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Abstract

Out-of-distribution (OOD) detection, which determines
whether a given sample is part of the in-distribution (ID),
has recently shown promising results through training with
synthetic OOD datasets. Nonetheless, existing methods of-
ten produce outliers that are considerably distant from the
ID, showing limited efficacy for capturing subtle distinctions
between ID and OOD. To address these issues, we propose
a novel framework, Semantic Outlier generation via Nui-
sance Awareness (SONA), which notably produces chal-
lenging outliers by directly leveraging pixel-space ID sam-
ples through diffusion models. Our approach incorporates
SONA guidance, providing separate control over semantic
and nuisance regions of ID samples. Thereby, the generated
outliers achieve two crucial properties: (i) they present ex-
plicit semantic-discrepant information, while (ii) maintain-
ing various levels of nuisance resemblance with ID. Further-
more, the improved OOD detector training with SONA out-
liers facilitates learning with a focus on semantic distinctions.
Extensive experiments demonstrate the effectiveness of our
framework, achieving an impressive AUROC of 88% on near-
OOD datasets, which surpasses the performance of baseline
methods by a significant margin of approximately 6%.

1 Introduction

Out-of-distribution (OOD) detection is a fundamental ma-
chine learning task which aims to detect whether a given
sample is drawn from the in-distribution (ID) or not. Among
a number of OOD detection methods (Lee et al. 2018; Liu
et al. 2018; Bevandic et al. 2018; Malinin and Gales 2018;
Hendrycks and Gimpel 2017), one promising approach is
to learn a detector using auxiliary OOD samples, as pio-
neered by Outlier Exposure (OE; Hendrycks, Mazeika, and
Dietterich 2019). This makes learning relatively easier since
such outliers can provide practical heuristics for OOD detec-
tion. Although this approach has achieved outstanding per-
formance in the recent literature (Ravikumar et al. 2020; S.
et al. 2020; Yang et al. 2021; Jinyu and Fan 2022; Zhang
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Figure 1: OOD examples with Grad-CAM highlighting
crucial regions for OOD detection. DreamOOD, a recent
baseline, succeed in far-OOD detection, yet near-OOD cases
pose challenge as crucial semantic region become more fo-
cused. SONA, however, allows the detector to capture these
subtle semantic distinctions.

et al. 2023a), they suffers from the outlier acquisition prob-
lem since determining whether a sample qualifies as an out-
lier is difficult.

To mitigate the issue, recent research has explored syn-
thesizing outliers to help the model to learn a precise de-
cision boundary between ID and OOD. For example, VOS
(Du et al. 2022) synthesizes outliers from the low-likelihood
region within a latent space under a distributional assump-
tion (e.g., Gaussian) regarding the ID latent variables. How-
ever, this assumption is often inadequate, leading to a fail-
ure in capturing the informative features for OOD detec-
tion, such as class-specific object details (Bai et al. 2024).
Another recently emerging direction is to synthesize out-
liers within the pixel-space via diffusion models (Mirzaei
et al. 2022; Du et al. 2024), which provides not only high-
resolution samples but also visual interpretability. However,
the existing works often suffers from volatility in the OOD
detection performance as the quality of outliers heavily re-
lies on generation targets (e.g., OOD prompts in DreamOOD
(Du et al. 2024) or blurry images in Fakeit (Mirzaei et al.
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Figure 2: Performance comparison of Near- vs Far-OOD
detection with auxiliary outliers. Only OE utilizes real out-
liers; the rest methods use synthetic. Outliers for the junco
bird species (ID) are shown on the left.
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2022)). In particular, DreamOOQOD intensifies this volatility
by entirely depending on OOD (label/text) prompts since it
starts from random noises without pixel-space information
in ID images. Consequently, these approaches generate less
challenging outliers and exhibit limited efficacy in capturing
subtle semantic distinctions (see Figure 1). This inadequacy
is evident in the significant performance drop on Near-OOD
detection, as illustrated in Figure 2.

The key observation underlying this performance drop is
that the detectors tend to overlook semantic distinctions re-
quired for a wide range of OOD detection scenarios, near-
to-far, as shown in Figure 1. For instance, while a gazelle
image is easily distinguishable from a bird, existing models
are often confused with a leopard image due to their simi-
lar background, grassland. This challenge intensifies when
considering a deer, which shares a body structure with a
gazelle, making the delicate feature detection like the antlers
even more difficult. As highlighted by Wiles et al. (2022),
such semantics variations are crucial and commonly exist in
datasets inspired by real-world scenarios. Hence, it is neces-
sary to account for the various semantic and nuisance levels
in pixel-space ID samples, which retain the most compre-
hensive information.

Contribution. In this paper, we introduce a novel frame-
work, Semantic Outlier Generation via Nuisance Aware-
ness (SONA), that notably produces challenging outliers by
directly leveraging pixel-space ID samples through diffusion
models. In particular, we propose SONA guidance, accom-
plishing two crucial properties for effective outliers: (i) pre-
senting explicit semantic-discrepant information, while (ii)
maintaining nuisance resemblance with ID.

Concretely, we first construct the underlying framework
of input deformation that decides the extent of original in-
put manipulation and drives it towards the desired direction
(Section 3.2). To enhance the differentiated impact on se-
mantic and nuisance region, we present a novel approach for
identifying non-overlapping regions for each sample (Sec-
tion 3.3). Following this, our simple yet effective method,
SONA guidance, induces discrete directions and degrees of
transformation in each region (Section 3.4). Lastly, we in-
troduce an OOD detector training loss designed to enhance
the SONA outliers utilization (Section 3.5)

Through extensive experiments, we demonstrate the ef-
fectiveness of the SONA framework not only on widely
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used far-OOD, but also on the more challenging near-OOD
scenarios. Given ImageNet as the ID dataset, the SONA
framework outperforms the prior outlier synthesis baselines.
Moreover, our method remains competitive, avoiding the se-
vere variations seen in existing works that heavily depend on
specific generation targets.

Our contributions are summarized as follows:

* We propose SONA, an novel outlier generation frame-
work that enhances OOD detectors to capture a wide
range of OOD samples, with a particular focus on Near-
OOD settings.

Our SONA guidance induces fine-grained control over
semantic and nuisance regions on pixel-space ID sam-
ples using diffusion models. This approach enables
to produce effective outliers that closely resemble the
ID in terms of nuisance while incorporating semantic-
discrepant information.

SONA successfully empowers the detector to capture
the subtle semantic discrepancies by showing impressive
AUROC of 88.5% on Near-OOD tasks (Table 1).

2 Preliminaries

Out-of-Distribution Detection. The task of OOD detec-
tion aims to identify whether a given input x is drawn from
the training distribution or not. Let D1p = {x("), y(V} be a
training distribution over X x ), where X denotes the input
space and Y = {1,...,C} denotes the label space with C
classes.

A feature encoder f : X — Z is trained on this distribu-
tion to map inputs to a feature space Z. Subsequently, a clas-
sifier g : Z — ) is trained to predict the class labels. The
trained feature encoder and classifier are then used to de-
velop a scalar function Sy, : X — R, which provides a con-
fidence score to determine if an input x is within the training
distribution (i.e., Sy 4(x) < k) or not (i.e.,, Sy 4(x) > k),
where « is a predefined hyperparameter.

Conditional Diffusion Models (CDMs). CDMs have re-
cently shown promising advances in image generation by
incorporating specific conditions c (e.g., class labels or text
prompts) into diffusion process. In particular, Classifier-free
Diffusion Guidance (CFG; Ho and Salimans 2022) repre-
sents a simple yet effective approach of CDM, eliminating
the need for a separate classifier. During CFG training, they
randomly drop the condition with an unconditional proba-
bility, optimizing the reverse process parameter 6 with the
following objective:

L(0) = E(xy,0)~D,tntd{1,....T},e~N(0,1) [llée(XuC) — €3

In the sampling phase, the noise prediction ég(x;, ¢) can be
expressed as:

€o(x1,¢) = €a(xt) + 5+ (€9(xs,€) — €9(x1))
= ea(x¢) + 5 ¥(x¢, ), (H

where s is the guidance scale and ¢ (x;, ¢) denotes the dif-
ference between conditional and unconditional predictions.
While previous outlier generation methods utilized Stable
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Figure 3: Overview of SONA framework. The process begins with z, a noisy latent variable with a randomly chosen T, un-
dergoes denoising by SONA guidance. This guidance strategically introduces semantic discrepancies while maintaining varying
degrees of nuisance resemblance across all 7'. The resulting xoop are used to train the classifier with their source x, focusing

on discerning semantic differences.

Diffusion (Rombach et al. 2022) for its strong performance
in generating high-quality images, these methods face chal-
lenges due to performance variations caused by the high sen-
sitivity to the conditions chosen from the CLIP text encoder
(Radford et al. 2021b), highlighting the need to address this
issue.

3 Method

We introduce Semantic Outlier generation via Nuisance
Awareness (SONA), a novel and effective outlier synthesiz-
ing framework covering Near-to-Far OOD detection scenar-
i0s. Our key idea is to directly incorporate full pixel-space
ID images into CDM by specifying semantic and nuisance
regions. This enables our framework to generate semantic-
discrepant outliers with resembling the nuisance of ID sam-
ples, which has superiority over prior synthetic outlier-based
training methods, especially in Near-OOD detection tasks.

3.1 Overview

Our framework begins by introducing the underlying struc-
ture of input deformation and guides it to a new desired
direction (Section 3.2). Following this, we specify seman-
tic and nuisance non-overlapping regions for each sam-
ple (Section 3.3). Based on these regions, we propose our
new region-specific guidance, SONA Guidance, denoted by
Asona (Section 3.4). Agona allows a diffusion model to de-
form the original semantic more intensively while remain-
ing the nuisances. The modified noise prediction with our
SONA guidance can be expressed as follows:

€9(zt, Cip, COOD) = Ee(Zt) +s- ASONA(Zt7 Cip, COOD)7 )

where c1p and cqop are conditions obtained by ID and OOD
labels, respectively, and the latter can be sampled from a
broad range of text conditions that does not include in ID.
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Lastly, the advanced OOD detector training method with
SONA outliers is explained on (Section 3.5). The compre-
hensive overview of our framework is illustrated in Figure 3.

3.2 Input Deformation for Outlier Synthesis

We here describe our underlying framework for input defor-
mation that transforms the original ID sample x € D1y into
an outlier. After encoding x into its latent representation z,
the deformation process starts by performing an incomplete
diffusion process from the clean latent zy to a noisy latent
z7 where T' ~ U(1,T) is an early stop timestep. By stop-
ping the process earlier, we obtain the noisy latent z7 with
more corruption effects in the semantically important areas.
This is because Gaussian noise exhibits a uniform spectral
density, which makes semantic components more suscepti-
ble to perturbations than nuisance (Leach, M., and G 2022;
Y. et al. 2023; Wang Haohan 2020). Hereby, denoising from
the obtained z; with the new conditional guidance is sup-
posed to lead to more deformation effect on the semantic
rather than nuisance.

Nevertheless, these denoised samples are not sufﬁciently
qualified as outliers, due to their limited property of varying
T. Stopping too early T fails to initiate semantic changes,
leaving the sample almost identical to the ID and potentially
confusing the OOD detector. Conversely, a large T leads to
abrupt changes in both semantic and nuisance, resulting in
overly distant outliers. We solve this sensitivity issue and
improve the quality of the transformation by specifying se-
mantic and nuisance region (Section 3.3) and proposing an
effective guidance term Agona (Section 3.4).



3.3 Semantic and Nuisance Region Masking

Our key strategy is to robustly control the changes in both
semantic and nuisance information for any 7'. For this, we
identify two non-overlapping regions, the semantic region
My and the nuisance region My. We accomplish this by
utilizing 1, defined as the difference between the condi-
tional and unconditional noise estimates, i.e., 1(z;,¢) =
€o(zt,c) — €g(2t).

The semantic region Mg represents the area that cap-
tures the unique semantic information of the given context
c, which is not shared by other contexts. It corresponds to
the portion where the absolute difference between the condi-
tional and unconditional noise estimates is large. As proven
in prior work (Brack et al. 2024), the top 1-5% of || val-
ues effectively capture semantic information. Therefore, Mg
can be defined by the percentile threshold 7, representing
the A-th percentile of |)].

The nuisance region My is a less relevant portion to the
context c, as indicated by the lowest absolute differences.
Since My contains more generic and redundant information
commonly shared with other random contexts, it should be
given less importance during the OOD detection process.
We determine M)y using the lowest 1-5% as well, without
employing an additional nuisance threshold hyperparame-
ter. Formally, the semantic and nuisance region masks can
be written as follows:

1 iflw(ztac)‘ 2 X,
M =
s(z1, ¢) {O otherwise,
Ui e, o)l < ©
1 Zy, C ,'717)\7
M =
n(zt,c) {O otherwise.

3.4 SONA Guidance

In this section, we introduce SONA guidance, a novel ap-
proach that enables fine-grained control on each seman-
tic and nuisance region for outlier generation. Our method
draws inspiration from recent advances in image editing,
which aims to completely replace target semantics. How-
ever, as they are not inherently designed for OOD detection,
their application has shown limited impact in this context
(see Appendix). We propose a developed approach adequate
for outlier generation, allowing precise control over both
Mg and My to prioritize semantic differences. The SONA
guidance term, Aggya, i composed of three components as
follows, each of which is described in the following para-
graphs:

Asona := Arp + Ay + Agop. 4

Removal of ID semantic information. During the de-
noising process, Arp removes the ID semantic, c1p, target-
ing on M. For this, we change the direction of semantic en-
hancement in the opposite way as written below. Figure 4 (c)
shows that M retains a substantial amount of ¢y semantics
during the initial stages of the denoising process, but by the
end of the process, most of the semantic information gradu-
ally disappears. This approach effectively mitigates the issue
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Figure 4: Illustration of the denoising process with SONA
guidance. (a) The diffusion process of an ID image with
the original label barn up to 7' = 35. (b) The denoising
process from timestep 7' = 35 to 0 with SONA guidance
using the OOD label airliner. (c), (d) and (e) show the ID
semantic, ID nuisance, and OOD semantic region mask, re-
spectively, at A = 0.2. (f) The final OOD semantic region
mask obtained by filtering out the intersecting areas between
Ms(z¢, coop) and My(z¢, C1p).

of the original image being restored when the stop timestep
T is chosen too early.

AID(Zt;CID) = _MS<ZtaCID) @¢<Zt,CID)- ()

Preservation of ID nuisance information. To encourage
the detector to focus on changes within the semantic regions,
Ay is designed to retain a relative amount of nuisance in-
formation (Figure 4 (d)). By guiding My in the direction
of 9(z,crp) as written below, we can maintain varying
degrees of nuisance information, depending on T'. There-
fore, our method gains more advantage over semantic edit-
ing methodologies that aim for explicit nuisance preserva-
tion, as our method generates a diverse set of outliers with
different levels of nuisance retention.

AN(zt7CID) = MN(Zt7 CID) © w(Zt, CID)- (6)

Addition of OOD semantic information. A, serves as
another component that induces semantic-discrepant outlier
generation by corrupting with new semantic of coop. How-
ever, as shown in Figure 4 (e), Ms(z:, coop) slightly extends
beyond the original semantic region. To improve the preser-
vation of nuisance and induce the corruption on the semantic
region, we further filter out the intersecting parts between
ood semantic region Mg (%, Coop) and the nuisance region
My(z¢, crp) (Figure 4 (). By intentionally rectifying the
areas where 1(z¢, coop ) has an effect, we ensure that the in-
fluence of nuisance attributes remains significant even when

T chosen as later timestep.

Aoop (Ztv Cip, COOD)

7
= MS(Zt7COOD) O] (1 - MN(ZtchD)) © w(ztv COOD)~ ™



Finally, we obtain the outliers by denoising z,; for every
timestep t = T,...,1 with our SONA guidance. To gen-
erate the pixel-space outlier image Xoop, We pass the de-
noised latent representation z through the decoder of the
diffusion model. A detailed pseudo-code implementation of
our framework can be found in the Appendix.

3.5 OOD Detection with SONA Outliers

The generated SONA outliers are used to preciously regu-
larize the classifier, with a focus on semantic aspects. Given
(x,y) € Drp and Xoop € Doop, Our training objective with
SONA is formulated as:

L =Ex Dy, [Lee(9(f(%)),y)]
+ BEx0s~Dooo [Lo(9(f (Xo0n)))]
+ Ly (f(x), f(Xo0p)) (®)

In the above objective, Lz is a cross-entropy loss that com-
pels ID samples to discriminate classes using labels y. Loz
encourages the separation of SONA outliers from ID by in-
ducing their predictions to a uniform distribution, which can
be expressed as — & 25:1 softmax.(f(xoop)). Moreover,
we introduce an additional loss term, £y, which minimizes
the mutual information between SONA outliers and their
source ID samples. This is achieved through the Kullback-
Leibler divergence between the joint distribution and the
product of marginal distributions:

Ly = MI(f(x); f(Xo0a))

= KL (P(f (%), f (x00a) ) | P(f (%)) P(f (X00a))) (9)
Specifically, we implement this by minimizing the Con-
trastive Log-ratio Upper Bound (CLUB; Cheng et al. 2020)
at the feature extraction layer, where nuisances are signifi-
cantly reduced. This enables the classifier to directly com-
pare and learn the semantic differences between ID samples
and their corresponding SONA outliers.

During the test phase, we utilize the energy score (Liu
et al. 2020), which effectively addresses overconfidence is-
sues in OOD detection by assigning lower energy values to
ID samples and higher energy values to OOD samples.

4 Experiments

In this section, we evaluate the OOD detection performance
of our SONA framework. We first describe our experimen-
tal setups (Section 4.1), then showcase novel outlier ex-
amples and impressive main results (Section 4.2). Finally,
we present various analyses proving the robustness of our
framework (Section 4.3).

4.1 Experimental Setup

Datasets. We mainly evaluate our framework on
ImageNet-200 (Zhang et al. 2023b) as ID, a subset of
200 categories from ImageNet-1k (Deng et al. 2009). Our
evaluation covers both far-OOD and challenging near-OOD
scenarios. For far-OOD detection, we employ widely-used
datasets such as iNaturalist, Texture, and OpenImage-O.
For near-OOD detection and SSB-hard and NINCO for
near-OOD detection., which have no class overlap but show
close semantic similarity with ImageNet-1K.
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Figure 5: Comparison of original and synthesized outlier
images. SONA resemble ID mainly in nuisances and clearly
represent semantically discrepant information, while others
significantly deviate from the ID.

Implementation details. Our implementation is based on
Stable Diffusion v2-base model !, with sampling hyperpa-
rameters consistent with (Brack et al. 2024). For selecting
Coop, We utilize labels from the remaining 800 classes of
ImageNet-1k (disjoint classes from ImageNet-200) for the
main table. The number of generated samples is equal to the
number of entries in the ID training dataset. For the OOD
detector training, we employ ResNet-18 (He et al. 2016) as
the network architecture. Additional implementation details
can be found in the Appendix.

Evaluation metric. We primarily assess our method
through the Area Under the Receiver Operating Character-
istic Curve (AUROC) and accuracy on ID data. To ensure
reliability, all reported results are averaged across 5 random
seeds for both outlier generation and detector training.

4.2 Main Results

Table 1 presents a comprehensive comparison of OOD de-
tection performance on ImageNet-200, highlighting the su-
periority of our framework. Our proposed method consis-
tently outperforms in both near and far-OOD scenarios, af-
firming its effectiveness. It surpasses all benchmarks in the
near-OOD setting, achieves top results in two out of three
far-OOD datasets, and attains the second-best performance
in the remaining one. Remarkably, our method achieves a
state-of-the-art (SOTA) AUROC of 88.4% on near-OOD de-
tection, showing exceptional performance in this challeng-
ing scenario. This score represents a notable improvement,
outperforming other synthesis-based methods by 6%. Fur-
thermore, while other baseline methods experience a sharp
decline of 10% in near-OOD compared to far-OOD, our ap-
proach significantly reduces this performance gap. Another
noteworthy point is we even surpass real-world outlier based
methods, without requiring any additional datasets. This in-
dicates that our methodology is also cost-effectively feasible
for real-world applications. Another superior performance
of SONA across a broader range of settings, including full-

ISee https://huggingface.co/stabilityai/stable-diffusion-2-base
for more details



AUROC

Method Near-OOD Far-OOD ID ACC
SSB-hard NINCO Avg iNaturalist Texture ~ Openlmage-O Avg

Post-hoc
OpenMax 77.53 83.01 80.27 92.32 90.21 88.07 90.20 86.37
MSP 80.38 86.29 83.34 92.80 88.36 89.24 90.13 86.37
ODIN 77.19 83.34 80.27 94.37 90.65 90.11 91.71 86.37
EBO 79.83 86.17 82.50 92.55 90.79 89.23 90.86 86.37
OpenGAN 55.08 69.49 59.79 75.32 70.58 73.54 73.15 86.37
ReAct 78.97 84.76 81.87 93.65 92.86 90.40 92.31 86.37
KNN 77.03 86.10 81.57 93.99 95.29 90.19 93.16 86.37
DICE 79.06 84.49 81.78 91.81 91.53 89.06 90.80 86.37
Training w/ Real-World Outlier
OE 82.34 87.35 84.84 90.30 87.76 89.01 89.02 85.82
MCD 81.51 85.74 83.62 90.83 86.87 89.12 88.94 86.12
UDG 70.73 77.88 74.30 85.95 81.79 78.54 82.09 68.11
MixOE 80.23 85.01 82.62 90.64 86.80 87.36 88.27 85.71
Training w/ Synthesized Outlier
VOS 79.68 85.35 82.51 92.77 90.95 89.28 91.00 86.23
CIDER 76.04 85.13 80.58 90.69 92.38 88.92 90.66 -
NPOS 74.29 84.50 79.40 94.81 96.97 91.69 94.49 -
DreamOOD 75.89 85.36 80.62 92.58 92.64 91.65 92.29 85.79

SONA (Ours) | 87.01+£0.12 89.761+-0.24 88.38+0.18 | 95.93+0.17 95.41+£0.19 96.28+0.24 95.87+0.20 | 86.64+0.25

Table 1: AUROC (%) comparison of various OOD detection methods on ImageNet-200 as the ID dataset. This table presents
the mean and standard deviations, averaged over five trials for each method.

spectrum (e.g., covariate-shifted ID) and fine-grained bench-
marks, can be found in the Appendix.

We further compare our generated images visually with
another diffusion-based outlier synthesis method, Dream-
OOD, as well as with real-world samples from ImageNet-
800, which also share similar representations with the ID. As
shown in Figure 5, Dream-OOD and ImageNet-800 display
distinct information from the ID in terms of both seman-
tics and nuisances. On the other hand, our generated sam-
ples closely resemble the ID primarily in nuisances, while
at the same time, they successfully exhibit clear semantic
discrepancies. Therefore, SONA effectively assists detectors
in capturing even slight semantic differences with OOD by
providing an intuitive understanding of the visual character-
istics of images.

4.3 Analysis

SONA remains competitive regardless of 7. SONA
guidance effectively mitigates the sensitivity of 7', as shown
in Figure 6. Global guidance, which uniformly applies guid-
ance to entire regions, shows performance variations de-
pending on the 7', with the best results at a fixed 7' = 25. In
contrast, SONA guidance demonstrates robust results across
both early and later T" values, achieving the best score when
randomly choosing T ~ U(1,50) for each sample, exhibit-
ing an ensemble effect. In addition, we evaluate the simi-
larity between the ID and SONA samples at each timestep
using the LPIPS (Zhang et al. 2018b) score. As timesteps in-
crease, the global guidance’s LPIPS score continues to rise,
indicating growing dissimilarity. In contrast, SONA demon-
strates minimal LPIPS score variations, effectively starting
to remove original semantics in early T and preserving nui-
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OOD prompt AUROC (%)
Near-OOD  Far-OOD
LAION 87.33 94.65
ImageNet-800 - close 88.38 94.60
ImageNet-800 - far 87.31 94.47
ImageNet-800 - rand (Ours) 88.38 95.87

Table 2: Comparison of SONA with different OOD prompt
selection.

sances until in later 7. This property eliminates the need
for meticulous 7' tuning, reducing the dependency on T'
and making our approach more robust compared to methods
heavily relying on optimal hyperparameters.

SONA remains competitive regardless of coop. SONA
presents remarkable consistent results across different coop
selection methods (Table 2), while DreamOOD is highly
sensitive to the selection of OOD prompts. This robustness
is due to SONA’s unique approach of using ID images di-
rectly, unlike general diffusion methods starting from ran-
dom noise. By leveraging intrinsic ID characteristics, SONA
effectively captures subtle variations crucial for Near-OOD
detection.

Ablation of the components in Aggns. The abla-
tion study in Table 3 reveals the progressive impact of
SONA’s components. Ajp excludes ID semantics from early
timesteps, showing slight performance improvement. Agop
with nuisance filtering facilitates semantic corruption, how-
ever, the absence of filtering results in performance decline,
especially for Near-OOD settings. The full Agona balances
both semantic corruption and nuisance remaining, resulting
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Asona cOmponents. AUROC (%)
Aoop Aoop
A (w. N filtering) (w/o. N filtering) Ax Near-OOD Far-OOD
Global guidance 82.85 91.19
v 83.74 93.42
v v 84.56 94.21
v v 82.57 93.89
v v v 88.38 95.87

Table 3: Ablation study on Agoya components.

Loss function AUROC (%)
Near-OOD  Far-OOD
Lcx 82.5 90.86
Lecg + Lok 87.19 94.52
Lece + Lo + Lur 88.38 95.87

Table 4: Ablation study on £ components.
in consistent and precise outlier generation.

Ablation of the components in £ We conducted an abla-
tion study to examine the impact of loss function combina-
tions (Table 4). The exposure of SONA outliers to the classi-
fier through Lz + Loz demonstrated significant performance
improvements across near-to-far scenarios compared to Lz,
strongly validating our approach. Furthermore, the addition
of Ly further enhanced the classifier learning, reinforcing
the robustness of our method.

Ablation on the hyperparameters of SONA guidance.
To investigate the impact of our SONA guidance, we con-
duct an ablation study of the region masking threshold A
and the guidance scale s (Figure 7). We evaluate across
a range of values for A € {0.1,0.15,0.2,0.25} and s €
{5,10, 15,20}. The results demonstrate that our framework
is robust and not sensitive to variations in both hyperparam-
eters, with only minor fluctuations in the AUROC scores.
This robustness makes SONA more practical and reliable
for real-world applications.

5 Related Work
5.1 OOD Detection with Auxiliary Outliers

Recent strategies aim to construct robust OOD detectors by
regularizing the classifier with real-world outliers in train-
ing OE (Hendrycks, Mazeika, and Dietterich 2019). (Yu and

B Near-OOD Far-OOD

94.34 9437 9445 94.1 93.98 9434 94.22 94.1

8705 | 8715 | 8719  g701 8702 | 8719 | 8715 | 87.16

AUROC (%)

0.1 0.15 0.2 0.25 5 10 15 20
Threshold Guidance Scale

@) (b)

Figure 7: (a) Ablation study on region masking threshold A
on ImageNet200 (ID) (b) Ablation study of SONA guidance
scale s.

Aizawa 2019) trains two randomly initialized classifiers and
minimizes their discrepancy on the outlier. (Yang et al. 2021)
collects semantically coherent outliers through clustering.
(Zhang et al. 2023a) synthesize fine-grained outlier by ap-
plying mixup (Zhang et al. 2018a). However, these meth-
ods require explicit outlier gathering, which may be costly.
An alternative approach is to synthesize outliers on pixel
or latent space. (Du et al. 2022) approximates the ID la-
tent distribution as a mixture of class-conditional Gaussians
and sample outliers deviating from this mixture. (Tao et al.
2023) identifies boundary ID samples in the CLIP (Radford
et al. 2021a) space and regards distant features as outliers.
(Mirzaei et al. 2022) obtain outliers by early stopping diffu-
sion model scratch training. (Du et al. 2024) generates pixel-
space outliers using diffusion models with CLIP space dis-
tance information.

5.2 Semantic Guidance for Diffusion Model

Text-guided diffusion models allow for controlling semantic
content through textual prompts. One approach to enhanc-
ing fine-grained controllability is inpainting (Nichol et al.
2021; Couairon et al. 2022), which uses pre-defined or learn-
able masks to modify the semantic regions of an image. An-
other line of research has focused on developing more se-
mantically grounded approaches, leveraging the semantics
encoded in the cross-attention maps (Hertz et al. 2022) of
the diffusion model or directly manipulating noise estimates
(Brack et al. 2024). Instead of using semantic control for
image editing, we aim to leverage it for outlier generation,
intentionally inducing imperfect semantic control to produce
outlier samples that slightly deviate from the original mean-
ing.

6 Conclusion

In this paper, we introduce Semantic Outlier generation via
Nuisance Awareness (SONA), a novel and effective outlier
synthesizing framework for OOD detection. Our key idea is
to leverage the informative pixel-space ID images for out-
lier generation by directly incorporating them into diffusion
models. To this end, we propose SONA guidance that en-
ables the generation of diverse outliers that closely resem-
ble the ID in nuisance regions while representing semanti-
cally distinct information. By training OOD detectors with
SONA samples, we successfully capture subtle distinctions
between ID and OOD, leading to improved OOD detection
performance.
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