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Abstract

Principal component analysis (PCA) has recently
been adopted for out-of-distribution (OOD) detec-
tion, yet most existing methods focus on domi-
nant, high-variance directions of the feature space.
This energy-retaining perspective overlooks a cru-
cial fact: discriminative signals separating in-
distribution (ID) and OOD samples often lie in low-
variance residual components that are typically
discarded. Furthermore, prior PCA-based scores
rely solely on feature geometry, limiting robust-
ness under distributional shift. In this work, we re-
visit PCA for OOD detection from an uncertainty-
aware perspective. Specifically, we propose a
residual-aware OOD detection framework that ex-
plicitly models the discarded subspace of a shared
within-class PCA basis. By constructing a resid-
ual variation score, we capture deviations that are
ignored by the leading principal components. To
further enhance reliability, we introduce a com-
plementary classifier-weight alignment score that
measures the consistency between the selected
class-centered residual and the corresponding clas-
sifier weight vector. This dual-signal design en-
ables reliable detection even when OOD samples
exhibit high energy in the dominant subspaces. Ex-
tensive experiments across convolutional and trans-
former backbones show consistent improvements
over strong baselines in AUROC and FPR at 95%
TPR. This shows that modeling residual structure
and integrating geometric and classifier-aware sig-
nals leads to more principled and robust OOD de-
tection. The code to reproduce the results is avail-
able at https://github.com/sgchr273/
CREWA.git.

1 INTRODUCTION

Deep neural networks can output highly confident predic-
tions even when they are wrong Gul et al. [2026]. This
overconfidence is largely a consequence of standard train-
ing objectives that optimize accuracy on the training dis-
tribution rather than calibrated uncertainty Azizmalayeri
et al. [2024]. When test inputs deviate from the training
data, these models can fail silently, making reliable out-
of-distribution (OOD) detection essential in safety-critical
applications such as medical imaging, autonomous driving,
and crack or fraud detection Yang et al. [2024]. A reported
incident in which a driverless Tesla crashed into a $3.5
million jet highlights the potential consequences of deploy-
ing high-confidence models without principled uncertainty
handling Adversa Al [2025].

Similar concerns arise in active learning, where uncertainty
estimates guide sample acquisition and can become unreli-
able under distribution shift, motivating stronger post hoc
uncertainty and OOD scoring methods Gul et al. [2024b,a].
Most post hoc OOD detectors compute an abnormality score
from a fixed, pretrained network using either internal repre-
sentations or output statistics. Broadly, these approaches fall
into three categories. (i) Feature-space methods Lee et al.
[2018], Wang et al. [2022], Sun et al. [2022, 2021] leverage
the empirical observation that OOD samples tend to deviate
from in-distribution (ID) clusters in the penultimate feature
space. (ii) Logit-based methods Djurisic et al. [2022], Basart
et al. [2022], Wei et al. [2022] assign scores based on sum-
mary statistics of the predictive distribution. (iii) Gradient-
based techniques Behpour et al. [2023], Huang et al. [2021]
characterize distributional shifts through gradient norms
or by quantifying gradient components orthogonal to an
ID subspace. While effective, these approaches often rely
on a single view of abnormality (feature geometry, output
statistics, or sensitivity), which can limit robustness under
complex distribution shifts.

In a complementary line of work, Principal Component
Analysis (PCA) has been widely adopted for OOD detection
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by modeling the low-dimensional structure of ID features
and scoring test inputs using reconstruction error or residual
energy. Guan et al. [2023] revisit PCA-based reconstruction
and show that dominant ID variance directions may hinder
separability, motivating regularized objectives. Fang et al.
[2024] extend this idea via kernel PCA to capture nonlinear
structure and compute reconstruction error in the mapped
space. NECO Ammar et al. [2024] leverages neural collapse
geometry by estimating a Simplex ETF subspace from class
means and measuring how much feature energy lies within
this subspace.

Despite these advances, many PCA-based detectors Guan
et al. [2023], Fang et al. [2024] share two recurring limita-
tions. First, they prioritize principal components that explain
the largest ID variance, even though discriminative OOD
evidence often resides in the discarded, low-variance di-
rections as we discover in this work. As a result, an OOD
sample that projects strongly onto the retained ID subspace
may be incorrectly accepted as ID. Second, most methods
rely exclusively on feature-space geometry and neglect com-
plementary information encoded in the classifier parameters,
overlooking an additional source of uncertainty signal.

In this work, we address the above two limitations by (i)
explicitly quantifying energy in the complementary (dis-
carded) subspace of a within-class PCA model, and (ii)
augmenting this geometric signal with a parameter-space
cue derived from the classifier head. Intuitively, ID samples
should concentrate most of their mass within the retained
class-conditional subspace and exhibit minimal energy in
discarded directions. In contrast, challenging OOD samples
that appear ID-like in the dominant subspace can still be ex-
posed through elevated residual energy and weak alignment
with class anchors encoded by the classifier weights.

Importantly, our method operates in a strictly post hoc
regime: it leaves model parameters unchanged, requires no
auxiliary OOD data, and relies solely on penultimate-layer
representations. Concretely, we compute per-class feature
means, center training features within each class, and fit
a single PCA basis to the pooled class-centered residuals,
corresponding to estimating a tied within-class covariance
structure. At inference time, we compute class-centered
residuals with respect to each ID class mean, evaluate their
complement residual energies using the shared PCA basis,
and select the class that yields the minimum residual energy
for the final score. We further incorporate a complementary
alignment penalty that quantifies the mismatch between the
feature vector and the corresponding classifier weight vector.
The resulting score captures both deviation from the closest
class-conditioned affine structure in feature space and incon-
sistency with the corresponding classifier head geometry. In
summary, we propose:

1. Residual-aware OOD scoring. We show that discrim-
inative OOD signals often reside in low-variance direc-

tions, and propose a principled framework that scores
energy in the discarded subspace of a pooled within-class
PCA model, capturing discrepancies missed by dominant
principal components.

2. Feature-parameter coupling for uncertainty estima-
tion. We propose a novel dual-signal scoring mechanism
that augments residual subspace energy with a classifier-
weight alignment penalty, integrating feature-space ge-
ometry with parameter-space class anchors to improve
robustness against ID-like OOD samples.

3. Strictly post hoc and training-free design. Our method
leaves network parameters unchanged, requires no auxil-
iary OOD data, and operates solely on penultimate-layer
representations, making it simple, efficient, and broadly
applicable to pretrained models.

4. Theoretical and empirical validation. We provide theo-
retical insight into why residual directions amplify distri-
butional shifts and demonstrate consistent improvements
over strong baselines across convolutional (ResNet) and
transformer (ViT) backbones on multiple benchmarks, in-
cluding ImageNet-1K and CIFAR-10, achieving superior
AUROC and FPR at 95% TPR.

2 RELATED WORK

PCA and Residual-based Methods. Our approach builds
on PCA and residual-based scoring, but it differs from ex-
isting methods Wang et al. [2022], Lee et al. [2018], Ren
et al. [2021] in this category. For example, VIM Wang et al.
[2022] measures residual magnitude outside a principal sub-
space but constructs this subspace in a class-agnostic man-
ner and converts the residual into a virtual OOD logit com-
bined with classifier outputs. In contrast, our pooled within-
class PCA captures within-class nuisance variation in the
discarded directions and explicitly integrates a classifier-
weight alignment term. Similarly, Mahalanobis Lee et al.
[2018] assumes tied covariance but can overweight direc-
tions shared by both ID and OOD features Ren et al. [2021],
whereas our formulation emphasizes energy leakage into
the complementary subspace, where ID samples typically
have minimal mass and OOD samples exhibit substantially
higher residual energy. DECA Li et al. [2025] also leverages
principal versus complementary decompositions, but it is
built on the global feature covariance and scores samples
using weighted reconstruction error over the full spectrum,
whereas our method uses pooled within class covariance
with nearest centroid mean subtraction. Moreover, DECA
fuses seven hand engineered WPC and NPC curve statistics,
while our detector is a single theoretically grounded scalar
whose advantage follows directly from the Subspace SNR
Lemma.

Embedding-based and Distance-based Methods. CIDER
(Compactness and DispErsion Regularized learning) learns
hyperspherical embeddings by increasing inter-class angular
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margins while promoting intra-class compactness Ming et al.
[2022]. While effective for ID separation, the default OOD
scoring relies on KNN cosine distances in the embedding
space, requiring storage of a large ID feature bank and
nearest-neighbor search at inference, increasing memory
usage and latency.

Neural Collapse-based Methods. Recent OOD detection
methods have leveraged geometric regularities of deep repre-
sentations, particularly those associated with neural collapse.
For instance, the Neural Collapse Inspired (NCI) detector
scores test features based on their proximity to classifier
weight vectors combined with feature norms Liu and Qin
[2025]. While effective, these approaches rely on global
class statistics, which can be fragile when different classes
exhibit heterogeneous covariance or multimodal structure.

Wau et al. [2024] introduce a separation objective that en-
courages OOD features to lie orthogonal to the ID subspace
induced by neural collapse. However, such approaches may
degrade when neural collapse conditions are not well satis-
fied, for example, under class imbalance or limited training
data. Moreover, they typically assume overparameterized
feature spaces, an assumption that may not hold for compact
architectures.

3 METHODOLOGY

Complement Residual Energy with Weight Alignment
(CREWA) is a fully post-hoc OOD detection method.
CREWA requires only ID training features and the pre-
trained classifier’s final-layer weights; it does not use any
OOD data and does not retrain the backbone. Our key in-
sight is that ID features concentrate their variation in a low-
dimensional within-class subspace, while the orthogonal
complement exhibits minimal ID variance. Consequently,
residual energy measured in these low-variance directions
provides a strong abnormality signal: ID samples produce
near-zero complement energy, whereas OOD samples more
frequently accumulate energy in this subspace.

Concretely, CREWA first fits a shared PCA basis using
pooled within-class residuals from the ID training data, ob-
tained by subtracting the corresponding class mean from
each training feature. This decomposes the feature space into
a retained subspace, which captures dominant ID variation,
and an orthogonal complementary subspace. At inference
time, CREWA does not rely solely on the classifier’s top-1
prediction. Instead, it forms a class-centered residual for
each ID class by subtracting each class mean from the test
representation, computes the complement residual energy
for each residual, and selects the class that yields the min-
imum residual energy. The selected class is then used for
the classifier-weight alignment term. Unlike methods that
focus on dominant principal components, CREWA scores
test inputs using their energy in the discarded, low-variance

directions, where ID features exhibit minimal variation but
OOD samples often accumulate residual signal.

To further improve robustness—especially for near-OOD
inputs that may resemble ID (‘ID-like”) samples along prin-
cipal directions—we augment the complement energy with
a weight-alignment penalty. This term measures the mis-
alignment between the selected class-centered residual and
the corresponding classifier weight vector, capturing incon-
sistencies not reflected in variance structure alone. Fig. 1
summarizes the CREWA framework, which proceeds as
follows:

Step 1: Extract the penultimate feature representation h ()
from the trained classifier and compute the corre-
sponding logits as g(x) = Wh(x).

Step 2: Using the ID training features, construct pooled
within-class residuals and fit a shared PCA basis to
obtain the retained subspace V|, and its orthogonal
complement V) .

Step 3: For each class ¢, compute the class-centered resid-
ual representation

Step 4: Measure the complement-subspace residual energy
for each class as

s1e(@) = IV ze(2)]13-

Step 5: Select the class that yields the minimum comple-
ment residual energy:

c*(z) = argmins, .(x).
(&

Step 6: Compute the classifier-weight alignment penalty
using the selected class:

a(x) =1 — cos(zex (), Wex ) -

Step 7: Define the final CREWA score by combining
complement residual energy with the alignment
penalty:

SCREWA (Z) = 51 ¢ () + Ba(x).

In the following, we detail the problem formulation, PCA
construction, residual and alignment components, and the
final augmented score. We conclude with a theoretical result
showing that, under mild conditions, complement-subspace
energy achieves a higher signal-to-noise ratio than energy
in the retained subspace.

3.1 PROBLEM STATEMENT

Let Dy, = {(4, )}, denote an ID training set, where
each z; € X and y; € {1,...,C}. We assume that D, is
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Figure 1: Overview of our framework CREWA. We compute
class-centered residuals in feature space, score complement-
subspace energy, and augment it with a weight-alignment
penalty to separate ID and OOD samples.

drawn i.i.d. from an unknown joint distribution P, over
X x{1,...,C}, and write the induced marginal over inputs
as IPE}. Also, we consider a pretrained classifier consisting of
a feature extractor f : X — R and a linear classification
head W € RE*P (bias b optional). For any input 2 € X,
we define

h(z) = f(z) eR”,  g(x) = Wh(z) € R,

and for training samples h; = h(z;).

At deployment, the model may receive an input z that is not
drawn from IP’iX“; such inputs are considered OOD. We define
a real-valued scoring function s : X — R and an OOD
decisionrule § : X — {ID, OOD} based on thresholding:

i >
5(z) = 00D, %f s(x) >,
1D, if s(x) < 7,

where 7 € R denotes the decision threshold.

3.2 CLASS MEANS AND CLASS-CENTERED
RESIDUALS

Our OOD detector, CREWA, first computes class-mean
feature vectors as:

1
Hc:ﬁc Z h;,

11 y;=c

cefl,....CY, (1

where N. = [{i: y; = ¢}|. Using these means, we form
class-centered residuals as:

Zl:hi_ll’yl’ Z:1,,N (2)

Stacking residuals row-wise yields Z € RY*P whose ith
row is z; . Let pi; = & . | h; denotes the global mean.
The within-class scatter matrix can then be expressed as:

Sw=Y Y (h—p)(hi—n) .

c=1 i:y;=c
The between-class scatter matrix can be expressed as:

Sp = XC: Ne (pe = pe) (Be = pc)

c=1

T

Fitting PCA on class-centered residuals isolates within-class
variation, avoiding domination by the between-class scatter
Sp that can arise when PCA is applied to globally centered
pooled features h; — pt ;. This formulation therefore empha-
sizes nuisance directions that are orthogonal to class-mean
structure.

3.3 POOLED WITHIN-CLASS PCA AND
RETAINED/COMPLEMENT SUBSPACES

We perform singular value decomposition (SVD) on Z:
Z=UxV",

where 3 = diag(oy,...,0,) withoy; > -+ > o, > 0 and
r = rank(Z) denotes the rank of the matrix. The matrix
V = [v1,...,v,] € RP*" contains orthonormal principal
directions.

A common approach chooses the smallest & that satisfies an
energy criterion. Defining

k

Z;:l 032‘ ’

one may pick k as the smallest integer such that E(k) > p
for a target p € (0, 1). However, when, in practice, the
representation spectrum is relatively flat, this criterion can
retain nearly all directions, resulting in a weakly expressive
complement subspace. To address this limitation, we instead

BE(k) =
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determine k* (the number of retained principal directions)
based on the stable rank of Z:

DI
k(Z) = = . 3
D) I T a2 .
We then set
E* = max(1, min(|a - srank(Z)], 7 — dmin)), 4)

where o« = 0.5 and d,;, = 64. These values are chosen
empirically and discussed further in Section 4.1. When r >
dmin+1, this ensures a complement dimension p = r—k* >
dmin, corresponding to the perpendicular subspace used for
residual scoring.

The resulting decomposition yields a retained basis as:
Vi=[vi,...,vi] € RP*F,

and a complementary basis as:

V= [Vk:*+17 Ce ,Vr} S RDXP7

where the complement dimension is p = r — k*.

3.4 COMPLEMENT PROJECTION AND
RESIDUAL ENERGY SCORE

For a test input x, we compute the feature representation
h(z) = f(x). Instead of conditioning only on the classifier’s
top-1 prediction, we evaluate the class-centered residual
with respect to each ID class mean:

ze() = h(x) — fiey ced{l,...,C}
Using the shared complement basis V; , we compute the
class-conditional complement residual energy

s1e(@) = |V 2@

CREWA then selects the class that gives the minimum resid-
ual energy:

c¢*(z) =arg min

ce{1,...,c}SL’c(m)'

The residual energy used by the detector is therefore
si(x) = s1 e ().

Larger s, (z) indicates that even the closest class-
conditioned residual has elevated energy in directions that
exhibit low variance under the pooled within-class residual
model of ID training features.

3.5 CLASSIFIER-WEIGHT ALIGNMENT
PENALTY

Residual energy alone may be insufficient for near-OOD in-
puts that lie predominantly within the retained residual sub-
space. To improve sensitivity in such cases, we incorporate
a complementary signal derived from classifier geometry.

Let w. denote the c-th row of the linear classification head
W, where w, € RP. After selecting the minimum-residual
class ¢*(z), we use the corresponding class-centered resid-
ual
u(z) = ze+ ()

for cosine alignment. We define the normalized directions
as

. u(z) _ Wes

’U,({E) TR T Wex = 767

[u(@)ll2 +n [wex[l2 + 1

where 1 > 0 ensures numerical stability. The cosine align-
ment and alignment penalty are

cos(z) = (z) " e, a(x) =1 — cos(x).

Larger a(x) indicates weaker alignment between the se-
lected class-centered residual and the corresponding classi-
fier weight direction.

3.6 AUGMENTED OOD SCORE AND
CALIBRATION

The final CREWA score combines the minimum class-
conditioned complement residual energy and the alignment
penalty:

SCREWA (T) = 51 ¢ () + Ba(x),

where 5 > 0 balances the two terms and c¢*(z) is the
minimum-residual class selected in Section. (3.4). The deci-
sion rule
5(1’) = H{SCREWA(I) Z 7'}

is applied with a threshold 7 chosen using ID validation data
or to meet a desired TPR. Theoretical analysis on why the
complement subspace can yield a stronger discriminative
signal is in Appendix B.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Datasets. We evaluate CREWA on two widely used ID
benchmarks: CIFAR-10 Krizhevsky and Hinton [2009] and
ImageNet-1K Deng et al. [2009]. For CIFAR-10, we fol-
low the OpenOOD benchmark Zhang et al. [2023] and
evaluate against six OOD datasets. Specifically, CIFAR-
100 Krizhevsky and Hinton [2009] and TinylmageNet-
200 Le and Yang [2015] are treated as near-OOD datasets,
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Table 1: Subspace configuration for each backbone with
a = 0.5 fixed across architectures.

Model Rank (r)  Stable Rank  Kept (k*) Discarded (p)
ResNet50 2048 546 273 1775
Swin-T 768 473 236 532
ResNet18 512 24 12 500
ViT-B/16 768 26 13 755

Table 2: Representation geometry diagnostics across CNN
and transformer backbones. Transformer backbones show
stronger class mean—classifier weight alignment and lower
within—between scatter ratios, indicating a more class-
aligned representation geometry.

Backbone  cos(p.,w.) Sw SB Sw/SB
ResNet18 0.303 0.237 0.136 1.744
ResNet50 0.569 0.510 0411 1.243
ViT 0.630 0.447 0.448 0.997
Swin-T 0.766 0.482 0.480 1.003

while Textures Cimpoi et al. [2014], Places365 Zhou et al.
[2018], SVHN Netzer et al. [2011], and MNIST LeCun et al.
[1998] are considered far-OOD datasets.

For ImageNet-1K, we follow the evaluation protocol of
NECO Ammar et al. [2024] and use five OOD datasets:
Places365, SUN Xiao et al. [2010], Textures, iNaturalist
Van Horn et al. [2017], and Openlmage-O Wang et al.
[2022].

Metrics and Backbones. We use two widely adopted OOD
detection metrics to evaluate CREWA: the false positive
rate at 95% true positive rate (FPR95) and the area under
the receiver operating characteristic curve (AUROC).

Experiments are conducted with ResNet, Vision Trans-
former (ViT), and Swin Transformer backbones. For ResNet
and Swin-T, we use off-the-shelf pretrained weights pro-
vided by torchvision. On CIFAR-10, we fine-tune the
ResNet and ViT models for ID classification. On ImageNet-
1K, we directly use pretrained checkpoints of ResNet-50
and Swin-T.

Baselines. We compare CREWA against state-of-the-art
post-hoc OOD detection methods. For a fair comparison, we
restrict our evaluation to post-hoc approaches that require
no retraining of the backbone beyond standard ID classifica-
tion training. Specifically, we evaluate against fen baselines:
Mahalanobis Lee et al. [2018], Energy Liu et al. [2020],
Maximum Softmax Probability (MSP) Hendrycks and Gim-
pel [2017], Logit Gate Guan et al. [2023], KPCA Fang et al.
[2024], GradOrth Behpour et al. [2023], NECO Ammar
et al. [2024], NCI Liu and Qin [2025], VIM Wang et al.
[2022], and DECA Li et al. [2025]. All methods are imple-
mented using the official repositories. We do not include

LLM-based or multimodal LL.M-based OOD detectors as
direct baselines because they rely on additional language-
model reasoning, prompting, or multimodal inputs, whereas
CREWA is designed for post-hoc scoring of fixed vision
backbones using only penultimate features and classifier
weights.

Hyperparameter Selection: Our method CREWA in-
volves two tunable quantities: the dimensionality % of the
pooled within-class residual PCA basis and the mixing
weight S in the augmented score scrgwa defined in the
Section. 3.6.

A. Stable Rank Retention Factor («). The retained di-
mensionality k is determined implicitly by the stable rank
retention factor o, which controls how much of the within-
class residual spectrum is preserved and thus balances prin-
cipal structure retention with complement expressiveness.
Energy-based thresholds are unreliable when the spectrum
is flat, as they may retain most directions and weaken the
complement subspace. We therefore select k using the sta-
ble rank criterion in Section 3.3, with fixed = 0.5 and
dmin = 64 to ensure a sufficiently expressive complement.
Further details are provided in Section 4.2.2, and the result-
ing stable ranks, retained dimensions k, and complement
dimensions p are reported in Table 1.

B. Calibration Coefficient (3). Since the complement resid-
ual energy and the alignment penalty may operate on dif-
ferent numerical scales across architectures and datasets,
we calibrate 3 using ID data only by matching their typical
magnitudes. Specifically, we define:

Br =y medanl ) g~ PR, with y = 1 by defaul.

The coefficient 5 is computed once on ID data and then fixed
for all evaluations. Median-based calibration ensures robust-
ness to skewness and heavy-tailed score distributions due to
its insensitivity to extreme values.

4.2 RESULT ANALYSIS
4.2.1 Comparison with Baselines

In this section, we compare CREWA with state-of-the-art
baselines across multiple backbones and OOD datasets to
demonstrate its effectiveness under fair post-hoc settings.

Table 3 reports OOD detection results using CIFAR-10 as
the in-distribution (ID) dataset. We categorize CIFAR-100
and TinyImageNet-200 as near-OOD datasets, and Textures,
Places, SVHN, and MNIST as far-OOD datasets. The best-
performing method is highlighted in bold, while the second-
and third-best results are underlined.

For the ResNet-18 backbone (top half), NCI performs
well on near OOD but degrades on far OOD. In contrast,
GradOrth and Logit Gate perform strongly on far OOD yet
are less competitive on near OOD. Overall, CREWA is the
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Table 3: OOD detection results for two backbones on CIFAR10 as ID, evaluated on six OOD datasets. Metrics are reported
as percentages. Best is bold; second and third best are underlined.

Model Method CIFAR100 TinyImageNet 200 Textures Places SVHN MNIST Average

AUROCt FPR| AUROCT FPR| AUROCT FPR| AUROCt FPR| AUROCT FPR| AUROCT FPR| AUROC{ FPR|

Mahalanobsis 86.66 5031 8725 4533 9927  3.69 9490 2354 9994 0.17 99.58 1.65 94.60 20.78
Energy 7871 6754 8873 4222  89.03 4553 9074 3149 79.03 67.54 8798 34.13 8570 48.08
MSP 87.71 4510 9173 3658 9448 2328 9459 2172 9270 2675 9646 1134 9294 2746
Logit Gate 86.63 5273 8959 4035 9935 340 9589 2003 99.90 036  99.38 296 9512  19.97
KPCA RFF 85.69 53.86 8493  53.09 99.10 451 9404 2811 99.90 038 9978  0.82 9391 2346
ResNetI8 GradOrth 8693 50.83 8931 4136 9936 3.8 9606 1891 9991 030 9944 277 9517 19.56
NECO 87.80 47.08 9243  31.50 9895 584 9522 2054 99.67 143 9587 1667 9501 2051
NCI 90.94 3614 93.13  28.99 98.63 689 9686 1252 9944 231 9786 598 9614 1547
VIM 84.83 53.55 8576 47.93  98.89  6.87 9423 2480 99.76 1.03  99.67 130 93.86 22.58
DECA 76.84 73.61 7457 7272  98.18 11.09 8878 4615 99.68 146 9955 1.82  89.60 34.48
CREWA (Ours) 9148 3678 9358 2646 9948 271 9727 1248 9984 0.62 9941 230 9684 13.56
Mahalanobis 97.01 1531 97.33 1614 9998  0.03 99.14 403 99.62 178 99.86 071 9882 6.3
Energy 9343 3158 9275 3506 98.02 842 9471 2294 99.06 439 9793 758 9598 18.33
MSP 97.83 1053 9695 1933 9985 038 9886 565 9957 1.86 9924 256 9872 672
Logit Gate 96.99 1534 9695 17.88 9997 0.0 99.15 392 9922 367 9975 087 98.67 696
KPCA REF 9728 1379 9698  18.10 9994 0.5 99.06 440 9954 199 9974 093 9876 656
VIiTB/16 GradOrth 9698 15.65 9701  18.05 9997 0.3 99.13 398 9946 252 99.87 049 9874 679
NECO 98.16 9.14 9739 1622 9993 0.6 9894 509 99.72 1.6 9951 1.56 98.94 556
NCI 9732 1395 9657 19.86 99.88 034 9897 498 9991 034 9944 141  98.68 681
VIM 96.09 20.04 9570 2590 99.88 0.7 9848 905 99.16 4.04 99.83 030 9819 9.92
DECA 9396 3190 9492  33.66 9990 0.5 98.62 7.60 97.85 1028 99.90 032 9753 13.99
CREWA (Ours) 9795 11.06 97.07 17.33  99.93  0.17 99.00 488 99.56 187 9979 051 98.88 597

Table 4: OOD detection on ImageNet-1K (ID). Metrics are reported as percentages. Average is the unweighted mean over the
five OOD datasets (Textures, iNaturalist, SUN, Places, Openlmage-O). Best is in bold; second and third best are underlined.

Model Method Textures iNaturalist SUN Places Openlmage-O Average
AUROCT FPR| AUROCtT FPR| AUROCtT FPR| AUROCT FPR| AUROCtT FPR] AUROCtT FPR|
Mahalanobis 93.47  31.01 92.16 2644 7545 5882  73.10 65.59 8041 59.57 8292 4829
Energy 5392  91.03 7466 73.03 7231 7897 7365 7649 5153 89.56  65.21 81.82
MSP 8395 6245 8820 4140 8144 5754 7834 6691 6659 7475 7970 60.61
Logit Gate 8599 4526 6352 71.81 50.84 8579 5458 8517 73.01 6555 6559  70.72
KPCA RFF 91.15 47777 7995 50.84 7139 6549 69.89 6828 80.16 61.70 785l 58.82
ResNet50  GradOrth 87.63 4257 80.63 5237 60.06 7626 5698 7896 7511 6848  72.08  63.73
NECO 62.91 7548  68.07 6488 67.64 7322 7073 6879 56.00 8374 6507 7322
NCI 8554 6090 8942 3771 84.12 51.81 80.74 6324 6720 7437 8140 57.61
VIM 8096 4499 7855 5945 6422 7598 5985 7821 7734 6733 7398  65.19
DECA 91.53 39.09 7371 64.11 57.79 8452 5157 8797  69.41 80.12  68.80  71.16
CREWA (Ours) 93.75 29.86 9514 2155 7948 59.06 7924 60.10 7579 6545 84.68 47.20
Mahalanobis 91.08 3998  97.28 10.88  84.53 5139 8137 6244 78.07 5742 86.47 4442
Energy 6428 8594 5428 90.84 51.16 9238 5239 91.75 5517 9121 5546 9042
MSP 72.88 7144 9041 3337  83.09 5691 8151  60.67 54.80 93.83 76.54 63.24
Logit Gate 90.10 4586  80.41 60.28  60.37 89.85 5229 9470 7535 69.87 7170  72.11
KPCA RFF 86.02 4579 8440 4005 7553 6220 7299  68.71 7696  59.58  79.18  55.27
SwinT GradOrth 87.71 4342  87.10 4227 6788 7577 6327 8148 7359 6755 7591 62.10
NECO 81.41 60.19 9235 2854 7894 6182 753l 70.14 6124 92,17 7185  62.57
NCI 80.75 53.68 91.06 2955 8332 4934 82.00 5522 71.14 6748 8165 51.05
VIM 9435 2828 90.88 3796 75.13 7432 69.08 8518  79.07 6248 81.70 57.64
DECA 89.75 4468 7732 7198 7505 7898  67.53 8997 7498 73.02 7693 7173

CREWA (Ours) 90.46 3994 97.64 9.68 8429  53.23 81.43 6257 77.06 59.24  86.18  44.93
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most consistent across both regimes, achieving an average
AUROC of 96.84% and an average FPR of 13.56%.

The bottom half shows the ViT-B/16 backbone. Here,
CREWA ranks second overall, trailing NECO by a small
margin (0.06% AUROC and only a modest gap in FPR).
While VIM also exploits a complementary subspace signal,
CREWA improves FPR by 3.95% on average, suggesting
that the weight alignment term provides additional, non
redundant information beyond residual energy alone.

Table 4 summarizes results on ID=ImageNet-1K across
five OOD datasets. With ResNet-50, CREWA achieves the
best overall performance, with average AUROC of 84.68%
and average FPR of 47.20%, narrowly outperforming Ma-
halanobis (82.92% AUROC, 48.29% FPR). With Swin-T,
CREWA achieves the second best overall FPR, falling just
behind Mahalanobis by 0.51% FPR and 0.29% AUROC,
while outperforming VIM, NCI, NECO, and DECA by a
clear margin in both AUROC and FPR.

The reduced margin observed with transformer backbones
may be attributed to their more class-aligned representation
geometry. As shown in Table 2, ViT and Swin-T exhibit
stronger average class mean—classifier weight alignment,
(&S5, cos(pie, we)), with values of 0.630 and 0.766, re-
spectively, compared with 0.303 for ResNet18 and 0.569
for ResNet50. They also yield lower normalized within—
between scatter ratios, approximately 1.0 for both ViT and
Swin-T, compared with 1.744 for ResNet18 and 1.243 for
ResNet50. These trends indicate that transformer features
are already more tightly organized around classifier-aligned
class structure, which can reduce the additional separation
gained from CREWA’s residual subspace decomposition.

4.2.2 Ablation Studies

We perform ablation studies of CREWA on the CIFAR-10
dataset using ResNet-18 as the backbone. We evaluate FPR
and AUROC across four OOD datasets: TinyImageNet-200
(TIN), CIFAR-100, Textures, and Places.

Ablation on Retained versus Complement PCA Direc-
tions. This experiment investigates whether the OOD score
should be computed using the retained directions V)| or the
complementary directions V/ , while keeping the same gat-
ing and centering procedure from Section 3.4. Specifically,
we compare the main complement score s (x) from Sec-
tion 3.4 to the retained-subspace energy as:

2

)

RN

where z(z) = h(z) — p(,) and ¢*(z) is the minimum-
residual class.

Fig. 2 shows that using the complementary directions con-
sistently yields higher AUROC and lower FPR95 compared
to scoring in the retained directions across all evaluated

860
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TIN Places  Textures CIFAR-100 TIN Places  Textures CIFAR-100

(a) FPR95 comparison. (b) AUROC comparison.

Figure 2: Sensitivity analysis of the retained (V) and com-
plementary (V) PCA subspaces across four OOD datasets.
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Figure 3: Sensitivity analysis of the components of the
scrEwa on performance across four OOD datasets.
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Figure 4: Sensitivity analysis of the retention fraction « on
performance across four OOD datasets.
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Figure 5: Sensitivity analysis of the calibration coefficient
B on performance across four OOD datasets.

OOD datasets. This behavior is expected because V| cap-
tures the dominant within-class variation of ID features, and
OOD examples can also project strongly onto these high-
variance directions, reducing separability. In contrast, V.
corresponds to low-variance directions under the pooled
within-class residual model, so ID residual energy concen-
trates near zero while OOD inputs often exhibit elevated
energy in this subspace. Consequently, s, () provides a
more discriminative abnormality score.

Ablation on Final Score Components. We analyze the
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contribution of each component in the augmented CREWA
score, sScrewa (), by decomposing it into the complement-
subspace residual energy s, (z) and the weight-alignment
penalty a(x). Fig. 3 presents the performance of each com-
ponent individually, as well as their combination. Across
four OOD benchmarks, the combined score screwa ()
consistently achieves the lowest FPR9S5 of as low as 2.4 on
Textures and the highest AUROC of as high as 99.48 on
Textures, demonstrating that the two signals provide com-
plementary information. While a(z) alone can be competi-
tive on certain datasets, its performance is not consistently
strong—for example, it produces higher FPR95 on Places
and Textures compared to s (z). By contrast, incorporating
a(z) with s, (z) significantly reduces false positives and
improves AUROC, yielding the best overall performance.

Ablation on the Subspace Retention Fraction. We eval-
uate the effect of the retention fraction «, which sets
the number of retained within-class principal directions
as k = |a - srank(Z)]. As shown in Fig. 4, we sweep
a € 0.1,0.2,...,0.7, where smaller « values retain fewer
dominant directions and leave a larger complement subspace
for residual scoring.

Overall, AUROC remains relatively stable, whereas FPR95
is more sensitive to «.. Larger values, particularly o > 0.5,
tend to increase FPR95 on datasets such as Places and
CIFAR-100, suggesting that an overly small complement
subspace can weaken the residual signal. The strongest per-
formance is generally observed for moderate values, approx-
imately o = 0.2-0.4, while very small values do not provide
consistent gains. In our experiments, we use a fixed OOD-
free default value of o = 0.5 selected from held-out ID val-
idation data to avoid dataset-specific tuning. However, the
observed sensitivity indicates that the retained/complement
split can be model- and dataset-dependent. Developing an
adaptive ID-only criterion, such as selecting a by control-
ling the upper tail of the ID score distribution, is a natural
direction for future work.

Ablation on the Calibration Coefficient. In this exper-
iment, we analyze the effect of the weighting parameter
B in the augmented score screwa (2) = s1.(z) + S a(z).
Fig. 5 evaluates the sensitivity of performance to differ-
ent choices of . Setting 5 = 0 (i.e., using only the
complement-subspace residual energy) consistently yields
the weakest performance, producing the highest FPR95
and lowest AUROC across all OOD datasets. This con-
firms that the alignment penalty contributes complemen-
tary information beyond s, (z). A fixed § = 1 per-
forms strongly overall, achieving the best FPR95 on Tiny-
ImageNet and CIFAR-100; however, it is not uniformly
optimal across all benchmarks. In particular, ID-based
scale calibration—such as 5 = median(s, )/median(a)
or = std(s,)/std(a)—improves robustness on Places
and Textures, with the standard-deviation ratio achieving
the lowest FPR9S5 on these datasets.

Overall, simple ID-only calibration strategies reduce sen-
sitivity to the relative scale of s, (z) and a(x), providing
competitive and stable performance without any tuning on
OOD data.

4.2.3 Complexity Analysis.

CREWA operates on the feature representation after the
backbone forward pass. Since the revised inference proce-
dure evaluates complement residual energy for each class,
the dominant scoring operation is the set of projections
VJ_TZC(:U) forc = 1,...,C, where V|, € RP*P_ Thus,
the per-sample class-selection cost is O(C Dp). After the
minimum-residual class is selected, the classifier-weight
alignment term requires only one cosine computation and
adds O(D) cost. For a batch of size B, the scoring complex-
ity is O(BCDp).

S CONCLUSION AND FUTURE WORK

In this work, we introduced CREWA, a post-hoc class-aware
residual energy framework for out-of-distribution detec-
tion. CREWA models within-class variation by fitting a
shared PCA basis on pooled class-centered ID residuals
and scores test inputs using their energy in the discarded
complementary subspace, where ID samples exhibit limited
variation while OOD samples often accumulate residual
signal. To reduce dependence on the classifier’s top-1 pre-
diction, CREWA evaluates class-centered residual energy
with respect to each class mean and selects the minimum-
residual class for scoring. The residual energy is further com-
bined with a classifier-weight alignment term, allowing the
method to integrate complementary information from both
feature geometry and the classifier head. Across CIFAR-10
and ImageNet-1K benchmarks, CREWA achieves compet-
itive performance against strong post-hoc OOD detection
baselines on both convolutional and transformer backbones,
while requiring no OOD data, no retraining, and only penul-
timate features and the classifier weights. These results show
that modeling residual structure in low-variance directions,
together with lightweight classifier-aware alignment, pro-
vides an effective and practical direction for post-hoc OOD
detection. Future work will explore adaptive ID-only criteria
for selecting the retained/complement subspace split, rather
than relying on a fixed retention factor across datasets and
architectures.
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A ASSUMPTIONS OF COMPLEMENT SCORING.

Let ¢ = VT 2(x) denote the class centered residual in the PCA basis of the pooled within class residuals. The analysis
assumes that ID residuals have zero mean and diagonal covariance in this basis, E[¢ | ID] = 0 and Cov(¢ | ID) = A, where
A = diag(A1, ..., Ar). A Gaussian assumption is only used to obtain the closed form ID variance of the subspace energies;
the mean shift expressions require only first and second moments. The OOD covariance is not assumed to be tied to the ID
covariance.

Under this model, complement scoring is favored when the OOD perturbation in the complement coordinates is large relative
to the ID variability in those coordinates. Specifically, with

Ap =813 + tr(Aooa,) = Ap)s AL =[16L]3 + tr(Acoa, L — AL),
the complement score has larger SNR than the retained score when
A A
= > k” .
r 2
NOYNUC RN St

This condition also identifies when the method may fail: if OOD samples mainly perturb high variance retained directions,
or if the ID spectrum is nearly flat, then the retained subspace may provide comparable or stronger detection power. Thus,
CREWA is most suitable when OOD deviations appear in directions that are weakly expressed under the ID within class
residual distribution.

B THEORETICAL ANALYSIS OF COMPLEMENT SIGNAL STRENGTH

To motivate complement scoring, we quantify detection power via a standardized signal-to-noise ratio (SNR). For any
real-valued statistic s(z) define
E[s(x) | OOD] — E[s(z) | ID]

smr(s) = Var(s(z) | ID) + ¢

; ®)

where £ > 0 ensures numerical stability. Below we formalize conditions under which the complement energy s, () attains
a larger SNR than the retained energy s () = ||V”Tz(x) lI3.

Lemma B.1 (Subspace energy shifts and SNR). Ler Z € RNXD pe the pooled within-class residual matrix (Section 3.2)
and Xy = %Z T Z. Write the eigendecomposition

Sw=VAVT, (6)
A:diag()\l,...,/\,«), A1 > > A >0,
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with V. = [vy,...,v.]. Fix k € {1,...,r — 1} and partition V. = [V Vi | with V| = [vi,...,vg] and V| =
[Vit1, .-y Vi)

For a test input x, let z(x) = h(x) — fic+(y), where ¢*(x) is the minimum-residual class selected in Section 3.4, and define
sj(@) = IV) z(@)[3,  si(z) =V a(2)]3
Let&(x) = V'a(x) = [€() ", € () T]".

Assume the ID moments satisfy E[€ | ID] = 0 and Cov(& | ID) = A. Under OOD assume E[€ | OOD] = § = [5H 61T
and Cov(€ | OOD) = Ayoq = 0.

Then the mean shifts of the subspace energies are
E[s) | OOD] — E[sy | ID}= (|8 [15 + tx(Agoa, — Ay),
Els1 | OOD] — E[s. | ID]= |63 + tr(Acoa, 1 — A1), )
where A = diag(A1, ..., A\x) and Ay = diag(Ags1,. .-, Ar).
If additionally € |ID ~ N (0, A), then

Var(s| | ID)

HM»

Var(s, | ID) = 2 Z A2 (8)
j=k+1

and hence the SNRs take the closed forms
101113 + tr(Aoa,| — AH)

Snl“(SH)
V 223 1 J
4 tr(Aood, . — A
snr(sy) = 10115 + t2(Aood.L J‘). 9)
V2 ik A e
Proof. Since V has orthonormal columns, VH z = § and Vi'z = &, hence s = 1€ |3 and s; = ||&||3. For any

random vector u with mean m and covariance ¥ we have E||u||2 = ||m||2 + tr(X), which yields (7). Under the Gaussian
ID assumption the coordinates are independent with variances {A;}, and Var(f?) = 2)\2 summing these variances gives (8)
and the SNR expressions (9). O

Corollary B.2 (Condition for snr(s; ) > snr(s|)). Under the assumptions of Lemma B.1, define
Ay = [18y113 + tr(Aooa, — Ay), (10)
A= H(SJ-Hg + tr(Aood,J_ - AJ_)

If
Al A

e > [ L E—
k
Z;:kJrl )‘? Zj:l A?

then snr(sy ) > snr(s).

Proof. Immediate from the SNR expressions (9) by comparing the numerators scaled by the square-rooted ID variances (the
common ¢ does not affect a strict inequality when it is identical for both terms). O

Lemma B.1 suggests a practical diagnostic for when complement scoring is likely to outperform retained-subspace scoring.
Empirically we compute the sample SNRs of the two scores, s (x) = ||V”Tz(a:) |3 and s, (z) = ||V z(z)||3, by estimating
the ID means and variances in (5). Figure 6 summarizes this diagnostic: bars report empirical SNR values while overlaid
markers indicate the AUROC obtained by thresholding each score. Consistent with the theory, the complement energy often
exhibits a larger standardized mean shift and correspondingly stronger discrimination.
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Figure 6: Subspace SNR diagnostic. Bars report snr(s)) and snr(s,) computed from (5) using ID as the reference
distribution. Diamond markers report AUROC obtained by thresholding the corresponding subspace energy score. Higher
SNR and AUROC for the complement indicate that OOD deviations are more detectable in the low variance complement
coordinates of the pooled within class residual model.
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