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ABSTRACT

Out-of-distribution (OOD) detection is critical for reliable deployment of vision mod-
els. Mahalanobis-based detectors remain strong baselines, yet their performance varies
widely across modern pretrained representations, and it is unclear which properties of
a feature space cause these methods to succeed or fail. We conduct a large-scale study
across diverse foundation-model backbones and Mahalanobis variants. First, we show
that Mahalanobis-style OOD detection is not universally reliable: performance is highly
representation-dependent and can shift substantially with pretraining data and fine-tuning
regimes. Second, we link this variability to in-distribution geometry and identify a two-
term ID summary that consistently tracks Mahalanobis OOD behavior across detectors:
within-class spectral structure and local intrinsic dimensionality. Finally, we treat normal-
ization as a geometric control mechanism and introduce radially scaled ¢ normalization,
b5(2) = z/||2||®, which preserves directions while contracting or expanding feature radii.
Varying (8 changes the radii while preserving directions, so the same quadratic detector
sees a different ID geometry. We choose § from ID-only geometry signals and typically
outperform fixed normalization baselines.

1 INTRODUCTION

Mahalanobis scores are among the simplest post-hoc detectors for out-of-distribution (OOD) detection, yet
they remain surprisingly competitive on modern vision backbones (Lee et al., 2018 |Mueller & Hein, [2025;
2024). At the same time, their behavior is highly representation-dependent: the same quadratic detector can
perform well on one pretrained model and fail on another, and performance can shift sharply with changes in
pretraining data or fine-tuning regimes. This sensitivity makes Mahalanobis-based OOD detection difficult
to deploy reliably and raises a basic question: which properties of an in-distribution feature space determine
when a Mahalanobis detector succeeds or fails?

We study Mahalanobis OOD detection through the lens of representation geometry. Across a broad set
of self-supervised learning (SSL) and foundation-model representations, we show that geometric structure
accounts for much of the observed cross-model variation. In particular, a compact ID-only summary combin-
ing local intrinsic dimensionality (LID) and within-class spectral decay strongly predicts Mahalanobis OOD
performance across variants. This connects detector reliability to measurable properties of the in-distribution
feature space.

Motivated by this geometric view, we introduce a simple post-hoc control mechanism that changes the ge-
ometry presented to the same quadratic detector. We use radially scaled ¢ normalization, ¢s(2) = z/||2|/?,
which preserves feature directions while contracting or expanding radii. Unlike prior work that modifies the
scoring rule (Ren et al.l[2021) or fixes normalization to the unit sphere (Mueller & Hein, [2025), varying 3



Figure 1: Effect of radially scaled /5, normalization on feature geometry and Mahalanobis boundaries.
Visualization in 2D of the induced geometry and the resulting Mahalanobis decision regions. Gray arrows
indicate the radial mapping from the original to the transformed space. Larger /3 contracts feature norms and
tightens clusters, producing more localized decision regions; smaller 5 expands norms and broadens them.
Choosing /3 appropriately can reduce ID-OOD overlap and improve OOD detection.

provides a continuous way to reshape radial geometry without altering the detector form. Figure [T] illus-
trates how [ tightens or spreads decision regions by changing feature radii. Empirically, adjusting S induces
structured, model-specific changes in both geometry and OOD performance. Leveraging the same ID-only
geometry signals, we propose a practical procedure to select 3 without access to OOD samples, often im-
proving over fixed baselines such as 3 = 0 (standard features) and 5 = 1 (unit-sphere normalization).

Our main contributions are:

1. A broad benchmark of Mahalanobis-style OOD detectors across diverse SSL/foundation models,
including a per-dimension analysis of detector behavior.

2. An empirical link between Mahalanobis OOD performance and ID geometry, including an ID-only
summary that consistently predicts performance across detector variants.

3. A geometric control mechanism via [-scaled radial normalization, together with an ID-only
selection rule that approaches oracle tuning without requiring OOD access.

2 RELATED WORK

Mahalanobis distance is a strong post-hoc baseline for OOD detection in deep features (Lee et al.}2018), with
refinements such as RMD and feature-normalized variants (Mueller & Hein, 2025)). Recent
work emphasizes foundation-model representations and evaluation suites that expose brittle OOD behavior
(e.g., NINCO) (Bitterwolf et al.} 2023, [Xu et al., 2023} Ming & Li, [2024). Complementary analyses connect
feature geometry (separability, anisotropy, intrinsic dimensionality) to detectability (Ma et al., 2018} [Zhao|
let al} 2024} Xie et al.} [2023)). Our contribution is to explain Mahalanobis variability via ID geometry and to
use radial normalization as a controlled geometric deformation.

3 BACKGROUND: MAHALANOBIS OOD DETECTION

Let z = f(z) € R? denote the feature representation of an input 2. Given ID training features from K
classes, Mahalanobis-based detectors model each class by a Gaussian N (p, X) with a tied covariance X
(the LDA assumption), and optionally a marginal Gaussian N (119, 3) fitted to all ID features.



Mahalanobis variants. The class-conditional Mahalanobis distance (MD) and its confidence score are
MDy(2) = (2 — ) "2 (z = ),

Cup(z) = —mkinMDk(f(x))_ (D

Marginal Mahalanobis (MMD) uses the class-agnostic quadratic form MDg(z) = (2 — o) " 25" (2 — o)
as its score, and Relative Mahalanobis (RMD) (Ren et al., 2021) subtracts this marginal reference:

RMDk(Z) = MDk(Z) — NIDQ(Z)7
Crup (z) = —mkin RMDy(z2). 2

Eigenbasis view. Let X = UAU T have eigenvalues A\ > --- > Ay > 0 and eigenvectors {u; }. Define
the per-direction energy @;(z) = (v, (z — ux))%. Then

d
MDy(2) = 3 A7t ai(2). 3)
i=1

This form highlights how directions with smaller variance (smaller \;) receive larger inverse weighting and
motivates our later analysis of how representation geometry influences Mahalanobis-style OOD behavior.

4 COMPARATIVE STUDY OF FOUNDATION MODELS

4.1 CROSS-MODEL OOD DETECTION PERFORMANCE

We begin by characterizing how representation learning choices shape Mahalanobis-style OOD detection
across modern vision backbones. In particular, we ask how performance depends on architecture, pretraining
data, and fine-tuning regime, i.e., factors whose effects are not systematically documented. This motivates
a broad, model-agnostic comparison: Which modern self-supervised or pretrained vision models produce
representations that naturally lend themselves to Mahalanobis-style OOD detection?

Models and protocol. We evaluate a diverse o Mahalanobis Relative Mahalanobis ¢ EVAQZ
set of publicly available vision backbones span- e ® * +  EVAO2 In21k
. . . . v EVA02 In21k In1k
ning multiple transformer families, pretraining &, *° . ’ A
datasets, and fine-tuning regimes (full list in Ap- & | . x o * e ox e o TR
pendix [K). ImageNet-1K is the in-distribution ¢ VITin21K

A . 77.5 80.0 825 85.0 77.5 80.0 825 85.0 ®  ViTIn21K Inlk
(ID) dataset (train for fitting, val for ID test), Accuracy Accuracy

and we report FPR@Q95 for distinguishing Im-

ageNet validation (ID) from five standard OOD Figure 2: OOD detection performance across model
benchmarks; full fitting and dataset details follow families on the NINCO. RMD consistently outperforms
the OpenOOD protocol and are provided in Ap- the standard MD, especially for models pretrained but
pendix[J] not fine-tuned on ImageNet.

Results (Figure[2). RMD outperforms the standard Mahalanobis distance in most settings, with the largest
gains for models pretrained but not fine-tuned on ImageNet. In particular, RMD markedly improves OOD
detection for EVA02-In21k and ViT-In21k, sometimes matching or surpassing their ImageNet-fine-tuned
versions. This weakens the usual link between in-distribution accuracy and FPR and yields more consistent
score distributions across models. Moreover, accuracy is a poor proxy for OOD performance: even large
accuracy gaps (often > 10%) do not guarantee better detection. We see only a mild trend along the fine-
tuning sequence Inlk — In22k-Inlk — larger In22k-In1k models; full results are in Appendix [G.7]



4.2 WHERE DOES MAHALANOBIS DISCRIMINATION COME FROM?

Beyond aggregate FPR, Mahalanobis scores decompose over covariance eigen-directions (Eq. [3). Across
models, we find that strong direction-wise ID-OOD separation does not necessarily imply low FPR, and that
low-variance directions can dominate discrimination after inverse-variance weighting. These effects vary
substantially by representation and help explain cross-model instability. We provide the full per-direction
analysis, ablations, and additional plots in Appendix [E]

5 GEOMETRY OF REPRESENTATIONS

In the previous section, we showed that no single OOD method performs consistently across models. Differ-
ent architectures and pretraining regimes yield representations with distinct geometric properties, suggesting
that OOD performance is driven by the intrinsic structure of the representation space.

MD RMD MMD To understand these effects, we analyze the inter-
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Figure 3.3 Spez}rman correlations between rep- mensionality (Ma et al.| [2018), computed from the
resentation metrics and OOD performance across D features F, and (ii) spectral metrics computed

Mahalanobis Val‘iants. Different Mahalanobis detec- from the elgenspectra Of the global Covariance C
tors capture distinct geometric cues, leading to varied  and Fisher scatter matrices S, Sp.

correlation patterns (see Appendix |I| for Pearson). ) ) )
Figure [3] summarizes Spearman correlations across

detectors and models. As we can see, the RMD cor-
relates most strongly with within-class geometry (S,,), reflecting the importance of compact, well-structured
class clusters. MMD correlates primarily with global geometry (C' and S3), indicating dependence on the
overall manifold shape. Standard MD sits between these extremes, combining sensitivity to both cluster
structure and the global eigenspectrum. In Appendix [D| we provide a spectral analysis that offers insight
into how pretraining and fine-tuning shape these characteristics. Definitions are provided in Appendix[A]

5.2 IDEAL GEOMETRY: A COMPENSATORY TRADE-OFF

OOD detection depends not only on mean ID-OOD separation but also on how ID variability is organized.
Two geometric factors repeatedly appear across models: local degrees of freedom (how many directions are
explored in a neighborhood) and within-class concentration (how tightly class clusters concentrate around
their means). We quantify each factor with a single scalar. Local intrinsic dimensionality measures the
effective dimensionality of the feature manifold around a point z via the k-nearest-neighbor MLE (Ma et al.|
2018):

—1

k
LID4(2) = — iZlogZ((g 7




where 7;(z) is the distance to the j-th nearest neighbor; we report the dataset average m;, = E.[LID(z)]
with k=50 throughout (sensitivity in Appendix [B). The within-class spectral slope s is the least-squares
slope of the log-eigenvalue spectrum of the within-class scatter matrix .S,,; its magnitude |s| measures the
rate of spectral decay and thus the concentration of within-class variance along a few dominant directions.

Intuitively, my captures manifold richness while |s| reflects class compactness: if the local manifold is
simple (low my), reliable detection requires very concentrated clusters (high |s|); if the local manifold is
richer (high my), OOD samples can deviate along many directions, relaxing the compactness requirement.
This yields a compensatory trade-off between local dimension and within-class concentration. Empirically,
this trade-off is captured by the product my, - |s|. Figure i shows that my|s| strongly predicts Mahalanobis
OOD performance across models and variants.

FPR@95

«@®

Taken together, these results suggest that Mahalanobis Relative Mahalanobis  Marginal Mahalanobis

neither local dimensionality nor within- vo buoss o2 e Objective
class concentration alone is sufficient to ex- e ete LW
plain Mahalanobis OOD behavior. Instead, o tee o .
strong performance is associated with rep- o4 Ry e A Tt e per
resentations that jointly balance these two -010 006 -002-010  -006  -002-010  -006  -002
properties, for which my|s| provides a com-

pact summary. This suggests that if we Figure 4: A simple predictor of Mahalanobis OOD per-
can move a representation along the m;, x formance. The product my|s| (LID x within-class spectral-
|s| trade-off curve post-hoc, we may tune slope magnitude) correlates with Mahalanobis-based OOD
Mahalanobis behavior without changing the detection across variants.
backbone. In the following section, we
show how this summary can be traced and optimized by a simple post-hoc deformation of the feature space
and later provide a mechanistic explanation for why my|s| is predictive across Mahalanobis variants.

6 RADIAL SCALING AS A GEOMETRIC CONTROL KNOB

We introduce a post-hoc, one-parameter family of direction-preserving radial deformations that modifies
ID geometry without changing the backbone. This family generalizes /> normalization and provides a
continuous knob 3 — (m(3), s(8)) using ID data only.

6.1 WHY RADIAL NORMALIZATION?

Mahalanobis-style detectors are quadratic forms that depend on a shared covariance estimate. In practice,
feature norms can vary substantially across samples and models, and this radial variability can dominate the
covariance fit and inflate score overlap between ID and OOD. Prior work has shown that ¢, normalizing
features (projecting to the unit sphere) can stabilize Mahalanobis OOD detection by reducing norm-driven
variation and improving the fit of quadratic scores (Mueller & Hein,|2025). We choose a direction-preserving
radial family because it is the minimal intervention that changes norm-driven geometry while preserving
angular class structure.

6.2 RADIALLY SCALED MAHALANOBIS DISTANCE

Given a feature vector z € R? \ {0}, we define the radial map

z
$s(z) = 73, “
1217
where 5 € R controls radial contraction/expansion while preserving direction. The induced radius is
lps(2)|| = ||z||* 7. Thus, for B > 1, the map contracts norms greater than 1 and expands norms smaller



Table 1: OOD detection (FPR@95, |) averaged over five OpenOOD datasets. MD: 3=0; MD++: p=1.

RS-MD/RS-RMD: per-model /3 selected from ID data via P(8) = my(3)|s(8)| over a fixed grid. Light
green marks RS variants that beat both corresponding baselines; best (lowest) per column is bold.

Detector BEiTv2 ViT Vi ViT-L DeiT3 DeiT3 DeiT3-L EVA02 EVAO02 CLIP CLIP CLIP-L ‘ Avg
Inlk Inlk In2lk—Inlk In2l1k—Inlk  Inlk  In21k—Inlk In22k—Inlk Inlk In21k—Inlk  Inlk Inl2k—Inlk Inl2k—Inlk
MSP 522 56.5 53.7 44.8 55.0 56.7 58.1 532 53.0 552 49.0 45.0 527
MLS 50.7 50.4 40.7 29.8 59.2 64.3 65.9 553 589 65.3 51.9 43.6 53.0
KNN 42.6 50.0 47.7 343 475 37.0 359 40.6 423 41.1 325 30.1 40.1
VIM 39.3 53.0 36.1 25.0 472 37.5 39.7 439 37.1 41.7 30.0 28.0 382
RS-MD 372 455 35.8 253 432 355 334 37.2 39.5 37.6 26.4 26.7 353
MD++ 37.6 454 38.7 282 43.0 35.6 34.2 374 382 38.2 27.8 27.1 36.0
MD 40.2 45.7 357 253 433 37.6 36.6 37.6 40.8 40.2 33.5 29.7 37.2
RS-RMD 371 448 375 26.9 394 345 355 39.6 38.6 38.2 30.7 27.0 35.8
RMD++ 373 44.6 37.6 26.9 39.9 35.1 359 39.8 39.1 38.6 30.9 27.7 36.1
RMD 39.1 44.9 37.6 26.9 40.8 36.6 37.6 40.3 40.3 40.3 32.5 29.3 37.2

than 1 (pushing toward the unit sphere); 8 < 1 has the opposite tendency (pushing away from the unit
sphere); and 5 < 0 expands the norms (see Appendix [F] for more details). This family contains key special
cases: 8 = 0 recovers the original geometry, and 8 = 1 projects features onto the unit sphere. In practice,
most feature norms are > 1. Figure[I| provides a 2D schematic of the induced radial mapping and its effect
on the resulting quadratic boundaries.

Definition. We denote by RS-MD the Mahalanobis-distance detector applied to features after the transfor-
mation ¢ in Eq. El Thus, 5 = 0 recovers standard MD, and 5 = 1 corresponds to the ¢2-normalized variant
(MD++). We define RS-RMD analogously for the relative Mahalanobis variant evaluated on ¢g(z).

6.3 WHY 3 NEEDS TUNING
Applying ¢ changes (i) local neighborhood geometry and thus LID my(8), and (ii) within-class scatter

spectra, thus slope s(3). As a result, the 3 that best aligns features with the tied-Gaussian assumptions of
Mabhalanobis scoring is model- and dataset-dependent. We summarize the distribution of oracle 3 values in

Figure[8]in Appendix [F-4]
6.4 ID-ONLY SELECTION OF (3 VIA A GEOMETRIC PROXY

For each model and each § on a grid B C [—2,2], we

/ﬁ

& & o

2 2 8

2 5 8
S
>
3

compute two ID-only quantities on held-out ImageNet %52’ 5 5
training features: LID my(/3) (via a kNN estimator) and ‘@j: N\ % 009 g
the within-class spectral slope s(3) from the eigenspec- &, W oo
trum of .S, () in ¢z-space. We combine them into -
P(B) £ mx(B) |s(B)], (5 A
g o 0090
and select § from the proxy curve using an interior 5@338* \ I""“S 0.095
turning-point rule (Appendix [F4). £ SYIN- 000 8
30 Xl 010 0.09
Selecting 3 from the proxy curve Across models, R T

P(B) = my(B)|s(B)| typically has an interior turn-

ing point (often inverted-U; occasionally U-shaped, e.g., Figure 5: Proxy feature-FPR trade-off across
ViTs). Since boundary optima can be artifacts of the fi- 3 on NINCO (MD). Blue: FPR@95 vs. 3 (left
nite search range, we select the most pronounced inte- axis). Red: proxy P(8) = m(8)|s(8)] (right
rior turning point: the interior grid value farthest from axis). Star: proxy-selected (3; black x: oracle 3
the endpoint baseline Peng = (P(Bmin) + P(Bmax))/2 minimizing FPRQ95.



(Appendix [F4). This recovers the interior maximum for inverted-U curves and the interior minimum for
U-shaped curves; if no clear interior turning point appears on the grid, we use the fallback described in
Appendix In Section we connect these regimes to the instability functionals Z(3) and Z(3). Note
that Section reports an across-model correlation at 5 = 0, which need not determine the within-model
optimum along 3.

OOD performance summary Table[T|reports FPR@95 across backbones and OOD datasets. The proxy-
selected B consistently improves OOD detection relative to fixed choices (e.g., 5 = 0 for standard MD and
B = 1 for MD++), for both MD and RMD. Although the proxy does not always match the empirically
optimal S, it captures enough ID geometric structure to yield meaningful gains in detection performance.
Figure [9] further quantifies selection quality for standard MD by plotting the absolute error to the oracle
choice 3, i.e., [FPR(j3) — FPR(f)|, across OOD benchmarks and the same set of models as in Table The
proxy achieves lower error than the 8 = 0 and 5 = 1 baselines across datasets, with strong improvements
on NINCO, whose samples were verified to be free of ID contamination. The proxy also reduces worst-case
behavior, as reflected by a lower upper tail (fewer/lower outliers) in the error distribution. Full results and
comparisons against baseline OOD detectors are provided in Appendix

7 UNIFIED STABILITY THEORY FOR MAHALANOBIS VARIANTS

The previous sections establish two empirical facts: (i) Mahalanobis-style OOD detection varies widely
across representations, and (i) the ID-only geometry summary my(53) |s(3)| tracks performance across
models and along [ trajectories. Why should two scalar statistics predict the behavior of a high-dimensional
quadratic detector?

The key insight is that any single-quadratic Mahalanobis score decomposes exactly into a size factor (how
large is the residual) and a stretch factor (how does whitening redistribute that residual across eigendi-
rections). The size channel is governed by intrinsic dimensionality (myg); the stretch channel by spectral
heterogeneity (|s|). In practice the cross-term Ay is structurally negative: large residual norms tend to
concentrate along principal eigendirections, which carry the smallest whitening weights 1/);, so high ||§/|?
is geometrically associated with low Wj. Within a single model, |s| is a near-sufficient statistic for the
B-trajectory of Z(3); my’s primary contribution is cross-model normalisation, anchoring the proxy scale
across architectures and training objectives. We now formalize each of these claims.

7.1 SCORE FACTORIZATION AND INSTABILITY DECOMPOSITION

Let 65(2) € R? denote the detector-specific centered deviation in ¢-space (e.g., class-conditional for MD,
global for MMD), and let £(8) > 0 be the tied ID scatter used by the detector For any single-quadratic

score
Sp(z) = d5(2) 'B(8)'dp(2), 6)
define the whitened stretch factor

d5(2) "E(8) " os(2)

Ws(z) = 7 (7)
’ 135 ()1
which is well-defined whenever [|d3(2)|| > OE] The score then admits the exact factorization
Sp(2) = 105(2)|I> Ws(2), ®)

"nvertibility is ensured in practice via standard regularization.
2Exact zeros occur with negligible frequency in practice and are dropped.



equivalently log S3(2) = log||d5(2)||> + log Ws(2), separating score variability into a size channel (||5]?)
and a stretch channel (W, alignment with (/3)~1). For RMD the factorization applies term-wise; details
are in Appendix [G.5]

Taking the variance of log S over ID data yields the instability functional

I(ﬁ) £ Va‘rZNDID[IOg Sﬁ(z)} ) 9
which, via Eq.[8] decomposes exactly as
Z(B) = As(B) + Aw (B) + 24 (B), (10)

where A5 = Var[log ||65]/?] (size), Aw = Var[log W] (stretch), and A, = Cov(log ||d5]|%,log W) (cross
term); full definitions appear in Appendix [G.1]

Empirically, Ay is predominantly negative (median log-correlation ~ —0.528). This sign is geometrically
expected: large-norm residuals tend to concentrate along principal eigendirections, which carry the smallest
whitening weights and hence the smallest contribution to Wj. Ayy is driven by the spectral heterogeneity
of X(): steep eigenvalue decay makes the whitening weights {1/\;} heterogeneous and Wjz(z) sensitive
to which eigenmodes residuals occupy (eigendecomposition identity in Appendix [G.2). As is driven by
intrinsic dimensionality: larger mj implies more diffuse feature support and greater dispersion of residual
norms (Appendix [G.2]derives this and reports isolating interventions). These identifications link the geome-
try statistics of Sectionto Mahalanobis score variability. Within a single model, |s| tracks both Ay, and
Aj along the -trajectory; my, contributes primarily through cross-model normalisation (see Appendix[G.4).

7.2 FROM INSTABILITY CHANNELS TO A GEOMETRY PROXY

The decomposition in Eq. [10| motivates pairing one ID-only statistic per channel: |s(/3)| (log-eigenvalue
slope of 3(/3), indexing Ay ) and my(5) (kNN intrinsic dimension, indexing A;s). Within each model, a
two-term fit approximates Z(/3) with high fidelity:

Z(8) = a logmy(B) + b|s(8)]. (1)

For a coefficient-free rule we use the product proxy

P(B) =mi(B) |s(B)],

a design choice (not a derivation from Eq. [I0) motivated by the gating structure: the proxy should vanish
when |s| ~ 0, which a product enforces but a sum does not (ablation in Table ). Within a single model |s]
is a near-sufficient statistic for the S-trajectory of Z(/3), but it cannot distinguish architectures with different
intrinsic-dimensionality scales. The product my-|s| combines |s|’s within-model tracking power with my,’s
cross-model normalisation: |s| gates how much whitening geometry matters (when |s| ~ 0 whitening is
nearly isotropic), while my, anchors the scale across models. Note that Z(/3) is an ID-side surrogate that
does not directly determine FPR; we discuss this link and its empirical results in Appendix [G.4]

8 CONCLUSION

We studied Mahalanobis-style OOD detection across a range of vision foundation-model backbones, OOD
benchmarks, and feature normalizations, and found that performance depends strongly on the representation.
Across models and detector variants, two ID geometry signals, local intrinsic dimensionality and the within-
class spectral slope, track this variation. We also introduced radially scaled ¢ normalization, which adjusts
feature radii while keeping directions fixed, and an ID-only rule for choosing 8. This selection improves
over fixed normalizations in most settings and can approach oracle-tuned performance without using OOD
samples.



IMPACT STATEMENT

This paper studies how representation geometry and feature normalization affect Mahalanobis-style OOD
detection, with the goal of improving the reliability of deployed vision models. The primary positive im-
pact is practical: our findings provide diagnostics and simple post-hoc normalization procedures that can
reduce false positives and improve robustness monitoring in safety-relevant settings (e.g., medical imaging,
autonomous systems, industrial inspection). Potential risks include misuse for overconfidence: improved
OOD detection may be treated as a guarantee of safety, despite the fact that OOD detection remains imper-
fect and depends on data, model, and deployment conditions. In addition, geometry-based tuning could be
adapted to evade certain detectors if an adversary can influence feature distributions. We therefore empha-
size that our methods should be used as one component of a broader reliability pipeline (e.g., calibration,
auditing, and monitoring), and that deployment decisions should not rely on OOD scores alone.

REFERENCES

Julian Bitterwolf, Maximilian Miiller, and Matthias Hein. In or out? Fixing ImageNet out-of-distribution
detection evaluation, June 2023. URL http://arxiv.org/abs/2306.00826. arXiv:2306.00826
[cs].

Mircea Cimpoi, Subhransu Maji, Iasonas Kokkinos, Sammy Mohamed, and Andrea Vedaldi. Describing
textures in the wild. In Proceedings of the IEEE conference on computer vision and pattern recognition
(CVPR), June 2014.

Ivan Krasin, Tom Duerig, Neil Alldrin, Vittorio Ferrari, Sami Abu-El-Haija, Alina Kuznetsova, Hassan Rom,
Jasper Uijlings, Stefan Popov, Shahab Kamali, Matteo Malloci, Jordi Pont-Tuset, Andreas Veit, Serge
Belongie, Victor Gomes, Abhinav Gupta, Chen Sun, Gal Chechik, David Cai, Zheyun Feng, Dhyanesh
Narayanan, and Kevin Murphy. Openlmages: A public dataset for large-scale multi-label and multi-class

image classification. Dataset available from https://storage.googleapis.com/openimages/web/index.html,
2017.

Kimin Lee, Kibok Lee, Honglak Lee, and Jinwoo Shin. A Simple Unified Framework for Detecting Out-
of-Distribution Samples and Adversarial Attacks, October 2018. URL http://arxiv.org/abs/
1807.03888. arXiv:1807.03888 [stat].

Xingjun Ma, Bo Li, Yisen Wang, Sarah M. Erfani, Sudanthi Wijewickrema, Grant Schoenebeck, Dawn
Song, Michael E. Houle, and James Bailey. Characterizing adversarial subspaces using local intrinsic
dimensionality, March 2018. URL http://arxiv.org/abs/1801.02613. arXiv:1801.02613
[cs].

Yifei Ming and Yixuan Li. How does fine-tuning impact out-of-distribution detection for vision-
language models? International Journal of Computer Vision, 132(2):596-609, February 2024.
ISSN 1573-1405.  doi: 10.1007/s11263-023-01895-7. URL https://doi.org/10.1007/
5s11263-023-01895-7.

Maximilian Mueller and Matthias Hein. How to train your ViT for OOD detection, May 2024. URL
http://arxiv.org/abs/2405.17447. arXiv:2405.17447 [cs].

Maximilian Mueller and Matthias Hein. Mahalanobis++: improving OOD detection via feature normaliza-
tion, May 2025. URL http://arxiv.org/abs/2505.18032. arXiv:2505.18032 [cs].

Jie Ren, Stanislav Fort, Jeremiah Liu, Abhijit Guha Roy, Shreyas Padhy, and Balaji Lakshminarayanan.
A simple fix to mahalanobis distance for improving near-OOD detection, June 2021. URL http://
arxiv.org/abs/2106.09022. arXiv:2106.09022 [cs].


http://arxiv.org/abs/2306.00826
http://arxiv.org/abs/1807.03888
http://arxiv.org/abs/1807.03888
http://arxiv.org/abs/1801.02613
https://doi.org/10.1007/s11263-023-01895-7
https://doi.org/10.1007/s11263-023-01895-7
http://arxiv.org/abs/2405.17447
http://arxiv.org/abs/2505.18032
http://arxiv.org/abs/2106.09022
http://arxiv.org/abs/2106.09022

Grant Van Horn, Oisin Mac Aodha, Yang Song, Yin Cui, Chen Sun, Alex Shepard, Hartwig Adam, Pietro
Perona, and Serge Belongie. The inaturalist species classification and detection dataset. In Proceedings
of the IEEE conference on computer vision and pattern recognition (CVPR), 2018.

Ross Wightman.  PyTorch image models, 2019. URL https://github.com/rwightman/
pytorch—-image-models.

Thomas Wolf, Lysandre Debut, Victor Sanh, Julien Chaumond, Clement Delangue, Anthony Moi, Pier-
ric Cistac, Tim Rault, Rémi Louf, Morgan Funtowicz, Joe Davison, Sam Shleifer, Patrick von Platen,
Clara Ma, Yacine Jernite, Julien Plu, Canwen Xu, Teven Le Scao, Sylvain Gugger, Mariama Drame,
Quentin Lhoest, and Alexander M. Rush. Transformers: State-of-the-art natural language processing.
In Proceedings of the 2020 conference on empirical methods in natural language processing: System
demonstrations, pp. 38—45, Online, October 2020. Association for Computational Linguistics. URL
https://www.aclweb.org/anthology/2020.emnlp—-demos. 6k

Renchunzi Xie, Hongxin Wei, Lei Feng, Yuzhou Cao, and Bo An. On the importance of feature separability
in predicting out-of-distribution error. In Thirty-seventh conference on neural information processing
systems, 2023. URL https://openreview.net/forum?id=A86JTX11Hal

Kai Xu, Rongyu Chen, Gianni Franchi, and Angela Yao. Scaling for Training Time and Post-hoc Out-of-
distribution Detection Enhancement. In The Twelfth International Conference on Learning Representa-
tions, October 2023. URL https://openreview.net/forum?id=RDSTjtngCgl

Jingkang Yang, Pengyun Wang, Dejian Zou, Zitang Zhou, Kunyuan Ding, Wenxuan Peng, Haoqi Wang,
Guangyao Chen, Bo Li, Yiyou Sun, Xuefeng Du, Kaiyang Zhou, Wayne Zhang, Dan Hendrycks, Yixuan
Li, and Ziwei Liu. OpenOOD: benchmarking generalized out-of-distribution detection. In Proceedings of
the 36th international conference on neural information processing systems, Nips *22, New Orleans, LA,
USA, 2022. Curran Associates Inc. ISBN 978-1-7138-7108-8. Number of pages: 14 tex.address: Red
Hook, NY, USA tex.articleno: 2362.

Qinyu Zhao, Ming Xu, Kartik Gupta, Akshay Asthana, Liang Zheng, and Stephen Gould. Towards optimal
feature-shaping methods for out-of-distribution detection, February 2024. URL http://arxiv.org/
abs/2402.00865. arXiv:2402.00865 [cs].

10


https://github.com/rwightman/pytorch-image-models
https://github.com/rwightman/pytorch-image-models
https://www.aclweb.org/anthology/2020.emnlp-demos.6
https://openreview.net/forum?id=A86JTXllHa
https://openreview.net/forum?id=RDSTjtnqCg
http://arxiv.org/abs/2402.00865
http://arxiv.org/abs/2402.00865

A DETAILED DESCRIPTION OF SPECTRAL AND MANIFOLD METRICS

All spectral metrics are computed from the ordered eigenvalues \; > --- > Ay of a chosen matrix
M € {C,Sw, Sy} (see Appendix [C| for definitions). When needed, we use the normalized spectrum

d

Intrinsic dimensionality (ID). A global estimate of manifold dimension using the maximum-likelihood
estimator of (Ma et al.| 2018).

Local intrinsic dimensionality (LID). For a feature vector z, let r;(z) denote the distance to its j-th
nearest neighbor in feature space. The NN LID estimator is

—1

LIDy(z) = — |+ g 112)
k(z) = kZIOg . (12)

ri(2)

j=1

We report the dataset mean for k& € {10, 25, 50, 100}.

Total variance (trace).

d
Te(M) = ZA (13)
i=1
Effective rank (trace-to-top ratio). We use the ratio
d
T\
rer 2 —22;11 : (14)
Participation ratio (PR).
2
A (Zf:l Ai)
Zi:l )\’L
Condition number. \
A Al
k= —, (16)
Ad

where )\, is the smallest (non-zero) eigenvalue (or the smallest eigenvalue after numerical regularization,
when applicable).

Spectral gap (head).
Gap £ A\ — e, a7

where )\; are eigenvalues in descending order, so the metric measures the separation between the leading
eigenvalue and the boundary of the top-5 eigenspace.

Spectral entropy.
Ai
Z 7 /\j .

d
H 2 - pilogpi, pi= (18)
i=1
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Average log decay rate (top-20).
19

1
To Z(log A — log /\i+1)- (19)
i=1

Log-spectrum slope (full-range). We fit a least-squares line to the log-spectrum
log\; = a+bi, 20)

and report the fitted slope b (in the main paper, we often use |s| for the magnitude of this slope when s < 0).
Power-law exponent. We fit \; oc i~” by regressing log \; on log i and report the exponent /3.

Dimension for 90% explained variance.

k
ko9 £ min k:@zo.g ) 1)
S A

d .
=177

These definitions match the metrics used in Section[5.2]and enable exact reproducibility.

B LID ESTIMATION AND ROBUSTNESS TO THE CHOICE OF k

We estimate local intrinsic dimensionality (LID) using the KNN maximum-likelihood estimator of (Ma et al.|
2018)). For a feature vector z, let r;(z) denote the Euclidean distance to its j-th nearest neighbor among
ID features (computed in the same feature space as the corresponding experiment, e.g., in ¢g-space when
sweeping (). The per-sample estimator is defined in Equation We report the dataset-average LID as
mi £ & Zi\il LIDg(2;) on an ID evaluation split (held out from the statistics used to fit Mahalanobis
covariances when applicable). Unless stated otherwise, we fix k = 50 across all experiments for consistency

and denote the resulting estimate by m = msy.

Stability of the product m|s|. Our main-paper summary uses the product /m/|s|, where |s| is the magnitude
of the within-class log-spectrum slope of Sy, (Section[5.2). Table [5]in Appendix [G.4]reports that the proxy
tracking behavior remains similar for & € {10, 25, 50, 100}, indicating that m/|s| is not sensitive to moderate
changes in k within the local neighborhood regime used in our experiments.

C COMPUTATION AND INTUITION FOR COVARIANCE AND SCATTER MATRICES

Our spectral analyzes are based on three symmetric positive semidefinite matrices computed from in-
distribution (ID) feature embeddings. Let z; € R? be the feature of sample z; with label y; € {1,..., K},

and let N be the number of ID samples. Define the global mean p £ 4 SNz, class means g, 2
nik > sk Zis and class counts ny. All eigenvalues are reported in descending order, Ay > --- > Ay4.

Global covariance (C). We measure the overall spread of ID features with

N
A 1
c £ N;(zi—mw—u)? (22)

Large eigenvalues of C correspond to directions of high variance across the entire ID dataset.
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Within-class scatter (S,,). To measure intra-class variability we use the tied within-class scatter

K
1
a o o T
Sw = N Z Z (20 — p) (2 — pe) - (23)
k=1 w:y;=k
When the Mahalanobis detector is implemented with a shared (tied) covariance across classes, its covari-

ance estimate coincides with S,,. In particular, the standard class-conditional MD score can be written as
MDy,(2) = (2 — px) " St (2 — px), matching Eq.in the main text.

Between-class scatter (S;). To quantify how class means spread around the global mean, we use

K
1
S 2+ ;”k (ke — ) (e — 1) T (24)
Large eigenvalues of S}, indicate directions along which class centroids are well separated.

Spectral Shift Metric. To study how representations change under distributional shifts, for each matrix
M € {C,S,, Sy} we compute its eigenvalues { \'¥"} on the training set and {\¢"*!} on a validation or OOD
set. The relative eigenvalue shift is defined as

eval train
— )‘i — )‘i

train
)‘i

Ai(M) (25)

This spectrum of shifts highlights how the geometry of the representation changes under distributional shift,
providing a fine-grained indicator of robustness or overfitting.

Intuition Behind the Shift Metric.

¢ Zero shift (A; ~ 0): The corresponding direction in feature space is stable across data splits.

* Positive shift (A; > 0): The representation spreads out along this eigenvector in the new data,
increasing variance.

* Negative shift (A; < 0): The representation compresses along this eigenvector, reducing variance.

* Magnitude: Reflects the relative degree of expansion or contraction. For example, A; = 0.5
indicates a 50% increase in variance, while A; = —0.2 indicates a 20% decrease.

Interpretation in Model Analysis.

¢ Small shifts across all eigenvectors: Robust and stable representations that generalize well.

» Large positive shifts: Features become more variable on new data, potentially indicating under-
regularization or sensitivity to OOD inputs.

» Large negative shifts: Features compress on new data, potentially indicating overfitting.

» Consistent shift patterns: Systematic changes in representation geometry, revealing overfitting or
robustness issues.

Types of Shifts.

* Validation covariance shift: Change in global covariance from training to validation data.

* OOD covariance shift: Change in global covariance from training to out-of-distribution data.

* Validation within-class shift: Change in within-class scatter from training to validation data.

* Validation between-class shift: Change in between-class scatter from training to validation data.
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D SPECTRAL ANALYSIS OF TRAINING EFFECTS

To understand how the intrinsic geometry of representations affects OOD performance, we begin by exam-
ining the spectral properties of three key matrices: the feature covariance C, the within-class scatter S, and
the between-class scatter S,. These matrices capture complementary aspects of the feature space: C reflects
overall variance, .S,, measures intra-class dispersion, and .S, quantifies inter-class separation (more details in
Appendix [C). Our first analysis focuses on the eigenvalue spectra of these matrices. The magnitude and de-
cay of eigenvalues reveal how variance is distributed across dimensions, providing insight into the richness
and anisotropy of the feature space. For instance, a steep decay in .S, eigenvalues indicates that intra-class
variability is concentrated along a few directions, resulting in tight clusters, whereas a slower decay sug-
gests more diffuse intra-class variation. Similarly, large eigenvalues in S, correspond to well-separated class
means, signaling strong discriminability.
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Figure 6: Spectral ratios across models. Higher ratios indicate richer within-class variation and more ex-
pressive feature spaces. Fine-tuning tends to increase S, while preserving S.,.

Spectral ratios To systematically compare models, we compute ratios between the eigenvalues of Sy, S,
and C'. These ratios serve as compact summaries of representation geometry. Higher Sy/.S,, ratios indicate
representations with greater between-class separation relative to intra-class spread, which generally favors
OOD detection, while lower ratios may signal overlapping clusters or limited discriminative power. A higher
C ratio indicates that variance is distributed along multiple directions, reflecting a richer and more expressive
representation that can better accommodate novel OOD inputs without major distortion. As illustrated in
Figure[6] models pretrained on large, diverse datasets (e.g., In21k) exhibit larger C' and S,,, ratios, capturing
richer intra-class variations and producing more expressive feature spaces. Fine-tuning tends to increase S,
ratios while preserving S, enhancing class separability without sacrificing cluster compactness. Models
trained on smaller datasets exhibit smaller ratios, reflecting less expressive representations with weaker
discriminability.

Eigenvalue shifts Beyond static spectra, we are interested in how stable the representation geometry is un-
der distributional shifts. To capture this, we define a spectral shift metric, which measures the relative change
in eigenvalues from the training set to validation or OOD data (see Appendix[C). A small shift indicates that
the representation preserves its structure across data splits, signaling robustness. Large positive shifts reveal
that features are spreading along new directions, while large negative shifts indicate compression. Figure|[6]
shows that OOD samples induce larger spectral shifts in models trained on small datasets, reflecting lower
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Figure 7: Dimension-wise OOD behavior for Mahalanobis variants. The top row shows dimension-
wise OOD separation .S;, and the bottom row reports FPR under progressive dimension ablation. Strong
embedding-space separation does not necessarily translate to better OOD detection.

generalization and brittle feature structures. Large-scale pretrained models show smaller shifts, indicating
more stable, robust representations under distributional change. Fine-tuning generally maintains small shifts
while increasing .S, improving class separation without compromising intra-class compactness.

E MAHALANOBIS VARIANTS AND PER-DIMENSION ANALYSIS

Having established cross-model trends, we next ask: which parts of the representation space drive OOD
discrimination? Beyond aggregate scores, inspecting individual eigen-directions helps explain why some
models detect OOD reliably while others do not. We therefore analyze MD, MMD, and RMD at the level of
their per-direction contributions.

Per-direction separation. Using the decomposition in Eq.[3] we define the OOD separation in the eigen-
direction ¢ as the difference between its mean contribution to OOD and ID:

Si = )‘i_l(EINDOOD [(NJ,Z((E)] - EENDID [le(l')]) ) (26)

where the projection term @, () utilizes the selected class k& € arg min. MD,, (or arg min. RMD,. for RMD;
see Eq. [Tland[2). S; measures the difference between average ID and OOD Mahalanobis energy along eigen-
direction ¢. Positive S; indicates that OOD samples contribute more inverse-variance weighted energy than
ID samples along u;. We order eigenvalues as A\; > --- > Ay, so larger ¢ corresponds to smaller-variance
directions.

Ablation protocol. Figure[7| (bottom) reports an ablation study where we recompute the FPR using only
the first K eigen-directions (forward ablation) or only the last K directions (backward ablation). This iso-
lates whether discrimination arises from high-variance structure (small ) or from low-variance components
that receive strong inverse-variance weighting (large 7).

Results. Figure[7]reveals three recurring behaviors across models. (i) Large per-direction separation does
not necessarily yield low FPR: for example, BEiITV2 FT Inlk exhibits stronger separation across many
directions yet performs on par with (or worse than) BEiTV2 FT In21k. (ii) The effective number of eigen-
directions needed for strong detection varies substantially: some models saturate quickly with small K,
while others require most of the spectrum to approach their best FPR. (iii) Backward ablation shows that
low-variance directions can dominate discrimination in some settings; e.g., ViT In21k attains its best FPR
primarily from the latter part of the spectrum, suggesting that small-variance components can carry dis-
proportionate OOD signal after inverse-variance weighting. These observations motivate our later stability
analysis: performance is governed not only by mean ID-OOD separation but also by how quadratic weight-
ing interacts with the representation spectrum and the allocation of sample energy across eigen-directions.
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F  GEOMETRY INDUCED BY RADIALLY SCALED {5 NORMALIZATION AND [
SELECTION

This appendix provides geometric intuition for the radially scaled ¢ map ¢g (Sec. and specifies the
ID-only 3 selection rule used throughout the paper (Sec.[6.4). Our goal is modest: (i) show that 5 continu-
ously reweights radial versus angular variations, explaining why both LID m () and within-class spectral

summaries s(3) vary smoothly with 3; and (i) formalize how we choose /3 from the proxy curve P(f3)
without committing a priori to “minimize” or “maximize.”

F.1 SETUP AND INDUCED METRIC

Let z € R%\ {0} be a feature vector with Euclidean metric gg,.. Consider the radial map

Pp(2) = HzZHﬁ’ BER, 27)

which preserves direction but rescales radius. Writing z = ru with 7 = ||z and u € S9!, the Euclidean
metric decomposes as
gine = dr® +717gga1. (28)
Under ¢, the radius becomes R = r'~F and dR = (1 — ) r~dr. The pullback metric g5 = ¢5gmuc
therefore satisfies
g5 = (1=B)2r 2 dr? + r20-Fgga s, (29)

Eq. 29| makes explicit that 8 changes the relative weighting of radial and angular variations. This is the
geometric reason that empirical quantities computed after ¢ (e.g., covariance spectra and neighborhood
distances used for LID) vary smoothly with /.

F.2 HOW THIS INTERACTS WITH MAHALANOBIS-STYLE SCORING

In the main paper we apply ¢ to features and then fit the (tied) Gaussian statistics used by Mahalanobis
variants. Equivalently, ¢ changes the distribution of deviations d(z) before inserting them into a quadratic
score Sp(2) = 65(2) "S(B)7195(2). Thus, 3 does not define a new detector; it defines a one-parameter
family of geometrically deformed representations. Through Eq. this deformation changes: (i) neighbor-
hood structure (hence my(3)), (ii) scatter spectra (hence s(3)), and (iii) how quadratic weighting amplifies
directional deviations.

F.3 INTERPRETING 3
Eq.[29]yields a compact interpretation of typical regimes:

* 3 = 0 (identity). ¢ is the identity and g3 = gruc.
* 0 < 8 < 1 (moderate contraction). Radii shrink as r'~# while angular structure is retained.

* 3 = 1 (spherical projection). Radii become constant (R = 1): radial variability is removed and only
angles remain.

e 8 > 1 (strong contraction). Large radii are aggressively compressed; this can suppress variability but
may also collapse useful structure.

* 8 < 0 (expansion). Radii are amplified; norm differences become more prominent, which can increase
sensitivity to radial outliers.
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Figure 8: Empirically optimal 3 varies across OOD settings. The wide spread highlights substantial
model- and dataset-specific variation, indicating that (3 typically requires tuning per setting.

F.4 /3 SELECTION FROM THE PROXY CURVE

For each model we evaluate the proxy

P(B) = mx(B) |s(8)] (30)

on a discrete grid B = {1 < -+ < Sr}. Empirically, P(3) is usually inverted-U shaped (so maximizing
P is the typical behavior), but some representations can produce U-shaped curves (where minimizing P
is appropriate). Rather than hard-coding “maximize” versus “minimize,” we select the most pronounced
interior turning point.

Interior turning point rule. Let P, = P(3;). We first define a simple endpoint reference level

P+ P
p, & At
2
Among interior grid points ¢t € {2,...,T — 1}, we choose the one farthest from this endpoint level:
tcarg max |Pt - Pend|, B = Bs. 31
te{2,...,T—1}

This rule returns the interior maximum when the curve is inverted-U, and the interior minimum when the
curve is U-shaped, while discouraging endpoint-driven choices.

Nearly monotone curves. If the proxy has no clear interior turning point on the finite grid (i.e., the largest
interior deviation is very small), we fall back to the default behavior and set

Be arg max P(5).

In our experiments, this situation is rare and typically occurs when the true extremum lies outside the evalu-
ated range.

Connection to the main text. The selection rule is intentionally agnostic to whether P(3) should be

maximized or minimized. In Sec.[7.2] we further explain why both U-shaped and inverted-U regimes occur
by relating the proxy curve to the instability functionals Z(/3) and its low-dimensional approximation Z([3).
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F.5 PROXY SELECTION QUALITY VS. ORACLE 3*

To quantify how well the ID-only proxy recovers the best-performing radial exponent, we compare the
proxy-selected value 3 to the oracle choice * € argmingeg FPR@95(5) computed using OOD labels.

For each OOD benchmark, we report the absolute gap in detection performance, |FPR(3) — FPR(8*)|, and
compare against the fixed normalization baselines 5 = 0 (no normalization) and S = 1 (¢2 normalization).
As shown in Figure[9] proxy selection consistently reduces the oracle gap across datasets and also improves
worst-case behavior, indicating that ID geometry carries sufficient signal to guide 5 tuning without access
to OOD samples.
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Figure 9: Absolute FPR error relative to the oracle 3* (standard MD). Boxplots show [FPR(3) —

FPR(8*)| across OOD benchmarks. The proxy-selected B consistently achieves lower error than the fixed
baselines §=0 and =1 on every dataset.

G UNIFIED STABILITY THEORY: DEFINITIONS, MECHANISM, AND EMPIRICAL
EVIDENCE

This appendix formalizes the Unified Stability Theory (UST) used in the main text, derives the stretch
mechanism, and summarizes supporting empirical evidence. We provide (i) full channel definitions for
Eq.[I0] (ii) numerical verification of the factorization identity, (iii) intervention experiments isolating the
spectrum and allocation effects predicted by Eq.[37] and (iv) proxy ablations and mechanistic evidence for
both channels. Unless stated otherwise, all quantities are computed on last-layer features using ID data only.

G.1 QUADRATIC SCORES AND THE INSTABILITY FUNCTIONAL

Each Mahalanobis-style detector specifies a centred deviation d3(z) for feature vector z, and a tied scatter
estimate Y(/3) computed from ID data. We assume Y(3) > 0 for all 3 under consideration, ensuring 3(/3) ~*
exists, and ||d5(2)|| > 0 almost surely under Djp.

The corresponding quadratic score is

Sp(2) = 05(2) 'B(8)'dp(2). (32)
We quantify ID-side score variability using
Z(B) £ Var,.p[logSs(z)]. (33)
Factorization and channel decomposition. For d5(z) # 0, define the stretch factor
d5(2) "B(8) ' dp(2)
Wa(z) = , (34)
’ 16512
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Table 2: Numerical residual for the factorization Sg(z) = ||05(2)||*W;s(2) over all evaluated configurations.

Statistic maxrel. err meanrel. err  #configs
All 7.06e-07 4.56e-08 462

so that Sg(2) = [65(2)[|?°Ws(2) and log Sp(z) = log [|05(2)||* + log Wp(2). Taking the variance over ID
samples gives the exact decomposition

Z(B) = As(B) + Aw (B) + 24 (B), 35)

where
A5(B) £ Var.[log [|65(2)|1%],
Aw (B) £ Var.[log Ws(z)],

Ay (B) = Covz(log H(S/g(z)HQ, log Wﬁ(z))
In the main text we refer to As as the size channel and Ay as the stretch channel.

Numerical verification. For each of the 462 (model, 5) configurations we compute .Sz both directly and
via the factored form on 5,000 subsampled ImageNet validation points.

Table 2] confirms the identity holds to floating-point precision across all configurations.

Empirical channel behaviour. Both As(8) and Ay () vary substantially across 8 and models (Fig-
ure . The cross-term A is negative in 98.3% of (model, ) pairs (median log-correlation —0.528).
This sign is geometrically expected: large-norm residuals (||0]|? large) tend to concentrate along the prin-
cipal eigen-directions of (), which carry the largest eigenvalues \; and hence the smallest whitening
weights 1/);, giving a small Ws(z). The structural covariance Cov(log ||§||%,log W) ~ —0.528 therefore
reflects the whitening operator correctly downweighting well-explained, high-norm residuals. Its practical
consequence is that Z(3) can remain nearly flat along the /3 trajectory even as OOD performance changes
substantially, making 7 a less reliable per-model proxy than the individual channels.

G.2 STRETCH MECHANISM: SPECTRAL HETEROGENEITY AND ALLOCATION GEOMETRY

Write the eigendecomposition ¥(3) = U(B)A(B)U(B) " with A\{(B) > --- > Xg(B) > 0. Define the
allocation of a deviation dg(z) onto eigen-directions by

N ’ T(ﬂ)‘ 2 d
pi(z;B8) = W, > pi(z8) =1. (36)
i=1
Substituting into Eq.[34] gives
d
_ pi(2; B)
Ws(2) = ; YOR 37

This identity shows that the stretch factor is jointly controlled by the heterogeneity of whitening weights
{1/Xi(5)} and the sample-dependent allocation p(z; 3). Variability in W (and hence Ayy) can therefore be
reduced either by flattening the eigenvalue spectrum or by making allocations more uniform across samples.

G.3 INTERVENTION EXPERIMENTS

The following experiments target the mechanisms identified in Eq.[37)individually.
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Figure 10: Distribution of As, Ay, A, and p(log||6]|?,1og W) across all 462 (model, 3) configurations.
The cross-term is predominantly negative, consistent with partial cancellation between the size and stretch
channels.

Figure 11: Paired (AAs, AAy ) under a fixed random rotation for each (model, 3) configuration. AA; con-
centrates near zero while A Ayy varies substantially, isolating the allocation-geometry factor of the stretch
channel.

Rotation: allocation geometry with norms preserved. Applying a random orthogonal map @ € O(d)
to the centred residuals, dg(z) — Qdg (=), preserves ||d5(z)|| but redistributes the projections onto eigen-
directions, directly perturbing the allocation p(z). We draw one fixed rotation per model (same across /3)
and record AAs and AAy,. Across all 462 configurations the mean ratio [AAy|/|AAs| = 1.28 x 105,
confirming that Ay, encodes alignment with the covariance eigenbasis while A; is unaffected (Figure [TT).

Allocation smoothing: controlled collapse of Ay;;.  We interpolate allocations as p( (z) = (1—n)p(z)+
np, n € [0,1], where p is the ID-mean allocation vector. Atn = 1 all samples share the same allocation
and Ay collapses to zero. Empirically, Ay (1) decreases monotonically for all 22 models (Figure ,
consistent with Eq.[37]
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Figure 12: Ay (n) across models as the allocation is interpolated toward the ID mean. Ay, decreases
monotonically and collapses to zero at n = 1.

Table 3: Scale invariance of Ay, under fixed 3.

Metric mean |[AAy,| #configs
E8 0.000 1386

Radial rescaling: invariance of Ay, under fixed . Rescaling deviations as ¢’(z) = ¢(z)d(z) for any

scalar ¢(z) > 0 leaves

c(2)?6(2)TE716(2)
c(2)*10(2)]1>

W(z) = —W(2),

so Ay is invariant when X(3) is held fixed.

Table confirms mean absolute relative change 3.59 x 107 across 1,386 configurations (y €
{0.5,2.0,5.0}). This invariance implies that size-channel manipulations cannot affect Ay unless the
whitening operator ¥~ itself changes.

G.4 FROM SIZE AND STRETCH CHANNELS TO THE PROXY P(8) = my(8) |s(5)]

This subsection supports the claim in the main text that the ID-only product P(3) = m(8) |s(8)| captures
the variation in Z(3) driven by the two UST channels. We organize the evidence into three parts: (A) why
the product form, (B) how well the proxy tracks instability along (3, and (C) mechanistic evidence for each
channel.

Spectral slope definition. Let ¢;(5) = log A;(3). We fit the affine model ¢; &~ « + s - i by least squares
and take |s| as a scale-free measure of spectral decay (larger |s| corresponds to steeper decay and greater
heterogeneity among whitening weights).

Why the product form. Within a single model, |s| is a near-sufficient statistic for the S-trajectory of both

channels: it correlates with Ay at p = 0.971 and with As at p = 0.951 (medians over 22 models, within-
model Spearman). This is because power normalisation simultaneously reshapes the eigenvalue spectrum
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Table 4: Proxy variant ablation for 8* selection (MD target, k=25). Normalised gap measures how far the
proxy-selected /3 is from the oracle, averaged over models and OOD datasets; lower is better.

Proxy variant norm. gap | accuracy 1
my, only 0.207 0.793
|s| only 0.352 0.648
my + |s| 0.207 0.793
mg X |3 0.183 0.817
log my, + |s] 0.207 0.793
alogmy, + b|s| (LOO) 0.176 0.824

(raising |s|) and compresses feature norms (modifying Ajs), so both channels move together as 3 varies. my,
therefore contributes little additional within-model tracking (p(my,Z) = 0.481 vs. p(|s|,Z) = 0.934); its
primary role is cross-model normalisation. Additive combinations my,+|s| collapse to the dominant operand
due to scale mismatch, whereas the product integrates both dimensions simultaneously without requiring co-
efficient fitting. From Eq. spectral heterogeneity also modulates how much allocation geometry matters
for Ws: when |s| ~ 0 all whitening weights are equal and residual placement is irrelevant; only when the
spectrum is steep does allocation amplify score variability. This cross-channel gating is multiplicative, ex-
plaining why the product outperforms both terms independently for cross-model 5* selection even though
|s| alone dominates within-model tracking.

Proxy variant ablation. Table [4] confirms this structure. The product my, - |s| achieves the lowest nor-
malised gap among coefficient-free variants and matches the leave-one-out fitted linear combination, while
additive combinations my, + |s| perform identically to my, alone because the sum is dominated by whichever
operand has larger scale. Pooled Spearman correlations with FPR tell the same story: the product achieves
p = 0.722 (MD) and p = 0.498 (RMD), exceeding both individual terms and the additive combination.

Consistency with the instability decomposition. To verify that my, and |s| account for the variation in
Z(3), we fit the two-term model

Z(8) = a logmi(B) +b|s(B)| (38)

within each model by no-intercept least squares. The no-intercept form is appropriate because only the shape
of the S-trajectory matters for identifying 5*; the absolute level of Z is irrelevant.

Tablereports within-model Spearman p between each proxy variant and Z(3) across all 22 models and k €
{10, 25,50, 100}. The spectral slope alone achieves p = 0.934, indicating that within-model j trajectories
of 7 are largely determined by spectral heterogeneity. The two-term fit maintains high fidelity (p = 0.918 at
k=50; p = 0.933 at k=100) and additionally calibrates cross-model variation through m. The coefficient-
free product my - |s| achieves p = 0.803 for k£ > 50, capturing the same signal without any regression fitting.
Figure|13| visualizes this tracking for three representative models.

Role of the intercept. Table[6]examines how the intercept choice affects tracking fidelity. At k=10 adding
an intercept substantially improves performance (0.553 — 0.909), suggesting that at small neighbourhood
sizes the no-intercept model underfits the level. At k& > 25 the two variants perform comparably, and we
prefer the no-intercept form for theoretical consistency.

Size-stretch compensation and its effect on Z. As [ increases, power normalisation compresses fea-
ture norms, typically reducing A, while whitening variability grows, increasing Ay . The negative cross-
term A partially absorbs both, so Z() can remain nearly flat even as the individual channels—and OOD
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Table 5: Proxy tracking: within-model Spearman p between the proxy and Z(/3) over [3, across all 22

models. Top block: coefficient-free product P(3) = my - |s|. Bottom block: two-term fitted proxy Z =
alog my, 4 bls| (no curvature; no-intercept OLS).

Proxy k median Spearman p  IQR
10 0.729 0.647
25 0.751 0.701
my - |s| (coeff-free) 50 0.803 0.669
100 0.803 0.695
10 0.553 0.797
. 25 0.828 0.590
alogmy, + bls| (fitted, no int.) 50 0918 0.602
100 0.933 0.603
|s| only — 0.934 0.602
2.5
2.0
Model
15 —— BEITV2
1.0 ViT
= —— CLIP
N 0.5
Quantity
0.0 — |
-0.5 -
-1.0
-2 -1 0 1 2
B

Figure 13: Standardized Z(8) (solid) and Z(3) = alog my, + b|s| (dashed) for three representative models.
Both curves are z-scored within each model across 3 for comparability.

performance—vary substantially. A natural question is whether removing A, (computing As + Ay di-
rectly) reveals my, as a stronger proxy: it does not. Within-model Spearman correlations between my, and
The(B) = As+ Aw are lower than with Z(3) (p = 0.466 vs. 0.481 at k=25), confirming that the dominance
of || arises from its comprehensive coverage of both channels under -variation, not from A, masking my.
The advantage of P(3) = my - |s| over Z(8) for 5* selection is therefore that |s| directly captures the
dominant spectral geometry driver for FPR, while 1, adds cross-model normalisation that neither |s| nor Z
alone provides. These observations are mutually consistent: when |s| =~ 0, Wg ~ 1/A forall z, s0 Ay ~ 0
and A« = 0, and both the gating argument and the negative- A« argument become trivial. In the interme-
diate regime, the negative A, flattens Z(3) relative to either channel alone, which is why P(3) = my |s]|
outperforms Z for 8* selection—it tracks the drivers directly rather than their partially-cancelled sum.

Stretch channel: interaction moderation. To verify that spectral heterogeneity gates the influence of
my, we split the 22 models at the median |s| and compare within-model correlations |p(m(8), FPR(S))|
in each group (Table [7). Models with steep spectra show substantially stronger m~FPR correlation than
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Table 6: Within-model Spearman p between proxy variants and Z(3), summarised as median over 22 mod-
els.

Proxy variant k=10 k=25 k=50 k=100

alogmy, + b|s|, no intercept 0.553 0.828 0918 0.933
alogmy, + b|s|, with intercept  0.909 0.823 0.839  0.810
my, - |s| (coefficient-free) 0.729 0.751 0.803 0.803
|s| only 0.934 (independent of k)

Table 7: Interaction moderation: mean |p(my, FPR)| within models, split at the median |s| (MD target).

k  high-|s| group low-|s| group moderation p

10 0.802 0.585 0.360
25 0.751 0.574 0.359
50 0.690 0.568 0.269

models with flat spectra for the MD detector, consistent with the prediction from Eq. that only steep
spectra make allocation—and hence the geometry captured by mj—performance-relevant.

Size channel: score-spread mediation. To verify that m;’s FPR influence operates through the size chan-
nel, we compute per-(model, 3) score statistics directly from raw MD score arrays. Define score separation
as sep = (Soop — Sip)/omp. Two key empirical observations emerge: (i) the within-ID standard deviation
o1p tracks Ay at p = 1.000 (Spearman) within every model we tested. This near-perfect rank agreement is
expected: both quantities are monotone transformations of the dispersion of ||§3(|%, so they order (model, 3)
configurations identically even though they differ in functional form (A operates on log-squared norms,
op on raw scores); and (ii) my predicts op at p = 0.868 (k=25; p = 0.853 at k=10), because higher
intrinsic dimensionality spreads residual norms and hence MD scores.

These links complete the size-channel chain: my — o1p ~rank 4s — sep~! — FPR, where ~,.n1 denotes
rank equivalence across [ within each model. To confirm mediation, we fit partial Spearman correlations
within models. Controlling for score separation reduces p(my, RMD-FPR) from 0.87 to 0.07, indicating
that the size-channel mechanism fully accounts for my’s FPR signal for the RMD detector. For MD the
residual partial correlation is 0.56, reflecting additional sensitivity to effects not captured by normalised score
separation alone. Score separation itself is an excellent direct predictor of FPR (within-model p = —0.927
for MD, —0.930 for RMD). Tablereports all chain links and partial-correlation drops for k& € {10, 25} and
both detectors.

Spectral slope vs. effective whitening rank. An alternative spectral summary motivated by the signal-to-
noise framing of OOD detection is the effective rank of the whitening operator,

2
1/
R, (5) =
22 (1/A)
which quantifies how many eigendirections receive substantial whitening amplification. We test whether
my, - ER,," outperforms my, - |s| in 3* selection using the same evaluation protocol as Table 4l At k=25

(MD target), my, 'ER;1 achieves normalised gap 0.403, versus 0.183 for my, - |s| and 0.352 for ER;1 alone.
The spectral slope |s| is decisively the superior spectral summary: it is the log-eigenvalue decay rate, which

captures the full gradient of whitening weight heterogeneity, whereas ER;1 compresses spectral shape into
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Table 8: Size-channel mediation evidence. Panel A reports the within-model Spearman p for each link
in the chain m;, — op = As — sep~! — FPR (medians over 22 models). Panel B reports raw and
partial Spearman p between my, and FPR before and after controlling for score separation sep = (Soop —
Sip)/o1D-

Panel A: Size-channel chain links

Link p (median)
o = As (within-model p) 1.000
p(mk, O‘ID), k=10 0.853
p(my, o), k =25 0.868
p(sep, MD-FPR) -0.927
p(sep, RMD-FPR) -0.930

Panel B: Mediation — p(my, FPR) before and after controlling for sep

Detector k  p(mi, FPR)  p(mi, FPR | sep) Drop
MD 10 0.891 0.564 0.327
RMD 10 0.859 0.069 0.790
MD 25 0.858 0.564 0.294
RMD 25 0.868 0.066 0.801

a single moment ratio that discards ordering information. This confirms that the operative mechanism is
spectral heterogeneity as characterised by the linear log-eigenvalue slope, not amplification concentration.

Z(p) as a surrogate for FPR. The instability functional quantifies ID log-score spread,; it does not directly
determine FPR@95, which also depends on the OOD score distribution. However, for a fixed OOD popula-
tion, larger ID-side variance pushes the ID tail toward OOD scores, increasing overlap and hence FPR. The
decomposition in Eq. [T0] therefore identifies which geometric factors modulate this overlap, even though
the Z(03)-FPR link varies by detector. Empirically, within-model Spearman correlation between Z(/3) and
FPR@95 is strong for RMD (median p = 0.911) but moderate for MD (median p = 0.545). The asymmetry
is consistent with UST: MD scores depend on a single quadratic form whose instability Z directly measures,
yet FPR also depends on the mean ID-OOD gap, which Z does not capture. RMD subtracts a marginal
reference that absorbs much of the mean shift, leaving score variance as the dominant driver of overlap,
hence 7 tracks RMD-FPR more faithfully. The product P(3) = my, |s| sidesteps this limitation for MD by
tracking the channel drivers directly rather than the partially-cancelled sum Z.

G.5 RMD: TERM-WISE UNIFIED STABILITY LENS

RMD is commonly implemented as a difference of two Mahalanobis-type quadratic forms, Sgrmp,g(z) =

Sél)(z) - SEQ) (z), where the deviations 6}; ) and scatter estimates ¥ () () may differ between terms. As a
result, RMD does not generally admit the single-X representation in Eq. [

Why term-wise. Eq.[6]in the main text covers detectors whose score is a single quadratic form (e.g., MD,
MMD). RMD is a difference of two quadratic forms that generally use distinct scatter estimates, so it does not
admit a single shared ¥(3) in general. UST therefore applies to RMD ferm-wise: each quadratic component
admits the same size—stretch factorization and channel decomposition, and RMD behavior can additionally
depend on interactions between the two terms (e.g., cancelation).
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G.6 EXACT TERM-WISE FACTORIZATION AND CHANNELS

For each term j € {1, 2}, define

() ) AT (5 ¢ =1 £0) ") S5 (2)
S5'(2) =65 () T2V (B) 16 (2),  W(2) = MRGYRYTS
65" ()l

Then the exact factorization holds term-wise:
SO =187 DIPWP (2),  log Sy (2) =1og |6y (2)|* + log W (2),
and the instability functional for each term decomposes as
70)(8) £ Varflog S§'] = A5 (8) + A7) (8) + 247 (8),

with the obvious definitions of Agj ), Ag,), A(Xj).
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G.7 DETAILED OOD PERFORMANCE

Table [9] reports FPR@95 ({) for each (model, detector) pair together with the corresponding validation
accuracy. Across a wide range of backbones, the radially scaled (RS) variants provide the most reliable
gains within the Mahalanobis families: whenever RS-MD or RS-RMD is compared against its direct base-
lines (MD++/MD or RMD++/RMD), it frequently attains a lower FPR@95, indicating that radially scaled
normalization is a strong and generally beneficial modification. Although a few models still achieve their
absolute best score with non-Mahalanobis detectors (e.g., MLS or VIM in isolated cases), the RS variants
remain consistently competitive and, in aggregate, deliver the lowest mean FPR@95 across models. This
pattern suggests that the RS mechanism improves robustness across heterogeneous pretrained representa-
tions, whereas accuracy alone is not predictive of OOD performance; high-accuracy models can still exhibit
higher FPR@95 than lower-accuracy ones, motivating direct evaluation of OOD detection rather than using
accuracy as a proxy.

Table 9: FPR@95 () and validation accuracy (Acc, %) across models and detectors. Bold denotes
the lowest FPR@95 within each model across all detectors. Light green highlights cases where RS-MD
outperforms both MD++ and MD, and where RS-RMD outperforms both RMD++ and RMD; in these cases,
the corresponding baselines are grayed out. The Avg row reports the mean FPR @95 across models for each
detector.

Model Acc MSP MLS KNN VIM RS-MD MD++ MD RS-RMD RMD++ RMD
BEiTV2 FT Inlk 85.5 522 50.7 426 393 372 37.6 402 371 37.3 39.1
BEiTV2 FT In21k 85.1 380 258 351 295 29.8 29.8  43.6 325 325 33.1
DINOV2 83.0 449 328 402 289 33.8 345 338 414 412 414
MAE FT Inlk 83.5 542 557 444 406 39.9 403 435 38.9 39.3 41.7
ViT 77.1 56.5 504 50.0 53.0 45.5 454 457 44.8 44.6 44.9
ViT-S In21K Inlk 75.8 572 444 538 41.2 42.6 41.6  51.0 45.4 45.2 44.9
ViT In21K Inlk 78.5 53.7 40.7 477 36.1 35.8 387 357 37.5 37.6 37.6
ViT-L In21K Inlk 83.6 448 298 343 25.0 253 282 253 26.9 26.9 26.9
ViT CLIP Inlk 84.7 552 653 411 417 37.6 382 40.2 38.2 38.6 40.3
ViT CLIP In12k Inlk 854 490 519 325 300 26.4 27.8 335 30.7 30.9 325
ViT-L CLIP In12k Inlk  86.1 450 43.6 30.1 28.0 26.7 27.1 29.7 27.0 27.7 293
EVA02 82.0 49.1 395 547 388 40.6 446 534 44.0 44.0 44.0
EVAO2 FT Inlk 84.2 532 553 406 439 37.2 374 376 39.6 39.8 40.3
EVAO2 FT In21k 80.2 446 343 550 329 50.6 50.6 565 37.7 37.7 36.7
EVAOQ2-S FT In22k Inlk  82.2 592 648 442 448 40.8 410 422 433 43.6 443
EVAOQ2 FT In21k Inlk 82.2 53.0 589 423 371 39.5 382 408 38.6 39.1 40.3
EVAO02-L FT In22k Inlk  84.8 43.8 43.0 384 369 40.2 37.8 370 31.6 31.8 32.6
DeiT3 83.5 55.0 592 475 472 43.2 43.0 433 39.4 39.9 40.8
DeiT3 In21k Inlk 85.0 56.7 643 37.0 375 35.5 356 376 34.5 35.1 36.6
DeiT3-L In22k Inlk 85.7 58.1 659 359 397 334 342 36.6 35.5 359 37.6
DeiT3 FB In22k Inlk 83.8 609 649 41.1 398 40.2 388 40.7 39.2 39.2 40.5
Avg 51.6  49.6 423 377 37.2 37.6 404 37.3 37.5 383
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Table 10: FPR on NINCO across model families for MahalaAnobis variants (lower is better). MD* uses
the empirically optimal /5; MD uses the regression-predicted 5; MD (standard) fixes 5 = 0; and MD++
(Mahalanobis++) fixes 5 = 1.

Model Acc MSP MLS KNN VIM RS-MD MD++ MD RS-RMD RMD++ RMD
BEiTV2 FT Inlk 85.5 570 639 56.6 55.1 46.3 47.0  50.6 439 443 45.6
BEiTV2 FT In21k 85.1 40.8 287 443 330 36.4 364 475 33.1 33.1 339
DINOV2 83.0 483 372 547 352 42.4 445 424 57.7 574 57.7
MAE FT Inlk 83.5 564 67.0 519 518 48.5 48.8  51.6 44.6 45.0 46.3
ViT 71.1 61.8 635 587 714 55.6 556 557 51.4 514 51.6
ViT-S In21K Inlk 75.8 603 541 60.1 520 53.1 50.5 515 51.3 514 512
ViT In21K Inlk 78.5 61.1 493 546 46.6 41.7 48.1 405 422 425 425
ViT-L In21K Inlk 83.6 459 340 415 309 31.0 358 322 26.9 27.7 27.2
ViT CLIP Inlk 84.7 592 794 46,6 549 44.8 455 476 42.8 433 44.6
ViT CLIP In12k Inlk 85.4 492 685 391 354 31.7 336 379 34.5 352 37.3
ViT-L CLIP In12k Inlk  86.1 454 591 337 329 335 31.0 320 284 29.0 29.9
EVA02 82.0 547 505 632 587 59.0 63.0 69.1 52.8 523 51.5
EVAO2 FT Inlk 84.2 58.8 755 468 710 41.0 413 418 422 425 43.1
EVAO2 FT In21k 80.2 47.1 458 565 407 56.3 563  63.8 40.0 40.0 39.3
EVAO02-S FT In22k Inlk  82.2 672 825 545 694 49.9 504 526 51.2 51.3 51.7
EVAO02 FT In21k Inlk 82.2 572 827 46.1 509 434 40.7 424 40.5 40.6 425
EVAO02-L FT In22k Inlk 84.8 48.0 684 370 595 41.7 38.8 35.6 31.5 31.6 32.1
DeiT3 83.5 585 704 558 63.6 49.9 500 505 43.2 43.3 43.7
DeiT3 In21k Inlk 85.0 649 863 448 541 42.6 423 432 37.8 38.7 40.7
DeiT3-L In22k Inlk 85.7 652 84.8 40.1 5538 39.0 38.8 402 38.1 38.5 40.5
DeiT3 FB In22k Inlk 83.8 638 820 477 578 47.8 455 48.0 44.5 44.5 45.7
Avg 55.8 635 493 515 44.5 450 465 41.8 42.1 42.8
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H GEOMETRY OF EIGENVALUES
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Figure 14: BEiTV2 eigenspectra and their respective shifts: top—eigenvalues of covariance C, within-class
Sw, and between-class S, across train (solid), val (dashed), and OOD (dotted); bottom—corresponding
OOD-induced eigenvalue shifts relative to train.

VIiT CLIP Inlk (train)
VIiT CLIP Inlk (val) -
ViT CLIP In1k (ood)

Covariance (C)

VIiT CLIP In12k Inlk (val)
VIiT CLIP In12k In1k (ood)

Within-class Scatter (S,)

= V/iT CLIP In12k In1k (train)

Between-class Scatter (S;,)

107
10!
105 Sm=m—me
1071 Bt P
103 T
1073
10t
10-° .
1071 H
0 200 400 600 800 0 200 400 600 800 0 200 400 600 800
Covariance Shift Within-class Scatter Shift Between-class Scatter Shift
_0.960 -0.950 |
. A = S 0 o e e o e I
4 -0.965 ,f e — -0.952 H
0970 ¥ ~0.954
2 ) ' v
3 ~0.975 ~0.956 W\i
0 bt T ~0.980 —-0.958
0 200 400 600 800 0 200 400 600 800 0 200 400 600 800

Figure 15: CLIP eigenspectra and their respective shifts: top—eigenvalues of covariance C, within-class
Sw, and between-class S, across train (solid), val (dashed), and OOD (dotted); bottom—corresponding
OOD-induced eigenvalue shifts relative to train.
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Figure 16: EVAO2 eigenspectra and their respective shifts: top—eigenvalues of covariance C, within-class
Sw, and between-class S, across train (solid), val (dashed), and OOD (dotted); bottom—corresponding
OOD-induced eigenvalue shifts relative to train.
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Figure 17: ViT eigenspectra and their respective shifts: top—eigenvalues of covariance C, within-class
Sw, and between-class S, across train (solid), val (dashed), and OOD (dotted); bottom—corresponding
OOD-induced eigenvalue shifts relative to train.
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Figure 18: Eigenspectrum of covariance shift between train and OOD data (NINCO) for ViT variants:
left—ViT In21K vs ViT; right—ViT In21K Inlk vs ViT In21K.
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Figure 19: Eigenspectrum differences by model pair (BEiTV2, ViT, EVA02/CLIP): for each pair, we plot
ID vs OOD covariance C', ID within-class S,, and between-class .S, and covariance-shift curves (OOD and
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ID), showing relative eigenvalue changes between the first and second model.
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I PEARSON CORRELATIONS

We replicate the correlation analysis from the main paper using Pearson correlations instead of Spearman
correlations (Figure 20). The trends remain consistent: manifold-geometry and eigenvalue-based metrics
show similar relationships with OOD performance across the three Mahalanobis variants, confirming that
the observed patterns are not sensitive to the choice of correlation metric.
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Figure 20: Pearson correlations between representation metrics and OOD performance across Mahalanobis
variants. The three Mahalanobis-based detectors exploit different geometric cues, leading to distinct corre-

lation patterns consistent with the Spearman results in Figure[3]
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J  EVALUATION PROTOCOL AND MODELS

Models We evaluate publicly available checkpoints from timm (Wightman, [2019) and
huggingface-transformers (Wolf et al) [2020), covering multiple transformer families, model
scales, and training objectives. The full model list is provided in Appendix [K]

Evaluation protocol Following OpenOOD (Yang et al.l 2022), ImageNet-1K serves as the in-distribution
(ID) dataset (train features for fitting; validation for ID testing). We report FPR@95 for distinguishing
ImageNet validation from each of the five OOD benchmarks: NINCO (Bitterwolf et al., 2023)), iNatural-
ist (Van Horn et al., [2018)), SSB-Hard (Bitterwolf et al., 2023), Openlmages-O (Krasin et al., 2017), and
Textures (Cimpoi et al., 2014). Unless stated otherwise, we fit class means {1 } and a tied covariance 3 on
ImageNet-1K training features and evaluate OOD scores on the ImageNet validation set versus each OOD
dataset.

K FULL MODEL NAMES

Table 11: Mapping of model names to checkpoints and sources.

Model Name Checkpoint (Version) Source

BEiTV2 Inlk beitv2_base_patch16_224.inl1k_ft_in1k timm / huggingface
BEiTV2 In21k beitv2_base_patch16_224.in1k_ft_in22k timm / huggingface
DINOV2 vit_base_patch14_dinov2.lvd142m timm / huggingface
DINOV3 dinov3-vitb16-pretrain-lvd1689m facebook / huggingface
MAE Inlk mae_finetuned_vit_base github.com/facebookresearch/mae
ViT vit_base_patch16_224.augreg_inlk timm / huggingface
ViT In21K vit_base_patch16_224.augreg_in21k timm / huggingface
ViT In21K Inlk vit_base_patch16_224.augreg_in21k ft_inlk timm / huggingface
ViT-S In21K Inlk vit_small_patch16_224.augreg_in21k_ft_inlk timm / huggingface
ViT-L In21K Inlk vit_large_patch16_224.augreg_in21k_ft_inlk timm / huggingface
ViT CLIP Inlk vit_base_patch16_clip_224.1aion2b_ft_inlk timm / huggingface
ViT CLIP In12k Inlk vit_base_patch16_clip_224.laion2b_ft_in12k_in1k timm / huggingface
ViT-L CLIP In12k Inlk  vit_large_patch14_clip_336.laion2b_ft_in12k inlk timm / huggingface
EVAO02 eva02_base_patch14_224.mim_in22k timm / huggingface
EVAO2 Inlk eva02_base_patch14_448.mim_in22k _ft_in1k timm / huggingface
EVAOQ2 In21k eva(02_base_patch14_448.mim_in22k_ft_in22k timm / huggingface
EVAO02 In21k Inlk eva02_base_patch14_448.mim_in22k ft_in22k_inlk  timm / huggingface

EVAO02-L In22k Inlk
EVAO02-S In22k Inlk
DeiT3

DeiT3 In21k Inlk
DeiT3 FB In22k Inlk
DeiT3-L In22k Inlk

eva02_large_patch14_448.mim m38m _ft in22k inlk
eva02_small_patch14_336.mim_in22k ft_inlk
deit3_base_patch16_224
deit3_base_patch16_224_in21ft1k
deit3_base_patch16_384.fb_in22k ft_inlk
deit3_large_patch16_384.fb_in22k ft inlk

timm / huggingface
timm / huggingface
timm / huggingface
timm / huggingface
timm / huggingface
timm / huggingface

L USE OF AI ASSISTANCE

Al assistants, such as ChatGPT, were utilized in various aspects of the research, including coding, data
analysis, and writing tasks. These tools helped automate repetitive tasks, generate initial drafts, and assist in
exploring potential solutions. However, all Al-generated outputs were reviewed and refined by researchers
to ensure accuracy and coherence.
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