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Supplementary Material

This supplementary document expands on the main
manuscript. It provides full experimental details (Ap-
pendix A), comprehensive results that support and extend
our analyses (Appendix B), and additional experiments with
Vision Transformers (ViT) (Appendix C).

A. Experimental Details
A.1. Implementation Details
Software stack. Our experimental framework is built
upon the OpenOOD [56, 60, 61] framework. Specifically,
we utilize the public fork from Humblot-Renaux [24], as
it provides a GRAM [44] implementation that follows the
official implementation details, which also leverages infor-
mation from intermediate layers. We extend the model zoo
by integrating 56 ImageNet checkpoints, adapted from the
collection provided by [12]. The full list of all models used
in this study, along with their training categories and perfor-
mance metrics, is detailed in Tab. 2. All evaluations in this
study are executed within this unified framework.

To broaden the evaluation scope, we also enrich the data
layer with two additional OOD categories: (i) extreme-
OOD including MNIST [28] and Fashion-MNIST [54], and
(ii) synthetic-OOD including the unit-test data provided by
NINCO [1]. This setup ensures reproducibility and fair
comparison with a broad set of diverse training strategies,
OOD test sets, and existing state-of-the-art OOD detection
methods.

Hardware and system configuration. All experiments
were executed on a workstation equipped with an Intel Core
i9-9900X (10 cores, 3.5 GHz) and two NVIDIA GPUs
(RTX 2080Ti + RTX 3090). The software environment
consisted of Ubuntu 22.04, Python 3.10, PyTorch 2.0.1, and
CUDA 11.8.

OOD detection methods. Many OOD detection methods
require a configuration phase prior to evaluation, for which
we strictly follow the OpenOOD benchmark protocols to
ensure comparability. This process includes two types of
setup: some methods are calibrated on the ID training set
to compute statistics or other parameters, while others have
crucial hyperparameters that are tuned on a held-out vali-
dation set containing both ID and OOD samples. Although
detectors ship with default hyperparameters, these defaults
are typically tuned to a vanilla training recipe, which can
risk biasing the comparison. Re-optimizing all parameters,

Method Hyperparameter Search Space

MSP [18]
MLS [21]
EBO [34]

temperature T ∈ {1, 10, 100, 1000}ODIN [31] perturbation mag. σ ∈ {0.0014, 0.0028}
TempScale [15]
KLM [21]

gamma ∈ {0.01, 0.1, 0.5, 1, 2, 5, 10}GEN [35] top-M classes ∈ {10, 50, 100, 200, 500, 1000}
KNN [48] K ∈ {50, 100, 200, 500, 1000}
MDS [29]
RMDS [42]
SHE [59]
ViM [51]
ASH [9] percentile ∈ {65, 70, 75, 80, 85, 90, 95}
ReAct [47] percentile ∈ {70, 80, 85, 90, 95, 99}
DICE [46] percentile ∈ {10, 30, 50, 70, 90}
SCALE [55] percentile ∈ {65, 70, 75, 80, 85, 90, 95}
NNGuide [39]
fDBD [33] normalization ∈ {true, false}
GRAM [44]
ATS [27]
GradNorm [23]

Table 1. Overview of hyperparameter search space for all consid-
ered OOD detection methods.

therefore, provides a fair test across the diverse training
strategies evaluated here. The exact settings and hyperpa-
rameter search spaces adopted for each method are detailed
in Tab. 1.

B. Detailed Results

Does higher ID accuracy imply better OOD detection?
To validate that our findings are not an artifact of the AU-
ROC metric, we perform an equivalent analysis using the
False Positive Rate at 95% True Positive Rate (FPR95). As
shown in Fig. 1, this analysis plots ID classification accu-
racy against FPR95, where lower values signify better OOD
detection performance.

This analysis quantitatively confirms the visually ob-
served mirrored fall-then-rise pattern. Consistent with the
AUROC results, the overall relationship between accuracy
and FPR95 yields a weak global correlation (Spearman’s
ρ = −0.04, p ≪ 0.001). Similar to the AUROC analy-
sis, in the low-to-baseline accuracy regime, performance is
primarily driven by adversarially trained models, which ex-
hibit a strong negative correlation between ID classification
accuracy and FPR95 (OOD performance improves). Con-



Model Category In-Distribution Out-of-Distribution

Accuracy ↑ ECE ↓ AUROC ↑ FPR95 ↓

Original Baseline [16] Baseline 76.19 3.62 89.07± 9.95 42.05±27.62

PGD-AT (l2, ϵ = 0) [36, 43] Adversarial Training 75.90 3.50 88.90±10.22 42.27±28.36

PGD-AT (l2, ϵ = 0.01) [36, 43] Adversarial Training 75.69 3.02 88.50± 9.97 44.42±27.39

PGD-AT (l2, ϵ = 0.03) [36, 43] Adversarial Training 75.88 2.80 88.37± 9.76 44.96±26.67

PGD-AT (l2, ϵ = 0.05) [36, 43] Adversarial Training 75.58 2.68 88.86±10.05 42.97±28.03

PGD-AT (l2, ϵ = 0.1) [36, 43] Adversarial Training 74.86 2.21 88.53±10.54 44.48±28.62

PGD-AT (l2, ϵ = 0.25) [36, 43] Adversarial Training 74.15 1.79 87.90±10.14 46.97±26.49

PGD-AT (l2, ϵ = 0.5) [36, 43] Adversarial Training 73.22 1.58 87.50±10.55 48.06±26.35

PGD-AT (l2, ϵ = 1) [36, 43] Adversarial Training 70.50 3.35 85.99±10.97 51.61±26.49

PGD-AT (l2, ϵ = 3) [36, 43] Adversarial Training 62.86 9.06 79.85±10.42 65.71±21.19

PGD-AT (l2, ϵ = 5) [36, 43] Adversarial Training 56.15 12.65 74.45± 9.75 71.33±18.70

PGD-AT (l∞, ϵ = 0.5) [36, 43] Adversarial Training 73.75 1.23 87.25± 9.86 48.39±23.86

PGD-AT (l∞, ϵ = 1.0) [36, 43] Adversarial Training 72.13 2.78 85.86± 9.93 53.04±25.30

PGD-AT (l∞, ϵ = 2.0) [36, 43] Adversarial Training 69.13 4.80 83.42±10.24 58.99±25.04

PGD-AT (l∞, ϵ = 4.0) [36, 43] Adversarial Training 63.94 8.92 80.26±10.39 65.47±20.56

PGD-AT (l∞, ϵ = 8.0) [36, 43] Adversarial Training 54.55 13.28 70.62±11.43 73.24±16.29

AutoAugment (270Ep) [7] Augmentations 77.52 2.74 89.54±10.06 40.22±29.92

FastAutoAugment (270Ep) [32] Augmentations 77.69 3.58 88.77± 9.94 42.82±29.14

StyleAugment [14, 61] Augmentations 74.68 1.91 88.35±10.17 43.92±28.09

RandAugment (270Ep) [8] Augmentations 77.65 3.26 88.78± 9.57 43.16±28.80

AugMix (180Ep) [19] Augmentations 77.63 1.88 89.72± 9.51 40.78±27.29

DeepAugment [20] Augmentations 76.76 2.37 88.03± 9.49 45.72±25.13

DeepAugment + AugMix [20] Augmentations 75.89 2.82 88.56±11.00 41.10±30.16

RegMixup [41] Augmentations 76.69 2.94 88.14± 9.30 45.87±26.13

Diffusion-like Noise [25] Augmentations 67.26 1.79 84.24±11.48 53.83±25.72

NoisyMix [11] Augmentations 77.14 12.92 86.41±10.25 50.67±27.04

OpticsAugment [38] Augmentations 74.25 3.02 88.88±10.67 41.10±28.71

PRIME [37] Augmentations 76.99 2.79 88.63± 9.43 44.04±26.30

PixMix (90Ep) [22] Augmentations 77.43 1.49 88.07± 8.94 44.60±26.33

PixMix (180Ep) [22] Augmentations 78.18 2.19 87.29± 8.62 46.45±25.65

⋆⋆ MixUp [58] Augmentations 77.55 20.40 84.13±11.08 52.89±28.08

CutMix [57] Augmentations 78.62 18.79 79.65±11.57 58.89±24.11

ShapeNet (SIN) [14] Augmentations 60.22 6.80 84.65±12.28 47.16±34.05

ShapeNet (SIN+IN) [14] Augmentations 76.74 4.82 88.62± 9.23 44.79±26.48

ShapeNet (SIN+IN → IN) [14] Augmentations 74.68 1.91 88.34±10.18 43.96±28.08

Texture/Shape debiased [30] Augmentations 76.92 3.21 87.72±10.02 46.02±27.19

Texture/Shape-Shape biased [30] Augmentations 76.31 2.38 88.26± 9.84 44.72±27.46

Texture/Shape-Texture biased [30] Augmentations 75.31 3.22 89.03±10.05 41.51±28.97

Dinov1 [3] SSL 75.32 2.04 87.46±11.91 40.19±32.33

MoCo v3 (100Ep) [5] SSL 68.99 3.79 84.11±12.19 50.33±27.68

MoCo v3 (300Ep) [5] SSL 72.84 3.44 85.34±11.21 50.55±26.64

MoCo v3 (1000Ep) [5] SSL 74.62 2.34 85.58±10.73 49.76±26.13

SimCLRv2 [4] SSL 74.96 3.55 87.99±11.96 41.76±30.60

SwAV [2] SSL 75.33 2.49 84.07±11.18 53.38±27.46

SupCon [26] SSL 77.37 6.53 79.02± 6.27 63.43±13.17

timm A1 [52, 53] Improved Training 80.14 8.71 84.65± 7.91 57.85±19.18

timm A1h [52, 53] Improved Training 80.15 43.78 75.69± 6.49 69.05±13.40

timm A2 [52, 53] Improved Training 79.86 8.77 86.74± 9.40 55.11±23.14

timm A3 [52, 53] Improved Training 77.45 6.60 79.07± 6.64 72.55±11.76

timm B1k [52, 53] Improved Training 79.25 14.44 82.72±11.73 51.60±29.58

timm B2k [52, 53] Improved Training 79.30 14.86 83.49±12.16 49.40±30.26

timm C1 [52, 53] Improved Training 79.78 22.05 83.05±11.71 47.89±29.53

timm C2 [52, 53] Improved Training 79.97 15.91 83.42±12.01 47.52±29.54

timm D [52, 53] Improved Training 79.95 2.97 83.47± 7.04 57.26±19.27

TorchVision 2 [40, 50] Improved Training 80.92 41.27 74.33± 7.45 62.90±18.86

Frozen Random Filters [13] Freezing 74.87 2.91 79.83± 7.48 66.16±17.12

Table 2. Performance summary for the 56 ResNet-50 models evaluated in our study. For each model, the table lists its unique visual
identifier used consistently throughout all figures: color denotes the training Category (e.g., Augmentations), while marker shape identifies
the specific model. We report ID metrics (Accuracy, ECE) and OOD metrics (AUROC, FPR95). OOD performance is shown as mean ±
standard deviation across all 21 OOD detection methods and eight OOD datasets. Arrows (↑/↓) indicate whether higher or lower values are
better, and all values are reported as percentages.
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Figure 1. Relationship between ID classification accuracy and
OOD detection performance, measured by the mean False Positive
Rate at 95% True Positive Rate (FPR95). Each point represents
one of 56 ResNet-50 models trained with a diverse strategy. The
reported FPR95 for each model is the average across all 21 OOD
detection methods and four OOD categories. Color indicates the
model’s training category, while the marker shape uniquely iden-
tifies each model within that category.

versely, for high-performing models, advanced augmenta-
tions and regularization techniques reverse this relationship,
leading to a degradation in OOD performance (an increase
in FPR95).

This result provides strong evidence that the complex,
non-monotonic relationship between ID accuracy and OOD
performance is a general phenomenon, independent of the
evaluation metric.

Are OOD detectors merely identifying misclassified
samples? We revisit the claim that post-hoc detectors suc-
ceed largely because they separate correctly classified ID
samples from OOD inputs. Fig. 2 confirms the strong pos-
itive correlation between OOD performance on correctly
versus incorrectly classified ID data (Spearman’s ρ = 0.88,
p ≪ 0.001). It also makes the consistent performance gap
visually apparent, as nearly all points lie below the x = y
identity line, showing that performance is systematically
higher on correctly classified samples. A notable exception
are models trained with MixUp or CutMix, where points
for all detectors lie on (or very close to) the identity line,
indicating similar OOD performance when conditioning on
correct vs. incorrect ID predictions. However, the magni-
tude of this performance gap is highly method-dependent,
as detailed in Fig. 3 and Fig. 4.

Classification-based methods like MSP, which are
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Figure 2. Relationship between AUROCcorrect vs. OOD and
AUROCincorrect vs. OOD. Each point represents one of 56 models,
with performance averaged across all 21 OOD detection methods
and four OOD categories. Color indicates the model’s training
category, while the marker shape uniquely identifies each model
within that category.

highly sensitive to classification correctness (i.e., high
AUROCcorrect vs. incorrect), exhibit a large performance drop
when evaluating on misclassified samples, since their scores
are tightly coupled to prediction confidence, these methods
risk confusing hard ID examples with true OOD data. In
contrast, methods that leverage richer feature-space repre-
sentations, like NNGuide and GRAM, show almost no per-
formance gap. Their near-chance failure detection perfor-
mance (AUROCcorrect vs. incorrect ≈ 50%) implies their OOD
scoring is largely decoupled from the correctness of the ID
classification.

In Figs. 5 and 6, we correlate the OOD detection perfor-
mance (AUROC) with the ID classification accuracy. This
analysis is performed for all ID samples, and we further
dissect the behavior by also considering the subsets of cor-
rectly and incorrectly classified samples separately (Fig. 5).
The Spearman correlation coefficients (Fig. 6) reveal a con-
sistently weak or statistically non-significant relationship
across all three groups (i.e., all, correct, and incorrect),
echoing the main manuscript finding. This result diverges
from prior work [24]; while they performed a similar anal-
ysis, they observed a strong overall correlation that was al-
most entirely driven by the performance on correctly classi-
fied ID samples (AUROCcorrect vs. OOD)

While AUROCincorrect vs. OOD can approach random
chance for some model–method pairs, this is not the case
for well-matched configurations (Fig. 5). For the base-
line model—representing the default benchmark setting
where the model-method fit is strong—every single de-
tector performs significantly better than random guess-



Effect F-value p-value Variance Share (%)

Method 156.69 ≪ 0.001 7.08
Model 77.90 ≪ 0.001 9.69
OOD Category 5045.22 ≪ 0.001 34.22
Model × Method 8.47 ≪ 0.001 21.05
Model × OOD Category 9.10 ≪ 0.001 3.39
Method × OOD Category 39.05 ≪ 0.001 5.30
Model × Method × OOD Group 1.16 ≪ 0.001 8.66
Residual — — 10.62

Table 3. Three-way ANOVA decomposition of AUROC variance
across models, OOD detection methods, and OOD dataset cat-
egories. The table reports the F-statistic, significance level (p-
value), and proportion of explained variance for each main effect
and interaction.

ing. This demonstrates a genuine ability to distinguish
true OOD samples from a model’s own most challenging
ID examples, proving that—while misclassifications impair
performance—these methods are fundamentally more than
mere failure detectors.

Where does the AUROC variance come from? Tab. 3
lists the complete F-values, p-values, and variance shares of
the three-way ANOVA; all main effects and interactions are
significant (p ≪ 0.001). To rule out a single OOD category
artifact, we reran the ANOVA four times, each time omit-
ting one OOD category. Tab. 4 shows the variance shares.
Leaving out the hardest split (near-OOD) drops the OOD
category main effect to 6.59%, but the model × method
interaction increases to 33.36%, revealing model-detector
coupling that had been masked by uniformly low AUROC
on the toughest OOD category. When far- or extreme-
OOD is omitted, the OOD-category term remains dominant
(≈ 40%) while the interaction never falls below 16%. The
residual variance is stable across all runs. Thus, no sin-
gle dataset dictates the conclusions; indeed, model–OOD
method compatibility becomes more salient once the most
challenging category is removed, underscoring the need for
a diverse OOD benchmark.

How robust are detection methods across training vari-
ants? The robustness of OOD detection methods also de-
pends on the nature of the distributional shift. Fig. 7 shows
the OOD detection performance for each method across the
four OOD categories, revealing several key insights.

First, as expected, performance is generally lowest for
the most challenging near-OOD datasets, where the seman-
tic similarity with the ID data is highest. Most methods
struggle to achieve high AUROC scores in this setting, con-
firming the difficulty of this benchmark.

Second, and more surprisingly, the variance in perfor-
mance across our 56 models is often highest for the suppos-
edly easier extreme- and synthetic-OOD categories. This
suggests that the choice of training strategy can have a more

pronounced and unpredictable impact on a method’s effec-
tiveness when the domain shift is large but structurally sim-
ple (e.g., ImageNet vs. MNIST).

This highlights a critical aspect of robustness: a method
that appears stable and effective on near-OOD data may be-
come unreliable on other types of shifts, and vice versa.
For example, the high variance of some model enhance-
ment methods on extreme- and synthetic-OOD data may not
just stem from a sensitivity to low-level statistics, but also
from operating on final-layer features where discriminative
information for structurally simple OOD data might be di-
minished. This hypothesis is supported by prior work [27],
which showed that simpler OOD tasks are often more easily
solved in a model’s earlier layers. The notable robustness
of GRAM, which leverages intermediate features, on these
same categories lends further support to this idea, suggest-
ing that access to earlier representations is key for handling
such shifts. This underscores the necessity of benchmark-
ing on a wide range of OOD test sets to gain a complete
picture of a method’s generalization capabilities.

Relationship with Model Calibration To investigate if
other ID metrics are better predictors of OOD performance
than accuracy, we analyzed the relationship between Ex-
pected Calibration Error (ECE) and the OOD detection per-
formance (Fig. 8). Globally, we observe a weak negative
correlation (Spearman’s ρ = −0.17, p ≪ 0.001), which,
while more consistent than the correlation with ID classifi-
cation accuracy (ρ = 0.04), remains a poor proxy for OOD
detection performance.

A breakdown by training category (Fig. 9) reveals that
this global correlation is a misleading artifact. The trend
is driven almost entirely by the adversarial training regime
(ρ = −0.33). At the same time, models trained with aug-
mentations, SSL, or improved recipes show little to no cor-
relation between their calibration and OOD detection per-
formance.

This finding underscores that OOD detection perfor-
mance is too complex to be reliably predicted by a single
ID metric, such as accuracy or calibration. While corre-
lations may appear within specific subgroups (e.g., training
strategies or OOD detection methods), such as adversarially
trained models, they do not imply causality and fail to gen-
eralize across the diverse landscape of training strategies,
making them unreliable as universal proxies.

Feature-Space Analysis and Robustness of OOD Detec-
tion Methods. To better understand why advanced train-
ing recipes degrade OOD detection, we analyze feature-
space statistics for four ResNet-50 models: the base-
line [16], MixUp [58], CutMix [57], and the TorchVi-
sion 2 recipe [40, 50] (which includes MixUp, CutMix to-
gether with additional regularization such as label smooth-



25

50

75

100
MSP MLS EBO ODIN TempScale KLM GEN

25

50

75

100
KNN MDS RMDS SHE ViM ASH ReAct

25 50 75

25

50

75

100
DICE

25 50 75

SCALE

25 50 75

NNGuide

25 50 75

fDBD

25 50 75

GRAM

25 50 75

ATS

25 50 75

GradNorm

AUROCcorrect vs. OOD (%)

A
U

R
O

C
in

co
rr

ec
t

v
s.

O
O

D
(%

)

Training category
Baseline
Adversarial Training

Augmentations
SSL

Improved Training
Freezing

Figure 3. Relation between OOD Detection Performance on correct versus incorrect ID samples for each OOD detection method. Each
point represents one of the 56 ResNet-50 models, averaged over eight OOD datasets. Color indicates the model’s training category, while
the marker shape uniquely identifies each model within that category.
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Figure 4. Performance comparison of all 21 OOD detection methods across multiple AUROC-based evaluation metrics.
AUROCcorrect vs. incorrect evaluates failure prediction on ID data only, distinguishing between correctly and incorrectly classified samples.
The remaining metrics assess OOD detection, either across all ID samples, only correctly classified ones, or only misclassified ones. Each
boxplot shows the distribution over 56 models and four OOD categories.

ing, stronger augmentation, and EMA; see Fig. 10). We re-
port five complementary metrics: total variance (spread of
embeddings), participation ratio (effective dimensionality),
sparsity (fraction of near-zero activations), and the mean
and standard deviation of feature norms.

While MixUp, CutMix, and TorchVision 2 achieve
higher ID accuracy than the baseline, their internal repre-
sentations become progressively more compressed. From
the baseline through MixUp and CutMix to TorchVision 2,
we observe a clear progression. MixUp reduces variance
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Figure 5. Relation between ID classification accuracy and OOD detection performance. Subfigure (a) shows the AUROC for distinguishing
correctly classified ID samples from OOD samples, while (b) focuses on incorrectly classified ID samples. Each point represents one of the
56 ResNet-50 models, averaged over eight OOD datasets. Color indicates the model’s training category, while the marker shape uniquely
identifies each model within that category.

Left-Out Model Method OOD Category Model×Method Model×OOD Category Method×OOD Category 3-Way Interaction Residual

Near 16.66 10.02 6.78 33.87 4.33 6.41 11.43 10.55
Far 9.59 5.16 42.15 16.51 3.44 6.25 8.45 8.44
Extreme 8.41 8.62 40.23 19.79 2.17 2.60 6.46 11.67
Synthetic 11.49 8.04 31.49 22.49 2.76 4.63 6.39 12.77

Table 4. Explained variance from leave-one-out 3-way ANOVA (factors: model, method, OOD category). Each row excludes one OOD
group and recomputes variance proportions. All reported values are in percentage and statistically significant (p ≪ 0.001).
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(a) Correlation between ID classification accu-
racy and AUROC.
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(b) Correlation between ID classification accu-
racy and AUROCcorrect vs. OOD.
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(c) Correlation between ID classification accu-
racy and AUROCincorrect vs. OOD.

Figure 6. Relationship between ID classification accuracy and OOD detection performance. Spearman rank correlation (ρ) between ID
classification accuracy and OOD-detection AUROC for each detector: (a) all ID samples, (b) only correctly classified ID samples, and (c)
only misclassified ID samples. Bars are sorted and color-coded according to the method’s OOD detection category ( classification-based,

feature-based, hybrid, intermediate-feature, gradients). Non-significant correlations (p ≥ 0.05) are shown with reduced opacity.
Statistics are computed over 56 models and four OOD categories.
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Figure 7. OOD detection performance across different OOD categories (near, far, extreme, and synthetic). Each boxplot shows the
distribution over 56 models.

and feature norms while lowering the participation ratio,
suggesting a lower-rank embedding. CutMix shows simi-
lar but slightly stronger effects, with variance/norm reduced
further and sparsity moderately increased. TorchVision 2
amplifies these trends: variance and norms collapse, spar-
sity increases by more than two orders of magnitude, and
the representation is flattened. Thus, while all three ad-
vanced recipes achieve higher ID accuracy than the base-
line, they also progressively compress and sparsify the em-
bedding space.

These shifts are also mirrored in the logit and em-
bedding space (see Figs. 11 and 12). The max-logit
distributions become narrower and show increasing ID-
OOD overlap: baseline leaves a clear margin (FPR95 =
30.62%), MixUp reduces separation (57.70%), CutMix
worsens it further (70.93%), and TorchVision 2 nearly elim-

inates it (77.52%). Likewise, the penultimate-layer activa-
tion distributions show that the characteristic pattern de-
scribed by Sun et al. [47]—a near-constant mean activa-
tion for ID samples and lower but more variable activa-
tions for OOD samples, which ReAct exploits via activa-
tion clipping—progressively changes under MixUp, Cut-
Mix, and TorchVision 2. As a result, activation-shaping
detectors such as ReAct—whose efficacy depends on clip-
ping high activations—lose discriminative power, reflected
in a significant performance drop: FPR95 increases from
16.75% (baseline) to 40.46% (MixUp), 58.51% (CutMix),
and 88.55% (TorchVision 2).

In contrast, feature-based methods (e.g., KNN, GRAM,
RMD) that leverage distances or higher-order statistics
rather than specific activation characteristics, and therefore
remain comparatively robust under increasing regulariza-
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Figure 9. Spearman correlation coefficients (ρ) between OOD
detection performance (AUROC) and in-distribution (ID) perfor-
mance metrics (accuracy and ECE), computed across all mod-
els, OOD methods, and OOD categories (Overall), and separately
for adversarial training (AT), data augmentations (Aug.), self-
supervised learning (SSL), and improved training recipes (Imp.
Train.). Non-significant correlations (p ≥ 0.05) are set to 0. Note
that Spearman r reflects monotonic relationships and may not cap-
ture non-monotonic trends.

tion. Altogether, these results show that although MixUp,
CutMix, and TorchVision 2 improve ID accuracy, they also
systematically reshape the feature space in ways that disad-
vantage activation-based detectors while leaving geometry-
based or magnitude-agnostic approaches more stable. This
provides further evidence for our central finding that im-
provements in ID accuracy do not necessarily yield better
OOD detection, underscoring the strong dependency be-
tween the underlying model and the effectiveness of a given
OOD detection method.

C. Results on ViT

To test whether our findings extend beyond ResNets,
we also evaluate Vision Transformer (ViT-B/16) mod-
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Figure 10. Feature-space metrics for ResNet-50 baseline, MixUp,
CutMix, and TorchVision 2 on the ImageNet test set, com-
puted from penultimate-layer embeddings and shown relative to
TorchVision 2 (set to 1.0). We report five complementary statis-
tics: i) total variance, the trace of the covariance matrix measuring
overall spread of embeddings; ii) participation ratio, the effective
dimensionality of the feature space; iii) sparsity, the fraction of ac-
tivations below 10−3; iv) mean feature norm, the average l2-norm
of embedding vectors; and v) standard deviation of feature norms,
capturing variability in embedding magnitudes.

els [10], that originate from AugReg [45], Masked
Autoencoders (MAE) [17], Data-Efficient Image Trans-
formers (DeiT) [49], and Sharpness-Aware Minimization
(SAM) [6]. As with ResNet, all models are trained exclu-
sively on the ILSVRC2012 subset of ImageNet to prevent
OOD contamination.

Consistent with our ResNet results, ViTs achieve higher
ID accuracy but do not exhibit improved OOD detection
performance (see Fig. 13). At the OOD detection method
level (Fig. 14), we again observe a clear dichotomy: feature-
based methods that rely on distances or higher-order statis-
tics (e.g., KNN, RMDS, GRAM) remain comparatively ro-
bust, while model-enhancement methods that depend on
shaping specific activation patterns degrade substantially.

These findings reinforce our central claim that better ID
accuracy does not guarantee better OOD detection, even for
more modern, higher-capacity architectures. They also sup-
port recent evidence [61] that many OOD detection methods
have been implicitly tuned to CNN-style representations,
and may overfit to the activation characteristics of ResNets
rather than transfer robustly to other architectures.
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