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Abstract

001
Out-of-distribution (OOD) detection is critical for the002

safe deployment of deep neural networks. State-of-the-art003
post-hoc methods typically derive OOD scores from the004
output logits or penultimate feature vector obtained via005
global average pooling (GAP). We contend that this ex-006
clusive reliance on the logit or feature vector discards a007
rich, complementary signal: the raw channel-wise statistics008
of the pre-pooling feature map lost in GAP. In this paper,009
we introduce Catalyst, a post-hoc framework that ex-010
ploits these under-explored signals. Catalyst computes011
an input-dependent scaling factor (γ) on-the-fly from these012
raw statistics (e.g., mean, standard deviation, and maxi-013
mum activation). This γ is then fused with the existing014
baseline score, multiplicatively modulating it – an “elas-015
tic scaling” – to push the ID and OOD distributions fur-016
ther apart. We demonstrate Catalyst is a generalizable017
framework: it seamlessly integrates with logit-based meth-018
ods (e.g., Energy, ReAct, SCALE) and also provides a sig-019
nificant boost to distance-based detectors like KNN. As a020
result, Catalyst achieves substantial and consistent per-021
formance gains, reducing the average False Positive Rate022
by 32.87% on CIFAR-10 (ResNet-18), 27.94% on CIFAR-023
100 (ResNet-18), and 22.25% on ImageNet (ResNet-50).024
Our results highlight the untapped potential of pre-pooling025
statistics and demonstrate that Catalyst is complemen-026
tary to existing OOD detection approaches. Our code is027
available here: https://github.com/epsilon-2007/Catalyst028

1. Introduction029

A deep neural network deployed in real-world environments030
will inevitably encounter out-of-distribution (OOD) sam-031
ples – inputs drawn from novel contexts whose class la-032
bels are disjoint from the training distribution, referred as033
in-distribution (ID) data. Unlike ID samples that the model034
was trained on, these OOD instances should not be con-035
fidently classified but should be detected and flagged for036
human review. Robust OOD detection is particularly cru-037

cial for safety-critical applications where erroneous predic- 038
tions can have severe consequences, e.g., in medical diag- 039
nosis [52, 63] or autonomous driving [9] systems. 040

Early method to OOD detection primarily focused on 041
designing scoring functions to distinguish ID from OOD 042
samples. The seminal work [16] proposed using the maxi- 043
mum softmax probability (MSP) as a confidence measure, 044
based on observation that OOD samples yield lower soft- 045
max scores. However, subsequent studies [15, 48] revealed 046
a critical flaw: neural networks often produce overconfi- 047
dent softmax predictions even for far-OOD inputs, render- 048
ing MSP unreliable. To address this, Energy [36] introduced 049
the energy-based score, which maps inputs to a scalar value 050
such that ID samples yield lower energy than OOD samples. 051
This score provided a more robust uncertainty measure, in- 052
spiring a series of improvements aimed at enhancing ID- 053
OOD separability. Recent advances have focused on post- 054
hoc activation manipulation to amplify this separation. No- 055
table methods includes ReAct [55], ASH [5], SCALE [67] 056
achieving state-of-the-art performance. 057

These methods share a common paradigm: they derive 058
their scores using the penultimate feature vector (generally 059
obtained via Global Average Pooling (GAP)) as their foun- 060
dational input. These techniques process this feature vector 061
to derive energy-based scores [36, 55, 67] or distance-based 062
scores [11, 56]. We contend that exclusive reliance on fea- 063
ture vector creates an information bottleneck, as it discards 064
complementary signal: the raw channel-wise statistics of 065
the pre-pooling feature map – which could otherwise be 066
used in tandem with existing methods for improved OOD 067
detection. 068

Figure 1 illustrates the distribution of these untapped in- 069
formation cues, extracted from the penultimate layer’s pre- 070
pooling activation map in an ImageNet-trained ResNet-50, 071
using Textures as the OOD dataset. In exemplary visual- 072
ization, we observed that pre-pooled activation map encode 073
important channel-specific characteristics that exhibit dis- 074
criminative attributes between ID (blue) and OOD (orange) 075
samples. Each point on the x-axis corresponds to a single 076
channel, while the y-axis represents the strength of four sta- 077
tistical cues: (a) mean, (b) standard deviation, (c) maximum 078

1



CVPR
#4931

CVPR
#4931

CVPR 2026 Submission #4931. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

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) σ(x):
standard deviation, (c) max(x): dominant activation, and (d) H(x): entropy per channel.

activation, and (d) entropy values.079
The existing methods have under-explored these distinc-080

tive statistical information. The exclusive reliance derived081
score from the output logit [5, 16, 32, 36, 55, 67] : dis-082
cards potent raw cues (e.g., standard deviation, maximum)083
and fails to leverage independent discriminative power of084
raw mean statistics. To address this critical limitation, we085
propose Catalyst, a simple yet powerful framework that086
computes an input-dependent scaling factor (γ) designed087
to be fused in tandem with an existing scoring function.088
This scaling factor is computed on-the-fly, leveraging these089
distribution-sensitive cues embedded in the pre-pooled ac-090
tivation maps. Catalyst is designed to integrate seam-091
lessly with established approaches while significantly im-092
proving their ability to distinguish between ID and OOD093
data. Our key contributions are:094

1. Catalyst, a post-hoc OOD detection complemen-095
tary framework that leverages pre-pooling channel-wise096
statistics to augment existing methods, generalizing097
across architectures like ResNet, DenseNet, and Mo-098
bileNet.099

2. An extensive evaluation showing Catalyst comple-100
ments and substantially improves established competi-101
tive baselines. Specifically, on the ImageNet benchmark,102
Catalyst reduces average FPR95 by 22.25% using103
ResNet-50. On CIFAR benchmarks, it reduces FPR95104
by 32.87% on CIFAR-10 and 27.94% on CIFAR-100 us-105
ing ResNet-18.106

3. An in-depth statistical analysis (Appendix B) and ex-107
tensive ablation studies (Section 5) validate our design108
choices.109

2. Preliminaries110

Setup. This paper focuses on the post-hoc analysis of111
multiclass classification in supervised settings. Let X112
denote the input space and Y = {1, 2, · · · , C} the output113
label space. A neural network θ : X → R|Y| is trained on114
a dataset D = (xi, yi)

N
i=1 drawn i.i.d. from an unknown115

joint distribution PXY over X × Y . The network outputs116
a logit vector, which is used to predict the label of an input117

sample. Din represents the marginal distribution of PXY 118
over X , corresponding to the ID data. 119
Scoring Function. As introduced in Section 1, the core 120
challenge in OOD detection lies in designing effective scor- 121
ing functions that reliably distinguish between ID and OOD 122
samples. The evolution of scoring functions began with the 123
MSP [16] approach and progressed to more robust energy- 124
based scores [36]. While other scoring functions exist (e.g., 125
ODIN [32], Mahalanobis [30], KNN [56]), we focus on the 126
energy-based score Senergy(x; θ) due to its prevalence, su- 127
perior performance and simplicity [5, 36, 54, 55, 67]. With- 128
out loss of generality, all subsequent mentions of “score” 129
refer to Senergy(x; θ) unless specified otherwise. We adopt 130
the negative free energy formulation from [36]. Formally, 131
given a logit vector f(x) ∈ RC produced by the model θ, 132
the scoring functions is defined as: 133

Senergy(x; θ) = log

(
C∑

j=1

efj(x)
)

(1) 134

135Out-of-distribution Detection. At inference time, the 136
model θ operating in real-world will inevitably encounter 137
OOD samples Dout whose label sets are disjoint from Y . 138
These samples should not be confidently predicted by θ as 139
one of the known classes, instead necessitating robust OOD 140
detection. Formally, we frame OOD detection as learning 141
a decision boundary Gλ(x; θ) that classifies a test sample 142
x ∈ X as either ID or OOD: 143

Gλ(x; θ) =

{
ID if x ∼ Din

OOD if x ∼ Dout
=

{
ID if S(x; θ) ≥ λ

OOD if S(x; θ) < λ
(2) 144

where S(x; θ) represents a downstream OOD scoring func- 145
tion, and by convention [36] λ is a threshold calibrated such 146
that 95% of ID data (Din) is correctly classified. 147
Evaluation metrics. In line with standard evaluation pro- 148
tocol in OOD detection [36], we evaluate the performance 149
of Catalyst using two key metrics: FPR95 and AUROC: 150
1. FPR95 measures the False Positive Rate when 95% of 151

in-distribution (ID) samples are correctly classified. A 152
lower FPR95 (↓) indicates better OOD detection perfor- 153
mance. 154

2. AUROC is a threshold-free metric that computes the area 155
under the receiver operating characteristic curve. Higher 156
AUROC (↑) signifies superior discriminative capability. 157
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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 γ 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. Methodology158

The key contribution of this paper is Catalyst, a novel159
elastic scaling mechanism for enhanced OOD detection.160
We propose an input-dependent scaling factor (γ), derived161
from the overlooked channel-wise statistics of the penulti-162
mate layer’s pre-pooling activation map. When this factor163
is fused with a baseline score, it significantly enhances the164
separability between ID and OOD samples. Figure 2 illus-165
trates this effect with a trend representative of what we ob-166
serve across the diverse models and OOD datasets in our167
evaluation. For instance, in the specific case depicted us-168
ing a ResNet-50 trained on ImageNet, we see that while169
baseline score distributions for ID and Texture (OOD) data170
exhibit significant distributional overlap (Figure 2a), multi-171
plicatively fusing γ markedly reduces this overlap, enabling172
a much clearer separation (Figure 2b).173

In this section, we describe the method to compute input-174
dependent γ and how it is fused with score. Finally, we175
discuss the compatibility of Catalyst with other scoring176
functions and its integration with existing baselines.177

3.1. Computing the Scaling Factor γ178

To compute scaling factor γ we consider a trained DNN179
θ : Rd → RC that maps an input x ∈ Rd to a logit vector180
f(x) ∈ RC , where C = |Y| denotes the number of classes.181
The network’s penultimate layer produces a feature vector182
h(x) ∈ Rn by applying GAP operation to the activation183
map g(x) ∈ Rn×k×k. Here, n is the number of channels,184
and each channel has spatial resolution k × k. A weight185
matrix W ∈ Rn×C projects h(x) to the final logit vector.186

In this work, we deliberately focus on this activation187
map g(x) as our source of statistics. As we will empiri-188
cally demonstrate in our ablation study (Section 5.1, Ap-189
pendix H), this specific layer provides the most potent and190
reliable discriminative information cues for γ. The earlier191

layers provides less informative signal with high ID/OOD 192
overlap. 193
Catalyst is built upon the core insight, illustrated 194

in Figure 1, that the existing baselines’ exclusive reliance 195
on the feature vector fails to leverage valuable, channel- 196
specific statistical information. Building upon this, we iden- 197
tify and extract three key statistical cues from g(x): 198

• Channel Mean [µ(x) ∈ Rn] is equivalent to the penulti- 199
mate feature vector h(x) obtained via GAP.1 200

• Channel Standard Deviation [σ(x) ∈ Rn] measures the 201
spatial variability of activations within each channel. 202

• Channel Maximum [m(x) ∈ Rn] captures the peak acti- 203
vation response in each channel. 204
The information cues µ(x), σ(x), and m(x) for OOD 205

samples may exhibit extreme unit activations. Prior 206
work [55] presented a similar phenomenon of abnormally 207
high unit activations that result in overconfident predictions 208
for OOD samples, subsequently distorting the energy score. 209
Extreme values in µ(x), σ(x), and m(x) can similarly dis- 210
tort scaling factor γ for OOD samples. To mitigate this ef- 211
fect, we introduce a clipping mechanism that bounds each 212
statistic by a threshold c > 0. Specifically, for each input, 213
we compute rectified features via element-wise clipping: 214

f̄(x) = min(f(x), c) (3) 215
where f(x) ∈ {µ(x), σ(x),m(x)}. This operation ensures 216
that activation values are capped at c, preventing them from 217
disproportionately influencing γ. The rectified vectors are 218
the basis for γ’s calculation: 219

γ(x; f) =

n∑
i=1

f̄i(x) (4) 220

where f(x) ∈ {h(x), σ(x),m(x)} and the subscript i de- 221
notes the i-th channel. The selection of this clipping thresh- 222
old c is discussed in Section 4.5 and detailed in Appendix G. 223

While we primarily focus on µ(x), σ(x) and m(x), 224
our framework readily accommodates other channel-wise 225

1We use µ(x) and h(x) interchangeably.
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statistics derived from g(x), such as entropy and median.226
We provide a detailed comparative analysis of these alter-227
natives in our ablation study (Section 5.3 and Appendix J).228
This analysis provides justification for our design, validat-229
ing our focus on µ(x), σ(x), and m(x) as the most robust230
and generalizable set of statistics for computing γ.231

3.2. Elastic Scaling of the Score232

To create a more discriminative score, we dynamically re-233
calibrate the baseline score S(x; θ) using scaling factor γ.234
We explore the two most direct fusion strategies: multi-235
plicative and additive. We term the multiplicative strat-236
egy “Elastic Scaling” because it truly scales (i.e., multi-237
plies) the baseline score, elastically stretching or shrinking238
it based on the γ factor. The additive approach, in contrast,239
is a simple offset or shift, not a scaling. These are defined240
in Equation 5:241

S∗
mul(x; θ, γ) = γ(x; f)× S(x; θ) (5a)242

S+
add(x; θ, γ) = γ(x; f) + S(x; θ) (5b)243

where γ(x; f) is the scaling factor computed from an in-244
formation cue f(x) ∈ {µ(x), σ(x),m(x)}.245

While our analysis in Section 5.2 shows that both strate-246
gies can achieve similar peak performance, we adopt mul-247
tiplicative fusion (Eq. 5a) as our primary framework. This248
choice is not arbitrary, as we demonstrate that the additive249
approach, while effective, is operationally fragile due to its250
hyperparameter sensitivity. The multiplicative fusion pro-251
vides not only competitive performance but also the prac-252
tical robustness and stability required of a general-purpose253
method. Therefore, in the remainder of this paper, we will254
refer multiplicative fusion as Elastic Scaling. This final re-255
calibrated score is subsequently used in the decision rule256
defined in Equation 2 to classify as ID or OOD.257

3.3. Generalizability of Catalyst258

While our analysis primarily focuses on energy-based scor-259
ing (given its role as the foundation for competitive methods260
like ReAct and SCALE), Catalyst is a general frame-261
work. It can be seamlessly integrated with other scoring262
functions such as MSP [16], ODIN [32], and KNN [11,263
56] – by replacing the baseline score S(x; θ) in equation264
(Eq. 5a) with the alternate score.265

Additionally, this elastic scaling retains all advantages266
of post-hoc methods while transforming scores into a more267
discriminative metric. Catalyst is designed to comple-268
ment existing techniques, including Energy, ReAct, DICE,269
ASH, SCALE, and KNN. In Appendix B, we provide a for-270
mal characterization of why Catalyst enhances ID-OOD271
separability, offering deeper insight.272

4. Experiments273

In this section, we evaluate the efficacy of Catalyst274
across diverse OOD datasets. We begin with an depth em-275

pirical analysis on the standard CIFAR benchmarks. Subse- 276
quently, we scale our evaluation to a large-scale OOD detec- 277
tion setting using ImageNet, demonstrating Catalyst’s 278
versatility and robustness. Our evaluation is conducted 279
without assuming the availability of an OOD validation set 280
and incorporates wide range of OOD datasets to provide a 281
realistic assessment of Catalyst. 282

We use the foundational Energy score [36] as our default 283
baseline. For brevity, when Catalyst is applied to En- 284
ergy, we simply denote it as Catalyst. When applying 285
Catalyst to other baselines, we state it explicitly (e.g., 286
Catalyst + ReAct) 287

We ensure a fair and direct comparison against prior 288
work. As the architectures used in our evaluation (e.g., 289
ResNet-18 for the CIFAR benchmarks; ResNet-34 and 290
DenseNet-121 for ImageNet) were not included in the foun- 291
dational baselines like ReAct, DICE, ASH, and SCALE, 292
we undertook a rigorous re-evaluation of these methods. 293
We carefully followed the official hyperparameter selection 294
protocols and open-sourced implementations from their re- 295
spective papers to ensure the integrity of our comparisons. 296

4.1. CIFAR Evaluation 297

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(σ) 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(σ) + 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(σ) 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(σ) + 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 298
datasets [27]. Following standard protocols [5, 36, 55], 299
we use six common OOD datasets for evaluation: Tex- 300
tures [3], SVHN [46], Places365 [73], LSUN-Crop [70], 301
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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(σ) 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(σ) + 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-302
son with prior work, we use a DenseNet-101 backbone [19].303
To demonstrate architectural generality, we extend our eval-304
uation to ResNet-18 [13]. Training details are detailed in305
Appendix G.306
Results. Table 1 summarizes our results on the CIFAR307
benchmarks. The table clearly shows the two key bene-308
fits(1) Catalyst (e.g, Catalyst(m)) significantly out-309
performs the standard energy score baseline, proving the310
inherent value of scaling factor. (2) When composed with311
ReAct, Catalyst establishes a new benchmark. For in-312
stance, on CIFAR-10, Catalyst(m) + ReAct reduces313
FPR95 by 32.87%, 28.10% with ResNet-18 and DenseNet-314
101 respectively. On CIFAR-100, Catalyst(m) +315
ReAct reduces FPR95 by 27.94% and 18.99% with316
ResNet-18 and DenseNet-101 respectively. The detailed317
per-dataset results are provided in Appendix E.3.318
Near-OOD Evaluation. We also evaluate Catalyst on319
the challenging near-OOD task of distinguishing CIFAR-10320
from CIFAR-100 [11]. Catalyst provides a consistent321
performance boost when applied in tandem with baselines,322
demonstrating its robustness. For brevity, detailed results323
are available in Appendix E.1.324

4.2. ImageNet Evaluation325

Experimental Setup. To assess scalability and perfor-326
mance in a more realistic setting, we evaluate on the327
ImageNet-1k benchmark. We use four OOD datasets: iNat-328
uralist [60], SUN [66], Places365 [73], and Textures [3].329
These datasets are carefully curated to avoid class overlap330
with ImageNet, while spanning distinct semantic domains331
to rigorously assess generalization performance [36, 55].332

Our evaluation showcases broad architectural robustness333
by using pre-trained ResNet-34, ResNet-50, DenseNet-121,334
and MobileNet-v2. Since foundational baselines (e.g., Re-335
Act, SCALE) did not originally report results on all of these336

architectures (such as ResNet-34 and DenseNet-121), we 337
undertook a rigorous re-evaluation of all methods. 338
Results. Table 2 shows that Catalyst yields consistent 339
improvements at ImageNet scale. Compared to energy 340
score, Catalyst(m) reduces FPR95 by 44.35%, 47.99%, 341
43.69%, and 21.23% using ResNet-34, ResNet-50, Mobile- 342
Net-v2, and DenseNet-121 architectures respectively. 343
The most significant gains are achieved when compos- 344
ing Catalyst with existing foundational methods like 345
ReAct. Specifically, Catalyst(m) + ReAct improves 346
FPR95 by 25.39%, 19.41%, 5.57% and 12.62% com- 347
pared to previous best results using ResNet-34, ResNet-50, 348
MobileNet-v2, and DenseNet-121 respectively. These re- 349
sults validate that the principles of Catalyst are effec- 350
tive in complex, large-scale scenarios and across diverse ar- 351
chitectural families. The performance boost confirms that 352
our pre-pooling scaling factor provides significant discrimi- 353
native information that is complementary to both founda- 354
tional and existing competitive techniques. The detailed 355
per-dataset results are in Appendix E.2. 356
Discussion. While we acknowledge standardized bench- 357
marks like OpenOOD [72], we adopted a more chal- 358
lenging and principled evaluation for two key reasons: 359
(a) OpenOOD’s dataset selection excludes several difficult, 360
widely-used testbeds like SUN [66], Places [73], and four 361
complex categories (bubbly, honeycombed, cobwebbed, 362
and spiralled) from Texture [3, 62]. (b) OpenOOD’s setup 363
uses held-out OOD validation set for hyperparameter tun- 364
ing. Our evaluation is conducted without assuming the 365
availability of an OOD validation set and incorporates these 366
difficult datasets to provide a more rigorous and realistic as- 367
sessment of Catalyst. 368

We also explored combining statistical cues (e.g., mean 369
+ std) to compute γ. Our empirical analysis showed these 370
multivariate combinations did not yield significant per- 371
formance gains over the best-performing single statistic. 372
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This finding reinforces our framework’s simplicity and effi-373
ciency, as a single, well-chosen statistic is sufficient to pro-374
vide a robust performance boost.375

4.3. Synergy with Existing Baselines376

We evaluated the performance of existing baselines when377
applied in tandem with Catalyst to demonstrate its com-378
plementary effect. The results show that Catalyst pro-379
vides consistent relative performance boost across base-380
lines on CIFAR and ImageNet. For example, on Ima-381
geNet Catalyst(µ) +DICE improves relative FPR95 by382
22.24% (ResNet-50) and 15.41% (MobileNet-v2) respec-383
tively. A detailed breakdown is provided in Appendix M.384

4.4. Generalizability to Distance-Based Methods385

To validate Catalyst as a general-purpose framework,386
we test its synergy with a distance-based K-Nearest Neigh-387
bors (KNN) [11, 56] OOD detector, applied to our standard388
pre-trained models.389

The results in Tables 3 and 4 confirm our hypothesis,390
showing that Catalyst provides significant improvement391
over the KNN baseline across all benchmarks. For instance,392
on CIFAR-100 (ResNet-18), Catalyst(m) achieves a393
43.84% reduction. Similarly on, large-scale ImageNet394
benchmark, where Catalyst(µ) on a ResNet-50 re-395
sults in a 52.13% reduction in average FPR95. These396
performance boost highlight that Catalyst is a general-397
purpose modulator, providing complementary information398
for both logit and distance based methods, making it a true399
plug-and-play framework. The full experimental setup and400
detailed per-dataset results are in Appendix D.401

Extending our framework to gradient-based methods [2,402
21] remains future work due to engineering challenges. Fur-403
thermore, we omit Mahalanobis [30] as a baseline, follow-404
ing recent precedents [5, 54, 55], owing to its high compu-405
tational cost and limiting performance.406

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(σ) 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(σ) 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 Selection407

The clipping threshold c (Eq. 3) is crucial for enhanced408
performance, as it must be set to optimally distinguish ID409

from OOD data. Analogous to ReAct [55], we set c to the 410
p-th percentile of the ID activation distribution. The choice 411
of this percentile p is the key hyperparameter to be tuned. 412
To demonstrate its sensitivity, we summarize the OOD de- 413
tection performance of Catalyst(m) in Table 3, varying 414
p from 10 to 100 at 5-point intervals. To this end, we follow 415
established protocols [54, 55] and create a proxy OOD 416
validation set, generated by adding pixel-wise Gaussian 417
noise to images from the ID validation set. We then select 418
the percentile p that yields the best OOD separation on this 419
proxy task. This two-step procedure – using a percentile 420
for the mechanism and a proxy set for tuning – is a robust 421
tuning strategy grounded in prior work. The specific details 422
and the selected p values are provided in Appendix G. 423

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 424

Comparing Catalyst against three contemporary meth- 425
ods, AdaScale [50], NCI [35] and fDBD [34], confirms its 426
superiority, particularly when used as a synergistic mod- 427
ule. Aginst, AdaScale’s reported reslults using DenseNet- 428
101 on CIFAR-100, Catalyst(m)+ReAct outperforms 429
AdaScale yielding a 32.45% gain over the best AdaS- 430
cale variant. Against NCI’s reported results (which were 431
obtained on the OpenOOD settings), Catalyst(m) + 432
ReAct achieves the average FPR95 by a significant 33.43% 433
on CIFAR-10 (ResNet-18). This advantage is even more 434
pronounced against fDBD, where our method achieves 435
a substantial FPR95 reduction of 65.54% on ImageNet 436
(ResNet-50). We also provide a detailed comparison with 437
19 existing OOD detection methods in literature in Ap- 438
pendix F. 439

4.7. Accuracy and Computational Overhead 440

Our post-hoc method, Catalyst, maintains the original 441
ID classification accuracy of the base model, as it does 442
not alter its inference path. Furthermore, its computational 443
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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(σ) 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 statistic444
used. Catalyst(µ) is the most efficient, as the mean445
is already computed by the standard GAP. The additional446
cost is less than 0.0001% of a ResNet-50’s forward pass.447
Whereas, Catalyst(σ), our most complex statistic, still448
adds less than 0.01% overhead. This confirms Catalyst449
is lightweight and efficient framework. A detailed break-450
down of accuracy and FLOPs is provided in Appendix C.451

5. Ablation Study452

5.1. Choice of Layer for Computing γ453

A core methodological decision is which network layer pro-454
vides the most discriminative signal for γ. We conducted an455
analysis to locate this optimal signal source and discovered456
a critical and consistent trend. Using a pre-trained ResNet-457
50 on ImageNet-1k as a representative example, we found458
that the γ distributions from the early-to-mid residual stages459
(Layers 1-3) are not sufficiently discriminative, exhibiting460
high overlap between ID and OOD data and rendering them461
ineffective (As shown in Figure 8 of Appendix H).462

This finding is intuitively aligned with the principles of463
hierarchical feature learning [47, 71]. These initial layers464
learn general, low-level features such as edges, textures,465
and color blobs, which are fundamental properties shared466
by all natural images. Since both ID and OOD samples467
contain these common features, their activation statistics in468
these early layers are highly similar, resulting in the non-469
discriminative, overlapping γ distributions we observed. In470
sharp contrast, the distribution from the final residual stage471
(Layer 4), immediately preceding GAP, provides a bet-472
ter separation, because it is trained to recognize the com-473
plex, high-level concepts and structures specific to the ID474
classes, which OOD samples lacks. This analysis, which475
held true across all tested OOD datasets and architectures,476
empirically validates our focus: the penultimate layer’s pre-477
pooling feature map is not a layer of convenience but the478
most reliable source of a potent signal for Catalyst. The479
complete details are presented in Appendix H.480

5.2. Analysis of Fusion Strategy481

In Section 3, we alluded to two fusion strategies: multiplica-482
tive(*) and additive(+). We investigated both to validate our483
design choice. Our analysis on the ImageNet (Table 19 in484

Appendix I) reveals that both strategies can achieve a simi- 485
lar high level of performance, confirming the discriminative 486
power of the scaling factor γ itself. 487

However, we found a critical difference in their hyperpa- 488
rameter robustness. The optimal additive method required 489
tuning its clipping threshold c+ at an extremely low per- 490
centile (e.g., ≤ 1st percentile for ResNet-50), making it 491
operationally fragile and highly sensitive to data shifts. In 492
sharp contrast, our proposed multiplicative method tunes its 493
threshold c∗ at a stable, moderate percentile, aligning with 494
robust foundational methods like ReAct and SCALE. 495

Given its superior robustness and practical stability, we 496
selected multiplicative fusion as our primary strategy. A de- 497
tailed analysis of this comparison is provided in Appendix I. 498

5.3. Alternate Statistics: Median and Entropy 499

To validate our choice of statistics (mean, std, max), we per- 500
formed a rigorous analysis of two alternatives: median and 501
Shannon entropy. This study found that median is not a vi- 502
able statistic. It consistently degrades performance across 503
all benchmarks, as its statistical signature fails to produce 504
a discriminative γ (see Fig. 9 in Appendix J). The study 505
of Shannon entropy revealed it to be inconsistent. While it 506
provided a strong 14.65% improvement in a specific case 507
(MobileNet-V2 on ImageNet), this performance was not 508
generalizable, with minimal gains on other architectures 509
like ResNet-50. 510

This confirms our design choice: median was skipped for 511
being ineffective, and entropy was rejected for being unre- 512
liable. Our proposed combination of mean, std, and max 513
provides the most robust and consistently high-performing 514
signal. Our full analysis is presented in Appendix J. 515

5.4. Scaling Factor γ as a Scoring Metric 516

We conducted an analysis to determine if γ is powerful 517
enough to serve as a standalone OOD score, similar to 518
MSP [16] or Energy [36]. Our findings show that γ com- 519
puted from std (γstd) and max (γmax) are consistently ro- 520
bust signals. On both the CIFAR benchmarks (Table 21) 521
and the large-scale ImageNet benchmark (Table 20), these 522
two statistics is consistently better than Energy baseline, 523
proving they are viable and generalizable standalone scores. 524
In contrast, the entropy provides a critical insight. While 525
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γentropy appears to be the distinguishable signal on CIFAR,526
this trend is inconsistent on ImageNet. On this more com-527
plex benchmark, γentropy fails to generalize, suffering a per-528
formance collapse and lagging behind Energy. This analy-529
sis confirms that entropy, while potent in some cases is not530
a reliable or generalizable statistic for a robust, all-purpose531
method. The complete details are provided in Appendix K.532

6. Limitations and Future Work533

We evaluated Catalyst using three specific statistics:534
mean, standard deviation, and max. As our ablations (Ap-535
pendix J) demonstrated, this choice was deliberate, as other536
statistics like median were ineffective and entropy was not537
generalizable. While other aggregate functions could be ex-538
plored, our focus remained on this robust set.539

Additionally, we limit the scope of Catalyst to CNN-540
based architectures. The reason behind this is two-fold:541
(a) Competitive baselines in the literature [5, 33, 36, 44, 54,542
55, 61, 67] extensively use CNN-based architectures. For543
fair comparison, we adopt similar architectures to evaluate544
Catalyst. (b) CNN-based architectures continue to be545
widely used in both the research community and real-world546
applications. A comprehensive benchmark study carried547
out in prior work [12] has shown convolutional networks548
such as ResNet [13] and ConvNeXt [37, 65] remain the de-549
fault choice in real-world vision systems (including object550
detection, segmentation, retrieval, and classification) due to551
their strong inductive bias (translation invariance), compu-552
tational efficiency, strong performance on moderate-scale553
data, and extensive ecosystem of pretrained models.554

The core principle of our method – leveraging statisti-555
cal cues from penultimate pre-pooled activation map – is a556
general strategy that can be extended beyond CNNs to ar-557
chitectures like Vision Transformers (ViTs) [6]. However,558
adapting Catalyst to derive an effective scaling factor γ559
from the intermediate blocks of a transformer requires sub-560
stantial research and engineering. We identify the extension561
of our framework to transformer-based models as a promis-562
ing and significant direction for future work.563

7. Related Work564

Scoring-based OOD Detection. Post-hoc OOD detection565
is dominated by the design of scoring functions. Early566
work on MSP [16] and its variants [18, 20, 32] was shown567
to be vulnerable to model overconfidence [15, 48]. This568
led to the development of energy-based scores [36], which569
have become the foundation for most logit-based OOD570
detection methods [5, 54, 55, 67] due to their superior571
performance. Other families of scores exist, including572
distance-based (e.g., Mahalanobis [30], KNN [11, 49, 53,573
56], fDBD [34], NCI [35]), gradient-based (e.g., Grad-574
Norm [21], GradOrth [2]), Virtual-logit [62] and Bayesian575

approaches [10, 28, 38–40], etc. Catalyst is designed to 576
complement and enhance these scoring paradigms. 577

Post-hoc Pruning based OOD Detection. Recent ap- 578
proaches like ReAct [55], DICE [54], ASH [5], and 579
SCALE [67] operate post-hoc by pruning [1, 31] or mod- 580
ifying feature representations, often using simple heuristics 581
over penultimate activations. Our method, Catalyst, re- 582
veals that activation channels of layers prior to penultimate 583
layer possess rich statistical information cues that, when ex- 584
ploited, can substantially improve OOD detection perfor- 585
mance when combined with these approaches. It comple- 586
ments existing sparse representation techniques and is easy 587
to integrate into standard pipelines. 588

Generative OOD Detection. Generative models identify 589
OOD samples by estimating data density [4, 22, 26, 51, 57, 590
59], but recent work [45] has shown they may assign high 591
likelihoods to OOD inputs. Moreover, these models are of- 592
ten harder to train and less reliable than discriminative ap- 593
proaches [5, 16, 21, 32, 36, 54, 55, 67]. Thus, we primar- 594
ily focused on such discriminative approaches, while show- 595
casing generality using KNN [56]. However, if a genera- 596
tive method relies on a scalar-based scoring function, then 597
Catalyst can also be extended to such generative meth- 598
ods. 599

Training-Time OOD Detection Methods. A distinct line 600
of work involves modifying the model’s training objec- 601
tive with regularization techniques to improve OOD sepa- 602
ration [15, 17, 23, 25, 29, 36, 39, 41, 42, 58, 64, 69]. These 603
methods often encourage uniform predictions for outliers 604
[17, 29] or explicitly penalize low energy scores for out- 605
of-distribution samples during training [7, 8, 25, 36, 42]. In 606
contrast, our work is entirely post-hoc, requiring no changes 607
to the training process. This is highly practical and broadly 608
applicable, particularly in scenarios involving large models 609
where retraining is costly or infeasible. 610

8. Conclusion 611

Catalyst is a simple yet powerful post-hoc frame- 612
work for OOD detection that challenges the conventional 613
paradigm of using only the pooled feature vector from 614
the penultimate layer. We demonstrated that rich, dis- 615
criminative information cues were being discarded, namely, 616
the channel-wise statistics embedded in penultimate layer’s 617
pre-pooled feature map. Catalyst effectively harnesses 618
this under-explored information by computing an input- 619
dependent scaling factor (γ) that modulates existing base- 620
line scores, significantly enhancing the separation between 621
ID and OOD distributions. Extensive experiments across 622
diverse models and datasets demonstrate that Catalyst 623
consistently outperforms recent competitive baselines OOD 624
detection methods. These empirical findings are further 625
supported by ablation studies and statistical analysis. 626
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Catalyst: Out-of-Distribution Detection via Elastic Scaling

Supplementary Material

A. Description of Baseline Methods941

In resonance with existing work [5, 36, 54, 55], for the942
reader’s convenience, we summarize in detail a few com-943
mon techniques for defining OOD scores that measure the944
degree of ID-ness on the given sample. All the methods945
derive the score post hoc on neural networks trained with946
in-distribution data only. By convention, a higher score is947
indicative of being in-distribution, and vice versa.948

Softmax score One of the earliest works on OOD de-949
tection considered using the maximum softmax probability950
(MSP) to distinguish between Din and Dout [16]. In de-951
tail, suppose the label space is Y = {1, 2, · · · , C}. We952
assume the classifier f is defined in terms of a feature ex-953
tractor f : X → Rm and a linear multinomial regressor954
with weight matrix W ∈ RC×m and bias vector b ∈ RC .955
The prediction probability for each class is given by :956

P(y = c|x) = Softmax(Wh(x) + b)c (6)957

The softmax score is defined as SMSP(x; f) :=958
maxc P(y = c|x).959

ODIN [32] This method introduced temperature scaling960
and input perturbation to improve the separation of MSP for961
ID and OOD data. x̃ denotes perturbed input.962

P(y = c|x̃) = Softmax[(Wh(x̃) + b)/T ]c (7)963

the ODIN score is defined as SODIN(x; f) :=964
maxc P(y = c|x̃).965

Energy score The energy function [36] maps the output966
logit to a scalar SEnergy(x; f) ∈ R, which is relatively lower967
for ID data:968

SEnergy(x; f) = −Energy(x; f) = log

(
C∑

c=1

exp(fc(x))

)
(8)969

They used the negative energy score for OOD detection,970
in order to align with the convention that S(x; f) is higher971
for ID data and vice versa.972

ReAct They perform post hoc modification of penul-973
timate layer of the neural network. It works by truncat-974
ing the feature activations at a threshold c, i.e., replacing975
each activation with min(x, c). This limits the influence976
of abnormally large activations often caused by OOD in-977
puts.The truncation threshold is set with the validation strat-978
egy in [55].Formally,979

hReAct(x) = ReAct(h(x); c)
= min(h(x), c) (applied element-wise)

980

The final model output becomes: 981

fReAct(x) = W⊤hReAct(x) + b 982

This method also uses energy score SEnergy(x; f
ReAct) ∈ R 983

for OOD detection. 984
DICE [54] It is a post hoc method to improve OOD de- 985

tection by retaining only the most informative weights in 986
the final layer of a pre-trained neural network. A contribu- 987
tion matrix V ∈ Rm×C is computed, where each column 988
is: 989

vc = Ex∈D[wc ⊙ h(x)] 990

with ⊙ denoting element-wise multiplication. Each entry 991
in V quantifies the average contribution of a feature unit to 992
class c. A binary masking matrix M ∈ Rm×C selects the 993
top-k highest-contributing weights, setting others to zero. 994
The sparsified output is: 995

fDICE(x; θ) = (M ⊙W )⊤h(x) + b 996

This method also uses energy score SEnergy(x; f
DICE) ∈ R 997

for OOD detection. 998
ASH [5] It is also a post-hoc method that simplifies fea- 999

ture representations to improve OOD detection. They pro- 1000
poses three versions of ASH, we presented only the best 1001
performing version i.e, ASH-S. Given an input activation 1002
vector h(x) and a pruning percentile p, ASH [5] proceeds 1003
as follows shaping the activation of penultimate layer h(x) 1004
to get hASH(x): 1005

1. Compute the p-th percentile threshold t of h(x). 1006
2. Let s1 =

∑
h(x), the sum of all activation values before 1007

pruning. 1008
3. Set all values in h(x) less than t to zero. 1009
4. Let s2 =

∑
h(x), the sum after pruning. 1010

5. Scale all non-zero values in h(x) by exp(s1/s2). 1011

The final model output becomes, which is then used to 1012
compute energy score SEnergy(x; f

ASH) ∈ R for OOD de- 1013
tection : 1014

fASH(x) = W⊤hASH(x) + b 1015

SCALE [67] It is a post-hoc method designed to enhance 1016
out-of-distribution (OOD) detection by adaptively scaling 1017
the activation of the penultimate layer h(x) before comput- 1018
ing the final classifier output. Given an input activation vec- 1019
tor h(x) and a pruning percentile p, SCALE [67] proceeds 1020
as follows to obtain the scaled activation hSCALE(x): 1021

1. Compute the p-th percentile threshold t of h(x). 1022
2. Let s1 =

∑
h(x), the sum of all activation values before 1023

pruning. 1024

1



CVPR
#4931

CVPR
#4931

CVPR 2026 Submission #4931. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

3. Construct a binary mask 1{h(x)≥t} that keeps only the1025
top-p activations.1026

4. Let s2 =
∑

h(x) · 1{h(x)≥t}, the sum of the top-p acti-1027
vations.1028

5. Compute the scaling ratio r = s1
s2

.1029
6. Scale the original activations by exp(r):1030

hSCALE(x) = exp(r) · h(x).1031

The final model output is then computed with the scaled1032
activations, and the energy score is used for OOD detection:1033

fSCALE(x) = W⊤hSCALE(x)+b, SEnergy(x; f
SCALE) ∈ R.1034

KNN [56]. This post-hoc, feature-space method identi-1035
fies OOD samples based on their distance from ID training1036
manifold. Let Htrain = {h(xi) ∈ Rd}Ni=1 be the set of N1037
penultimate-layer feature vectors stored from the ID train-1038
ing set. For a new test input x with feature h(x), the kNN1039
score is computed in three steps:1040

1. Compute Distances: The set of Euclidean distances {di}
between h(x) and all stored ID features in Htrain is com-
puted:

di = ∥h(x)− h(xi)∥2, ∀h(xi) ∈ Htrain

.1041
2. Identify Neighbors: The k smallest distances are identi-1042

fied and sorted, d(1) ≤ d(2) ≤ · · · ≤ d(k).1043
3. Calculate Score: The final kNN score is the average dis-

tance to these k nearest neighbors:

SkNN(x) =
1

k

k∑
j=1

d(j)

A large score SkNN(x) indicates that the sample lies far1044
from the ID training manifold and is therefore flagged as1045
out-of-distribution.1046

B. Statistical Analysis1047

In this section, we present a detailed statistical analy-1048
sis of our method, Catalyst, exhibiting how it en-1049
hances the separation between in-distribution (ID) and out-1050
of-distribution (OOD) samples. This increased separation1051
leads to a sharper decision boundary between ID and OOD1052
regions. Our analysis builds on key observations commonly1053
made in prior work on OOD detection [5, 36, 54, 55, 67].1054

B.1. Framework and Objective1055

In this section, we provide a statistical analysis demonstrat-1056
ing that our method, Catalyst, improves OOD detection1057
by increasing the distributional separation between the ex-1058
pected scores of in-distribution (ID) and out-of-distribution1059
(OOD) data.1060

Let S(x) be the baseline OOD score and γ(x) be our 1061
input-dependent scaling factor. We analyze two fusion 1062
strategies multiplicative scaling (i.e, elastic scaling) and ad- 1063
ditive shift as described in Equation 5 of Section 3: 1064

S∗(x) = γ(x)S(x)

S+(x) = γ(x) + S(x)
1065

Our objective is to formally show that the separability of 1066
the re-calibrated scores (∆scaled and ∆shift) is greater than 1067
or equal to the separability of the original score (∆original). 1068
The separation ∆ is defined as the difference between the 1069
expected score for in-distribution and out-of-distribution 1070
data: 1071

∆shift = Ex∼Din [S
+(x)]− Ex∼Dout [S

+(x)]

∆scaled = Ex∼Din [S
∗(x)]− Ex∼Dout [S

∗(x)]

∆original = Ex∼Din [S(x)]− Ex∼Dout [S(x)]

1072

B.2. Rationale and Assumptions 1073

The rationale for OOD scoring functions [16, 36] is to map 1074
inputs to a scalar S(x) that separates ID from OOD data. 1075
For clarity, we will follow the convention where ID samples 1076
yield higher scores and OOD samples yield lower scores- 1077
The success of any post-hoc method relies on this baseline 1078
separation as a necessary condition. 1079

Building on this, Catalyst introduces a complemen- 1080
tary scaling factor, γ(x). For the fusion to be effective, γ(x) 1081
must also be larger for a typical ID samples than OOD sam- 1082
ples. This property is a necessary condition for success of 1083
Catalyst. 1084

Assumption 1. The expected value of the scaling factor for
in-distribution data is greater than or equal to its expected
value for out-of-distribution data:

γ̄in = Ex∼Din
[γ(x)] ≥ Ex∼Dout

[γ(x)] = γ̄out

In other word, by fusing these two ”higher-is-ID” sig- 1085
nals multiplicatively (S∗(x) = S(x) × γ(x)), Catalyst 1086
uses differential amplification to actively widen the ID- 1087
OOD gap: 1088
• For a typical ID sample, the high baseline score S(x) is 1089

amplified by the high γ(x), pushing it further into the ID 1090
region. 1091

• For a typical OOD sample, the low baseline score S(x) 1092
is suppressed by the low γ(x), pushing it further into the 1093
OOD region. 1094

The additive fusion, S+(x) = S(x) + γ(x), achieves a 1095
similar separation by applying a differential shift. 1096

Additionally, to simplify the theoretical analysis, we in- 1097
troduce the following sufficient condition, which is empir- 1098
ically supported by our observations (Figure 2, 4). We 1099
note that this condition is primarily for theoretical tractabil- 1100
ity; our method is empirically robust and does not strictly 1101
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Figure 4. Distribution of scaling factor γ from the penultimate layer of a ResNet-50 trained on ImageNet-1k, evaluated with Texture as
the OOD dataset. The scales show clear separation between ID and OOD samples. Left to right: (a) µ(x): mean, (b) σ(x): standard
deviation, (c) max(x): max

require this assumption to hold to achieve strong perfor-1102
mance.1103

Assumption 2. The mean scaling factor for ID data is1104
larger than for OOD data, and both are bounded by1105
one as illustrated in Figure 4. Formally, defining γ̄in =1106
Ex∼Din [γ(x)] and γ̄out = Ex∼Dout [γ(x)], we have1107

γ̄in ≥ γ̄out ≥ 1 (9)1108

Assumption 3. The scaling factor γ(x) and baseline score1109
S(x) are approximately uncorrelated. This is a simplifying1110
assumption for the analysis that the covariance is negligible1111
for both ID and OOD data.1112

Cov
(
γ(x), S(x)

)
= 0 (10)1113

B.3. Catalyst’s Improved Separation1114

In this section, we provide a formal characterization of how1115
Catalyst widens the separability between the expected1116
ID and OOD scores under both multiplicative (∗) and addi-1117
tive (+) fusion.1118

Theorem 1. Under Assumptions 2 and 3, the distributional1119
separation of the multiplicatively scaled score, S∗(x), is1120
at least as great as that of the original score, S(x), i.e.,1121
∆scaled ≥ ∆original.1122

Proof. By definition of ∆scaled:1123

∆scaled = Ex∼Din
[γ(x)S(x)]− Ex∼Dout

[γ(x)S(x)]

= Ex∼Din
[γ(x)]Ex∼Din

[S(x)]− Ex∼Dout
[γ(x)]Ex∼Dout

[S(x)]

= γ̄inEx∼Din
[S(x)]− γ̄outEx∼Dout

[S(x)]

≥ γ̄outEx∼Din
[S(x)]− γ̄outEx∼Dout

[S(x)]

= γ̄out

(
Ex∼Din

[S(x)]− Ex∼Dout
[S(x)]

)
= γ̄out∆original

1124

1125
∴ ∆scaled ≥ γ̄out∆original1126

∵ γ̄out ≥ 1, we conclude scaling increases the separation1127
between typical ID and OOD samples.1128

Theorem 2. Under Assumption 1, the additive fusion score 1129
S+(x) increases or maintains the distributional separation 1130
compared to the baseline score, i.e., ∆shift ≥ ∆original. 1131

Proof. By the definition of ∆shift and the linearity of ex- 1132
pectation: 1133

∆shift = Ex∼Din [S
+(x)]− Ex∼Dout [S

+(x)]

= Ex∼Din [γ(x) + S(x)]− Ex∼Dout [γ(x) + S(x)]

= Ex∼Din [S(x)]− Ex∼Dout [S(x)] + Ex∼Din [γ(x)]− Ex∼Dout [γ(x)]

= ∆original +
(
γ̄in − γ̄out

)
≥ ∆original

(
∵ γ̄in − γ̄out ≥ 0

)
1134

1135
∴ ∆shift ≥ ∆original 1136

We conclude shifting increases the separation between typ- 1137
ical ID and OOD samples. 1138

C. Accuracy and Computational Overhead 1139

Classification Accuracy. Our method, Catalyst, is de- 1140
signed to be post-hoc. The scaling factor γ is computed 1141
from penultimate pre-pooled activation map without alter- 1142
ing the network’s weights or its standard forward pass. Con- 1143
sequently, when used as a standalone method, Catalyst 1144
does not interfere with the model’s inference process and 1145
maintains its original ID classification accuracy. We report 1146
the specific ID classification accuracy for all models used in 1147
our evaluation in Table 5. 1148
Computational Overhead. The computational overhead 1149
introduced by Catalyst is negligible. The primary cost 1150
is computing one of channel-wise statistics (mean, std, max) 1151
from the n×k×k pre-pooling map, followed by the clipping 1152
(Equation 3) and summation (Equation 4). 1153

1. Catalyst(µ). This is the most efficient scenario. 1154
The mean statistic is simply the output of the GAP 1155
operation, which is already part of the standard for- 1156
ward pass. The only additional cost is the clipping 1157
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Dataset Model Accuracy

CIFAR-10 ResNet-18 93.89
DenseNet-101 93.61

CIFAR-100 ResNet-18 75.20
DenseNet-101 74.47

ImageNet

ResNet-34 73.31
ResNet-50 76.13
MobileNet-v2 71.88
DenseNet-121 74.44

Table 5. In-distribution classification accuracy (%) of the all the
model used in evaluation of Catalyst.

(Equation 3) and summation (Equation 4) of the result-1158
ing 2048-dimensional vector. This requires only 4,0961159
FLOP, an overhead of less than 0.0001% compared to1160
the 5.42 GFLOPs of a ResNet-50.1161

2. Catalyst(σ) or Catalyst(m). These require com-1162
puting a new statistic from the n × k × k pre-pooling1163
map. This is still negligible. For ResNet-50 (with a1164
2048 × 7 × 7 map), computing the channel-wise max-1165
imum requires 0.1 MFLOPs, and the standard deviation1166
requires 0.3 MFLOPs. In the worst-case scenario (stan-1167
dard deviation), the overhead is still less than 0.01% of1168
the full forward pass. This confirms that Catalyst is1169
lightweight and efficient post-hoc method.1170

D. Generalizability to Distance-Based Methods1171

A key question for our framework is its generalizability: is1172
Catalyst merely an enhancement for logit-based meth-1173
ods, or is it a truly general-purpose framework? To answer1174
this, we conducted a targeted study on its synergy with an1175
entirely different family of OOD detectors: distance-based1176
K-Nearest Neighbors (KNN) [56].1177
Setup. Our goal here is not to reproduce a specific, highly-1178
optimized KNN baseline (which often rely on contrastive1179
pre-training [11, 53, 56] to structure the feature space). In-1180
stead, our goal is to test a hypothesis: can Catalyst boost1181
a generic KNN detector applied to a standard off-the-shelf1182
pre-trained model?1183

To this end, we use the pre-trained models from our main1184
experiments. Following the standard KNN OOD proto-1185
col [56], we build a Faiss [24] index of the (ID) training set’s1186
feature vectors. At inference, the baseline score SKNN(x) is1187
the L2 distance to the k-th nearest neighbor (we use k = 50,1188
a standard value from prior work [11, 56]). A high distance1189
indicates an OOD sample.1190

We integrate Catalyst by fusing scaling factor γ to1191
elastically scale this distance score. As γ is high for ID1192
(low distance) and low for OOD (high distance) samples,1193
the signals are anti-correlated. We therefore use the fusion1194

as shown in Equation 11. This pushes ID scores even lower 1195
and OOD scores even higher, widening the separation. 1196

S′
KNN(x) = SKNN(x)/γ(x) (11) 1197

Results. As shown in Table 7, Catalyst provides an 1198
consistent improvement over the standard KNN baseline 1199
across CIFAR and ImageNet benchmark. For instance, elas- 1200
tically scaling using scaling factor derived from max statis- 1201
tics Catalyst(m) we observed: 1202

• On CIFAR-10, Catalyst reduces the FPR95 by 1203
49.64% for ResNet-18 (from 31.02% to 15.62%) and by 1204
36.54% for DenseNet-101 (from 13.08% to 8.30%). 1205

• On CIFAR-100, Catalyst reduces the FPR95 by 1206
43.84% for ResNet-18 (from 66.81% to 37.52%) and by 1207
23.61% for DenseNet-101 (from 41.97% to 32.06%). 1208

Similarly, in Table 6, we can see an consistent improve- 1209
ment across the model over standard KNN baselines across 1210
all tested models on ImageNet-1k. For instance, we observe 1211
Catalyst(µ) reduces the FPR95 by 52.64%, 52.13%, 1212
38.08% and 41.16% for ResNet-34, ResNet-50, MobileNet- 1213
v2, and DenseNet-121 respectively. 1214
Discussion. These performance boost demonstrate that 1215
Catalyst is a general-purpose framework. It success- 1216
fully modulates a distance-based score on a standard cross- 1217
entropy trained model, proving its utility without requiring 1218
specialized training. The discriminative signal from scal- 1219
ing factor γ provides additional complementary information 1220
captured by both logit-based and distance-based methods, 1221
making it a powerful, “plug-and-play” enhancer for diverse 1222
OOD detection paradigms. 1223

While this principle could be extended to other fam- 1224
ilies, such as gradient-based methods like GradOrth [2], 1225
we note that integrating with such methods requires sub- 1226
stantial, non-trivial engineering to reproduce their code- 1227
bases and is beyond our current scope. We therefore leave 1228
this as a promising direction for future work. Finally, we 1229
note that our evaluation omits a direct comparison to Ma- 1230
halanobis [30]. This follows the precedent set by recent 1231
works [5, 54, 55], which has shown it to be computation- 1232
ally expensive while offering limiting performance on these 1233
benchmarks. 1234
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Model Method SUN Places Texture iNaturalist Average

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

ResNet-34

KNN 88.42 91.38 88.21 90.55 31.08 98.76 85.31 93.21 73.26 93.47
+ Catalyst(µ) 40.16 97.55 53.81 96.38 11.97 99.57 32.82 98.45 34.69 97.99
+ Catalyst(σ) 56.43 96.20 70.31 94.44 7.77 99.76 39.11 98.34 43.40 97.18
+ Catalyst(m) 54.22 96.30 68.95 94.48 8.30 99.72 41.16 98.18 43.16 97.17

ResNet-50

KNN 79.08 94.43 82.21 93.31 16.29 99.43 78.61 95.05 64.05 95.56
+ Catalyst(µ) 35.94 98.12 50.41 97.06 10.53 99.74 27.54 98.92 31.11 98.46
+ Catalyst(σ) 51.05 97.08 66.25 95.58 6.88 99.83 35.23 98.67 39.85 97.79
+ Catalyst(m) 49.86 97.09 65.58 95.56 7.23 99.81 35.74 98.65 39.60 97.78

MobileNet-v2

KNN 94.24 88.46 94.29 87.77 20.48 99.31 93.16 91.46 75.54 91.75
+ Catalyst(µ) 53.00 96.68 69.59 94.97 12.48 99.61 52.00 97.15 46.77 97.10
+ Catalyst(σ) 62.90 95.84 77.39 93.64 8.62 99.77 54.50 97.17 50.85 96.61
+ Catalyst(m) 61.41 95.88 76.40 93.66 8.88 99.76 55.39 97.14 50.52 96.61

DenseNet-121

KNN 91.80 89.06 91.66 88.94 21.86 99.22 90.70 91.23 74.01 92.11
+ Catalyst(µ) 54.87 96.78 65.96 95.28 16.45 99.57 36.91 98.43 43.55 97.52
+ Catalyst(σ) 61.96 95.85 73.53 93.92 14.11 99.64 43.79 97.97 48.35 96.85
+ Catalyst(m) 61.73 95.76 73.68 93.80 14.97 99.62 45.20 97.83 48.89 96.75

Table 6. Detailed KNN-based OOD detection results for ImageNet benchmarks, using ResNet-34, ResNet-50, MobileNet-v2, and DenseNet-
121. All values are percentages and are averaged over four common OOD benchmark datasets: SUN [66], Places [73], Texture [3] and
iNaturalist [60]. The symbol ↓ indicates lower values are better; ↑ indicates larger values are better.
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E. Detailed OOD Detection Performance1235

E.1. Near-OOD Evaluation1236

We also evaluate Catalyst on the challenging near-OOD1237
task of distinguishing CIFAR-10 from CIFAR-100, a com-1238
monly used setup used in prior work [11]. As shown in1239
Table 8, while the separation is inherently more difficult1240
for all methods, Catalyst still provides a performance1241
improvement over the baselines when applied in tandem,1242
demonstrating its robustness even in fine-grained detection1243
scenarios. For instance, with ResNet-18, Catalyst(m)+1244
ReAct reduces the FPR95 from 52.04% to 49.62%, an im-1245
provement of 4.65%.1246

Method FPR95 ↓ AUROC ↑
MSP 65.85 88.17
+ Catalyst(µ) 68.10 71.94
+ Catalyst(σ) 60.88 86.55
+ Catalyst(m) 60.07 86.28

Energy 52.32 90.14
+ Catalyst(µ) 52.94 89.82
+ Catalyst(σ) 50.93 90.47
+ Catalyst(m) 50.98 90.38

ReAct 52.04 90.42
+ Catalyst(µ) 52.63 89.68
+ Catalyst(σ) 50.08 90.47
+ Catalyst(m) 49.62 90.52

DICE 56.56 89.12
+ Catalyst(µ) 65.00 86.87
+ Catalyst(σ) 57.03 88.69
+ Catalyst(m) 56.89 88.79

ReAct+DICE 55.94 89.50
+ Catalyst(µ) 69.11 84.33
+ Catalyst(σ) 59.34 87.99
+ Catalyst(m) 58.09 87.99

ASH 57.14 87.60
+ Catalyst(µ) 64.15 84.00
+ Catalyst(σ) 56.86 87.38
+ Catalyst(m) 56.33 87.40

SCALE 55.58 88.60
+ Catalyst(µ) 60.96 85.47
+ Catalyst(σ) 54.93 88.15
+ Catalyst(m) 54.34 88.17

Table 8. Near-OOD detection evaluation using ResNet-18.
CIFAR-10 is ID dataset and CIFAR-100 is OOD dataset. The sym-
bol ↓ indicates lower values are better; ↑ indicates higher values
are better.

E.2. ImageNet Evaluation.1247

Evaluation. Table 9 showcases detailed evaluation on Ima-1248
geNet benchmark, using broad pre-trained model , ResNet-1249

34, ResNet-50, MobileNet-v2, and DenseNet-121 for which 1250
we re-evaluated all baselines to ensure a fair comparison. 1251
Since results for ResNet-34 and DenseNet-121 were not 1252
available in the original publications of foundational base- 1253
lines (e.g., ReAct, DICE, ASH, SCALE), we rigorously re- 1254
evaluated these methods ourselves. To ensure a fair and di- 1255
rect comparison, we carefully followed the hyperparameter 1256
selection protocols described in their respective papers (Ap- 1257
pendix G). 1258
Discussion. In the Table 9, Catalyst shows limited per- 1259
formance improvement on the SUN and Places datasets, 1260
particularly when using the MobileNet-v2 backbone. We 1261
empirically observed that this is due to a high degree of 1262
overlap between the distribution of the scaling factor, γ, for 1263
these datasets and for the in-distribution ImageNet-1k data. 1264
This overlap can be attributed to the high scene similarity 1265
between these datasets, a challenge previously identified by 1266
ViM [62]. 1267

To demonstrate this, the Figure 5 presents the distribu- 1268
tions of γ for the SUN, Places365, Texture, and iNatu- 1269
ralist datasets, generated using the pre-trained MobileNet- 1270
v2 model. A clear pattern emerges: the distributions for 1271
the scene-based datasets (SUN, Places365) exhibit a sig- 1272
nificantly greater overlap with the in-distribution data com- 1273
pared to the more distinct Texture and iNaturalist datasets. 1274
This effect is particularly prominent when using the stan- 1275
dard deviation σ(x) and maximum value max(x) as infor- 1276
mation cues. 1277

For brevity, we omit the γ distribution plots for the 1278
ResNet-34 and ResNet-50 backbones, but we confirm they 1279
exhibit the same general pattern. However, we also find 1280
that the overlap is more prominent for MobileNet-V2 than 1281
for ResNet-34, and in turn, more prominent for ResNet-34 1282
than for ResNet-50. 1283

E.3. CIFAR Evaluation 1284

Evaluation. We present detailed performance results 1285
across six OOD test datasets for models: ResNet-18, and 1286
DenseNet-101 trained on CIFAR-10 and CIFAR-100, in Ta- 1287
ble 10 and Table 11, respectively. 1288
Discussion. As shown in Table 11, Catalyst yields 1289
limited improvement on the Places365 dataset for models 1290
trained on CIFAR-100. We empirically attribute this to a 1291
high degree of overlap between the scaling factor γ distri- 1292
butions of the in-distribution (CIFAR-100) and Places365 1293
samples, as shown in Figures 6 and 7. This pattern is 1294
consistent with our analysis on the ImageNet benchmark, 1295
where similar overlaps led to reduced performance. This 1296
case illustrates a key requirement for our method: its suc- 1297
cess hinges on a significant distributional separation of γ, 1298
between ID/OOD data. 1299
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Figure 5. Distributions of the scaling factor γ, derived from the penultimate layer of a MobileNet-V2 model trained on ImageNet-1k. The
rows (top to bottom) correspond to the OOD datasets: SUN, Places365, Texture, and iNaturalist. The columns (left to right) correspond
to the statistical cue used to compute γ: (a) mean: µ(x), (b) standard deviation: σ(x), and (c) maximum value: max(x) ( we used
max(x) and m(x) interchangeably). A clear pattern emerges: the distributions for the scene-based datasets (SUN, Places365) exhibit
a significantly greater overlap with the in-distribution data compared to the more distinct Texture and iNaturalist datasets. This effect is
particularly prominent when using the standard deviation σ(x) and maximum value max(x) as information cues. We observe a similar
pattern for ResNet-34 and ResNet-50 backbones. However, we also find that the overlap is more prominent for MobileNet-V2 than for
ResNet-34, and in turn, more prominent for ResNet-34 than for ResNet-50.
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Model Method SUN Places Texture iNaturalist Average

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

ResNet-34

MSP 72.39 79.81 73.76 79.20 69.98 79.12 59.24 86.61 68.84 81.19
ODIN 59.34 86.13 64.62 84.14 51.95 87.45 47.69 90.91 55.90 87.16
Energy 57.39 86.59 62.61 84.59 54.95 86.45 53.86 89.73 57.20 86.84
ReAct 25.03 94.28 34.32 91.67 46.21 90.63 23.40 95.75 32.24 93.08
DICE 38.03 90.20 48.40 87.18 34.72 90.24 35.34 92.22 39.12 89.96
ReAct+DICE 22.33 94.79 32.85 91.84 30.39 93.21 19.42 96.13 26.25 93.99
ASH 36.22 91.72 47.53 88.58 14.18 97.12 19.34 96.44 29.32 93.46
SCALE 32.00 92.91 42.51 90.5 16.97 96.24 16.59 96.93 27.02 94.14

Catalyst(µ) 33.46 91.85 43.78 89.39 24.86 93.39 25.60 94.99 31.92 92.41
Catalyst(σ) 37.78 90.74 48.87 87.82 16.08 95.80 24.90 95.10 31.91 92.36
Catalyst(m) 36.90 90.88 48.37 87.87 16.83 95.58 25.22 95.00 31.83 92.34
Catalyst(µ) + ReAct 21.44 95.18 31.74 92.56 13.39 97.02 12.81 97.47 19.84 95.56
Catalyst(σ) + ReAct 21.80 95.06 32.11 92.41 12.73 97.11 13.01 97.41 19.91 95.50
Catalyst(m) + ReAct 22.03 94.99 32.58 92.31 12.55 97.15 13.47 97.33 20.16 95.44

ResNet-50

MSP 68.58 81.75 71.57 80.63 66.13 80.46 52.77 88.42 64.76 82.82
ODIN 60.15 84.59 67.89 81.78 50.23 85.62 47.66 89.66 56.48 85.41
Energy 58.28 86.73 65.40 84.13 52.29 86.73 53.95 90.59 57.48 87.05
ReAct 23.68 94.44 33.33 91.96 46.33 90.30 19.73 96.37 30.77 93.27
DICE 36.11 91.01 47.62 87.76 32.38 90.48 26.48 94.53 35.65 90.94
ReAct+DICE 24.05 94.31 34.28 91.71 28.40 93.33 14.90 97.06 25.41 94.10
ASH 28.01 94.02 39.84 90.98 11.95 97.60 11.52 97.87 22.83 95.12
SCALE 25.78 94.54 36.86 91.96 14.56 96.75 10.37 98.02 21.89 95.32

Catalyst(µ) 30.79 92.67 42.59 89.78 22.29 94.01 18.02 96.46 28.42 93.23
Catalyst(σ) 35.73 91.47 48.35 88.04 15.85 95.94 19.05 96.21 29.75 92.92
Catalyst(m) 35.79 91.40 48.68 87.82 16.08 95.88 19.00 96.18 29.89 92.82
Catalyst(µ) + ReAct 18.46 95.82 28.98 93.31 12.11 97.38 8.54 98.19 17.02 96.18
Catalyst(σ) + ReAct 19.13 95.61 29.58 93.04 12.04 97.38 9.10 98.06 17.46 96.02
Catalyst(m) + ReAct 19.02 95.52 29.77 92.92 12.06 97.31 9.71 97.97 17.64 95.93

MobileNet-v2

MSP 74.20 78.88 76.89 78.14 70.99 78.95 59.86 86.72 70.49 80.67
ODIN 54.07 85.88 57.36 84.71 49.96 85.03 55.39 87.62 54.20 85.81
Energy 59.36 86.24 66.27 83.21 54.54 86.58 55.31 90.34 58.87 86.59
ReAct 52.46 87.26 59.89 84.07 40.25 90.96 43.05 92.72 48.91 88.75
DICE 37.84 90.81 52.35 86.17 32.57 91.46 41.53 91.30 41.07 89.94
ReAct+DICE 30.60 92.98 45.93 88.29 16.03 96.33 31.68 93.76 31.06 92.84
ASH 43.63 90.02 58.85 84.73 13.12 97.10 39.13 91.94 38.68 90.95
SCALE 38.74 91.64 53.49 87.34 14.79 96.65 30.09 94.46 34.28 92.52

Catalyst(µ) 37.74 91.43 52.21 87.33 23.42 94.17 33.47 93.84 36.71 91.69
Catalyst(σ) 38.20 91.26 53.04 86.84 14.02 96.37 29.25 94.63 33.63 92.27
Catalyst(m) 37.41 91.37 52.24 86.89 14.18 96.35 28.78 94.70 33.15 92.33
Catalyst(µ) + ReAct 32.82 92.93 48.62 88.59 13.60 96.83 28.19 94.89 30.81 93.31
Catalyst(σ) + ReAct 37.53 91.22 51.32 87.19 10.18 97.31 27.21 95.12 31.56 92.71
Catalyst(m) + ReAct 34.77 92.26 49.77 88.06 8.69 97.76 24.08 95.66 29.33 93.43

DenseNet-121

MSP 67.49 81.41 69.53 80.95 67.23 79.18 49.58 89.05 63.46 82.65
ODIN 54.13 86.33 60.39 84.14 50.82 85.81 32.47 93.66 49.45 87.48
Energy 52.51 87.27 58.24 85.05 52.22 85.42 39.75 92.66 50.68 87.60
ReAct 41.06 91.23 48.48 88.17 33.46 93.65 20.98 96.04 35.99 92.27
DICE 38.75 89.91 49.29 86.24 40.85 88.09 25.78 94.37 38.67 89.65
ReAct+DICE 31.36 92.99 43.91 89.11 24.38 95.14 17.68 96.44 29.33 93.42
ASH 37.20 91.51 46.54 88.79 21.76 95.04 15.50 97.03 30.25 93.09
SCALE 33.85 92.16 42.92 89.62 22.27 94.63 13.21 97.40 28.06 93.45

Catalyst(µ) 33.24 91.84 42.94 89.01 25.59 93.29 16.41 96.69 29.54 92.71
Catalyst(σ) 34.12 91.57 44.34 88.53 21.06 94.52 16.95 96.57 29.12 92.80
Catalyst(m) 34.29 91.47 44.74 88.35 21.26 94.43 17.50 96.46 29.45 92.68
Catalyst(µ) + ReAct 31.58 93.41 42.77 90.30 12.71 97.44 14.66 97.11 25.43 94.56
Catalyst(σ) + ReAct 30.04 93.44 41.50 90.24 11.37 97.61 14.12 97.16 24.26 94.61
Catalyst(m) + ReAct 30.25 93.37 41.61 90.13 11.74 97.52 14.48 97.09 24.52 94.53

Table 9. Detailed OOD detection results on ImageNet benchmarks. All values are percentages and are averaged over four common OOD
benchmark datasets: SUN [66], Places [73], Texture [3] and iNaturalist [60]. The symbol ↓ indicates lower values are better; ↑ indicates
larger values are better.
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Figure 6. Distribution of scaling factor γ from the penultimate layer of a ResNet-18 trained on CIFAR-100, evaluated with Places365
as the OOD dataset. The scales shows high overlap between ID and OOD samples. Left to right: (a) µ(x): mean, (b) σ(x): standard
deviation, (c) max(x): max

Figure 7. Distribution of scaling factor γ from the penultimate layer of a DenseNet-101 trained on CIFAR-100, evaluated with Places365
as the OOD dataset. The scales shows high overlap between ID and OOD samples. Left to right: (a) µ(x): mean, (b) σ(x): standard
deviation, (c) max(x): max
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F. Comparison with Other Baselines1300

While in the main paper we restrict our comparison to foun-1301
dational representative techniques (i.e., MSP, ODIN, En-1302
ergy, ReAct, DICE, ASH and SCALE), we provide a com-1303
parison of our method, Catalyst, with additional base-1304
lines fDBD [34] and NCI [35] in this section. A comprehen-1305
sive re-evaluation of fDBD and NCI across all architectures1306
used in our study was determined to be beyond the scope1307
of this work due to a fundamental difference in their design1308
philosophy.1309

Methods like ReAct, DICE, ASH, SCALE and our own1310
Catalyst are modular, post-hoc techniques that primar-1311
ily modify the penultimate feature vector itself. In con-1312
trast, fDBD and NCI introduce entirely new scoring func-1313
tions derived from the geometric relationship between fea-1314
tures and the classifier’s decision boundaries (fDBD) or1315
class weight vectors (NCI). Integrating Catalyst into1316
these structurally different frameworks would require sig-1317
nificant, non-trivial engineering effort. Therefore, for these1318
two methods, we present a comparison limited to the over-1319
lapping architectures and datasets from their original publi-1320
cations.1321

Additionally, we conduct a large-scale benchmark com-1322
parison on ImageNet-1k against plethora of existing liter-1323
ature using both ResNet-50 and MobileNet-v2. As shown1324
in Table 12, we compare our method against 19 existing1325
baselines for ResNet-50 [2, 5, 16, 18, 21, 30, 32, 34, 36,1326
49, 54–56, 62, 67, 74] and 15 baselines for MobileNet-1327
v2 [2, 5, 16, 21, 30, 32, 36, 49, 54, 55, 62, 67, 74], with1328
all competitors’ results taken directly from their original1329
publications. This comprehensive evaluation demonstrates1330
that Catalyst achieves competitive and consistent per-1331
formance compared to all prior post-hoc methods on this1332
challenging benchmark.1333

F.1. Neural Collapse Inspired (NCI) OOD Detector1334

As shown in Table 13 for CIFAR-10 and Table 14 for1335
ImageNet, in a direct comparison against NCI’s [35] re-1336
ported results, our method Catalyst demonstrates a clear1337
and significant advantage. On CIFAR-10 with a ResNet-1338
18 backbone, Catalyst(m) + ReAct decisively outper-1339
forms NCI, reducing the average FPR95 by 33.43%. This1340
strong performance is maintained on the large-scale Ima-1341
geNet benchmark, where our method reduces the FPR95 by1342
42.83% on ResNet-50.1343

F.2. Fast Decision Boundary based OOD Detector1344

As shown in Tables 15 and 16, our method, Catalyst,1345
demonstrates a decisive and substantial performance ad-1346
vantage over the fDBD’s reported results in all compa-1347
rable, overlapping settings. The strength of Catalyst1348
is most apparent when it is composed with existing tech-1349
niques, creating a powerful synergistic effect that dra-1350

matically improves OOD detection. On CIFAR-10, this 1351
combination is particularly effective. Using a ResNet-18, 1352
Catalyst(m) + ReAct slashes the average FPR95 by 1353
44.80% relative to fDBD (from 31.09% down to 17.16%). 1354
The gains are even more pronounced on a DenseNet-101, 1355
where Catalyst(m)+ReAct achieves an FPR95 reduc- 1356
tion of 34.67%. 1357

As demonstrated in Table 16, this commanding per- 1358
formance extends to the large-scale ImageNet benchmark. 1359
While fDBD struggles with a high average FPR95 of 1360
51.19%, our Catalyst(m) + ReAct achieves an FPR95 1361
of just 17.64% – a massive 65.54% relative reduction. 1362
These results validate Catalyst performed significantly 1363
better than recent baseliens like NCI and fDBD. 1364

F.3. AdaSCALE OOD Detection 1365

AdaSCALE is a post-hoc OOD detection method that re- 1366
places fixed activation-scaling strategies with an adaptive, 1367
sample-dependent mechanism. Existing approaches (ASH, 1368
SCALE, LTS) prune activations using a static percentile 1369
threshold, which cannot reliably distinguish ID from OOD 1370
data. AdaSCALE leverages the observation that OOD sam- 1371
ples experience larger shifts in their top activated neurons 1372
under small pixel perturbations, while ID activations remain 1373
stable. It measures this activation shift (Q), adjusts it with 1374
a correction term (Co), and maps the resulting OODness 1375
score through a CDF to produce a dynamic pruning per- 1376
centile. This causes ID samples to receive stronger scaling 1377
and OOD samples weaker scaling, yielding more separated 1378
energy scores and improved detection performance. 1379

We compare Catalyst against AdaScale in Tables 17 1380
and 18, strictly following the restricted dataset protocol 1381
from the original AdaScale paper for a fair comparison. On 1382
the CIFAR (DenseNet-101) benchmark, Catalyst con- 1383
sistently outperforms AdaScale. For instane, on CIFAR- 1384
10, the best baseline AdaScale-L achieves an average 1385
FPR95 of 40.03%. Our standalone Catalyst(m) is al- 1386
ready significantly better at 20.16%, and our combined 1387
Catalyst(m) + ReAct further extends this lead to 1388
15.63%. On CIFAR-100, our Catalyst(m) + ReAct 1389
(FPR95 39.46%) likewise outperforms the best AdaScale- 1390
A baseline (58.42%). This trend holds on the ImageNet 1391
(ResNet-50) benchmark. As shown in Table 18, our 1392
Catalyst(µ) + ReAct (FPR95 16.54%) achieves sim- 1393
ilar level of performance compared to best AdaScale-L 1394
(16.92%). 1395

G. Reproducibility Statement 1396

We are committed to ensuring the reproducibility of our re- 1397
search. To this end, we provide detailed information regard- 1398
ing our code, experimental setup, hyperparameter selection, 1399
and computational environment. 1400
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Model Method SUN Places Texture iNaturalist Average

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

ResNet-50

MSP∗ [16] 68.58 81.75 71.57 80.63 66.13 80.46 52.77 88.42 64.76 82.82
ODIN∗ [32] 60.15 84.59 67.89 81.78 50.23 85.62 47.66 89.66 56.48 85.41
GODIN [18] 60.83 85.60 63.70 83.81 77.85 73.27 61.91 85.40 66.07 82.02
Mahalanobis [30] 98.50 42.41 98.40 41.79 55.80 85.01 97.00 52.65 87.43 55.47
KNN (α = 100%) [56] 68.82 80.72 76.28 75.76 11.77 97.07 59.00 86.47 53.97 85.01
KNN (α = 1%) [56] 69.53 80.10 77.09 74.87 11.56 97.18 59.08 86.20 54.32 84.59
GradOrth [2] 19.61 95.76 33.67 91.78 11.19 98.06 11.04 98.00 18.57 96.31
GradNorm [21] 42.81 87.26 55.62 81.85 38.15 87.73 23.73 93.97 40.08 87.70
NN-Guide [49] 31.62 91.66 38.88 90.12 24.93 91.52 12.02 97.47 26.86 92.69
ViM [62] 81.79 81.07 83.12 78.40 14.88 96.83 71.85 87.42 62.91 85.93
fDBD [34] 60.60 86.97 66.40 84.27 37.50 92.12 40.24 93.67 51.19 89.26
BATS [74] 22.62 95.33 34.34 91.83 38.90 92.27 12.57 97.67 27.11 94.20
LAPS [14] 15.81 96.18 24.71 93.64 41.49 91.81 12.72 97.50 23.68 94.78
Energy∗ [36] 58.28 86.73 65.40 84.13 52.29 86.73 53.95 90.59 57.48 87.05
ReAct∗ [55] 23.68 94.44 33.33 91.96 46.33 90.30 19.73 96.37 30.77 93.27
DICE∗ [54] 36.11 91.01 47.62 87.76 32.38 90.48 26.48 94.53 35.65 90.94
ReAct+DICE∗ [54, 55] 24.05 94.31 34.28 91.71 28.40 93.33 14.90 97.06 25.41 94.10
ASH∗ [5] 28.01 94.02 39.84 90.98 11.95 97.60 11.52 97.87 22.83 95.12
SCALE∗ [67] 25.78 94.54 36.86 91.96 14.56 96.75 10.37 98.02 21.89 95.32

Catalyst(µ) 30.79 92.67 42.59 89.78 22.29 94.01 18.02 96.46 28.42 93.23
Catalyst(σ) 35.73 91.47 48.35 88.04 15.85 95.94 19.05 96.21 29.75 92.92
Catalyst(m) 35.79 91.40 48.68 87.82 16.08 95.88 19.00 96.18 29.89 92.82
Catalyst(µ) + ReAct 18.46 95.82 28.98 93.31 12.11 97.38 8.54 98.19 17.02 96.18
Catalyst(σ) + ReAct 19.13 95.61 29.58 93.04 12.04 97.38 9.10 98.06 17.46 96.02
Catalyst(m) + ReAct 19.02 95.52 29.77 92.92 12.06 97.31 9.71 97.97 17.64 95.93

MobileNet-v2

MSP∗ [16] 74.20 78.88 76.89 78.14 70.99 78.95 59.86 86.72 70.49 80.67
ODIN∗ [32] 54.07 85.88 57.36 84.71 49.96 85.03 55.39 87.62 54.20 85.81
Mahalanobis [30] 54.79 86.33 53.77 83.69 88.72 37.28 62.04 82.37 64.83 72.40
GradOrth [2] 30.82 93.18 40.27 89.12 12.69 97.52 26.81 93.17 27.65 93.25
GradNorm [21] 42.15 89.65 56.56 83.93 34.95 90.99 33.70 92.46 41.84 89.20
NN-Guide [49] 79.57 76.10 81.87 74.23 38.78 89.32 68.24 82.07 67.12 80.43
ViM [62] 88.67 66.37 92.16 62.43 40.71 89.59 86.86 69.57 77.10 71.99
BATS [74] 41.68 90.21 52.43 86.26 38.69 90.76 31.56 94.33 41.09 90.39
LAPS [14] 30.07 92.98 39.70 90.10 51.37 88.29 18.82 96.76 34.99 92.03
Energy∗ [36] 59.36 86.24 66.27 83.21 54.54 86.58 55.31 90.34 58.87 86.59
ReAct∗ [55] 52.46 87.26 59.89 84.07 40.25 90.96 43.05 92.72 48.91 88.75
DICE∗ [54] 37.84 90.81 52.35 86.17 32.57 91.46 41.53 91.30 41.07 89.94
ReAct+DICE∗ [54, 55] 30.60 92.98 45.93 88.29 16.03 96.33 31.68 93.76 31.06 92.84
ASH∗ [5] 43.63 90.02 58.85 84.73 13.12 97.10 39.13 91.94 38.68 90.95
SCALE∗ [67] 38.74 91.64 53.49 87.34 14.79 96.65 30.09 94.46 34.28 92.52

Catalyst(µ) 37.74 91.43 52.21 87.33 23.42 94.17 33.47 93.84 36.71 91.69
Catalyst(σ) 38.20 91.26 53.04 86.84 14.02 96.37 29.25 94.63 33.63 92.27
Catalyst(m) 37.41 91.37 52.24 86.89 14.18 96.35 28.78 94.70 33.15 92.33
Catalyst(µ) + ReAct 32.82 92.93 48.62 88.59 13.60 96.83 28.19 94.89 30.81 93.31
Catalyst(σ) + ReAct 37.53 91.22 51.32 87.19 10.18 97.31 27.21 95.12 31.56 92.71
Catalyst(m) + ReAct 34.77 92.26 49.77 88.06 8.69 97.76 24.08 95.66 29.33 93.43

Table 12. Detailed Comparison with existing OOD detection methods on the ImageNet-1k benchmark, using ResNet-50 and MobileNet-v2.
Methods marked with ∗ were reproduced by us; results for all other methods are taken from their original publications. The symbol ↓
indicates lower values are better; ↑ indicates larger values are better.

G.1. Code and Data Availability1401

The complete source code for used in Catalyst, along1402
with the scripts used to run all experiments and generate1403
figures, is publicly available on GitHub.2 We will also1404
provide the model weights for our trained CIFAR mod-1405
els. All datasets used in this work (CIFAR-10, CIFAR-1406
100, ImageNet-1k, and all OOD benchmarks) are publicly1407
available and were used without modification, following the1408
standard preprocessing steps described in their original pub-1409
lications and common benchmarks.1410
Experimental Setup.1411

2https://github.com/epsilon-2007/Catalyst

• CIFAR Benchmarks: Our primary models include 1412
ResNet-18 and DenseNet-101. Following established 1413
protocols [5, 43, 54, 55, 67], all models were trained from 1414
scratch for 100 epochs using SGD with a momentum of 1415
0.9, a weight decay of 0.0001, and a batch size of 64. The 1416
learning rate was initialized at 0.1 and decayed by a factor 1417
of 10 at epochs 50, 75, and 90. 1418

• ImageNet Benchmark: For our large-scale experiments, 1419
we used the official pre-trained models provided by Py- 1420
Torch for ResNet-34, ResNet-50, MobileNet-v2, and 1421
DenseNet-121. No fine-tuning was performed. 1422

14
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Method SVHN Places365 Texture Average

FPR95 ↓ AUROC ↑ FPR95 ↓ AUROC ↑ FPR95 ↓ AUROC ↑ FPR95 ↓ AUROC ↑
NCI 28.92 90.81 34.01 90.74 26.53 92.18 29.82 91.24
Catalyst(µ) 15.73 97.32 43.65 91.25 35.98 94.25 31.79 94.27
Catalyst(σ) 10.33 98.13 37.74 92.68 24.31 96.16 24.13 95.66
Catalyst(m) 9.93 98.24 36.59 92.97 23.01 96.43 23.18 95.88
Catalyst(µ) + ReAct 14.37 97.48 43.18 91.46 25.04 95.82 27.53 94.92
Catalyst(σ) + ReAct 9.38 98.29 36.51 93.10 16.86 97.27 20.92 96.22
Catalyst(m) + ReAct 8.86 98.39 35.04 93.38 15.64 97.48 19.85 96.42

Table 13. A direct comparison of Catalyst against the NCI baseline, using their originally reported results for CIFAR-10 with a ResNet-
18 backbone. The evaluation is restricted to the SVHN, Texture, and Places365 OOD datasets to ensure a fair comparison that matches
the protocol from the original NCI paper.

Method Texture iNaturalist Average

FPR95 ↓ AUROC ↑ FPR95 ↓ AUROC ↑ FPR95 ↓ AUROC ↑
NCI 23.79 96.63 14.31 96.95 19.05 96.79
Catalyst(µ) 22.29 94.01 18.02 96.46 20.16 95.24
Catalyst(σ) 15.85 95.94 19.05 96.21 17.45 96.08
Catalyst(m) 16.08 95.88 19.00 96.18 17.54 96.03
Catalyst(µ) + ReAct 12.11 97.38 8.54 98.19 10.33 97.79
Catalyst(σ) + ReAct 12.04 97.38 9.10 98.06 10.57 97.72
Catalyst(m) + ReAct 12.06 97.31 9.71 97.97 10.89 97.64

Table 14. A direct comparison of Catalyst against the NCI baseline, using their originally reported results for ImageNet with a ResNet-
50 backbone. The evaluation is restricted to the iNaturalist and Texture OOD datasets to ensure a fair comparison that matches the protocol
from the original NCI paper.

G.2. Hyperparameter Selection1423

The clipping threshold c (Eq. 3) is crucial for enhanced per-1424
formance, as it must be set to optimally distinguish ID from1425
OOD data. Analogous to ReAct [55], we do not tune c1426
directly; instead, we control it by setting it to the p-th per-1427
centile of the ID activation distribution (e.g, when p = 95,1428
it indicates that 95% percent of the ID activations are less1429
than the threshold c). The choice of this percentile p is the1430
key hyperparameter to be tuned. To select the optimal p,1431
we follow established protocols from prior work [54, 55]1432
and create a proxy OOD validation set, which is generated1433
by adding pixel-wise Gaussian noise N (0, 0.2) to images1434
from the ID validation set. We then select the percentile1435
p that yields the best OOD separation on this proxy task.1436
This two-step procedure – using a percentile for the mecha-1437
nism and a proxy set for tuning – is a robust tuning strategy1438
grounded in prior work. The selected p values are:1439

• CIFAR: We found it optimal to tune the percentile for1440
each statistic individually. These values are fixed for all1441
CIFAR models (ResNet-18, DenseNet-101) and across all1442
baselines (e.g., Energy, ReAct). The selected percentiles1443
are pmean = 60, pstd = 95, and pmax = 95.1444

• ImageNet: For our default method (Catalyst +1445
Energy), a single percentile of p = 75 is used for all Ima-1446
geNet models. When combining with baseline like ReAct1447

(Catalyst+ReAct), we found it optimal to use a sin- 1448
gle, shared percentile p across all three statistics (mean, 1449
std, and max). The optimal shared percentile p varies by 1450
model: p = 15 for ResNet-34 and ResNet-50, p = 35 for 1451
MobileNet-v2, and p = 52 for DenseNet-121. 1452

As our hyperparameter search for ImageNet demon- 1453
strated, the optimal shared percentile p varies across dif- 1454
ferent architectures (e.g., p = 15 for ResNet-50 vs. p = 52 1455
for DenseNet-121). This empirical finding is highly intu- 1456
itive and aligns with our method’s design. The optimal p 1457
(which sets the clipping threshold c) is naturally coupled 1458
with the model’s architecture, particularly the dimension 1459
(n) of the penultimate layer. This is because our scaling 1460
factor γ (Equation 4) is an aggregation (a sum) over all n 1461
channels. A model with a larger channel dimension (e.g., 1462
ResNet-50, n = 2048) will produce a sum of a very differ- 1463
ent magnitude than a model with a smaller dimension (e.g., 1464
DenseNet-121, n = 1024). Therefore, a different clipping 1465
percentile p is required for each architecture and produce 1466
the most discriminative γ signal. 1467

G.3. Baseline Hyperparameter Tuning 1468

A core principle of our evaluation is to ensure a fair and 1469
rigorous comparison against all baselines. For all methods 1470
(ODIN, ReAct, DICE, ASH, SCALE, KNN), we strictly 1471
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Model Method SVHN Places365 iSUN Texture Average

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

ResNet-18

fDBD 22.58 96.07 46.59 90.40 23.96 95.85 31.24 94.48 31.09 94.20
Catalyst(µ) 15.73 97.32 43.65 91.25 26.26 96.08 35.98 94.25 30.41 94.73
Catalyst(σ) 10.33 98.13 37.74 92.68 16.90 97.32 24.31 96.16 22.32 96.07
Catalyst(m) 9.93 98.24 36.59 92.97 14.89 97.61 23.01 96.43 21.11 96.31
Catalyst(µ) + ReAct 14.37 97.48 43.18 91.46 16.71 97.22 25.04 95.82 24.83 95.99
Catalyst(σ) + ReAct 9.38 98.29 36.51 93.10 10.82 98.10 16.86 97.27 18.89 96.69
Catalyst(m) + ReAct 8.86 98.39 35.04 93.38 9.08 98.32 15.64 97.48 17.16 96.89

DenseNet-101

fDBD 5.89 98.67 39.52 91.53 5.90 98.75 22.75 95.81 18.52 96.19
Catalyst(µ) 15.12 97.51 33.93 92.75 3.32 98.98 25.71 94.88 19.52 96.53
Catalyst(σ) 10.95 98.11 32.51 92.99 1.73 99.47 18.26 96.34 15.86 96.73
Catalyst(m) 10.86 98.13 31.69 93.16 1.64 99.48 17.93 96.51 15.53 96.82
Catalyst(µ) + ReAct 5.82 98.76 31.59 93.50 2.87 99.15 16.91 96.83 14.30 97.56
Catalyst(σ) + ReAct 5.82 98.83 30.35 93.71 1.49 99.54 11.26 97.78 12.23 97.47
Catalyst(m) + ReAct 5.86 98.86 29.97 93.89 1.49 99.55 11.06 97.88 12.10 97.55

Table 15. Direct comparison of Catalyst against the fDBD baseline on CIFAR-10. To ensure a fair comparison, the evaluation is
restricted to the four OOD datasets reported in the original fDBD paper: SVHN, Places365, iSUN, and Texture.

Method SUN Places365 Texture iNaturalist Average

FPR95 ↓ AUROC ↑ FPR95 ↓ AUROC ↑ FPR95 ↓ AUROC ↑ FPR95 ↓ AUROC ↑ FPR95 ↓ AUROC ↑
fDBD 60.60 86.97 66.40 84.27 37.50 92.12 40.24 93.67 51.19 89.26
Catalyst(µ) 30.79 92.67 42.59 89.78 22.29 94.01 18.02 96.46 28.42 93.23
Catalyst(σ) 35.73 91.47 48.35 88.04 15.85 95.94 19.05 96.21 29.75 92.92
Catalyst(m) 35.79 91.40 48.68 87.82 16.08 95.88 19.00 96.18 29.89 92.82
Catalyst(µ) + ReAct 18.46 95.82 28.98 93.31 12.11 97.38 8.54 98.19 17.02 96.18
Catalyst(σ) + ReAct 19.13 95.61 29.58 93.04 12.04 97.38 9.10 98.06 17.46 96.02
Catalyst(m) + ReAct 19.02 95.52 29.77 92.92 12.06 97.31 9.71 97.97 17.64 95.93

Table 16. This table presents a direct comparison of Catalyst against the fDBD baseline on ImageNet using a ResNet-50 backbone. To
ensure a fair comparison, the evaluation is restricted to the iNaturalist and Texture OOD datasets, matching the protocol in the original
fDBD paper.

followed the hyperparameter selection protocols described1472
in their respective papers.1473

When re-evaluating these baselines on new architectures1474
not present in their original work, we performed a new hy-1475
perparameter search using the same validation procedures1476
and search spaces they described. This ensures that every1477
baseline is as strong as possible for each specific model.1478
Key hyper-parameters for these methods are summarized1479
below:1480

• ODIN: We adopted the optimal hyperparameter values1481
reported in the original publication. Accordingly, we set1482
the temperature to T = 1000, with a noise magnitude ϵ1483
of 0.004 for CIFAR and 0.0015 for ImageNet.1484

• ReAct: The clipping percentile p was selected from1485
{85, 90, 95}. While we found p = 90 to be optimal for1486
the standalone ReAct baseline, consistent with the origi-1487
nal paper, the optimal value shifted to p = 95 when ReAct1488
was combined with our Catalyst.1489

• DICE: We selected the sparsity ratio p from1490
{70, 75, 80, 85, 90, 95}. Our validation process con-1491
sistently identified p = 70% as the optimal value.1492

• ASH: The pruning percentile p was selected from1493
{80, 85, 90}. The optimal value was found to be depen-1494
dent on the dataset and architecture. We report the spe-1495

cific optimal value for each major setting to ensure the 1496
strongest and fairest possible comparison. 1497

– For ImageNet, the optimal value was consistently 1498
p = 90 for most architectures, with the exception of 1499
EfficientNet-b0, which required a less aggressive prun- 1500
ing of p = 50. 1501

– For CIFAR-10, the optimal values were p = 80 for 1502
both ResNet models, p = 90 for DenseNet, and p = 70 1503
for MobileNet-v2. These values held for both the stan- 1504
dalone baseline and when combined with Catalyst. 1505

– For CIFAR-100, the optimal value for the ResNet 1506
models was consistently p = 80. For other architec- 1507
tures, we observed an interaction effect: the optimal 1508
percentile for DenseNet shifted from p = 90 (baseline) 1509
to p = 80 (with Catalyst), and for MobileNet-v2, it 1510
shifted from p = 90 to p = 85. 1511

• SCALE: For the SCALE baseline, the pruning percentile 1512
p was set to a fixed value of p = 85 across all experi- 1513
ments. We adopted this value directly from the original 1514
SCALE paper [67] to ensure our re-implementation was 1515
consistent with the authors’ reported optimal setting, pro- 1516
viding a fair comparison. 1517
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Dataset Method SVHN Places365 Texture Average

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

CIFAR-10

AdaScale-L 25.04 94.05 36.77 91.20 58.28 87.35 40.03 90.87
AdaScale-A 26.43 93.87 37.03 91.25 58.59 87.19 40.68 90.77
Catalyst(µ) 15.12 97.51 33.93 92.75 25.71 94.88 24.92 95.05
Catalyst(σ) 10.95 98.11 32.51 92.99 18.26 96.34 20.57 95.15
Catalyst(m) 10.86 98.13 31.69 93.16 17.93 96.51 20.16 95.27
Catalyst(µ) + ReAct 5.82 98.76 31.59 93.50 16.91 96.83 18.77 96.36
Catalyst(σ) + ReAct 5.82 98.83 30.35 93.71 11.26 97.78 15.81 96.77
Catalyst(m) + ReAct 5.86 98.86 29.97 93.89 11.06 97.88 15.63 96.88

CIFAR-100

AdaScale-L 46.29 84.31 61.70 78.86 71.40 76.59 59.13 79.25
AdaScale-A 43.97 85.30 61.97 78.69 69.31 77.71 58.42 80.57
Catalyst(µ) 22.45 96.11 78.72 77.16 52.09 83.58 51.09 85.62
Catalyst(σ) 21.13 96.30 78.19 77.16 44.34 86.19 47.89 86.55
Catalyst(m) 19.90 96.45 77.30 77.67 42.48 87.12 46.56 87.08
Catalyst(µ) + ReAct 11.73 97.67 83.17 74.06 26.12 93.93 40.34 88.55
Catalyst(σ) + ReAct 14.13 97.32 83.87 74.36 23.21 94.55 40.40 88.74
Catalyst(m) + ReAct 13.70 97.36 83.00 75.14 21.68 94.95 39.46 89.15

Table 17. A direct comparison of Catalyst against the AdaScale baseline, using their originally reported results for CIFAR with a
DenseNet-101 backbone. The evaluation is restricted to the SVHN, Texture, and Places365 OOD datasets to ensure a fair comparison that
matches the protocol from the original AdaScale paper [50].

Method Places Texture iNaturalist Average

FPR95 ↓ AUROC ↑ FPR95 ↓ AUROC ↑ FPR95 ↓ AUROC ↑ FPR95 ↓ AUROC ↑
AdaScale-L 32.60 92.74 10.57 97.88 7.61 98.31 16.92 96.98
AdaScale-A 32.97 92.63 10.33 97.92 7.78 98.29 17.03 96.95
Catalyst(µ) 42.59 89.78 22.29 94.01 18.02 96.46 27.63 93.42
Catalyst(σ) 48.35 88.04 15.85 95.94 19.05 96.21 27.08 93.40
Catalyst(m) 48.68 87.82 16.08 95.88 19.00 96.18 27.25 93.29
Catalyst(µ) + ReAct 28.98 93.31 12.11 97.38 8.54 98.19 16.54 96.96
Catalyst(σ) + ReAct 29.58 93.04 12.04 97.38 9.10 98.06 16.91 96.83
Catalyst(m) + ReAct 29.77 92.92 12.06 97.31 9.71 97.97 17.18 96.73

Table 18. A direct comparison of Catalyst against the AdaScale baseline, using their originally reported results for ImageNet with
a ResNet-50 backbone. The evaluation is restricted to the Places, Texture, and iNaturalist OOD datasets to ensure a fair comparison that
matches the protocol from the original AdaScale paper [50].

G.4. Computational Environment1518

All CIFAR model training and OOD detection experiments1519
were conducted on an Apple M2 Max system with 96 GB of1520
RAM. The experiments were implemented in Python using1521
PyTorch (v2.1) and the Torchvision library.1522

H. Choice of Layer for Computing γ1523

A necessary condition for Catalyst to be effective is that1524
its scaling factor (γ) must be inherently distinguishable be-1525
tween ID and OOD samples. Consequently, a core method-1526
ological decision is to identify which network stage pro-1527
duces the most discriminative information cues. To justify1528
our focus on the penultimate layer, we conducted an anal-1529
ysis to locate the most potent source of information cues1530
within the network. We used a ResNet-50 model trained on1531
ImageNet (ID) and computed γ using the channel-wise av-1532
erage activation from each of its four main residual stages1533
(Layer 1-4). We then compared the ID γ distribution against1534
multiple OOD datasets, including Places, SUN, Texture,1535

and iNaturalist. 1536

A clear and consistent trend emerged, as illustrated rep- 1537
resentatively in Figure 8 for the Texture dataset. The anal- 1538
ysis reveals that the γ distributions from the early-to-mid 1539
stages (Layer 1-3) are not sufficiently discriminative. As 1540
shown in the Figure 8, they exhibit high overlap overlap 1541
between ID (ImageNet) and OOD (Texture) samples, ren- 1542
dering them ineffective for our scaling purposes.In sharp 1543
contrast, the signal from the final residual stage (Layer 4) 1544
demonstrates a sufficiently clear between the two distribu- 1545
tions. This finding was consistent across all tested OOD 1546
datasets. 1547

This analysis empirically validates our methodological 1548
focus. The penultimate layer’s pre-pooling feature map is 1549
not just a layer of convenience; it is the most reliable source 1550
of a potent signal for constructing γ. While we only illus- 1551
trate this with ResNet-50 for brevity, we observed this same 1552
trend with the final feature map consistently providing the 1553
most signal separation across all tested architectures. This 1554
confirms our choice is a generalizable one, not specific to a 1555
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Figure 8. Distributions of the scaling factor (γ) are computed from the four residual stages. The model was trained on ImageNet-1K (ID)
and evaluated against Texture (OOD). (a-c) The γ distributions from the early-to-mid stages (Layer 1 to Layer 3) show significant overlap
between ID and OOD samples, rendering them ineffective as a discriminative signal. (d) In sharp contrast, the distribution from the final
residual stage (Layer 4) provides a clear and distinct separation. This result, consistent across OOD datasets, validates our methodological
focus on the penultimate layer’s pre-pooling feature map as the most potent and reliable signal source.

single model.1556

I. Analysis of Fusion Strategy1557

In Section 3, we introduced two potential fusion strategies1558
for integrating our scaling factor γ(x) with a baseline score1559
S(x): multiplicative (Eq. 12a) and additive (Eq. 12b).1560

S∗(x; θ, γ) = γ(x; f)× S(x; θ) (12a)1561

S∗(x; θ, γ) = γ(x; f) + S(x; θ) (12b)1562

1563
As shown in Table 19, a comparative evaluation on1564

the ImageNet benchmark reveals that both strategies can1565
achieve a similar level of performance. This confirms that1566
the core discriminative power originates from the γ signal1567
itself, not the specific mathematical operator.1568

However, a critical distinction emerged when analyzing1569
their hyperparameter sensitivity and robustness. The scal-1570
ing factors γ∗ (multiplicative) and γ+ (additive) are both1571
derived from Eq. 4, but they require different optimal set-1572
tings for the clipping threshold, c∗ and c+ respectively, as1573
detailed in Equation 13.1574

γ∗(x; f) =

n∑
i=1

min(fi(x), c) (13a)1575

γ+(x; f) =

n∑
i=1

min(fi(x), c
+) (13b)1576

1577
For proposed multiplicative strategy, the optimal thresh-1578

old c∗ is set by selecting a moderate percentile as detailed1579
in reproducibility section in Appendix G of the ID train-1580
ing data’s fi(x) values. This procedure is robust, stable,1581
and aligns with foundational post-hoc methods like Re-1582
Act and SCALE (details in Appendix G). For the additive1583
strategy, we empirically found that the optimal threshold1584

c+ was consistently an order of magnitude smaller, (e.g., 1585
c+ ≈ 0.1× c∗). On ImageNet, this optimal c+ value corre- 1586
sponds to an extremely low percentile of the ID data (e.g., 1587
less than 1st for ResNet-50). 1588

This low-percentile tuning makes the additive strategy 1589
operationally fragile. Tuning at the extreme low activation 1590
threshold could be fragile and sensitive to small shifts in 1591
data or model, making it a poor choice for a general-purpose 1592
method. Therefore, while both methods achieve similar per- 1593
formance, we chose multiplicative fusion as our primary 1594
strategy. It provides not only competitive performance but 1595
also the practical robustness and hyperparameter stability 1596
required of a plug-and-play framework. This choice aligns 1597
conceptually with our elastic scaling narrative, where γ acts 1598
as an input-dependent modulator of the baseline score. 1599

J. Alternate Statistics: Median and Entropy 1600

To justify our final methodological choice of using mean, 1601
standard deviation, and maximum statistics, we conducted 1602
a rigorous analysis of two common alternatives: median and 1603
Shannon entropy. For a statistic to be viable for our frame- 1604
work, it must produce a scaling factor γ that has a distinct 1605
and reliable signature for ID versus OOD samples. 1606

Setup. As we discussed in Section 3 of main paper, we 1607
compute the scaling factor γ using a trained deep neural 1608
network θ : Rd → RC that maps an input x ∈ Rd to a logit 1609
vector f(x) ∈ RC , where C = |Y| denotes the number of 1610
output classes. The network’s penultimate layer produces a 1611
feature vector h(x) ∈ Rn by applying global average pool- 1612
ing to the activation map g(x) ∈ Rn×k×k. Here, n is the 1613
number of channels, and each channel has spatial resolution 1614
k × k. A weight matrix W ∈ Rn×C projects h(x) to the 1615
final logit vector. 1616

Median. We begin by extracting the median from each ac- 1617
tivation map of g(x) ∈ Rn×k×k, transforming it into an n- 1618
dimensional feature vector h(x) ∈ Rn using global median 1619
pooling, as defined in Equation 14: 1620
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Model Fusion Method SUN Places365 Texture iNaturalist Average

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

R
es

N
et

-3
4

C
a
t
a
l
y
s
t
(+

) Energy 57.39 86.59 62.61 84.59 54.95 86.45 53.86 89.73 57.20 86.84
Catalyst(µ) 35.50 91.69 46.05 89.07 12.66 96.66 20.03 96.20 28.56 93.41
Catalyst(σ) 39.93 90.29 49.61 87.65 14.45 95.83 25.53 95.03 32.38 92.20
Catalyst(m) 45.07 89.94 57.08 86.80 10.46 97.61 26.55 95.17 34.79 92.38
Catalyst(µ) + ReAct 22.23 94.80 32.07 92.09 18.19 95.91 15.96 96.89 22.11 94.92
Catalyst(σ) + ReAct 23.10 94.66 33.18 91.92 17.43 96.07 17.18 96.75 22.72 94.85
Catalyst(m) + ReAct 37.74 92.96 49.69 89.86 11.21 97.60 23.36 96.01 30.50 94.11

C
a
t
a
l
y
s
t
(∗
)

Energy 57.39 86.59 62.61 84.59 54.95 86.45 53.86 89.73 57.20 86.84
Catalyst(µ) 33.46 91.85 43.78 89.39 24.86 93.39 25.60 94.99 31.92 92.41
Catalyst(σ) 37.78 90.74 48.87 87.82 16.08 95.80 24.90 95.10 31.91 92.36
Catalyst(m) 36.90 90.88 48.37 87.87 16.83 95.58 25.22 95.00 31.83 92.34
Catalyst(µ) + ReAct 21.44 95.18 31.74 92.56 13.39 97.02 12.81 97.47 19.84 95.56
Catalyst(σ) + ReAct 21.80 95.06 32.11 92.41 12.73 97.11 13.01 97.41 19.91 95.50
Catalyst(m) + ReAct 22.03 94.99 32.58 92.31 12.55 97.15 13.47 97.33 20.16 95.44

R
es

N
et

-5
0

C
a
t
a
l
y
s
t
(+

) Energy 58.28 86.73 65.40 84.13 52.29 86.73 53.95 90.59 57.48 87.05
Catalyst(µ) 30.99 93.13 43.36 89.97 9.72 97.71 12.94 97.45 24.25 94.57
Catalyst(σ) 34.07 91.87 45.43 88.64 10.44 97.19 15.25 96.88 26.30 93.64
Catalyst(m) 42.08 91.70 55.43 88.17 9.47 98.10 20.81 96.44 31.95 93.60
Catalyst(µ) + ReAct 19.73 95.28 29.47 92.73 12.68 97.10 9.99 97.89 17.97 95.75
Catalyst(σ) + ReAct 20.64 95.12 30.94 92.51 10.53 97.56 10.25 97.79 18.09 95.74
Catalyst(m) + ReAct 37.59 93.66 50.32 90.69 9.88 98.07 18.78 96.93 29.14 94.84

C
a
t
a
l
y
s
t
(∗
)

Energy 58.28 86.73 65.40 84.13 52.29 86.73 53.95 90.59 57.48 87.05
Catalyst(µ) 30.79 92.67 42.59 89.78 22.29 94.01 18.02 96.46 28.42 93.23
Catalyst(σ) 35.73 91.47 48.35 88.04 15.85 95.94 19.05 96.21 29.75 92.92
Catalyst(m) 35.79 91.40 48.68 87.82 16.08 95.88 19.00 96.18 29.89 92.82
Catalyst(µ) + ReAct 18.46 95.82 28.98 93.31 12.11 97.38 8.54 98.19 17.02 96.18
Catalyst(σ) + ReAct 19.13 95.61 29.58 93.04 12.04 97.38 9.10 98.06 17.46 96.02
Catalyst(m) + ReAct 19.02 95.52 29.77 92.92 12.06 97.31 9.71 97.97 17.64 95.93

M
ob

ile
N

et
-v

2

C
a
t
a
l
y
s
t
(+

) Energy 59.36 86.24 66.27 83.21 54.54 86.58 55.31 90.34 58.87 86.59
Catalyst(µ) 39.84 90.64 54.28 86.57 12.20 96.47 32.62 94.00 34.73 91.92
Catalyst(σ) 42.03 90.52 56.96 86.35 9.73 97.27 34.94 93.66 35.92 91.95
Catalyst(m) 43.30 89.94 57.90 85.84 10.07 97.07 36.45 93.34 36.93 91.55
Catalyst(µ) + ReAct 40.64 90.34 53.27 86.40 11.05 96.97 29.73 94.68 33.67 92.10
Catalyst(σ) + ReAct 41.41 90.61 55.85 86.46 8.17 97.78 31.46 94.37 34.22 92.31
Catalyst(m) + ReAct 41.98 90.31 55.76 86.19 8.19 97.71 31.75 94.27 34.42 92.12

C
a
t
a
l
y
s
t
(∗
)

Energy 59.36 86.24 66.27 83.21 54.54 86.58 55.31 90.34 58.87 86.59
Catalyst(µ) 37.74 91.43 52.21 87.33 23.42 94.17 33.47 93.84 36.71 91.69
Catalyst(σ) 38.20 91.26 53.04 86.84 14.02 96.37 29.25 94.63 33.63 92.27
Catalyst(m) 37.41 91.37 52.24 86.89 14.18 96.35 28.78 94.70 33.15 92.33
Catalyst(µ) + ReAct 32.82 92.93 48.62 88.59 13.60 96.83 28.19 94.89 30.81 93.31
Catalyst(σ) + ReAct 37.53 91.22 51.32 87.19 10.18 97.31 27.21 95.12 31.56 92.71
Catalyst(m) + ReAct 34.77 92.26 49.77 88.06 8.69 97.76 24.08 95.66 29.33 93.43

D
en

se
N

et
-1

21

C
a
t
a
l
y
s
t
(+

) Energy 52.51 87.27 58.24 85.05 52.22 85.42 39.75 92.66 50.68 87.60
Catalyst(µ) 36.68 90.59 45.60 87.91 20.62 94.00 19.43 96.07 30.58 92.14
Catalyst(σ) 35.10 90.97 44.54 88.22 16.90 95.11 18.40 96.24 28.73 92.64
Catalyst(m) 38.70 91.31 50.39 88.13 11.86 97.36 21.68 95.89 30.66 93.17
Catalyst(µ) + ReAct 38.24 91.84 47.00 88.61 14.34 97.03 17.80 96.50 29.35 93.49
Catalyst(σ) + ReAct 32.72 92.71 43.39 89.39 10.69 97.76 15.21 96.95 25.50 94.20
Catalyst(m) + ReAct 37.89 92.34 51.97 88.63 7.32 98.41 20.80 96.28 29.50 93.92

C
a
t
a
l
y
s
t
(∗
)

Energy 52.51 87.27 58.24 85.05 52.22 85.42 39.75 92.66 50.68 87.60
Catalyst(µ) 33.24 91.84 42.94 89.01 25.59 93.29 16.41 96.69 29.54 92.71
Catalyst(σ) 34.12 91.57 44.34 88.53 21.06 94.52 16.95 96.57 29.12 92.80
Catalyst(m) 34.29 91.47 44.74 88.35 21.26 94.43 17.50 96.46 29.45 92.68
Catalyst(µ) + ReAct 31.58 93.41 42.77 90.30 12.71 97.44 14.66 97.11 25.43 94.56
Catalyst(σ) + ReAct 30.04 93.44 41.50 90.24 11.37 97.61 14.12 97.16 24.26 94.61
Catalyst(m) + ReAct 30.25 93.37 41.61 90.13 11.74 97.52 14.48 97.09 24.52 94.53

Table 19. Analysis of fusion strategies on detection performance on ImageNet benchmarks. All values are percentages and are averaged
over four common OOD benchmark datasets. Catalyst(+) represents additive strategy and Catalyst(∗) represents multiplicative
strategy. The symbol ↓ indicates lower values are better; ↑ indicates larger values are better.

h(x) = median (g(x)) (14)1621

Here, median denotes a global median pooling opera-1622
tion applied independently to each of the n activation maps1623
in g(x).1624

Shannon Entropy. In addition to the median, we compute 1625
the Shannon entropy for each activation map. For the i-th 1626
channel activation gi(x) ∈ Rk×k, the entropy is computed 1627
as shown in Equation 16. To do so, we first flatten gi(x) into 1628
a vector of length k2, and normalize it to define a discrete 1629
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probability distribution pij , as described in Equation 15. By1630
collecting the entropy values across all channels, we obtain1631
the final feature representation h(x) ∈ Rn, as defined in1632
Equation 17 .1633

pij =
gi(x)j∑k2

l=1 gi(x)l
, j = 1, . . . , k2 (15)1634

1635

entropyi(x) = −
k2∑
j=1

pij log pij (16)1636

1637
h(x) = entropy (g(x))

= [entropy1(x), . . . ,entropyn(x)]
⊤ (17)1638

Computing the Scaling Factor γ. The γ(x) computation1639
using the median follows the same principle described in1640
Section 3: a higher median activation is assumed to indi-1641
cate an ID sample. The Shannon entropy, however, ex-1642
hibits the opposite behavior. As alluded to in our motiva-1643
tion (Section 1) and empirically demonstrated (Figure 1),1644
ID samples typically have lower entropy (i.e., less uncer-1645
tainty) than OOD samples. So, to maintain the convention1646
that a ID sample exhibits higher score than OOD samples,1647
the entropy-based scaling factor must be inverted (i.e, 1

γ(x)1648

) before it is applied to the baseline score.1649
Evaluation. Using Shannon entropy as the information cue1650
for our scaling factor γ yields a notable performance im-1651
provement, particularly when combined with strong base-1652
lines like ReAct+DICE. This enhancement is especially1653
pronounced for the MobileNet-V2 architecture. As shown1654
in Table 23, our entropy-based scaling improves upon the1655
vanilla ReAct+DICE baseline by 14.65%, achieving su-1656
perior performance among all foundational methods com-1657
pared. A slight improvement of 5.90% is also observed for1658
the ResNet-50 backbone. For brevity, the table presents re-1659
sults for these two representative architectures.1660

We present the performance of our method, Catalyst,1661
across both ImageNet and CIFAR benchmarks when the1662
scaling factor (γ) is computed using the median and en-1663
tropy statistics. For the ImageNet evaluation, detailed re-1664
sults for the ResNet-50 and MobileNet-V2 architectures are1665
shown in Table 22 and Table 23, respectively. For the CI-1666
FAR benchmarks, we present detailed results for two archi-1667
tectures. For ResNet-18, the performance on CIFAR-10 and1668
CIFAR-100 is shown in Table 24 and Table 25, respectively.1669
Similarly, for DenseNet-101, the results for CIFAR-10 and1670
CIFAR-100 are in Table 26 and Table 27.1671
Discussion. Across all evaluated benchmarks (Tables1672
22–27), the results for the median statistic are conclusive.1673
Across all evaluated benchmarks, using the median to com-1674
pute γ consistently degrades performance. This degrada-1675
tion occurs because the median violates our method’s core1676
assumption: its statistical signature fails to separate ID and1677
OOD samples, resulting in a γ with high overlap. Figure 91678

provides a representative example of this distribution col- 1679
lapse. Given its consistent failure, the median was conclu- 1680
sively rejected as a viable statistic. 1681

Figure 9. Distribution of the scaling factor, γ, computed using
the median statistic. The model is a DenseNet-101 trained on
CIFAR-100 (ID), evaluated against the SVHN dataset (OOD). The
plot reveals that the OOD distribution is shifted to the right of the
ID distribution, indicating that OOD samples produce a higher γ
value than ID samples. This contradicts the core assumption of
our method, leading to degraded OOD detection performance.

The analysis of Shannon entropy is more nuanced and 1682
reveals a critical insight. Entropy is not consistently in- 1683
effective; rather, it is inconsistent. In specific cases, en- 1684
tropy can be very effective. For example, on the ImageNet 1685
benchmark (Table 23), the entropy-based γ improves the 1686
ReAct+DICE baseline by 14.65% on the MobileNet-V2 1687
architecture, achieving the best performance for that spe- 1688
cific model. However, this strong performance is not gen- 1689
eralizable. On the same dataset but with a ResNet-50 back- 1690
bone (Table 22), the improvement is minimal (5.90%) and 1691
lags behind our proposed mean/std/max combination. This 1692
inconsistency aligns can also be seen in ablation study of 1693
using scaling factor standalone as scoring metric in Ap- 1694
pendix K, where we show that γentropy as a standalone score 1695
was dominant on CIFAR but failed to generalize to Ima- 1696
geNet. 1697

This rigor confirms that our chosen statistics (mean, stan- 1698
dard deviation, maximum) are the most effective choice, 1699
providing a robust and consistently high-performing signal 1700
across all models and datasets. 1701

K. Analysis of γ as a Standalone OOD Score 1702

The core hypothesis of our work is that the scaling fac- 1703
tor γ(x), contains significant discriminative information. 1704
While our primary method uses γ as a modulator for exist- 1705
ing OOD scores (e.g., Energy, MSP, ODIN), an important 1706
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question is whether γ is powerful enough to serve as a stan-1707
dalone OOD scoring function. Furthermore, this analysis1708
allows us to identify which of its component statistics are1709
the most robust and generalizable.1710

To investigate this, we conducted a standalone analy-1711
sis of γ, comparing it directly to the strong Energy score.1712
We computed γ individually from four distinct channel-1713
wise statistics: mean, standard deviation, maximum, and1714
entropy. (We omit median as an initial analysis, detailed in1715
Appendix J, showed insufficient discriminative power). For1716
entropy, we found its reciprocal (1/γentropy) without thresh-1717
olding was its most potent configuration, and we use that1718
for this analysis.1719
Analysis on ImageNet. To test the generalizability of these1720
findings, we repeated the analysis on the large-scale Im-1721
ageNet benchmark (Table 20). Here, the trend dramati-1722
cally reversed. The scores derived from γstd, γmax, and1723
even γmean remained robust and generalizable, consistently1724
outperforming the Energy baseline by a significant margin1725
(e.g., 19.32% for γstd on ResNet-50).1726

In sharp contrast, the γentropy score, which was dominant1727
on CIFAR, failed to generalize. It not only performed worse1728
than the other γ statistics but also failed to consistently beat1729
the Energy baseline. For instance, on DenseNet-121, it1730
scored a poor 53.09% FPR95 compared to Energy’s 50.68%1731
(a 2.4-point gap), and on ResNet-50, it merely matched the1732
Energy score (56.73% vs. 57.48%). This demonstrates that1733
entropy, while powerful on simpler datasets, is not a reli-1734
able or generalizable statistic for OOD detection on more1735
complex, large-scale tasks.1736

This analysis provides a critical insight and directly justi-1737
fies our final methodological design (Equation 3 and 4). Our1738
Catalyst framework is constructed by combining the statis-1739
tics that proved to be consistently robust across all bench-1740
marks (mean, standard deviation, maximum), while entropy1741
is deliberately excluded due to its clear lack of generaliz-1742
ability.1743
Analysis on CIFAR. As shown in Table 21, the standalone1744
performance of γ on CIFAR is remarkably strong. The1745
scores from γstd and γmax are highly competitive, matching1746
or exceeding the Energy score baseline. The γmean score is1747
less effective, which aligns with the poor signal separation1748
observed in our motivational analysis (Figure 1).1749

Notably, the γentropy score is effective on these bench-1750
marks. It dramatically outperforms the Energy baseline by1751
69.03% (CIFAR-10) and 31.62% (CIFAR-100) on ResNet-1752
18, and by 33.69% (CIFAR-10) and 15.29% (CIFAR-100)1753
on DenseNet-101. Based on this initial finding, entropy1754
would appear to be the most powerful standalone sig-1755
nal. As a representative, Figure 10 visually demonstrates1756
the superior distribution separation achieved by the stan-1757
dalone γentropy score compared to the Energy baseline on1758
the CIFAR-100 benchmark.1759
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Figure 10. Superior OOD separation of γentropy as a standalone score on CIFAR-100. The model is a ResNet-18 trained on CIFAR-100
(ID), evaluated against the Texture dataset (OOD). (Left) Significant distribution overlap between ID and OOD using the baseline Energy
score. (Right) Dramatically improved separation using the standalone γentropy score.This visualization confirms the finding from Table 21
that entropy is an exceptionally powerful standalone signal on the CIFAR benchmarks.

Model Method SUN Places Texture iNaturalist Average

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

ResNet-34

Energy 57.39 86.59 62.61 84.59 54.95 86.45 53.86 89.73 57.20 86.84
Mean 44.83 96.01 56.88 94.29 27.99 98.88 35.96 97.69 41.42 96.72
Std 56.73 94.09 69.36 91.74 18.81 99.22 42.05 97.14 46.74 95.55
Max 54.94 94.12 68.05 91.63 19.11 99.19 42.87 97.01 46.24 95.49
Entropy 63.75 91.93 75.47 88.55 20.64 99.03 52.63 95.25 53.12 93.69

ResNet-50

Energy 58.28 86.73 65.40 84.13 52.29 86.73 53.95 90.59 57.48 87.05
Mean 43.71 96.52 56.03 94.69 27.23 99.00 30.67 98.22 39.41 97.11
Std 56.57 94.83 69.33 92.40 20.36 99.20 39.24 97.61 46.37 96.01
Max 56.12 94.63 69.41 92.03 20.28 99.19 39.67 97.53 46.37 95.84
Entropy 71.43 90.98 81.43 87.52 21.84 98.90 52.21 95.38 56.73 93.20

MobileNet-v2

Energy 59.36 86.24 66.27 83.21 54.54 86.58 55.31 90.34 58.87 86.59
Mean 44.23 96.84 60.08 94.60 21.14 99.40 45.29 96.98 42.68 96.96
Std 50.97 96.02 67.22 93.28 14.54 99.60 46.03 97.19 44.69 96.52
Max 50.33 95.96 66.70 93.10 14.56 99.60 46.58 97.22 44.54 96.47
Entropy 56.30 94.59 71.04 90.89 15.43 99.52 50.40 96.28 48.29 95.32

DenseNet-121

Energy 52.51 87.27 58.24 85.05 52.22 85.42 39.75 92.66 50.68 87.60
Mean 56.90 95.02 68.16 93.11 36.99 98.58 40.51 97.42 50.64 96.03
Std 58.44 94.80 69.69 92.64 29.63 98.89 41.84 97.36 49.90 95.92
Max 58.35 94.65 70.09 92.37 29.68 98.89 43.02 97.21 50.29 95.78
Entropy 61.31 92.74 73.05 89.28 29.86 98.56 48.13 95.38 53.09 93.99

Table 20. Detailed OOD detection results on ImageNet benchmarks using scaling factor γ as a standalone scoring metric. ↓ indicates
lower values are better and ↑ indicates larger values are better.
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L. Societal Impact1760

The reliable detection of out-of-distribution (OOD) inputs1761
is a fundamental requirement for safe and trustworthy de-1762
ployment of machine learning systems. This capability is1763
critical in high-stakes domains such as autonomous trans-1764
portation, where an unexpected object on the road must be1765
identified as anomalous, and in medical diagnostics, where1766
a model must recognize that a scan presents features of1767
an unseen disease. By improving the separation between1768
in-distribution (ID) and OOD data, our work directly con-1769
tributes to building more robust and dependable AI. The pri-1770
mary benefit of our approach, Catalyst, is its potential1771
to reduce critical failure rates, which is crucial for ensuring1772
user safety and earning public trust in automated systems.1773

The broader impact of this research lies in enhancing the1774
safety and reliability of AI. Our work adheres to ethical re-1775
search standards, does not involve human subjects, and uses1776
publicly available datasets. While any powerful technology1777
can have unforeseen applications, our work is fundamen-1778
tally aimed at mitigating the harm that arises from brittle AI1779
models that fail silently or unpredictably when faced with1780
novel inputs. By releasing our code to the public, we hope1781
to foster further research, encourage reproducibility, and ac-1782
celerate the development of more robust AI systems that can1783
be deployed responsibly in society.1784

M. Synergy with Existing Methods1785

Catalyst is designed to be fully compatible with exist-1786
ing post-hoc OOD detection techniques, enabling seamless1787
integration with widely used methods such as MSP [16],1788
ODIN [32], Energy [36], ReAct [55], DICE [54],1789
ASH [5] and KNN [56]. Rather than replacing these tech-1790
niques, Catalyst acts as a complementary module. It1791
enhances their ability to separate in-distribution and out-of-1792
distribution samples through an elastic scaling mechanism,1793
introducing an additional degree of freedom that works in1794
tandem with them. In our evaluation, we omit ODIN [32]1795
from our analysis due to its high computational cost and1796
limited performance on large-scale datasets like ImageNet.1797
The method’s expense stems from requiring an FGSM-1798
based perturbation for every input sample.1799

To demonstrate the effectiveness of this synergy on the1800
ImageNet benchmark, we present detailed experimental re-1801
sults in Table 22 and Table 23, showing the performance1802
of each baseline method when combined with Catalyst.1803
The results consistently indicate performance improve-1804
ments, validating the benefit of integrating Catalystwith1805
established methods. For brevity, the table presents results1806
for these two representative architectures, ResNet-50 and1807
MobileNet-V2.1808

To demonstrate the effectiveness of this synergy on the1809
CIFAR benchmarks, we present detailed experimental re-1810

sults in Table 24, 26 (CIFAR-10) and Table 25, 27 (CIFAR- 1811
100), showing the performance of each baseline method 1812
when combined with Catalyst. The results demonstrate 1813
consistent performance improvements, validating the bene- 1814
fit of integrating Catalyst with established baselines. 1815
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Model Combined Method SUN Place365 Textures iNaturalist Average

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

ResNet-50

MSP 68.58 81.75 71.57 80.63 66.13 80.46 52.77 88.42 64.76 82.82
+ Catalyst(µ) 56.58 87.33 62.93 85.10 52.48 87.81 39.20 92.41 52.80 88.16
+ Catalyst(σ) 59.13 85.63 65.72 82.89 42.66 91.76 39.26 92.31 51.69 88.15
+ Catalyst(m) 58.92 85.51 65.71 82.53 42.82 91.67 39.02 92.29 51.62 88.00
+ Catalyst(md) 53.93 88.34 59.01 86.99 63.49 79.42 42.50 91.27 54.73 86.51
+ Catalyst(e) 67.59 82.41 70.90 80.79 63.87 83.21 51.05 89.05 63.35 83.86

Energy 58.28 86.73 65.40 84.13 52.29 86.73 53.95 90.59 57.48 87.05
+ Catalyst(µ) 30.79 92.67 42.59 89.78 22.29 94.01 18.02 96.46 28.42 93.23
+ Catalyst(σ) 35.73 91.47 48.35 88.04 15.85 95.94 19.05 96.21 29.75 92.92
+ Catalyst(m) 35.79 91.40 48.68 87.82 16.08 95.88 19.00 96.18 29.89 92.82
+ Catalyst(md) 30.23 93.24 38.47 91.31 47.70 87.77 25.46 95.29 35.46 91.90
+ Catalyst(e) 52.40 87.75 62.06 84.76 41.35 89.27 44.22 92.20 50.01 88.50

ReAct 23.68 94.44 33.33 91.96 46.33 90.30 19.73 96.37 30.77 93.27
+ Catalyst(µ) 18.46 95.82 28.98 93.31 12.11 97.38 8.54 98.19 17.02 96.18
+ Catalyst(σ) 19.13 95.61 29.58 93.04 12.04 97.38 9.10 98.06 17.46 96.02
+ Catalyst(m) 19.02 95.52 29.77 92.92 12.06 97.31 9.71 97.97 17.64 95.93
+ Catalyst(md) 24.41 95.55 31.75 93.63 57.62 87.82 22.06 96.18 33.96 93.30
+ Catalyst(e) 22.64 94.55 34.09 91.58 22.27 94.91 13.94 97.25 23.23 94.57

DICE 36.11 91.01 47.62 87.76 32.38 90.48 26.48 94.53 35.65 90.94
+ Catalyst(µ) 31.28 92.16 43.09 89.11 19.91 94.46 16.59 96.58 27.72 93.08
+ Catalyst(σ) 32.86 91.85 45.67 88.45 20.05 94.45 20.18 95.82 29.69 92.65
+ Catalyst(m) 33.56 91.77 47.04 88.18 18.62 95.06 20.63 95.82 29.96 92.71
+ Catalyst(md) 30.26 93.53 38.80 91.09 46.90 88.00 25.14 95.17 35.27 91.95
+ Catalyst(e) 36.11 90.98 47.72 87.72 32.38 90.48 26.60 94.50 35.70 90.92

ReAct+DICE 24.05 94.31 34.28 91.71 28.40 93.33 14.90 97.06 25.41 94.10
+ Catalyst(µ) 23.47 94.82 34.08 92.18 14.45 96.91 10.86 97.86 20.72 95.44
+ Catalyst(σ) 23.76 94.65 34.58 92.06 15.07 96.70 11.40 97.75 21.20 95.29
+ Catalyst(m) 25.33 94.46 36.92 91.67 13.81 97.02 12.35 97.61 22.10 95.19
+ Catalyst(md) 24.25 95.25 32.08 93.19 46.68 90.50 18.80 96.63 30.45 93.89
+ Catalyst(e) 22.07 94.78 31.61 92.32 28.00 93.54 13.98 97.25 23.91 94.47

ASH 28.01 94.02 39.84 90.98 11.95 97.60 11.52 97.87 22.83 95.12
+ Catalyst(µ) 28.97 93.75 41.04 90.53 11.47 97.79 12.08 97.74 23.39 94.95
+ Catalyst(σ) 29.76 93.73 41.75 90.77 11.56 97.57 12.24 97.75 23.83 94.95
+ Catalyst(m) 28.23 93.97 40.20 90.90 11.49 97.73 11.60 97.85 22.88 95.11
+ Catalyst(md) 26.32 94.43 36.36 91.67 19.52 96.17 13.95 97.35 24.04 94.91
+ Catalyst(e) 27.96 94.01 39.81 90.97 11.93 97.60 11.50 97.87 22.80 95.11

SCALE 25.78 94.54 36.86 91.96 14.56 96.75 10.37 98.02 21.89 95.32
+ Catalyst(µ) 25.38 94.57 36.55 91.83 11.90 97.45 10.11 98.06 20.98 95.48
+ Catalyst(σ) 25.58 94.51 36.99 91.77 11.83 97.48 10.31 98.03 21.18 95.45
+ Catalyst(m) 25.60 94.51 37.09 91.76 11.79 97.48 10.32 98.02 21.20 95.44
+ Catalyst(md) 23.67 95.12 33.19 92.83 23.37 95.15 12.91 97.56 23.28 95.17
+ Catalyst(e) 25.77 94.47 37.04 91.81 14.01 96.84 10.34 98.02 21.79 95.29

Table 22. Detailed results of post-hoc methods combined with Catalyst on four OOD benchmarks: SUN, Places365, Textures, and
iNaturalist using ResNet-50 trained on ImageNet-1K. ↑ indicates higher is better; ↓ indicates lower is better. The symbols denote the
statistic used: µ (mean), σ (std. deviation), m (maximum), md (median), and e (Shannon entropy).
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Model Combined Method SUN Place365 Textures iNaturalist Average

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

MobileNet-V2

MSP 74.20 78.88 76.89 78.14 70.99 78.95 59.86 86.72 70.49 80.67
+ Catalyst(µ) 63.48 85.01 69.78 82.57 57.46 86.55 48.69 90.06 59.85 86.05
+ Catalyst(σ) 63.13 84.81 69.71 81.73 43.67 91.44 45.33 90.88 55.46 87.22
+ Catalyst(m) 63.19 84.78 69.63 81.84 46.12 90.69 46.05 90.73 56.25 87.01
+ Catalyst(md) 66.47 83.52 70.73 82.29 73.14 76.11 57.43 87.31 66.94 82.31
+ Catalyst(e) 72.66 80.27 75.86 78.90 67.94 81.88 57.41 87.59 68.47 82.16

Energy 59.36 86.24 66.27 83.21 54.54 86.58 55.31 90.34 58.87 86.59
+ Catalyst(µ) 37.74 91.43 52.21 87.33 23.42 94.17 33.47 93.84 36.71 91.69
+ Catalyst(σ) 38.20 91.26 53.04 86.84 14.02 96.37 29.25 94.63 33.63 92.27
+ Catalyst(m) 37.41 91.37 52.24 86.89 14.18 96.35 28.78 94.70 33.15 92.33
+ Catalyst(md) 52.89 88.64 62.06 85.82 67.66 82.51 62.71 87.50 61.33 86.12
+ Catalyst(e) 52.16 87.95 61.69 84.32 41.17 89.95 45.70 92.08 50.18 88.58

ReAct 52.46 87.26 59.89 84.07 40.25 90.96 43.05 92.72 48.91 88.75
+ Catalyst(µ) 32.82 92.93 48.62 88.59 13.60 96.83 28.19 94.89 30.81 93.31
+ Catalyst(σ) 37.53 91.22 51.32 87.19 10.18 97.31 27.21 95.12 31.56 92.71
+ Catalyst(m) 34.77 92.26 49.77 88.06 8.69 97.76 24.08 95.66 29.33 93.43
+ Catalyst(md) 50.96 89.62 59.73 86.80 71.45 82.57 63.14 86.49 61.32 86.37
+ Catalyst(e) 36.32 91.14 50.91 86.16 13.71 96.34 23.20 95.70 31.03 92.33

DICE 37.84 90.81 52.35 86.17 32.57 91.46 41.53 91.30 41.07 89.94
+ Catalyst(µ) 36.22 91.56 51.48 87.17 16.45 95.78 34.79 93.38 34.74 91.97
+ Catalyst(σ) 36.31 91.29 51.20 87.03 17.15 95.40 35.07 93.25 34.93 91.74
+ Catalyst(m) 34.90 91.80 50.45 87.32 14.86 96.22 32.41 93.85 33.15 92.30
+ Catalyst(md) 47.96 89.30 58.91 85.37 61.90 83.26 61.27 84.74 57.51 85.67
+ Catalyst(e) 37.96 90.76 52.11 86.28 28.88 92.59 36.19 93.07 38.79 90.68

ReAct+DICE 30.60 92.98 45.93 88.29 16.03 96.33 31.68 93.76 31.06 92.84
+ Catalyst(µ) 33.90 92.65 49.33 88.22 9.52 97.87 31.04 94.44 30.95 93.30
+ Catalyst(σ) 32.67 92.57 47.68 88.29 9.88 97.61 29.20 94.66 29.86 93.28
+ Catalyst(m) 32.60 92.58 47.77 88.30 9.79 97.63 29.29 94.66 29.86 93.29
+ Catalyst(md) 48.95 89.51 59.14 85.64 65.62 83.49 63.50 83.56 59.30 85.55
+ Catalyst(e) 26.33 93.86 40.71 89.65 13.87 96.60 25.12 95.22 26.51 93.83

ASH 43.63 90.02 58.85 84.73 13.12 97.10 39.13 91.94 38.68 90.95
+ Catalyst(µ) 40.05 90.86 55.47 85.83 14.49 96.77 37.05 92.59 36.76 91.51
+ Catalyst(σ) 41.76 90.45 57.32 85.12 10.92 97.64 34.17 93.32 36.04 91.63
+ Catalyst(m) 42.01 90.41 57.41 85.02 11.12 97.62 36.11 92.94 36.66 91.50
+ Catalyst(md) 43.12 89.49 57.70 83.57 20.02 95.86 45.78 88.40 41.65 89.33
+ Catalyst(e) 43.33 89.97 58.82 84.47 12.71 97.24 38.66 91.97 38.38 90.91

SCALE 38.74 91.64 53.49 87.34 14.79 96.65 30.09 94.46 34.28 92.52
+ Catalyst(µ) 37.12 91.82 52.31 87.00 13.97 97.01 31.85 93.82 33.81 92.41
+ Catalyst(σ) 39.23 91.57 54.34 87.00 11.81 97.43 31.22 94.20 34.15 92.55
+ Catalyst(m) 38.70 91.66 53.53 86.95 11.33 97.56 30.97 94.27 33.63 92.61
+ Catalyst(md) 40.23 91.51 53.09 87.71 28.53 93.86 40.72 91.62 40.64 91.18
+ Catalyst(e) 38.73 91.62 53.46 87.20 14.47 96.74 29.90 94.46 34.14 92.51

Table 23. Detailed results of post-hoc methods combined with Catalyst on four OOD benchmarks: SUN, Places365, Textures, and
iNaturalist using MobileNet-V2 trained on ImageNet-1K. ↑ indicates higher is better; ↓ indicates lower is better. The symbols denote the
statistic used: µ (mean), σ (std. deviation), m (maximum), md (median), and e (Shannon entropy).
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