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Abstract. Out-of-Distribution (OOD) detection remains a fundamental
challenge for neural networks, whose predictions can be overconfident on
inputs that deviate from the training distribution. Most post-hoc OOD
detection methods derive scores from a single representation level (e.g .,
logits or penultimate features) or combine multiple layers via depth selec-
tion or OOD-calibrated weighting. However, because OOD shifts are di-
verse, the most informative representation level can vary strongly across
OOD types and domains, making fixed-layer choices and OOD-calibrated
aggregation brittle. In this paper, we propose PRISM (Projected Repre-
sentation with Intermediate-layer Subspace Modeling), a model-agnostic
post-hoc OOD detection method that models a unified multi-layer fea-
ture representation rather than aggregating independently scored layers.
PRISM fuses intermediate and deep features into a single hierarchical em-
bedding, estimates an in-distribution (ID) principal subspace, and then
combines two complementary signals: (i) a class-conditional Mahalanobis
distance in the projected subspace and (ii) the residual energy orthogo-
nal to the learned manifold. This simple design avoids OOD-tuned layer
weighting while capturing both in-subspace semantic deviations and off-
subspace anomalies. Across diverse benchmarks spanning natural images,
medical imaging, and industrial visual inspection, PRISM achieves con-
sistent state-of-the-art cross-domain OOD detection performance with a
single default configuration across all evaluated domains and architec-
tures. We further show that PRISM incurs minimal inference overhead,
making it practical for real-world deployment.

Keywords: Out-of-Distribution Detection · Intermediate Layer Feature
Fusion

1 Introduction

Machine learning models have demonstrated strong performance across diverse
domains [29,54,60] and are now widely deployed in real-world systems. Despite
their strong in-distribution (ID) accuracy, such models can produce highly con-
fident yet incorrect predictions for inputs that deviate substantially from the
training distribution, creating a mismatch between confidence and correctness
that may lead to silent and potentially safety-critical failures [23,49,52]. This is
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(a) Aggregate performance across all benchmarks (top:
AUROC↑, bottom: FPR95↓).
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(b) Cross-domain AUROC correlation
across methods.

Fig. 1: Comprehensive evaluation of post-hoc OOD detection across natural, medi-
cal, and industrial benchmarks. (a) Mean AUROC (↑) and FPR95 (↓) averaged over
all datasets, OOD splits, and architectures. (b) Cross-domain correlation between
ImageNet-1k [14] (OpenOOD [79]) and OpenMIBOOD [19] performance (AUROC).
Our PRISM (orange) consistently exhibits strong performance across domains.

particularly concerning in high-consequence applications, where erroneous pre-
dictions may directly affect safety or operational reliability [25, 27, 48]. For ex-
ample, in medical imaging [19], models may fail to deliver accurate diagnoses
due to scanner variability or unfamiliar instruments, while in industrial inspec-
tion [10,33] systems may misclassify foreign materials as food products or fail to
detect damage to machinery or infrastructure during quality control. These limi-
tations motivate out-of-distribution (OOD) detection: identifying inputs outside
the training distribution to improve deployment reliability.

Post-hoc OOD detection is particularly attractive in practice because it can
be applied to pretrained models without retraining, thereby preserving ID accu-
racy and avoiding costly re-optimization. Accordingly, a wide range of post-hoc
approaches have been proposed, leveraging predicted probabilities [26, 44], out-
put logits [24,43], or feature embeddings from the penultimate layer [38,55,63].

Our motivation arises from the observation that post-hoc OOD performance
varies substantially across OOD type and application domains (see Fig. 1) [19,
33]. Recent benchmarks such as OpenMIBOOD [19] and ICONIC-444 [33] pro-
vide large-scale OOD evaluations in medical and industrial domains, respectively,
and show that methods performing strongly on natural image benchmarks [79]
often degrade markedly in these specialized settings.

A key driver of this variability is that post-hoc OOD detection methods typ-
ically rely on a single network layer for discrimination, yet the most informative
layer depends strongly on the ID dataset and OOD type [19,35]. Consequently,
most existing methods largely neglect information in intermediate layers of deep
neural networks, implicitly assuming that the final representation alone is suf-
ficient for OOD detection. While deep layers emphasize representations highly
specialized for the ID task, intermediate and shallow layers capture complemen-
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tary information that can be critical for distinguishing diverse OOD characteris-
tics, which may manifest differently as network depth increases. Other methods
exist, but prior multi-layer methods either select a single layer [76], aggregate
layer-wise scores [20,35,58], or calibrate aggregation/hyperparameters using syn-
thetic or held-out OOD data [16, 38, 64], introducing additional complexity and
OOD dependence. This raises a key question: how can intermediate represen-
tations be effectively integrated into a unified OOD detection framework that
remains reliable across domains and OOD types without OOD-specific calibra-
tion or tuning?

To address this question, we propose PRISM, an architecture-agnostic post-
hoc OOD detection method designed for cross-domain robustness. PRISM fol-
lows a simple fuse-then-model principle: instead of computing and aggregating
layer-wise OOD scores, it first integrates intermediate representations from shal-
low to deep layers into a unified feature space and then performs statistical
modeling once in that fused representation. The fused features are projected
into a compact subspace learned solely from ID training data, and PRISM com-
bines complementary distance- and residual-based signals into a single OOD
score. This design avoids layer selection, layer-wise aggregation heuristics, and
OOD-dependent calibration while retaining the robustness benefits of statistical
feature modeling. Our main contributions are as follows:

– We show that layer-wise aggregation and OOD-based calibration is highly
sensitive to the chosen validation OOD set, leading to unstable cross-domain
behavior.

– We introduce a unified multi-layer subspace modeling principle that elim-
inates layer selection, score aggregation, and OOD-dependent calibration,
while retaining the robustness benefits of statistical feature modeling.

– We evaluate PRISM across natural, medical, and industrial benchmarks un-
der a shared configuration, achieving the best overall mean AUROC and the
best average rank across datasets without OOD-based calibration.

2 Related Work

Out-of-distribution (OOD) detection methods are commonly categorized into
training-based and post-hoc approaches [75,79]. In this work, we focus on post-
hoc OOD detection, which is particularly attractive in practice because it op-
erates on pretrained models without retraining, thereby preserving ID accuracy
and enabling scalable deployment [39,79,80].

Early post-hoc methods derive OOD scores directly from the model output.
Probability-based approaches, such as the maximum softmax probability (MSP)
[26], identify OOD samples by low prediction confidence. Subsequent works lever-
age logits directly, including the maximum logit score (MLS) [24] and energy-
based OOD detection (EBO) [43]. Several model enhancement approaches fur-
ther refine output-based detection by modifying activations or weights at infer-
ence time, for example, through activation clipping [61] or sparsification [15,62].
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Feature-based post-hoc methods instead model the distribution of deep repre-
sentations and measure deviation using distance or density-based criteria. Ma-
halanobis distance-based detection [38] fits class-conditional Gaussian distribu-
tions to penultimate-layer features and uses the minimum distance to the class
means as an OOD score. Several extensions refine this idea by normalizing or
using relative scoring [55,80], while nearest-neighbor approaches [63] exploit lo-
cal structure in the embedding space. ViM [71] complements feature distances
with residual information derived from a principal subspace. Kernel PCA [18]
replaces linear PCA with non-linear kernel mappings in the penultimate feature
space and uses reconstruction error or distance as an OOD score. Overall, these
approaches use the model output, the penultimate layer, or both, thereby ig-
noring information from intermediate layers. PRISM instead explicitly leverages
shallow-to-deep representations by modeling a fused feature hierarchy.

Existing multi-layer strategies typically leverage intermediate feature activa-
tions and compute layer-specific OOD scores, which are then aggregated. For ex-
ample, ATS [35] models activation statistics across layers, while GRAM [58] de-
rives OOD scores from deviations in layer-wise Gram matrices capturing second-
order feature correlations. CORES [64] estimates consistency of representations
across layers using statistical measures, whereas NAP [53] binarizes interme-
diate activations and computes Hamming distances to characterize deviations
from ID patterns. Similarly, multi-layer Mahalanobis-based approaches [4] ex-
tend distance-based detection by estimating class-conditional statistics at multi-
ple depths. While intermediate representations capture complementary informa-
tion, these strategies introduce additional design choices, aggregation heuristics,
or calibration procedures that often rely on OOD or synthetic data and are
sensitive to domain shifts.

Recent large-scale OOD detection benchmarks across medical [19] and indus-
trial [33] domains show that many post-hoc methods exhibit substantial perfor-
mance variation outside the settings in which they were originally developed. In
particular, a large fraction of OOD detectors are designed and validated on CI-
FAR [32] or ImageNet-based [14] benchmarks, where they often perform strongly,
but show markedly reduced reliability when transferred to domain-specific sce-
narios. This suggests that many methods implicitly adapt to the statistical char-
acteristics of the benchmarks on which they are optimized [34, 79]. In contrast,
statistical and distance-based approaches that operate directly in feature space
have been observed to be more stable across diverse settings, such as archi-
tectures and training methodologies, motivating methods that exploit feature
geometry in a principled, domain-agnostic manner [34,50].

Overall, prior post-hoc methods demonstrate the effectiveness of feature-
space geometry and multi-layer representations, but they differ substantially in
how they incorporate hierarchical information. In this work, we adopt a simple
design choice that is underexplored in post-hoc OOD detection. Rather than
selecting individual layers or aggregating per-layer scores, we jointly leverage
representations from shallow to deep layers and model the dominant ID struc-
ture in a low-dimensional subspace. By deriving a single OOD score from this
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unified representation, our approach avoids aggregation heuristics, OOD-based
calibration, and per-benchmark tuning while retaining the robustness benefits
of statistical feature modeling.

3 Method

We first formalize the OOD detection problem (Sec. 3.1) and review methods
based on Mahalanobis distance as a widely used post-hoc baseline (Sec. 3.2).
We then introduce PRISM (Sec. 3.3), which follows a fuse-then-model design: it
constructs a unified multi-layer representation, models the in-distribution (ID)
structure in a principal subspace, and derives a single OOD score from projected
Mahalanobis distance and residual energy.

3.1 Problem Statement

We consider an image input space X ⊂ RC×H×W and a set of class labels
Y = {1, . . . ,K}. Let f : X → RK denote a classifier pretrained on an ID dataset
DID = {(xi, yi)}Ni=1, where samples are drawn i.i.d. from the joint distribution
PID(X,Y ) over XID × Y. We refer to XID ⊂ X as the in-distribution (ID) input
space and denote its associated label space by YID = Y. At deployment, the
classifier may encounter inputs x ∈ X that do not belong to XID, defining the
out-of-distribution (OOD) input space XOOD = X \XID. We target the semantic
OOD regime, where OOD samples belong to classes unseen during training, such
that the corresponding label space YOOD satisfies YOOD ∩ YID = ∅.

OOD detection is formulated as a binary decision problem based on a scoring
function s : X → R. An OOD detector H : X → {ID,OOD} is defined as:

H(x) =

{
ID, if s(x) ≥ τ

OOD, otherwise
, (1)

where τ is a threshold typically chosen to retain a high fraction of ID samples
(e.g ., 95% true positive rate).

3.2 Mahalanobis Distance for OOD Detection

We briefly review Mahalanobis-based OOD detection [38] to establish notation
and motivate PRISM’s reformulation in a unified fused feature space. Maha-
lanobis distance is a widely used post-hoc baseline that models ID features using
class-conditional Gaussians. Let ϕ(x) ∈ RM denote a feature representation ex-
tracted from a pretrained classifier, typically from the penultimate layer. Given
the ID training set {(xi, yi)}Ni=1, the class-wise means µ̂c and shared covariance
matrix Σ̂ are estimated as

µ̂c =
1

Nc

∑
i:yi=c

ϕ(xi), Σ̂ =
1

N

K∑
c=1

∑
i:yi=c

(ϕ(xi)− µ̂c)(ϕ(xi)− µ̂c)
⊤, (2)
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Fig. 2: Comparison of OOD score distribution across layer depths. Histograms repre-
sent data sampled from PhaKIR (ID) and Cholec80 (Near-OOD) using a ResNet-18. (a)
MDS++ applied to the first ResNet-18 block (shallow features). (b) MDS++ applied
to the penultimate layer (deep features). (c) PRISM integrates the full architectural
hierarchy (shallow to deep features).

where Nc denotes the number of ID samples in class c and N the total number
of ID samples. The Mahalanobis distance of a test sample x to class c is

dMaha(x, c) = (ϕ(x)− µ̂c)
⊤
Σ̂

−1
(ϕ(x)− µ̂c) , (3)

and the final OOD score is computed as the negative of the minimum distance
to all class centroids. Although effective, Mahalanobis-based detection is sensi-
tive to the choice of feature representation, as also shown in Fig. 2: applying it
to shallow vs. deep layers yields markedly different ID-OOD separation across
datasets. A common remedy is to compute Mahalanobis scores at multiple layers
and aggregate them, either by averaging or by learning weights (e.g ., via logistic
regression) using held-out or synthetic OOD data [4,38]. However, while such ag-
gregation can improve performance on specific benchmarks, it is often sensitive
to the chosen OOD validation distribution and may not generalize beyond it. As
shown in Fig. 3, the layer weights learned by an OOD-calibrated aggregator (MD-
SEns [38]) vary substantially with the chosen OOD validation set: shallow layers
are favored for some medical shifts (e.g ., MIDOG [7]), intermediate layers for
others (e.g ., PhaKIR [56]), and deeper layers for ImageNet-1k [14]; even within
the same domain, different near-OOD splits (e.g ., SSB-Hard [70] vs. NINCO [11])
lead to distinct optimal layer weights. Together, Figs. 2 and 3 indicate that the
preferred representation depth varies substantially across domains or OOD def-
initions. This highlights a practical deployment trade-off: OOD-calibrated en-
sembles such as MDSEns can benefit from representative held-out OOD data
for layer-weight calibration, but the resulting aggregation may be tied to the
calibration distribution. To overcome the need for such calibration, we require
an alternative that preserves information across depth without OOD-calibrated
aggregation, which we realize in PRISM by fusing representations prior to statis-
tical modeling. With PRISM, we thus prioritize transferable ID-only deployment
by estimating all statistics from ID data and using a fixed configuration when
representative OOD data are unavailable.
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(a) MIDOG (OpenMIBOOD)
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(b) PhaKIR (OpenMIBOOD)
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(c) ImageNet-1k (OpenOOD)

Fig. 3: Sensitivity of layer aggregation to OOD validation data. For three benchmark
tasks: (a) MIDOG, (b) PhaKIR, and (c) ImageNet-1k, we fit linear aggregation weights
over ResNet blocks 1–4 using one OOD dataset as validation and evaluate the resulting
model across all OOD test sets. The stacked bar plots (top) show the normalized
layer weights learned for each calibration dataset, while the bars (bottom) indicate the
corresponding mean FPR95 averaged over all OOD datasets.

3.3 PRISM: Projected Representation with Intermediate-layer
Subspace Modeling

PRISM is based on a simple principle: instead of computing and aggregating
layer-wise OOD scores, we first integrate intermediate representations across
network depth into a single feature space and then apply statistical modeling
once. The method consists of three steps: (i) construction of a unified multi-layer
representation, (ii) approximating its ID structure using principal component
analysis (PCA), and (iii) deriving an OOD score from projected Mahalanobis
distance and residual energy. All feature statistics, PCA parameters, and class-
conditional distributions are estimated using ID training data only. This formu-
lation avoids selecting a single best layer, layer-wise aggregation heuristics, and
OOD-dependent calibration.

Multi-Layer Feature Construction. Let {ϕ(l)(x)}Ll=1 denote the feature
maps extracted from L selected intermediate layers of the classifier f . The struc-
ture of these activations depends on the underlying architecture. For convolu-
tional neural networks (CNNs), ϕ(l)(x) ∈ RCl×Hl×Wl represents spatial feature
maps with Cl channels, whereas for Vision Transformers (ViTs), ϕ(l)(x) ∈ RTl×Cl

corresponds to a sequence of Tl tokens of dimension Cl. To unify these repre-
sentations while preserving global context, we apply an architecture-agnostic
pooling operator P(·) that aggregates over the non-channel dimensions:

z(l)(x) = P(ϕ(l)(x)). (4)

In practice, we use global average pooling for CNN feature maps and token av-
eraging for transformer layers, resulting in a single vector per layer. To prevent
layers with larger activation magnitudes from dominating the joint representa-
tion, each pooled vector is ℓ2-normalized:

z̃(l)(x) =
z(l)(x)

∥z(l)(x)∥2
. (5)
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Finally, the normalized representations are concatenated to form a single multi-
layer feature vector:

z(x) =
[
z̃(1)(x), . . . , z̃(L)(x)

]
∈ RD, (6)

where D =
∑L

l=1 Cl is the dimensionality of the joint feature space. This con-
struction yields a single feature vector that jointly captures low-level structural
and high-level semantic information. This per-layer normalization also reduces
architecture- and dataset-dependent scale differences before PCA and subse-
quent scoring, improving the stability of the downstream projected-distance and
residual-energy terms.

Subspace Modeling of ID Data. It is commonly assumed that neural network
representations of ID data lie on a low-dimensional manifold and can be well-
approximated by a low-dimensional subspace [71, 77]. In PRISM, we apply this
assumption to our fused multi-layer representation z(x) and model its dominant
ID variability with a linear subspace estimated by PCA. Given fused represen-
tations {z(xi)}Ni=1 from DID, we compute the global mean µ = 1

N

∑N
i=1 z(xi)

and derive the principal subspace W ∈ RD×d from the top d eigenvectors of
the empirical covariance matrix. This subspace captures the dominant modes
of variability of the ID data while discarding low-variance directions that are
weakly supported by the training data.

At inference, a feature vector z(x) is decomposed into its projection u(x) =
W⊤(z(x)− µ) and its orthogonal residual:

r(x) = (z(x)− µ)−Wu(x). (7)

Here, u(x) captures the alignment with the dominant ID semantic patterns,
while r(x) captures feature components orthogonal to the ID manifold.

Projected Mahalanobis Distance. PRISM performs class-conditional Ma-
halanobis modeling directly in the unified projected space of the fused represen-
tation, yielding a single score without layer-wise scoring or aggregation. Using
the projected coordinates u(x) of the ID training data, we estimate class-wise
means µ̂u

c and a shared covariance matrix Σ̂
u

in the PCA space. The projected
Mahalanobis score for a sample x is then defined as

sproj(x) = min
c∈Y

(u(x)− µ̂u
c )

⊤
(Σ̂

u
)−1 (u(x)− µ̂u

c ) . (8)

Residual Energy. Even if a sample is close to a class-conditional mean within
the principal subspace, it may contain components that are not supported by
the learned ID manifold. We capture this via the residual energy

sres(x) = ∥r(x)∥22 = ∥z(x)− µ∥22 − ∥u(x)∥22, (9)

where the equality follows from W⊤W = I. The residual energy measures how
much of the representation cannot be explained by the ID subspace, serving as
a complementary signal that captures novel or unsupported feature directions.
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Out-of-Distribution Detection with PRISM. Both sproj(x) and sres(x) are
nonnegative anomaly magnitudes. PRISM combines them into a single score:

sPRISM(x) = − sproj(x) · sres(x) (10)

This emphasizes samples that deviate from the ID structure both within and
outside the principal subspace. We negate the product so that larger sPRISM(x)
indicates more ID-like samples, consistent with Eq. (1). In contrast to weighted
sums or learned ensembles, this combination introduces no balancing coefficients
and requires no OOD-dependent calibration. We evaluate alternative score com-
binations in the supplementary material: additive fusion remains competitive
but performs slightly worse than the multiplicative rule used in PRISM.

4 Experiments

We evaluate PRISM for cross-domain robustness and architectural generaliza-
tion. Sec. 4.1 describes the evaluation protocol and benchmarks. In Sec. 4.2,
we compare against 22 state-of-the-art post-hoc OOD detection methods across
natural, medical, and industrial benchmarks [19,33,79]. Sec. 4.3 reports ablation
results and analyzes the computational complexity.

4.1 Experimental Setup

Benchmarks. We evaluate PRISM on three large-scale OOD detection bench-
marks: OpenOOD [74,78,79], OpenMIBOOD [19], and ICONIC-444 [33]. These
benchmarks cover diverse acquisition settings and semantic granularity across
natural images, industrial vision, histopathology, endoscopy, and MRI, enabling
systematic evaluation of cross-domain robustness.

OpenOOD includes CIFAR-10/100 [32] and ImageNet-1k [14] as ID datasets.
While CIFAR experiments are reported for completeness (see supplementary
material), we focus on the large-scale ImageNet-1k task. OpenMIBOOD eval-
uates cross-domain generalization across three medical tasks: histopathology
(MIDOG [7]), endoscopic video (PhaKIR [56]), and brain MRI (OASIS-3 [36]).
ICONIC-444 evaluates OOD detection in high-resolution industrial vision sys-
tems and comprises four ID tasks (Almond, Wheat, Kernels, and Food-grade).

OpenOOD and OpenMIBOOD define near- and far-OOD splits based on
benchmark-specific protocols, while ICONIC-444 also introduces extreme-OOD
splits. To enable consistent cross-domain comparison, we standardize the eval-
uation into near-, far-, and extreme-OOD categories across all benchmarks,
strictly adhering to official splits and extending them only where not explic-
itly defined. Across all tasks, we evaluate 21 OOD datasets spanning natural,
medical, and industrial shifts (MNIST [37], FMNIST [72], Tiny ImageNet [66],
SVHN [51], Textures [13], Places365 [81], SSB-Hard [70], NINCO [11], iNatu-
ralist [69], OpenImage-O [71], CCAgT [3, 6], FNAC 2019 [57], Cholec80 [68],
EndoSeg15 [12], EndoSeg18 [2], Kvasir [28], CATARACTS [1], ATLAS [40],
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BraTS [8, 9, 47], MDS-Heart [5, 59, 65], CHAOS [30, 31]). A detailed overview
of ID tasks, OOD datasets, and their grouping into near-, far-, and extreme-
OOD categories is provided in the supplementary material.

Architectures. For the primary evaluation, we use the benchmark-defined back-
bones: ResNet-18 [22] for CIFAR-10/100, PhaKIR, and ICONIC-444; ResNet-50
is used for ImageNet-1k and MIDOG; and task-specific R(2+1)D [67] for the
OASIS-3 brain MRI task. To evaluate architectural robustness, we additionally
consider ViT-B/16 [17] and Swin-T [45] on ImageNet-1k, and CCT-7/7x2 [21]
and ConvNeXt-S [46] on ICONIC-444.

Layer Selection Strategy & Subspace Dimension. We use an architecture-
specific layer-selection rule: for each backbone, we extract features from standard
stage/block outputs that are uniformly spaced across depth (stage outputs for
convolutional networks; regularly spaced blocks for transformers; layers listed
in the supplement). Unless stated otherwise, the PCA dimension is fixed to
d = 512 for all experiments, independent of dataset, domain, or backbone. This
avoids benchmark-specific tuning and keeps the protocol strictly ID-only across
all evaluations.

Evaluation Metrics. Following established protocol [11,26,33,43,61,79], we re-
port the false positive rate at recall 95% (FPR95) and the area under the receiver
operating characteristic curve (AUROC). When reporting aggregated results, we
(i) first average over the OOD test sets within each OOD category/task and, then
(ii) average across categories/tasks, giving each category/task equal weight.

Evaluation Protocol. All inputs follow the benchmark’s default preprocessing
and are resized to the input shape required by the corresponding backbone. We
compare PRISM against 22 state-of-the-art post-hoc OOD detection methods.
For methods requiring ID statistics, we use the training split of the ID dataset.
For methods requiring hyperparameter selection, we follow each benchmark’s
official validation protocol. MDSEns is the only method compared that requires
OOD data for calibration; it is included for completeness (as a top-performing
OpenMIBOOD [19] reference) and is marked accordingly in the results. Addi-
tional implementation details are provided in the supplementary material.

4.2 Benchmark Results

Cross-Domain OOD Detection Performance. Tab. 1 compares PRISM
against 22 post-hoc OOD detection methods across all three domains. PRISM
achieves the best overall mean AUROC (93.92%), improving over the second-
best method (MDS++, 89.13%) by 4.79 points. It is also the only method that
consistently remains among the top-performing approaches across all three do-
mains. To further assess robustness beyond dataset averages, Fig. 4 reports AU-
ROC averaged over near-, far-, and extreme-OOD categories. PRISM maintains
high AUROC from near- to extreme-OOD, indicating robustness to increasing
distributional shifts.
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Table 1: AUROC (↑) performance across diverse imaging domains. Comparison of
post-hoc OOD detection methods on natural (OpenOOD), medical (OpenMIBOOD),
and industrial (ICONIC-444) benchmarks. Values represent the mean AUROC (%)
across the benchmark-specific OOD test sets. Standard backbones are employed:
ResNet-18 for CIFAR-10/100 (C10, C100), PhaKIR, and ICONIC-444; ResNet-50
for ImageNet-1k (IN-1k) and MIDOG; and R(2+1)D for OASIS-3. The best and
second-best results in each column are highlighted in bold and underlined, respectively.
* Results of MDSEns should be interpreted with caution, as discussed in Sec. 3.2 and
in prior benchmark analyses [19].

Method OpenOOD OpenMIBOOD ICONIC-444 Average
C10 C100 IN-1k Mean MIDOG PhaKIR OASIS-3 Mean Almond Wheat Kernels FG Mean

MSP [26] 87.97 78.55 77.94 81.49 64.23 39.99 69.23 57.82 75.04 39.86 86.74 90.61 73.06 70.79

MDS [38] 88.66 63.83 89.83 80.77 78.14 73.66 98.73 83.51 97.00 98.64 96.65 88.96 95.31 86.53

MDSEns* [38] 91.79 78.24 54.41 74.82 96.87 98.49 99.89 98.41 93.38 98.44 95.82 87.59 93.81 89.01

GRAM [58] 91.78 85.00 85.61 87.46 89.49 36.46 99.42 75.12 97.77 98.70 97.82 95.89 97.55 86.71

EBO [43] 87.49 81.01 41.68 70.06 66.54 32.94 65.83 55.10 64.50 26.11 84.35 94.09 67.26 64.14

RMDS [55] 90.36 80.66 88.62 86.54 51.30 53.65 83.66 62.87 93.11 85.55 97.32 92.10 92.02 80.48

ReAct [61] 86.72 81.35 69.70 79.26 65.66 34.08 80.94 60.23 73.91 77.88 91.32 94.18 84.32 74.60

MLS [24] 87.43 80.95 70.21 79.53 65.71 32.94 65.87 54.84 65.08 26.11 84.35 93.65 67.30 67.22

ViM [71] 91.67 78.38 85.54 85.19 79.12 64.46 99.48 81.02 97.36 98.28 97.85 84.68 94.54 86.92

KNN [63] 91.49 80.87 85.64 86.00 76.17 51.12 99.28 75.52 94.16 88.82 97.03 89.87 92.47 84.66

DICE [62] 83.67 82.06 39.29 68.34 60.12 31.64 30.49 40.75 58.52 23.45 81.35 94.27 64.40 57.83

FeatNorm [76] 93.32 73.56 73.38 80.09 39.76 61.58 62.56 54.63 43.41 34.25 28.43 37.89 35.99 56.90

ASH-b [15] 72.99 81.08 26.17 60.08 68.94 51.10 84.37 68.14 66.86 33.33 74.22 91.12 66.38 64.87

ASH-s [15] 79.48 82.48 69.01 76.99 65.04 53.94 87.59 68.86 66.94 61.40 84.67 94.70 76.93 74.26

Residual [71] 86.41 52.10 84.23 74.24 80.93 76.44 98.84 85.40 96.24 98.72 95.32 54.68 86.24 81.96

SHE [80] 90.00 81.40 79.51 83.64 76.00 55.71 96.79 76.17 93.12 93.99 95.90 91.89 93.72 84.51

GEN [44] 88.84 81.17 87.33 85.78 63.38 41.01 69.23 57.87 75.18 40.69 87.64 93.85 74.34 72.66

ATS [35] 90.65 82.71 74.05 82.47 80.12 57.10 92.31 76.51 90.28 86.65 87.83 85.74 87.63 82.20

SCALE [73] 81.91 82.18 69.02 77.70 64.40 40.95 94.20 66.52 66.11 56.74 84.64 94.67 75.54 73.25

fDBD [41] 91.64 80.27 81.97 84.63 66.41 37.42 87.76 63.87 92.50 86.35 95.29 91.97 91.53 80.01

MDS++ [50] 91.08 80.53 89.88 87.16 80.72 71.69 99.88 84.09 97.04 98.79 98.12 90.54 96.12 89.13

NCI [42] 89.09 81.18 84.60 84.96 73.34 44.74 79.38 65.82 85.54 80.21 95.38 94.50 88.91 79.90

PRISM (Ours) 94.50 86.62 89.96 90.36 91.99 92.60 99.98 94.86 98.39 99.56 98.14 90.13 96.56 93.92

On OpenOOD, PRISM achieves the highest mean AUROC (90.36%), sur-
passing both GRAM and MDS++, which each perform strongly only on spe-
cific subsets (e.g ., CIFAR or ImageNet-1k). On OpenMIBOOD, PRISM attains
94.86%, substantially improving over MDS++ (84.09%), and emerges as the
strongest ID-only alternative to the OOD-calibrated MDSEns (98.41%). On
ICONIC-444, PRISM reaches 96.56%, closely matching the strongest industrial
baseline (GRAM, 97.55%) and exceeding MDS++ (96.12%).

In contrast, competing approaches exhibit pronounced domain-dependent
variability. For example, MDSEns achieves excellent results on OpenMIBOOD
but drops to 54.41% on ImageNet-1k, consistent with the sensitivity of OOD-
calibrated aggregation (cf . Fig. 3). GRAM performs strongly on ICONIC-444
(97.55%) yet degrades substantially on medical tasks (75.12%). Other meth-
ods, such as FeatNorm and DICE, show competitive performance on selected
datasets but fail when transferred to other domains (e.g ., DICE: 30.49% on
OASIS-3). Overall, these observations suggest that many post-hoc detectors are
implicitly tailored to particular benchmark regimes and rely on design choices
(e.g ., logit-only scoring, fixed-depth features, or OOD-calibrated aggregation)
whose effectiveness varies across domains and OOD definitions. Interestingly, we
further observe that several logit-based methods (e.g ., MLS, SCALE) degrade
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Table 2: Ablation of PRISM components and PCA dimensionality. Performance is
reported as AUROC (%) (↑) and FPR95 (%) (↓), averaged over all near-, far-, and
extreme-OOD test sets across the three benchmarks. For OpenOOD, results are shown
on the large-scale ImageNet-1k task. (a) Contribution of projected Mahalanobis dis-
tance (sproj) and residual energy (sres). (b) Sensitivity to the PCA projection dimen-
sion. Best and second-best results are highlighted in bold and underlined, respectively.

(a) Component ablation.

sproj sres

OpenOOD OpenMIBOOD ICONIC-444 Average

AUROC FPR95 AUROC FPR95 AUROC FPR95 AUROC FPR95
↑ ↓ ↑ ↓ ↑ ↓ ↑ ↓

✓ 89.94 38.62 91.42 32.32 95.21 16.05 92.19 29.00

✓ 76.39 58.20 95.72 17.21 93.82 20.30 88.64 31.90

✓ ✓ 89.88 35.83 94.86 21.10 95.67 14.02 93.47 23.65

(b) PCA dimensionality ablation.

PCA-Dim
OpenOOD OpenMIBOOD ICONIC-444 Average

AUROC FPR95 AUROC FPR95 AUROC FPR95 AUROC FPR95
↑ ↓ ↑ ↓ ↑ ↓ ↑ ↓

128 88.94 39.81 94.83 22.91 95.56 14.54 93.11 25.75

256 89.67 36.93 95.24 21.19 95.59 14.46 93.50 24.19

512 89.88 35.83 94.86 21.10 95.67 14.02 93.47 23.65
768 89.97 36.09 93.47 25.32 95.67 13.91 93.04 25.11

on extreme-OOD in some settings, underscoring that a larger semantic shift
does not necessarily imply easier detection. PRISM instead uses a simple ID-
only model of a fused shallow-to-deep representation, reducing opportunities for
domain-specific optimization and yielding more consistent cross-domain behav-
ior. This advantage persists beyond the mean AUROC: PRISM achieves the best
overall average rank across datasets and shows significant improvements under
paired per-dataset comparisons (see supplemental material, Fig. 1). To better
understand the remaining errors, we provide a qualitative analysis of false pos-
itives in the supplement. Across OpenOOD, many failures arise from ID–OOD
overlap, fine-grained semantic ambiguity, or context-dependent cases where the
OOD object is visually close to, or only a small part of, an ImageNet-like scene.
In medical and industrial benchmarks, errors often reflect subtle near-OOD con-
fusions caused by acquisition artifacts or shared coarse shape, texture, and color
attributes between ID and OOD categories. Overall, these failure modes are
largely class-consistent and interpretable rather than arbitrary artifacts.

4.3 Ablation Study

Contribution of PRISM components. Tab. 2 analyzes the contribution
of the projected Mahalanobis term (sproj) and the residual energy term (sres).
The two components exhibit domain-dependent behavior: on OpenOOD and
ICONIC-444, the projected term performs strongest, whereas on OpenMIBOOD,
the residual term dominates, indicating that OOD deviations manifest differently
across domains.

Even when used individually, either term already improves over classical
penultimate-layer baselines when computed on the unified multi-layer represen-
tation. For comparison, averaged across all large-scale benchmarks, MDS obtains
87.00% AUROC (41.38% FPR95), MDS++ 88.37% (39.44%), and ViM 85.59%
(41.79%), all below the single-component PRISM variants. This suggests that
the gains do not arise merely from combining two scoring terms, but from mod-
eling a fused representation that preserves complementary low-, mid-, and high-
level cues. The projected subspace model then derives the OOD score from ID
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Table 3: Performance comparison of post-hoc OOD detection methods across archi-
tectures. (a) OpenOOD (ImageNet-1k) using ResNet-50, Swin-T, and ViT-B/16. (b)
ICONIC-444 using ResNet-18, CCT-7/7x2, and ConvNeXt-S. Methods are selected
based on the mean AUROC across architectures within each benchmark.

(a) ImageNet-1k (OpenOOD)
Method ResNet-50 Swin-T ViT-B-16 Average

AUROC FPR95 AUROC FPR95 AUROC FPR95 AUROC FPR95
↑ ↓ ↑ ↓ ↑ ↓ ↑ ↓

MDS++ [50] 89.88 42.34 88.85 52.15 89.52 40.37 89.42 44.96

RMDS [55] 88.62 47.71 88.02 55.59 88.38 53.87 88.34 52.39

MDS [38] 89.83 36.38 87.09 57.57 86.17 52.81 87.70 48.92

ViM [71] 85.54 41.42 88.15 49.50 83.45 50.45 85.71 47.12

KNN [63] 85.64 51.46 84.78 66.59 86.17 50.95 85.53 56.33

NCI [42] 84.60 52.40 86.15 61.21 84.62 66.59 85.13 60.07

PRISM 89.96 35.36 90.91 30.60 88.76 41.51 89.88 35.83

(b) ICONIC-444
Method ResNet-18 CCT-7/7x2 ConvNeXt-S Average

AUROC FPR95 AUROC FPR95 AUROC FPR95 AUROC FPR95
↑ ↓ ↑ ↓ ↑ ↓ ↑ ↓

GRAM [58] 97.55 8.41 88.75 34.64 96.29 15.93 94.19 19.66

MDS++ [50] 96.12 11.88 86.12 43.49 92.60 30.72 91.61 28.69

ViM [71] 94.54 22.11 82.56 49.84 92.99 28.44 90.03 33.46

MDS [38] 95.31 15.65 79.01 57.24 95.06 19.77 89.80 30.89

SHE [80] 93.72 23.65 82.29 49.38 88.27 39.21 88.09 37.41

Residual [71] 86.24 34.92 82.93 52.94 93.54 28.81 87.57 38.89

PRISM 96.56 9.87 94.65 16.08 95.79 16.12 95.67 14.02

feature geometry rather than a single layer, OOD-calibrated layer weights, or
output confidence.

The two scores capture complementary geometric deviations. The projected
Mahalanobis term detects violations of class-conditional structure within the
principal ID subspace, while the residual term measures energy outside this
subspace. Importantly, OOD deviations are not confined to residual directions:
some samples lie outside the learned manifold, whereas others remain within it
but violate class-conditional structure. In contrast to ViM, which models residual
deviations at a single depth and combines them with a logit-based energy term
for ID confidence, PRISM captures both in-subspace class-conditional deviations
and off-subspace residual energy within a unified representation.

While each component can dominate on specific benchmarks, their combina-
tion achieves the highest overall average AUROC (93.47%) and the most bal-
anced FPR95 (23.65%) across benchmarks, confirming that robust OOD detec-
tion requires modeling both types of deviation.

Effect of Projection Dimension. We further analyze the sensitivity to the
PCA dimensionality. Performance remains stable across a broad range, with
only minor variation in AUROC and FPR95 (see Tab. 2). While the selected
value of d = 512 provides the best overall performance, the dependence on the
projection dimension is generally weak, indicating that PRISM does not rely on
precise tuning of subspace dimensionality. This further supports the claim that
PRISM operates as a stable cross-domain method with weak sensitivity to d.

Architectural Generalization. To evaluate architectural robustness, we assess
PRISM on diverse backbone families, including convolutional neural networks
(ResNet-18/50 [22], ConvNeXt [46]) and transformer-based models (ViT-B/16
[17], Swin-T [45]). As shown in Tab. 3, PRISM consistently ranks among the
top-performing methods across both OpenOOD and ICONIC-444, independent
of the underlying architecture.

Although Tab. 3 reports only the strongest methods per benchmark for clar-
ity (full results are provided in the supplementary material), notable rank varia-
tions remain across architectures and domains. The leading competitors are pre-
dominantly geometric and statistic-based approaches operating on penultimate
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features, which tend to generalize better across architectural families, consistent
with prior findings [34,79]. Our results extend this observation by demonstrating
stability not only across architectures but also across distinct domains.

Overall, PRISM maintains strong and consistent performance without spe-
cific tuning, confirming that unified multi-layer subspace modeling scales reliably
across network designs.

Computational Efficiency. In PRISM, intermediate feature maps are spa-
tially reduced via global pooling, transforming tensors of size B ×Cl ×Hl ×Wl

into B × Cl. This compression scales with O(BHlWl) per layer but eliminates
the dependence of the stacked representation D =

∑
l Cl on the spatial resolu-

tion (H,W ). Consequently, all subsequent OOD scoring operations operate on
resolution-independent feature vectors, ensuring that their computational cost
does not increase with image size.

The additional computational cost of PRISM consists of three linear op-
erations: (i) projection into a d-dimensional principal subspace with complex-
ity O(BDd), (ii) Mahalanobis distance computation in the reduced space with
O(BdK), and (iii) residual energy computation with O(BD), where B denotes
the batch size and K the number of classes. Since d ≪ D and all computations
are implemented as matrix multiplications, these operations scale linearly with
B and contribute only a bounded relative overhead compared to the backbone
forward pass, which itself scales with O(BHW ).

Overhead measures extra inference time beyond the backbone; MSP (max-
softmax on logits) has near-zero overhead. For a fair comparison, we optimize the
MDS++ implementation analogously to PRISM and evaluate all methods under
identical measurement settings. Figure 5 reports the empirical runtime overhead
on ImageNet-1k with ResNet-50. Compared to MSP and optimized MDS++,
PRISM introduces less than 1.0% additional inference time for batch sizes ≥ 16.
Inference time is measured over 1k iterations, preceded by 200 warm-up runs on
a synthetic input. These results indicate that multi-layer subspace modeling can
be incorporated with negligible practical overhead while significantly boosting
robustness.
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5 Conclusion

We show that Out-of-Distribution (OOD) detection is influenced by representa-
tion depth: neither a single layer nor layer-wise score aggregation is consistently
reliable across domains, and aggregation strategies calibrated on one OOD set-
ting do not robustly transfer. This motivates preserving information across rep-
resentation depths rather than relying on benchmark-specific depth preferences.

PRISM addresses this instability by fusing shallow-to-deep representations
into a unified feature space and performing statistical modeling only after fu-
sion, combining projected class-conditional Mahalanobis distance with orthogo-
nal residual energy. As a result, PRISM avoids per-benchmark layer selection,
aggregation heuristics, and OOD-based calibration, and delivers consistent state-
of-the-art performance across natural, medical, and industrial benchmarks.

We use a fixed, architecture-aware layer sampling strategy and global pooling
to ensure a consistent ID-only evaluation protocol. This design abstracts away
spatial or token layouts, yielding a unified representation without architecture-
specific fusion choices. More task-specific alternatives, such as tuned layer weights
or spatially adaptive pooling, could improve individual benchmarks but would
introduce additional priors and hyperparameters that may reduce transferability.
Our minimal fusion design, therefore, isolates the central hypothesis of PRISM:
unified multi-layer ID geometry can improve cross-domain OOD robustness
without task-specific tuning or OOD-dependent calibration. Developing adap-
tive depth or pooling strategies that retain this transferability is an interesting
direction for future work.
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