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Abstract

Neural networks are vulnerable to overconfidence. Selec-
tive classification addresses this by abstaining models from
uncertain predictions. Existing selective classification ap-
proaches do not consider the geometry of the feature space;
as such, they require an auxiliary classification head or rely
on computation-heavy methods. To address this, we pro-
pose DARTS, a new distance-to-boundary-aware training
approach that significantly improves performance by ex-
plicitly shaping feature-space geometry. DARTS provides
a closed-form expression for the distance of an input to its
nearest decision boundary to encourage correctly classified
samples to lie farther from the boundary, while constrain-
ing misclassified ones to remain closer. Being geometry-
based, DARTS is architecture-agnostic and improves confi-
dence separation and robustness without additional param-
eters or inference overhead. Experimental results across the
CIFAR, Imagenet, CIFAR-C, and Imagenet-C benchmarks
with ResNet, ConvNext, and ViT architectures show that
DARTS improves Area Under Risk Coverage Curve (AURC)
by upto 58% compared to state-of-the-art approaches, with
consistent gains of over 20% on both CIFARI100 and Ima-
genet. We will release our code for reproducibility.

1. Introduction

Safety-critical applications require machine learning algo-
rithms able to abstain from predictions when uncertain,
rather than output a potentially harmful decision [39]. Se-
lective classification allows a model to reject a subset of
inputs, thereby trading coverage for higher reliability on the
retained set [0, 18]. The effectiveness of selective classifi-
cation depends on (1) a training objective that encourages
geometrically well-separated and robust decision regions;
and (2) a confidence score that reliably ranks samples by
their likelihood of correctness.

Prior Work. Chow [6] introduced the concept of classifi-
cation with a reject option. Theoretical performance guar-
antees were then derived under various assumptions, such
as realizability, Tsybakov noise conditions or margin-based
separability [25]. Experimental methods then emerged in
both classical and deep learning settings. Early approaches

often relied on confidence thresholds derived from model
outputs [17], while more recent work has explored learn-
able rejection mechanisms [36], uncertainty quantification
via ensembles [28] or Bayesian methods [15], and game-
theoretic formulations that jointly optimize prediction and
rejection policies [4]. A prominent line of research fo-
cuses on bounded-improvement selective classifiers, which
guarantee that the selective risk is never worse than that
of a fixed baseline classifier while maximizing coverage
[13, 46]. In the context of deep neural networks, Selec-
tiveNet [18] trains a dedicated selection head alongside
the predictor. Despite attempt to design proper confidence
functions for selective classification and failure prediction
[7], it has been shown by [14] that maximum softmax prob-
ability works best as a confidence metric.

Key Issues. Existing selective classification methods face
two critical limitations. First, post-hoc approaches such
as softmax entropy [17] or Monte Carlo dropout variance
[15] do not explicitly account for the geometry of the deci-
sion boundary or the model’s robustness in local neighbor-
hoods. Consequently, confidence estimates can be poorly
calibrated, especially near ambiguous or adversarially vul-
nerable regions [2, 41]. Ultimately, this leads to suboptimal
risk-coverage trade-offs. Second, training procedures for
selective classifiers often treat prediction and selection as
decoupled objectives [16] or optimize them using surrogate
losses [5, 8] that do not directly encourage well-separated
decision boundaries with reliable confidence margins.
Core Innovation. We propose Distance-Aware Robust
Training for Selective classification (DARTS), a training
framework that explicitly shapes the feature-space geom-
etry of a classifier through class-dependent margin regu-
larization. Figure la overviews DARTS. In stark opposi-
tion with adversarial training methods that rely on input-
space perturbations [26], DARTS operates in the feature
space. By leveraging the closed-form distance in feature
space between an input and decision boundaries of class
pairs, DARTS enforces asymmetric geometric constraints
that separate confidently correct predictions from uncertain
or incorrect ones. Specifically, we treat correctly and in-
correctly classified samples in a complementary fashion.
We enforce a minimum margin from the nearest decision
boundary (computed over top rival classes). Samples whose
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Figure 1. (a) Decision-aware training shapes feature—boundary
margins, reducing overlap between correct and incorrect confi-
dence. (b) Across architectures (ResNet-56, RepVGG-A2) and
datasets (CIFAR-10-C/100-C), DARTS yields consistent percent-
age improvements: lower selective risk (AAURC% 1) and higher
discriminability (AAUROC% 7).

features lie too close to the decision boundary of the com-
peting classes are penalized, thus improving robustness and
calibration. For misclassified samples, rather than pushing
them away from their incorrect prediction, we push them to
approach and remain near the decision boundary (i.e., the
hyperplane separating the incorrectly predicted and near-
est class) within a maximum margin. This prevents over-
confident errors and ensures that ambiguous samples re-
main near rejectable boundaries.

DARTS’s approach follows a warm-up phase of standard
cross-entropy training. A curriculum schedule gradually
increases the penalty on misclassified samples, stabilizing
optimization and aligning the learned geometry with con-
fidence behavior. Importantly, DARTS’s computation de-
pends only on penultimate layer features, classifier weights,
and classifier bias. As such, DARTS requires no auxil-
iary networks, additional parameters, or input-space pertur-
bations, thus reducing the computational burden of train-
ing for selective classification. Moreover, being distance-
based, DARTS is a general distance-based approach that
is applicable to any neural network classifier, including
convolutional- and transformer-based architectures.

Summary of Novel Contributions

e We introduce DARTS to explicitly shape the feature-space
geometry of neural classifiers using closed-form distances
to decision boundaries. The proposed asymmetric margin
regularization enforces wide and stable margins for cor-
rectly classified samples while constraining misclassified
ones near their top-2 decision boundary, thus improving re-
liability without auxiliary networks or perturbations. In ad-
dition, we propose a unified geometric confidence measure
that is architecture-agnostic, invariant to logit scaling, and
consistent with the training objective;

e We perform extensive experimental evaluation on CIFAR
and Imagenet benchmarks as well as their corrupted ver-
sions with ResNet, ConvNext, and ViT architectures. We

show that DARTS improves AURC by up to 58% compared
to state-of-the-art approaches, with consistent gains of over
20% on both CIFAR-100 and ImageNet..

2. Related Works

Selective Classification: El-Yaniv and Wiener [13] and
Wiener and El-Yaniv [46] introduce bounded-improvement
selective classifiers that guarantee the selective risk never
exceeds that of a fixed baseline, albeit under strong realiz-
ability assumptions. More practical variants include Selec-
tiveNet [ 18], which trains an auxiliary selection head along-
side the main predictor, and Deep Gamblers [34], which
formulates abstention as a utility-maximization problem.
However, these approaches either introduce additional net-
work components or depend on heuristic confidence scores
(e.g., softmax entropy), which often lack geometric inter-
pretability and calibration.

Confidence and Uncertainty Quantification: Other ap-
proaches improve confidence reliability and uncertainty
quantification. Classical approaches include Monte Carlo
dropout [15], deep ensembles [28], and density-based meth-
ods [23, 45]. Subsequent works have proposed energy-
based [31] and logit-space geometric measures such as
ViM [44] and GEN [32] which focus on flagging the Out-
of-Distribution (OOD) inputs. These methods are often
computationally expensive (ensembles), require architec-
tural changes (Bayesian networks), or conflate epistemic
uncertainty with distributional shift. In contrast, our pro-
posed confidence score is deterministic, parameter-free, and
derived from the geometry of decision boundaries in feature
space, which makes it more interpretable and efficient.
Margin-Based Score for Selective Classification Closely
related to DARTS are margin-regularized representation
learning methods such as Large Margin Softmax [30] and
ArcFace [10], which enforce angular margins to improve
discriminative power but assume correct labels and fail to
handle misclassified samples. Confidence-Aware Learn-
ing [36] penalizes low-confidence correct predictions, but
applies uniform penalties across samples. DARTS diverges
from these approaches through an asymmetric margin ob-
jective: it enforces large minimum margins for correct pre-
dictions to form robust basins, while constraining misclassi-
fied samples near the top-M’ decision boundary to prevent
overconfident errors. This dual objective explicitly aligns
geometric structure with the demands of selective classifi-
cation.

Geometric Confidence Metrics. Decision-boundary dis-
tances have been used as confidence indicators in linear
models and SVMs [38]. However, they are less common
in deep networks due to their inherent non-linearity. [22]
showed that ReLU networks yield piecewise-linear bound-
aries, enabling exact margin computation in special cases-
though such methods are intractable for large-scale mod-



els. Our approach circumvents this issue by assuming a
linear classifier head, a standard design in modern archi-
tectures (e.g., ResNets), which allows approximate yet ef-
fective boundary-distance computation using only the fi-
nal weight matrix W. This produces a confidence score
that strongly correlates with correctness, leading to superior
performance over softmax-based baselines with negligible
computational cost.

Summary of Novelty

In stark opposition with prior work, DARTS re-
quires no auxiliary networks, no input-space pertur-
bations, and no post-hoc calibration. These features
make it interpretable and easily integrable into ex-
isting deep learning pipelines. DARTS directly reg-
ularizes the decision geometry during training, thus
unifying geometric margin shaping and confidence
estimation within a single framework.

3. Problem Statement: Selective Classification

We adopt the standard formalism in literature[17, 18]. Ac-
cordingly, in selective classification, a predictor f is paired
with a selection function g : X — {0,1} that decides
whether to accept or abstain from the classification:

(f. 9)(x) = {f(w), 9(x)

reject, g(x)

1
0

)

M

Let £(f(x),y) denote a per-sample loss (e.g., 0-1 or cross-
entropy), and let the expectation be over (z,y) ~ D. The
coverage is defined as ¢(g) = E[g(z)], while the corre-
sponding selective risk is defined as

E[((f(x),y) g(z)]
o(g)

which is the standard risk when ¢(g) = 1. The reliabil-
ity/coverage trade-off is summarized by the risk—coverage
curve (RCC) and its area under the curve (AURC) [18, 36].

Confidence Function. A confidence function C : X — R
estimates the model’s belief in correctness. A threshold-
based selector defined as

gr(2) = 1[C(x) 2] 3

accepts predictions above confidence level 7 and abstains
otherwise. Thus, an effective C'(z) must rank samples
based on their true correctness probabilities, yielding an op-
timal risk—coverage trade-off.

R(f,9) = ; 2

Feature-Classifier Decomposition. Henceforth, we will
consider models such as

f(x) = v(¢(2)) = Why(z) + b, €y
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A, Dual-margin
Loss

Classifier; v

I Enforce D(x)<m, |

— x I Lincorrect = [max (0’ D()(S)-mlo):|2 J

L=L

CE + I'corr-'. Lincorrect )\corr, )‘incorr activates afterTO EPOChS

Figure 2. Training pipeline of the DARTS framework. Given an
input sample z, the feature extractor hy and linear classifier v
produce logits and boundary distances D(x). Correctly classified
samples are pushed away from the decision boundary using a high
margin mu; via Leorr, while misclassified samples are pulled closer
with a low margin mj, via Lyrone. Both margin-based losses are
combined with cross-entropy and activated after a warm-up phase,
aligning geometric margins with selective confidence.

where ¢ : X — R? is a feature extractor (e.g., a CNN
or ViT backbone), hy(z) € R? denotes the feature rep-
resentation, and v is a linear classifier parameterized by
(W,b). This decomposition allows a geometric interpre-
tation of model confidence; in other words, the decision
boundaries between classes correspond to hyperplanes in
the feature space, whose distances reflect the model’s cer-
tainty. DARTS realizes a geometrically-grounded confi-
dence measure which is based on distances from hy () to
these decision boundaries.

4. The DARTS Framework

We first introduce the estimate of geometric distance from
the decision boundary in feature space in Section 4.1. Then
we describe the overall loss function along with its compo-
nents in Section 4.2. We conclude with a description of the
inference procedure in Section 4.3.

4.1. Confidence via Decision Boundary Distance

Consider amodel f = vo, composed of a feature extractor
1) and a linear classifier v:

f(x) = Why(x) + b, (5)

where hy(x) € R? denotes the penultimate-layer feature
representation, and W = [wy,...,wk]' € RE*? and
b € RX are the classifier parameters for K classes. The
decision boundary between two classes ¢; and c5 is defined
as the set of feature points A satisfying

(Wey, ) +be, = (We,, h) + be,. (6)



This boundary forms a hyperplane orthogonal to the vec-
tor (We, —We, ). The signed Euclidean distance of a feature
vector h to this hyperplane is therefore:
<W01 — Wey, h> + (bC1 — bC2)

||WC1 - We, H2

d(h;er,e2) = (7)

For input z with prediction § = argmax. f.(z), the
nearest decision boundary distance is defined as the mini-
mum absolute distance to any class other than the predicted:

D(X) — 1min |fﬂ(‘r) - f(/(x)|
oy |lwg —wel2

®)

Intuitively, D(x) measures how deeply hy(z) lies within
its predicted decision region. Unlike softmax-based con-
fidence scores, D(x) explicitly incorporates classifier ge-
ometry (via the pairwise weight directions) and the feature
representation, yielding a geometrically interpretable nor-
malized margin. In practice, we approximate Equation (8)
by considering only the top-M’ rival classes (highest logits
excluding ¢), which suffices to identify the closest bound-
ary in high-dimensional settings. Computing D(x) scales
as O(M'd) per sample, which is negligible compared to the
cost of forward propagation. The proposed distance D(x)
serves as a unified geometric measure for both training reg-
ularization and for inference-time confidence estimation.

Geometric interpretation. Equation (8) reveals that each
logit difference f;(x)— fo (x) acts as a proxy for the signed
distance to a class-separating hyperplane, normalized by the
separation between wy and w.. Large D(x) values indi-
cate that the feature lies well within a class region, whereas
small values correspond to boundary proximity and higher
misclassification risk.

4.2. DARTS Training Procedure

We integrate the decision boundary distance into training
via a dual-margin regularization scheme. DARTS enforces
large margins for correctly classified samples and restricts
overconfident errors for misclassified ones. The total loss is
defined as

L= ACCE + )\corr . £corr + Awrong(t) . ﬁwrongv (9)

where Lcg is the standard cross-entropy and the two geo-
metric regularizers are defined below.

(i) Correct-sample regularizer. For correct classifications,
we encourage large distances to the decision boundary:

1
Leor = m Z [max((), Mpi — D(xbm?_ (10)

zpeC

where C denotes the set of all correctly classified inputs and
D(x) represents the distance to the nearest decision bound-
ary obtained using (8). L.or, improves margin consistency
by expanding the classifier’s confident regions.

(ii) Misclassified-sample regularizer. For misclassified
samples (§ # y), we penalize excessively large distance
to nearest decision boundary:

1
Lorong = W > [max(0, D(xs) —m))’ Al

xpEW

which decreases overconfidence by reducing the geometric
margin in ambiguous regions.

Training schedule. As summarized in Algorithm | in
supplementary SectionB, training begins with a warm-up
phase (1 epochs) using pure cross-entropy, after which
the margin-based losses are activated. Boundary constraints
stabilize as the classifier geometry converges with the time-
dependent weight Ayyong (2).

4.3. Inference via Nearest-Boundary Confidence

At inference, we reuse D(z) as a confidence score for se-
lective prediction. Given a test input x, we compute:

() = min 1@ = Fe(@)]

Jo\Z) = JerT)T 12
c’€ER ngfwc/Hg + € (12)

where R denotes the top-M’ rival classes. A prediction is
accepted if C'(x) > 7 (fixed threshold) or if it belongs to the
top-y fraction of validation confidences (target coverage):

o(z) = {y C(z) >, 13

reject, otherwise.

This rule naturally defines the risk-coverage trade-off curve,
which we analyze in Section 7. Since C'(z) directly encodes
the geometric proximity to decision boundaries, it provides
a calibrated and interpretable confidence measure, as imple-
mented in Algorithm 2 in supplementary SectionB.

Interpretation. DARTS aligns decision geometry with pre-
dictive confidence, i.e., correctly classified samples are re-
pelled from class boundaries, while misclassified ones are
constrained near their top-2 boundaries, reducing overcon-
fidence. The resulting boundary-aware representation ex-
hibits improved calibration and selective risk efficiency.

5. Theoretical Analysis

To guarantee convergence and error rate of DARTS, we an-
alyze (i) optimization convergence of the boundary-aware
objective and (ii) error-rate generalization via normalized
margins. Detailed proofs are in the Supplement section.

Setup and notation. Let f(z) = Why(z) + b, with hy :
X — R? the feature extractor and (W, b) the linear head.
For a labeled point (x, y), define the normalized margin



which coincides with the nearest decision-boundary dis-
tance in Section. 4.1. We assume (Al) ||hy(x)]]2 < B al-
most surely; (A2) ||we|2 < R and ||lwy, — we|l2 > p > 0;
(A3) Lipschitz logits in hg and smooth losses. These are
common assumptions and enforced in practice via weight
decay/normalization and appropriate training.

Lemma 5.1 (SGD stability under Robbins-Monro). With
step sizes {m;} s.t. >, m = 00 and Y, ni < oo, stochastic
gradients of

L= LCE + >\corr . Ecorr + )\wrong (t) : Ewrong

have bounded variance. Partial iterates are bounded and
L(Wy, by, ¢t) converges.

Theorem 5.2 (Convergence to a margin-consistent equilib-
rium). Under (Al)-(A3) and Lemma 5.1, DARTS admits
limit points at which

v¢(z,y) > mpi  forall correct (x,vy), (14)

de < myo for all misclassified x.

_ |Zc1 _chl
where d,, = Tr =T

is the top-2 normalized gap. Thus,
training stabilizes a geometry with expanded safe regions
for correct points and limited overconfidence for errors.

Observation. The asymmetric dual margins (mp;, mio)
and the curriculum weight Ayyong (¢) directly implement the
push-pull effect formalized in Theorem 5.2, aligning repre-
sentation geometry with confidence (Section 4).

Theorem 5.3 (Margin-based generalization (normalized)).
Let Pr denote the empirical margin distribution on n sam-
ples and fix T > 0. With probability at least 1 — 6,

log(1/9)

RBVK N
T/n n

If DARTS enforces v(x) > my; on a (1 — €) fraction of
points, setting T = my,; yields

Pr(err(f)) < f’\r(fy(:c) <7)+ (9(

RBVK N log(1/6)
"nhi\/H n .

Observation. Increasing my; tightens the bound while
weight control (smaller R) improves constants. Both are
explicitly encouraged by DARTS’s correct-sample regular-
izer and standard regularization.

Pr(err(f)) <e+

6. Experimental Setup

We evaluate DARTS across standard selective-classification
benchmarks and architectures to assess robustness, calibra-
tion, and risk—coverage trade-offs. All experiments follow
consistent training, evaluation, and metric protocols.

Datasets and Architectures. We use CIFAR-10 and
CIFAR-100 [27] for small-scale evaluation and ImageNet-
1k [9] for large-scale validation. To test robustness, we fur-
ther report results on corrupted variants (CIFAR-10C and
ImageNet-C). Following prior work [18, 23], models are
trained on the standard training split and evaluated on the
clean test set unless otherwise specified. We assess both
convolutional and transformer-based backbones to examine
the generality of DARTS ’s feature-space margin regular-
ization. For CIFAR datasets, we use ResNet-18 [21] and
RepVGG-A2 [11]. For ImageNet, we include ResNet-50,
ConvNeXt-Base [33], and ViT-Base/16 [12], representing
classical CNNs, modern CNNs, and transformer.

Metrics and Baselines. We report standard accuracy,
selective-classification, and misclassification-detection
metrics: Area Under the Risk Coverage Curve (AURC),
Excess-AURC (E-AURC), Normalized (N-AURC), Risk
at 80% Coverage (Risk@80), False Positive Rate at 95%
True Positive (FPR@95), and Area Under the Receiver Op-
erating Characteristics (AUROC). All metrics are averaged
over three random seeds. Extended results under corrup-
tions and distribution shifts appear in the Supplementary.
We compare DARTS against representative selective-
classification and confidence-estimation methods: Softmax
Entropy [23], SelectiveNet [18], DOCTOR [19], Deep
Gamblers [34], and SURE [29], along with a vanilla train-
ing baseline. All are trained under identical architectures
and hyperparameters for fairness. Full implementation
details are provided in the Supplementary (D).

7. Results and Analysis

7.1. Comparison of DARTS with Baselines

CIFAR10 Becnhmark Table | reports selective classi-
fication results on CIFAR-10 benchmark. Across both
RepVGG-al and ResNet56 architectures, DARTS consis-

" tently yields the best reliability across all metrics, indicating

strong confidence calibration and margin control.

DARTS vs Vanilla training We refer to training with
standard cross-entropy loss as vanilla training. Rela-
tive to the latter, DARTS substantially improves selec-
tive reliability even when using the same confidence func-
tion. For example, when confidence is measured with
maximum softmax probability, DARTS reduces AURC
from 11.1 x 1073 to 6.1x1073 on RepVGG-a2 and from
12.0x1072 to 8.0x10~2 on ResNet-56 - a reduction of
39.2% on average. Similarly, the risk at 80% coverage
drops from 9.2x1073 to 5.9x107% (RepVGG-A2) and
from 10.4x1073 to 7.6x10~3 (ResNet-56) - a reduction of
31.4% on average - showing that DARTS training improves
ranking ability even without changing the scoring rule. This
demonstrates that DARTS ’s feature-space margin regular-
ization directly improves confidence reliability by shaping
class decision regions during training.



Table 1. Selective classification performance on CIFAR-10 (x103). Lower values indicate better reliability. All methods use identical
backbones and training protocols. Mean =+ standard deviation are reported over three runs.

Method RepVGG-A2 ResNet56

Risk@80% AURC E-AURC NAURC Risk@80% AURC E-AURC NAURC
SelectiveNet [18] 9.5+02 11.5+03 10.6+03 512.8+47 10.9+03 12.3+03  10.9+03 416.4+39
DOCTOR [19] 9.240.2 11.2+03 10.3+03  507.5+45 10.5+03 12.0+03  10.5+02 411.5+338
Deep Gamblers [34] 9.1+02 10.8+0.3 9.9+03 499.4+443 10.3+03 11.6+03 10.2+02 404.8+36
SURE [29] 8.9+02 10.6+03 9.7+02  492.2+42 10.2+02 11.3+03 9.9+02 398.6+35
Vanilla Training (Max Softmax) 9.2+02 11.1+03  10.2+02  505.7+44 10.4+0.2 12.0+03  10.5+02  409.7+37
Vanilla Training (Nearest-Boundary) 5.8+02 6.5+02 5.6+02  276.5430 7.0+02 7.4+02 5.9+02  230.4+25
DARTS (Max Softmax) 5.9+0.1 6.1+0.1 5.1+0.1 238.8+25 7.6+02 8.0+0.2 6.2+0.1 225.3+23
DARTS (Nearest-Boundary) 4.1+0.1 4.4+0.1 3.4+01 159.4+20 6.5+02 7.0+0.1 5.3+0.1 189.6+2.1

Table 2. Selective classification performance on CIFAR-100 (x102). Lower values indicate better reliability. All methods use identical
backbones and training protocols. Mean = standard deviation are reported over three runs.

Method RepVGG-A2 ResNet56
Risk@80% AURC E-AURC NAURC Risk@80% AURC E-AURC NAURC

SelectiveNet [18] 10.48+0.12  5.63+0.10 3.51+009 45.82+043 15.59+015 8.37+013 4.85+010 53.41+051
DOCTOR [19] 10.24+0.10  5.51+008 3.48+008 45.23+040 15.20+0.13  8.26+0.11 4.81+009 52.93+048
Deep Gamblers [34] 10.20+0.11  5.54+009 3.42+007 44.77+042 15244012  8.21+010 4.76+008 52.50+045
SURE [29] 10.13+0.10  5.49+008 3.384+007 44.12+038  15.18+0.11  8.154+009 4.72+008 51.83+041
Vanilla Training (Max Softmax) 10.01+0.10 5474008 3.44+007 44.69+039 15.12+011  8.19+009 4.74+008 52.17+040
Vanilla Training (Nearest-Boundary) ~ 10.21+0.12  5.05+007 3.02+006 39.28+037  15.85+0.14  7.88+008 4.43+007 48.744039
DARTS (Max Softmax) 11.19+011  5.554008 3.16+006 38.85+035 15.31+012  7.45+007 3.88+006 42.27+034
DARTS (Nearest-Boundary) 11.46+0.10  5.30+007 2.91+006 35.77+033  15.63+0.11  7.50+007 4.12+006 44.90+035

Table 3. Average selective classification performance across archi-
tectures on ImageNet-1K (x102).

Method Risk@80 AURC E-AURC NAURC
SelectiveNet [18] 9.54 6.63 4.46 63.25
DOCTOR [19] 9.38 6.44 4.40 61.77
Deep Gamblers [34] 9.31 6.34 4.33 61.10
SURE [29] 9.29 6.34 4.32 60.78
Vanilla Training (Max Softmax) 9.58 6.49 4.63 62.16
Vanilla Training (Nearest-Boundary) 9.24 491 3.05 40.90
DARTS (Max Softmax) 8.95 5.43 3.60 48.45
DARTS (Nearest-Boundary) 9.21 4.84 3.01 40.57

Comparison with existing selective methods. When com-
pared to dedicated selective-classification models such
as SelectiveNet, DOCTOR, Deep Gamblers, and SURE,
DARTS achieves the lowest values on every metric while
using no additional selection head or auxiliary uncer-
tainty branch. For instance, DARTS coupled with dis-
tance to nearest boundary confidence metric attains AURC
of 4.4x1073 and E-AURC of 3.4x10~3 on RepVGG-A2-
representing an improvement of over 60% relative to Se-
lectiveNet (11.5x 107 and 10.6x 10~ respectively). Even
the weaker DARTS coupled with maximum softmax confi-
dence variant outperforms all baselines on both networks,

confirming that margin-aware training alone enhances the
separability of correctly and incorrectly classified samples
in confidence space. The gains are pronounced in normal-
ized AURC (N-AURC), where DARTS reduces the score
from 512.8 (SelectiveNet) to 159.4, a 1.49x improvement.

Impact of distance to nearest-boundary confidence Even
without DARTS training, replacing the softmax confidence
with the distance to nearest boundary confidence metric
yields a large improvement. Models yielded from vanilla
training recipe, when coupled with this metric, achieves
AURC of 6.5 x 1073 as opposed to 11.1 x 10~3 for max-
imum softmax. cutting selective error by nearly half. This
suggest that geometric boundary is a better proxy for relia-
bility than raw softmax probability.

Results on CIFAR-100. Table 2 summarizes results on
CIFAR-100, a more challenging 100-class dataset that
tests the scalability of selective reliability. Even un-
der this high-entropy regime, DARTS consistently outper-
forms or matches all competing methods across architec-
tures. Compared to standard training, DARTS signifi-
cantly improves selective classification across all metrics-
for example, with ResNet-56, DARTS (Max Softmax) re-
duces AURC from 8.19x 1072 to 7.45x 1072 and N-AURC



Table 4. DARTS (Nearest-Boundary) vs. Vanilla Training (Max Softmax) on CIFAR-10-C and CIFAR-100-C. Values are averaged over

all corruption types and severities. | lower is better; 1" higher is better.

Dataset Architecture AURC| E-AURC| N-AURCJ FPR@95] AUROCYT Relative A (%)

CIFAR-10-C ResNet-56  0.106 vs 0.142  0.052 vs 0.075 0.48vs0.74 0.38vs0.57 0.89 vs 0.85 AURC |25, FPR |33, AUROC 15
CIFAR-10-C RepVGG-A2 0.115vs 0.155 0.056 vs 0.081 0.49vs 0.79 0.36 vs 0.60 0.89 vs 0.84 AURC |26, FPR |40, AUROC 715
CIFAR-100-C~ ResNet-56  0.314vs 0.398  0.112vs 0.146 0.89vs 1.23  0.53vs 0.66 0.81vs0.77 AURC |21, FPR |20, AUROC 14

CIFAR-100-C  RepVGG-A2 0.339vs 0.426  0.120 vs 0.158  0.84 vs 1.27 0.55vs0.70 0.80 vs 0.76 AURC |20, FPR |22, AUROC 14

Table 5. Comparison between DARTS and Vanilla-trained mod-
els on ImageNet-Rendition [24] using ConvNext Base architec-
ture. All values are lower is better except AUROC (higher-better).

Table 6. Misclassification detection results on CIFAR benchmarks
(%). A denotes absolute improvement of DARTS over the corre-
sponding source model (lower FPR@95 and higher AUROC indi-
cate better detection).

Training Scoring Risk@80% AURC| E-AURC| N-AURC| FPR@95|/AUROCT
« Nearest-Boundary 0.610 0.438 0.137 4.18 0.633/0.791 . RepVGG-A2 ResNet-56
DARTS MSP 0.600 0.442 0.142 432 0.664/0.812 Dataset Scoring i S
FPR@95] AUROCt FPR@95] AUROCT
Vanilla Nearest-Boundary 0.614 0.453 0.152 4.69 0.667/0.780 - —
MSP 0.605 0.529 0.228 7.03 0.925/0.746 CIFAR-10 Vanilla Training (MSP) 76.9 86.9 66.3 88.8
DARTS (MSP) 29.2 923 27.5 92.0
. . A . Improvement 47.7 +5.4 38.8 +3.2
from 52.17 to 42.27, indicating sharper risk—coverage be- Vanilla Training (Nearest-Bound)  49.8 909 264 021
havior, while on RepVGG-A2, it lowers E-AURC from DARTS (Nearest Bound.) pot o o g
_2 _2 . . mpmvumm‘ - +2. B +0..
3.44x107° to 3.16x107~, confirming that margin-aware CIFARLI00 Vanilla Training (MSP) 482 86.5 529 84.9
L . . . . DARTS (MSP) 42.0 87.1 435 86.6
training constrains confidence dispersion even in large- Improvement oa 06 W oy
class settings. Relative to selective-classification base- Vanilla Training (Nearest-Bound.)  39.7 87.1 479 849
. . DARTS (Nearest-Bound.) 38.9 87.6 43.1 85.4
lines such as SelectiveNet, DOCTOR, Deep Gamblers, and lmpmwsw( u 5 570 i 854

SURE, DARTS achieves lower AURC and E-AURC val-
ues without auxiliary selection heads or ensemble mech-
anisms; notably, DARTS (Nearest-Boundary) attains an
E-AURC of 2.91x1072 on RepVGG-A2-about a 14%
reduction compared to SURE - and the best N-AURC
(35.77). Even in vanilla training, replacing softmax confi-
dence with boundary-based confidence reduces AURC from
5.47x1072 to 5.05x1072. When coupled with DARTS
training, this effect compounds.

Results on ImageNet. As summarized in Table 3 (see
Appendix Table 9 for detailed results), DARTS consis-
tently improves selective reliability across architectures on
ImageNet-1K. The distance to nearest-boundary variant
achieves the lowest average AURC (4.84) and E-AURC
(3.01), outperforming prior selective-classification meth-
ods (SelectiveNet, DOCTOR, Deep Gamblers, SURE) as
well as the vanilla Nearest-Boundary baseline, demon-
strating DARTS’s superior uncertainty calibration over the
full confidence spectrum. Similarly, coupling DARTS
training with maximum softmax score attains the lowest
Risk@80% coverage (8.95), improving by over 6% relative
to vanilla softmax training while maintaining strong over-
all calibration. Notably, DARTS improves both probabilis-
tic and geometry-based uncertainty estimators without al-
tering model structure, with consistent reductions in AURC
and NAURC across ConvNeXt-Base, ResNet-50, and ViT-
Base/16. The improvements are most pronounced for con-
volutional architectures, yet also apply to transformers.

7.2. DARTS for Misclassification Detection

DARTS consistently enhances the ability to distinguish cor-
rectly classified samples from misclassified ones. Reduc-

tions in FPR@95 directly indicate that fewer incorrect pre-
dictions are assigned high confidence, while improvements
in AUROC reflect better global separability between cor-
rect and incorrect instances across all confidence thresholds.
On CIFAR-10, DARTS yields the most significant gains,
achieving up to 47.7% lower FPR @95 and 5.4% higher AU-
ROC compared to source training. Thus, boundary-aware
regularization effectively suppresses over-confidence near
decision margins and sharpens the geometric separation be-
tween feature subspaces of different classes.

On the more challenging CIFAR-100 benchmark, which
exhibits higher inter-class overlap and lower margin sepa-
rability, DARTS maintains consistent improvements of up
to 9% reduction in FPR@95 and up to 1.7% increase in
AUROC. Although absolute gains are smaller due to the
increased class entropy, the trends remain uniform across
both RepVGG-A2 and ResNet-56 backbones. This indi-
cates that the proposed dual-margin training principle gen-
eralizes across architectures with distinct inductive biases
(convolutional or re-parameterized) and reinforces the over-
all reliability of the predictive confidence under diverse data
regimes. In summary, the improvements in both FPR@95
and AUROC demonstrate that DARTS not only calibrates
model confidence but also aligns the decision geometry
more closely with the underlying data structure.

7.3. Selective Classification under Distribution Shift

We compare DARTS, which uses distance to the nearest
decision boundary for confidence, with conventional cross-
entropy models using Max Softmax, the standard selective-



classification baseline [23]. As shown in Table 4, DARTS
consistently improves reliability across architectures and
datasets. On CIFAR-10-C, it reduces AURC by 25.6% and
FPR@95 by up to 36.5%, while increasing AUROC by 3-5
points. It also maintains lower selective risk on CIFAR-
100-C, demonstrating robustness under corruption. Unlike
Max Softmax, which relies on output probabilities, DARTS
derives confidence from feature-space geometric margins,
yielding sharper risk—coverage behavior.

Table 5 extends this to ImageNet-Rendition with a
ConvNeXt-Base backbone. DARTS improves calibration
and error separation across scoring methods, achieving
lower AURC, E-AURC, and N-AURC, as well as reduced
FPR @95 and higher AUROC. The Nearest-Boundary score
offers the most consistent reliability, while MSP benefits
from DARTS ’s improved boundary geometry. Overall,
DARTS establishes a robust confidence structure through
feature-space regularization, outperforming standard train-
ing without auxiliary calibration or post-hoc correction.

7.4. Efficiecny Comparison

As evident from 7, DARTS introduces negligible computa-
tional overhead. For ConvNext base architecture and Ima-
genet dataset, the per batch training latency increases only
by 3 ms (3.5%) while inference latency is reduced drasti-
cally over 5x compared to maximum softmax probability.

Table 7. Training and inference latency (ms) on ImageNet with
ConvNeXt-Base (batch size = 32).

Method Inference Latency (ms)  Training Latency (ms)
MSP (Vanilla Training) 70 82
DARTS (Nearest-Boundary) 13 85

7.5. Ablation Study

Distance to Boundary and top M’ Rival Classes We
identify the nearest rival class by searching among the top-
M’ classes ranked by logits. To validate this approxima-
tion, we measure the fraction of samples whose true near-
est neighbor in geometric distance coincides with one of
the top-M’ logit classes. As shown in Fig. 3, the coverage
rises sharply with M’: on CIFAR-100, over 97% of samples
are captured within the top-5 rivals, while on ImageNet-1K
more than 95% fall within the same range and nearly all
within the top-10. This rapid saturation demonstrates that
decision-boundary geometry is largely governed by a small
set of high-probability competitors, supporting our use of
a top-M (with M'=10) truncation that provides substantial
computational efficiency with negligible error.

Ablation on Loss Components Table 8 analyzes the ef-
fect of applying high-margin (my;) and low-margin (my,)
constraints in DARTS training. Using only the high-margin

- 100
95

Fraction (%

Fraction (%)
o
o

920 e RepVGG-A2 e ResNet-50
85 ResNet-56 851 4 ConvNeXt-B
80 80

1 23 5 10 20 50 1 23 5 10 20 50

Top-M' rival classes

(a) CIFAR-100.

Top-M' rival classes

(b) ImageNet-1K.

Figure 3. Fraction of samples where the nearest class (in geometric
distance) appears within the top-M logits. On both CIFAR-100
and ImageNet-1K, the true nearest rival is captured by the top-5
logits in nearly all cases, justifying the top- truncation used in
our boundary approximation.

Table 8. Ablation study on the impact of high-margin (ms;) and
low-margin (my,) constraints. Results are shown on CIFAR-10
using RepVGG_a2. All values are lower is better.

Configuration Scoring Risk@95% AURC| E-AURC| N-AURC/|
e onl Nearest-Boundary 0.0071 0.0093 0.0084 04111

i Oy Max Softmax 0.0088 0.0118 0.0109 0.5371
e onl Nearest-Boundary 0.0063 0.0070 0.0062 0.3124

o O Max Softmax 0.0089 0.0107 0.0098 0.4896
Both and Nearest-Boundary 0.0041 0.0044 0.0034 0.1594

O Mhi Ao Nax Softmax 00059 00061  0.0051 0.2388

constraint enlarges the separation among correctly classi-
fied samples but provides limited robustness against mis-
classified points. Applying only the low-margin constraint
helps suppress overconfident wrong predictions, leading to
slightly better calibration and reduced false positives, al-
though the overall improvement remains moderate. When
both constraints are combined, DARTS achieves the best
performance across all selective-classification and misclas-
sification metrics, showing the lowest AURC, E-AURC,
and N-AURC, together. These results confirm that jointly
enforcing both margins shapes the decision boundaries
more effectively by expanding correct-sample separation
while constraining overconfidence on misclassified sam-
ples, yielding stronger overall reliability under selective
prediction.

8. Conclusion

Our proposed DARTS takes a geometric point of view for
improving the selective classification performance of Deep
Neural Networks (DNNs) and separates the correct and
incorrect inferences with asymmetric margin constraints.
DARTS is lightweight with minimal overhead in compu-
tation and latency compared to the vanilla training with
cross-entropy loss. Extensive experiments on six datasets
and five different architectures show that DARTS not only
improves selective classification performance on clean data
but on distribution shifted inputs as well. Overall, DARTS
establishes a new paradigm for reliable deep learning-where
uncertainty is grounded in interpretable feature-space ge-
ometry rather than ad hoc output statistics.
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A. Supplementary Material
A.1. Theoretical Analysis of DARTS

This appendix provides detailed proofs and auxiliary results sup-
porting the theoretical analysis in Sec. 5. We retain all notation
and assumptions introduced in the main text.

A.2. Convergence of Boundary-Aware Objective

Lemma A.1 (SGD boundedness and descent). Under Assump-
tions (Al)—(A3), suppose the stepsize sequence {n.} satisfies
S, me = ocoand ., m; < oo. Then for stochastic gradient up-
dates on

L= ECE + Acorrﬁcorr + )\wrong (t)LWrongy

the iterates (Wy, by, ¢+) remain bounded and L(Wy, by, ¢¢) con-
verges almost surely.

Proof. Each component loss is smooth and lower-bounded; their
gradients have finite variance owing to (A1)(A3). Standard
Robbins—Monro conditions [ 1, 40] imply almost sure convergence
of stochastic approximation schemes to stationary points. Bound-
edness of (W, b;) follows from coercivity induced by weight de-
cay and the bounded features assumption. O

Proposition A.2 (Gradient dynamics of dual-margin terms). For
a correctly classified sample (z,y) with v(x) < mu;,

aECO!‘!‘
y(x)

5o the update increases y(x). For a misclassified sample with top-
two gap dy > mio,

8‘erong
0d,

= —2(mni —(z)) <0,

= 2(dy — mlo) > 0,

so the update decreases d.

Proof. Both follow from direct differentiation of the hinge-
squared penalties in Egs. (10-9). O

Theorem A.3 (Convergence to margin-consistent equilibrium).
Combining Lemma A.1 and Proposition A.2, DARTS converges to



a stationary configuration where () > mn; for correct samples
and dy < my, for misclassified ones. Hence, the feature geome-
try reaches a stable equilibrium balancing margin expansion and
overconfidence suppression.

Proof. Let D(x) = v(z,y; W, b). Then

Leor = % Z[max((), mni — D(xp))]%.

For active xp with D(zp) < mpi,

OLcorr _

0D (xp)
Since SGD updates in the **negative gradient™* direction, D(xs)
increases. Similarly, for Lyrong, active terms with dz > my, yield
%ﬁ“g > 0, so d, decreases. O

72(mhi — D(xb)) < 0.

Remark A.1 (Curriculum stabilization). The time-dependent
weight Awrong () guarantees smooth enforcement of the misclassi-
fied constraint, preventing oscillations in early training when class
predictions are unstable.

A.3. Error-Rate Generalization via Normalized
Margins

Lemma A.4 (Relationship between Normalized and Unnormal-
ized margin). Let z(z,y; W) := fy(x) — maxcxy fo(x) be the
unnormalized margin.

2(z,y; W) = max [Ye (@, y; W) lwe — wy[]-
where, V. := H(u{yficu Thus, y(z,y; W) = minex, e satis-

fies z(x,y; W) > ~v(z, y; W)p. Equality holds only if maximizing
cfor z is also the minimizer for 7.

Proof. The lemma follows directly from the definition. From the
assumptions, ||w. —wy|| > p. Thus, z > y||lwe —wy|| = 2z >
vp- O

Theorem A.5 (Generalization bound). Ler Wr = {W
lwell2 < R}. Forany T > 0and § € (0,1), with probability
at least 1 — 0 over n i.i.d. samples,

RB\F

Pr(err(f)) < 1/3}(7( <7)+ (9< s /log(i/6)> )

Proof. The result adapts the standard margin-based generalization
bound for linear classifiers [37] to normalized margins y(z) by
noting that the effective classifier acts on bounded features of norm
B and normalized direction vectors 72— "¢

H“’ _er2

(Error Decomposition) Let S = {(z;,v:):=]} be the
training set. Define the indicator function err(f) := Iy #
argmax. fo(z)]. So, a point is misclassified iff z(z,y; W) < 0
(hence, v < 0). Thus,

Pr(err(f) =1) < Pr(y(z) < 7)

+ Pr(err(f) =1, v(z) > 7).

The empirical counterpart of the first term is lg;(v(x) < 7).
We bound the second via a surrogate.

5)

(Surrogate Loss) Define ramp loss as convex surrogate to 0-1
loss:

£7(z) := min{1, max{0, 1 — z/7}}.
As ramp upper-bounds the O0-1 loss, err(z,y;f) <
lr(2(x,y; W)) always. By A4, if v > 7, then z > vyp > 7p.
So, for correctly classified samples, z > 0 = z/7 > p > 0,
s0, {+(z) = 0. If misclassified, 2 < 0 = {,(z) = 1. Thus,
Pr(err = 1,7 > 7) < E[(-(2)].
O

(Function Class for the Ramp Loss) The ramp is (1/7)-
Lipschitz. We define the unnormalized linear class

G = {(z,y) = (wy
W € Wr, c(z )—argmaxfc T }

’u}p(gp) {E
(16)

The class of ramp losses is given by

Fri=A{(z,y) = L(9(2,9)) | g € G}.
The empirical Rademacher complexity is

Rad,(F,) :=E, [— sup me wuyz)}

fer: 4 17)

o; ~ Rademacher

By Talagrand’s contraction [42], @n(}}) <

(1/7)@n(g). For G, we know that the class of linear
functions with coefficients of norm < 2R on features of norm
< B has log-covering number

log Cov(G, €, £2(5)) < Klog(l + g) + O(logn),

Applying Dudley’s entropy integral [43]:

— 12 [swPgeg lglley(s)
Rada(@) <~ / g NG, =, 6(8)) de
0

n

<(5<RB K).
n

(18)
By scaling with 1/7, we get:
— ~ ( RBVK
dn(Fr) < .
Rad,(Fr) <O ( v )

(Uniform Convergence) The ramp loss ¢.(z) € [0,1] is
bounded, so standard uniform convergence bounds apply. By
the bounded-difference inequality and symmetrization ([35]), with
probability at least 1 — § over the draw of the sample S,

E[£,(2)] < Bs[t, ()] + 2 Radn(F, ) + %. @.1)
As the ramp loss upper bounds the 0-1 error: I{err(f) =1} <

£+ (z) for all z, and moreover,

Es[t-(2)] < ls}s(’y <T)+ 15;5(7 > 1,err = 1).



On the training set, if the classifier achieves zero error on points
with margin > 7 (as is typical in large-margin settings), the sec-
ond term vanishes. In general, it is nonnegative but bounded by
the empirical error, and is absorbed into the low-margin empirical
mass Prg(y < 7) for the purpose of upper bounds.

Final Assembly Recall from Step 1 that

Pr(err(f) = 1) < Pr(y(z) < 7)

+ Pr(err(f) =1, v(z) > 7). (15

Combining this with the uniform convergence bound and the
Rademacher estimate,

Pr(err=1) < Pr(y < 7)+ E[¢-(2)]

<2ﬁ(737)+6<RB‘/?+ log(1/5)>.

TN n
(20)

The factor of 2 is conventional in margin bounds and can be
absorbed into the O notation, yielding the claim.

Corollary A.6 (Error bound under enforced margins). If y(z) >
mu; for at least (1 — €) fraction of the training data, then setting
T = Mh; gives

_'_RB\/F+ log(1/4)
Mhi/1 o

highlighting that larger enforced margins and smaller weight
norms tighten generalization.

Pr(err(f)) < ¢

Proof. The corollary follows by setting 7 = mp; and assuming
Prs(y < mni) < ein Theorem A.5. O

Remark A.2. This bound formally justifies the high-margin con-
straint of DARTS °’s correct-sample regularizer: expanding deci-
sion regions for confident samples directly lowers asymptotic risk.

A.4. Scale Invariance of DARTS

As an additional property of DARTS, we show that it is invariant
to scaling of the classifier.

Proposition A.7 (Scale invariance under head rescaling). Fix any
a > 0 and define a rescaled classifier head by w. = aw. and
be = abe for all c. Let fc(aj) = tDCTz(:v) + be and define SpARTS
analogously from {w., BC} Then for every z,

S'DARTS(QZ) = Sparrs(x).

Consequently, the induced ranking of examples by confidence, and
any coverage-based selective metrics (e.g., RC curves, AURC, AU-
ROC of accept/reject) are invariant to positive common rescalings
of the classifier head.

Proof. For any x and any ¢ # §(x) we have f(x) — fo(x) =
a(fy(z) = fe(z)) and [y — ez = [la(wg —we)||2 = aflwg —
wel|2. Thus each candidate ratio is unchanged:

Fo(z) — folx)  a(fo(@) — fe(@)  filz) — folz)

g — el ollwg—wella [lwg —well2

Because @ > 0, arg max. f.(z) (and therefore the set of top-M
rivals by logit) is preserved, so the minimum over rivals is also
unchanged. Hence Sparrs(x) = Sparrs(z) for all z. O

Corollary A.8 (Ranking and RC-metric invariance). Under the
conditions of Prop. A.7, the ordering of examples by Sparrs is
identical before and after rescaling. Any selective metric that de-
pends only on this ordering at a given coverage (e.g., risk at fixed
coverage, AURC/EAURC, AUROC of accept/reject) is invariant.

Temperature scaling at test time. Consider post-hoc tem-
perature scaling applied only to logits: fc(T) (z) = fe(z)/T with
T > 0, while the denominator still uses ||wy — we||2 from the
unscaled head. Then
Sg])ws (z) = ICI;IB % = % Sparrs ().

Thus the values scale by 1/T, but the ranking (and any coverage-
based metrics) remain unchanged. If true invariance of the nu-
merical score under temperature scaling is desired, compute the
denominator with the correspondingly rescaled head, i.e., replace
lwg — wel|2 by [|wy — wel|2/T (equivalently, pretend the head is
scaled by 1/T), which restores S{" bro () = Sparrs () exactly.

Remarks. (i) The assumption @ > 0 (and T' > 0) is essential,
negative scaling would flip logit order and invalidate g. (ii) Be-
cause multiplying all logits by a positive constant preserves their
order, the top-M' rival set used by DARTS is unaffected by either
head rescaling or temperature scaling.

B. Algorithms

C. Evaluation Metrics.

We report standard accuracy, selective-classification, and
misclassification-detection metrics:

AURC: Area under the risk—coverage curve; lower values indicate
better selectivity.

E-AURC: Expected AURC, computed by subtracting the minimal
achievable risk—coverage area to isolate the excess selective error.
N-AURC: Normalized AURC, scaling AURC into [0, 1] for easier
comparison across datasets and architectures.

Risk@80: Error among the top 80% most confident predictions,
measuring ranking quality.

FPR@95: False-positive rate of misclassified samples when 95%
of correct predictions are accepted.

AUROC: Separability between correct and incorrect predictions
across confidence thresholds.

All metrics are averaged over three random seeds. Extended re-
sults under corruptions and distribution shifts appear in the Sup-
plementary.

D. Brief Description of the Baselines

MSP [23] This seminal baseline estimates confidence as the
maximum predicted softmax probability. Correctly classified or
in-distribution samples typically yield higher maximum softmax
scores, allowing MSP to serve as a simple yet strong detector of



Algorithm 1 DARTS Training (nearest decision boundary
over top-M’ rivals)

Require: Training set D = {(x;,y:)},, backbone hy, linear
head (W, b), epochs T', warmup Tp, margins mni, mio, 10ss
weights Acorrs Awrong (%), number of rivals M’

Ensure: Trained model f(x) = W hy(x) + b

1: Warmup: Train with cross-entropy for Ty epochs

2: function BOUNDARYDISTANCE(z, a, c, W)
, |z[a] — z[c]]
3: return
Jwa —well
4: end function
5: fort =Ty +1toT do
6: for each minibatch {(zp, y5)}&_; do
7. 2p < W hy, (ij) +b > logits
8: Lcg % Zb CE(Zb, yb)
9: Jb +— argmaxe zp[c| > predicted class
10: Ry, « Top-M' indices of 2, excluding the anchor class

> anchor defined below

11: Correct samples C = {b : 9, = y» } (anchor = y):
12: Dy mgl BOUNDARYDISTANCE(25, Yb, ¢, W)
ceRy
13: Leorwr +— \Tll Zbec [max(O, Mhi — Db)]2
14: Misclassified samples W = {b : 4, # y»} (anchor
= p):
15: dp < m}%n BOUNDARYDISTANCE(zp, U, ¢, W)
ceRy
2
16: Lyrong ﬁ > bew [max (0, do — mo)]
17: Total loss: L <— Lcg + Acorr Leorr + Awrong (t) Luwrong
18: Update parameters of h,, and (W, b) via backprop
19: end for
20: end for

misclassified and out-of-distribution examples. Despite its sim-
plicity, MSP remains a common reference point for both confi-
dence calibration and selective prediction.

SelectiveNet [18] SelectiveNet integrates prediction and ab-
stention into a single deep network trained end-to-end. It employs
a three-headed architecture consisting of a prediction head f(z), a
selection head g(z), and an auxiliary head that regularizes shared
representations. Training jointly minimizes selective risk under a
coverage constraint enforced by an Interior Point Method (IPM)
penalty, directly optimizing the risk—coverage curve rather than
relying on post-hoc thresholding.

DOCTOR [19] DOCTOR formalizes misclassification detec-
tion as a binary hypothesis testing problem between trustworthy
and untrustworthy predictions. It derives an optimal detector that
balances false acceptance and rejection errors. The method op-
erates in both Totally Black-Box (TBB) and Partially Black-Box
(PBB) settings, using only softmax outputs with optional tempera-
ture scaling or small input perturbations. DOCTOR is lightweight,
training-free, and specifically optimized for identifying model
misclassifications.

Algorithm 2 Selective Inference with Nearest-Boundary
Confidence

Require: Trained classifier f(z) = Whysi(x) + b, test input x,
rejection threshold 7 (or target coverage )
Ensure: Prediction ¢ and decision: ACCEPT or REJECT
1: Compute logits: z < f(z) = Wh(z) +b
: Predicted class: § « arg max. z[c]
: Compute nearest decision-boundary distance:
Let zg = z[J]
Mask §: set z[g] + —oo
Find top-M" rival classes R = {ci, ..
logits
7:  Compute distances:

SANRANE -~

., €y } with highest

|29 — 2[¢]|

B TECN oyl e R Q1)
lwg — wer[l2 + ¢

dcl “—
8:  Confidence score: C(z) < ming g des
9: if C'(z) > 7 then
10: return (§, ACCEPT)
11: else
12: return (None, REJECT)
13: end if

Deep Gambler [34] Deep Gamblers introduces a game-
theoretic confidence learning mechanism by allocating a fixed
“betting budget” across all classes and an abstention option. The
model learns to wager higher probabilities on confident predic-
tions while reserving part of the budget for abstention in uncertain
cases. This strategy encourages calibrated selective behavior and
yields improved risk—coverage trade-offs without explicit thresh-
old tuning.

SURE [29] SURE (Survey Recipes for Building Reliable and
Robust Deep Networks) takes a holistic, synergistic approach to
building robust and reliable networks. Rather than focusing on a
single technique, SURE integrates diverse, complementary strate-
gies across the model’s training pipeline: regularization (e.g.,
RegMixup, Correctness Ranking Loss) to increase entropy for
hard samples and improve feature separation; classifier design
(e.g., Cosine Similarity Classifier) to encourage better feature
alignment; and optimization (e.g., Sharpness-Aware Minimiza-
tion, Stochastic Weight Averaging) to find flatter, more general-
izable minima.

E. Training and Hyperparameter Details

CIFAR benchmarks For all CIFAR-10 and CIFAR-100 ex-
periments, we adopt a standardized training setup across both
vanilla baselines and our proposed DARTS models. All models
are trained for 200 epochs with a batch size of 128 using SGD
with momentum 0.9 and a weight decay of 5 x 10™*. The ini-
tial learning rate is set to 0.1 and is decayed using a multi-step
schedule with milestones at epochs 60, 120, and 160, with a de-
cay factor of 0.2 at each step. Following standard practice, label
smoothing with strength 0.1 is applied to stabilize training. Unless
otherwise noted, experiments are conducted using models from the



chenyaofo/pytorch-cifar-models repository.

For all DARTS experiments, the optimization hyperparame-
ters above remain unchanged; only the loss function is modified
to incorporate decision-boundary—aware regularization. We use
a high-margin threshold my; € {0.1,0.3,0.5,0.7,1.0,2.0} for
correctly classified samples and a low-margin threshold mi, €
{0.05,0.15,0.3} for incorrect ones. The corresponding margin
penalties are weighted by Acorr and Awrong (£), where the latter is lin-
early increased from 2.0 to 3.0 over the training epochs. A warm-
up period of 7' = 50 epochs is used before activating margin-
based training to prevent early optimization instability. This en-
sures that any improvement in selective-classification performance
arises solely from the proposed DARTS objective rather than dif-
ferences in general training dynamics.

ImageNet Benchmark For all ImageNet experiments,
we adopt a unified training—evaluation pipeline and adjust
only model-specific optimization and Feature-RAT parameters.
ResNet-50 is trained for 30 epochs using SGD (initial learning
rate 0.001, momentum 0.9, weight decay 1 x 10™%) with label
smoothing 0.1. Feature-RAT margins are set to mp; = 0.7
and my, = 0.05, with loss weights Acorr = 1.0 and Awrong
linearly scheduled from 2.0 to 3.0. ConvNeXt-Base is trained
for 10 epochs using SGD with a reduced initial learning rate
(1 x 10™*), momentum 0.9, and larger weight decay (0.02).
Owing to stronger feature separation in ConvNeXt, we employ
higher-margin constraints with myp; = 5 and mj, = 1, together
with Acorr = 2.0 and Awrong annealed from 2.0 to 4.0. ViT-B/16
is trained for 50 epochs using SGD with a higher learning rate
(0.005) and negligible weight decay (10~°). Margins are tuned to
mp; = 0.4 and my, = 0.05, with Acorr = 1.0 and Awrong ramped
from 2.0 to 4.0. Across all architectures, we use a batch size of
256 and employ the same Top-M approximation with M = 10
rival classes when computing nearest-boundary penalties.

F. Detailed Results on ImageNet

The detailed results for the ImageNet benchmark are provided in
Table 9.

G. Detailed Results on CIFAR-C

The detailed results on CIFAR-C benchmark are provided in Ta-
bles ??-13. We compare the mean metrics for vanilla cross-
entropy trained DNN with maximum softmax probability score
and DARTS trained and distance to nearest boundary score.

H. Additional Comparison with Post-hoc Scor-
ing Methods

We analyze the post-hoc misclassification detection and selective
classification results reported in Tables 14-21. The DARTS in
the tables here correspond only to the distance to nearest decision
boundary score. We use MSP[23], maxlogit[24], pNorm [3], tem-
perature scaling [20], generalized entropy [32], and [31]. The cen-
tral observation is that DARTS consistently outperforms the stan-
dard post-hoc scores for both vanilla training and DARTS training.

Across datasets and architectures, AURC and E-AURC show
substantial reductions after applying DARTS. This indicates that

the risk—coverage behavior improves uniformly: the model be-
comes more reliable in ranking samples from easy to difficult.
On CIFAR-10, these improvements are especially pronounced for
RepVGG-A2, where AURC often decreases by 40-60%. Improve-
ments remain visible on CIFAR-100 as well, although the gains are
naturally smaller due to the higher intrinsic entropy and class gran-
ularity of the dataset. The consistent reductions in both AURC and
E-AURC demonstrate that DARTS sharpens the confidence order-
ing and reduces local irregularities in the score distributions.

DARTS also improves AUROC for nearly all methods. For
vanilla MaxSoftmax and MaxLogit, AUROC increases by 3-7
points on CIFAR-10 and by 1-3 points on CIFAR-100. This re-
flects improved separability between correct and incorrect predic-
tions. These improvements hold across both architectures, rein-
forcing the observation that DARTS enhances the discriminative
structure even without modifying the backbone.

FPR @95 remains a challenging metric, especially for CIFAR-
100, where improvements are small and sometimes fluctuate. This
is expected, as FPR@95 is highly constrictive with small error
margin. Importantly, even when FPR@95 does not decrease, the
other metrics—AURC, E-AURC, and AUROC—show consistent
gains, indicating that DARTS improves the global geometry while
FPR @95 mostly reflects dataset difficulty. On CIFAR-10, how-
ever, FPR@95 frequently improves by 5-15%, demonstrating that
DARTS reduces high-confidence mistakes in lower-entropy set-
tings.

Architecturally, RepVGG-A2 benefits more strongly from
DARTS than ResNet-56. This supports the hypothesis that flat-
ter, more linearly separable feature geometries respond better to
margin-oriented supervision. Nonetheless, both architectures ex-
hibit consistent improvements across most metrics. The fact that
DARTS enhances performance without modifying backbone train-
ing confirms that the classifier head plays a central role in confi-
dence calibration and selective reliability.

Overall, these results demonstrate that DARTS yields broad
improvements in selective classification and misclassification de-
tection. By enforcing cleaner geometric margins and more coher-
ent nearest-class relationships, DARTS strengthens both metric-
based scoring (pNorm, msp) and classical post-hoc confidence
measures (MaxSoftmax, temperature scaling).

I. Margin Sensitivity Analysis

To assess the stability of the proposed DARTS objective under
different geometric regularization strengths, we sweep the high-
margin and low-margin thresholds over

mn; € {0.5, 0.7, 1.0, 2.0}, mi € {0.05, 0.15, 0.3}.

Figure 4 reports the selective-classification metrics AURC and
AUROC for the remaining settings. Two clear patterns emerge:
(i) moderate high-margin thresholds (my;€[0.5,0.7]) combined
with stronger penalties on hard samples (mi,=0.3) yield the
best overall calibration; and (ii) for larger high-margin thresholds
(mni > 1.0), strong low-margin penalties become detrimental,
and the best performance is achieved with mi,=0.05.

In particular, the configuration

mhni = 0.7, Mo = 0.3



Table 9. Selective classification performance on ImageNet-1K (x102). Lower values indicate better reliability. All methods use identical
backbones and training protocols. Reported values are from a single run due to large-scale compute cost.

Method ConvNeXt-Base ResNet-50
Risk@80% AURC E-AURC NAURC Risk@80% AURC E-AURC NAURC

SelectiveNet [18] 8.25+0.12 5.82+0.10 3.754009 57.10+048  11.98+0.15  8.12+0.12  5.82+0.10  73.92+0.56
DOCTOR [19] 8.11+0.11 5.67+009 3.71+008 55.85+044  11.79+013  7.94+0.11 5.74+009 72.51+0.49
Deep Gamblers [34] 8.08+0.10  5.64+009 3.69+008 55.23+041  11.66+0.12  7.70+0.10 5.58+008 71.62+0.46
SURE [29] 8.02+0.10 5.61+008 3.65+007 54.62+038  11.73+0.11  7.75+009 5.63+0.08 71.84+0.41
Vanilla Training (Max Softmax) 7.76+0.09 5.58+008 4.14+007 60.77+040 11.51+010 7.834+009 5.71+008 73.10+039
Vanilla Training (Nearest-Boundary) ~ 7.47+009  4.06+007 2.62+006 38.46+037 10.37+009 5.39+008 3.27+006 41.80+036
DARTS (Max Softmax) 7.27+008  4.28+007 2.84+006 41.75+035 10.26+009  6.09+008 4.00+007 51.43+034
DARTS (Nearest-Boundary) 7.46+0.08 3.95+006 2.51+006 36.86+033  10.47+009  5.35+007 3.26+006 41.90+032

Vision Transformer (ViT-Base/16)

SelectiveNet [18] 8.40+0.12  5.94+009 3.82+008 58.73+049
DOCTOR [19] 8.23+0.11  5.72+009 3.75+008 56.95+0.44
Deep Gamblers [34] 8.19+0.11  5.69+008 3.73+007 56.44+042
SURE [29] 8.12+0.10  5.65+008 3.69+007 55.87+0.40
Vanilla Training (Max Softmax) 9.484009 6.06+008 4.04+007 52.61+039
Vanilla Training (Nearest-Boundary) 9.88+009 5.2840.07 3.26+006 42.45+037
DARTS (Max Softmax) 9.324009 5.924008 3.96+007 52.16+038
DARTS (Nearest-Boundary) 9.71+009 5.224+007 3.26+006 42.95+036

Table 10. Average corruption-level improvements on CIFAR-10-C using RepVGG-A2.

Corruption ARisk80 1 AAURC1T AE-AURCT AN-AURC{T AFPR951T AAUROC 1
gaussian noise 0.0277 0.0490 0.0366 0.4936 0.2016 0.0042
shot noise 0.0155 0.0336 0.0296 0.3393 0.2840 0.0083
impulse noise -0.0267 -0.0095 -0.0013 0.0820 0.1831 -0.0126
defocus blur 0.0005 0.0091 0.0101 0.3052 0.5173 0.0060
glass blur -0.0243 0.0072 0.0166 0.1774 0.1782 -0.0330
motion blur 0.0011 0.0191 0.0189 0.3275 0.4234 0.0024
zoom blur 0.0016 0.0130 0.0134 0.3036 0.4146 0.0052
snow -0.0095 0.0105 0.0126 0.2696 0.3973 -0.0052
frost 0.0098 0.0235 0.0222 0.3568 0.4488 -0.0131
fog 0.0044 0.0106 0.0106 0.3120 0.4868 0.0080
brightness 0.0056 0.0074 0.0075 0.3236 0.5802 0.0007
contrast -0.0015 0.0043 0.0049 0.2011 0.3568 0.0015
elastic transform -0.0045 0.0102 0.0120 0.2719 0.4038 0.0007
pixelate 0.0001 0.0200 0.0209 0.2974 0.3406 -0.0163
jpeg compression 0.0013 0.0172 0.0171 0.2573 0.3408 -0.0059

achieves the best balance across AURC, EAURC, Risk@95, and
FPR @95, while

mp; = 1.0, mio = 0.05

obtains the highest AUROC and lowest false positive rate. These
trends confirm that DARTS is robust over a broad range of geo-
metric regularization strengths, and that its improvements do not
rely on fine-tuning a narrow set of hyperparameters.

Top-2 Logit Difference vs. Nearest-Boundary Dis-
tance

A natural baseline for boundary-aware confidence is the differ-
ence between the top-2 logits. While this quantity is often used
as a proxy for margin, it fails to approximate the true decision-
boundary distance used in our method.

Table 22 shows that replacing our nearest-boundary score with
the top-2 logit gap during training leads to a substantial degrada-
tion across all selective-classification metrics: Risk @95 rises from
0.0041 to 0.0707, AURC increases by 8x, EAURC by 7x, and



Table 11. Average corruption-level improvements on CIFAR-100-C using RepVGG-A2.

Corruption ARisk80 1 AAURC1T AE-AURCT AN-AURC1T AFPR951 AAUROC 1
gaussian noise 0.0100 0.0137 0.0097 0.2418 0.0183 0.0097
shot noise 0.0080 0.0176 0.0086 0.1477 0.0273 0.0062
impulse noise -0.0035 0.0027 0.0050 0.1298 0.0149 0.0041
defocus blur 0.0040 0.0065 0.0062 0.1283 0.0510 0.0043
glass blur 0.0030 0.0139 0.0125 0.2426 0.0315 0.0062
motion blur 0.0020 0.0139 0.0132 0.2618 0.0363 0.0027
zoom blur 0.0025 0.0150 0.0146 0.2846 0.0385 0.0030
snow 0.0065 0.0166 0.0153 0.2325 0.0321 0.0074
frost 0.0072 0.0195 0.0169 0.2741 0.0364 0.0060
fog 0.0028 0.0104 0.0094 0.2144 0.0225 0.0044
brightness 0.0044 0.0108 0.0095 0.2458 0.0236 0.0035
contrast 0.0010 0.0030 0.0027 0.1321 0.0178 0.0004
elastic transform 0.0002 0.0055 0.0050 0.1740 0.0190 0.0026
pixelate 0.0028 0.0122 0.0109 0.1985 0.0221 0.0041
jpeg compression 0.0035 0.0138 0.0127 0.1897 0.0254 0.0051

Table 12. Average corruption-level improvements on CIFAR-10-C using ResNet-56.

Corruption ARisk80 1 AAURC1T AE-AURCT AN-AURCT AFPR951 AAUROC T
gaussian noise 0.0606 0.0510 0.0337 0.6070 0.2920 0.0225
shot noise 0.0250 0.0458 0.0306 0.4540 0.3441 0.0201
impulse noise -0.0121 0.0081 0.0084 0.2075 0.2624 0.0084
defocus blur 0.0011 0.0154 0.0133 0.3826 0.4847 0.0067
glass blur -0.0183 0.0088 0.0110 0.2762 0.2298 -0.0146
motion blur 0.0020 0.0237 0.0202 0.4060 0.4520 0.0135
zoom blur 0.0044 0.0210 0.0172 0.3954 0.4221 0.0149
snow -0.0071 0.0173 0.0145 0.3217 0.3892 0.0036
frost 0.0099 0.0261 0.0211 0.3891 0.4527 0.0044
fog 0.0067 0.0132 0.0113 0.3308 0.4138 0.0063
brightness 0.0075 0.0101 0.0088 0.3617 0.4228 0.0041
contrast -0.0015 0.0054 0.0048 0.2421 0.3469 0.0012
elastic transform -0.0033 0.0135 0.0118 0.2875 0.3726 0.0020
pixelate 0.0005 0.0225 0.0200 0.3087 0.2916 -0.0102
jpeg compression 0.0018 0.0187 0.0165 0.2684 0.3003 -0.0064

FPR @95 nearly doubles. AUROC drops from 0.9375 to 0.8691.
This demonstrates that the top-2 gap is not conducive to selective
classification. We believe the failure stems from the fact that the
second-largest logit is not generally the closest class in weight-
space, and logit differences are not normalized by classifier geom-
etry.



Table 13. Average corruption-level improvements on CIFAR-100-C using ResNet-56.

Corruption ARisk80 1 AAURC1T AE-AURCT AN-AURC1T AFPR951 AAUROC 1
gaussian noise 0.0114 0.0200 0.0137 0.4978 0.0106 0.0164
shot noise 0.0092 0.0219 0.0138 0.3521 0.0285 0.0109
impulse noise -0.0041 0.0071 0.0062 0.1992 0.0217 0.0081
defocus blur 0.0020 0.0124 0.0105 0.3055 0.0477 0.0092
glass blur 0.0004 0.0141 0.0134 0.3418 0.0272 0.0119
motion blur 0.0014 0.0187 0.0170 0.3562 0.0300 0.0067
zoom blur 0.0023 0.0180 0.0157 0.3734 0.0313 0.0073
snow 0.0054 0.0222 0.0174 0.3127 0.0301 0.0135
frost 0.0062 0.0262 0.0210 0.3444 0.0317 0.0148
fog 0.0021 0.0095 0.0085 0.2812 0.0220 0.0065
brightness 0.0043 0.0087 0.0079 0.2748 0.0208 0.0042
contrast 0.0005 0.0041 0.0038 0.1957 0.0172 0.0023
elastic transform -0.0001 0.0099 0.0091 0.2305 0.0204 0.0045
pixelate 0.0027 0.0161 0.0144 0.2536 0.0190 0.0087
jpeg compression 0.0031 0.0155 0.0138 0.2410 0.0202 0.0108
m_hi=0.5 m_hi=0.7 XA m_hi=1.0 m_hi=2.0
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Figure 4. Sensitivity of AURC (left) and AUROC (right) to the margin thresholds (mui, mi,). Moderate high-margin values (mn; €
[0.5,0.7]) with stronger low-margin penalties (mi,=0.3) provide the best overall selective classification performance.

Table 14. Post-hoc misclassification detection and selective clas- Table 15. Post-hoc misclassification detection and selective
sification performance on CIFAR-10 (RepVGG-A2, Baseline). classification performance on CIFAR-10 (RepVGG-A2, After
DARTS).
Method AURC| E-AURC| Risk@80, AUROCT FPR@95)
Method AURC| E-AURC| Risk@80, AUROCT FPR@95
DARTS 0.00651  0.00560  0.00575  0.90895  0.49755 v + v T v
(Boundary Distance) DARTS
msp 001114 001024 000925  0.86897  0.76924 (Boundary Distance) %0043 0.00341 000413 093748 02223
energy 001399 0.01308 = 0.01150  0.84230  0.80850 msp 000613 000511 000587 092287  0.29229
entropy 0.011710.01080 001000 0.86388  0.77529 energy 000937 0.00835 001000 087931  0.63798
maxlogit 0.01350 001259 001138  0.84828  0.80422 entropy 000647 000544 000613 091731  0.33574
gen 0.00868 = 0.00777 0.00813  0.88720  0.71870 maxlogit 000786 0.00684  0.00787 090012  0.53402
prorm 001114 001024 000925  0.86897  0.76924 oo 000588 000436 000587 092356 025838
temp_scaling 0.01071  0.00980 0.00913 0.87247 0.77028 porm 0.00473  0.00371 0.00538 0.93030 0.28570

temp_scaling 0.00599  0.00497 0.00550 0.92494 0.27261




Table 16. Post-hoc misclassification detection and selective clas-
sification performance on CIFAR-10 (ResNet-56, Baseline).

Method AURC| E-AURC| Risk@80) AUROCT FPR@95] Table 20. Post-hoc misclassification detection and selective clas-
DARTS . 0.00738 0.00589 0.00650 0.92114 0.26377 SiﬁCatiOn perfOrmanCe on CIFAR'IOO (ReSNet-56, Basehne).
(Boundary Distance)
msp 0.01196  0.01047  0.01038  0.88803  0.66350
energy 0.01761  0.01611 001675  0.83918  0.83677 Method AURC| E-AURC| Risk@80] AUROCT FPR@95|
entropy 0.01282  0.01133 001125  0.88085  0.70356
maxlogit 001609 001460 001438 085516  0.81594 DARTS =~ 0.07879  0.04426 015850  0.84954 047931
gen 001015 0.00866  0.00900  0.89973  0.54953 (Boundary Distance)
pnorm 001196 001047 001038  0.88803  0.66350 msp 008194 0.04740  0.15150  0.84980  0.52911
temp_scaling 001139  0.00989 000975  0.89209  0.63696 energy 0.12993 009539 0.18263  0.74119  0.80414
entropy 0.09015  0.05561  0.16050  0.82693  0.59666
maxlogit 0.11260  0.07806  0.16363  0.78748  0.75995
gen 0.07935  0.04481  0.15475  0.85088  0.48838
pnorm 0.08194  0.04740  0.15150  0.84980  0.52911
temp_scaling 0.07972  0.04518  0.15125  0.85432  0.49866
Table 17. Post-hoc misclassification detection and selective clas-
sification performance on CIFAR-10 (ResNet-56, After DARTS).
Method AURC| E-AURC| Risk@80) AUROCT FPR@95|
DARTS 0.00703  0.00525  0.00700 092899  0.21382
(Boundary Distance)
msp 0.00802  0.00625  0.00762  0.92049  0.27503
energy 001402 001224 001712  0.86670  0.57938
entropy 0.00880  0.00702  0.00862  0.91211  0.29979
maxlogit 001141  0.00963 001225  0.89318  0.44559
gen 0.00843  0.00665  0.00875 091387  0.27556
pnorm 0.00802  0.00625  0.00762  0.92049  0.27503
temp_scaling 0.00767  0.00589  0.00762  0.92330 026472 Table 21. Post-hoc misclassification detection and selective classi-
fication performance on CIFAR-100 (ResNet-56, After DARTS).
Method AURC| E-AURC| Risk@80] AUROCT FPR@95|
Table 18. Post-hoc misclassification detection and selective clas- g’ﬁﬁary]}ismce) 0.07692  0.04125  0.16200  0.85424  0.43095
sification performance on CIFAR-100 (RepVGG-A2, Baseline). msp 0.07447  0.03880  0.15287  0.86586  0.43511
energy 0.11554  0.07987  0.18312  0.76810  0.70407
- entropy 0.08398  0.04830  0.16325  0.83667  0.49685
Method AURC| E-AURC| Risk@80, AUROCT FPR@95] maxlogit 0.09841  0.06273  0.16412  0.81272  0.63844
DARTS gen 0.08313  0.04746  0.17250  0.83410  0.45739
(Boundary Distancey ~ “05052 003023 0.10213 087080 039739 pnorm 0.07356  0.03788  0.15500  0.86779  0.42451
msp 005468 003440 010013 086455 048243 temp_scaling 0.07305  0.03737  0.15287  0.86965  0.42061
energy 0.06424  0.04396  0.11375  0.83261  0.58386
entropy 0.05753  0.03725  0.10625  0.85354  0.49783
maxlogit 0.06051  0.04022  0.10513  0.84819  0.55568
gen 0.05100  0.03071  0.09913  0.87013  0.41316
pnorm 0.05468  0.03440  0.10013  0.86455  0.48243
temp_scaling 0.05389  0.03360  0.09913  0.86680  0.46629
Table 19. Post-hoc misclassification detection and selective
classification performance on CIFAR-100 (RepVGG-A2, After
DARTS). Table 22. Substituting the top-2 logit difference for the nearest-
boundary distance during training causes severe degradation
Method AURC| E-AURC| Risk@80] AUROCtT FPR@95] across all selective-classification metrics.
DARTS 005297 002909  0.11462 087570 038918 _
(Boundary Distance) Method Risk@95 AURC EAURC NAURC FPR@95 AUROC
msp 0.05548  0.03159  0.11175  0.87122  0.42034 NearestBounda
st- ry (DARTS) 00041  0.0044 00034 01594 02226  0.9375
energy 0.08864  0.06476  0.14587  0.77059  0.68604 Top-2 Logit Gap 00707 00358 00234 03654 04297  0.8691
entropy 0.06406  0.04017  0.12475  0.83930  0.48278
maxlogit 0.07478  0.05089  0.12613  0.81628  0.62323
gen 0.05786  0.03398  0.12013  0.85816  0.42414
pnorm 0.05196  0.02808  0.11300  0.88075  0.38526

temp_scaling 0.05367  0.02978 0.11050 0.87708 0.40388
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