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Abstract

The ability of the deep learning model to recognize when a sample falls outside its1

learned distribution is critical for safe and reliable deployment. Recent state-of-2

the-art out-of-distribution (OOD) detection methods leverage activation shaping3

to improve the separation between in-distribution (ID) and OOD inputs. These4

approaches resort to sample-specific scaling but apply a static percentile threshold5

across all samples regardless of their nature, resulting in suboptimal ID-OOD6

separability. In this work, we propose AdaSCALE, an adaptive scaling procedure7

that dynamically adjusts the percentile threshold based on a sample’s estimated8

OOD likelihood. This estimation leverages our key observation: OOD samples9

exhibit significantly more pronounced activation shifts at high-magnitude acti-10

vations under minor perturbation compared to ID samples. AdaSCALE enables11

stronger scaling for likely ID samples and weaker scaling for likely OOD samples,12

yielding highly separable energy scores. Our approach achieves state-of-the-art13

OOD detection performance, outperforming the latest rival OptFS by 14.94% in14

near-OOD and 21.67% in far-OOD datasets in average FPR@95 metric on the15

ImageNet-1k benchmark across eight diverse architectures.16

1 Introduction17

The reliable deployment of deep learning models hinges on their ability to handle previously unseen18

inputs, a task commonly known as OOD detection. One critical application is in medical diagnosis,19

where a model trained on common diseases should be able to flag inputs representing unknown20

conditions as potential outliers, requiring further review by clinicians. OOD detection primarily21

involves identifying semantic shifts, with robustness to covariate shifts being a highly desirable22

characteristic [1, 2]. As modern deep learning models scale in both data and parameter counts,23

effective OOD detection within large-scale settings is critical. Given the difficulties of iterating on24

large models, post-hoc approaches that preserve ID accuracy are generally preferred.25

A variety of post-hoc approaches have emerged, broadly categorized by where they operate. One class26

of methods focuses on computing OOD scores directly in the output space [6, 7, 8, 9, 3, 10], while27

another operates in the activation space [11, 12, 13, 14]. Finally, a more recent line of research also28

explores a hybrid approach [15, 16], combining information from both spaces. The efficacy of many29

high-performing methods relies on either accurate computation of ID statistics [17, 18, 19, 20, 21] or30

retention of training data statistics [12, 14]. However, as retaining full access to training data becomes31

increasingly impractical in large-scale settings, methods that operate effectively with minimal ID32

samples without performance degradation are particularly valuable for practical applications.33

Alleviating the dependence on ID training data/statistics, recent state-of-the-art post-hoc approaches34

center around the concept of “fixed scaling." ASH [3] prunes and scales activations on a per-sample35

basis. SCALE [4], the direct successor of ASH, critiques pruning and focuses purely on scaling,36

which improves OOD detection without accuracy degradation. LTS [5] extends this concept by37

directly scaling logits instead, using post-ReLU activations. These methods leverage a key insight:38
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Figure 1: Adaptive scaling (AdaSCALE) vs. fixed scaling (ASH [3], SCALE [4], LTS [5]). While
fixed scaling approaches uses a constant percentile threshold p and hence constant k (e.g., k = 3)
across all samples, AdaSCALE adjusts k based on estimated OOD likelihood. AdaSCALE assigns
larger k values (e.g., k = 5) to OOD-likely samples, producing smaller scaling factors, and smaller k
values (e.g., k = 1) to ID-likely samples, yielding larger scaling factors. This adaptive mechanism
enhances ID-OOD separability. (See Figure 4 for complete working mechanism.)

scaling based on the relative strength of a sample’s top-k activations (with respect to the entire39

activations) produces highly separable ID-OOD energy scores. However, although such approaches40

provide sample-specific scaling factors, the scaling mechanism remains uniform across all samples41

as the percentile threshold p and thereby k is fixed, as shown in Figure 1. This static approach is42

inherently limiting for optimal ID-OOD separation while also failing to leverage even minimal ID43

data, which could be reasonably practical in most deployment scenarios.44

We hypothesize that designing an adaptive scaling procedure based on each sample’s predetermined45

OOD likelihood offers greater control for enhancing ID-OOD separability. Specifically, this mech-46

anism should assign smaller scaling factors for samples with high OOD likelihood to yield lower47

energy scores and larger scaling factors for probable ID samples to yield higher energy scores. To48

achieve this, we propose a heuristic for predetermining OOD likelihood based on a key observation in49

activation space: minor perturbations applied to OOD samples induce significantly more pronounced50

shifts in their top-k activations compared to ID samples. Consequently, samples exhibiting substantial51

activation shifts are assigned lower scaling factors, while those with minimal shifts receive higher52

scaling factors. This adaptive scaling mechanism can be applied in either logit or activation space.53

Our method, AdaSCALE, achieves state-of-the-art performance, delivering significant improvements54

in OOD detection while requiring only minimal ID samples.55

We conduct an extensive evaluation across 8 architectures on ImageNet-1k and 2 architectures56

on CIFAR benchmarks, demonstrating the substantial effectiveness of AdaSCALE. For instance,57

AdaSCALE surpasses the average performance of the best-generalizing method, OptFS [10], by58

14.94%/8.96% for near-OOD detection and 21.48%/3.39% for far-OOD detection in terms of59

FPR@95 / AUROC, on the ImageNet-1k benchmark across eight architectures. Furthermore, AdaS-60

CALE outperforms the best-performing method, SCALE [4], when evaluated on the ResNet-5061

architecture, achieving performance gains of 12.95%/6.44% for near-OOD and 16.79%/0.79% for62

far-OOD detection. Additionally, AdaSCALE consistently demonstrates superiority in full-spectrum63

OOD (FSOOD) detection [1]. Our key contributions are summarized as follows:64

• We reveal that OOD inputs exhibit more pronounced shifts in top-k activations under minor65

perturbations compared to ID inputs. Leveraging this, we propose a novel post-hoc OOD66

detection method using adaptive scaling that attains state-of-the-art OOD detection.67

• We demonstrate state-of-the-art generalization of AdaSCALE via extensive evaluations68

across many setups. AdaSCALE requires tuning just one additional percentile hyperparam-69

eter compared to SCALE for a given setup, while the other introduced hyperparameters70

generalize well across all 10 architectures and 3 datasets.71
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2 Related Works72

Post-hoc methods. Early research on OOD detection primarily focused on designing scoring73

functions based on logit information [6, 7, 8, 9, 22]. While these methods leveraged logit-based74

scores, alternative approaches have explored gradient-based information, such as GradNorm [23],75

GradOrth [24], GAIA [25], and Greg-OOD [26]. Given the limited dimensionality of the logit76

space, which may not encapsulate sufficient information for OOD detection, subsequent studies77

have investigated activation-space-based methods. These approaches exploit the high-dimensional78

activations, leading to both parametric techniques such as MDS [11], MDS Ensemble [11], and79

RMDS [13], as well as non-parametric methods such as KNN-based OOD detection [12, 27]. Recent80

advancements have proposed hybrid methodologies that integrate parametric and non-parametric81

techniques to improve robustness. For instance, ComboOOD [14] combines these paradigms to82

enhance near-OOD detection performance. Similarly, VIM [15] employs a combination of logit-based83

and distance-based metrics. However, reliance of such approaches on ID statistics [20, 28, 29] can84

become a constraint, hindering scalability and practical deployment in real-world applications. To85

mitigate computational challenges for real-world deployment, recent methods, such as FDBD [30]86

and NCI [31], have focused on enhancing efficiency. Recent advances, such as NECO [32] examines87

connections to neural collapse phenomena, while WeiPer [33], explore class-direction perturbations.88

Unlike WeiPer, our work deals with perturbation in the input image similar to ODIN [7].89

Activation-shaping post-hoc methods. A seminal work in OOD detection, ReAct [17], identified90

abnormally high activation patterns in OOD samples and proposed clipping extreme activations. This91

approach has been further generalized by BFAct [18] and VRA [19], which extend activation clipping92

for enhanced effectiveness. Additionally, BATS [34] refines activation distributions by aligning them93

with their respective typical sets, while LAPS [35] enhances this strategy by incorporating channel-94

aware typical sets. Inspired by activation clipping, another line of research explores activation95

“scaling" as a means to improve OOD detection. ASH [3] introduces a method to compute a96

scaling factor as a function of the activation itself, pruning and rescaling activations to enhance97

the separation of energy scores between ID and OOD samples. However, this approach results in98

a slight degradation in ID classification accuracy. In response, SCALE [4] observes that pruning99

adversely affects performance and thus eliminates it, leading to improved OOD detection while100

preserving ID accuracy. SCALE currently represents the state-of-the-art method for ResNet-50-based101

OOD detection. Despite their efficacy, these activation-based methods exhibit limited generalization102

across diverse architectures. To address this issue, LTS [5] extends SCALE by computing scaling103

factors using post-ReLU activations and applying them directly to logits rather than activations. Our104

work builds on this line of work, introducing the adaptive scaling mechanism. ATS [21] argues that105

relying solely on final-layer activations may result in the loss of critical information beneficial for106

OOD detection and proposes to leverage intermediate-layer activations too. However, its efficacy is107

contingent upon the availability of a large number of training samples, whereas our approach attains108

state-of-the-art performance while utilizing a minimal number of ID samples. A newly proposed109

method OptFS [10] introduces a piecewise constant shaping function with the goal of generalization110

across diverse architectures in large-scale settings, while our work exhibits superior generalization111

extending to small-scale settings too.112

Training methods. The training methods incorporate adjustments during training to enhance the113

ID-OOD differentiating characteristics. They either make architectural adjustments [36, 37, 38], apply114

enhanced data augmentations [39, 40, 41], or make simple training modifications [42, 43, 44]. More115

recent methods have adopted contrastive learning in the context of OOD detection [45, 46, 47, 48].116

Moreover, some approaches also either utilize external real outliers [49, 50, 51, 52] or synthesize117

virtual outliers either in image space [53, 54, 55, 56, 57, 58, 59, 60] or in feature space [61, 62, 63, 64].118

However, training methods can be costlier and less effective than post-hoc approaches in some large-119

scale setups [65].120

3 Preliminaries121

Let X denote the input space and Y = {1, 2, ..., C} denote the label space, where C is the number122

of classes. We consider a multi-class classification setting where a classifier h is trained on ID123

data drawn from an underlying joint distribution PID(x, y), where x ∈ X and y ∈ Y . The ID124
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training dataset is denoted as DID = {(xi, yi)}Ni=1, where N is the number of training samples and125

(xi, yi) ∼ PID(x, y). The classifier h is composed of a feature extractor fθ : X → A ∈ RD, and a126

classifier gW : A → Z ∈ RC . The feature extractor maps an input x to a feature vector a ∈ A, where127

a = fθ(x) and the classifier then maps this feature vector to a logit vector z = gW(a) ∈ RC . We refer128

to individual dimensions of the feature vector a as activations, denoted by aj for the j-th dimension.129

The classifier h is trained onDID to minimize the empirical risk: minθ,W
1
N

∑N
i=1 L(gW (fθ(xi)), yi)130

where L is a loss function, such as cross-entropy loss. During inference, the model may encounter131

data points drawn from a different distribution, denoted as POOD(x), which is referred to as OOD132

data. The OOD detection problem aims to identify whether a given input x is drawn from marginal133

distribution PID(x) or from POOD(x). Hence, the goal is to design a scoring function S(x) : X → R134

that assigns a scalar score to each input x, reflecting its likelihood of being an OOD sample. A higher135

score typically indicates a higher probability of the input being OOD. A threshold τ is used to classify136

an input as either ID or OOD: OOD(x) =

{
True, if S(x) > τ

False, if S(x) ≤ τ
.137

4 Method138

In this section, we introduce AdaSCALE, a novel post-processing approach that dynamically adapts139

the scaling mechanism based on each sample’s estimated OOD likelihood. We first present our140

key empirical observations regarding activation behavior under minor perturbations, building upon141

insights from ReAct [17]. Next, we revisit and analyze the core principle underlying recent state-of-142

the-art approaches. Finally, we detail our proposed adaptive scaling mechanism that leverages these143

observations to achieve superior OOD detection performance.144

4.1 Observations in Activation Space145

A seminal work ReAct [17] demonstrated that OOD samples often induce abnormally high activations146

within neural networks. We extend this finding with an important observation: the positions of such147

high activations in OOD samples are relatively unstable under minor perturbations compared to ID148

samples. This instability provides a valuable signal for distinguishing OOD samples from ID samples.149

Below, we formalize this observation and our methodology.150

4.1.1 Perturbation Mechanism151

Let x ∈ RCin×H×W be an input image with Cin input channels, H height, and W width. We denote152

channel value at position (c, h, w) as x[c, h, w]. To identify channel values for perturbation, we153

employ pixel attribution that quantifies each input element’s influence on the model’s prediction. An154

attribution function, AT (x, c, h, w), assigns a score to each channel value, with lower absolute scores155

indicating less influence. We select o% of channel value indices with lowest absolute attribution156

scores, forming the set R. We use a gradient-based attribution:157

AT (x, c, h, w) =
∂(gW (fθ(x)))ypred

∂x[c, h, w]
(1)

where ypred is the predicted class index. To create a perturbed input, we select a subset R containing158

o% of channel values to perturb. The perturbed image xε is obtained as:159

xε[c, h, w] =

{
x[c, h, w] + ε · sign(AT (x, c, h, w)), if (c, h, w) ∈ R

x[c, h, w], if (c, h, w) /∈ R
(2)

where ε is perturbation magnitude. While we employ gradient-based attribution for principled pixel160

selection for perturbation, as we show later in Appendix C.3, it is important to note that even random161

selection empirically performs similarly, whereas selecting salient pixels degrades performance.162

4.1.2 Activation Shift as OOD Indicator163

After obtaining the perturbed input xε, we compute its activation aε = fθ(x
ε). We define the164

activation shift as the absolute element-wise difference between the original activation and the165

perturbed activation:166

ashift = |aε − a| (3)
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Figure 2: Activation shift comparison (with the
mean denoted by a solid line and the standard de-
viation by a shaded region) between ID and OOD
in the ResNet-50 model. The activation shift is sig-
nificantly more pronounced in OOD samples com-
pared to ID samples at high-magnitude activations
(left side of the x-axis), providing a discriminative
signal for OOD detection.

Figure 2 illustrates the key insight of our167

approach: activation shift at extreme (high-168

magnitude) activations is consistently more pro-169

nounced in OOD samples compared to ID sam-170

ples. This behavior can be understood intu-171

itively: ID samples activate network features in172

a stable, predictable manner reflecting learned173

patterns, while OOD samples trigger less sta-174

ble, more arbitrary high activations that shift175

significantly under perturbation. Based on this176

observation, we propose using activation shift177

at the top-k1 highest activations as a metric to178

estimate OOD likelihood of a sample:179

Q =
∑

j∈argsort(a, desc=True)[:k1]

(|aεj − aj |) (4)

where argsort(a, desc = True)[: k1] returns180

the indices of the k1 highest values in a. As181

evidenced by QOOD/QID ratio (> 1) shown in182

Figure 3, the Q statistic generally assigns higher183

values to OOD samples than ID ones. However,184

the high variance of Q metric (Figure 2) suggests the possibility of overoptimistic estimations. To185

address this issue, we introduce a correction term Co that exhibits an opposing behavior: it tends to186

be higher for ID samples than for OOD samples. Figure 8 in Appendix C shows that the perturbed187

activations of ID samples tend to be higher than those of OOD ones, especially in high-activation188

regions. We leverage this complementary signal by defining:189

Co =
∑

j ∈ argsort(a, desc=True)[:k2]

ReLU(aεj) (5)

where k2 is a hyperparameter denoting the number of considered activations. We refine our OOD190

quantification by combining both metrics, weighted by a hyperparameter λ:191

Q′ = λ ·Q+ Co (6)

Figure 3: QOOD/QID vs Q′
OOD/Q′

ID in
various OOD datasets with ResNet-
50 on ImageNet-1k. Q′

OOD/Q
′
ID >

QOOD/QID suggests Co helps mitigate
overconfident estimations.

Indeed, Figure 3 illustrates that Q′
OOD/Q

′
ID > QOOD/QID,192

suggesting that the correction term Co helps mitigate over-193

confident estimations. If Q̄s = {Q̄′
1, Q̄

′
2, ..., Q̄

′
nval
} be the194

set of Q′ values on nval ID validation samples, we could195

transform any Q′ into a normalized probability scale by196

constructing empirical cumulative distribution function197

(eCDF) derived from Q̄s. The eCDF, denoted as FQ′(Q′),198

can be defined as:199

FQ′(Q′) =
1

nval

nval∑
i=1

1(Q̄′
i ≤ Q′) (7)

where 1(·) is the indicator function. A higher value of200

FQ′(Q′) indicates a higher likelihood of the sample being OOD. Importantly, our experiments201

suggest that as few as 10 ID validation samples are sufficient to construct an effective eCDF for this202

purpose (See Table 6).203

Remark: ODIN vs. AdaSCALE in terms of perturbation

ODIN [7] perturbs entire image, inducing stronger confidence in ID inputs than OOD ones. In
contrast, we apply trivial perturbations, perturbing only small number of trivial/random pixels to
primarily compute shifts in top-k activations.

204

5



Figure 4: Schematic diagram of AdaSCALE’s working mechanism. AdaSCALE computes
activation shifts between an original image and its slightly perturbed counterpart to estimate OOD
likelihood. This likelihood determines an adaptive percentile threshold (p and thereby k), which
controls the scaling factor r. Since r is defined as the ratio of total activation sum to the sum of
activations above the percentile threshold, samples with higher OOD likelihood receive lower scaling
factors. This adaptive approach ensures stronger scaling for ID samples and weaker scaling for OOD
samples, yielding highly separable energy scores that enable effective OOD detection.

4.2 Revisiting Static Scaling Mechanism205

Scaling baselines [3, 4, 5] operate by scaling activations / logits with scaling factor r computed as:206

r =

( ∑
j aj∑

aj>Pp(a)
aj

)
(8)

where Pp(a) denotes the pth percentile of all elements in activation a. While this approach yields207

sample-specific scaling factors, it imposes a critical constraint: the pth percentile threshold is static208

and identical across all test samples, regardless of the nature of samples. We argue that this static209

nature limits the effectiveness of the scaling procedure and prevents optimal ID-OOD separability.210

4.3 Proposed Approach: Adaptive Scaling211

Building on our observations, we propose AdaSCALE (Adaptive SCALE), a novel approach that212

introduces dynamic, sample-specific adjustments to the scaling procedure. The key insight is that pth213

percentile threshold should be a function of each test sample’s estimated OOD likelihood rather than214

a fixed value. The scaling factor r increases as the pth percentile threshold rises (i.e., when more215

activations are excluded from the denominator in Equation 8). For optimal ID-OOD separation, we216

must scale ID samples more strongly than OOD samples, requiring a higher pth percentile for ID217

samples. We define an adaptive percentile threshold as:218

p = pmin + (1− FQ′(Q′) · (pmax − pmin) (9)

where pmin and pmax are hyperparameters that define the minimum and maximum limits of percentile219

threshold. It ensures samples with lower OOD likelihood receive higher percentile thresholds,220

resulting in stronger scaling. (See Algorithm 1). We implement two variants: AdaSCALE-A scales221

activations as ascaled = a · exp(r) [3, 4]. AdaSCALE-L scales logits as zscaled = z · r2 [5]. We use222

energy score − log
∑C

i=1 e
(zi) on (directly or indirectly) scaled logits, with higher values indicating223

higher ID likelihood. This approach enables per-sample dynamic scaling, as outlined in Figure 4.224

5 Experiments225

Table 1: Experimental evaluation setup for OOD detection.

Conventional OOD detection
ID datasets Near-OOD Far-OOD Network

CIFAR-10/100 CIFAR-100 [66]/10 [67] MNIST [68], SVHN [69], WRN-28-10, DenseNet-101TIN [70] Textures [71], Places365 [72]

ImageNet-1k

SSB-Hard [73] iNaturalist [74], EfficientNetV2-L, ResNet-101
NINCO [75] OpenImage-O [15] DenseNet-201, ViT-B-16

ImageNet-O [76] Textures [71] ResNet-50, ResNeXt-50
Places [72, 17] RegNet-Y-16, Swin-B

Covariate shifted datasets for full spectrum OOD detection
ImageNet-1k ImageNet-C [77], ImageNet-R [78], ImageNet-V2 [79], ImageNet-ES [2]

We use pre-trained models provided226

by PyTorch for ImageNet-1k experi-227

ments. For CIFAR experiments, we228

train three models per network using229

the standard cross-entropy loss and230

report the mean results across these231

three independent trials. The evalua-232

tion setup is provided in Table 1.233

Metrics. We use two commonly used234

OOD Detection metrics: Area Under Receiver-Operator Characteristics (AUROC) and False Positive235
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Table 2: OOD detection results (FPR@95 ↓ / AUROC ↑) on ImageNet-1k benchmark.

Method ResNet-50 ResNet-101 RegNet-Y-16 ResNeXt-50 DenseNet-201 EfficientNetV2-L ViT-B-16 Swin-B Average

ne
ar

-O
O

D

MSP 74.23 / 60.21 71.96 / 67.25 62.22 / 80.74 73.25 / 67.86 73.44 / 67.29 72.51 / 80.76 86.72 / 68.62 87.11 / 69.82 75.18 / 70.32
MLS 74.87 / 64.55 72.05 / 71.51 62.94 / 84.66 74.11 / 71.62 75.51 / 68.91 81.44 / 79.22 93.78 / 63.64 94.80 / 64.68 78.69 / 71.10
EBO 75.32 / 64.52 72.32 / 71.54 62.80 / 84.76 74.21 / 71.61 75.85 / 68.68 82.86 / 77.15 94.37 / 59.19 95.34 / 59.79 79.13 / 69.66
ReAct 72.61 / 68.81 68.07 / 75.00 70.73 / 75.37 70.96 / 74.13 69.97 / 73.65 72.36 / 71.39 86.63 / 68.35 82.64 / 73.26 74.25 / 72.50
ASH 69.47 / 71.33 65.24 / 76.61 82.51 / 67.81 70.98 / 75.25 92.83 / 52.30 94.85 / 44.78 94.45 / 53.20 96.37 / 47.58 83.34 / 61.11
SCALE 67.76 / 74.20 63.87 / 78.60 67.09 / 82.90 70.59 / 76.20 71.56 / 73.72 89.70 / 60.12 94.48 / 56.18 88.62 / 61.47 76.71 / 70.42
BFAct 72.35 / 68.88 67.96 / 75.16 78.72 / 66.09 70.96 / 74.14 71.20 / 72.61 75.53 / 62.46 82.09 / 70.66 71.81 / 75.28 73.83 / 70.66
LTS 68.01 / 73.37 63.91 / 78.27 69.82 / 80.75 70.27 / 76.20 71.29 / 74.56 87.30 / 73.63 88.83 / 67.43 86.61 / 67.22 75.76 / 73.93
OptFS 69.66 / 70.97 65.46 / 75.83 73.53 / 75.21 69.27 / 74.84 71.74 / 72.10 72.29 / 75.29 76.55 / 72.73 76.81 / 74.06 71.91 / 73.88

AdaSCALE-A 58.98 / 78.98 57.96 / 81.68 47.91 / 89.18 64.14 / 79.96 61.28 / 79.66 53.78 / 86.94 71.87 / 73.14 73.41 / 74.48 61.17 / 80.50
AdaSCALE-L 59.84 / 78.62 56.41 / 81.86 56.13 / 87.11 62.08 / 80.18 61.75 / 80.06 54.95 / 85.77 71.99 / 73.23 72.89 / 74.58 62.00 / 80.18

fa
r-

O
O

D

MSP 53.15 / 84.06 53.87 / 83.81 40.41 / 90.08 53.07 / 84.21 53.60 / 84.43 54.74 / 87.92 56.41 / 84.62 73.39 / 82.02 54.83 / 85.14
MLS 42.57 / 88.19 43.89 / 88.30 32.92 / 93.70 44.91 / 87.97 48.43 / 87.44 68.64 / 84.80 81.89 / 81.42 95.16 / 73.37 57.30 / 85.65
EBO 42.72 / 88.09 44.30 / 88.23 32.47 / 93.82 45.12 / 87.86 48.95 / 87.15 74.48 / 81.13 86.95 / 76.34 96.08 / 63.99 58.88 / 83.33
ReAct 30.14 / 92.98 29.89 / 93.10 45.20 / 86.17 30.06 / 92.69 30.72 / 92.65 60.05 / 75.33 59.31 / 83.65 58.86 / 84.77 43.03 / 87.67
ASH 24.69 / 94.43 26.18 / 94.06 59.65 / 83.94 29.17 / 93.47 33.50 / 92.17 96.56 / 41.57 95.98 / 52.16 98.23 / 43.20 57.99 / 74.38
SCALE 21.44 / 95.39 22.54 / 95.05 32.16 / 94.16 30.62 / 93.54 33.17 / 92.70 89.63 / 62.58 88.36 / 72.32 86.59 / 66.77 50.56 / 84.06
BFAct 29.46 / 93.01 29.43 / 93.04 58.69 / 77.22 29.71 / 92.67 32.45 / 92.29 66.72 / 65.70 51.58 / 85.77 38.99 / 88.47 42.13 / 86.02
LTS 22.20 / 95.24 23.07 / 94.94 34.99 / 93.57 30.37 / 93.49 30.92 / 93.29 86.85 / 76.30 64.37 / 84.43 85.84 / 44.80 47.33 / 84.51
OptFS 25.66 / 93.87 26.97 / 93.55 47.37 / 86.73 27.54 / 93.40 34.42 / 91.04 53.62 / 83.62 46.11 / 87.35 44.27 / 87.79 38.25 / 89.67

AdaSCALE-A 17.84 / 96.14 18.51 / 95.95 21.37 / 95.84 22.08 / 95.24 28.01 / 93.23 37.61 / 91.48 47.63 / 86.83 47.81 / 87.14 30.11 / 92.73
AdaSCALE-L 17.92 / 96.12 19.15 / 95.76 20.10 / 96.19 22.16 / 95.01 28.00 / 93.18 38.81 / 90.51 47.28 / 86.97 46.24 / 87.97 29.96 / 92.71

Rate at 95% True Positive Rate (FPR@95), where a higher AUROC and lower FPR@95 indicates236

better OOD detection performance.237

Baselines. We consider the following post-hoc methods: MSP [6], EBO [8], ReAct [17], MLS [9],238

ASH [3], SCALE [4], BFAct [18], LTS [5], OptFS [10]. Currently, SCALE is the best-performing239

method (with ResNet-50), while OptFS is the best-generalizing method.240

Hyperparameters. The hyperparameters are determined via automatic parameter search [65, 80].241

Although AdaSCALE may appear to require many hyperparameters, our findings indicate that242

setting (λ, k1, k2, o, ϵ) to (10, 1%, 5%, 5%, 0.5) consistently yields near-optimal performance across243

all setups, only requiring (pmin, pmax) to be tuned for any given architecture. (See Appendix D.) The244

best results are bold, and the second-best results are underlined across all results.245

5.1 Empirical Results246

ImageNet-1k benchmark: We compare our proposed method, AdaSCALE, with recent state-of-247

the-art approaches across eight architectures on the ImageNet-1k benchmark, as presented in Table 2.248

AdaSCALE demonstrates consistently strong performance across all architectures compared to249

existing methods. Specifically, it surpasses the best-generalizing method, OptFS, by 14.94%/8.96%250

in the FPR@95/AUROC metric for near-OOD detection across all architectures. Additionally, it251

outperforms the best-performing method, SCALE (on ResNet-50), by 12.96%/6.44% in the same252

metric. A closer observation reveals that while OptFS excels in architectures such as EfficientNet,253

ViT-B-16, and Swin-B, scaling baselines perform comparably or even better in architectures like254

ResNet-50, ResNet-101, RegNet-Y-16, and DenseNet-201. In contrast, AdaSCALE-A achieves the255

best performance in near-OOD detection across all architectures, except for Swin-B, where BFAct256

performs optimally. Furthermore, effectiveness of AdaSCALE extends beyond near-OOD detection257

to far-OOD detection, demonstrating an average gain of 21.67% over OptFS in the FPR@95 metric.258

Table 3: OOD detection results (FPR@95↓
/ AUROC↑) averaged over WRN-28-10 and
DenseNet-101 on CIFAR benchmarks across 3 tri-
als. (See Appendix E for complete results.)

Method CIFAR-10 CIFAR-100
Near-OOD Far-OOD Near-OOD Far-OOD

MSP 43.18 / 89.07 34.49 / 90.88 55.64 / 80.23 61.73 / 76.82
MLS 51.54 / 89.33 39.62 / 91.68 57.24 / 81.25 60.19 / 78.92
EBO 51.54 / 89.37 39.58 / 91.75 57.45 / 81.10 60.12 / 78.96
ReAct 49.71 / 88.59 37.32 / 92.00 63.20 / 79.58 54.78 / 80.46
ASH 78.11 / 77.97 63.12 / 83.35 80.97 / 70.09 69.38 / 79.06
SCALE 53.00 / 89.20 39.27 / 91.93 58.38 / 81.00 57.19 / 80.56
BFAct 54.90 / 88.56 43.05 / 90.66 72.26 / 74.70 57.44 / 77.63
LTS 55.71 / 88.77 41.06 / 91.74 59.98 / 80.60 80.48 / 81.79
OptFS 64.82 / 85.72 47.67 / 89.99 76.80 / 73.02 60.23 / 77.76

AdaSCALE-A 43.07 / 90.31 33.11 / 92.66 57.33 / 81.35 54.53 / 81.14
AdaSCALE-L 44.71 / 90.14 33.43 / 92.69 58.70 / 81.07 52.49 / 82.21

CIFAR benchmark: We also compare AdaS-259

CALE with post-hoc baselines on CIFAR bench-260

marks using WRN-28-10 and DenseNet-101261

networks, reporting the averaged performance262

in Table 3. AdaSCALE outperforms all meth-263

ods in average AUROC metric across CIFAR264

benchmarks in both near- and far-OOD detec-265

tion. For far-OOD detection on CIFAR-10266

benchmark, AdaSCALE-A achieves the best267

FPR@95 score of 33.11, outperforming the268

MSP baseline by approximately 1.4 points. Sim-269

ilarly, AdaSCALE-A attains the best FPR@95270

/ AUROC of 43.07 / 90.31 in near-OOD de-271

tection, though MSP remains competitive. In272

near-OOD detection on CIFAR-100 benchmark,273
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AdaSCALE-A achieves the highest AUROC of 81.35, while in far-OOD detection, AdaSCALE-L274

reaches the best performance with FPR@95 / AUROC of 52.49 / 82.21. While activation-shaping275

methods perform well in ImageNet-1k, they seem to underperform in CIFAR. In contrast, AdaSCALE276

achieves consistently superior performance across all setups.277

Table 4: FSOOD detection results on
ImageNet-1k averaged over 8 architectures.

Method Near-OOD Far-OOD
FPR@95 ↓ AUROC ↑ FPR@95 ↓ AUROC ↑

MSP 86.75 50.13 74.28 65.67
ReAct 87.22 51.38 67.23 69.53
ASH 87.01 52.02 72.36 65.70
SCALE 86.75 52.27 69.36 68.97
BFAct 87.12 51.14 66.13 69.69
LTS 86.46 53.29 66.76 71.63
OptFS 85.83 52.17 63.32 71.44

AdaSCALE-A 81.34 55.03 58.87 72.41
AdaSCALE-L 81.62 55.14 59.19 72.85

FSOOD Detection: FSOOD detection extends con-278

ventional OOD detection by incorporating model’s279

ability to generalize on covariate-shifted ID inputs.280

We present FSOOD detection results in Table 4. We281

can observe that this is a highly challenging task,282

as covariate-shifted ID datasets cause a significant283

performance drop for all methods compared to the284

conventional case. Despite this, AdaSCALE outper-285

forms OptFS by 4.49 and 4.13 points on average in286

the FPR@95 metric for FSOOD detection across both287

near- and far-OOD datasets.288

Accuracy: Like SCALE and LTS, AdaSCALE applies linear transformations to scale activations289

or logits, preserving accuracy, unlike post-hoc rectification methods [3, 17].290

5.2 Ablation / hyperparameter studies291

Predetermined OOD likelihood Q′. Adaptive scaling de-
pends on predetermined OOD likelihood to determine the ex-
tent of scaling. We study the effect of various predetermined
OOD likelihood functions on OOD detection using ResNet-
50 network (ImageNet-1k) in Table 5. It clearly shows Q
component of Q′ being most critical while

∑k2

k=1 a
ε
argsort(a)k

as correction term being a relatively superior choice. How-
ever, predetermined OOD likelihood alone – without adaptive
scaling – does not result in strong performance.

Table 5: Ablation studies of Q′ in
FPR@95 ↓ / AUROC ↑ format.

Q′ Near-OOD Far-OOD
Q without scaling 79.81 / 72.32 84.00 / 68.13
Q 59.43 / 78.14 19.70 / 95.73∑k2

k=1 a
ε
argsort(a)k

70.39 / 74.00 21.40 / 95.31
λ ·Q+

∑k2

k=1 a
ε
argsort(a)k

58.97 / 78.98 17.84 / 96.14∑k2

k=1 max k (a) 65.11 / 76.23 19.76 / 95.67
λ ·Q+

∑k2

k=1 max k (a) 58.91 / 78.74 18.02 / 96.08

292

Figure 5: OOD detection performance on
ImageNet-1k with varying pmin and pmax. Di-
agonal entries (pmin = pmax) represent SCALE,
while rest entries represent AdaSCALE.

Adaptive percentile. Unlike SCALE which uses
constant percentile, AdaSCALE uses dynamic
percentile lying in [pmin, pmax] range adaptive to
each sample. We show the effect of various per-
centile limit ranges in Figure 5 in the form of
a heatmap on the AUROC validation metric on
ImageNet-1k benchmark. The extent of dark-
ness in the heatmap conveys a strong perfor-
mance (corresponding to highest AUROC / low-
est FPR@95). The diagonal entries, representing
the results of SCALE, are lighter in comparison
to the rest of the cells, denoting the results of
AdaSCALE. Hence, it can be observed that us-
ing adaptive percentile leads to relatively better
OOD detection performance in comparison to
static percentile.

293

ID statistics. With the rise of large models, where train-
ing data is often undisclosed or inaccessible, relying on
full training ID datasets for OOD detection has become in-
creasingly impractical. We rigorously assess AdaSCALE’s
effectiveness with limited data by conducting experiments
on ImageNet-1k with ResNet-50 using nval ID samples to
compute ID statistics, where nval ∈ {10, 100, 1000, 5000}.
Table 6 confirms that even with substantially restricted ac-
cess to ID data, AdaSCALE-A achieves state-of-the-art
performance.

Table 6: AdaSCALE-A with restricted
access to ID data using ResNet-50 net-
work in FPR@95 ↓ / AUROC ↑ format.

nval Near-OOD Far-OOD
10 59.69 / 78.52 18.25 / 96.03
100 59.05 / 78.92 17.79 / 96.13
1000 58.99 / 78.95 17.86 / 96.13
5000 58.97 / 78.98 17.84 / 96.14

294
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Image perturbation study. A sufficiently small per-
turbation, as discussed in Section 4.3, is used for
deriving scaling factor. We now systematically inves-
tigate the impact of the extent and nature of pertur-
bation on pre-determining OOD likelihood which is
in-turn responsible for OOD detection. We present
the results in Table 7. It is clearly evident that per-
turbing trivial pixels (with o = 5%) leads to better
OOD detection. Another key takeaway is that per-
turbing even random pixels achieves comparable per-
formance more efficiently, whereas targeting salient
pixels results in worse performance.

Table 7: Perturbation study (FPR@95↓ /
AUROC↑) with ResNet-50 on ImageNet-1k.
(See Table 11 for complete results.)

Pixel type o% Near-OOD Far-OOD

Random 5% 59.97 / 78.67 18.14 / 96.06
50% 62.81 / 76.27 19.95 / 95.70

Trivial 5% 58.97 / 78.98 17.84 / 96.14
50% 66.43 / 74.10 21.58 / 95.29

Salient 5% 67.31 / 75.78 21.24 / 95.44
50% 64.54 / 75.39 20.48 / 95.61

All 100% 67.37 / 73.08 22.93 / 95.01

295

Figure 6: Sensitivity of k1 and k2. Figure 7: Sensitivity of λ.
296

Sensitivity of k1, k2, and λ. As discussed in Section 4.1.2, ID and OOD distinctions are more297

pronounced in high activations but diminish as more activations are included. We analyze the impact298

of k1 (used in activation shift) and k2 (used in perturbed activation) using a heatmap of validation299

AUROC with ResNet-50 (Figure 6). The darker region indicates higher AUROC, suggesting optimal300

values of k1 ≈ 1% (20) and k2 ≈ 5% (100) for ResNet-50 model. Furthermore, the heatmap301

suggests that k1 is far more critical hyperparameter than k2. The hyperparameter λ controls the302

weighting of Q in computing Q′, the predetermined OOD likelihood. The sensitivity analysis is303

presented in Figure 7 which shows near-OOD and far-OOD detection using FPR@95. It suggests304

optimal FPR@95 is achieved at λ ≈ 10. Please refer to Appendix C.2 for sensitivity study of ε and305

Appendix C.4 for compatibility study with ISH [4] regularization.306

Table 8: Latency with fixed vs. variable percentile.

D = 128 D = 512 D = 1024 D = 2048 D = 3024

Fixed percentile (SCALE) 33µs 40µs 45µs 48µs 54µs
Variable percentile (AdaSCALE) 152µs 149µs 155µs 152µs 164µs

Latency ratio (AdaSCALE / SCALE) 4.66 3.76 3.42 3.14 3.02

Latency. AdaSCALE incurs extra307

forward pass to compute perturbed ac-308

tivation aϵ. Also, top-k operations309

(time complexity: O(D logD)) are310

applied to Q and Co to estimate OOD311

likelihood. Comparing variable vs.312

fixed percentiles for scaling in Table 8 over 10,000 trials, we observe that variable percentiles313

induce higher latency, though the latency ratio decreases with higher-dimensional activation spaces.314

6 Conclusion315

We propose AdaSCALE, a novel post-hoc OOD detection method that dynamically adjusts the316

scaling process based on a sample’s estimated OOD likelihood. Leveraging the observation that OOD317

samples exhibit larger activation shifts under minor perturbations, AdaSCALE assigns stronger scaling318

to likely ID samples and weaker scaling to likely OOD samples, enhancing ID-OOD separability.319

AdaSCALE achieves state-of-the-art performance as well as generalization across architectures320

requiring negligibly few ID samples, making it highly practical for real-world deployment.321

7 Broader Impacts322

This work has positive impact in trustworthy deep learning by enabling detection of OOD samples.323
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Appendix568

A Notations569

Table 9 lists all the notations used in this paper.570

Table 9: Table of Notations
Notation Meaning

X Input space.
Y Label space.
C Number of classes.
Cin Number of input channels.
h Classifier.
PID(x, y) Underlying joint distribution of ID data.
POOD(x) Distribution of OOD data.
DID ID training dataset.
N Number of training samples.
fθ Feature extractor, parameterized by θ.
A Activation space.
gW Classifier (mapping activations to logits), parameterized byW .
Z Logit space.
a Activation vector (output of fθ(x)).
aj The j-th element of the activation vector a.
z Logit vector (output of gW(a)).
L Loss function (e.g., cross-entropy).
S(x) OOD scoring function.
τ Threshold for classifying an input as ID or OOD.
x Input image.
x[c, h, w] Channel value of input image x at position (c, h, w).
H Height of the input image.
W Width of the input image.
AT (x, c, h, w) Attribution function, assigning a score to each channel value of input x.
o Percent of channel values to perturb.
R Set of channel value indices with lowest absolute attribution scores.
ypred Predicted class index.
ε Perturbation magnitude.
xε Perturbed input image.
aε Activation vector of the perturbed input xε.
ashift Activation shift vector (absolute element-wise difference between a and aε).
k1, k2 Number of highest-magnitude activations considered for Q and Co, respectively.
argsort(v) Same as argsort(v, desc = True).

Returns the indices that would sort the vector v in descending order.
maxk(v) Returns the kth maximum element of vector v.
i1, i2 Index sets: i1 = argsort(a, desc = True)[: k1], i2 = argsort(a, desc = True)[: k2]
Q Sum of activation shifts for the top-k1 activations.
Co Correction term: sum of top-k2 perturbed activations.
λ Weighting factor for Q in the Q′ calculation.
Q′ Estimated OOD likelihood.
nval Number of ID validation samples.
Q̄s Set of Q′ values on the ID validation samples.
FQ′(Q′) Empirical cumulative distribution function (eCDF) of Q′ values.
pmin, pmax Minimum and maximum percentile thresholds.
pr Raw ID likelihood from eCDF
p Adjusted percentile threshold
Pp(a) The p-th percentile value of all elements in a
r Scaling factor.
ascaled Scaled activation vector (AdaSCALE-A).
zscaled Scaled logit vector (AdaSCALE-L).
ReLU(aj) Rectified Linear Unit activation function: ReLU(aj) = max(0, aj).
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B Algorithm571

The algorithm for computing adaptive scaling factor r is provided in Algorithm 1.

Algorithm 1 Computing the Adaptive Scaling Factor

Input: Input sample x, perturbation magnitude ε, model fθ, hyperparameters λ, k1, k2, pmin, pmax,
ε, o, precomputed empirical CDF FQ′

Output: Scaling factor r
1: // Extract features and compute activation shifts
2: a← fθ(x) {Original activation}
3: ∇xzc ← ∂gW (fθ(x))c

∂x {Gradient for predicted class c}
4: R← o% of channel values with lowest |∇xzc|
5: xε ← x+ ε · sign(∇xzc) · 1R {Perturb selected regions}
6: aε ← fθ(x

ε) {Perturbed activation}
7: ashift ← |aε − a| {Compute activation shift}
8: // Compute OOD likelihood estimate
9: i1 ← argsort(a, desc = True)[: k1]

10: Q←
∑

i∈i1
ashift
i {Shift in top activations}

11: i2 ← argsort(a, desc = True)[: k2]
12: Co ←

∑
i∈i2

ReLU(aεi ) {Correction term}
13: Q′ ← λ ·Q+ Co {OOD likelihood estimate}
14: // Compute adaptive percentile
15: pr ← (1− FQ′(Q′)) {raw ID likelihood from eCDF}
16: p← pmin + pr · (pmax − pmin) {Adjusted percentile}
17: // Compute scaling factor
18: Pp(a)← the p-th percentile value of all elements in a
19: r ←

∑
j aj/

∑
aj>Pp(a)

aj {Final scaling factor}
20: return r

572

C Additional studies573

C.1 Additional observation in activation space.574

Figure 8 shows perturbed activations aε are, on average, higher for ID samples than for OOD samples.575

Figure 8: Perturbed activation magnitudes comparison between ID and OOD samples. ID samples
consistently maintain higher average activation values in comparison to OOD samples.

C.2 Sensitivity study of ε576

The sensitivity study of ε presented at Table 10 suggests the optimal value of ε to be around 0.5.577
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Table 10: Sensitivity study of ε with ResNet-50 model on ImageNet-1k benchmark.
ε

Near-OOD Far-OOD
FPR@95 ↓ AUROC ↑ FPR@95 ↓ AUROC ↑

0.1 63.76 77.50 19.26 95.85
0.5 58.97 78.98 17.84 96.14
1.0 61.60 76.96 19.31 95.84

C.3 Image Perturbation.578

We present the complete results of image perturbation study (FPR@95 ↓ / AUROC ↑) in Table 7.

Table 11: Image perturbation study with ResNet-50 model on ImageNet-1k benchmark.
Pixel type o%

OOD Detection FS-OOD Detection

Near-OOD Far-OOD Near-OOD Far-OOD

Random

1% 61.73 / 78.15 19.44 / 95.74 83.19 / 48.59 53.45 / 74.10
5% 59.97 / 78.67 18.14 / 96.06 81.92 / 49.19 52.35 / 74.84
10% 60.27 / 78.02 18.45 / 96.00 82.07 / 48.62 52.84 / 74.70
50% 62.81 / 76.27 19.95 / 95.70 83.40 / 46.55 54.94 / 73.42

Trivial

1% 61.77 / 78.29 19.28 / 95.77 82.92 / 48.86 53.34 / 74.24
5% 58.97 / 78.98 17.84 / 96.14 81.52 / 49.35 52.33 / 74.89
10% 60.24 / 78.17 17.94 / 96.08 82.19 / 48.59 52.59 / 74.77
50% 66.43 / 74.10 21.58 / 95.29 85.26 / 44.86 56.56 / 72.82

Salient

1% 69.43 / 75.13 22.62 / 95.17 85.59 / 48.32 53.76 / 75.23
5% 67.31 / 75.78 21.24 / 95.44 85.07 / 48.40 53.26 / 75.63
10% 65.65 / 76.20 20.39 / 95.62 84.36 / 48.33 53.17 / 75.55
50% 64.54 / 75.39 20.48 / 95.61 83.78 / 47.07 54.11 / 74.54

All 100% 67.37 / 73.08 22.93 / 95.01 85.66 / 44.00 57.80 / 72.19

579

C.4 ISH regularization:580

Apart from enhancing the prior postprocessor ASH [3], SCALE [81] introduces a training regulariza-581

tion to emphasize samples with more distinct ID characteristics. We assess the performance (FPR@95582

↓ / AUROC ↑) of each method in ResNet-50 and ResNet-101 model following this regularization583

in Table 12. The results indicate that AdaSCALE maintains a substantial advantage, surpassing584

the second-best method, SCALE, by 12.56%/5.82% and 20.46%/1.21% in FPR@95 / AUROC585

for near- and far-OOD detection in ResNet-50, respectively. Moreover, AdaSCALE demonstrates586

superior performance beyond conventional OOD detection, with corresponding improvements of587

4.10%/5.87% and 9.70%/1.12% in full-spectrum setting. Furthermore, ISH regularization further588

amplifies the performance gap between AdaSCALE-A and OptFS, enhancing the near-OOD detection589

improvement from 12.96% / 6.44% to 15.18%/14.83%. These findings also generalize to ResNet-101590

network.

Table 12: OOD detection results on ImageNet-1k benchmark with ISH [4] regularization.
Method OOD Detection FS-OOD Detection

Near-OOD Far-OOD Near-OOD Far-OOD
ResNet-50

MSP 74.07 / 62.16 51.13 / 84.64 87.52 / 40.36 74.41 / 61.52
MLS 74.38 / 66.43 41.57 / 88.90 88.89 / 39.49 71.53 / 61.69
EBO 74.68 / 66.46 41.85 / 88.83 89.05 / 39.18 71.77 / 61.11
ReAct 71.98 / 70.81 28.76 / 93.49 87.78 / 43.88 61.87 / 71.64
ASH 67.99 / 73.46 23.88 / 94.67 85.74 / 45.29 57.81 / 72.81
SCALE 65.68 / 76.41 20.77 / 95.62 84.31 / 48.40 54.48 / 74.79
BFAct 71.59 / 70.85 28.38 / 93.50 87.51 / 43.95 61.39 / 71.43
LTS 66.32 / 75.03 22.07 / 95.28 85.08 / 46.16 57.11 / 73.06
OptFS 67.71 / 73.03 24.65 / 94.18 85.38 / 45.91 57.09 / 72.95

AdaSCALE-A 57.43 / 80.86 16.52 / 96.46 80.85 / 51.24 51.57 / 75.63
AdaSCALE-L 56.83 / 80.81 17.62 / 96.22 80.97 / 50.59 53.43 / 74.62

ResNet-101

MSP 71.39 / 68.31 51.00 / 84.81 85.70 / 45.72 73.69 / 62.79
MLS 72.32 / 71.94 41.04 / 88.99 87.39 / 44.88 69.94 / 63.23
EBO 72.78 / 71.92 41.45 / 88.87 87.64 / 44.66 70.23 / 62.65
ReAct 67.74 / 75.74 28.53 / 93.47 85.40 / 48.83 60.50 / 72.18
ASH 66.03 / 77.79 25.21 / 94.43 83.95 / 50.57 56.91 / 73.37
SCALE 64.30 / 78.98 23.09 / 94.95 83.14 / 51.05 55.88 / 73.27
BFAct 67.53 / 75.86 28.32 / 93.40 85.11 / 48.96 60.12 / 71.83
LTS 66.32 / 75.03 22.07 / 95.28 85.08 / 46.16 57.11 / 73.06
OptFS 67.71 / 73.03 24.65 / 94.18 85.38 / 45.91 57.09 / 72.95

AdaSCALE-A 54.66 / 83.52 16.81 / 96.32 78.52 / 55.19 49.92 / 76.20
AdaSCALE-L 53.91 / 83.49 17.55 / 96.15 78.63 / 54.60 51.47 / 75.47

591
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D Hyperparameters592

All hyperparameters are determined with respect to the AUROC metric using automatic parameter593

search of OpenOOD [65, 80]. Although AdaSCALE may appear to require many hyperparameters,594

our findings indicate that setting (λ, k1, k2, o, ϵ) to (10, 1%, 5%, 5%, 0.5) consistently yields near-595

optimal performance across all setups. Consequently, it can be inferred that only the hyperparameters596

pmin and pmax need to be appropriately tuned for any new architecture for near-optimal performance.597

We present final hyperparameter values of AdaSCALE-A and AdaSCALE-L in Table 13 and Table 14.598

Table 13: Hyperparameters used for each dataset and network for AdaSCALE-A.

Dataset Network Hyperparameters
pmin pmax λ k1 k2 o ϵ

CIFAR-10 WideResNet-28-10 60 95 10 1% 80% 5% 0.5
DenseNet-101 65 90 10 1% 10% 5% 0.5

CIFAR-100 WideResNet-28-10 60 85 10 1% 80% 5% 0.5
DenseNet-101 70 80 10 1% 100% 5% 0.5

ImageNet-1k

ResNet-50 80 85 10 1% 5% 5% 0.5
ResNet-101 80 85 10 1% 5% 5% 0.5
RegNet-Y-16 60 90 10 1% 50% 5% 0.5
ResNeXt-50 80 85 10 1% 5% 5% 0.5
DenseNet-201 90 95 10 1% 10% 5% 0.5
EfficientNetV2-L 60 99 10 1% 20% 5% 0.5
Vit-B-16 60 85 10 1% 100% 5% 0.5
Swin-B 90 99 10 1% 5% 5% 0.5

599

Table 14: Hyperparameters used for each dataset and network for AdaSCALE-L.

Dataset Network Hyperparameters
pmin pmax λ k1 k2 o ϵ

CIFAR-10 WideResNet-28-10 60 85 10 1% 80% 5% 0.5
DenseNet-101 70 85 10 1% 10% 5% 0.5

CIFAR-100 WideResNet-28-10 60 80 10 1% 80% 5% 0.5
DenseNet-101 65 75 10 1% 50% 5% 0.5

ImageNet-1k

ResNet-50 80 85 10 1% 5% 5% 0.5
ResNet-101 70 80 10 1% 5% 5% 0.5
RegNet-Y-16 60 85 10 1% 5% 5% 0.5
ResNeXt-50 70 80 10 1% 5% 5% 0.5
DenseNet-201 90 95 10 1% 10% 5% 0.5
EfficientNetV2-L 60 99 10 1% 5% 5% 0.5
Vit-B-16 75 85 10 1% 100% 5% 0.5
Swin-B 90 99 10 1% 100% 5% 0.5
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E CIFAR-results600

E.1 WRN-28-10601

Table 15: Far-OOD detection results (FPR@95↓ / AUROC↑) on CIFAR-10 and CIFAR-100 bench-
marks using the WRN-28-10 network, averaged over 3 trials. The overall average performance is
reported. The best results are bold, and the second-best results are underlined.

CIFAR-10 benchmark

Method MNIST SVHN Textures Places365 Average
MSP 17.02 / 94.61 21.71 / 92.96 60.50 / 88.06 42.27 / 90.04 35.38 / 91.42
MLS 13.01 / 96.76 30.35 / 93.06 76.12 / 86.65 52.56 / 90.46 43.01 / 91.73
EBO 12.93 / 96.93 30.35 / 93.12 76.15 / 86.68 52.57 / 90.56 43.00 / 91.82
ReAct 15.50 / 96.30 34.01 / 92.47 57.76 / 88.77 57.33 / 89.66 41.15 / 91.80
ASH 50.11 / 88.80 89.90 / 74.76 95.07 / 72.91 92.22 / 70.06 81.82 / 76.63
SCALE 13.24 / 96.70 32.21 / 92.88 75.76 / 86.77 55.81 / 90.09 44.26 / 91.61
BFAct 25.79 / 94.64 43.08 / 91.10 57.16 / 88.80 61.00 / 88.32 46.75 / 90.71
LTS 14.04 / 96.60 39.85 / 92.21 76.85 / 86.43 63.13 / 89.19 48.47 / 91.11
OptFS 25.68 / 94.83 51.58 / 89.86 62.14 / 88.07 80.19 / 84.05 54.90 / 89.20

AdaSCALE-A 14.93 / 96.02 17.84 / 95.14 64.96 / 88.31 34.57 / 92.31 33.08 / 92.95
AdaSCALE-L 15.58 / 95.98 18.41 / 95.10 62.87 / 88.67 37.59 / 91.97 33.61 / 92.93

CIFAR-100 benchmark

MNIST SVHN Textures Places365 Average
MSP 49.79 / 78.72 56.76 / 80.70 64.49 / 76.86 56.66 / 79.96 56.92 / 79.06
MLS 46.57 / 81.43 53.08 / 83.37 64.59 / 77.65 59.70 / 79.82 55.99 / 80.57
EBO 46.41 / 81.99 52.92 / 83.77 64.58 / 77.61 59.76 / 79.60 55.92 / 80.74
ReAct 49.92 / 81.07 40.66 / 86.49 52.42 / 80.81 60.35 / 79.72 50.84 / 82.03
ASH 44.06 / 85.55 41.48 / 87.50 61.78 / 81.65 80.45 / 71.83 56.94 / 81.63
SCALE 40.65 / 84.68 48.56 / 85.56 58.45 / 80.81 60.51 / 79.90 52.04 / 82.74
BFAct 61.59 / 77.47 34.74 / 88.50 47.30 / 83.38 64.49 / 78.47 52.03 / 81.96
LTS 36.27 / 87.38 45.41 / 87.23 53.90 / 83.18 62.62 / 79.64 49.55 / 84.36
OptFS 57.61 / 79.47 37.04 / 86.43 53.02 / 80.43 70.44 / 76.77 54.53 / 80.78

AdaSCALE-A 45.18 / 81.69 36.79 / 89.20 55.93 / 81.93 56.48 / 81.55 48.59 / 83.59
AdaSCALE-L 42.13 / 83.58 32.44 / 91.02 50.87 / 84.14 57.83 / 81.51 45.82 / 85.06

Table 16: Near-OOD detection results (FPR@95↓ / AUROC↑) on CIFAR-10 and CIFAR-100
benchmarks using the WRN-28-10 network, averaged over 3 trials. The overall average performance
is reported. The best results are bold, and the second-best results are underlined.

Method CIFAR-10 benchmark CIFAR-100 benchmark Average
CIFAR-100 TIN CIFAR-10 TIN

MSP 54.13 / 88.28 42.94 / 89.93 56.83 / 80.42 48.82 / 83.39 50.68 / 85.51
MLS 67.10 / 87.72 55.91 / 89.90 58.99 / 80.98 49.27 / 84.01 57.82 / 85.65
EBO 67.04 / 87.77 55.88 / 89.97 58.97 / 80.93 49.39 / 83.95 57.82 / 85.66
ReAct 65.96 / 87.76 51.44 / 90.33 69.17 / 79.10 51.56 / 83.77 59.53 / 85.24
ASH 91.33 / 70.72 90.77 / 73.28 85.25 / 69.96 78.31 / 74.55 86.42 / 72.13
SCALE 69.52 / 87.35 59.48 / 89.53 61.30 / 80.35 51.25 / 83.65 60.39 / 85.22
BFAct 66.31 / 86.94 57.12 / 89.69 78.90 / 74.98 59.04 / 82.25 65.34 / 83.47
LTS 74.28 / 86.38 66.01 / 88.56 64.17 / 79.57 54.24 / 83.09 64.68 / 84.40
OptFS 76.36 / 84.05 66.73 / 86.56 85.40 / 75.55 64.11 / 80.99 73.15 / 79.83

AdaSCALE-A 50.60 / 89.40 42.80 / 91.13 62.21 / 79.99 47.11 / 84.98 50.68 / 86.38
AdaSCALE-L 53.98 / 89.01 45.95 / 90.77 65.41 / 79.27 48.74 / 84.75 53.52 / 85.95
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E.2 DenseNet-101602

Table 17: Far-OOD detection results (FPR@95↓ / AUROC↑) on CIFAR-10 and CIFAR-100 bench-
marks using the DenseNet-101 network, averaged over 3 trials. The overall average performance is
reported. The best results are bold, and the second-best results are underlined.

CIFAR-10 benchmark

Method MNIST SVHN Textures Places365 Average
MSP 17.91 / 94.22 32.04 / 90.38 46.80 / 87.53 37.59 / 89.24 33.59 / 90.34
MLS 10.02 / 97.58 31.25 / 92.59 64.43 / 85.58 39.19 / 90.74 36.22 / 91.62
EBO 9.74 / 97.76 31.23 / 92.69 64.46 / 85.48 39.17 / 90.81 36.15 / 91.68
ReAct 12.60 / 97.24 34.79 / 92.02 50.41 / 88.21 36.12 / 91.35 33.48 / 92.20
ASH 9.40 / 98.12 39.42 / 91.25 70.95 / 85.39 57.90 / 85.48 44.42 / 90.06
SCALE 9.04 / 97.88 26.99 / 93.54 61.52 / 86.77 39.57 / 90.76 34.28 / 92.24
BFAct 23.59 / 94.96 42.49 / 89.00 53.74 / 87.38 37.53 / 91.09 39.34 / 90.61
LTS 8.92 / 97.97 27.16 / 93.59 59.07 / 87.09 39.47 / 90.81 33.65 / 92.37
OptFS 9.74 / 97.88 41.20 / 90.71 51.35 / 88.48 59.47 / 86.03 40.44 / 90.77

AdaSCALE-A 12.42 / 96.85 25.04 / 94.05 58.28 / 87.35 36.77 / 91.20 33.13 / 92.36
AdaSCALE-L 10.92 / 97.44 26.43 / 93.87 58.59 / 87.19 37.03 / 91.25 33.24 / 92.44

CIFAR-100 benchmark

MSP 65.65 / 72.43 63.81 / 76.52 75.34 / 72.19 61.36 / 77.16 66.54 / 74.57
MLS 58.69 / 78.55 57.12 / 79.43 79.05 / 72.68 62.72 / 78.38 64.39 / 77.26
EBO 58.58 / 78.98 56.76 / 79.19 79.09 / 72.44 62.86 / 78.08 64.32 / 77.17
ReAct 62.71 / 76.37 48.48 / 81.64 64.65 / 78.62 59.00 / 78.89 58.71 / 78.88
ASH 40.69 / 88.57 48.03 / 86.24 65.24 / 83.29 73.29 / 71.88 56.81 / 82.49
SCALE 56.92 / 79.53 53.81 / 80.96 76.10 / 74.47 62.49 / 78.51 62.33 / 78.37
BFAct 73.83 / 67.19 60.01 / 75.85 69.29 / 76.41 68.15 / 73.73 67.82 / 73.29
LTS 55.33 / 80.58 51.33 / 82.04 73.06 / 75.89 62.58 / 78.36 60.58 / 79.22
OptFS 64.24 / 75.24 59.81 / 76.46 66.15 / 77.50 73.47 / 69.76 65.92 / 74.74

AdaSCALE-A 62.51 / 74.96 46.29 / 84.31 71.40 / 76.59 61.70 / 78.86 60.47 / 78.68
AdaSCALE-L 61.33 / 75.73 43.97 / 85.30 69.31 / 77.71 61.97 / 78.69 59.15 / 79.36

Table 18: Near-OOD detection results (FPR@95↓ / AUROC↑) on CIFAR-10 and CIFAR-100
benchmarks using the DenseNet-101 network, averaged over 3 trials. The overall average performance
is reported. The best results are bold, and the second-best results are underlined.

Method CIFAR-10 benchmark CIFAR-100 benchmark Average
CIFAR-100 TIN CIFAR-10 TIN

MSP 40.13 / 88.45 35.50 / 89.61 59.94 / 77.53 56.96 / 79.57 48.13 / 83.79
MLS 45.14 / 88.85 38.01 / 90.85 63.61 / 78.26 57.09 / 81.75 50.96 / 84.93
EBO 45.19 / 88.85 38.05 / 90.90 63.90 / 77.94 57.53 / 81.58 51.17 / 84.82
ReAct 44.34 / 89.19 37.10 / 91.08 70.77 / 75.06 61.30 / 80.40 53.38 / 83.93
ASH 67.78 / 82.68 62.54 / 85.18 81.65 / 65.84 78.66 / 70.01 72.66 / 75.93
SCALE 45.25 / 88.92 37.76 / 91.01 64.20 / 78.13 56.96 / 81.88 51.04 / 84.99
BFAct 52.06 / 87.70 44.09 / 89.89 79.31 / 67.39 71.79 / 74.18 61.81 / 79.79
LTS 44.89 / 89.03 37.67 / 91.10 64.66 / 77.87 56.83 / 81.87 51.01 / 84.97
OptFS 60.63 / 85.29 55.55 / 86.96 82.97 / 64.99 74.73 / 70.55 68.47 / 76.95

AdaSCALE-A 43.29 / 89.37 35.57 / 91.32 65.51 / 78.00 54.49 / 82.44 49.72 / 85.28
AdaSCALE-L 43.19 / 89.40 35.70 / 91.37 66.09 / 77.79 54.57 / 82.47 49.89 / 85.26
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F ImageNet-1k results603

F.1 near-OOD detection604

Table 19: Near-OOD detection results (FPR@95↓ / AUROC↑) on
ImageNet-1k benchmark using ResNet-50 network. The best results are

bold, and the second-best results are underlined.
Method SSB-Hard NINCO ImageNet-O Average
MSP 74.49 / 72.09 56.88 / 79.95 91.32 / 28.60 74.23 / 60.21
MLS 76.20 / 72.51 59.44 / 80.41 88.97 / 40.73 74.87 / 64.55
EBO 76.54 / 72.08 60.58 / 79.70 88.84 / 41.78 75.32 / 64.52
REACT 77.55 / 73.03 55.82 / 81.73 84.45 / 51.67 72.61 / 68.81
ASH 73.66 / 72.89 53.05 / 83.45 81.70 / 57.67 69.47 / 71.33
SCALE 67.72 / 77.35 51.80 / 85.37 83.77 / 59.89 67.76 / 74.20
BFAct 77.20 / 73.15 55.27 / 81.88 84.57 / 51.62 72.35 / 68.88
LTS 68.46 / 77.10 51.24 / 85.33 84.33 / 57.69 68.01 / 73.37
OptFS 78.32 / 71.01 52.09 / 82.51 78.56 / 59.40 69.66 / 70.97

AdaSCALE-A 57.96 / 81.68 44.92 / 87.15 74.06 / 68.12 58.98 / 78.98
AdaSCALE-L 58.68 / 81.42 45.01 / 87.11 75.83 / 67.33 59.84 / 78.62

Table 20: Near-OOD detection results (FPR@95↓ / AUROC↑) on
ImageNet-1k benchmark using ResNet-101 network. The best results are

bold, and the second-best results are underlined.
Method SSB-Hard NINCO ImageNet-O Average
MSP 73.20 / 72.57 55.27 / 80.61 87.42 / 48.57 71.96 / 67.25
MLS 74.68 / 74.37 55.65 / 82.29 85.81 / 57.89 72.05 / 71.51
EBO 74.96 / 74.12 56.33 / 81.79 85.66 / 58.72 72.32 / 71.54
REACT 75.96 / 74.43 52.58 / 83.27 75.67 / 67.31 68.07 / 75.00
ASH 72.48 / 74.23 49.41 / 84.62 73.84 / 70.98 65.24 / 76.61
SCALE 68.47 / 77.10 49.03 / 86.20 74.09 / 72.50 63.87 / 78.60
BFAct 75.48 / 74.74 52.23 / 83.37 76.16 / 67.37 67.96 / 75.16
OptFS 76.55 / 72.29 50.89 / 83.35 68.94 / 71.85 65.46 / 75.83

AdaSCALE-A 61.00 / 80.29 46.70 / 86.99 62.05 / 78.27 56.59 / 81.85
AdaSCALE-L 61.05 / 80.41 47.77 / 86.84 60.40 / 78.35 56.41 / 81.86
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Table 21: Near-OOD detection results (FPR@95↓ / AUROC↑) on
ImageNet-1k benchmark using RegNet-Y-16 network. The best results are

bold, and the second-best results are underlined.
Method SSB-Hard NINCO ImageNet-O Average
MSP 65.35 / 78.28 48.48 / 86.85 72.82 / 77.09 62.22 / 80.74
MLS 62.48 / 84.83 42.76 / 91.56 83.60 / 77.58 62.94 / 84.66
EBO 62.10 / 85.28 42.49 / 91.67 83.82 / 77.33 62.80 / 84.76
REACT 73.02 / 73.17 59.81 / 80.91 79.37 / 72.02 70.73 / 75.37
ASH 80.58 / 67.70 77.23 / 71.42 89.71 / 64.30 82.51 / 67.81
SCALE 66.98 / 82.35 49.84 / 89.93 84.44 / 76.43 67.09 / 82.90
BFAct 79.40 / 64.39 73.98 / 70.35 82.76 / 63.54 78.72 / 66.09
LTS 69.52 / 79.78 55.38 / 87.71 84.55 / 74.78 69.82 / 80.75
OptFS 79.59 / 69.47 63.97 / 80.36 77.03 / 75.79 73.53 / 75.21

AdaSCALE-A 54.50 / 87.21 31.50 / 93.50 57.75 / 86.83 47.91 / 89.18
AdaSCALE-L 62.61 / 84.60 47.84 / 90.13 57.94 / 86.61 56.13 / 87.11

Table 22: Near-OOD detection results (FPR@95↓ / AUROC↑) on
ImageNet-1k benchmark using ResNeXt-50 network. The best results are

bold, and the second-best results are underlined.
Method SSB-Hard NINCO ImageNet-O Average
MSP 73.04 / 73.28 57.90 / 80.86 88.81 / 49.43 73.25 / 67.86
MLS 74.68 / 75.06 60.79 / 81.91 86.87 / 57.87 74.11 / 71.61
EBO 74.90 / 74.89 60.96 / 81.44 86.76 / 58.49 74.21 / 71.61
REACT 75.54 / 74.51 57.29 / 82.50 80.03 / 65.37 70.95 / 74.13
ASH 70.72 / 76.64 58.40 / 83.49 83.84 / 65.63 70.99 / 75.25
SCALE 67.77 / 79.73 56.87 / 85.39 87.15 / 63.48 70.60 / 76.20
BFAct 75.36 / 74.65 57.65 / 82.46 79.86 / 65.30 70.96 / 74.14
LTS 68.26 / 79.36 56.35 / 85.39 86.22 / 63.85 70.28 / 76.20
OptFS 75.62 / 73.82 57.07 / 82.37 75.13 / 68.33 69.27 / 74.84

AdaSCALE-A 61.03 / 81.86 50.80 / 86.54 80.57 / 71.48 64.13 / 79.96
AdaSCALE-L 61.57 / 81.11 48.78 / 86.40 75.88 / 73.02 62.08 / 80.18
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Table 23: Near-OOD detection results (FPR@95↓ / AUROC↑) on
ImageNet-1k benchmark using DenseNet-201 network. The best results are

bold, and the second-best results are underlined.
Method SSB-Hard NINCO ImageNet-O Average
MSP 74.43 / 72.23 56.69 / 80.85 89.18 / 48.80 73.44 / 67.29
MLS 76.62 / 72.48 60.14 / 80.91 89.78 / 53.34 75.51 / 68.91
EBO 76.92 / 72.00 60.88 / 80.01 89.75 / 54.03 75.85 / 68.68
ReAct 78.62 / 70.93 57.51 / 81.19 73.78 / 68.83 69.97 / 73.65
ASH 78.80 / 68.71 63.84 / 79.45 80.07 / 68.19 74.24 / 72.12
SCALE 73.64 / 74.43 56.90 / 83.80 84.14 / 62.92 71.56 / 73.72
BFAct 81.57 / 67.52 65.10 / 77.38 66.93 / 72.93 71.20 / 72.61
LTS 73.46 / 74.36 57.54 / 83.79 82.87 / 65.52 71.29 / 74.56
OptFS 82.76 / 65.38 63.26 / 78.12 69.21 / 72.79 71.74 / 72.10

AdaSCALE-A 68.46 / 77.10 56.66 / 84.32 58.72 / 77.55 61.28 / 79.66
AdaSCALE-L 68.97 / 76.85 57.96 / 83.92 58.30 / 79.41 61.75 / 80.06

Table 24: Near-OOD detection results (FPR@95↓ / AUROC↑) on
ImageNet-1k benchmark using EfficientNetV2-L network. The best results

are bold, and the second-best results are underlined.
Method SSB-Hard NINCO ImageNet-O Average
MSP 81.28 / 75.03 57.97 / 86.70 78.26 / 80.53 72.51 / 80.76
MLS 84.74 / 73.50 72.88 / 84.83 86.71 / 79.32 81.44 / 79.22
EBO 85.27 / 71.58 75.81 / 82.07 87.49 / 77.81 82.86 / 77.15
ReAct 74.29 / 70.63 71.93 / 70.92 70.86 / 72.63 72.36 / 71.39
ASH 94.82 / 46.73 96.44 / 37.79 93.30 / 49.81 94.85 / 44.78
SCALE 90.16 / 57.07 89.93 / 59.69 89.03 / 63.60 89.70 / 60.12
BFAct 75.36 / 63.66 77.03 / 59.56 74.19 / 64.18 75.53 / 62.46
LTS 88.43 / 68.29 86.68 / 75.87 86.78 / 76.73 87.30 / 73.63
OptFS 74.68 / 73.83 70.24 / 76.18 71.94 / 75.86 72.29 / 75.29

AdaSCALE-A 60.84 / 83.48 47.45 / 89.47 53.04 / 87.87 53.78 / 86.94
AdaSCALE-L 53.56 / 85.00 58.55 / 84.75 52.72 / 87.58 54.95 / 85.77
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Table 25: Near-OOD detection results (FPR@95↓ / AUROC↑) on
ImageNet-1k benchmark using ViT-B-16 network. The best results are

bold, and the second-best results are underlined.
Method SSB-Hard NINCO ImageNet-O Average
MSP 86.41 / 68.94 77.28 / 78.11 96.48 / 58.81 86.72 / 68.62
MLS 91.52 / 64.20 92.98 / 72.40 96.84 / 54.33 93.78 / 63.64
EBO 92.24 / 58.80 94.14 / 66.02 96.74 / 52.74 94.37 / 59.19
ReAct 90.46 / 63.10 78.50 / 75.43 90.94 / 66.53 86.63 / 68.35
ASH 93.50 / 53.90 95.37 / 52.51 94.47 / 53.19 94.45 / 53.20
SCALE 92.37 / 56.55 94.62 / 61.52 96.44 / 50.47 94.48 / 56.18
BFAct 89.81 / 64.16 71.37 / 78.06 85.09 / 69.75 82.09 / 70.66
LTS 91.42 / 64.35 82.63 / 75.48 92.42 / 62.46 88.83 / 67.43
OptFS 87.98 / 66.30 64.24 / 80.46 77.43 / 71.43 76.55 / 72.73

AdaSCALE-A 85.89 / 66.57 61.92 / 80.47 67.81 / 72.37 71.87 / 73.14
AdaSCALE-L 86.19 / 66.25 61.79 / 80.42 67.99 / 73.01 71.99 / 73.23

Table 26: Near-OOD detection results (FPR@95↓ / AUROC↑) on
ImageNet-1k benchmark using Swin-B network. The best results are bold,

and the second-best results are underlined.
Method SSB-Hard NINCO ImageNet-O Average
MSP 86.47 / 71.30 77.95 / 78.50 96.90 / 59.65 87.11 / 69.82
MLS 94.05 / 65.04 93.38 / 71.75 96.97 / 57.26 94.80 / 64.68
EBO 94.66 / 58.96 94.59 / 64.02 96.75 / 56.40 95.34 / 59.79
ReAct 89.19 / 68.70 68.54 / 80.16 90.20 / 70.93 82.64 / 73.26
ASH 97.15 / 45.47 96.64 / 47.36 95.32 / 49.92 96.37 / 47.58
SCALE 90.84 / 56.53 87.86 / 62.49 87.16 / 65.38 88.62 / 61.47
BFAct 84.86 / 69.41 61.30 / 81.10 69.27 / 75.34 71.81 / 75.28
LTS 90.36 / 64.51 81.02 / 74.23 88.44 / 62.92 86.61 / 67.22
OptFS 88.68 / 68.43 66.36 / 80.27 75.38 / 73.49 76.81 / 74.06

AdaSCALE-A 80.10 / 70.46 64.67 / 81.10 75.46 / 71.87 73.41 / 74.48
AdaSCALE-L 80.12 / 70.06 63.68 / 81.35 74.87 / 72.34 72.89 / 74.58
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F.2 far-OOD detection605

Table 27: Far-OOD detection results (FPR@95↓ / AUROC↑) on
ImageNet-1k benchmark using ResNet-50 network. The best results are

bold, and the second-best results are underlined.
Method iNaturalist Textures OpenImage-O Places Average
MSP 43.34 / 88.41 60.87 / 82.43 50.13 / 84.86 58.26 / 80.55 53.15 / 84.06
MLS 30.61 / 91.17 46.17 / 88.39 37.88 / 89.17 55.62 / 84.05 42.57 / 88.19
EBO 31.30 / 90.63 45.77 / 88.70 38.09 / 89.06 55.73 / 83.97 42.72 / 88.09
ReAct 16.72 / 96.34 29.64 / 92.79 32.58 / 91.87 41.62 / 90.93 30.14 / 92.98
ASH 14.09 / 97.06 15.30 / 96.90 29.19 / 93.26 40.16 / 90.48 24.69 / 94.43
SCALE 9.50 / 98.02 11.90 / 97.63 28.18 / 93.95 36.18 / 91.96 21.44 / 95.39
BFAct 15.94 / 96.47 28.43 / 92.87 32.66 / 91.90 40.83 / 90.79 29.46 / 93.01
LTS 10.24 / 97.87 13.06 / 97.42 27.81 / 94.01 37.68 / 91.65 22.20 / 95.24
OptFS 15.88 / 96.65 16.60 / 96.10 29.94 / 92.53 40.24 / 90.20 25.66 / 93.87

AdaSCALE-A 7.61 / 98.31 10.57 / 97.88 20.67 / 95.62 32.60 / 92.74 17.86 / 96.14
AdaSCALE-L 7.78 / 98.29 10.33 / 97.92 20.61 / 95.62 32.97 / 92.63 17.92 / 96.12

Table 28: Far-OOD detection results (FPR@95↓ / AUROC↑) on
ImageNet-1k benchmark using ResNet-101 network. The best results are

bold, and the second-best results are underlined.
Method iNaturalist Textures OpenImage-O Places Average
MSP 48.30 / 86.27 59.00 / 83.60 49.36 / 84.82 58.84 / 80.56 53.87 / 83.81
MLS 41.11 / 88.83 43.59 / 89.85 38.13 / 89.25 52.74 / 85.28 43.89 / 88.30
EBO 41.65 / 88.30 43.66 / 90.14 38.48 / 89.12 53.42 / 85.37 44.30 / 88.23
ReAct 19.86 / 95.66 26.94 / 93.78 30.18 / 92.54 42.58 / 90.41 29.89 / 93.10
ASH 19.90 / 95.68 13.94 / 97.32 27.76 / 93.63 43.11 / 89.59 26.18 / 94.06
SCALE 13.90 / 97.05 9.34 / 98.04 25.91 / 94.47 40.99 / 90.64 22.54 / 95.05
BFAct 19.60 / 95.69 25.79 / 93.79 30.18 / 92.55 42.14 / 90.13 29.43 / 93.04
LTS 15.07 / 96.83 10.33 / 97.89 25.51 / 94.52 41.40 / 90.53 23.07 / 94.94
OptFS 19.11 / 95.70 16.53 / 96.35 28.76 / 92.94 43.47 / 89.22 26.97 / 93.55

AdaSCALE-A 10.74 / 97.64 8.90 / 98.21 18.75 / 96.03 35.66 / 91.92 18.51 / 95.95
AdaSCALE-L 11.71 / 97.36 10.44 / 97.93 17.87 / 96.18 36.57 / 91.55 19.15 / 95.76
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Table 29: Far-OOD detection results (FPR@95↓ / AUROC↑) on
ImageNet-1k benchmark using RegNet-Y-16 network. The best results are

bold, and the second-best results are underlined.
Method iNaturalist Textures OpenImage-O Places Average
MSP 28.13 / 94.67 44.73 / 88.48 36.27 / 91.96 52.51 / 85.21 40.41 / 90.08
MLS 9.10 / 98.05 39.74 / 92.82 25.71 / 95.70 57.14 / 88.22 32.92 / 93.70
EBO 7.72 / 98.29 38.18 / 93.02 25.94 / 95.83 58.04 / 88.13 32.47 / 93.82
ReAct 21.24 / 94.14 41.20 / 87.25 43.46 / 89.20 74.92 / 74.10 45.20 / 86.17
ASH 48.89 / 87.39 45.75 / 88.79 70.98 / 82.52 72.99 / 77.06 59.65 / 83.94
SCALE 11.13 / 97.88 28.29 / 95.31 33.59 / 94.87 55.62 / 88.59 32.16 / 94.16
BFAct 37.88 / 86.24 54.87 / 77.64 62.53 / 79.59 79.46 / 65.39 58.69 / 77.22
LTS 14.29 / 97.52 25.21 / 95.72 43.38 / 93.53 57.08 / 87.51 34.99 / 93.57
OptFS 28.95 / 93.68 39.99 / 90.13 44.96 / 89.85 75.59 / 73.24 47.37 / 86.73

AdaSCALE-A 4.34 / 99.09 26.06 / 95.21 13.09 / 97.57 41.98 / 91.48 21.37 / 95.84
AdaSCALE-L 4.41 / 99.02 13.50 / 97.61 18.56 / 96.92 43.93 / 91.22 20.10 / 96.19

Table 30: Far-OOD detection results (FPR@95↓ / AUROC↑) on
ImageNet-1k benchmark using ResNeXt-50 network. The best results are

bold, and the second-best results are underlined.
Method iNaturalist Textures OpenImage-O Places Average
MSP 43.56 / 88.04 62.23 / 82.13 48.06 / 85.65 58.42 / 81.02 53.07 / 84.21
MLS 32.96 / 90.93 51.58 / 87.39 37.33 / 89.80 57.76 / 83.77 44.91 / 87.97
EBO 33.42 / 90.54 51.73 / 87.56 37.79 / 89.72 57.56 / 83.62 45.12 / 87.86
ReAct 17.64 / 95.95 32.86 / 91.67 29.82 / 92.37 39.92 / 90.76 30.06 / 92.69
ASH 17.90 / 96.22 23.74 / 95.18 30.83 / 93.13 44.21 / 89.35 29.17 / 93.47
SCALE 15.66 / 96.75 27.75 / 94.94 31.43 / 93.41 47.62 / 89.08 30.62 / 93.54
BFAct 17.40 / 95.91 32.00 / 91.83 29.53 / 92.38 39.89 / 90.57 29.71 / 92.67
LTS 16.29 / 96.63 26.64 / 95.07 30.50 / 93.50 48.04 / 88.78 30.37 / 93.49
OptFS 17.20 / 96.12 23.11 / 94.69 29.59 / 92.75 40.24 / 90.05 27.54 / 93.40

AdaSCALE-A 10.02 / 97.80 17.99 / 96.38 22.93 / 95.17 37.38 / 91.62 22.08 / 95.24
AdaSCALE-L 11.28 / 97.45 18.46 / 96.20 21.23 / 95.35 37.68 / 91.03 22.16 / 95.01
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Table 31: Far-OOD detection results (FPR@95↓ / AUROC↑) on
ImageNet-1k benchmark using DenseNet-201 network. The best results are

bold, and the second-best results are underlined.
Method iNaturalist Textures OpenImage-O Places Average
MSP 42.02 / 89.84 62.33 / 81.56 50.31 / 85.19 59.74 / 81.14 53.60 / 84.43
MLS 31.99 / 92.11 57.75 / 85.56 42.70 / 88.28 61.30 / 83.82 48.43 / 87.44
EBO 33.12 / 91.46 57.47 / 85.55 43.75 / 87.91 61.46 / 83.67 48.95 / 87.15
ReAct 19.41 / 95.64 23.86 / 94.63 32.54 / 91.83 47.06 / 88.52 30.72 / 92.65
ASH 21.57 / 95.47 21.42 / 95.56 41.23 / 90.19 49.80 / 87.45 33.50 / 92.17
SCALE 18.13 / 96.29 27.22 / 94.52 34.52 / 92.15 52.82 / 87.83 33.17 / 92.70
BFAct 20.64 / 95.42 21.70 / 95.17 39.76 / 89.97 47.72 / 88.61 32.45 / 92.29
LTS 15.68 / 96.71 22.49 / 95.81 34.27 / 92.37 51.23 / 88.26 30.92 / 93.29
OptFS 25.81 / 93.92 21.75 / 95.01 38.45 / 89.67 51.66 / 85.54 34.42 / 91.04

AdaSCALE-A 17.30 / 96.03 19.42 / 96.23 23.12 / 94.68 52.20 / 85.98 28.01 / 93.23
AdaSCALE-L 17.97 / 95.87 16.87 / 96.69 23.64 / 94.69 53.50 / 85.46 28.00 / 93.18

Table 32: Far-OOD detection results (FPR@95↓ / AUROC↑) on
ImageNet-1k benchmark using EfficientNetV2-L network. The best results

are bold, and the second-best results are underlined.
Method iNaturalist Textures OpenImage-O Places Average
MSP 25.14 / 95.12 74.42 / 84.20 40.64 / 91.74 78.74 / 80.61 54.74 / 87.92
MLS 35.28 / 94.13 86.65 / 80.26 62.11 / 90.26 90.53 / 74.56 68.64 / 84.80
EBO 49.84 / 91.21 87.72 / 75.77 68.77 / 87.66 91.60 / 69.89 74.48 / 81.13
ReAct 46.44 / 80.96 54.56 / 77.17 60.79 / 78.20 78.39 / 64.99 60.05 / 75.33
ASH 96.26 / 37.76 95.40 / 50.98 97.52 / 43.19 97.07 / 34.34 96.56 / 41.57
SCALE 87.08 / 67.69 86.22 / 67.44 91.05 / 67.21 94.18 / 47.99 89.63 / 62.58
BFAct 57.31 / 69.11 63.43 / 67.70 69.30 / 67.49 76.86 / 58.52 66.72 / 65.70
LTS 79.05 / 84.72 86.89 / 75.39 88.00 / 81.53 93.45 / 63.56 86.85 / 76.30
OptFS 38.62 / 89.80 45.77 / 86.94 53.77 / 85.49 76.31 / 72.23 53.62 / 83.62

AdaSCALE-A 18.51 / 96.67 42.07 / 90.56 31.00 / 94.44 58.87 / 84.26 37.61 / 91.48
AdaSCALE-L 26.58 / 95.02 32.81 / 92.38 39.19 / 92.31 56.66 / 82.33 38.81 / 90.51
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Table 33: Far-OOD detection results (FPR@95↓ / AUROC↑) on
ImageNet-1k benchmark using Vit-B-16 network. The best results are bold,

and the second-best results are underlined.
Method iNaturalist Textures OpenImage-O Places Average
MSP 42.40 / 88.19 56.46 / 85.06 56.19 / 84.86 70.59 / 80.38 56.41 / 84.62
MLS 72.98 / 85.29 78.93 / 83.74 85.78 / 81.60 89.88 / 75.05 81.89 / 81.42
EBO 83.56 / 79.30 83.66 / 81.17 88.82 / 76.48 91.77 / 68.42 86.95 / 76.34
ReAct 48.22 / 86.11 55.87 / 86.66 57.68 / 84.29 75.48 / 77.52 59.31 / 83.65
ASH 97.02 / 50.62 98.50 / 48.53 94.79 / 55.51 93.60 / 53.97 95.98 / 52.16
SCALE 86.60 / 73.94 84.70 / 79.00 89.48 / 72.72 92.67 / 63.60 88.36 / 72.32
BFAct 40.56 / 87.96 48.65 / 88.31 48.24 / 86.59 68.86 / 80.21 51.58 / 85.77
LTS 50.42 / 88.92 61.70 / 86.53 69.26 / 83.45 76.07 / 78.82 64.37 / 84.43
OptFS 34.39 / 89.99 46.41 / 88.48 42.20 / 88.23 61.44 / 82.69 46.11 / 87.35
AdaSCALE-A 36.38 / 89.60 51.13 / 87.16 43.02 / 88.07 59.97 / 82.48 47.63 / 86.83
AdaSCALE-L 35.16 / 89.84 50.91 / 87.37 43.01 / 88.13 60.05 / 82.55 47.28 / 86.97

Table 34: Far-OOD detection results (FPR@95↓ / AUROC↑) on
ImageNet-1k benchmark using Swin-B network. The best results are bold,

and the second-best results are underlined.
Method iNaturalist Textures OpenImage-O Places Average
MSP 55.63 / 86.47 79.28 / 80.12 81.22 / 81.72 77.41 / 79.78 73.39 / 82.02
MLS 93.46 / 78.87 94.60 / 74.73 97.61 / 70.72 94.97 / 69.17 95.16 / 73.37
EBO 95.11 / 67.72 95.36 / 69.69 97.97 / 60.19 95.87 / 58.35 96.08 / 63.99
ReAct 40.77 / 88.60 62.26 / 85.54 58.19 / 85.76 74.21 / 79.16 58.86 / 84.77
ASH 98.59 / 42.18 98.55 / 43.37 98.23 / 43.28 97.57 / 43.98 98.23 / 43.20
SCALE 87.83 / 62.98 87.71 / 69.63 88.75 / 66.63 82.08 / 67.82 86.59 / 66.77
BFAct 25.76 / 91.42 45.73 / 87.34 32.13 / 91.02 52.33 / 84.08 38.99 / 88.47
LTS 57.92 / 86.10 77.66 / 78.02 73.20 / 80.16 82.69 / 72.71 72.86 / 79.25
OptFS 31.94 / 90.56 50.27 / 86.91 36.50 / 90.18 58.38 / 83.51 44.27 / 87.79

AdaSCALE-A 32.82 / 90.73 61.82 / 85.34 38.58 / 89.78 58.02 / 82.71 47.81 / 87.14
AdaSCALE-L 30.95 / 91.69 60.17 / 86.30 37.52 / 90.08 56.32 / 83.82 46.24 / 87.97
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F.3 Full-Spectrum near-OOD detection606

Table 35: Near-FSOOD detection results (FPR@95↓ / AUROC↑) on
ImageNet-1k benchmark using ResNet-50 network. The best results are

bold, and the second-best results are underlined.
Method SSB-Hard NINCO ImageNet-O Average
MSP 88.17 / 47.34 78.15 / 54.73 96.29 / 13.81 87.54 / 38.63
MLS 90.04 / 43.32 82.06 / 50.23 95.59 / 18.94 89.23 / 37.50
EBO 90.19 / 42.62 82.64 / 49.01 95.54 / 19.57 89.46 / 37.07
ReAct 90.65 / 45.19 80.05 / 53.37 93.62 / 26.15 88.10 / 41.57
ASH 88.82 / 44.08 78.35 / 54.54 92.48 / 30.49 86.55 / 43.04
SCALE 85.85 / 48.10 77.54 / 57.01 93.26 / 32.58 85.55 / 45.90
BFAct 90.43 / 45.29 79.62 / 53.50 93.62 / 26.20 87.89 / 41.66
LTS 86.37 / 47.43 77.54 / 56.40 93.61 / 30.57 85.84 / 44.80
OptFS 90.78 / 44.01 77.24 / 54.91 90.91 / 32.26 86.31 / 43.73

AdaSCALE-A 81.30 / 51.88 74.13 / 58.55 89.15 / 37.62 81.52 / 49.35
AdaSCALE-L 81.85 / 51.38 74.42 / 58.23 90.07 / 36.91 82.11 / 48.84

Table 36: Near-FSOOD detection results (FPR@95↓ / AUROC↑) on
ImageNet-1k benchmark using ResNet-101 network. The best results are

bold, and the second-best results are underlined.
Method SSB-Hard NINCO ImageNet-O Average
MSP 87.09 / 49.18 76.45 / 56.92 94.24 / 28.33 85.93 / 44.81
MLS 88.90 / 46.45 79.19 / 53.62 93.94 / 31.76 87.34 / 43.94
EBO 89.02 / 45.99 79.60 / 52.66 93.87 / 32.40 87.50 / 43.68
ReAct 89.50 / 47.79 77.22 / 56.02 89.37 / 39.62 85.36 / 47.81
ASH 87.84 / 46.39 75.36 / 56.72 88.48 / 42.80 83.90 / 48.64
SCALE 85.81 / 48.94 75.33 / 58.79 88.49 / 44.45 83.21 / 50.73
BFAct 89.19 / 48.07 76.94 / 56.02 89.54 / 39.65 85.22 / 47.91
LTS 86.02 / 48.72 74.89 / 58.41 89.17 / 43.02 83.36 / 50.05
OptFS 89.63 / 46.23 75.52 / 56.71 85.82 / 44.21 83.65 / 49.05

AdaSCALE-A 82.33 / 51.47 74.38 / 59.17 82.89 / 48.49 79.87 / 53.04
AdaSCALE-L 82.53 / 51.31 75.22 / 58.62 82.19 / 48.03 79.98 / 52.66
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Table 37: Near-FSOOD detection results (FPR@95↓ / AUROC↑) on
ImageNet-1k benchmark using RegNet-Y-16 network. The best results are

bold, and the second-best results are underlined.
Method SSB-Hard NINCO ImageNet-O Average
MSP 83.74 / 57.23 72.32 / 67.69 87.81 / 56.61 81.29 / 60.51
MLS 82.91 / 60.89 71.22 / 70.86 93.27 / 55.21 82.46 / 62.32
EBO 82.77 / 61.63 71.17 / 71.23 93.39 / 55.02 82.44 / 62.63
ReAct 87.74 / 55.64 80.22 / 65.24 91.11 / 55.13 86.36 / 58.67
ASH 87.26 / 57.45 84.81 / 61.59 93.78 / 54.76 88.61 / 57.93
SCALE 83.23 / 61.02 72.48 / 71.33 92.82 / 57.16 82.84 / 63.17
BFAct 90.46 / 54.73 87.03 / 61.98 92.37 / 54.13 89.96 / 56.95
LTS 83.53 / 60.77 74.23 / 70.84 92.30 / 57.71 83.35 / 63.11
OptFS 90.33 / 51.78 80.82 / 63.86 88.86 / 59.45 86.67 / 58.36

AdaSCALE-A 81.68 / 60.46 68.05 / 70.95 83.25 / 60.91 77.66 / 64.11
AdaSCALE-L 84.30 / 59.42 76.30 / 68.49 81.86 / 63.12 80.82 / 63.68

Table 38: Near-FSOOD detection results (FPR@95↓ / AUROC↑) on
ImageNet-1k benchmark using ResNeXt-50 network. The best results are

bold, and the second-best results are underlined.
Method SSB-Hard NINCO ImageNet-O Average
MSP 86.95 / 49.77 78.27 / 57.25 94.79 / 28.95 86.67 / 45.32
MLS 88.56 / 47.94 81.58 / 54.31 94.26 / 32.40 88.13 / 44.88
EBO 88.68 / 47.69 81.67 / 53.51 94.21 / 32.99 88.19 / 44.73
ReAct 89.45 / 47.44 80.37 / 55.29 91.40 / 37.58 87.07 / 46.77
ASH 86.26 / 49.73 79.62 / 57.17 92.63 / 39.67 86.17 / 48.86
SCALE 84.64 / 52.60 78.75 / 58.90 94.20 / 37.99 85.86 / 49.83
BFAct 89.22 / 47.70 80.39 / 55.34 91.24 / 37.66 86.95 / 46.90
LTS 85.03 / 51.87 78.65 / 58.48 93.77 / 37.96 85.82 / 49.43
OptFS 89.63 / 46.23 75.52 / 56.71 85.82 / 44.21 83.65 / 49.05

AdaSCALE-A 82.33 / 51.47 74.38 / 59.17 82.89 / 48.49 79.87 / 53.04
AdaSCALE-L 82.70 / 52.14 75.85 / 58.05 89.55 / 43.81 82.70 / 51.33
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Table 39: Near-FSOOD detection results (FPR@95↓ / AUROC↑) on
ImageNet-1k benchmark using DenseNet-201 network. The best results are

bold, and the second-best results are underlined.
Method SSB-Hard NINCO ImageNet-O Average
MSP 87.27 / 49.71 76.81 / 58.30 95.00 / 29.36 86.36 / 45.79
MLS 89.24 / 47.21 80.48 / 55.21 95.61 / 30.74 88.44 / 44.39
EBO 89.39 / 46.79 80.94 / 54.13 95.60 / 31.44 88.65 / 44.12
ReAct 90.76 / 45.54 79.54 / 55.57 88.40 / 42.63 86.23 / 47.91
ASH 89.75 / 47.08 81.35 / 58.13 90.47 / 46.81 87.19 / 50.67
SCALE 87.55 / 49.53 78.35 / 59.54 92.79 / 39.22 86.23 / 49.43
BFAct 92.33 / 44.88 83.90 / 54.83 84.88 / 49.50 87.04 / 49.74
LTS 87.30 / 50.02 78.41 / 60.35 92.12 / 42.25 85.94 / 50.88
OptFS 92.32 / 43.61 81.45 / 56.09 85.02 / 50.48 86.26 / 50.06

AdaSCALE-A 86.22 / 48.41 80.25 / 56.38 81.35 / 47.45 82.60 / 50.75
AdaSCALE-L 86.43 / 48.54 80.83 / 56.30 81.00 / 50.00 82.75 / 51.61

Table 40: Near-FSOOD detection results (FPR@95↓ / AUROC↑) on
ImageNet-1k benchmark using EfficientNetV2-L network. The best results

are bold, and the second-best results are underlined.
Method SSB-Hard NINCO ImageNet-O Average
MSP 83.74 / 57.23 72.32 / 67.69 87.81 / 56.61 81.29 / 60.51
MLS 82.91 / 60.89 71.22 / 70.86 93.27 / 55.21 82.46 / 62.32
EBO 82.77 / 61.63 71.17 / 71.23 93.39 / 55.02 82.44 / 62.63
ReAct 87.74 / 55.64 80.22 / 65.24 91.11 / 55.13 86.36 / 58.67
ASH 87.26 / 57.45 84.81 / 61.59 93.78 / 54.76 88.61 / 57.93
SCALE 83.23 / 61.02 72.48 / 71.33 92.82 / 57.16 82.84 / 63.17
BFAct 90.46 / 54.73 87.03 / 61.98 92.37 / 54.13 89.96 / 56.95
LTS 83.53 / 60.77 74.23 / 70.84 92.30 / 57.71 83.35 / 63.11
OptFS 90.33 / 51.78 80.82 / 63.86 88.86 / 59.45 86.67 / 58.36

AdaSCALE-A 81.68 / 60.46 68.05 / 70.95 83.25 / 60.91 77.66 / 64.11
AdaSCALE-L 84.30 / 59.42 76.30 / 68.49 81.86 / 63.12 80.82 / 63.68
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Table 41: Near-FSOOD detection results (FPR@95↓ / AUROC↑) on
ImageNet-1k benchmark using Vit-B-16 network. The best results are bold,

and the second-best results are underlined.
Method SSB-Hard NINCO ImageNet-O Average
MSP 92.28 / 47.57 87.44 / 56.23 98.02 / 39.33 92.58 / 47.71
MLS 94.11 / 44.88 95.17 / 52.44 98.00 / 37.77 95.76 / 45.03
EBO 94.47 / 42.06 95.86 / 48.45 97.89 / 38.03 96.07 / 42.85
ReAct 94.95 / 41.84 88.65 / 52.48 95.21 / 44.64 92.94 / 46.32
ASH 88.95 / 56.47 91.09 / 55.11 90.00 / 55.78 90.01 / 55.79
SCALE 94.52 / 41.21 96.30 / 45.78 97.76 / 37.09 96.19 / 41.36
BFAct 94.99 / 41.44 85.62 / 53.35 92.62 / 45.64 91.07 / 46.81
LTS 95.33 / 43.36 90.52 / 53.14 95.90 / 41.30 93.91 / 45.93
OptFS 94.19 / 43.01 81.66 / 55.60 88.90 / 46.04 88.25 / 48.22
AdaSCALE-A 93.30 / 42.49 81.00 / 54.72 84.12 / 45.71 86.14 / 47.64
AdaSCALE-L 93.52 / 41.83 80.94 / 54.16 84.26 / 45.82 86.24 / 47.27

Table 42: Near-FSOOD detection results (FPR@95↓ / AUROC↑) on
ImageNet-1k benchmark using Swin-B network. The best results are bold,

and the second-best results are underlined.
Method SSB-Hard NINCO ImageNet-O Average
MSP 91.55 / 53.29 86.73 / 60.62 97.85 / 42.90 92.04 / 52.27
MLS 94.49 / 50.01 93.94 / 56.40 97.11 / 43.76 95.18 / 50.06
EBO 94.66 / 47.41 94.58 / 52.04 96.76 / 45.84 95.33 / 48.43
ReAct 94.04 / 47.83 82.85 / 58.52 94.60 / 50.41 90.50 / 52.25
ASH 91.77 / 50.35 90.91 / 52.09 88.80 / 54.50 90.49 / 52.31
SCALE 93.39 / 47.38 91.25 / 53.00 90.80 / 56.10 91.81 / 52.16
BFAct 92.65 / 48.33 79.61 / 59.66 84.26 / 53.17 85.51 / 53.72
LTS 94.26 / 48.70 88.32 / 57.60 93.04 / 46.33 91.87 / 50.88
OptFS 94.06 / 47.77 81.91 / 59.14 86.95 / 51.34 87.64 / 52.75

AdaSCALE-A 90.29 / 46.84 81.54 / 57.44 87.74 / 47.55 86.52 / 50.61
AdaSCALE-L 90.18 / 46.63 80.77 / 57.85 87.27 / 47.90 86.07 / 50.79
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F.4 Full-Spectrum far-OOD detection607

Table 43: Far-FSOOD detection results (FPR@95↓ / AUROC↑) on
ImageNet-1k benchmark using ResNet-50 network. The best results are

bold, and the second-best results are underlined.
Method iNaturalist Textures OpenImage-O Places Average
MSP 69.31 / 65.65 80.57 / 59.22 73.94 / 60.74 79.02 / 56.04 75.71 / 60.41
MLS 64.71 / 63.30 74.69 / 61.67 69.73 / 60.60 80.04 / 55.08 72.29 / 60.16
EBO 65.30 / 61.43 74.48 / 61.87 69.92 / 59.93 80.12 / 54.48 72.45 / 59.42
ReAct 51.90 / 75.79 63.55 / 69.22 65.64 / 67.36 71.81 / 67.01 63.22 / 69.84
ASH 49.21 / 76.93 50.54 / 77.64 63.04 / 69.03 70.62 / 64.79 58.35 / 72.10
SCALE 43.34 / 79.23 46.60 / 79.58 62.26 / 70.54 67.94 / 67.05 55.04 / 74.10
BFAct 51.01 / 75.85 62.45 / 69.03 65.52 / 67.21 71.17 / 66.45 62.54 / 69.63
LTS 45.12 / 78.72 48.77 / 79.13 62.43 / 70.17 69.31 / 66.20 56.41 / 73.55
OptFS 49.39 / 77.14 50.25 / 75.59 62.46 / 68.87 69.84 / 65.65 57.99 / 71.81

AdaSCALE-A 41.24 / 79.53 45.55 / 79.64 56.43 / 72.85 66.13 / 67.54 52.33 / 74.89
AdaSCALE-L 41.75 / 79.63 45.67 / 79.96 56.80 / 72.82 66.69 / 67.28 52.73 / 74.92

Table 44: Far-FSOOD detection results (FPR@95↓ / AUROC↑) on
ImageNet-1k benchmark using ResNet-101 network. The best results are

bold, and the second-best results are underlined.
Method iNaturalist Textures OpenImage-O Places Average
MSP 71.78 / 64.51 78.82 / 62.20 72.52 / 62.27 78.71 / 57.55 75.46 / 61.63
MLS 70.55 / 62.07 72.11 / 65.46 68.68 / 62.27 77.60 / 58.03 72.23 / 61.96
EBO 70.94 / 60.64 72.18 / 65.71 68.96 / 61.59 77.97 / 57.75 72.51 / 61.42
ReAct 53.59 / 75.05 59.92 / 72.13 62.45 / 69.16 71.14 / 66.87 61.78 / 70.80
ASH 53.84 / 74.07 47.67 / 79.09 60.66 / 70.12 71.45 / 64.40 58.40 / 71.92
SCALE 47.82 / 76.79 42.04 / 80.95 59.26 / 71.76 70.32 / 65.86 54.86 / 73.84
BFAct 53.23 / 74.86 58.84 / 71.86 62.33 / 68.97 70.67 / 66.17 61.27 / 70.47
LTS 49.64 / 76.17 43.87 / 80.60 59.32 / 71.46 70.85 / 65.35 55.92 / 73.39
OptFS 51.52 / 75.52 48.88 / 76.96 59.99 / 70.28 70.86 / 65.15 57.81 / 71.98

AdaSCALE-A 44.77 / 77.51 42.17 / 80.73 53.58 / 73.90 67.14 / 66.84 51.91 / 74.75
AdaSCALE-L 46.52 / 76.39 44.87 / 79.90 53.32 / 73.81 68.16 / 65.88 53.22 / 73.99
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Table 45: Far-FSOOD detection results (FPR@95↓ / AUROC↑) on
ImageNet-1k benchmark using RegNet-Y-16 network. The best results are

bold, and the second-best results are underlined.
Method iNaturalist Textures OpenImage-O Places Average
MSP 53.98 / 80.49 69.36 / 70.97 62.02 / 75.95 75.48 / 65.76 65.21 / 73.29
MLS 39.99 / 85.09 69.12 / 73.89 58.30 / 80.08 79.98 / 66.96 61.85 / 76.51
EBO 38.42 / 86.11 68.23 / 74.16 58.77 / 80.93 80.56 / 67.08 61.49 / 77.07
ReAct 43.95 / 85.15 66.24 / 73.34 68.23 / 77.80 88.79 / 57.47 66.80 / 73.44
ASH 61.03 / 79.08 58.16 / 80.78 80.03 / 74.57 81.60 / 67.74 70.21 / 75.54
SCALE 39.13 / 86.34 56.30 / 79.93 60.66 / 81.10 76.25 / 70.04 58.09 / 79.35
BFAct 52.17 / 82.68 71.55 / 70.74 78.37 / 74.00 90.50 / 56.09 73.15 / 70.88
LTS 38.98 / 86.90 50.10 / 82.26 65.29 / 81.17 75.41 / 70.91 57.44 / 80.31
OptFS 52.61 / 82.40 62.47 / 76.57 66.68 / 76.79 88.01 / 56.14 67.44 / 72.98

AdaSCALE-A 34.25 / 87.68 63.81 / 76.12 50.37 / 82.13 74.81 / 68.37 55.81 / 78.58
AdaSCALE-L 32.72 / 88.82 47.93 / 82.84 53.84 / 83.09 73.90 / 70.37 52.10 / 81.28

Table 46: Far-FSOOD detection results (FPR@95↓ / AUROC↑) on
ImageNet-1k benchmark using ResNeXt-50 network. The best results are

bold, and the second-best results are underlined.
Method iNaturalist Textures OpenImage-O Places Average
MSP 68.90 / 66.67 80.91 / 60.21 71.91 / 63.25 78.58 / 57.84 75.07 / 62.00
MLS 64.59 / 65.49 76.51 / 62.51 67.70 / 63.96 79.89 / 56.90 72.17 / 62.21
EBO 64.95 / 64.23 76.59 / 62.61 68.00 / 63.52 79.80 / 56.39 72.34 / 61.69
ReAct 51.97 / 76.08 65.34 / 68.27 63.05 / 68.94 70.13 / 67.58 62.62 / 70.22
ASH 53.84 / 74.07 47.67 / 79.09 60.66 / 70.12 71.45 / 64.40 58.40 / 71.92
SCALE 49.27 / 76.82 60.07 / 75.14 62.91 / 70.69 73.38 / 64.22 61.41 / 71.72
BFAct 53.23 / 74.86 58.84 / 71.86 62.33 / 68.97 70.67 / 66.17 61.27 / 70.47
LTS 49.64 / 76.17 48.77 / 79.13 62.43 / 70.17 70.85 / 65.35 56.41 / 73.55
OptFS 51.52 / 75.77 50.25 / 75.59 62.46 / 68.87 69.84 / 65.65 57.99 / 71.81

AdaSCALE-A 43.82 / 78.47 45.55 / 79.64 56.43 / 72.85 66.13 / 67.54 52.33 / 74.89
AdaSCALE-L 46.23 / 76.67 54.29 / 75.80 56.84 / 72.44 69.13 / 64.99 56.62 / 72.47
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Table 47: Far-FSOOD detection results (FPR@95↓ / AUROC↑) on
ImageNet-1k benchmark using DenseNet-201 network. The best results are

bold, and the second-best results are underlined.
Method iNaturalist Textures OpenImage-O Places Average
MSP 68.90 / 66.67 80.91 / 60.21 71.91 / 63.25 78.58 / 57.84 75.07 / 62.00
MLS 64.59 / 65.49 76.51 / 62.51 67.70 / 63.96 79.89 / 56.90 72.17 / 62.21
EBO 64.95 / 64.23 76.59 / 62.61 68.00 / 63.52 79.80 / 56.39 72.34 / 61.69
ReAct 51.97 / 76.08 65.34 / 68.27 63.05 / 68.94 70.13 / 67.58 62.62 / 70.22
ASH 53.84 / 74.07 47.67 / 79.09 60.66 / 70.12 71.45 / 64.40 58.40 / 71.92
SCALE 49.27 / 76.82 60.07 / 75.14 62.91 / 70.69 73.38 / 64.22 61.41 / 71.72
BFAct 53.23 / 74.86 58.84 / 71.86 62.33 / 68.97 70.67 / 66.17 61.27 / 70.47
LTS 49.64 / 76.17 48.77 / 79.13 62.43 / 70.17 70.85 / 65.35 56.41 / 73.55
OptFS 51.52 / 75.77 50.25 / 75.59 62.46 / 68.87 69.84 / 65.65 57.99 / 71.81

AdaSCALE-A 52.55 / 73.62 54.70 / 76.19 58.11 / 71.31 77.77 / 58.83 60.78 / 69.99
AdaSCALE-L 53.04 / 73.62 51.83 / 78.00 58.30 / 71.92 78.40 / 58.47 60.39 / 70.50

Table 48: Far-FSOOD detection results (FPR@95↓ / AUROC↑) on
ImageNet-1k benchmark using EfficientNetV2-L network. The best results

are bold, and the second-best results are underlined.
Method iNaturalist Textures OpenImage-O Places Average
MSP 53.98 / 80.49 69.36 / 70.97 62.02 / 75.95 75.48 / 65.76 65.21 / 73.29
MLS 39.99 / 85.09 69.12 / 73.89 58.30 / 80.08 79.98 / 66.96 61.85 / 76.51
EBO 38.42 / 86.11 68.23 / 74.16 58.77 / 80.93 80.56 / 67.08 61.49 / 77.07
ReAct 43.95 / 85.15 66.24 / 73.34 68.23 / 77.80 88.79 / 57.47 66.80 / 73.44
ASH 61.03 / 79.08 58.16 / 80.78 80.03 / 74.57 81.60 / 67.74 70.21 / 75.54
SCALE 39.13 / 86.34 56.30 / 79.93 60.66 / 81.10 76.25 / 70.04 58.09 / 79.35
BFAct 52.17 / 82.68 71.55 / 70.74 78.37 / 74.00 90.50 / 56.09 73.15 / 70.88
LTS 38.98 / 86.90 50.10 / 82.26 65.29 / 81.17 75.41 / 70.91 57.44 / 80.31
OptFS 52.61 / 82.40 62.47 / 76.57 66.68 / 76.79 88.01 / 56.14 67.44 / 72.98

AdaSCALE-A 40.76 / 88.62 63.95 / 77.69 53.96 / 84.71 77.17 / 69.22 58.96 / 80.06
AdaSCALE-L 43.28 / 87.91 50.23 / 83.05 57.11 / 84.45 73.87 / 70.29 56.12 / 81.43
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Table 49: Far-FSOOD detection results (FPR@95↓ / AUROC↑) on
ImageNet-1k benchmark using ViT-B-16 network. The best results are

bold, and the second-best results are underlined.
Method iNaturalist Textures OpenImage-O Places Average
MSP 66.12 / 67.29 75.49 / 64.02 75.32 / 63.46 83.84 / 58.77 75.19 / 63.39
MLS 82.34 / 64.58 85.83 / 63.52 90.12 / 61.11 92.95 / 55.08 87.81 / 61.07
EBO 87.94 / 59.51 88.03 / 62.20 91.84 / 57.54 94.14 / 50.68 90.49 / 57.48
ReAct 70.31 / 62.56 75.49 / 64.90 76.64 / 61.30 87.02 / 54.77 77.37 / 60.88
ASH 93.23 / 53.23 95.19 / 51.16 90.38 / 57.95 89.04 / 56.56 91.96 / 54.72
SCALE 90.13 / 55.74 88.71 / 61.09 92.30 / 55.21 94.75 / 47.62 91.47 / 54.92
BFAct 66.39 / 62.89 71.84 / 65.55 71.56 / 62.19 84.23 / 55.84 73.51 / 61.62
LTS 71.01 / 67.15 78.15 / 65.01 82.72 / 60.98 86.73 / 56.56 79.65 / 62.43
OptFS 62.89 / 66.41 70.96 / 65.68 68.25 / 64.30 80.02 / 58.53 70.53 / 63.73
AdaSCALE-A 65.49 / 65.27 74.75 / 63.69 69.79 / 63.49 79.93 / 57.47 72.49 / 62.48
AdaSCALE-L 64.72 / 64.84 74.72 / 63.49 69.92 / 62.86 79.99 / 57.04 72.34 / 62.06

Table 50: Far-FSOOD detection results (FPR@95↓ / AUROC↑) on
ImageNet-1k benchmark using Swin-B network. The best results are bold,

and the second-best results are underlined.
Method iNaturalist Textures OpenImage-O Places Average
MSP 73.78 / 70.69 87.48 / 63.62 88.58 / 65.05 86.43 / 62.22 84.07 / 65.39
MLS 94.01 / 64.59 94.98 / 61.02 97.72 / 57.01 95.29 / 54.55 95.50 / 59.29
EBO 95.11 / 55.73 95.35 / 58.70 97.99 / 49.71 95.87 / 47.30 96.08 / 52.86
ReAct 66.17 / 68.53 79.27 / 66.85 76.92 / 65.82 85.99 / 57.89 77.09 / 64.77
ASH 94.55 / 47.18 94.43 / 48.22 93.77 / 48.28 92.55 / 48.99 93.82 / 48.17
SCALE 91.23 / 53.32 91.15 / 60.76 91.87 / 57.44 87.05 / 58.13 90.32 / 57.41
BFAct 54.53 / 73.59 69.73 / 68.65 59.76 / 74.29 74.09 / 64.30 64.53 / 70.21
LTS 72.97 / 70.44 86.21 / 62.18 83.29 / 63.87 89.39 / 56.32 82.96 / 63.20
OptFS 58.91 / 71.84 72.14 / 68.00 62.45 / 72.16 77.16 / 63.35 67.66 / 68.83

AdaSCALE-A 61.33 / 68.58 79.90 / 64.03 65.40 / 67.52 77.68 / 59.21 71.08 / 64.83
AdaSCALE-L 60.15 / 70.58 78.72 / 65.23 64.83 / 68.17 76.43 / 60.64 70.03 / 66.15
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NeurIPS Paper Checklist608

1. Claims609

Question: Do the main claims made in the abstract and introduction accurately reflect the610

paper’s contributions and scope?611

Answer: [Yes]612

Justification: The main claims made in the abstract and introduction accurately reflect the613

paper’s contributions and scope.614

Guidelines:615

• The answer NA means that the abstract and introduction do not include the claims616

made in the paper.617

• The abstract and/or introduction should clearly state the claims made, including the618

contributions made in the paper and important assumptions and limitations. A No or619

NA answer to this question will not be perceived well by the reviewers.620

• The claims made should match theoretical and experimental results, and reflect how621

much the results can be expected to generalize to other settings.622

• It is fine to include aspirational goals as motivation as long as it is clear that these goals623

are not attained by the paper.624

2. Limitations625

Question: Does the paper discuss the limitations of the work performed by the authors?626

Answer: [Yes]627

Justification: The limitations is discussed in "Latency" heading in Section 5.2.628

Guidelines:629

• The answer NA means that the paper has no limitation while the answer No means that630

the paper has limitations, but those are not discussed in the paper.631

• The authors are encouraged to create a separate "Limitations" section in their paper.632

• The paper should point out any strong assumptions and how robust the results are to633

violations of these assumptions (e.g., independence assumptions, noiseless settings,634

model well-specification, asymptotic approximations only holding locally). The authors635

should reflect on how these assumptions might be violated in practice and what the636

implications would be.637

• The authors should reflect on the scope of the claims made, e.g., if the approach was638

only tested on a few datasets or with a few runs. In general, empirical results often639

depend on implicit assumptions, which should be articulated.640

• The authors should reflect on the factors that influence the performance of the approach.641

For example, a facial recognition algorithm may perform poorly when image resolution642

is low or images are taken in low lighting. Or a speech-to-text system might not be643

used reliably to provide closed captions for online lectures because it fails to handle644

technical jargon.645

• The authors should discuss the computational efficiency of the proposed algorithms646

and how they scale with dataset size.647

• If applicable, the authors should discuss possible limitations of their approach to648

address problems of privacy and fairness.649

• While the authors might fear that complete honesty about limitations might be used by650

reviewers as grounds for rejection, a worse outcome might be that reviewers discover651

limitations that aren’t acknowledged in the paper. The authors should use their best652

judgment and recognize that individual actions in favor of transparency play an impor-653

tant role in developing norms that preserve the integrity of the community. Reviewers654

will be specifically instructed to not penalize honesty concerning limitations.655

3. Theory assumptions and proofs656

Question: For each theoretical result, does the paper provide the full set of assumptions and657

a complete (and correct) proof?658

Answer: [No]659
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Justification: This paper does not include theoretical results.660

Guidelines:661

• The answer NA means that the paper does not include theoretical results.662

• All the theorems, formulas, and proofs in the paper should be numbered and cross-663

referenced.664

• All assumptions should be clearly stated or referenced in the statement of any theorems.665

• The proofs can either appear in the main paper or the supplemental material, but if666

they appear in the supplemental material, the authors are encouraged to provide a short667

proof sketch to provide intuition.668

• Inversely, any informal proof provided in the core of the paper should be complemented669

by formal proofs provided in appendix or supplemental material.670

• Theorems and Lemmas that the proof relies upon should be properly referenced.671

4. Experimental result reproducibility672

Question: Does the paper fully disclose all the information needed to reproduce the main ex-673

perimental results of the paper to the extent that it affects the main claims and/or conclusions674

of the paper (regardless of whether the code and data are provided or not)?675

Answer: [Yes]676

Justification: All experimental settings are provided to reproduce the results.677

Guidelines:678

• The answer NA means that the paper does not include experiments.679

• If the paper includes experiments, a No answer to this question will not be perceived680

well by the reviewers: Making the paper reproducible is important, regardless of681

whether the code and data are provided or not.682

• If the contribution is a dataset and/or model, the authors should describe the steps taken683

to make their results reproducible or verifiable.684

• Depending on the contribution, reproducibility can be accomplished in various ways.685

For example, if the contribution is a novel architecture, describing the architecture fully686

might suffice, or if the contribution is a specific model and empirical evaluation, it may687

be necessary to either make it possible for others to replicate the model with the same688

dataset, or provide access to the model. In general. releasing code and data is often689

one good way to accomplish this, but reproducibility can also be provided via detailed690

instructions for how to replicate the results, access to a hosted model (e.g., in the case691

of a large language model), releasing of a model checkpoint, or other means that are692

appropriate to the research performed.693

• While NeurIPS does not require releasing code, the conference does require all submis-694

sions to provide some reasonable avenue for reproducibility, which may depend on the695

nature of the contribution. For example696

(a) If the contribution is primarily a new algorithm, the paper should make it clear how697

to reproduce that algorithm.698

(b) If the contribution is primarily a new model architecture, the paper should describe699

the architecture clearly and fully.700

(c) If the contribution is a new model (e.g., a large language model), then there should701

either be a way to access this model for reproducing the results or a way to reproduce702

the model (e.g., with an open-source dataset or instructions for how to construct703

the dataset).704

(d) We recognize that reproducibility may be tricky in some cases, in which case705

authors are welcome to describe the particular way they provide for reproducibility.706

In the case of closed-source models, it may be that access to the model is limited in707

some way (e.g., to registered users), but it should be possible for other researchers708

to have some path to reproducing or verifying the results.709

5. Open access to data and code710

Question: Does the paper provide open access to the data and code, with sufficient instruc-711

tions to faithfully reproduce the main experimental results, as described in supplemental712

material?713
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Answer: [Yes]714

Justification: The code (algorithm) is included in the supplementary materials.715

Guidelines:716

• The answer NA means that paper does not include experiments requiring code.717

• Please see the NeurIPS code and data submission guidelines (https://nips.cc/718

public/guides/CodeSubmissionPolicy) for more details.719

• While we encourage the release of code and data, we understand that this might not be720

possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not721

including code, unless this is central to the contribution (e.g., for a new open-source722

benchmark).723

• The instructions should contain the exact command and environment needed to run to724

reproduce the results. See the NeurIPS code and data submission guidelines (https:725

//nips.cc/public/guides/CodeSubmissionPolicy) for more details.726

• The authors should provide instructions on data access and preparation, including how727

to access the raw data, preprocessed data, intermediate data, and generated data, etc.728

• The authors should provide scripts to reproduce all experimental results for the new729

proposed method and baselines. If only a subset of experiments are reproducible, they730

should state which ones are omitted from the script and why.731

• At submission time, to preserve anonymity, the authors should release anonymized732

versions (if applicable).733

• Providing as much information as possible in supplemental material (appended to the734

paper) is recommended, but including URLs to data and code is permitted.735

6. Experimental setting/details736

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-737

parameters, how they were chosen, type of optimizer, etc.) necessary to understand the738

results?739

Answer: [Yes]740

Justification: All details are discussed in the paper.741

Guidelines:742

• The answer NA means that the paper does not include experiments.743

• The experimental setting should be presented in the core of the paper to a level of detail744

that is necessary to appreciate the results and make sense of them.745

• The full details can be provided either with the code, in appendix, or as supplemental746

material.747

7. Experiment statistical significance748

Question: Does the paper report error bars suitably and correctly defined or other appropriate749

information about the statistical significance of the experiments?750

Answer: [No]751

Justification: The error bars are confirmed to be negligible. The mean performance across 3752

trials is reported for CIFAR results. Following convention used in prior works, only official753

checkpoint provided PyTorch is used for each ImageNet result.754

Guidelines:755

• The answer NA means that the paper does not include experiments.756

• The authors should answer "Yes" if the results are accompanied by error bars, confi-757

dence intervals, or statistical significance tests, at least for the experiments that support758

the main claims of the paper.759

• The factors of variability that the error bars are capturing should be clearly stated (for760

example, train/test split, initialization, random drawing of some parameter, or overall761

run with given experimental conditions).762

• The method for calculating the error bars should be explained (closed form formula,763

call to a library function, bootstrap, etc.)764

• The assumptions made should be given (e.g., Normally distributed errors).765
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• It should be clear whether the error bar is the standard deviation or the standard error766

of the mean.767

• It is OK to report 1-sigma error bars, but one should state it. The authors should768

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis769

of Normality of errors is not verified.770

• For asymmetric distributions, the authors should be careful not to show in tables or771

figures symmetric error bars that would yield results that are out of range (e.g. negative772

error rates).773

• If error bars are reported in tables or plots, The authors should explain in the text how774

they were calculated and reference the corresponding figures or tables in the text.775

8. Experiments compute resources776

Question: For each experiment, does the paper provide sufficient information on the com-777

puter resources (type of compute workers, memory, time of execution) needed to reproduce778

the experiments?779

Answer: [No]780

Justification: The experiments in this paper does not require any special compute resources.781

Guidelines:782

• The answer NA means that the paper does not include experiments.783

• The paper should indicate the type of compute workers CPU or GPU, internal cluster,784

or cloud provider, including relevant memory and storage.785

• The paper should provide the amount of compute required for each of the individual786

experimental runs as well as estimate the total compute.787

• The paper should disclose whether the full research project required more compute788

than the experiments reported in the paper (e.g., preliminary or failed experiments that789

didn’t make it into the paper).790

9. Code of ethics791

Question: Does the research conducted in the paper conform, in every respect, with the792

NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?793

Answer: [Yes]794

Justification: This research conforms with the NeurIPS Code of Ethics.795

Guidelines:796

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.797

• If the authors answer No, they should explain the special circumstances that require a798

deviation from the Code of Ethics.799

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-800

eration due to laws or regulations in their jurisdiction).801

10. Broader impacts802

Question: Does the paper discuss both potential positive societal impacts and negative803

societal impacts of the work performed?804

Answer: [Yes]805

Justification: The paper discusses the positive societal impact in Section 7, but there are no806

clear negative societal impacts.807

Guidelines:808

• The answer NA means that there is no societal impact of the work performed.809

• If the authors answer NA or No, they should explain why their work has no societal810

impact or why the paper does not address societal impact.811

• Examples of negative societal impacts include potential malicious or unintended uses812

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations813

(e.g., deployment of technologies that could make decisions that unfairly impact specific814

groups), privacy considerations, and security considerations.815
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• The conference expects that many papers will be foundational research and not tied816

to particular applications, let alone deployments. However, if there is a direct path to817

any negative applications, the authors should point it out. For example, it is legitimate818

to point out that an improvement in the quality of generative models could be used to819

generate deepfakes for disinformation. On the other hand, it is not needed to point out820

that a generic algorithm for optimizing neural networks could enable people to train821

models that generate Deepfakes faster.822

• The authors should consider possible harms that could arise when the technology is823

being used as intended and functioning correctly, harms that could arise when the824

technology is being used as intended but gives incorrect results, and harms following825

from (intentional or unintentional) misuse of the technology.826

• If there are negative societal impacts, the authors could also discuss possible mitigation827

strategies (e.g., gated release of models, providing defenses in addition to attacks,828

mechanisms for monitoring misuse, mechanisms to monitor how a system learns from829

feedback over time, improving the efficiency and accessibility of ML).830

11. Safeguards831

Question: Does the paper describe safeguards that have been put in place for responsible832

release of data or models that have a high risk for misuse (e.g., pretrained language models,833

image generators, or scraped datasets)?834

Answer: [NA]835

Justification: This paper poses no such risks.836

Guidelines:837

• The answer NA means that the paper poses no such risks.838

• Released models that have a high risk for misuse or dual-use should be released with839

necessary safeguards to allow for controlled use of the model, for example by requiring840

that users adhere to usage guidelines or restrictions to access the model or implementing841

safety filters.842

• Datasets that have been scraped from the Internet could pose safety risks. The authors843

should describe how they avoided releasing unsafe images.844

• We recognize that providing effective safeguards is challenging, and many papers do845

not require this, but we encourage authors to take this into account and make a best846

faith effort.847

12. Licenses for existing assets848

Question: Are the creators or original owners of assets (e.g., code, data, models), used in849

the paper, properly credited and are the license and terms of use explicitly mentioned and850

properly respected?851

Answer: [Yes]852

Justification: The original owners are properly credited along with terms of use.853

Guidelines:854

• The answer NA means that the paper does not use existing assets.855

• The authors should cite the original paper that produced the code package or dataset.856

• The authors should state which version of the asset is used and, if possible, include a857

URL.858

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.859

• For scraped data from a particular source (e.g., website), the copyright and terms of860

service of that source should be provided.861

• If assets are released, the license, copyright information, and terms of use in the862

package should be provided. For popular datasets, paperswithcode.com/datasets863

has curated licenses for some datasets. Their licensing guide can help determine the864

license of a dataset.865

• For existing datasets that are re-packaged, both the original license and the license of866

the derived asset (if it has changed) should be provided.867
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• If this information is not available online, the authors are encouraged to reach out to868

the asset’s creators.869

13. New assets870

Question: Are new assets introduced in the paper well documented and is the documentation871

provided alongside the assets?872

Answer: [Yes]873

Justification: New assets introduced in the paper have been well documented and provided.874

Guidelines:875

• The answer NA means that the paper does not release new assets.876

• Researchers should communicate the details of the dataset/code/model as part of their877

submissions via structured templates. This includes details about training, license,878

limitations, etc.879

• The paper should discuss whether and how consent was obtained from people whose880

asset is used.881

• At submission time, remember to anonymize your assets (if applicable). You can either882

create an anonymized URL or include an anonymized zip file.883

14. Crowdsourcing and research with human subjects884

Question: For crowdsourcing experiments and research with human subjects, does the paper885

include the full text of instructions given to participants and screenshots, if applicable, as886

well as details about compensation (if any)?887

Answer: [NA]888

Justification: The paper does not involve crowdsourcing nor research with human subjects.889

Guidelines:890

• The answer NA means that the paper does not involve crowdsourcing nor research with891

human subjects.892

• Including this information in the supplemental material is fine, but if the main contribu-893

tion of the paper involves human subjects, then as much detail as possible should be894

included in the main paper.895

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,896

or other labor should be paid at least the minimum wage in the country of the data897

collector.898

15. Institutional review board (IRB) approvals or equivalent for research with human899

subjects900

Question: Does the paper describe potential risks incurred by study participants, whether901

such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)902

approvals (or an equivalent approval/review based on the requirements of your country or903

institution) were obtained?904

Answer: [NA]905

Justification: The paper does not involve crowdsourcing nor research with human subjects.906

Guidelines:907

• The answer NA means that the paper does not involve crowdsourcing nor research with908

human subjects.909

• Depending on the country in which research is conducted, IRB approval (or equivalent)910

may be required for any human subjects research. If you obtained IRB approval, you911

should clearly state this in the paper.912

• We recognize that the procedures for this may vary significantly between institutions913

and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the914

guidelines for their institution.915

• For initial submissions, do not include any information that would break anonymity (if916

applicable), such as the institution conducting the review.917

16. Declaration of LLM usage918
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Question: Does the paper describe the usage of LLMs if it is an important, original, or919

non-standard component of the core methods in this research? Note that if the LLM is used920

only for writing, editing, or formatting purposes and does not impact the core methodology,921

scientific rigorousness, or originality of the research, declaration is not required.922

Answer: [No]923

Justification: LLM usage is not important component of the core methods in this research.924

Guidelines:925

• The answer NA means that the core method development in this research does not926

involve LLMs as any important, original, or non-standard components.927

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)928

for what should or should not be described.929
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