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Abstract

Out-of-distribution (OOD) detection is critical for the
safe deployment of deep neural networks. State-of-the-art
post-hoc methods typically derive OOD scores from the
output logits or penultimate feature vector obtained via
global average pooling (GAP). We contend that this ex-
clusive reliance on the logit or feature vector discards a
rich, complementary signal: the raw channel-wise statistics
of the pre-pooling feature map lost in GAP. In this paper,
we introduce Catalyst, a post-hoc framework that ex-
ploits these under-explored signals. Catalyst computes
an input-dependent scaling factor (ω) on-the-fly from these
raw statistics (e.g., mean, standard deviation, and maxi-
mum activation). This ω is then fused with the existing
baseline score, multiplicatively modulating it – an “elas-
tic scaling” – to push the ID and OOD distributions fur-
ther apart. We demonstrate Catalyst is a generalizable
framework: it seamlessly integrates with logit-based meth-
ods (e.g., Energy, ReAct, SCALE) and also provides a sig-
nificant boost to distance-based detectors like KNN. As a
result, Catalyst achieves substantial and consistent per-
formance gains, reducing the average False Positive Rate
by 32.87% on CIFAR-10 (ResNet-18), 27.94% on CIFAR-
100 (ResNet-18), and 22.25% on ImageNet (ResNet-50).
Our results highlight the untapped potential of pre-pooling
statistics and demonstrate that Catalyst is complemen-
tary to existing OOD detection approaches. Our code is
available here: https://github.com/bingabid/Catalyst

1. Introduction
A deep neural network deployed in real-world environ-
ments will inevitably encounter out-of-distribution (OOD)
samples drawn from novel contexts whose class labels
are disjoint from the training distribution, referred as in-
distribution (ID) data. Unlike ID samples that the model
was trained on, these OOD instances should not be con-
fidently classified but be detected and flagged for hu-
man review. Robust OOD detection is particularly cru-

cial for safety-critical applications where erroneous predic-
tions can have severe consequences, e.g., in medical diag-
nosis [52, 63] or autonomous driving [9] systems.

Early methods to OOD detection primarily focused on
designing scoring functions to distinguish ID from OOD
samples. The seminal work [16] proposed using the maxi-
mum softmax probability (MSP) as a confidence measure,
based on observation that OOD samples yield lower soft-
max scores. However, subsequent studies [15, 48] revealed
a critical flaw: neural networks often produce overconfi-
dent softmax predictions even for far-OOD inputs, render-
ing MSP unreliable. To address this, Energy [36] introduced
the energy-based score, which maps inputs to a scalar value
such that ID samples yield lower energy than OOD sam-
ples. This score provided a more robust uncertainty mea-
sure, inspiring a series of improvements aimed at enhanc-
ing ID-OOD separability. Recent advances have focused on
post-hoc activation manipulation to amplify this separation.
Notable methods include ReAct [55], DICE [54], ASH [5],
SCALE [67] achieving state-of-the-art performance.

These methods share a common paradigm: they derive
their scores using the penultimate feature vector (generally
obtained via GAP) as their foundational input. These tech-
niques process this feature vector to derive energy-based
scores [36, 55, 67] or distance-based scores [11, 56]. We
contend that exclusive reliance on the feature vector cre-
ates an information bottleneck, as it discards complemen-
tary signals, namely the raw channel-wise statistics of the
pre-pooling feature map, which could otherwise be used in
tandem with existing methods for improved OOD detection.

Figure 1 illustrates the distribution of these untapped in-
formation cues, extracted from the penultimate layer’s pre-
pooling activation map in an ImageNet-trained ResNet-50,
using Textures as the OOD dataset. In exemplary visual-
ization, we observed that pre-pooled activation map encode
important channel-specific characteristics that exhibit dis-
criminative attributes between ID (blue) and OOD (orange)
samples. Each point on the x-axis corresponds to a single
channel, while the y-axis represents the strength of four sta-
tistical cues: (a) mean, (b) standard deviation, (c) maximum
activation, and (d) entropy values.
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Figure 1. Information cues from each channel before the penultimate layer of a ResNet-50 trained on ImageNet-1k, evaluated with Texture
as the OOD dataset. The x-axis shows channel indices; the y-axis shows cue strength. Left to right: (a) µ(x): mean activation, (b) ω(x):
standard deviation, (c) max(x): dominant activation, and (d) H(x): entropy per channel.

The existing methods have under-explored these distinc-
tive statistical information. The approach exclusively re-
lies on a score derived from the output logits [5, 16, 32,
36, 55, 67]: discards potent raw cues (e.g., standard devia-
tion, maximum) and fails to leverage independent discrimi-
native power of raw mean statistics. To address this critical
limitation, we propose Catalyst, a simple yet powerful
framework that computes an input-dependent scaling factor
(ω) designed to be fused in tandem with an existing scoring
function. This scaling factor is computed on-the-fly, lever-
aging these distribution-sensitive cues embedded in the pre-
pooled activation maps. Catalyst is designed to integrate
seamlessly with established approaches while significantly
improving their ability to distinguish between ID and OOD
data. Our key contributions are:
1. Catalyst, a complementary post-hoc OOD detec-

tion framework that leverages pre-pooling channel-wise
statistics to augment existing methods, generalizing
across architectures like ResNet, DenseNet, and Mo-
bileNet.

2. An extensive evaluation showing Catalyst comple-
ments and substantially improves established competi-
tive baselines. Specifically, on the ImageNet benchmark,
Catalyst reduces average FPR95 by 22.25% using
ResNet-50. On CIFAR benchmarks, it reduces FPR95
by 32.87% on CIFAR-10 and 27.94% on CIFAR-100 us-
ing ResNet-18.

3. Statistical analysis (Appendix B) and extensive ablation
studies (Section 5) validate our design choices.

2. Preliminaries
Setup. This paper focuses on the post-hoc analysis of
multiclass classification in supervised settings. Let X

denote the input space and Y = {1, 2, · · · , C} the output
label space. A neural network ε : X → R|Y| is trained on
a dataset D = (xi, yi)

N
i=1 drawn i.i.d. from an unknown

joint distribution PXY over X ↑ Y . The network outputs
a logit vector, which is used to predict the label of an input
sample. Din represents the marginal distribution of PXY
over X , corresponding to the ID data.

Scoring Function. As introduced in Section 1, the core
challenge in OOD detection lies in designing effective scor-
ing functions that reliably distinguish between ID and OOD
samples. The evolution of scoring functions began with the
MSP [16] approach and progressed to more robust energy-
based scores [36]. While other scoring functions exist (e.g.,
ODIN [32], Mahalanobis [30], KNN [56]), we focus on the
energy-based score Senergy(x; ε) due to its prevalence, su-
perior performance and simplicity [5, 36, 54, 55, 67]. With-
out loss of generality, all subsequent mentions of “score”
refer to Senergy(x; ε) unless specified otherwise. We adopt
the negative free energy formulation from [36]. Formally,
given a logit vector f(x) ↓ RC produced by the model ε,
the scoring functions is defined as:

Senergy(x; ε) = log

(
C∑

j=1

e
fj(x)

)
(1)

Out-of-distribution Detection. At inference time, the
model ε operating in real-world will inevitably encounter
OOD samples Dout whose label sets are disjoint from Y .
These samples should not be confidently predicted by ε as
one of the known classes, instead necessitating robust OOD
detection. Formally, we frame OOD detection as learning
a decision boundary Gω(x; ε) that classifies a test sample
x ↓ X as either ID or OOD:

Gω(x; ε) =

{
ID if x ↔ Din

OOD if x ↔ Dout
=

{
ID if S(x; ε) ↗ ϑ

OOD if S(x; ε) < ϑ
(2)

where S(x; ε) represents a downstream OOD scoring func-
tion, and by convention [36] ϑ is a threshold calibrated such
that 95% of ID data (Din) is correctly classified.
Evaluation metrics. In line with standard evaluation pro-
tocol in OOD detection [36], we evaluate the performance
of Catalyst using two key metrics: FPR95 and AUROC:
1. FPR95 measures the False Positive Rate when 95% of

in-distribution (ID) samples are correctly classified. A
lower FPR95 (↘) indicates better OOD detection perfor-
mance.

2. AUROC is a threshold-free metric that computes the area
under the receiver operating characteristic curve. Higher
AUROC (≃) signifies superior discriminative capability.
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Figure 2. Illustration of Catalyst’s effectiveness. The model is ResNet-50 trained on ImageNet-1k, evaluated on Texture (OOD). Here,
we apply ϑ computed from the channel-maximum statistic (m) multiplicatively to the baseline ReAct. (a) The unscaled score distribution
shows more significant overlap than (b) the Catalyst-scaled score distribution.

3. Methodology
The key contribution of this paper is Catalyst, a novel
elastic scaling mechanism for enhanced OOD detection.
We propose an input-dependent scaling factor (ω), derived
from the overlooked channel-wise statistics of the penulti-
mate layer’s pre-pooling activation map. When this factor
is fused with a baseline score, it significantly enhances the
separability between ID and OOD samples. Figure 2 illus-
trates this effect with a trend representative of what we ob-
serve across the diverse models and OOD datasets in our
evaluation. For instance, in the specific case depicted us-
ing a ResNet-50 trained on ImageNet, we see that while
baseline score distributions for ID and Texture (OOD) data
exhibit significant distributional overlap (Figure 2a), multi-
plicatively fusing ω markedly reduces this overlap, enabling
a much clearer separation (Figure 2b).

In this section, we describe the method to compute input-
dependent ω and how it is fused with score. Finally, we
discuss the compatibility of Catalyst with other scoring
functions and its integration with existing baselines.

3.1. Computing the Scaling Factor ω

To compute scaling factor ω, we consider a trained DNN
ε : Rd

→ RC that maps an input x ↓ Rd to a logit vector
f(x) ↓ RC , where C = |Y| denotes the number of classes.
The network’s penultimate layer produces a feature vector
h(x) ↓ Rn by applying GAP operation to the activation
map g(x) ↓ Rn→k→k. Here, n is the number of channels,
and each channel has spatial resolution k ↑ k. A weight
matrix W ↓ Rn→C projects h(x) to the final logit vector.

In this work, we deliberately focus on this activation
map g(x) as our source of statistics. As we will empiri-
cally demonstrate in our ablation study (Section 5.1, Ap-
pendix H), this specific layer provides the most potent and
reliable discriminative information cues for ω. The earlier

layers provide less informative signal with high ID/OOD
overlap.
Catalyst is built upon the core insight, illustrated

in Figure 1, that the existing baselines’ exclusive reliance
on the feature vector fails to leverage valuable, channel-
specific statistical information. Building upon this, we iden-
tify and extract three key statistical cues from g(x):
• Channel Mean [µ(x) ↓ Rn] is equivalent to the penulti-

mate feature vector h(x) obtained via GAP.1
• Channel Standard Deviation [ϖ(x) ↓ Rn] measures the

spatial variability of activations within each channel.
• Channel Maximum [m(x) ↓ Rn] captures the peak acti-

vation response in each channel.
The information cues µ(x),ϖ(x), and m(x) for OOD

samples may exhibit extreme unit activations. Prior
work [55] presented a similar phenomenon of abnormally
high unit activations that result in overconfident predictions
for OOD samples, subsequently distorting the energy score.
Extreme values in µ(x),ϖ(x), and m(x) can similarly dis-
tort scaling factor ω for OOD samples. To mitigate this ef-
fect, we introduce a clipping mechanism that bounds each
statistic by a threshold c > 0. Specifically, for each input,
we compute rectified features via element-wise clipping:

f̄(x) = min(f(x), c) (3)

where f(x) ↓ {µ(x),ϖ(x),m(x)}. This operation ensures
that activation values are capped at c, preventing them from
disproportionately influencing ω. The rectified vectors are
the basis for ω’s calculation:

ϑ(x; f) =
n∑

i=1

f̄i(x) (4)

where the subscript i denotes the i-th channel. The selec-
tion of this clipping threshold c is discussed in Section 4.5
and detailed in Appendix G.

1We use µ(x) and h(x) interchangeably.
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While we primarily focus on µ(x),ϖ(x) and m(x),
our framework readily accommodates other channel-wise
statistics derived from g(x), such as entropy and median.
We provide a detailed comparative analysis of these cues in
our ablation study (Section 5.3; Appendix J), which justifies
our design and validates our focus on µ(x),ϖ(x), and m(x)
as robust and generalizable set of statistics for computing ω.

3.2. Elastic Scaling of the Score
To create a more discriminative score, we dynamically re-
calibrate the baseline score S(x; ε) using scaling factor ω.
We explore the two fusion strategies: multiplicative and ad-
ditive. We term the multiplicative strategy “Elastic Scal-
ing” because it truly scales (i.e., multiplies) the baseline
score, elastically stretching or shrinking it based on the ω.
The additive approach, in contrast, is a simple offset or shift,
not a scaling. These are defined in Equation 5:

S
→
mul(x; ε, ϑ) = ϑ(x; f)→ S(x; ε) (5a)

S
+
add(x; ε, ϑ) = ϑ(x; f) + S(x; ε) (5b)

where ω(x; f) is the scaling factor computed from an in-
formation cue f(x) ↓ {µ(x),ϖ(x),m(x)}.

While our analysis in Section 5.2 shows that both strate-
gies can achieve similar peak performance, we adopt mul-
tiplicative fusion (Eq. 5a) as our primary framework. This
choice is not arbitrary, as we demonstrate that the additive
approach, while effective, is operationally fragile due to its
hyperparameter sensitivity. The multiplicative fusion pro-
vides not only competitive performance but also the prac-
tical robustness and stability required of a general-purpose
usage. Therefore, in the remainder of this paper, we will
refer multiplicative fusion as Elastic Scaling. This final re-
calibrated score is subsequently used in the decision rule
defined in Equation 2 to classify as ID or OOD.

3.3. Generalizability of Catalyst
While our analysis primarily focuses on energy-based scor-
ing (given its primary role for competitive methods like Re-
Act and SCALE), Catalyst is a general framework. It
can be seamlessly integrated with other scoring functions
such as MSP [16], ODIN [32], and KNN [11, 56] – by re-
placing the baseline score S(x; ε) in equation (Eq. 5a) with
the alternate score.

Additionally, this elastic scaling retains all advantages
of post-hoc methods while transforming scores into a more
discriminative metric. Catalyst is designed to comple-
ment existing techniques, including Energy, ReAct, DICE,
ASH, SCALE, and KNN. In Appendix B, we provide a for-
mal characterization of why Catalyst enhances ID-OOD
separability, offering deeper insight.

4. Experiments
In this section, we evaluate the efficacy of Catalyst
across a diverse set of OOD datasets. We begin with an in-

depth empirical analysis on standard CIFAR benchmarks.
We then extend our evaluation to a large-scale OOD detec-
tion setting using ImageNet, demonstrating the versatility
and robustness of Catalyst. Our evaluation does not as-
sume the availability of an OOD validation set and incor-
porates a wide range of OOD datasets to provide a realistic
assessment of Catalyst.

We use the Energy score [36] as our default baseline. For
brevity, when Catalyst is applied to Energy, we simply
denote it as Catalyst. When applying Catalyst to
other baselines or scoring functions, we state it explicitly
(e.g., Catalyst + ReAct, Catalyst + KNN).

We ensure a fair and direct comparison against prior
work. As the architectures used in our evaluation (e.g.,
ResNet-18 for the CIFAR benchmarks; ResNet-34 and
DenseNet-121 for ImageNet) were not included in the
primary baselines like ReAct, DICE, ASH, and SCALE,
we undertook a rigorous re-evaluation of these methods.
We carefully followed the official hyperparameter selection
protocols and open-sourced implementations from their re-
spective papers to ensure the integrity of our comparisons.

4.1. CIFAR Evaluation

Model Method CIFAR-10 CIFAR-100
FPR95 ↘ AUROC ≃ FPR95 ↘ AUROC ≃

R
es

N
et

-1
8

MSP 58.33 91.28 79.92 76.66
ODIN 28.98 95.16 66.06 84.78
Energy 35.50 94.17 70.21 83.54
ReAct 29.76 95.19 57.76 87.97
DICE 30.98 94.69 55.66 85.97
ReAct+DICE 19.65 96.50 48.23 89.06
ASH 20.96 95.95 49.52 86.86
SCALE 21.05 96.19 48.10 88.70

Catalyst(µ) 24.85 95.74 52.93 87.46
Catalyst(ϖ) 17.72 96.89 46.29 89.18
Catalyst(m) 16.59 97.10 45.96 89.37
Catalyst(µ) + ReAct 19.88 96.41 41.93 89.99
Catalyst(ϖ) + ReAct 14.25 97.42 35.15 91.48
Catalyst(m) + ReAct 13.19 97.59 34.66 91.70

D
en

se
N

et
-1

01

MSP 45.43 92.43 77.47 74.80
ODIN 19.37 96.06 57.67 84.00
Energy 22.41 95.43 58.92 83.87
ReAct 17.13 96.61 52.89 87.18
DICE 14.52 96.74 40.98 87.92
ReAct+DICE 10.26 97.94 34.64 91.17
ASH 11.71 97.44 35.84 90.85
SCALE 19.88 96.01 38.31 90.46

Catalyst(µ) 13.73 97.14 41.42 89.45
Catalyst(ϖ) 10.93 97.71 37.98 90.48
Catalyst(m) 10.71 97.77 36.79 90.83
Catalyst(µ) + ReAct 10.24 97.85 29.36 92.56
Catalyst(ϖ) + ReAct 8.49 98.21 29.05 92.78
Catalyst(m) + ReAct 8.42 98.26 28.06 93.06

Table 1. OOD detection results on CIFAR benchmarks. All val-
ues are percentages, averaged across six OOD test datasets. Full
results for each dataset are available in Appendix E.3. → / ↑ indi-
cates lower / higher values are better.

Experimental Setup. We evaluate on the CIFAR
datasets [27]. Following standard protocols [5, 36, 55],
we use six common OOD datasets for evaluation: Tex-
tures [3], SVHN [46], Places365 [73], LSUN-Crop [70],
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Method ResNet-34 ResNet-50 MobileNet-v2 DenseNet-121
FPR95 ↘ AUROC ≃ FPR95 ↘ AUROC ≃ FPR95 ↘ AUROC ≃ FPR95 ↘ AUROC ≃

MSP 68.84 81.19 64.76 82.82 70.49 80.67 63.46 82.65
ODIN 55.90 87.16 56.48 85.41 54.20 85.81 49.45 87.48
Energy 57.20 86.84 57.48 87.05 58.87 86.59 50.68 87.60
ReAct 32.24 93.08 30.77 93.27 48.91 88.75 35.99 92.27
DICE 39.12 89.96 35.65 90.94 41.07 89.94 38.67 89.65
ReAct+DICE 26.25 93.99 25.41 94.10 31.06 92.84 29.33 93.42
ASH 29.32 93.46 22.83 95.12 38.68 90.95 30.25 93.09
SCALE 27.02 94.14 21.89 95.32 34.28 92.52 28.06 93.45

Catalyst(µ) 31.92 92.41 28.42 93.23 36.71 91.69 29.54 92.71
Catalyst(ϖ) 31.91 92.36 29.75 92.92 33.63 92.27 29.12 92.80
Catalyst(m) 31.83 92.34 29.89 92.82 33.15 92.33 29.45 92.68
Catalyst(µ) + ReAct 19.84 95.56 17.02 96.18 30.81 93.31 25.43 94.56
Catalyst(ϖ) + ReAct 19.91 95.50 17.46 96.02 31.56 92.71 24.26 94.61
Catalyst(m) + ReAct 20.16 95.44 17.64 95.93 29.33 93.43 24.52 94.53

Table 2. OOD detection results on ImageNet benchmarks. All values are percentages and are averaged over four common OOD benchmark
datasets. Complete results for each individual dataset are available in Appendix E.2. → / ↑ indicates lower / higher values are better.

LSUN-Resize [70], and iSUN [68]. To ensure fair compari-
son with prior work, we use a DenseNet-101 backbone [19].
To demonstrate architectural generality, we extend our eval-
uation to ResNet-18 [13]. Training details are detailed in
Appendix G.
Results. Table 1 summarizes our results on the CIFAR
benchmarks. The table clearly shows the two key bene-
fits(1) Catalyst (e.g., Catalyst(m)) significantly out-
performs the standard energy score baseline, proving the
inherent value of scaling factor. (2) When composed with
ReAct, Catalyst establishes a new benchmark. For in-
stance, on CIFAR-10, Catalyst(m) + ReAct reduces
FPR95 by 32.87%, 28.10% with ResNet-18 and DenseNet-
101 respectively. On CIFAR-100, Catalyst(m) +

ReAct reduces FPR95 by 27.94% and 18.99% with
ResNet-18 and DenseNet-101 respectively. The detailed
per-dataset results are provided in Appendix E.3.
Near-OOD Evaluation. We evaluate Catalyst on the
challenging near-OOD task of distinguishing CIFAR-10
from CIFAR-100 [11]. While it yields marginal gains over
SCALE, the improvements are less pronounced than in far-
OOD settings, likely due to the high similarity of learned
penultimate representations. Designing a more effective ω
for near-OOD settings remains an important direction for
future work. Detailed results are provided in Appendix E.1.

4.2. ImageNet Evaluation
Experimental Setup. To assess scalability in a more real-
istic setting, we evaluate on the ImageNet-1k benchmark.
We use four OOD datasets: iNaturalist [60], SUN [66],
Places365 [73], and Textures [3]. These datasets are
carefully curated to avoid class overlap with ImageNet,
while spanning distinct semantic domains to rigorously
assess generalization performance [36, 55].

Our evaluation showcases broad architectural robustness
by using pre-trained ResNet-34, ResNet-50, DenseNet-121,

and MobileNet-v2. Since primary baselines (e.g., ReAct,
SCALE) did not originally report results on all of these ar-
chitectures (such as ResNet-34 and DenseNet-121), we un-
dertook a rigorous re-evaluation of all methods.
Results. Table 2 shows that Catalyst yields consistent
improvements at ImageNet scale. Compared to energy
score, Catalyst(m) reduces FPR95 by 44.35%, 47.99%,
43.69%, and 21.23% using ResNet-34, ResNet-50, Mobile-
Net-v2, and DenseNet-121 architectures respectively. The
most significant gains are achieved when composing
Catalyst with existing primary methods like ReAct.
Specifically, Catalyst(m)+ReAct improves FPR95 by
25.39%, 19.41%, 5.57% and 12.62% compared to previ-
ous best results using ResNet-34, ResNet-50, MobileNet-
v2, and DenseNet-121 respectively. These results validate
that the principles of Catalyst are effective in complex,
large-scale datasets and across diverse architectural fami-
lies. The performance boost confirms that the scaling fac-
tor ω provides significant discriminative information that is
complementary to existing competitive techniques. The de-
tailed per-dataset results are in Appendix E.2.
Discussion. While we acknowledge standardized bench-
marks like OpenOOD [72], we adopted a more chal-
lenging and principled evaluation for two key reasons:
(a) OpenOOD’s dataset selection excludes several difficult,
widely-used testbeds like SUN [66], Places [73], and four
complex categories (bubbly, honeycombed, cobwebbed,
and spiralled) from Texture [3, 62]. (b) OpenOOD’s setup
uses held-out OOD validation set for hyperparameter tun-
ing. Our evaluation is conducted without assuming the
availability of an OOD validation set and incorporates these
difficult datasets to provide a more rigorous and realistic as-
sessment of Catalyst.

We also explored combining statistical cues (e.g., mean
+ std) to compute ω. Our empirical analysis showed these
multivariate combinations did not yield significant per-
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formance gains over the best-performing single statistic.
This finding reinforces our framework’s simplicity and effi-
ciency, as a single, well-chosen statistic is sufficient to pro-
vide a robust performance boost.

4.3. Synergy with Existing Baselines
We evaluated the performance of existing baselines when
applied in tandem with Catalyst to demonstrate its com-
plementary effect. The results show that Catalyst pro-
vides consistent relative performance boost across base-
lines on CIFAR and ImageNet. For example, on Ima-
geNet Catalyst(µ) +DICE improves relative FPR95 by
22.24% (ResNet-50) and 15.41% (MobileNet-v2) respec-
tively. A detailed breakdown is provided in Appendix M.

4.4. Generalizability to Distance-Based Methods
To validate Catalyst as a general-purpose framework,
we test its synergy with a distance-based K-Nearest Neigh-
bors (KNN) [11, 56] OOD detector. The results in
Tables 3 and 4 confirm our hypothesis, showing that
Catalyst provides significant improvement over the
KNN baseline across all benchmarks. For instance,
on CIFAR-100 (ResNet-18), Catalyst(m) achieves a
43.84% reduction. Similarly on, large-scale ImageNet
benchmark, where Catalyst(µ) on a ResNet-50 results
in a 52.13% reduction in average FPR95. These perfor-
mance boost highlight that Catalyst is a general-purpose
modulator, providing complementary information for both
logit and distance based methods, making it a true plug-and-
play framework. The full experimental setup and detailed
per-dataset results are in Appendix D.

Extending our framework to gradient-based methods [2,
21] remains future work due to engineering challenges. Fur-
thermore, we omit Mahalanobis [30] as a baseline, follow-
ing recent precedents [5, 54, 55], owing to its high compu-
tational cost and limiting performance.

Model Method CIFAR-10 CIFAR-100
FPR95 ↘ AUROC ≃ FPR95 ↘ AUROC ≃

ResNet-18

KNN 31.02 95.00 66.81 83.40
+ Catalyst(µ) 25.54 96.18 52.77 87.98
+ Catalyst(ϖ) 16.87 97.28 38.28 90.80
+ Catalyst(m) 15.62 97.45 37.52 90.99

DenseNet-101

KNN 13.08 97.51 41.97 88.29
+ Catalyst(µ) 9.49 98.05 36.42 91.51
+ Catalyst(ϖ) 8.50 98.18 32.75 92.30
+ Catalyst(m) 8.30 98.23 32.06 92.48

Table 3. Generalizability of Catalyst to KNN-based OOD de-
tection on the CIFAR benchmarks. All values are averaged across
six OOD test datasets. → / ↑ indicates lower / higher values are
better. Full per-dataset results are in Appendix D.

4.5. Hyperparameter Selection
The clipping threshold c (Eq. 3) is crucial for enhanced
performance, as it must be set to optimally distinguish ID

from OOD data. Analogous to ReAct [55], we set c to the
p-th percentile of the ID activation distribution. The choice
of this percentile p is the key hyperparameter to be tuned.
To demonstrate its sensitivity, we summarize the OOD de-
tection performance of Catalyst(m) in Figure 3, varying
p from 10 to 100 at 5-point intervals. To this end, we follow
established protocols [54, 55] and create a proxy OOD val-
idation set, generated by adding pixel-wise Gaussian noise
to images from the ID validation set. We then select the per-
centile p that yields the best OOD separation on this proxy
task. This two-step procedure, which uses a percentile for
the mechanism and a proxy set for tuning, is a robust tuning
strategy grounded in prior work. The specific details and
the selected p values are provided in Appendix G.

Figure 3. Sensitivity analysis of the clipping percentile (p) on
Catalyst(m) performance. All values averaged over 4 OOD
test datasets for a ResNet-50 (ImageNet).

4.6. Comparison with Other Baselines
Comparing Catalyst against three contemporary meth-
ods, AdaScale [50], NCI [35] and fDBD [34], con-
firms its superiority, particularly when used as a com-
plementary module. Aginst, AdaScale’s reported reslults
using DenseNet-101 on CIFAR-100, Catalyst(m) +

ReAct outperforms AdaScale yielding a 32.45% gain over
the best AdaScale variant. Against NCI’s reported re-
sults (which were obtained on the OpenOOD settings),
Catalyst(m) + ReAct achieves the average FPR95 by
a significant 33.43% on CIFAR-10 (ResNet-18). This ad-
vantage is even more pronounced against fDBD, where our
method achieves a substantial FPR95 reduction of 65.54%
on ImageNet (ResNet-50). We also provide a detailed com-
parison with 19 existing OOD detection methods in litera-
ture in Appendix F.

4.7. Accuracy and Computational Overhead
Our post-hoc method, Catalyst, maintains the original
ID classification accuracy of the base model, as it does
not alter its inference path. Furthermore, its computational
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Method ResNet-34 ResNet-50 MobileNet-v2 DenseNet-121
FPR95 ↘ AUROC ≃ FPR95 ↘ AUROC ≃ FPR95 ↘ AUROC ≃ FPR95 ↘ AUROC ≃

KNN 73.26 93.47 64.05 95.56 75.54 91.75 74.01 92.11
+ Catalyst(µ) 34.69 97.99 31.11 98.46 46.77 97.10 43.55 97.52
+ Catalyst(ϖ) 43.40 97.18 39.85 97.79 50.85 96.61 48.35 96.85
+ Catalyst(m) 43.16 97.17 39.60 97.78 50.52 96.61 48.89 96.75

Table 4. Generalizability of Catalyst to KNN-based OOD detection on the ImageNet benchmarks. All values are averaged across six
OOD test datasets. → / ↑ indicates lower / higher values are better. Full per-dataset results are in Appendix D.

overhead is negligible. The cost depends on the statistic
used. Catalyst(µ) is the most efficient, as the mean
is already computed by the standard GAP. The additional
cost is less than 0.0001% of a ResNet-50’s forward pass.
Whereas, Catalyst(ϖ), our most complex statistic, still
adds less than 0.01% overhead. This confirms Catalyst
is lightweight and efficient framework. A detailed break-
down of accuracy and FLOPs is provided in Appendix C.

5. Ablation Study
5.1. Choice of Layer for Computing ω

A core methodological decision is which network layer pro-
vides the most discriminative signal for ω. We conducted an
analysis to locate this optimal signal source and discovered
a critical and consistent trend. Using a pre-trained ResNet-
50 on ImageNet-1k as a representative example, we found
that the ω distributions from the early-to-mid residual stages
(Layers 1-3) are not sufficiently discriminative, exhibiting
high overlap between ID and OOD data and rendering them
ineffective (As shown in Figure 8 of Appendix H).

This finding is intuitively aligned with the principles of
hierarchical feature learning [47, 71]. These initial layers
learn general, low-level features such as edges, textures,
and color blobs, which are fundamental properties shared
by all natural images. Since both ID and OOD samples
contain these common features, their activation statistics in
these early layers are highly similar, resulting in the non-
discriminative, overlapping ω distributions we observed. In
sharp contrast, the distribution from the final residual stage
(Layer 4), immediately preceding GAP, provides a bet-
ter separation, because it is trained to recognize the com-
plex, high-level concepts and structures specific to the ID
classes, which OOD samples lack. This analysis, which
held true across all tested OOD datasets and architectures,
empirically validates our focus: the penultimate layer’s pre-
pooling feature map is not a layer of convenience but the
most reliable source of a potent signal for Catalyst. The
complete details are presented in Appendix H.

5.2. Analysis of Fusion Strategy
In Section 3, we alluded to two fusion strategies: multiplica-
tive(*) and additive(+). We investigated both to validate our
design choice. Our analysis on the ImageNet (Table 19 in

Appendix I) reveals that both strategies can achieve a simi-
lar high level of performance, confirming the discriminative
power of the scaling factor ω itself.

However, we found a critical difference in their hyperpa-
rameter robustness. The optimal additive method required
tuning its clipping threshold c+ at an extremely low per-
centile (e.g., ⇐ 1st percentile for ResNet-50), making it
operationally fragile and highly sensitive to data shifts. In
sharp contrast, our proposed multiplicative method tunes its
threshold c↑ at a stable, moderate percentile, aligning with
robust foundational methods like ReAct and SCALE.

Given its superior robustness and practical stability, we
selected multiplicative fusion as our primary strategy. A de-
tailed analysis of this comparison is provided in Appendix I.

5.3. Alternate Statistics: Median and Entropy
To validate our choice of statistics (mean, std, max), we per-
formed a rigorous analysis of two alternatives: median and
Shannon entropy. This study found that median is not a vi-
able statistic. It consistently degrades performance across
all benchmarks, as its statistical signature fails to produce
a discriminative ω (see Fig. 9 in Appendix J). The study
of Shannon entropy revealed it to be inconsistent. While it
provided a strong 14.65% improvement in a specific case
(MobileNet-V2 on ImageNet), this performance was not
generalizable, with minimal gains on other architectures
like ResNet-50.

This confirms our design choice: median was skipped for
being ineffective, and entropy was rejected for being unre-
liable. Our proposed combination of mean, std, and max
provides the most robust and consistently high-performing
signal. Our full analysis is presented in Appendix J.

5.4. Scaling Factor ω as a Scoring Metric
We conducted an analysis to determine if ω is powerful
enough to serve as a standalone OOD score, similar to
MSP [16] or Energy [36]. Our findings show that ω com-
puted from std (ωstd) and max (ωmax) are consistently ro-
bust signals. On both the CIFAR benchmarks (Table 21)
and the large-scale ImageNet benchmark (Table 20), these
two statistics are consistently better than Energy baseline,
proving they are viable and generalizable standalone scores.
In contrast, the entropy provides a critical insight. While

1624



ωentropy appears to be the distinguishable signal on CIFAR,
this trend is inconsistent on ImageNet. On this more com-
plex benchmark, ωentropy fails to generalize, suffering a per-
formance collapse and lagging behind Energy. This analy-
sis confirms that entropy, while potent in some cases is not
a reliable or generalizable statistic for a robust, all-purpose
method. The complete details are provided in Appendix K.

6. Scope and Future Work
We evaluated Catalyst using three specific statistics:
mean, standard deviation, and max. As our ablations (Ap-
pendix J) demonstrated, this choice was deliberate, as other
statistics like median were ineffective and entropy was not
generalizable. While other aggregate functions could be ex-
plored, our focus remained on this robust set.

Additionally, we provide a comprehensive analysis fo-
cused on CNN-based architectures, with Catalyst ap-
plied within this setting. This focus is motivated by two
factors: (a) Competitive baselines in the literature [5, 33,
36, 44, 54, 55, 61, 67] extensively use CNN-based architec-
tures. For fair comparison, we adopt similar architectures
to evaluate Catalyst. (b) CNN-based architectures con-
tinue to be widely used in both the research community and
real-world applications. A comprehensive benchmark study
carried out in prior work [12] has shown convolutional net-
works such as ResNet [13] and ConvNeXt [37, 65] remain
the default choice in real-world vision systems (including
object detection, segmentation, retrieval, and classification)
due to their strong inductive bias (translation invariance),
computational efficiency, strong performance on moderate-
scale data, and extensive ecosystem of pretrained models.

The core principle of our method, leveraging statistical
cues from penultimate pre-pooled activation map is a gen-
eral strategy that can be extended beyond CNNs to architec-
tures like Vision Transformers (ViTs) [6]. However, adapt-
ing Catalyst to derive an effective scaling factor ω from
the intermediate blocks of a transformer requires substan-
tial research and engineering. We are actively exploring the
extension of our framework to transformer-based models.

7. Related Work
Scoring-based OOD Detection. Post-hoc OOD detection
is dominated by the design of scoring functions. Early
work on MSP [16] and its variants [18, 20, 32] was shown
to be vulnerable to model overconfidence [15, 48]. This
led to the development of energy-based scores [36], which
have become the foundation for most logit-based OOD
detection methods [5, 54, 55, 67] due to their superior
performance. Other families of scores exist, including
distance-based (e.g., Mahalanobis [30], KNN [11, 49, 53,
56], fDBD [34], NCI [35]), gradient-based (e.g., Grad-
Norm [21], GradOrth [2]), Virtual-logit [62] and Bayesian

approaches [10, 28, 38–40], etc. Catalyst is designed to
complement and enhance these scoring paradigms.
Post-hoc Pruning based OOD Detection. Recent ap-
proaches like ReAct [55], DICE [54], ASH [5], and
SCALE [67] operate post-hoc by pruning [1, 31] or mod-
ifying feature representations, often using simple heuristics
over penultimate activations. Our method, Catalyst, re-
veals that activation channels of layers prior to penultimate
layer possess rich statistical information cues that, when ex-
ploited, can substantially improve OOD detection perfor-
mance when combined with these approaches. It comple-
ments existing sparse representation techniques and is easy
to integrate into standard pipelines.
Generative OOD Detection. Generative models identify
OOD samples by estimating data density [4, 22, 26, 51, 57,
59], but recent work [45] has shown they may assign high
likelihoods to OOD inputs. Moreover, these models are of-
ten harder to train and less reliable than discriminative ap-
proaches [5, 16, 21, 32, 36, 54, 55, 67]. Thus, we primar-
ily focused on such discriminative approaches, while show-
casing generality using KNN [56]. However, if a genera-
tive method relies on a scalar-based scoring function, then
Catalyst can also be extended to such generative meth-
ods.
Training-Time OOD Detection Methods. A distinct line
of work involves modifying the model’s training objec-
tive with regularization techniques to improve OOD sepa-
ration [15, 17, 23, 25, 29, 36, 39, 41, 42, 58, 64, 69]. These
methods often encourage uniform predictions for outliers
[17, 29] or explicitly penalize low energy scores for out-
of-distribution samples during training [7, 8, 25, 36, 42]. In
contrast, our work is entirely post-hoc, requiring no changes
to the training process. This is highly practical and broadly
applicable, particularly in scenarios involving large models
where retraining is costly or infeasible.

8. Conclusion

Catalyst is a simple yet powerful post-hoc frame-
work for OOD detection that challenges the conventional
paradigm of using only the pooled feature vector from
the penultimate layer. We demonstrated that rich, dis-
criminative information cues were being discarded, namely,
the channel-wise statistics embedded in penultimate layer’s
pre-pooled feature map. Catalyst effectively harnesses
this under-explored information by computing an input-
dependent scaling factor (ω) that modulates existing base-
line scores, significantly enhancing the separation between
ID and OOD distributions. Extensive experiments across
diverse models and datasets demonstrate that Catalyst
consistently outperforms recent competitive baselines OOD
detection methods. These empirical findings are further
supported by ablation studies and statistical analysis.
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