meanwhile, test errors and ID MMC remain competitive, in-
dicating no sacrifice in ID accuracy. On MNIST and FMNIST, our approach achieves near-optimal
suppression (e.g., 10.00% on Noise and Uniform) and outperforms prior methods even on chal-
lenging shifts such as GrayCIFAR and EMNIST. For adversarial shifts, our method again delivers
superior performance (e.g., 8.94% on CIFAR-100 and 15.09% on FMNIST), without relying on any
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Table 2: Comparison of five methods in mitigating OOD overconfidence for ResNet-50 on Ima-
geNet. We report test error (TE), mean maximum confidence (MMC; ID 7, OOD |), and FPR9S5 |.
ID 00D
Method | ImageNet | Openlmage-O  iNaturalist SUN Places Textures
TE MMC|MMC FPR95 MMC FPR95 MMC FPR95 MMC FPR95 MMC FPRO95
- 23.87 79.70 | 43.84 66.84 3584 52777 46.15 6858 4833 71.57 46.51 66.13
CEDA |24.72 79.87 | 4437 67.50 3476 50.67 4625 6836 47.77 70.83 47.18 66.33
ACET |[25.15 7891 |43.04 67.76 3531 5439 46.18 71.02 47.17 7240 46.49 68.33
CODES | 27.71 81.39 | 34.25 6526 32.87 5638 3936 70.23 4670 68.10 45.80 62.62
VOS |24.73 82.60 | 37.84 67.67 39.04 52.12 3926 6642 51.02 70.72 47.62 63.58
Ours |26.43 88.93 | 3496 63.96 31.01 49.16 38.80 68.17 45.78 68.08 38.81 66.50

Pt
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Figure 4: Visualizations of original inputs and corresponding OTIS from (a) CIFAR-10 and (b) Im-
ageNet. t-SNE plots of inputs and corresponding OTIS from (c¢) FMNIST and (d) CIFAR-10.
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Figure 5: OOD confidence of ResNet-18 trained on (a) CIFAR-10 and (b) FMNIST under differ-
ent sampling strategies. Boundary-based methods use top-k% singularities or random boundaries
(RanB). L-Inter and I-Inter denote latent and image-level interpolation without boundary guidance.

handcrafted augmentations or external supervision. Overall, our method consistently achieves the
best overall trade-off between accuracy and confidence calibration across diverse OOD conditions.

Visualization of Confidence Distributions. Fig. 3 shows histograms of maximum softmax con-
fidence scores on OOD inputs (SVHN and LSUN_CR) for ResNet-18 models trained on CIFAR-10
and CIFAR-100. Compared to the baseline, our method substantially reduces the prevalence of high-
confidence predictions, shifting the distributions toward lower confidence values. This illustrates the
effectiveness of our approach in alleviating OOD overconfidence.

Qualitative Analysis of OTIS. As shown in Fig.[d] OTIS instances exhibit semantically ambiguous
yet visually coherent content, often obscuring discriminative features and reflecting structural uncer-
tainty aligned with our objective. The t-SNE (Maaten & Hinton|, 2008) visualizations further reveal
that OTIS instances cluster in inter-class transition zones rather than collapsing onto any single class
manifold. This validates their role as structurally grounded inputs for suppressing overconfident
predictions near decision boundaries.

ImageNet Results. Tab.[2|presents results on ImageNet with ResNet-50. Our method achieves the
highest ID MMC (88.93%) and significantly reduces OOD confidence, attaining the lowest OOD
MMC on most benchmarks. It also achieves the best FPR95 on key datasets such as iNaturalist
(49.16%) and Openlmage-O (63.96%). Although the test error (26.43%) is slightly higher than
some baselines, the overall performance demonstrates a favorable trade-off between ID accuracy
and OOD calibration, outperforming CEDA, ACET, CODES, and VOS in most cases.

4.3 ABLATION STUDIES AND OTHER ANALYSIS

Effectiveness of High-Singularity Boundaries. We investigate whether sampling near boundaries
with higher singularity scores improves OOD regularization. As shown in Fig. 3] selecting the top
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Figure 6: ROC curves for OOD detection on four ID—OOD settings using MSP, ODIN, and ReAct,
with and without applying our training framework.
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10% of boundaries consistently achieves the lowest OOD MMC across multiple datasets, indicating
that these regions are most effective in capturing structural ambiguity and eliciting overconfidence.
Performance gradually degrades when selecting lower-ranked boundaries, but remains superior to
random boundary selection (RanB), confirming the benefit of singularity-aware sampling.

Singularity-Based Sampling vs. Interpolation Baselines. We compare boundary-based sampling
with interpolation strategies that do not leverage OT geometry. As shown in Fig. [5] both latent-
space (L-Inter) and input-space (I-Inter) interpolation yield substantially higher OOD MMC than
boundary-based methods. This suggests that naive mixing fails to produce semantically ambiguous
inputs effective for regularizing overconfidence. In contrast, OT-induced singular boundaries offer
geometrically grounded, uncertain regions that serve as more informative training signals.

Performance in Improving OOD Detection. To assess whether our confidence regularization en-
hances standard OOD detection, we apply MSP (Hendrycks & Gimpel, 2017)), ODIN (Liang et al.,
2018), and ReAct (Sun et al.,|2021), with and without training the classifier using our OTIS-based
suppression loss. As shown in Fig. [6] models trained with our framework (MSP+Ours, ODIN+Ours,
ReAct+Ours) consistently exhibit ROC curves that dominate their respective baselines, indicating
improved true positive rates across a range of false positive thresholds in all test cases. The im-
provement is especially pronounced under challenging shifts such as CIFAR-10—Textures_C. These
results confirm that suppressing overconfidence in structurally ambiguous regions during training
yields more calibrated models and enables more effective OOD detection at inference.

Why OTIS Instead of Other Heuristic Boundary Sam- Table 3: FID to CIFAR-10 (ID) and
ples? Tab. [3] reports Fréchet inception distance (FID) to MMC (%) for boundary samples (OOD)
CIFAR-10 and the mean maximum confidence (MMC) used by different OOD overconfidence
of a ResNet-18 classifier trained on CIFAR-10, evaluated mitigation methods, with CIFAR-10 re-
on the CIFAR-10 test set and on the boundary samples sults shown for reference.

used by CEDA, ACET, CODES, VOS, OE, and OTIS. Dataset  FID MMC
Among these sample sets, OTIS achieves the smallest CIFAR-10 000 97.98

FID while still inducing high MMC, meaning that OTIS o 120 s

samples stay closest to the CIFAR-10 ID manifold and CODES 3.18 8884
are predicted with high confidence. Although ACET at- VOS 528 88.51
tains the highest MMC, the Adv. Noise it uses lies much OE 5.73 84.70
farther from the ID manifold, as reflected by its much OTIS 245 9129

larger FID. Overall, OTIS focuses on near-distribution,
high-confidence regions that previous schemes under-cover, clarifying the benefit of OT-based con-
struction over heuristic boundary generation.

Confidence Calibration on ID Table 4: ECE (x1072) on ID test sets for the base classifier and
Data.  Tab. [4] reports expected models trained with OOD overconfidence mitigation methods.

calibration error (ECE) on ID Dataset - CEDA ACET CCUs CODEs VOS Ours| OE CCUd
test sets for the base classifier CIFAR-10 [3.77 461 373 381 426 2095 1.88(3.65 291

and models trained with OOD  CIFAR-100(6.08 11.34 970 1288 1145 897 691|9.69 6.16

‘e . SVHN [2.10 1.83 130 2.82 274 1.51 1.66(1.28 1.67
overconfidence mitigation meth-— Vonor 1657 094 076 037 031 024 0.14/034 0.30
ods. OTIS achieves the best

FMNIST [4.00 3.61 4.12 453 465 339 3.26/4.50 332
ECE on CIFAR-10 and FMNIST  [mageNet [2.05 3.07 264 - 475 426 2.71| - -

and matches the best baseline on
MNIST. On CIFAR-100 and ImageNet datasets, several methods worsen ECE relative to the base
model, whereas OTIS stays close to the baseline. These results indicate that OTIS reduces overcon-
fidence on OOD inputs without degrading, and sometimes improving, ID calibration.
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Table 5:  Comparison of OTIS variants for mitigating OOD overconfidence with CIFAR-10
as ID. Columns (Gaussian-5, Uniform-3/7/5) follow the format base distribution - number of en-
coder/decoder layers. We report ID MMC (1), TE (}), OOD MMC ({), and FPR95 ().
Gaussian-5 Uniform-3 Uniform-7 Uniform-5 (Ours)
ID MMC TE ID MMC TE ID MMC TE ID MMC TE
CIFAR-10 96.48 7.31 96.00 7.60 92.31 8.55 95.46 7.52
OOD MMC FPR95 | OOD MMC FPR95|O0OD MMC FPR95 |OOD MMC FPR95
SVHN 17.71 1.54 24.95 3.11 14.27 1.23 13.18 1.21
CIFAR-100 68.81 64.78 67.74 65.34 59.83 68.63 64.79 63.38
LSUN_CR 39.33 15.83 34.47 19.27 34.72 22.77 30.36 10.95
Textures_C 57.77 45.64 56.88 46.22 54.57 50.07 48.75 36.70
Noise 24.23 0.00 28.70 0.23 21.59 4.54 16.18 0.00
Uniform 10.00 0.00 10.00 0.00 10.04 0.00 10.00 0.00
Adv. Noise 2791 3.43 44.51 3.00 31.37 1.09 26.42 0.66
Adv. Samples 59.96 76.78 60.21 77.55 59.63 78.64 57.71 74.71

Dataset

Effect of Base Distribution. Tab. E] compares a Gaussian base distribution (Gaussian-5) and the
uniform base distribution (Uniform-5, Ours) under the same 5-layer symmetric encoder—decoder.
Both yield similar CIFAR-10 test error and ID MMC, while Uniform-5 consistently achieves better
OOD metrics (lower OOD MMC and FPR95). This suggests that OTIS is insensitive to the exact
base distribution and that a uniform base is a strong default choice in practice.

Effect of Autoencoder Depth. Tab. [5| further compares OTIS with different AE depths under a
uniform base (Uniform-3, Uniform-5, Uniform-7). CIFAR-10 test error and ID MMC remain close
across depths, whereas Uniform-5 generally offers the best OOD trade-off, with the lowest or near-
lowest OOD MMC and FPR95 on most datasets. This indicates that OTIS is robust to the AE depth
and that a 5-layer symmetric encoder—decoder provides a good balance between computational cost
and the effectiveness in alleviating OOD overconfidence.

5 RELATED WORK

Handling OOD Overconfidence. Test-time detection methods estimate prediction confidence via
softmax responses (Hendrycks & Gimpel, [2017), temperature scaling (Liang et al.l [2018), energy
scores (Liu et al.| 2020)), or feature-space distances (Lee et al., [2018b). Though widely used, these
post hoc techniques do not resolve the model’s inherent overconfidence on unfamiliar inputs. A
proactive alternative introduces proxy OOD inputs during training. Some methods use generative
models to estimate ID boundaries and penalize confidence in low-density areas (Lee et al.| [2018aj
Meinke & Hein, 2020), though these often require careful tuning or partial OOD access (L1 &
Vasconcelos, 2020). Others employ unrelated datasets (Hendrycks et al., 2018), or apply input
transformations—e.g., noise, permutation, mixing (Hein et al.l [2019; [Maaten & Hinton| 2008)), or
sample from low-likelihood regions (Du et al, 2022). These methods typically rely on heuristics
and lack principled ways to characterize semantic ambiguity or boundary instability. We instead
exploit semi-discrete OT geometry to identify transport-induced singularities, enabling grounded
OOD example construction for confidence regularization.

Optimal Transport (OT). OT offers a principled framework for comparing probability measures
via cost-optimal mappings (Villani et al.l |2008; [Santambrogiol [2015; Mérigot, |2011). It has been
broadly applied in domain adaptation (Courty et al.l [2017; Damodaran et al.| |2018)), generative
modeling (Genevay et al.| 2018; [Tolstikhin et al.l 2018), and representation learning (Cherian &
Aeronl 20205 |Chen et al) 2022)). In contrast, we are the first to exploit structural singularities in
semi-discrete OT for OOD robustness, introducing OT as a novel tool for confidence calibration.

6 CONCLUSION

In this paper, we have presented a theoretical perspective on OOD overconfidence by linking it
to singularities in semi-discrete optimal transport, which highlight structurally ambiguous regions
where classifiers tend to be overconfident. These regions provide natural targets for confidence
regularization. Extensive experiments across various architectures and ID/OOD settings show that
our method reduces overconfidence without sacrificing ID accuracy. We hope this work motivates
further studies on robustness beyond OOD challenges.
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A APPENDIX

A.1 MORE QUANTITATIVE RESULTS

Comparison on Mitigating OOD Overconfidence Measured by FPR95.  Tab. [§ reports the
FPR95 across a broad set of ID and OOD dataset pairs. Our method consistently achieves com-
petitive or superior performance across most settings. Compared to baseline models, which often
yield FPR95 above 60%, our approach substantially reduces overconfidence, particularly on near-
OOD and corrupted variants. Among methods without auxiliary data, our method significantly
outperforms CEDA, ACET, CODEs, and VOS on most datasets, especially on Adversarial Noise
and Adversarial Samples. For instance, on CIFAR-10 with Adversarial Noise, our method achieves
0.66% FPRY5, far below VOS (94.12%) and CODEs (19.55%). Compared to methods using aux-
iliary datasets, such as OE and CCUd, our method is competitive while remaining free of extra
supervision. These results confirm that our OT-based framework effectively identifies structurally
ambiguous regions and suppresses overconfident predictions on a diverse range of OOD inputs.

Comparison on Mitigating OOD Overconfidence Measured by AUROC. To further evaluate the
model’s ability to suppress overconfident predictions, we report the area Under the receiver operating
characteristic curve (AUROC), where we use the confidence as a threshold for the detection problem
(ID vs. OOD). As shown in Tab. [/ our method achieves consistently high AUROC scores across
various OOD types. It outperforms all baselines on CIFAR-10 with SVHN and Noise as OOD
(99.79% and 99.97%), and maintains strong performance on challenging shifts such as Adversarial
Noise (100.00% on CIFAR-100). On simpler datasets like MNIST and FMNIST, it achieves near-
perfect AUROC under multiple shifts. These results demonstrate the effectiveness of our method in
mitigating OOD overconfidence across diverse conditions.

Robustness to Common Corruptions. We treat CIFAR-10 and CIFAR-100 as ID data and their
corrupted counterparts CIFAR-10-C and CIFAR-100-C as OOD inputs, modeling more realistic,
corruption-based distribution shifts. Tab. [§|summarizes the results on these corruption benchmarks.
On CIFAR-10-C, OTIS achieves the lowest OOD MMC and FPR95 and the highest AUROC among
all methods. On CIFAR-100-C, OTIS again attains the lowest MMC and FPR95, while its AUROC
remains competitive with the strongest baseline CCUd. These results show that OTIS effectively
mitigates overconfidence and improves OOD detection under challenging corruption-induced shifts.

A.2 MORE VISUALIZATION RESULTS

Visualization of Confidence Distributions. We visualize the distribution of maximum softmax
confidence on various OOD inputs before and after applying our method. As shown in Fig.[/] stan-
dard models exhibit a long tail of overconfident predictions even on clearly OOD samples. Our
method effectively reduces high-confidence spikes and flattens the overall distribution. Fig. [§high-
lights the robustness of our approach across different types of synthetic OOD inputs, including
random noise and adversarial variants. In all settings, confidence mass is shifted away from the high
end, indicating more calibrated predictions. Finally, Fig. [0 demonstrates that our method remains
effective under large-scale settings. Despite the difficulty of the ImageNet task, our approach re-
duces confidence saturation on OOD datasets such as Openlmage-O and SUN, suggesting improved
generalization to unseen distributions.

Visualization of Transport-Induced OOD Samples (OTIS). We visualize OTIS instances gen-
erated from different datasets in Figs. Across all domains, OTIS instances exhibit seman-
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Table 6: Comparison of eight methods for mitigating OOD overconfidence, measured by FPR95
(%, ). Note: OE and CCUd leverage auxiliary datasets, while the others do not.

ID | 00D Baselinen CEDA ACET CCUs CODEs VOS Ours | OE CCUd
with auxiliary dataset v v
SVHN 59.51 5578 69.99 2120 7223 475 121 |31.87 8.24
CIFAR-100 6499  70.69 69.66 40.18 7432 6293 63.38|66.90 61.18
= LSUN_CR 4527  35.11 3940 2527 3525 4233 10.95|45.67 12.02
~ Textures_C 66.49 5746 63.76 2532 51.54 57.77 36.70 | 50.55 20.05
é Noise 59.49 17.80 25.27 3275 18.06 11.00 0.00 | 0.00 0.01
O Uniform 68.59 0.00 0.00 0.00 0.00 6295 0.00 | 0.39 0.00
Adv. Noise 9746  31.94 0.00 0.00 19.55 94.12 0.66 | 84.61 0.00
Adyv. Samples 94.28 92.01 76.84 100.00 91.74 92.81 74.71 | 86.64 99.83
SVHN 71.39  86.46 79.01 1790 82.08 75.07 8.81 |66.86 10.00
- CIFAR-10 7949  86.02 83.51 1292 8242 79.76 77.38|82.43 10.07
S LSUN_CR 78.60 72.86 64.81 9.93 4545 7648 55.82|64.31 9.01
~ Textures_C 80.11 89.29 84.52 83.16 7530 78.74 75.57 |75.62 74.47
< Noise 99.61 99.75 99.87 3323 97.83 99.49 2820| 0.00 0.55
O Uniform 97.95 0.00 0.00 0.00 0.00 98.78 0.00 | 0.00 0.00
Adv. Noise 99.73 2148 0.00 0.00 2731 99.34 7.41 |84.69 0.00
Adv. Samples 92.89 9257 85.65 100.00 90.60 88.84 86.09 | 82.74 99.00
CIFAR-10 3045 45.61 18.12 16.47 7.68 27.09 11.45|19.85 8.27
CIFAR-100 30.61 46.32 19.84 1745 17.64 28.89 13.29 |21.00 16.51
> LSUN_CR 17.50  31.89 10.01 29.24 49.03 15.75 11.04 |10.87 10.00
= Textures_C 28.62 46.15 12.61 1090 8.63 26.79 41.17 |11.40 0.00
2 Noise 99.54 9538 96.19 97.26 9995 96.23 90.12 | 9548 96.28
Uniform 28.91 0.00 0.00 0.00 0.00 26.65 0.00 | 0.00 0.00
Adv. Noise 7750  60.74 0.00 0.00 1147 7455 798 | 460 0.00
Adv. Samples 66.55 67.06 46.26 99.67 39.60 63.15 59.07 | 23.14 99.00
FMNIST 1.44 1.56 048 6.78 080 248 036 | 0.85 0.26
EMNIST 22.15 2156 19.88 4095 1970 21.78 15.38 | 21.60 35.10
= GrayCIFAR 0.03 0.00 0.00 0.00 0.00 0.04 030 | 0.00 0.00
i Kylberg 0.00 0.00 0.00 0.00 0.00 0.00 0.00 | 0.00 0.00
E Noise 0.00 0.00 0.00 0.00 0.00 0.00 0.00 | 0.00 0.00
Uniform 0.00 0.00 0.00 0.00 0.00 0.00 0.00 | 0.00 0.00
Adv. Noise 0.04 0.00 0.00 0.00 0.00 0.00 0.00 | 0.00 0.00
Adv. Samples 4.06 0.43 0.00 0.00 1.44 099 0.00 | 0.00 0.17
MNIST 59.07 4892 35.12 57.83 79.43 51.54 53.38 |40.78 52.88
EMNIST 66.61 5237 4371 4297 81.04 53.36 41.62 |47.97 43.94
5 GrayCIFAR 86.65 2253 1656 1190 7.61 6691 7.46 | 047 7.10
Z Kylberg 92.75 1.07 6.03 1085 031 652 256 | 0.16 0.00
S Noise 92.99 0.02 21.32 242 0.00 16.77 0.00 | 0.00 0.01
= Uniform 79.85 0.00 0.00 0.00 0.00 26.54 0.00 | 0.02 0.00
Adv. Noise 99.92 1.30  0.00  0.00 091 99.26 0.00 |95.78 0.00
Adv. Samples 82.28 28.65 17.19 100.00 16.65 6445 38.15|12.51 98.50

tically coherent yet structurally ambiguous characteristics that differ from typical ID patterns. On
ImageNet (Fig. [I0), the generated instances contain mixed or blurred attributes resembling multi-
ple classes (e.g., dog—cat or ship—truck), often with disrupted contours and overlaid textures. On
CIFAR-10 (Fig. [[T)), OTIS instances present hybrid features and indistinct boundaries, lacking the
sharp discriminative traits of clean samples. On FMNIST (Fig. [I2)), shape distortions and pattern
mixing are especially prominent, producing examples that lie between known fashion categories.
These results demonstrate that our OT-based sampling process successfully identifies regions of
structural uncertainty and generates visually plausible OOD inputs for suppressing overconfidence.

A.3 STATEMENT ON LLM USAGE
LLMs were used solely as a writing-assistance tool to polish the language of this manuscript (e.g.,

grammar, phrasing, and clarity). They were not involved in research ideation, experiment design,
data analysis, or substantive content generation.
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Table 7: Comparison of eight methods for mitigating OOD overconfidence, measured by AUROC
(%, 7). Note: OE and CCUd leverage auxiliary datasets, while the others do not.

ID | 00D Baselinen CEDA ACET CCUs CODEs VOS  Ours OE CCud
with auxiliary dataset v v

SVHN 91.29 9256 89.00 8875 86.67 92.56 99.79 | 9527 85.42
CIFAR-100 8835 8569 8564 8583 8377 8576 87.19 | 86.15 82.38

= LSUN_CR 93.80 9542 9493 90.66 9457 9294 98.26 | 94.12 98.34
x Textures_C 88.50 90.26 8831 9452 90.10 8832 93.01 | 90.04 97.29
é Noise 93.60 96.40 9547 9838 9771 98.14 9997 | 99.96 97.22
O Uniform 90.46  100.00 100.00 100.00 100.00 91.61 100.00 | 99.84 100.00
Adv. Noise 56.38 85.36  100.00 100.00 93.11 9296 95.78 | 98.77 100.00

Adyv. Samples 54.77 5731 66.79 6340 65.68 59.26 67.27 | 63.11 62.79
SVHN 84.15 82.14 8635 86.10 89.82 90.6 98.04 | 93.37 97.37

- CIFAR-10 78.61 7233 7420 6754 7623 77.83 74.05 | 74.61 80.25
S LSUN_CR 80.38 8145 85.16 86.08 89.83 81.89 87.28 | 85.55 82.32
o Textures_C 77.74 68.02 72.09 86.24 7845 78.09 79.00 | 7545 76.45
< Noise 53.61 5209 6034 5355 69.60 5427 61.93 |100.00 56.60
C Uniform 69.77  100.00 100.00 99.99 100.00 75.63 100.00 | 99.99 100.00
Adv. Noise 5233 91.12 100.00 100.00 90.83 69.57 100.00 | 73.15 100.00

Adv. Samples 60.26 7423 8475 8288 81.20 84.06 85.36 | 89.11 85.59
CIFAR-10 91.68 9226 9626 98.26 9845 9244 89.83 | 9594 99.94
CIFAR-100 91.82 92.09 96.01 9796 97.64 9191 98.18 | 95.66 99.92

- LSUN_CR 96.04 9487 97.80 9515 9243 9575 9547 | 97.59 99.90
a5 Textures_C 9293 90.84 9736 9924 9833 9252 97.56 | 97.68 99.94
5) Noise 84.09 87.07 88.07 96.18 91.83 8735 9572 | 99.99 95.07
Uniform 9422 100.00 100.00 100.00 100.00 93.19 100.00 | 100.00 100.00
Adv. Noise 50.25 7698 100.00 100.00 95.62 85.05 92.43 | 98.64 100.00

Adv. Samples 61.44 7669 8143 8484 89.10 7444 86.68 | 92.06 92.79
FMNIST 99.34  99.19 99.69 9925 9946 99.11 99.77 | 99.50 99.61
EMNIST 9474 9474 9531 9405 9506 949 96.55 | 94.84 96.15

= GrayCIFAR 99.83  99.94 100.00 99.99 9995 99.85 99.87 | 99.99 99.99
2 Kylberg 99.99  100.00 100.00 100.00 100.00 100.00 100.00 | 100.00 100.00
é Noise 100.00 100.00 100.00 99.99 100.00 100.00 100.00 | 100.00 99.99
Uniform 100.00 100.00 100.00 100.00 100.00 100.00 100.00 | 100.00 100.00
Adv. Noise 97.55  99.28 100.00 100.00 99.57 100.00 100.00 | 98.91 100.00

Adv. Samples 97.80 98.32  99.75 100.00 9798 98.08 100.00 | 98.88 99.99
MNIST 90.72  94.16 9558 8508 79.23 93.16 97.87 | 95.10 97.26
EMNIST 87.70 92771 94.02 88.12 7844 9237 9296 | 93.40 96.11

5 GrayCIFAR 83.89 9723 97.89 99.00 98.97 9225 98.44 | 99.90 98.24
= Kylberg 7993  99.78 99.18 9930 99.92 9297 98.74 | 99.92 99.08
S Noise 86.65 99.80 9646 97.94 100.00 97.01 97.96 |100.00 96.98
B Uniform 90.90 100.00 100.00 99.49 100.00 96.54 100.00 | 99.83 99.98
Adv. Noise 57.87  99.80 100.00 99.94 99.86 67.08 98.87 | 83.45 99.99

Adv. Samples 81.54 9629 97.57 8272 96.85 86.76 93.84 | 97.74 87.60

Table 8: Comparison of different methods for mitigating OOD overconfidence under common
corruptions, treating CIFAR-10/100 as ID data and CIFAR-10-C/100-C as OOD inputs. We report
OOD MMC (), FPR95 (), and AUROC (1), all in percent (%).
Method CIFAR-10-C CIFAR-100-C

MMC FPR95 AUROC | MMC FPR95 AUROC

Base 9321  83.30 70.43 65.61  84.06 68.92

CEDA | 86.81 80.92 70.66 69.85  89.30 63.17

ACET | 90.81  85.00 66.16 71.80  87.40 65.62

CCUs 85.42  80.96 66.16 66.19  79.78 65.94
CODES | 84.44  84.80 68.00 7496  85.80 67.04

VOS 90.89  82.38 66.07 7090 84.72 67.67

Ours 70.78  66.16 76.63 59.22 73.82 72.72

OE 8775  79.86 70.15 71.18  85.20 66.16
CCUd | 83.82  68.79 73.99 63.27 78.16 79.20
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Figure 7: Histograms of maximum softmax confidence on OOD samples from common datasets.
Each model is trained on SVHN, FMNIST, or MNIST using ResNet-18, and tested on datasets such
as CIFAR-100, LSUN, and EMNIST.
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Figure 8: Histograms of confidence on synthetic OOD inputs. Each model is trained on CIFAR-10,
CIFAR-100, SVHN, or FMNIST using ResNet-18, and evaluated on Uniform, Noise, Adversarial

Noise, and Adversarial Samples.
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Figure 9: Histograms of maximum confidence scores on large-scale OOD datasets. A ResNet-50 is
trained on ImageNet and evaluated on Openlmage-O, iNaturalist, SUN, and Places.
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Figure 10: Visualizations of OTIS generated from ImageNet.
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Figure 11: Visualizations of OTIS generated from CIFAR-10.

Figure 12: Visualizations of OTIS generated from FMNIST.
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