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Abstract

Recent advancements have explored text-to-image diffusion models for synthesiz-
ing out-of-distribution (OOD) samples, substantially enhancing the performance of
OOD detection. However, existing approaches typically rely on perturbing text-
conditioned embeddings, resulting in semantic instability and insufficient shift
diversity, which limit generalization to realistic OOD. To address these challenges,
we propose GOOD, a novel and flexible framework that directly guides diffusion
sampling trajectories towards OOD regions using off-the-shelf in-distribution (ID)
classifiers. GOOD incorporates dual-level guidance: (1) Image-level guidance
based on the gradient of log partition to reduce input likelihood, drives samples
toward low-density regions in pixel space. (2) Feature-level guidance, derived from
k-NN distance in the classifier’s latent space, promotes sampling in feature-sparse
regions. Hence, this dual-guidance design enables more controllable and diverse
OOD sample generation. Additionally, we introduce a unified OOD score that
adaptively combines image and feature discrepancies, enhancing detection robust-
ness. We perform thorough quantitative and qualitative analyses to evaluate the
effectiveness of GOOD, demonstrating that training with samples generated by
GOOD can notably enhance OOD detection performance.

1 Introduction

Out-of-distribution (OOD) detection is crucial for safely deploying machine learning systems, as
neural networks often produce overly confident predictions when encountering distributional shifts
[50, 69, 2, 1]. One promising approach to address this issue is Outlier Exposure (OE), which
introduces auxiliary outlier datasets during training to help models learn more robust decision
boundaries around in-distribution (ID) data [26, 33, 46, 48, 70]. Despite their effectiveness, OE
methods depend heavily on manually selected outlier data, limiting their scalability and generalization.

Recent studies [36, 48, 7] have explored generative models as scalable alternatives to manually curated
outlier datasets, with text-to-image diffusion models gaining attention for their ability to generate
high-quality images. Typically, these methods follow a two-stage approach, first mapping ID samples
into a latent space aligned with the text-conditional space of diffusion models, and then perturbing
these embeddings to generate OOD samples [15, 13, 44]. However, this embedding process not
only incurs high computational cost but also suffers from two fundamental limitations. First, as
shown in Figure 1(a), small perturbations in the embedding space can result in disproportionate and
unpredictable shifts in the image space through diffusion process. This misalignment hinders semantic
control, often generating samples that either deviate significantly from the target class or remain
indistinguishable from ID examples. Second, as illustrated in Figure 1(b), they primarily introduce
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Figure 1: Limitations of text-conditioned OOD generation (e.g., Dream-OOD [15]). Left: Misalign-
ment — Latent perturbations produce samples that either deviate from target semantics or resemble
ID images. Right: Limited Diversity — Perturbing only semantic embeddings yields low coverage
of broader distributional shifts, such as covariate or domain shift.

variation by shifting semantic embeddings, while neglecting other critical forms of distributional shift
such as covariate and domain shifts [69, 6]. As a result, it becomes challenging to reliably generate
diverse and informative OOD samples, which are essential for learning robust detectors.

To address these limitations, we aim to directly guide diffusion sampling in pixel space toward
meaningful OOD regions instead of perturbing latent embeddings. Specifically, we leverage the ID
classifier to provide distributional signals without additional training, inspired by the Training-Free
Guidance (TFG) framework [71]. Unlike previous approaches that use differentiable functions
primarily to ensure semantic or stylistic alignment [22, 56, 8, 4, 73], our goal is fundamentally
different—to explicitly generate informative and diverse OOD samples to train a robust detector.

In this context, we propose GOOD, a framework for synthesizing OOD samples by explicitly guiding
the denoising trajectory of diffusion models with ID classifier. GOOD introduces two guidance
functions—image-level and feature-level—derived from differentiable OOD sores of any off-the-shelf
classifier. The image-level guidance uses free energy to push samples toward low-likelihood regions
in pixel space, while the feature-level guidance leverages k-nearest neighbor distances in the feature
space to promote sampling in feature-sparse areas. Together, these signals enable the generation
of diverse and informative OOD samples that are clearly separated from the ID distribution. We
also analyze the diffusion process and show that proper initialization and step-size control are key
to effective boundary sampling. These samples are then used in an OE setting to enhance classifier
robustness. Additionally, we introduce a unified OOD score combining pixel-level likelihood and
feature-space distance, which improves detection across various OOD scenarios.

We conduct extensive experiments on multiple benchmarks, including Imagenet, CIFAR-100, CIFAR-
10, to evaluate the effectiveness of GOOD. Results show that incorporating GOOD-generated samples
into OE training significantly improves detection performance, outperforming existing post-hoc and
synthesized outlier-based methods. Our contributions are summarized as follows:

• We propose GOOD, a flexible framework that guides diffusion sampling toward OOD regions
using off-the-shelf classifiers. The synthesized outliers effectively encourage classifiers to
establish conservative and robust decision boundary for improved OOD detection.

• Additionally, we propose an unified OOD Score, which integrates pixel-level and feature-
level discrepancies, providing a more comprehensive measure for OOD detection.

• Extensive experiments across benchmark datasets showing that GOOD outperforms previous
OOD generation and OE methods in terms of detection accuracy.

2 Preliminaries and Related Works

We consider a training set D = {(xi, yi)}ni=1, drawn i.i.d. from a joint distribution PXY , where
xi ∈ X and yi ∈ Y = {1, . . . , C}. Let Pin be the marginal input distribution, representing the
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Figure 2: Overview of the GOOD framework. (a) Guided by feature- and image-level signals, GOOD
samples synthetic outliers near the decision boundary. (b) These outliers are used in Outlier Exposure
training to separate ID and OOD samples via a regularization loss. (c) At test time, OOD is detected
using a unified score that combines feature distance and image likelihood.

in-distribution (ID). We define a multi-class classifier fϕ : X 7→ RC , parameterized by ϕ, which
predicts the label of each input sample.

Out-of-distribution Detection. In real-world applications, a reliable classifier must not only make
accurate predictions on in-distribution (ID) data, but also identify out-of-distribution (OOD) inputs
that differ significantly from the training distribution. Such shifts may stem from changes in domain,
covariates, or semantics [69, 6], rendering OOD samples incompatible with the label space Y . To
separate ID from OOD samples, an OOD score function Good(x) : X 7→ R is used, where ID
samples receive lower scores and OOD samples higher ones. This score is typically based on model
confidence [25], likelihood estimates [46, 59], or distance-based metrics [61, 38].

Generative Diffusion Model. Diffusion models generate data by reversing a forward noising process.
Given a sample x0 ∼ p0(x), the forward (diffusion) process gradually corrupts x0 into a noisy sample
xt over discrete time steps t ∈ [T ]: xt =

√
ᾱtx0+

√
1− ᾱtϵ, ϵ ∼ N (0, I), where {ᾱt}Tt=1 defines

the noise schedule. The denoising model ϵθ(xt, t) , parameterized by θ, is trained to predict the added
noise ϵ. This yields the standard noise prediction objective for training proposed in [27].

For sampling, we begin with xT ∼ N(0, I) and iteratively sample xt−1 ∼ pt−1|t(xt−1|xt). Since
this conditional probability is not directly computable, DDIM [55] approximates xt−1 as:

xt−1 =
√
αt−1x0|t +

√
1− αt−1 − σ2

t

xt−
√
αtx0|t√

1−αt
+ σtϵ, x0|t = m(xt) ≜

xt−
√
1−αtϵθ(xt,t)√

αt
, (1)

where σt controls the stochasticity of the sampling process, and x0|t is the model’s estimate of the
original signal at step t, given by Tweedie’s formula [17].

For diffusion models such as Stable Diffusion (SD) [53], which generate data from a conditional
distribution p0(x|c), the condition c typically lies in a text-conditional space, enabling control over
generation via descriptions. These models are trained to predict ϵθ(xt, c, t), where c may be a
descriptive text or left empty. During sampling, guidance is applied by modifying the predicted noise
to steer the output more strongly toward the conditioning signal [29, 52]:

ϵ̂θ(xt, c, t) = (1 + β)ϵθ(xt, c, t)− βϵθ(xt,∅, t), (2)

where β controls the strength of conditioning.

We have briefly introduced some relevant works in OOD detection and guided diffusion sampling as
context for our method. For a comprehensive review of related literature, please refer to Appendix A.1.

3 GOOD: Guided OOD Sampling with Diffusion Models

As shown in Figure 2, our framework GOOD enhances OOD detection by generating informative
synthetic outliers for Outlier Exposure training. Section 3.1 introduces two guidance—feature- and
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Algorithm 1 Training-Free Guidance for OOD Sampling (GOOD)

1: Input: Diffusion model ϵθ(·, ·, ·), condition c, condition strength β, ID Classifier fϕ, k-NN distance k,
guidance strength ρ, µ, γ̄, number of steps T

2: xT ∼ N (0, I)
3: for t = T, . . . , 1 do
4: Conditional Predicted Noise ϵ̂θ(xt, c, t) = (1 + β)ϵθ(xt, c, t)− βϵ̂θ(xt, ∅, t)
5: Define function f̃(x) = Eδ∼N (0,I)f(x+ γ̄

√
1− ᾱtδ) ▷ TFG (a)

6: Guided function for OOD Sampling Good(·; f̃) = E(·; f̃) or Dk(·; f̃)
7: x0|t =

(
xt −

√
1− ᾱtϵ̂θ(xt, c, t)

)
/
√
ᾱt ▷ Obtain the predicted data

8: ∆t = ρt∇xtGood(x0|t; f̃) ▷ TFG (b)
9: ∆0 = µt∇x0|tGood(x0|t; f̃) ▷ TFG (c)

10: xt−1 = Sample(xt, x0|t, t) + ∆t/
√
αt +

√
ᾱt−1∆0 ▷ Sample as DDIM in Eq. (1)

11: xt ∼ N (
√
αtxt−1,

√
1− αtI)

12: end for
13: Output: OOD sample x0 with respect to fϕ

image-level—using an off-the-shelf classifier to guide sampling toward OOD regions. Section 3.2
refines the sampling trajectory by adjusting step size and initialization to produce outliers with varying
anomaly levels near the decision boundary. These are then used to boost model robustness. Finally,
Section 3.3 proposes a unified OOD scoring function for effective detection.

3.1 Two Training-Free Guidance for OOD Sampling

To explore how diffusion models can generate OOD samples, we visualize their sampling trajectories
with gradient cues in Figure 2. In particular, we examine the transition from the noisy manifold
Mt to Mt−1 (shown by the blue arrow) and observe that it can be guided toward OOD regions
using gradients from an ID classifier. Motivated by this observation, we introduce two comple-
mentary guidance mechanisms—image-level guidance (GOODimg) and feature-level guidance
(GOODfeat)—which leverage both likelihood and distance. These guidances can be derived from any
off-the-shelf classifier, making our approach both model-agnostic and training-free.

Image-Level Guidance: GOODimg. Following the energy-based reinterpretation of discriminative
classifiers [19], we define an energy for a classifier with logits fy(x;ϕ) as

Eϕ(x, y) := −fy(x;ϕ), Eϕ(x) := − log

C∑
k=1

efk(x;ϕ). (3)

These definitions induce the model-dependent joint and marginal densities

pϕ(x, y) =
e−Eϕ(x,y)

Z(ϕ)
, pϕ(x) =

∑
y

pϕ(x, y) =

∑
k e

fk(x;ϕ)

Z(ϕ)
=
e−Eϕ(x)

Z(ϕ)
, (4)

where Z(ϕ) is a parameter-dependent partition function constant in x. Hence Eϕ(x) is a model-
defined negative log-density (up to Z(ϕ)), sometimes called the free energy [35, 46]. Intuitively,
samples with larger pϕ(x) (i.e., lower energy) correspond to regions the classifier assigns high
confidence to; lower pϕ(x) indicates atypical or OOD regions. Following [46], in-distribution
samples tend to concentrate in high-pϕ(x) (low-energy) regions, as supported by their gradient-based
analysis. We thus define the image-level guidance gradient as

∇xEϕ(x) = − 1∑
k e

fk(x;ϕ)

∑
k

efk(x;ϕ)∇xfk(x;ϕ). (5)

During reverse diffusion, moving along +∇xEϕ(x) pushes samples from high-density (ID) toward
low-density (OOD) regions in the input space of fϕ.

Feature-Level Guidance: GOODfeat The feature space learned by deep networks is typically
lower-dimensional, more compact, and semantically richer than the raw image space. To exploit this
property, we define feature-level OOD guidance using the k-nearest neighbor (k-NN) distance in the
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Figure 3: Visualization of generated OOD samples with increasing step sizes, arranged from top to
bottom (ρ = µ = 0.1 → 2 → 5). The samples exhibit varying degrees of anomaly.

feature space. Let f1:L(x;ϕ) = z denote the L-layer feature representation of input x. We construct
a normalized embedding bank Z = {z1, z2, . . . , zn}, where each zi = f1:L(xi;ϕ)/∥f1:L(xi;ϕ)∥2.

For a given embedding z from input x, its k-NN distance to the embeddings in Z is:

Dk(x, f) ≜ ∥z − z(k)∥2 = ∥ f1:L(x;ϕ)
∥f1:L(x;ϕ)∥2

− z(k)∥2, (6)

where z(k) is the k-th nearest neighbor of z in Z. Intuitively, embeddings located in sparse regions
(i.e., large k-NN distance) are more likely to be near the distribution boundary or truly OOD, while
those in dense regions are likely ID. We define feature-level guidance GOODfeat as the gradient of
this k-NN distance with respect to the input:

∇xDk(x; f) =
2

∥f1:L(xi;ϕ)∥2
·
[

f1:L(x;ϕ)
∥f1:L(xi;ϕ)∥2

− z(k)

]
· ∇xf

1:L(x;ϕ). (7)

Along this gradient direction, we generate samples with increasingly rarer features, as depicted by
the transition from smaller to larger circles in part (b) of Figure 2.

While both GOODimg and GOODfeat are defined on clean inputs x0, the diffusion sampling process
operates on the noised input xt. To bridge this gap effectively, we adopt the Training-Free Guidance
(TFG) framework [71], which unifies existing training-free sampling strategies and allows their
combination toward any differentiable target predictor. The overall sampling algorithm is summarized
in Algorithm 1. GOOD can be seamlessly integrated into the TFG framework, with a detailed analysis
provided in Appendix. This approach enables the application of GOODimg and GOODfeat throughout
the reverse diffusion process without the need for retraining the model.

3.2 Balanced OOD Sampling with Varying Degrees of Anomaly

Building on the differentiable OOD score from Section 3.1, our method captures diverse distributional
shifts without manual definitions, aligning with the model’s implicit understanding of OOD. However,
while gradients guide the direction, the target remains uncontrolled, which may limit the algorithm’s
application. To improve this, we refine the process by adjusting the initial point and step size, enabling
the generation of OOD samples with varying levels of anomaly.

Initialization via Conditional Generation. Unconditional generation can cause samples to deviate
significantly from the original distribution due to the broad coverage of the generative model, failing
to properly regularize the classifier. To mitigate this, we leverage diffusion models like SD, which
can incorporate class descriptions (e.g., "A high-quality image of the <class label>") as conditional
inputs. This essentially selects an initial point near the ID class, with the gradient guiding the process
further from the distribution center, generating samples with increasing levels of anomaly.

Step Size of Different Combinations. The hyperparameters ρ and µ in Algorithm 1 directly control
the step size of the sampling trajectory and thereby influence the characteristics of OOD samples.
In the TFG framework, grid search is used to identify the optimal combination based on the visual
quality of the generated images. To better understand how step size affects the usefulness of samples
for OOD detection, we perform an empirical analysis using GOODimg defined in Eq. (3).
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Figure 4: Energy score analysis (inversely related to image likelihood) on ImageNet-100 ID sets and
synthesized OOD samples. (a) OOD energy distributions across different ρ values. (b) Distributions
under varying µ. (c) Balanced sampling over all ρ–µ combinations (5× 5 = 25).

As shown in Figure 3, increasing the step size (from top to bottom) leads to samples that diverge
more noticeably in style, domain, and semantics. Figures 4(a) and (b) further provide a statistical
view: the energy scores of generated samples increasingly diverge from those of the ID validation
set as step size grows. The distributions shift rightward and become more peaked, with ρ having
a stronger impact than µ. This is likely because ρ incorporates second-order variance information,
enabling more accurate gradient directions and producing more concentrated sampling distributions.

Samples that are too close to the ID distribution may be indistinguishable from ID data, weakening
their regularization effect. Conversely, samples that deviate too far are too easy to separate, resulting
in overly loose decision boundaries. To address this, we propose combining samples generated with
multiple parameter settings rather than relying on a single "optimal" configuration. This produces
a more realistic near-OOD distribution and promotes tighter, more robust decision boundaries, as
shown in Figure 4(c) and detailed in Appendix.

Outlier Exposure with Synthesized OOD data. The generated OOD samples are subsequently
used for OE training to improve the classifier’s ability to distinguish between ID and OOD data. The
OOD loss is defined as [16]:

LOOD =ExOOD

[
− log 1

1+expψ(E(fϕ(xOOD)))

]
+ Ex∼Pin

[
− log

expψ(E(fϕ(x)))
1+expψ(E(fϕ(x)))

]
, (8)

where ψ(·) is a three-layer MLP trained to predict OOD likelihood, E(·) denotes the free energy in
Eq. (3). The final loss function is L = LCE + λ · LOOD, where λ is a hyperparameter controlling the
regularization strength. LCE denotes the cross-entropy loss on the ID training data. By incorporating
both ID and synthesized OOD samples into training, the classifier learns to better differentiate their
distribution, thereby improving its generalization to unseen data in real-world scenarios.

3.3 Combining Image Likelihood and Feature Distance for Unified OOD Scoring

To improve OOD detection during testing, we propose a unified OOD score that combines two
complementary signals: image-level likelihood and feature-level distance.

The free energy E(x;ϕ), defined in Eq. (3), represents the negative log-likelihood of an input image,
reflecting how well it fits the learned image distribution. While it captures pixel-level shifts effectively,
it may struggle to distinguish true OOD samples from ID inputs in low-density regions due to the
high dimensionality and sparsity of image space. In contrast, the k-NN distance D(x;ϕ), defined
in Eq. (6), measures compactness in a lower-dimensional feature space, making it better suited for
detecting class and feature anomalies.

Instead of favoring one metric, we treat them as complementary, combining them to improve
OOD detection across different scenarios. To adaptively weight the two signals, we estimate the
distributional shift in feature space by comparing the k-NN distance distributions of the test set
and a held-out ID validation set. Let qtest and qID denote their empirical distributions, and compute
the Kullback–Leibler (KL) divergence: KL(qtest∥qID). A larger divergence indicates significant
deviation in feature space, suggesting higher reliability of the feature-level score. Conversely, a
smaller divergence favors the image-level score. Thus, we define a soft interpolation coefficient:
w = 1 − exp(−a · KL(qtest∥qID)), a > 0, which increases with the degree of shift and smoothly
maps to the range [0, 1]. The final unified OOD score for a test sample x is computed as:

Good(x; f) = w ·D(x; f) + (1− w) · Ê(x; f), (9)
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Table 1: Comparative evaluation of OOD detection performance on ImageNet-100 as the in-
distribution dataset (following Dream-OOD [15]). We report standard deviations estimated across 3
runs. Bold numbers are superior results and underline indicates second best.

Methods
INATURALIST PLACES SUN TEXTURES Average

ID AccFPR95↓ AUROC↑ FPR95↓ AUROC↑ FPR95↓ AUROC↑ FPR95↓ AUROC↑ FPR95↓ AUROC↑
MSP [25] 31.80 94.98 47.10 90.84 47.60 90.86 65.80 83.34 48.08 90.01 87.64
ODIN [43] 24.40 95.92 50.30 90.20 44.90 91.55 61.00 81.37 45.15 89.76 87.64

Mahalanobis [38] 91.60 75.16 96.70 60.87 97.40 62.23 36.50 91.43 80.55 72.42 87.64
Energy [46] 32.50 94.82 50.80 90.76 47.60 91.71 63.80 80.54 48.68 89.46 87.64

G-ODIN [30] 39.90 93.94 59.70 89.20 58.70 90.65 39.90 92.71 49.55 91.62 87.38
kNN [61] 28.67 95.57 65.83 88.72 58.08 90.17 12.92 90.37 41.38 91.20 87.64
ViM [64] 75.50 87.18 88.30 81.25 88.70 81.37 15.60 96.63 67.03 86.61 87.64

ReAct [59] 22.40 96.05 45.10 92.28 37.90 93.04 59.30 85.19 41.17 91.64 87.64
DICE [60] 37.30 92.51 53.80 87.75 45.60 89.21 50.00 83.27 46.67 88.19 87.64

Synthesis methods
GAN [37] 83.10 71.35 83.20 69.85 84.40 67.56 91.00 59.16 85.42 66.98 79.52
VOS [16] 43.00 93.77 47.60 91.77 39.40 93.17 66.10 81.42 49.02 90.03 87.50

NPOS [62] 53.84 86.52 59.66 83.50 53.54 87.99 8.98 98.13 44.00 89.04 85.37
Dream-OOD [15] 24.10 96.10 39.87 93.11 36.88 93.31 53.99 85.56 38.76 92.02 87.54

NCIS [13] 20.70 96.56 34.60 94.07 35.43 94.13 44.83 88.50 33.89 93.32 87.24
BOOD [44] 18.33 96.74 33.33 94.08 37.92 93.52 51.88 85.41 35.37 92.44 87.92

GOOD (Ours) 9.22±0.3 97.61±0.2 24.79±0.4 94.82±0.1 17.20±1.0 96.10±0.2 19.51±1.1 96.60±0.1 17.68±0.7 96.30±0.2 87.16

Table 2: Comparative evaluation of OOD detection performance on CIFAR-100 as the ID dataset.

Methods
SVHN PLACES265 LSUN-R ISUN TXETURES Average

FPR95↓ AUROC↑ FPR95↓ AUROC↑ FPR95↓ AUROC↑ FPR95↓ AUROC↑ FPR95↓ AUROC↑ FPR95↓ AUROC↑
w/o OOD 48.29 84.38 65.24 84.38 42.82 86.62 31.24 89.19 53.97 83.07 48.31 84.21

Dream-OOD [15] 58.75 87.01 70.85 79.94 24.25 95.23 1.10 99.73 46.60 88.82 40.31 90.15
FodFoM [7] 33.19 94.02 42.30 90.68 28.24 95.09 33.06 94.45 35.44 93.38 34.45 93.52

GOOD (SD 512*512) 19.37 95.34 65.85 82.04 18.82 94.15 0.81 99.59 23.47 95.98 25.66 93.34
GOOD (SD 128*128) 6.65 98.62 54.92 82.09 6.09 98.73 0.07 99.96 29.79 94.01 19.50 94.68

where Ê(x;ϕ) is min-max normalized to [0, 1] for consistency during interpolation.

4 Experiment

We provide a comprehensive evaluation of our proposed framework GOOD. GOOD generates
meaningful pixel-level outliers that exhibit distributional shifts from ID data, resulting in significant
improvements in OOD detection on ImageNet [10] and CIFAR-100 [34] (Section 4.2). Ablation
studies (Section 4.3) are conducted to assess the impact of various components and hyperparameters.

4.1 Experimental Setup

Dataset and Training Details. We use ImageNet-100 [10] and CIFAR-100 as the ID training datasets,
following [15, 13, 44, 7]. For ImageNet-100, the OOD test data is sourced from [32], which includes
iNaturalist [63], SUN [66], Places [74], and Textures [9]. For CIFAR-100, we evaluate on five OOD
test sets: SVHN [49], Places365 [74], LSUN-R [72], ISUN [67], and Textures [9].

Following [15], we use ResNet-34 [21] as the ID classifier for fair comparison, though our method
is architecture-agnostic and works with any pretrained model on the ID dataset. To improve the
classifier’s ability to differentiate between OOD and ID data, we generate OOD samples using Stable
Diffusion v1.5 [52] guided by our proposed method. Specifically, we generate 12,500 images using
image-level guidance (GOODimg) and 10,500 images using feature-level guidance (GOODfeat).
The detection model is fine-tuned from the pretrained classifier using these synthetic OOD samples
and the loss function in Eq. (8). The loss weighting parameter λ is 2.5. Optimization is performed
using stochastic gradient descent with momentum (0.9) and a weight decay of 5× 10−4. The model
is trained for 50 epochs on ImageNet-100 and 200 epochs on CIFAR-100, with a cosine learning rate
schedule that starts with an initial learning rate of 10−4 and a batch size of 160.

Evaluation Metrics. We evaluate OOD detection performance using three metrics: (1) FPR95 —
false positive rate when the true positive rate for ID samples is 95%; (2) AUROC — area under the
receiver operating characteristic (ROC) curve; and (3) ID Acc — ID classification accuracy.

4.2 Evaluation of OOD Detection Performance and Comparative Analysis

GOOD significantly improve OOD detection. Table 1 presents a comprehensive comparison of our
method, GOOD, against a diverse set of baselines, including score-based methods (e.g., Maximum
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Figure 5: Generated OOD samples using two guidance types, with Grad-CAM heatmaps highlighting
regions of high gradient response. The class ‘hen’ is from ImageNet-100.

Softmax Probability [25], ODIN [43], Mahalanobis [38], Energy Score [46], Generalized ODIN [30],
KNN Distance [61], ViM [64], ReAct [59], DICE [60]) and synthesis-based approaches (e.g., VOS
[16], NPOS [62], GAN-based generation [37]). We also include recent diffusion-based methods
closely related to our work, such as DreamOOD [15], NCIS [13], BOOD [44], and FodFom [7].

On the ImageNet-100 dataset, GOOD significantly outperforms existing methods, achieving the
lowest FPR95 (17.68) and highest AUROC (96.30), clearly surpassing the second-best method, NCIS.
This demonstrates its robustness in challenging OOD scenarios such as iNaturalist, Places, and SUN.
On the Textures dataset, GOOD slightly trails NPOS, which operates in the latent space. Notably,
all pixel-level synthesis methods struggle on Textures. As detailed in the Appendix, this dataset is
easily separable from ID data at the feature level, but Stable Diffusion struggles to generate OOD
images with similar features due to its training distribution. GOOD mitigates this by introducing
feature-level guidance during generation and combining image and feature cues at test time. This
limitation can be mitigated with more powerful generative models that capture broader distributions,
and our method offers a flexible framework adaptable to future advancements.

GOOD adapts with smaller diffusion models and low-resolution datasets. Table 2 compares
GOOD using 512×512 and 128×128 diffusion models. Prior methods often use high-res models
(e.g., Stable Diffusion at 512×512) on low-res datasets like CIFAR-100, causing mismatches due to
up/downsampling, which misaligns pixel and feature spaces and degrades OOD image quality.

GOOD avoids this by directly guiding the denoising process via gradients. We use a high-res
generator and apply differentiable bilinear downsampling to match the classifier’s 32×32 input. This
fully differentiable path allows gradients to emphasize key regions, producing meaningful OOD
images. With a 128×128 model, GOOD reduces average FPR95 from 34.5% (FodFoM) to 19.50%,
and improves AUROC from 93.52 to 94.68. Gains are especially notable on ISUN (0.07% FPR95,
99.96 AUROC) and SVHN (6.65% FPR95, 98.62 AUROC). The 512×512 model only outperforms on
the highly textured TEXTURES set (23.47% FPR95), suggesting high detail helps in specific cases.
Full results are in Appendix. Overall, the smaller 128×128 model consistently outperforms its larger
counterpart—likely due to a better inductive bias for low-resolution structure and the elimination of
information loss during resizing—while requiring an order-of-magnitude less compute.

4.3 Ablation Study

In this section, we present additional ablation studies to further analyze the effectiveness of GOOD in
generating informative OOD samples and improving detection performance.

OOD emerges from classifier-critical regions. Figure 5 shows OOD samples generated by our two
guidance strategies: GOODimg (left) and GOODfeat (right). Each image is paired with a Grad-CAM
heatmap, highlighting regions most sensitive to the OOD score. As previously shown in Figure 4,
the guided samples are well-separated from ID data in distribution. The visualizations now reveal
how this separation emerges: although the generated images remain close to the ID class (e.g., hens),
they exhibit subtle yet semantically meaningful deviations. These shifts often occur in key semantic
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(a)                                                                                      (b)                                                                                    (c)

Figure 6: Ablation studies on key hyperparameters: (a) regularization weight λ in the OOD loss Lood;
(b) interpolation coefficient a in the unified OOD score (Eq. 8); (c) number of nearest neighbors K
used in the KNN distance—top: for OOD scoring, bottom: for the sampling process.

regions—such as the comb, feathers, and claws for hens—which are distorted or abstracted, reducing
resemblance to typical ID images while preserving overall class-like structure. This suggests that
gradient-based guidance focuses on classifier-critical regions, producing samples near the decision
boundary rather than only perturbing semantic description, as prior methods often do.

Key Components in Our Method. We further analyze the contribution of each component in
GOOD through a controlled ablation study, summarized in Table 3. Rows (2)–(3) evaluate the
effect of using only one type of guidance during OOD synthesis. Specifically, Row (2) uses
image-level guidance (GOOD_img) alone, and Row (3) uses feature-level guidance (GOOD_feat)
alone. Both variants employ balanced sampling across different step sizes to ensure diverse
OOD generation, but they rely solely on the default energy score for detection. Row (4) rep-
resents the full GOOD pipeline without the unified OOD score, i.e., both image- and feature-
level guidance are used for OOD synthesis while the energy score alone (a = 0 in Fig. 6(b))
is used for detection—this configuration is comparable to prior works such as DreamOOD
and BOOD. Finally, Row (5) shows the complete GOOD framework, where both synthesis
and detection jointly leverage image- and feature-level signals through the unified OOD score.

Table 3: Ablation Study of the Key Components.

Method FPR95↓ AUROC↑ ID Acc↑
(1) ID Classifier 48.68 89.46 87.64
(2) w/o GOOD_feat 32.23 92.29 86.98
(3) w/o GOOD_img 32.93 91.98 87.24
(4) Balanced Sampling 30.82 92.81 87.16
(5) Unified OOD Score 17.70 96.28 87.16

As shown in Table 3, removing either guidance
mechanism significantly degrades performance
(FPR95 rises from 17.70 to over 32), although
each still surpasses the baseline ID classifier. Com-
bining both guidance types improves detection
by complementing pixel-level and feature-level
cues, and balanced sampling further stabilizes per-
formance. The unified OOD score provides the
largest gain—integrating both signals yields the
highest AUROC (96.28) and the lowest FPR95 (17.70).

Ablation on the regularization weight λ. As shown in Figure 6 (a), increasing λ enhances OOD
detection performance, but also leads to a gradual decline in ID accuracy due to stronger regularization.
To balance this trade-off between OOD sensitivity and ID classification, we choose λ = 2.5, which
achieves a solid AUROC of 96.28 while maintaining a competitive ID accuracy of 87.16.

The coefficients of Unified OOD Score. Figure 6 (b) illustrates the impact of the interpolation
coefficient w in Figure 6(b), which balances image-level and feature-level OOD scores. Adjusting
w allows us to modulate the influence of each component. Our results demonstrate that adaptively
setting w based on the KL divergence between the test and ID distributions significantly improves the
robustness of GOOD across diverse OOD scenarios.

Ablation on k in calculating k-NN distance. We examine the impact of the number of nearest
neighbors k used in feature-level OOD scoring. As shown in Figure 6 (c), varying k from 50 to 500
has minimal effect on OOD detection performance, with AUROC remaining consistently around 96.2.
We further analyze the influence of k on the sampling results of GOODfeat. For each k, we generate
3,500 OOD samples using our balanced step-size strategy. The resulting energy distributions are
highly similar, indicating that the choice of k has limited impact under our sampling scheme.
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5 Conclusion

In this paper, we propose GOOD, a training-free framework that leverages off-the-shelf classifiers to
guide diffusion models for synthesizing informative and diverse out-of-distribution (OOD) samples.
By introducing dual-level guidance—image-level based on pixel-space likelihood and feature-level
derived from latent-space sparsity—GOOD avoids the instability of embedding perturbations and
enables controllable sampling toward low-density, semantically meaningful OOD regions. We
further propose a unified OOD score that integrates both types of guidance for robust detection.
Extensive experiments demonstrate that GOOD significantly improves OOD detection performance
across standard benchmarks. Beyond methodological gains, our work underscores a broader insight:
generative models, when steered by discriminative knowledge, offer a powerful and scalable avenue
for enhancing model reliability under distributional shift.

Limitations and Future Work. GOOD relies on the distribution learned by pre-trained diffusion
models, which may limit the diversity of generated outliers. Future work will explore deeper
integration of diffusion features with OOD objectives, enabling joint guidance in both pixel and
feature spaces for more targeted and controllable outlier synthesis.

Acknowledgement

This work was supported in part by the National Natural Science Foundation of China under Grant
No. 62502200, the Jiangsu Provincial Science and Technology Major Project under Grant No.
BG2024042, and the Natural Science Foundation of Jiangsu Province under Grant No. BK20251203.
It was also supported by the Ministry of Education, Singapore, under its MOE AcRF Tier 2 programs
(MOE-T2EP20221-0012 and MOE-T2EP20223-0002). Additional support was provided by the
Nanjing Kunpeng & Ascend Center of Cultivation.

References
[1] Momin Abbas, Muneeza Azmat, Raya Horesh, and Mikhail Yurochkin. Out-of-distribution

detection using synthetic data generation. In International Conference on Learning Representa-
tions, 2025.

[2] Momin Abbas, Ali Falahati, Hossein Goli, and Mohammad Mohammadi Amiri. A median
perspective on unlabeled data for out-of-distribution detection. arXiv preprint arXiv:2510.06505,
2025.

[3] Faruk Ahmed and Aaron Courville. Detecting semantic anomalies. In Proceedings of the AAAI
Conference on Artificial Intelligence, volume 34, pages 3154–3162, 2020.

[4] Arpit Bansal, Hong-Min Chu, Avi Schwarzschild, Soumyadip Sengupta, Micah Goldblum,
Jonas Geiping, and Tom Goldstein. Universal guidance for diffusion models. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pages 843–852, 2023.

[5] Sima Behpour, Thang Long Doan, Xin Li, Wenbin He, Liang Gou, and Liu Ren. Gradorth:
A simple yet efficient out-of-distribution detection with orthogonal projection of gradients.
Advances in Neural Information Processing Systems, 36:38206–38230, 2023.

[6] Francisco Caetano, Christiaan Viviers, Luis A Zavala-Mondragón, Peter HN de With, and Fons
van der Sommen. Discopatch: Batch statistics are all you need for ood detection, but only if
you can trust them. arXiv preprint arXiv:2501.08005, 2025.

[7] Jiankang Chen, Ling Deng, Zhiyong Gan, Wei-Shi Zheng, and Ruixuan Wang. Fodfom:
Fake outlier data by foundation models creates stronger visual out-of-distribution detector. In
Proceedings of the 32nd ACM International Conference on Multimedia, pages 1981–1990,
2024.

[8] Hyungjin Chung and Jong Chul Ye. Score-based diffusion models for accelerated mri. Medical
image analysis, 80:102479, 2022.

10



[9] Mircea Cimpoi, Subhransu Maji, Iasonas Kokkinos, Sammy Mohamed, and Andrea Vedaldi.
Describing textures in the wild. In Proceedings of the IEEE conference on computer vision and
pattern recognition, pages 3606–3613, 2014.

[10] Jia Deng, Wei Dong, Richard Socher, Li-Jia Li, Kai Li, and Li Fei-Fei. Imagenet: A large-
scale hierarchical image database. In 2009 IEEE conference on computer vision and pattern
recognition, pages 248–255. Ieee, 2009.

[11] Terrance DeVries and Graham W Taylor. Learning confidence for out-of-distribution detection
in neural networks. arXiv preprint arXiv:1802.04865, 2018.

[12] Prafulla Dhariwal and Alexander Nichol. Diffusion models beat gans on image synthesis.
Advances in neural information processing systems, 34:8780–8794, 2021.

[13] Lars Doorenbos, Raphael Sznitman, and Pablo Márquez-Neila. Non-linear outlier synthesis for
out-of-distribution detection. arXiv preprint arXiv:2411.13619, 2024.

[14] Xuefeng Du, Zhen Fang, Ilias Diakonikolas, and Yixuan Li. How does unlabeled data provably
help out-of-distribution detection? In The Twelfth International Conference on Learning
Representations.

[15] Xuefeng Du, Yiyou Sun, Jerry Zhu, and Yixuan Li. Dream the impossible: Outlier imagination
with diffusion models. Advances in Neural Information Processing Systems, 36:60878–60901,
2023.

[16] Xuefeng Du, Zhaoning Wang, Mu Cai, and Yixuan Li. Vos: Learning what you don’t know by
virtual outlier synthesis. In International Conference on Learning Representations, 2022.

[17] Bradley Efron. Tweedie’s formula and selection bias. Journal of the American Statistical
Association, 106(496):1602–1614, 2011.

[18] Xin Gao and Jian Pu. Deep incomplete multi-view learning via cyclic permutation of vaes. In
The Thirteenth International Conference on Learning Representations, 2025.

[19] Will Grathwohl, Kuan-Chieh Wang, Jörn-Henrik Jacobsen, David Duvenaud, Mohammad
Norouzi, and Kevin Swersky. Your classifier is secretly an energy based model and you should
treat it like one. arXiv preprint arXiv:1912.03263, 2019.

[20] Jiasheng Guo, Xin Gao, Yuxiang Yan, Guanghao Li, and Jian Pu. Dark-isp: Enhancing raw
image processing for low-light object detection. IEEE International Conference on Computer
Vision, 2025.

[21] Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Deep residual learning for image
recognition. In Proceedings of the IEEE conference on computer vision and pattern recognition,
pages 770–778, 2016.

[22] Yutong He, Naoki Murata, Chieh-Hsin Lai, Yuhta Takida, Toshimitsu Uesaka, Dongjun Kim,
Wei-Hsiang Liao, Yuki Mitsufuji, J Zico Kolter, Ruslan Salakhutdinov, et al. Manifold preserv-
ing guided diffusion. In The Twelfth International Conference on Learning Representations,
2024.

[23] Dan Hendrycks, Steven Basart, Mantas Mazeika, Andy Zou, Joseph Kwon, Mohammadreza
Mostajabi, Jacob Steinhardt, and Dawn Song. Scaling out-of-distribution detection for real-
world settings. In International Conference on Machine Learning, pages 8759–8773. PMLR,
2022.

[24] Dan Hendrycks and Kevin Gimpel. A baseline for detecting misclassified and out-of-distribution
examples in neural networks. arXiv preprint arXiv:1610.02136, 2016.

[25] Dan Hendrycks and Kevin Gimpel. A baseline for detecting misclassified and out-of-distribution
examples in neural networks. In International Conference on Learning Representations, 2017.

[26] Dan Hendrycks, Mantas Mazeika, and Thomas Dietterich. Deep anomaly detection with outlier
exposure. arXiv preprint arXiv:1812.04606, 2018.

11



[27] Jonathan Ho, Ajay Jain, and Pieter Abbeel. Denoising diffusion probabilistic models. Advances
in neural information processing systems, 33:6840–6851, 2020.

[28] Jonathan Ho and Tim Salimans. Classifier-free diffusion guidance. In NeurIPS 2021 Workshop
on Deep Generative Models and Downstream Applications, 2021.

[29] Jonathan Ho and Tim Salimans. Classifier-free diffusion guidance. arXiv preprint
arXiv:2207.12598, 2022.

[30] Yen-Chang Hsu, Yilin Shen, Hongxia Jin, and Zsolt Kira. Generalized odin: Detecting out-
of-distribution image without learning from out-of-distribution data. In Proceedings of the
IEEE/CVF conference on computer vision and pattern recognition, pages 10951–10960, 2020.

[31] Rui Huang, Andrew Geng, and Yixuan Li. On the importance of gradients for detecting
distributional shifts in the wild. Advances in Neural Information Processing Systems, 34:677–
689, 2021.

[32] Rui Huang and Yixuan Li. Mos: Towards scaling out-of-distribution detection for large
semantic space. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pages 8710–8719, 2021.

[33] Julian Katz-Samuels, Julia B Nakhleh, Robert Nowak, and Yixuan Li. Training ood detectors in
their natural habitats. In International Conference on Machine Learning, pages 10848–10865.
PMLR, 2022.

[34] Alex Krizhevsky, Geoffrey Hinton, et al. Learning multiple layers of features from tiny images.
2009.

[35] Yann LeCun, Sumit Chopra, Raia Hadsell, M Ranzato, Fujie Huang, et al. A tutorial on
energy-based learning. Predicting structured data, 1(0), 2006.

[36] Kimin Lee, Honglak Lee, Kibok Lee, and Jinwoo Shin. Training confidence-calibrated classifiers
for detecting out-of-distribution samples. arXiv preprint arXiv:1711.09325, 2017.

[37] Kimin Lee, Honglak Lee, Kibok Lee, and Jinwoo Shin. Training confidence-calibrated classi-
fiers for detecting out-of-distribution samples. In 6th International Conference on Learning
Representations, ICLR 2018, 2018.

[38] Kimin Lee, Kibok Lee, Honglak Lee, and Jinwoo Shin. A simple unified framework for
detecting out-of-distribution samples and adversarial attacks. Advances in neural information
processing systems, 31, 2018.

[39] Guanghao Li, Yu Cao, Qi Chen, Xin Gao, Yifan Yang, and Jian Pu. Papl-slam: Principal
axis-anchored monocular point-line slam. IEEE Robotics and Automation Letters, 2025.

[40] Guanghao Li, Qi Chen, Sijia Hu, Yuxiang Yan, and Jian Pu. Constrained gaussian splatting via
implicit tsdf hash grid for dense rgb-d slam. IEEE Transactions on Artificial Intelligence, 2025.

[41] Guanghao Li, Qi Chen, Yuxiang Yan, and Jian Pu. Ec-slam: Effectively constrained neural
rgb-d slam with tsdf hash encoding and joint optimization. Pattern Recognition, page 112034,
2025.

[42] Guanghao Li, Kerui Ren, Linning Xu, Zhewen Zheng, Changjian Jiang, Xin Gao, Bo Dai, Jian
Pu, Mulin Yu, and Jiangmiao Pang. Artdeco: Towards efficient and high-fidelity on-the-fly 3d
reconstruction with structured scene representation. arXiv preprint arXiv:2510.08551, 2025.

[43] Shiyu Liang, Yixuan Li, and R Srikant. Enhancing the reliability of out-of-distribution image
detection in neural networks. In International Conference on Learning Representations, 2018.

[44] Qilin Liao, Shuo Yang, Bo Zhao, Ping Luo, and Hengshuang Zhao. Bood: Boundary-based
out-of-distribution data generation. 2025.

12



[45] Jiyao Liu, Shangqi Gao, Yuxin Li, Lihao Liu, Xin Gao, Zhaohu Xing, Junzhi Ning, Yanzhou
Su, Xiao-Yong Zhang, Junjun He, et al. Multi-modal mri translation via evidential regression
and distribution calibration. In International Conference on Medical Image Computing and
Computer-Assisted Intervention, pages 363–373. Springer, 2025.

[46] Weitang Liu, Xiaoyun Wang, John Owens, and Yixuan Li. Energy-based out-of-distribution
detection. Advances in neural information processing systems, 33:21464–21475, 2020.

[47] Xixi Liu, Yaroslava Lochman, and Christopher Zach. Gen: Pushing the limits of softmax-based
out-of-distribution detection. In Proceedings of the IEEE/CVF conference on computer vision
and pattern recognition, pages 23946–23955, 2023.

[48] Yifei Ming, Ying Fan, and Yixuan Li. Poem: Out-of-distribution detection with posterior
sampling. In International Conference on Machine Learning, pages 15650–15665. PMLR,
2022.

[49] Yuval Netzer, Tao Wang, Adam Coates, Alessandro Bissacco, Baolin Wu, Andrew Y Ng, et al.
Reading digits in natural images with unsupervised feature learning. In NIPS workshop on deep
learning and unsupervised feature learning, volume 2011, page 4. Granada, 2011.

[50] Anh Nguyen, Jason Yosinski, and Jeff Clune. Deep neural networks are easily fooled: High
confidence predictions for unrecognizable images. In Proceedings of the IEEE conference on
computer vision and pattern recognition, pages 427–436, 2015.

[51] Jie Ren, Stanislav Fort, Jeremiah Liu, Abhijit Guha Roy, Shreyas Padhy, and Balaji Laksh-
minarayanan. A simple fix to mahalanobis distance for improving near-ood detection. arXiv
preprint arXiv:2106.09022, 2021.

[52] Robin Rombach, Andreas Blattmann, Dominik Lorenz, Patrick Esser, and Björn Ommer. High-
resolution image synthesis with latent diffusion models. In Proceedings of the IEEE/CVF
conference on computer vision and pattern recognition, pages 10684–10695, 2022.

[53] Robin Rombach, Andreas Blattmann, Dominik Lorenz, Patrick Esser, and Björn Ommer.
High-resolution image synthesis with latent diffusion models, 2021.

[54] Chandramouli Shama Sastry and Sageev Oore. Detecting out-of-distribution examples with
gram matrices. In International Conference on Machine Learning, pages 8491–8501. PMLR,
2020.

[55] Jiaming Song, Chenlin Meng, and Stefano Ermon. Denoising diffusion implicit models. arXiv
preprint arXiv:2010.02502, 2020.

[56] Jiaming Song, Qinsheng Zhang, Hongxu Yin, Morteza Mardani, Ming-Yu Liu, Jan Kautz,
Yongxin Chen, and Arash Vahdat. Loss-guided diffusion models for plug-and-play controllable
generation. In International Conference on Machine Learning, pages 32483–32498. PMLR,
2023.

[57] Yang Song and Stefano Ermon. Generative modeling by estimating gradients of the data
distribution. Advances in neural information processing systems, 32, 2019.

[58] Yang Song, Jascha Sohl-Dickstein, Diederik P Kingma, Abhishek Kumar, Stefano Ermon, and
Ben Poole. Score-based generative modeling through stochastic differential equations. In
International Conference on Learning Representations, 2020.

[59] Yiyou Sun, Chuan Guo, and Yixuan Li. React: Out-of-distribution detection with rectified
activations. Advances in neural information processing systems, 34:144–157, 2021.

[60] Yiyou Sun and Yixuan Li. Dice: Leveraging sparsification for out-of-distribution detection. In
European conference on computer vision, pages 691–708. Springer, 2022.

[61] Yiyou Sun, Yifei Ming, Xiaojin Zhu, and Yixuan Li. Out-of-distribution detection with deep
nearest neighbors. In International Conference on Machine Learning, pages 20827–20840.
PMLR, 2022.

13



[62] Leitian Tao, Xuefeng Du, Jerry Zhu, and Yixuan Li. Non-parametric outlier synthesis. In The
Eleventh International Conference on Learning Representations, 2023.

[63] Grant Van Horn, Oisin Mac Aodha, Yang Song, Yin Cui, Chen Sun, Alex Shepard, Hartwig
Adam, Pietro Perona, and Serge Belongie. The inaturalist species classification and detection
dataset. In Proceedings of the IEEE conference on computer vision and pattern recognition,
pages 8769–8778, 2018.

[64] Haoqi Wang, Zhizhong Li, Litong Feng, and Wayne Zhang. Vim: Out-of-distribution with
virtual-logit matching. In Proceedings of the IEEE/CVF conference on computer vision and
pattern recognition, pages 4921–4930, 2022.

[65] Jim Winkens, Rudy Bunel, Abhijit Guha Roy, Robert Stanforth, Vivek Natarajan, Joseph R Led-
sam, Patricia MacWilliams, Pushmeet Kohli, Alan Karthikesalingam, Simon Kohl, et al. Con-
trastive training for improved out-of-distribution detection. arXiv preprint arXiv:2007.05566,
2020.

[66] Jianxiong Xiao, James Hays, Krista A Ehinger, Aude Oliva, and Antonio Torralba. Sun database:
Large-scale scene recognition from abbey to zoo. In 2010 IEEE computer society conference
on computer vision and pattern recognition, pages 3485–3492. IEEE, 2010.

[67] Pingmei Xu, Krista A Ehinger, Yinda Zhang, Adam Finkelstein, Sanjeev R Kulkarni, and
Jianxiong Xiao. Turkergaze: Crowdsourcing saliency with webcam based eye tracking. arXiv
preprint arXiv:1504.06755, 2015.

[68] Yuxiang Yan, Boda Liu, Jianfei Ai, Qinbu Li, Ru Wan, and Jian Pu. Pointssc: A cooperative
vehicle-infrastructure point cloud benchmark for semantic scene completion. In 2024 IEEE
International Conference on Robotics and Automation (ICRA), pages 17027–17034. IEEE,
2024.

[69] Jingkang Yang, Kaiyang Zhou, Yixuan Li, and Ziwei Liu. Generalized out-of-distribution
detection: A survey. International Journal of Computer Vision, 132(12):5635–5662, 2024.

[70] Haiyun Yao, Zongbo Han, Huazhu Fu, Xi Peng, Qinghua Hu, and Changqing Zhang. Out-of-
distribution detection with diversification (provably). In The Thirty-eighth Annual Conference
on Neural Information Processing Systems, 2024.

[71] Haotian Ye, Haowei Lin, Jiaqi Han, Minkai Xu, Sheng Liu, Yitao Liang, Jianzhu Ma, James Y
Zou, and Stefano Ermon. Tfg: Unified training-free guidance for diffusion models. Advances
in Neural Information Processing Systems, 37:22370–22417, 2024.

[72] Fisher Yu, Ari Seff, Yinda Zhang, Shuran Song, Thomas Funkhouser, and Jianxiong Xiao. Lsun:
Construction of a large-scale image dataset using deep learning with humans in the loop. arXiv
preprint arXiv:1506.03365, 2015.

[73] Jiwen Yu, Yinhuai Wang, Chen Zhao, Bernard Ghanem, and Jian Zhang. Freedom: Training-
free energy-guided conditional diffusion model. In Proceedings of the IEEE/CVF International
Conference on Computer Vision, pages 23174–23184, 2023.

[74] Bolei Zhou, Agata Lapedriza, Aditya Khosla, Aude Oliva, and Antonio Torralba. Places: A
10 million image database for scene recognition. IEEE transactions on pattern analysis and
machine intelligence, 40(6):1452–1464, 2017.

14



A Appendix

A.1 Related Work (Recap and Expansion)

A.1.1 Out-of-distribution (OOD) Detection

OOD robustness is also critical for downstream applications [20, 42, 68, 39, 41, 40, 45]. Many
early OOD detection methods rely on post-hoc processing of classifier outputs, such as logits
[24, 23, 43, 47], model features [38, 51, 54, 61], or gradients [5, 31]. Other approaches directly
modify classifier training by employing adjusted loss functions such as energy-based objectives [46],
confidence-based rejection [11, 30, 37], or auxiliary self-supervised tasks [3, 65]. Recently, Outlier
Exposure (OE) has significantly improved performance by leveraging large auxiliary datasets as
pseudo-OOD samples, shaping conservative and robust decision boundaries; however, its effectiveness
is limited by the availability and relevance of external datasets, thus motivating synthesized outlier
methods. Approaches like VOS [16] and NPOS [62] generate synthetic outliers in feature space, while
Dream-OOD [15] introduces a two-stage diffusion-based method that aligns and perturbs embeddings
in Stable Diffusion’s text-conditional space to produce pixel-level OOD images. Subsequent works
such as BOOD [44] and NCIS [13] adopt this framework but employ adversarial perturbations and
learned nonlinear invariants, respectively. In contrast, our method eliminates embedding alignment by
directly guiding the diffusion sampling trajectory toward OOD regions via gradient-based pixel-level
adjustments. This single-stage strategy significantly improves efficiency, robustness, and the diversity
of synthesized OOD images.

A.1.2 Guided Sampling with Diffusion Models

Generative approaches such as variational autoencoders (VAEs) and diffusion models have become
fundamental tools for probabilistic data modeling [27, 18]. Diffusion models generate samples
through iterative denoising, effectively estimating data gradients [57, 55], and naturally support post-
hoc conditioning via optimization signals. Classifier-based guidance [58, 12] uses a noise-conditional
classifier to provide gradients during sampling, while classifier-free guidance (CFG) [28] avoids
extra classifiers by interpolating between conditional and unconditional predictions. However, both
approaches require task-specific training, which limits scalability. In contrast, training-free guidance
(TFG) guides sampling using differentiable target functions—such as classifiers or loss—without
additional training. While several TFG methods have been proposed [22, 56, 8, 4, 73], most remain
task-specific and lack unified theoretical foundations. Recently, Ye et al. [71] formalized a general
TFG framework to unify such strategies. Building on this, our work extends training-free guidance
to OOD samples generation by defining a target function that captures OOD signals via pre-trained
classifiers and guiding the diffusion process to synthesize informative outliers.

A.2 Theoretical Analysis

A.2.1 Integration of GOOD into the TFG Framework

The key contribution of the paper “TFG: Unified Training-Free Guidance for Diffusion Models”
[71] is the proposal of a unified and extensible algorithmic framework that enables conditional
generation from unconditional diffusion models using off-the-shelf, differentiable target functions
f(x)—without requiring any retraining. TFG generalizes and unifies several prior training-free
sampling methods under a common formalism.

At each denoising step t, the diffusion model estimates the clean signal as:

x0|t =
xt −

√
1− ᾱt · ϵθ(xt, t)√

ᾱt
.

To guide sampling, TFG applies gradients of a smoothed objective function:

f̃(x) = Eδ∼N (0,I)

[
f
(
x+ γ̄

√
1− ᾱt · δ

)]
,

which stabilizes gradients by smoothing the predictor landscape via Gaussian convolution.

Guidance is introduced via two complementary strategies:
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• Variance guidance, a second-order signal, uses gradients with respect to the noisy sample xt:

∆t = ρt · ∇xt
log f̃(x0|t),

leveraging the covariance between xt and x0|t to adjust the sampling trajectory.

• Mean guidance, a first-order signal, applies gradients with respect to the predicted clean sample
x0|t:

∆0 =

Niter∑
i=1

µt · ∇x0|t log f̃(x0|t +∆0),

steering samples directly in data space toward higher scoring regions.

Moreover, TFG allows Recurrence—repeated application of guidance and denoising—to further
refine sampling over Nrecur cycles, improving convergence and robustness to local optima.

This design space is formalized as:

HTFG = {(Nrecur, Niter, γ̄, ρ, µ)} ,

which subsumes prior works such as DPS [8], LGD [56], MPGD [22], FreeDoM [73], and UGD [4]
as special cases, enabling unified theoretical analysis and practical design.

Extension to Our Method. Our method GOOD (Guided OOD sampling) fits naturally into the TFG
framework by instantiating its guidance procedure with two novel, task-driven target predictors f(x)
tailored for out-of-distribution sample generation.

Target Predictor: In line with the TFG formulation, we define a differentiable target function
fc(x) : X → R+∪{0} that evaluates how well a sample x aligns with an OOD objective conditioned
on c. Following the conditional sampling framework:

p0(x | c) = p0(x)fc(x)∫
x̃
p0(x̃)fc(x̃)dx̃

,

we seek to guide diffusion trajectories toward low-likelihood, feature-sparse regions representing
diverse and informative OOD samples.

Inspired by post-hoc OOD scoring methods [24, 23, 43, 47, 61], we propose two concrete instantia-
tions of fc(x):

• Image-Level Predictor (GOODimg): Based on the free energy [46] of a pretrained classifier f , we
define

Gimgood (x) := exp(E(x; f)) =

C∑
k=1

exp(fk(x)),

which approximates the negative log-likelihood of x under the classifier’s predictive distribution.
Its gradient ∇xE(x; f) pushes samples from high-density ID regions to low-density OOD regions
in pixel space.

• Feature-Level Predictor (GOODfeat): To capture structural sparsity, we compute the k-nearest-
neighbor distance in the normalized feature space:

Gfeatood (x) := Dk(x; f) = ∥z(x)− z(k)∥2, z(x) =
f (1:L)(x)

∥f (1:L)(x)∥2
,

where z(k) is the k-th nearest feature vector from an in-distribution memory bank. Gradients of
this score encourage exploration of semantically novel and underrepresented directions in feature
space.

These target predictors define complementary guidance signals and are differentiable, enabling their
seamless integration into the TFG framework.

Instantiation within TFG. We instantiate GOOD using the following configurations in TFG:
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Figure 7: Energy distributions of 500 OOD samples generated under each (ρ̄, µ̄) configuration on Ima-
geNet (γ̄ = 0.1). Each subplot shows the histogram of negative energy scores (i.e., log

∑
k exp fk(x))

under a fixed pair of variance guidance strength ρ̄ (columns) and mean guidance strength µ̄ (rows).
Higher ρ̄ and µ̄ tend to produce lower-energy (more outlying) samples, while lower values yield
samples closer to the in-distribution manifold. This grid highlights the tradeoff between sample
extremeness and diversity, supporting our use of balanced sampling across parameter combinations.

• (a) Implicit Dynamic: Gaussian smoothing is applied to f via

G̃ood(x) = Eδ∼N (0,I)[Good(x+ γ̄
√
1− ᾱtδ)]

to ensure smooth and stable gradient fields;

• (b) Variance Guidance: Guidance on the noisy sample xt via second-order signal
∇xt

log G̃ood(x0|t);

• (c) Mean Guidance: Guidance on the denoised estimate x0|t via first-order optimization
∇x0|t log G̃ood(x0|t).

For computational efficiency, we omit recurrence and set Nrecur = Niter = 1, since outlier training
typically requires generating a large number of samples, and iterative guidance would significantly
slow down the sampling process.

By plugging our OOD-specific target predictors into TFG’s modular framework, GOOD enables
principled, training-free guidance of diffusion sampling toward low-density and classifier-sensitive
regions. This design allows us to generate boundary-adjacent OOD samples that are diverse, semanti-
cally aligned, and highly effective for outlier exposure training.

A.2.2 Hyperparameter Selection

The TFG framework introduces a structured design space:

HTFG = {(Nrecur, Niter, γ̄, ρ, µ)} ,

where each hyperparameter governs a specific guidance behavior. We now detail our choices for each
component in the context of OOD sampling, balancing generation quality, diversity, and efficiency.
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Recurrence (Nrecur) and Mean Iteration (Niter). Recurrence amplifies the guidance signal by
repeating the guidance–denoise–reinject cycle, while Niter controls the number of inner steps used
to refine the clean estimate x0|t. Although these operations can improve sample quality, they are
computationally expensive. Since outlier exposure training typically requires synthesizing thousands
of OOD samples, we prioritize efficiency and fix both to one step: Nrecur = Niter = 1.

Smoothing Strength (γ̄). The Gaussian smoothing in implicit dynamics stabilizes the gradient
field of f(x), especially in low-density regions, by averaging local variations. We select γ̄ based on
resolution: 0.1 for low-resolution CIFAR and 0.001 for high-resolution ImageNet. These values were
determined via a lightweight beam search focused on the energy distribution of generated images.

Variance Guidance Strength (ρ). The coefficient ρt scales the gradient ∇xt
log f̃(x0|t) applied in

the noisy space. As variance guidance encodes second-order information, it is particularly useful
during early diffusion steps when xt is heavily corrupted and carries limited semantic content.

Following the design in the original TFG paper [71], we adopt an increasing time-dependent schedule:

ρt = ρ̄ · αt∑T
s=1 αs

,

where ρ̄ controls the overall strength of variance guidance. This increasing structure has been
empirically validated across multiple tasks—including Gaussian deblurring, super-resolution, label
guidance, and style transfer—demonstrating its effectiveness in gradually shifting the focus from
low-level pixel alignment to higher-level structural refinement as the denoising process unfolds.

Mean Guidance Strength (µ). Similarly, mean guidance operates on the denoised estimate x0|t
and becomes more impactful in later steps, when the sample becomes semantically clearer and closer
to the data manifold. We therefore adopt the same increasing schedule:

µt = µ̄ · αt∑T
s=1 αs

.

This schedule ensures that mean guidance remains weak during early steps, where gradients are noisy,
and grows stronger as the sample becomes more refined.

Sampling with Diverse Parameter Combinations Rather than Single Optimal. Instead of search-
ing for a single optimal (ρ̄, µ̄) pair, we adopt a balanced sampling strategy using a fixed grid of param-
eter combinations. Specifically, we sample from the Cartesian product ρ̄, µ̄ ∈ {0.1, 0.5, 1.0, 2.0, 5.0},
resulting in 25 configurations. Each configuration yields OOD samples with different anomaly
intensities and semantic characteristics. Figure 7 visualizes the negative energy distributions of
500 samples per configuration on ImageNet. As ρ̄ and µ̄ increase (from left to right and top to
bottom), the generated samples shift toward lower energy regions, indicative of stronger outlier
characteristics. Conversely, low guidance strengths produce samples closer to the in-distribution
manifold. This tradeoff between semantic plausibility and anomaly severity is crucial: overly strong
guidance may yield unrealistic or trivial outliers, while weak guidance may fail to leave the data
manifold meaningfully.

By covering the full grid, our approach generates a continuum of near-OOD samples spanning subtle
to extreme shifts. This diversity enhances outlier exposure training by reducing overfitting to a narrow
anomaly profile and promoting robustness to real-world distributional shifts.

A.3 Implementation Details and Datasets

A.3.1 Details of Balanced Sampling

To support diverse and robust outlier exposure, we generate a wide spectrum of OOD samples using
a balanced grid-based strategy described earlier. Specifically, we sample a large number of images
across different guidance strengths, covering both image-level and feature-level scores. The sampling
setup is consistent across both ImageNet-100 and CIFAR-100.
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Table 4: Comparison of computational stages required by existing outlier exposure methods. Tra-
ditional approaches involve either expensive manual collection or multi-stage generation pipelines,
while GOOD eliminates most stages by directly guiding diffusion sampling.

Method Manual Data Collection ID Embedding Alignment OOD Embedding Sampling OOD Sample Generation Training and Detection

WOODS [33] ✓ ✓
SAL [14] ✓ ✓

Dream-OOD [15] ✓ ✓ ✓ ✓
FodFoM [7] ✓ ✓ ✓ ✓
NCIS [13] ✓ ✓ ✓ ✓

BOOD [44] ✓ ✓ ✓ ✓
GOOD (Ours) ✓ ✓

Image-level guidance (GOODimg). For image-based guidance, we adopt a full Cartesian product
of guidance strengths with ρ̄, µ̄ ∈ {0.1, 0.5, 1.0, 2.0, 5.0}, resulting in 25 unique parameter pairs. For
each parameter configuration, we sample 5 images per class across 100 classes, yielding: 25× 5×
100 = 12,500 samples.

Feature-level guidance (GOODfeat). For feature-based guidance, we follow the kNN-based
sparsity scoring method proposed in [61]. Unlike energy scores, kNN distances are not nor-
malized to [0, 1] due to their small dynamic range; instead, we apply a fixed scaling factor of 5
before computing gradients. For simplicity, we set ρ̄ = µ̄ and choose 7 representative values:
{0.2, 0.4, 1.0, 1.5, 2.0, 3.0, 4.0}. For each configuration, we generate 15 images per class, resulting
in: 7× 15× 100 = 10,500 samples.

This balanced sampling strategy ensures that our generated OOD dataset covers a rich diversity
of anomaly levels—ranging from near-distribution hard negatives to semantically abstract out-
liers—thereby improving generalization during training and evaluation.

A.3.2 Computational Cost Comparison

Outlier exposure methods generally fall into two categories: data-collection-based and generation-
based. The former, such as WOODS [33] and SAL [14], rely on manually curated external datasets,
which are costly to collect and often domain-dependent. The latter—including Dream-OOD [15],
FodFoM [7], NCIS [13], and BOOD [44]—adopt multi-stage generation pipelines that incur substan-
tial computational overhead. These generation-based approaches typically involve: (1) constructing
or aligning latent feature spaces from ID embeddings, (2) synthesizing OOD features within these
spaces, (3) decoding them into images using pretrained or fine-tuned generative models (e.g., diffusion
or GANs), and (4) training a detection model on the resulting samples. As summarized in Table 4, all
stages incur non-trivial computational and engineering costs.

In particular, Dream-OOD reports a total compute time exceeding 16 hours on ImageNet-100,
including 8.2h for latent space construction, 10.1h for diffusion-based image generation, and 8.5h
for training. BOOD reports similar costs, with 0.62h for building the latent space, 0.1h for OOD
feature synthesis, 7.5h for image generation, and 8.5h for regularized training. NCIS requires up
to 13h for ID embedding extraction alone (on 8×A100 GPUs), plus additional time for training the
cVPN projection network.

In contrast, our method GOOD simplifies the pipeline by directly guiding the diffusion sampling
process with gradients from a pretrained classifier. As shown in the shaded row of Table 4, GOOD
bypasses most stages: it does not require latent space construction, embedding alignment, or feature
synthesis. The only computational components are the forward/backward passes of the classifier
during sampling, and the final outlier exposure training. In practice, each 512× 512 image generated
with OOD guidance (based on a 224× 224 classifier input) takes approximately 5.7× longer than
unconditional sampling. However, unlike prior methods that typically require generating over 100,000
OOD samples, our method only needs about one-fifth as many—making the total computational
cost comparable or even lower. As a result, the overall computational cost remains manageable.
This efficient design supports scalable, high-quality OOD sample generation and enables seamless
integration into large-scale training pipelines without retraining or architectural changes.
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Figure 8: Distributions of OOD detection scores across four OOD datasets (Textures, iNaturalist,
Places, and SUN) and three score types: energy-based score (top row), k-nearest neighbor (KNN)
distance (middle row), and a unified OOD score (bottom row) that adaptively fuses the two based on
KL divergence. Each subplot compares the score distributions for the ID validation set (Imagenet-100)
and the corresponding OOD dataset. All scores are normalized to the range [0, 1].

A.3.3 Distribution Analysis across OOD Datasets

For ImageNet-100, we follow [32] and evaluate OOD detection performance on four standard
benchmarks: Textures [9], iNaturalist [63], Places [74], and SUN [66]. For CIFAR-100, we use five
common OOD datasets: SVHN [49], Places365 [74], LSUN-R [72], ISUN [67], and Textures [9].

To understand how different scoring functions separate ID and OOD samples, Figure 8 presents
histograms of normalized detection scores across the four ImageNet-100 OOD datasets. Each column
corresponds to a different OOD dataset, and each row shows a different score type: energy-based
score (top), k-nearest neighbor (KNN) distance in feature space (middle), and our proposed unified
score (bottom). We observe that the energy score distributions (top row), which reflect low image
likelihood, tend to have broader spread and more overlap with ID validation scores—especially for
iNaturalist, Places, and SUN. In contrast, the KNN-based feature distance (middle row) produces
sharply peaked and better-separated distributions for certain datasets, particularly Textures, indicating
that these OOD samples are more distinguishable in feature space than in pixel space.

Interestingly, the separability patterns differ by dataset: Textures is clearly more separable via feature
distance, while the other three datasets (iNaturalist, Places, and SUN) are more distinguishable by
energy score. To leverage the strengths of both signals, we compute a KL divergence between ID and
OOD score distributions for each type and use it to adaptively weight the two, producing a unified
OOD score (bottom row). As shown in the last row of Figure 8, this fused score consistently improves
separation across all four datasets by emphasizing the more discriminative signal for each case.

This analysis supports the use of our unified score as a reliable, adaptive OOD detection signal that
balances image-space and feature-space cues.

A.4 Additional Results and Case Studies

A.4.1 Additional Results on CIFAR

To verify that our guidance directions reflect semantically meaningful trajectories relative to the
classifier, we conduct two controlled experiments on CIFAR datasets, each designed to probe the
behavior of GOOD in feature space.
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Generated OOD Samples with Stable Diffusion 512 and 128 on CIFAR class ‘mouse’

OOD

Figure 9: (a) OOD samples from the CIFAR-100 mouse class using Stable Diffusion (512/128).
(b) t-SNE plot of samples from a 5-class CIFAR-10 classifier using DDPM: OOD guidance pushes
samples toward unseen classes; ID guidance pulls them into known class regions.

Figure 10: Energy score distributions of OOD samples generated with different γ̄ values, under fixed
ρ̄ = µ̄ = 1.0. Each curve is computed from 500 samples. (a) ImageNet-100, (b) CIFAR-100.

(a) OOD sample diversity via Stable Diffusion. We first generate OOD samples conditioned on
the CIFAR-100 class "mouse" using a high-resolution Stable Diffusion model (512/128). Figure 9(a)
showcases a diverse range of mouse-related outputs. The samples vary from realistic mice to abstract
renderings, cartoons, and even symbolic representations—demonstrating how GOOD naturally
induces both semantic preservation and controlled abstraction. This supports its ability to generate
meaningful OOD variants within the scope of a class concept.

(b) Semantic alignment in latent space via t-SNE. Next, we study the semantic effect of guidance
using a 32×32 DDPM model trained on CIFAR-10. We partition the 10 classes into two halves: five
seen classes are used to train a classifier, while the other five are held out. Using this setup, we perform
three types of sampling: (1) unconditional generation, (2) ID-guided sampling (i.e., maximizing
likelihood under the seen-class classifier), and (3) OOD-guided sampling (i.e., minimizing likelihood
under the same classifier).

Figure 9(b) visualizes the resulting samples using t-SNE. Unconditional samples (green) spread
across the generative manifold. ID-guided samples (blue) are pulled toward the classifier’s known
class regions, forming tight clusters. In contrast, OOD-guided samples (red) are pushed away from
the seen-class subspace and drift toward unfamiliar, in-between regions. This contrast highlights
that GOOD’s guidance directions are indeed semantically aligned: positive guidance avoids known
categories, while negative guidance reinforces them.
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A.4.2 Additional Ablation Study

Effect of γ̄ in TFG. The hyperparameter γ̄ controls the strength of Gaussian smoothing in the
implicit dynamics of TFG. It determines how much noise is added when computing the smoothed
target function f̃(x), which in turn affects the stability and directionality of the guidance signal.

To evaluate its effect, we fix ρ̄ = µ̄ = 1.0 and vary γ̄ ∈ {0.001, 0.01, 0.1, 1.0}, generating 500 OOD
samples for each setting. Figure 10 shows the resulting energy score distributions on ImageNet-
100 (left) and CIFAR-100 (right). These scores are inversely related to image likelihood, and are
commonly used to characterize the degree of distributional shift.

We observe that small values of γ̄ (e.g., 0.001, 0.01) produce sharp, unimodal distributions centered
around a typical energy range, indicating stable and consistent guidance. As γ̄ increases, the distribu-
tions become flatter or multimodal—especially on CIFAR—suggesting that excessive smoothing can
inject noisy or less directional gradients, resulting in more diverse but potentially less semantically
aligned samples.

Overall, GOOD exhibits robustness to a range of γ̄ values. However, we find that moderate values
(e.g., 0.1 for ImageNet, 0.001 for CIFAR) provide the best trade-off between stability and anomaly
diversity. These values are therefore used as default in all main experiments.

A.5 Additional Visualizations

To further illustrate the generative behavior of our approach, we present additional OOD samples
produced by GOODimg and GOODfeat on ImageNet-100. For each of the first 72 classes, we generate
one sample per class under each guidance strategy, using fixed parameters.

Figures 11, 13, and 15 show results from GOODimg with ρ̄ = µ̄ = 5, where guidance is based
on low image-level likelihood (free energy). These samples tend to exhibit a global shift toward
abstraction—often distorting not just local texture but also the overall scene composition. In many
cases, the image foreground, background, and object boundaries are all rendered with atypical
patterns, surreal colors, or unnatural materials. Nonetheless, class semantics such as shape or context
remain loosely preserved, resulting in globally outlying yet semantically grounded samples.

In contrast, Figures 12, 14, and 16 show results from GOODfeat with ρ̄ = µ̄ = 4, where guidance
targets sparsity in the deep feature space. Unlike GOODimg, this variant preserves the overall image
realism and structure but introduces rare or atypical class-specific features—such as uncommon
textures, poses, or environmental contexts. For example, cats with distorted fur patterns or birds in
unfamiliar postures. These samples lie closer to the data manifold but remain feature-wise distinctive,
resembling "hard negatives" rather than globally abstract outliers.

Together, these visualizations highlight the complementary behavior of the two guidance modes:
GOODimg encourages holistic abstraction, while GOODfeat promotes subtle novelty. This duality
enables us to generate a diverse spectrum of OOD examples—ranging from boundary-adjacent to
semantically twisted—without retraining, simply by switching the guidance target.
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Figure 11: OOD samples generated by GOODimg on ImageNet, guided by low image likelihood (free
energy). One sample per class is shown.
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Figure 12: OOD samples generated by GOODfeat on ImageNet, guided by feature-space sparsity
(kNN distance). One sample per class is shown.
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Figure 13: OOD samples generated by GOODimg on ImageNet, guided by low image likelihood (free
energy). One sample per class is shown.
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Figure 14: OOD samples generated by GOODfeat on ImageNet, guided by feature-space sparsity
(kNN distance). One sample per class is shown.
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Figure 15: OOD samples generated by GOODimg on ImageNet, guided by low image likelihood (free
energy). One sample per class is shown.
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Figure 16: OOD samples generated by GOODfeat on ImageNet, guided by feature-space sparsity
(kNN distance). One sample per class is shown.
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NeurIPS Paper Checklist

The checklist is designed to encourage best practices for responsible machine learning research,
addressing issues of reproducibility, transparency, research ethics, and societal impact. Do not remove
the checklist: The papers not including the checklist will be desk rejected. The checklist should
follow the references and follow the (optional) supplemental material. The checklist does NOT count
towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For
each question in the checklist:

• You should answer [Yes] , [No] , or [NA] .
• [NA] means either that the question is Not Applicable for that particular paper or the

relevant information is Not Available.
• Please provide a short (1–2 sentence) justification right after your answer (even for NA).

The checklist answers are an integral part of your paper submission. They are visible to the
reviewers, area chairs, senior area chairs, and ethics reviewers. You will be asked to also include it
(after eventual revisions) with the final version of your paper, and its final version will be published
with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.
While "[Yes] " is generally preferable to "[No] ", it is perfectly acceptable to answer "[No] " provided a
proper justification is given (e.g., "error bars are not reported because it would be too computationally
expensive" or "we were unable to find the license for the dataset we used"). In general, answering
"[No] " or "[NA] " is not grounds for rejection. While the questions are phrased in a binary way, we
acknowledge that the true answer is often more nuanced, so please just use your best judgment and
write a justification to elaborate. All supporting evidence can appear either in the main paper or the
supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification
please point to the section(s) where related material for the question can be found.

IMPORTANT, please:

• Delete this instruction block, but keep the section heading “NeurIPS paper checklist",
• Keep the checklist subsection headings, questions/answers and guidelines below.
• Do not modify the questions and only use the provided macros for your answers.

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: The abstract and introduction clearly state the paper’s contributions, including
the dual-level guidance for diffusion-based OOD sample generation and the unified OOD
score. These claims are supported by both theoretical motivation and extensive experiments
(Sections 1, 3, 4).
Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
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Answer: [Yes]
Justification: The paper includes a discussion on limitations in the Conclusion (Section 5),
noting the reliance on pre-trained diffusion models, which may constrain outlier diversity,
and outlines future directions to improve controllability.
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [NA]
Justification: The paper does not include formal theoretical results or proofs; it is focused
on algorithmic methodology and empirical evaluation.
Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer:[Yes]
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Justification: The paper details all necessary settings for reproduction in Section 4.2, in-
cluding datasets, classifier architectures, diffusion models, hyperparameters, and training
schedules.
Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
Answer: [Yes]
Justification: We plan to release code and instructions upon publication to support full
reproducibility. Details for reproducing results are described in Section 4 and the Appendix.
Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.
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• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental Setting/Details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?
Answer: [Yes]
Justification: Section 4.2 provides comprehensive experimental details, including dataset
splits, training epochs, optimization methods, loss functions, and hyperparameters.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
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7. Experiment Statistical Significance
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Answer: [No]
Justification: While results are averaged across multiple runs (e.g., Table 1 mentions
standard deviation), formal statistical significance tests (e.g., t-tests) are not included due to
computational cost.
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• The answer NA means that the paper does not include experiments.
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puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?
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Answer: [Yes]

Justification: Section 4.2 mentions the use of Stable Diffusion and ResNet classifiers, and
training time (e.g., 50/200 epochs). Specific hardware specs (e.g., GPU types) can be
included in the supplementary material.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual
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Answer: [Yes]
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• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
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11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?
Answer: [NA]
Justification: The models and datasets used are standard and pose no specific high-risk
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• The answer NA means that the paper poses no such risks.
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safety filters.
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12. Licenses for existing assets
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the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
Answer: [Yes]
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used in the paper are publicly available and properly cited with adherence to their respective
licenses.
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• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a
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13. New Assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [NA]
Justification: The paper does not introduce new datasets or pretrained models. The synthetic
data generated is derived from public models and used only for training.
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• The answer NA means that the paper does not release new assets.
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Answer: [NA]
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may be required for any human subjects research. If you obtained IRB approval, you
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• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

35


	Introduction
	Preliminaries and Related Works
	GOOD: Guided OOD Sampling with Diffusion Models
	Two Training-Free Guidance for OOD Sampling
	Balanced OOD Sampling with Varying Degrees of Anomaly
	Combining Image Likelihood and Feature Distance for Unified OOD Scoring

	Experiment
	Experimental Setup
	Evaluation of OOD Detection Performance and Comparative Analysis
	Ablation Study

	Conclusion
	Appendix
	Related Work (Recap and Expansion)
	Out-of-distribution (OOD) Detection
	Guided Sampling with Diffusion Models

	Theoretical Analysis
	Integration of GOOD into the TFG Framework
	Hyperparameter Selection

	Implementation Details and Datasets
	Details of Balanced Sampling
	Computational Cost Comparison
	Distribution Analysis across OOD Datasets

	Additional Results and Case Studies
	Additional Results on CIFAR
	Additional Ablation Study

	Additional Visualizations


