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Abstract

Diffusion models have recently driven significant
breakthroughs in generative modeling. While state-
of-the-art models produce high-quality samples
on average, individual samples can still be low
quality. Detecting such samples without human
inspection remains a challenging task. To address
this, we propose a Bayesian framework for esti-
matinggenerative uncertainty of synthetic samples.
We outline how to make Bayesian inference prac-
tical for large, modern generative models and in-
troduce a new semantic likelihood (evaluated in
the latent space of a feature extractor) to address
the challenges posed by high-dimensional sample
spaces. Through our experiments, we demonstrate
that the proposed generative uncertainty effectively
identifies poor-quality samples and significantly
outperforms existing uncertainty-based methods.
Notably, our Bayesian framework can be applied
post-hoc to any pretrained diffusion or flow match-
ing model (via the Laplace approximation), and
we propose simple yet effective techniques to min-
imize its computational overhead during sampling.

1 INTRODUCTION

Diffusion models [[Sohl-Dickstein et al., 2015} |Song et al.,
2020alb|] have recently pushed the boundaries of generative
modeling due to their strong theoretical underpinnings and
scalability. Across various domains, they have enabled
the generation of increasingly realistic samples [Rombach
et al.l 2022, Esser et al., 2024, L1 et al.l [2024]. Despite
the impressive progress, state-of-the-art models can still
generate low quality images that contain artefacts and fail
to align with the provided conditioning information.
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Bayesian inference has long been applied to detect poor-
quality predictions in predictive models [MacKay| |1992b)|
Gal et al., 2016} Wilsonl 2020} |Arbel et al.| 2023]]. By captur-
ing the uncertainty of the model parameters, each prediction
can be assigned a predictive uncertainty, which, when high,
serves as a warning that the prediction may be unreliable.
Despite its widespread use for principled uncertainty
quantification in predictive models, Bayesian methodology
has been far less commonly applied to detecting poor gen-
erations in generative modeling. This raises a key question:
Can Bayesian principles help us detect poor generations?

We propose a Bayesian framework for estimating generative
uncertainty in modern generative models, such as diffusion.
To scale Bayesian inference for large diffusion models, we
employ the (last-layer) Laplace approximation [MacKay),
1992a} Ritter et al.,| 2018} |Daxberger et al.|[2021a]. Addition-
ally, to address the challenge posed by the high-dimensional
sample spaces of data such as natural images, we introduce
a semantic likelihood, where we leverage pretrained image
encoders to compute variability in a latent, semantic
space instead. We empirically demonstrate that generative
uncertainty is an effective tool for detecting low-quality
samples and propose simple strategies to minimize the
sampling overhead introduced by Bayesian inference.

In particular, we make the following contributions: (i) we
formalize generative uncertainty and propose a method
to estimate it for modern generative models; (ii)) we show
that our approach outperforms previous uncertainty-based
methods for filtering poor samples and achieves competitive
performance with non-uncertainty-based approaches; and
(iii) we propose effective strategies to reduce the sampling
overhead of Bayesian uncertainty.
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Figure 1: Diagram of generative uncertainty computation for each random noise z. Given a generative model gy, we sample
M sets of parameters from the posterior ¢(6|D) to generate M images. Their semantic likelihoods are estimated via feature
embeddings from a pretrained encoder ¢y (e.g., CLIP), and uncertainty is measured (e.g., entropy) over the embeddings.
Low-uncertainty z (left) produce high-quality generations, while high-uncertainty z (right) yield poor-quality outputs.

2 BACKGROUND
2.1 GENERATIVE MODELING

The primary focus of this work is on diffusion models
[Sohl-Dickstein et al, 2015]. These models operate
by progressively corrupting data into Gaussian noise
and learning to reverse this process. For a data sample
xg ~ q(x), the forward (noising) process is defined as

x; = Vauxo + V1 — aze, € ~ N(0,1)

where a; = Hizl (1— B,) and {Bs}1_; is a noise schedule
chosen such that xp ~ N(0, I) (approximately). In the
backward process, a denoising network fy is learned via
a simplified regression objective (among various possible
parameterizations, see [Song et al.| [2020b] or [Karras et al
2022))

£(6;D) = Evao.e | |[fo(Varmo+vI=are, t) — €3]
)

where D = {z,,})_; denotes a training dataset of images.
After training, diffusion models generate new samples via
a generator function, gz, which consists of sequentially
applying the learned denoiser, fj, and following specific
transition rules from samplers such as DDPM

2020|] or DDIM [Song et a1.|, 2020a].

2.2 BAYESIAN DEEP LEARNING

Bayesian neural networks (BNNs) go beyond point
predictions and allow for principled uncertainty quantifi-

cation [Buntine and Weigend, [1991], [Neall, [1995], [Kendall
and Ga1|, 2017L Jospin et a1.|, 2022|]. Let hy : X — Y

denote a predictive model with parameters ¢ € R and
D = {(xn,y,,)}Y, denote training data. BNNs specify a
prior p(¢) over model parameters and define a likelihood
p(ylhy(x)), which together yield a posterior distribution
via Bayes rule: p(¢D) o p() [I\Z, p(yn|hu(@n)).
Under this Bayesian view, a predictive model for a new
test point x, is then obtained via the posterior predictive

distribution [Murphyl 2022]:
p(YkB*»’D) = Ep(a/}ﬂ)) [p(y\h,p(:c*))].

For large models, finding the exact posterior distribution is
computationally intractable, hence an approximate posterior
q(¥|D) is used instead. Popular approaches for approximate
inference include deep ensembles [Lakshminarayanan|
[2017], variational inference [Blundell et al., 2015}
Zhang et al| 2018], SWAG [Mandt et al., 2017, [Maddox

2019]], and Laplace approximation [Daxberger et al.,
20214]. Moreover, to alleviate computational overhead, it is

common to give a ‘Bayesian treatment’ only to a subset of
parameters [Kristiadi et al.| 2020} [Daxberger et al.,[2021b)
[Sharma et al] [2023].. Finally, the intractable expectation
integral in the posterior predictive is approximated via
Monte-Carlo (MC) sampling:

M
Pl D)~ 1> plylhy, (@), Gn~a(@lD), @)
m=1

with M denoting the number of MC samples. By measuring
the variability of the posterior predictive distribution, e.g.,
its entropy, one can obtain an estimate of the model’s
predictive uncertainty for a given test point u(a, ).
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Figure 2: Images with the highest (leff) and lowest (right) generative uncertainty from 12K UViT generations [Bao et al.,
2023]). High-uncertainty samples show artefacts, while low-uncertainty samples resemble canonical class images.

3 GENERATIVE UNCERTAINTY
VIA BAYESIAN INFERENCE

While Bayesian neural networks (BNNs) have traditionally
been applied to predictive models to estimate predictive
uncertainty, in this section we demonstrate how to apply
them to diffusion to estimate generative uncertainty (see
Figure [I] and Algorithm [I)). For ease of exposition, we
consider unconditional generation in this section, though
our methodology can also be applied directly to conditional
models (see Section {.T).

3.1 GENERATIVE UNCERTAINTY

As in traditional Bayesian predictive models (cf. Sec-
tion [2.2)), the central principle for obtaining a Bayesian
notion of uncertainty in diffusion models is the posterior
predictive distribution:

p(x|2,D) = E,gp) [p(x|g6(2))]. 3)

Here, we use z (with a slight abuse of notation) to denote
the entire randomness involved in the diffusion sampling
processﬂ Generative uncertainty is then defined as the
variability of the posterior predictive:

u(z) == V(p(x|2,D)) @
'In DDIM and ODE sampling

[2020b], randomness is only present at the start of the sampling
process (akin to VAEs and GANs). In contrast, in DDPM [Ho|

[2020] and SDE sampling [2020D]|, randomness

is introduced at every step throughout the sampling process.

where V(-) denotes the variability measure, such as entropy.

In the same way that the predictive uncertainty u(x.,),
of a predictive model provides insight into the quality
of its prediction for a new test point x., the generative
uncertainty u(z) of a generative model gy should offer
information about the quality of the generation gy (z) for
a ‘new’ random noise sample z. We demonstrate this
relationship experimentally in Section[d] Next, we discuss
how to make Bayesian inference on (large) diffusion models
computationally tractable.

3.2 LAST-LAYER LAPLACE APPROXIMATION

State-of-the-art diffusion models are extremely large (100M
to 1B+ parameters) and can take weeks to train. Conse-
quently, the computational overhead of performing Bayesian
inference on such large models is of significant concern. To
address this, we adopt the Laplace approximation
[1992a] [Shun and McCullaghl, [T993] to approximate the
posterior ¢(6|D) which is among the most computationally
efficient approximate inference methods while still offering

competitive performance [Daxberger et al.,[2021a] and can

be applied post-hoc to any diffusion model.

The Laplace approximation of the posterior is given by:

1

q(0|D) = N'(010.%), £ = (V3L(0;D)|;) . )

where 0 represents the parameters of a pre-trained diffusion
model, and ¥ is the inverse Hessian of the diffusion training
loss from Eq.[I] To reduce the computational cost further,



we apply a ‘Bayesian’ treatment only to the last layer of
the denoising network fy.

We note that the use of last-layer Laplace approximation
for diffusion models has been previously proposed in
BayesDiff [Kou et al.,|2024]]. While our implementation of
the Laplace approximation closely follows theirs, there are
significant differences in how we utilize the approximate
posterior, q(f|D). Specifically, in our approach, we use
it within the traditional Bayesian framework (Eq. [3) to
sample new diffusion model parameters, leaving the
diffusion sampling process, gg, unchanged. In contrast,
BayesDiff resamples new weights from ¢(6|D) at every
diffusion sampling step ¢, which necessitates substantial
modifications to the diffusion sampling process through
their variance propagation approach.

3.3 SEMANTIC LIKELIHOOD

We next discuss the choice of likelihood for estimating gen-
erative uncertainty in diffusion models. Since the denoising
problem in diffusion is modeled as a (multi-output) regres-
sion problem, the most straightforward approach is to place
a simple Gaussian distribution over the generated sample:

p(xlgs(2)) = N'(x | go(2), 0°I), (6)
where o2 represents the observation noise.

However, as we will demonstrate in Section [} this
likelihood leads to non-informative estimates of generative
uncertainty (Eq. ). The primary issue is that the sample
space of natural images is high-dimensional. Consequently,
placing the likelihood directly in the sample space causes
the variability of the posterior predictive distribution to
be based on pixel-level differences. This is problematic
because it is well-known that two images can appear
nearly identical to the human eye while exhibiting a large
Ls-norm difference in pixel space & (see, for example, the
literature on adversarial examples [Szegedy) 2013]]). To
get around this, we propose to map the generated samples
to a ‘semantic’ latent space, S, via a pre-trained feature
extractor, ¢4 : X — S (e.g., an inception-net [Szegedy
et al.,[2016] or a CLIP encoder [Radford et al.l 2021]]). The
resulting semantic likelihood has the form

p(xlgo(2); ) = N(e(x) | c4(90(2)).0°) (D)
where e(x) € S is the (random) vector of semantic features.

By combining the (last-layer) Laplace approximate poste-
rior and the semantic likelihood, we can now approximate
the posterior predictive (Eq. [3) as

M
p(x|z,D) =~ N(e(x) | e, Diag(% Z e2, —e’) +o%I),

m=1

M
1
5 _ M Z €m, €Em=Cy (ggm (Z)), 0., ~ q(0|’D)’ 8)
m=1

e e N R W N =
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where M denotes the number of Monte Carlo samples.
Additionally, we approximate the posterior predictive with a
single Gaussian via moment matching here, a common prac-
tice in Bayesian neural networks for regression problems
[Lakshminarayanan et al.,[2017} |Antoran et al., [ 2020]].

Unlike in the posterior predictive for predictive models
(Eq. [2), where it is used to obtain both the prediction
and the associated uncertainty, the generative posterior
predictive (Eq.[§) is used solely to estimate the generative
uncertainty u(z). The actual samples & are still generated
using the pre-trained diffusion model g, (see Algorithm .
As a variability measure V(+) in our generative uncertainty
framework, we propose to use entropy (denoted with H (-)
in Algorithm [I)) due to its simplicity and widespread use
in quantifying predictive uncertainty.

Algorithm 1: Diffusion Sampling with Generative Unc.
Input

:random noise z, pretrained diffusion model
g5 Laplace posterior ¢(6|D) (Eq. , number
of MC samples M, semantic feature extractor
¢, semantic likelihood noise o
generated sample &, generative uncertainty
estimate u(z)
Generate a sample &y = g;(z)
Get semantic features ey = ¢4 (&)
form=1— M do

T, = 90, (z)

em = Co(Tm)
end
Compute p(x|z, D) using {e,, }}_, (Eq.
Compute the entropy u(z) = H (p(x|z, D
return &, u(z)

Output :

3.4 EPISTEMIC UNCERTAINTY

Uncertainty is commonly decomposed into two components:
aleatoric and epistemic [Hiillermeler and Waegeman) 2021,
Smith et al.l [2024]]. Aleatoric uncertainty represents the
irreducible uncertainty inherent in the data-generating
process, while epistemic uncertainty arises from observing
only a limited amount of training data. In our framework, we
fix the observation noise in the semantic likelihood (Eq.
to a small constant value (e.g., o = 0.001). As a result, the
generative uncertainty we capture is primarily epistemic,
reflecting uncertainty about the model parameters ¢ due
to limited training data via ¢(6|D). Since the parameters
¢ of the semantic feature extractor c are kept fixed in the
semantic likelihood, the resulting generative uncertainty
u(z) continues to reflect the epistemic uncertainty of the
diffusion model parameters 6.



4 EXPERIMENTS

4.1 DETECTING LOW-QUALITY GENERATIONS

We assess whether generative uncertainty detects low-
quality samples using the experimental setup from prior
uncertainty-based filtering work [Kou et al.| 2024, De Vital
and Belagiannis| [2025]]. Specifically, we generate 12K
samples using a given diffusion model and compute the
uncertainty estimate for each sample and keep 10K samples
with the lowest uncertainty. If uncertainty reliably reflects
the visual quality of generated samples, filtering based on it
should yield greater improvements in population-level met-
rics compared to selecting a random subset of 10K images.

Implementation Details To ensure a fair comparison
with BayesDiff [Kou et al.,[2024], we adopt their proposed
implementation of the last-layer Laplace approximation.
Specifically, we use an Empirical Fisher approximation
of the Hessian with a diagonal factorization [Daxberger
et al. 2021a]. When computing the posterior predictive
distribution (Eq.[8)), we use M = 5 Monte Carlo samples.
For the semantic feature extractor cg, we leverage a
pretrained CLIP encoder [Radford et al.,[2021]]. Additional
implementation details are provided in Appendix

Baselines We first compare our proposed generative
uncertainty to existing uncertainty-based approaches for
detecting low-quality samples: BayesDiff and the aleatoric
uncertainty (AU) approach proposed by [De Vita and Bela{
giannis|[2025]. BayesDiff estimates epistemic uncertainty in
diffusion models using a last-layer Laplace approximation
and tracks this uncertainty throughout the entire sampling
process. In contrast, in AU aleatoric uncertainty is computed
by measuring the sensitivity of intermediate diffusion
scores to random perturbations. Unlike our approach, both
methods estimate uncertainty directly in pixel space.

We also compare our method against non-uncertainty-based
sample-level metrics, such as the realism score [Kynkaan{
niemi et al.,|2019]] and the rarity score [Han et al.| [2023]].
These metrics measure the distance of a generated sample
from the data manifold (derived from a reference dataset)
in a semantic space spanned by the inception-net features
[Szegedy et al.,2016]. Notably, prior work [Kou et al.| 2024}
De Vita and Belagiannis| 2025]] has not considered such
comparisons, which we believe are essential for assessing
the practical utility of uncertainty-based filtering.

Evaluation Metrics In addition to Fréchet Inception
Distance (FID) [Heusel et al., [2017]] for evaluating the
quality of a filtered set of images, we also report precision
and recall metrics [Sajjadi et al.; 2018} |Kynkiddnniemi et al.|,
2019]]. To compute these quantities we fit two manifolds in
feature space: one for the generated images and another for
the reference (training) images. Precision (measures fidelity)

is the proportion of generated images in the reference image
manifold while recall (captures diversity) is the proportion
of reference images in the generated image manifold.

Results We present our main results on the ImageNet
dataset in Table[I} We first observe that existing uncertainty-
based approaches (BayesDiff and AU) result in little to no
improvement in metrics that assess sample quality (FID and
precision). In contrast, our generative uncertainty method
leads to significant improvements in terms of both FID and
precision.

Next, in order to qualitatively demonstrate the effectiveness
of our approach, we show 25 samples with the highest
and lowest generative uncertainty (out of the original
12K samples) according to our method in Figure [
High-uncertainty samples exhibit numerous artefacts, and
in most cases, it is difficult to determine what exactly they
depict. Combined with the quantitative results in Table
this supports our hypothesis that (Bayesian) generative
uncertainty is an effective metric for identifying low-quality
samples. Conversely, the lowest-uncertainty samples are of
high quality, with most appearing as ‘canonical’ examples
of their respective (conditioning) class.

Returning to Table [T} we observe that filtering based on
our generative uncertainty results in some loss of sample
diversity, as evidenced by lower recall scores (e.g., 73.82 for
Random vs. 71.92 for our method on the UViT model). We
attribute this to the fact that, in our main experiment, 12K
images are generated such that all 1000 ImageNet classes
are represented Since certain classes produce images
with higher uncertainty (see Appendix for a detailed
analysis), filtering based on uncertainty inevitably alters the
class distribution among the selected samples. Moreover,
the trade-off between improving sample quality (precision)
and reducing diversity (recall) has been observed before,
see for example the literature on classifier-free guidance
[Ho and Salimans), [2022]].

Lastly, we compare our proposed method with non-
uncertainty-based approaches—a comparison missing in
prior literature [Kou et al.| 2024, |De Vita and Belagiannis),
2025]). For realism, we retain the 10K images with the
highest scores, whereas for rarity, we keep those with
the lowest scores. As shown in Table [T} our generative
uncertainty is the only uncertainty-based method that
approaches realism and rarity in terms of FID (e.g., 7.89
for ours vs. 8.24 for realism and 8.37 for rarity on UViT).
However, a large gap remains in precision (e.g., 64.14 for
ours vs. 70.29 for realism and 67.21 for rarity on UViT).
Notably, realism and rarity sacrifice the most sample
diversity, as indicated by their lowest recall scores (e.g.,
69.12 for realism and 67.76 for rarity on UViT).

2Following Kou et al.| [2024]], we use class-conditional dif-
fusion models but randomly sample a class for each of the 12K
generated samples.



Table 1: Image generation results for 10K filtered samples (out of 12K). Our generative uncertainty outperforms previously
proposed uncertainty-based approaches in terms of image quality (AU [De Vita and Belagiannis, |2025]], BayesDiff [Kou
et al.,|2024])), and is competitive with non-uncertainty methods (Realism [Kynkddnniemi et al., 2019]], Rarity [Han et al.,
2023]]). We report mean values along with standard deviations over 3 runs with different random seeds.

ADM (DDIM), ImageNet 128x128

UVIiT (DPM), ImageNet 256x256

FID () Precision (1) ~ Recall (1) | FID () Precision (1)  Recall (1)
Random 11.31+£0.07 5890£0.36 70.68+0.38 | 9.46+0.12 60.94+£0.24 73.82+£0.33
BayesDiff 11.20+0.05 58.80+0.05 70.62+0.32 | 9.16+0.17 61.77+0.19 73.72+0.38
AU 11.39+0.05 58.82+042 70.70+£0.38 | 9.20+0.12 61.80+0.33 73.46+0.24
Ours 10.14 £0.08 61.26 £0.26 69.60+0.49 | 7.89+0.12 64.14+0.17 71.92+0.35
Realism 9.76 £0.04 6795+0.19 66.32+0.40 | 8.244+0.09 70.294+0.15 69.12+0.32
Rarity 10.09 £0.02 64.99+£0.16 67.73+0.47 | 837+0.11 67.21+£0.10 67.76 £0.48
4.2 IMPROVING SAMPLING EFFICIENCY
4 Random BayesDiff
>
As shown in Algorithm[I] obtaining an uncertainty estimate 11.0 -
u(z) for a generated sample &y = gp(z) requires gener- . \__‘
ating M additional samples, resulting in M7 additional g o\
network function evaluations (NFEs). For the results £ 10.5 A _O“rTiS mm
presented in Table we use M = 5 and the default number . T;IO @ M-1 A
of sampling steps 7" = 50 (x), leading to an additional 250 oL T=25 =X M=5 .\
NFEs for uncertainty estimation—on top of the 50 NFEs i | el | R
required to generate the original sample. Since this overhead 160 T 1(')1 o 1(')2

may be prohibitively expensive in certain deployment
scenarios, we next explore strategies to reduce the sampling
cost associated with our generative uncertainty.

The most straightforward approach is to reduce the number
of Monte Carlo samples M. Encouragingly, reducing M
to as few as 1 still achieves highly competitive performance
(see Figure [3). Further efficiency gains can be achieved
by reducing the number of sampling steps 7', leveraging
the flexibility of diffusion models to adjust 7" on the fly.
Importantly, we lower 7" only for the additional M samples
used for uncertainty assessment while keeping the default
T for the original sample & to ensure that the generation
quality is not compromised. Taken together, reducing M
and T significantly improves the efficiency of our generative
uncertainty. Using the ADM model [Dhariwal and Nichol,
2021]], our generative uncertainty method with M = 1 and
T = 25 (o) achieves an FID of 10.36, which still strongly
outperforms both the Random (11.31) and BayesDiff
(11.20) baselines while requiring only 25 additional NFEs.

S CONCLUSION

We introduced generative uncertainty and demonstrated how
to estimate it in modern generative models such as diffusion.
Our experiments showed the effectiveness of generative
uncertainty in filtering out low-quality samples. For future
work, it would be interesting to explore broader applications
of Bayesian principles in generative modeling beyond

Sampling Overhead (NFEs) ({)

Figure 3: FID results for 10K ImageNet-filtered images us-
ing our generative uncertainty on ADM model [Dhariwal
and Nichol, 202 1]]. We vary the number of Monte Carlo sam-
ples M and diffusion sampling steps 7" (see Algorithm|I}).
By default, we use M=5 with T'=50 (X), incurring an addi-
tional 250 NFEs for uncertainty estimation. Encouragingly,
setting M=1 and 7T'=25 (®) still achieves competitive perfor-
mance while reducing the sampling overhead by 10x. Lower
left is best: better FID and greater computational efficiency.

detecting poor-quality generations. Promising directions
include guiding synthetic data generation, detecting memo-
rized samples, and optimizing diffusion hyperparameters via
the marginal likelihood using the Laplace approximation.
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The supplementary material is organized as follows:

* In Appendix we discuss related work.

* In Appendix[A.2] we address limitations of our approach.

 In Appendix we qualitatively compare our method with BayesDiff [Kou et al., [2024].

* In Appendix [B.2] we perform ablations on our semantic likelihood (Section 3.3).

* In Appendix [B.3] we demonstrate how to use our generative uncertainty for pixel-wise uncertainty.

* In Appendix we show that diffusion’s own likelihood is not useful for filtering out poor samples.

* In Appendix we further compare our generative uncertainty to realism [Kynkédanniemi et al., [2019]] and rarity
[Han et al., [2023]] scores.

* In Appendix [B.6 we investigate the drop in sample diversity by looking at the average generative uncertainty per
conditioning class.

* In Appendix we apply our generative uncertainty to detect low-quality samples in a latent flow matching model
[[Dao et al., [2023]].

* In Appendix |[C] we provide implementation and experimental details.

A EXTENDED DISCUSISON

A.1 RELATED WORK

Uncertainty quantification in diffusion models has recently gained significant attention. Most related to our work are
BayesDiff [Kou et al.} 2024]], which uses a Laplace approximation to track epistemic uncertainty throughout the sampling
process, and |De Vita and Belagiannis| [2025]], which captures aleatoric uncertainty via the sensitivity of diffusion score
estimates. Our work extends both by introducing an uncertainty framework that is more general (applicable beyond
diffusion), simpler (requiring no sampling modifications), and more effective (see Section[4.T).

Also related is DECU [Berry et al.l [2024], which employs an efficient variant of deep ensembles [Lakshminarayanan
et al., [2017] to capture the epistemic uncertainty of conditional diffusion models. However, DECU does not consider
using uncertainty to detect poor-quality generations, as its framework provides uncertainty estimates at the level of the
conditioning variable, whereas ours estimates uncertainty at the level of initial random noise. Similarly, in (Chan et al.[[2024]
the use of hyper-ensembles is proposed to capture epistemic uncertainty in diffusion models for inverse problems such
as super-resolution, but, as in DECU, their approach does not provide uncertainty estimates in unconditional settings or
in conditional settings with low-dimensional conditioning (such as class-conditional generation). Moreover, both DECU

*Corresponding author: <m.jazbec @uva.nl>
*Corresponding author: <m.jazbec@uva.nl>

Accepted for Workshop at the 7th Symposium on Advances in Approximate Bayesian Inference (non-archival), 2025 ().



[Berry et al., |2024] and |Chan et al.| [2024] require modifying and retraining diffusion model components, whereas our
approach operates post-hoc with any pretrained diffusion model via the Laplace approximation [Daxberger et al.,2021a].
A recent approach, PUNC [Franchi et al.|,[2024], focuses only on text-to-image models. The uncertainty of image generation
with respect to text conditioning is measured through the alignment between a caption generated from a generated image
and the original prompt used to generate said image.

Additionally, a large body of work explores conformal prediction for uncertainty quantification in diffusion models
[[Angelopoulos et al.l [2022, |Sankaranarayanan et al., [2022, Teneggi et al., 2023} |Belhasin et al., |2023|]. However, these
approaches are primarily designed for inverse problems (e.g., deblurring), and cannot be directly applied to detect
low-quality samples in unconditional generation.

Bayesian inference in generative models has been explored previously outside the domain of diffusion models. Prominent
examples include [Saatci and Wilson| [2017] where a Bayesian version of a GAN is proposed, showing improvements
for semi-supervised learning, and [Daxberger and Hernandez-Lobato|[2019], where a Bayesian VAE [Tran et al., [2023] is
shown to provide more informative likelihood estimates for the unsupervised out-of-distribution detection compared to the
non-Bayesian counterparts [Nalisnick et al.,[2018]]. Since diffusion models can be interpreted as neural ODEs [Song et al.,
2020b], another relevant work is|Ott et al.|[2023]], which employs a Laplace approximation to quantify uncertainty when
solving neural ODEs [Chen et al.l 2018]]. However, |Ott et al.|[2023]] focuses solely on low-dimensional regression problems.

Non-uncertainty based approaches for filtering out poor generations include the realism [Kynkdanniemi et al., 2019],
rarity [Han et al.,|2023]], and anomaly scores [Hwang et al.l[2024]]. Our work is the first to establish a connection between these
scores and uncertainty-based methods, which we hope will inspire the development of even better sample-level metrics in the
future. Additionally, a large body of work focuses on specially designed sample-quality scoring models [Gu et al., 2020, Zhao
et al.,2024] or, alternatively, on leveraging large pretrained vision-language models (VLMs) [Zhang et al.l 2024] for scoring
generated images. However, these approaches require either access to sample-quality labels or rely on (expensive) external
VLMs. In contrast, our uncertainty-based method requires neither, making it a more accessible and scalable alternative.

A.2 LIMITATIONS

While we have demonstrated in Section 4] that semantic likelihood is essential for addressing the over-sensitivity of prior
work to background pixels [Kou et al.,|2024], our reliance on a pretrained image encoder like CLIP [Radford et al., 2021]]
limits the applicability of our diffusion uncertainty framework to natural images. Removing the dependence on such
encoders would unlock the application our Bayesian framework to other modalities where diffusion models are used,
such as molecules [[Hoogeboom et al., 2022, |Cornet et al., 2024] or text [Gong et al.| 2022} |Y1 et al., |2024]. Exploring
whether insights from the literature on uncovering semantic features in diffusion models [Kwon et al.| 2022 [Luo et al.|
2024, Namekata et al.,|2024] could help achieve this represents a promising direction for future work.

Moreover, the large size of modern diffusion models necessitates the use of cheap and scalable Bayesian approximate
inference techniques, such as the (diagonal) last-layer Laplace approximation employed in our work (following [Kou et al.,
2024])). A more comprehensive comparison of available approximate inference methods could be valuable, as improving
the quality of the posterior approximation may further enhance the detection of low-quality samples based on Bayesian
generative uncertainty.

B ADDITIONAL RESULTS

B.1 QUALITATIVE COMPARISON WITH BAYESDIFF

To further highlight the differences between our generative uncertainty and BayesDiff [Kou et al., 2024], we present samples
with the highest and lowest uncertainty according to BayesDiff in Figured] These samples are drawn from the same set of 12K
ImageNet ‘unconditional’ images generated using the UViT model [Bao et al.,2023] as in Figure [2] Notably, BayesDiff’s
uncertainty score appears highly sensitive to background pixels—images with high uncertainty tend to have cluttered
backgrounds, while those with low uncertainty typically feature clear backgrounds. Furthermore, as reflected in BayesDiff’s
poor performance in terms of FID and precision (see Table[I)), some low-uncertainty examples exhibit noticeable artefacts,
whereas certain high-uncertainty samples are of rather high-quality. For example, the image of a dog in the bottom-right
corner of the high-uncertainty grid in Figure ]looks quite good despite being assigned (very) high uncertainty.

Similarly, in Figure[5] we show low- and high-uncertainty samples according to BayesDiff for the same set of 128 images
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per class as in Figure[6] Once again, we observe that BayesDiff’s uncertainty metric is less informative regarding a sample’s
visual quality compared to our generative uncertainty.

=
SETTTYY L

Figure 4: Images with the highest (left) and the lowest (right) BayesDiff uncertainty among 12K generations using a UViT
diffusion model 2023]). BayesDiff uncertainty correlates poorly with visual quality and is overly sensitive to the
background pixels. Same set of 12K generated images is used as in Figureto ensure a fair comparison.

Figure 5: Images with the highest (bottom) and the lowest (fop) BayesDiff uncertainty among 128 generations using a UViT
diffusion model for 2 classes: black swan (leff) and Tibetan terrier (right). Same set of 128 generated images
per class is used as in Figureto ensure a fair comparison.

B.2 ABLATION ON SEMANTIC LIKELIHOOD

To highlight the importance of using a semantic likelihood (Section[3.3)) when leveraging uncertainty to detect low-quality
generations, we conduct an ablation study in which we replace it with a standard Gaussian likelihood applied directly in
pixel space (Eq.[6). Figure[7] presents the highest and lowest uncertainty images according to this ‘pixel-space’ generative
uncertainty. Notably, pixel-space uncertainty is overly sensitive to background pixels, mirroring the issue observed in
BayesDiff (see Appendix [B.I). This highlights the necessity of using semantic likelihood to obtain uncertainty estimates
that are truly informative about the visual quality of generated samples.

B.3 PIXEL-WISE UNCERTAINTY

While not the primary focus of our work, we demonstrate how our generative uncertainty framework (Algorithm[T) can be
adapted to obtain pixel-wise uncertainty estimates. This is achieved by replacing our proposed semantic likelihood (Eq. [7)
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Figure 6: Images with the highest (bottom) and the lowest (fop) generative uncertainty among 128 generations using a UViT
diffusion model for 2 classes: black swan (left) and Tibetan terrier (right).

Figure 7: Images with the highest (leff) and the lowest (right) ‘pixel-space’ generative uncertainty among 12K generations
using a UVIT diffusion model. Pixel-space uncertainty correlates poorly with visual quality and is overly sensitive to the
background pixels. Same set of 12K generated images is used as in FigureElto ensure a fair comparison.

with a standard ‘pixel-space’ likelihood (Eq. [). Figure[§]illustrates pixel-wise uncertainty estimates for 5 generated samples.

Although pixel-wise uncertainty received significant attention in past work [Kou et al.|[2024} [Chan et all, 2024} [De Vita and]
[Belagiannis| [2025]], there is currently no principled method for evaluating its quality. Most existing approaches rely on quali-
tative inspection, visualizing pixel-wise uncertainty for a few generated samples (as we do in Figure[8). This further motivates
our focus on sample-wise uncertainty estimates, where more rigorous evaluation frameworks—such as improvements in FID
and precision on a set of filtered images (see Table [T)—enable more meaningful comparisons between different approaches.

B4 COMPARISON WITH LIKELIHOOD

We compare our generative uncertainty filtering criterion with a likelihood selection approach on the 12K images generated
by ADM trained on ImageNet 128x128. In the same way as in our other comparisons, we retain the 10K generated images
with highest likelihood. We utilize the implementation in[Dhariwal and Nichol| [2021]] to compute the bits-per-dimension
of each sample (one-to-one with likelihood). The 25 samples with lowest and highest likelihood are shown in Figure 9]
Visually, the likelihood objective heavily prefers simple images with clean backgrounds and not necessarily image quality.
Note that this is consistent with other works that have reported likelihood to be an inconsistent identifier of image quality
[Theis et al, 2016, [Theis| 2024]. Quantitative results for image quality were consistent with our qualitative observations. The
FID, precision, and recall for the best 10K images according to bits-per-dimension were 11.86 £ 0.0026, 58.23 4 0.02160,
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Figure 8: Pixel-wise uncertainty based on our generative uncertainty for 5 generated samples using UViT diffusion.

and 70.45 £ 0.0237 over three runs. By point estimate, all three metrics are worse or indistinguishable from the Random
baseline (11.31 £ 0.07, 58.90 + 0.36, 70.68 & 0.38). Results for all image selection methods can be found in Table[T]

Figure 9: The 25 ‘worst’ (left) and ‘best’ (right) samples generated by ADM trained on ImageNet 128x128 selected by
lowest and highest likelihood among 12K generations.

B.5 COMPARISON WITH REALISM & RARITY

To better understand the relationship between our generative uncertainty and non-uncertainty-based approaches such as
realism [Kynk#@anniemi et al,[2019] and rarity scores, we compute the Spearman correlation coefficient
between different sample-level metrics on a set of 12K generated images from the experiment in Section .1} As shown
in Figure[I0} realism and rarity scores exhibit a strong correlation (< —0.8). This is unsurprising, as both scores are derived
from the distance of a generated sample to a data manifold obtained using a reference dataset (e.g., a subset of training
data or a separate validation dataset)[l

In contrast, our generative uncertainty exhibits a weaker correlation (< 0.4) with both realism and rarity scores. We attribute

!'Such distance-based approaches are also commonly used to estimate prediction’s quality in predictive models; see, for example,
[Van Amersfoort et al| [2020].
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this to the fact that our uncertainty primarily reflects the limited training data used in training diffusion models (i.e., epistemic
uncertainty, see Section @ rather than the distance to a reference dataset, as is the case for realism and rarity scores.

Next, we investigate whether combining different scores can improve the detection of low-quality generations. When
combining two scores, we first rank the 12K images based on each score individually, then compute the combined ranking
by summing the two rankings and re-ranking accordingly. The results, shown in Table 2} indicate that combining realism and
rarity leads to minor or no improvements in FID (9.81 compared to 9.76 for realism alone on ADM. However, combining our
generative uncertainty with either realism or rarity achieves the best FID performance (9.54 on ADM). These results suggest
that ensembling scores that capture different aspects of generated sample quality is a promising direction for future research.

1.00 1.00
1.000 I 0.75 1.000 I 0.75

- 0.50 - 0.50

Rarity
Rarity

1.000 -025 -0.847 1.000 -0.25

Realism
Realism

- 0.00 - 0.00

1.000 -—-025

BayesDiff
BayesDiff

1.000 -—0.25
- —0.50
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Figure 10: Spearman correlation coefficient between different sample quality metrics for 12K ImageNet images generated
using ADM (left) and UVIT (right).

Table 2: Image generation results for 10K filtered samples (out of 12K) based on combined metrics. Combining our
generative uncertainty outperforms combining realism and recall in terms of FID. We report mean values along with standard
deviation over 3 runs with different random seeds.

ADM (DDIM), ImageNet 128x128 UViT (DPM), ImageNet 256x256
FID (J) Precision (1) Recall (1) | FID (]) Precision (1) Recall (1)

Realism + Rarity 9.81 £0.06 67.06+0.29 66.73+0.37 | 8.26+0.07 69.01 £0.33 69.86 £ 0.36
Ours+ Realism 9.54£0.04 6641+£0.15 67.04+£0.47 | 7.60£0.10 68.33£0.09 69.75+0.42
Ours + Rarity 9.56 £0.06 6544+0.26 67.36+0.54 | 7.56+0.12 67.48£0.18 70.18+0.40

B.6 CLASS-AVERAGED GENERATIVE UNCERTAINTY

To better understand the drop in sample diversity (recall) when using our generative uncertainty to filter low-quality
samples in Table [I] we analyze the distribution of average entropy per conditioning class. Specifically, for each of the
12K generated images, we randomly sample a conditioning class to mimic unconditional generation. As a result, all 1,000
ImageNet classes are represented among the 12K generated samples. Next, we compute our generative uncertainty for each
sample and then average the uncertainties within each class. A plot of class-averaged uncertainties is shown in Figure[TT]
Since class-averaged uncertainties exhibit considerable variance, the class distribution in the 10K filtered samples deviates
somewhat from that of the original 12K images, thereby explaining the reduction in diversity (recall).

While our primary focus in this work is on providing
per-sample uncertainty estimates u(z), we can also ob- UViT, ImageNet 256x256
tain uncertainty estimates for the conditioning variable
u(y) (e.g., a class label), by averaging over all samples
corresponding to a particular y € ) as done in Figure[TT]
These estimates resemble the epistemic uncertainty scores

proposed in DECU 2024] and could be used 20

to identify conditioning variables for which generated
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samples are likely to be of poor quality. We leave fur-
ther exploration of generative uncertainty at the level of
conditioning variables for future work.

B.7 FLOW MATCHING

To demonstrate that our generative uncertainty framework
(Section[3) extends beyond diffusion models, we apply it
here to the recently popularized flow matching approach
[Cipman et al., 2022} [Liu et al.| 2022 [Albergo et al.| [2023]]. Specifically, we consider a latent flow matching formulation
with a DiT backbone [Peebles and Xie, [2023]]. For sampling, we employ a fifth-order Runge-Kutta ODE
solver (dopri5). In Figure[I2] we illustrate the samples with the highest and lowest generative uncertainty among 12K
generated samples. On a filtered set of 10K images, our generative uncertainty framework achieves an FID of 10.48 and a
precision of 64.71, significantly outperforming a random baseline, which yields an FID of 11.80 and a precision of 61.04.

Figure 12: Images with the highest (left) and the lowest (right) generative uncertainty (Eq. [8) among 12K generations
using a latent flow matching model [2023]]. Generative uncertainty correlates with visual quality, as high-
uncertainty samples exhibit numerous artefacts, whereas low-uncertainty samples resemble canonical images of their
respective conditioning class.

C IMPLEMENTATION DETAILS

All our experiments can be conducted on a single A100 GPU, including the fitting of the Laplace posterior (Section[3.2)).
Code for reproducing our experiments is publicly available at GITHUB REPO.

Laplace Approximation When fitting a last-layer

Laplace approximation (Section[3.2)), we closely follow

the implementation from BayesDiff [2024]. All Params. LL Params. LL Name
Specifically, we use the empirical Fisher approximation ADM  ~ 421 x 10° ~ 14 x 10° out.2

with a diagonal factorization for Hessian computation. UVIT ~ 500 x 105 ~ 18 x 10®° decoder_pred
The prior precision parameter and observation noise are DiT  ~131x10° ~1.2x10° final_layer

fixed at v = 1 and ¢ = 1, respectively. For Hessian
computation, we utilize 1% of the training data for Ima-  Table 3: Details of our last-layer (LL) Laplace approximation.
geNet 128x128 and 2% for ImageNet 256x256. Further ~ The first column presents the total number of model parame-
ters, while the second and third columns indicate the number

lgf parameters in the last layer and its name, respectively



details about the last layer of each diffusion model are
provided in Table [3] where we observe that fewer than
1% of the parameters receive a ‘Bayesian treatment’. We
utilize laplaceﬂlibrary in our implementation.

As discussed in Section improving the quality of the Laplace approximation—such as incorporating both first and last
layers instead of only the last layer [[Daxberger et al.| [2021b, |Sharma et al., 2023]] or optimizing Laplace hyperparameters
(e.g., prior precision and observation noise) [Immer et al.,[2021]—could further enhance the quality of generative uncertainty
and represents a promising direction for future work.

Sampling with Generative Uncertainty For our main experiment in Section .1] we generate 12K images using the
pretrained ADM model [Dhariwal and Nicholl, 2021]] for ImageNet 128x128 and the UViT model [Bao et al., [2023]] for
ImageNet 256x256. Following BayesDiff [Kou et al., [2024]], we use a DDIM sampler [[Song et al.,[2020a]] for the ADM
model and a DPM-2 sampler [Lu et al.,|2022] for the UViT model, both with 7' = 50 sampling steps.

To compute generative uncertainty (Algorithm , we first sample M = 5 sets of weights from the posterior ¢(6|D). Then,
for each of the initial 12K random seeds, we generate M additional samples. The same set of model weights {6, }M_, is
used for all 12K samples for efficiency reasons. For semantic likelihood (Eq.[7), we use a pretrained CLIP encoder [Radford
et al.,2021]] and set the semantic noise to 2 = 0.001 .

Baselines For all baselines, we use the original implementation provided by the respective papers, except for [De Vita
and Belagiannis| |2025]], which we reimplemented ourselves since we were unable to get their code to run. Moreover, we
use the default settings (e.g., hyperparameters) recommended by the authors for all baselines. For realism [Kynk&anniemi
et al.,[2019] and rarity [Han et al.,|2023]] we use InceptionNet [Szegedy et al.| 2016] as a feature extractor and a subset of
50K ImageNet training images as the reference dataset. For samples where the rarity score is undefined (i.e., those that lie
outside the estimated data manifold), we set it to inf.

nttps://github.com/aleximmer/Laplace

18


https://github.com/aleximmer/Laplace

	Introduction
	Background
	Generative Modeling
	Bayesian Deep Learning

	Generative Uncertainty via Bayesian Inference
	Generative Uncertainty
	Last-Layer Laplace Approximation
	Semantic Likelihood
	Epistemic Uncertainty

	Experiments
	Detecting Low-Quality Generations
	Improving Sampling Efficiency

	Conclusion
	Extended Discusison
	Related Work
	Limitations

	Additional Results
	Qualitative Comparison with BayesDiff
	Ablation on Semantic Likelihood
	Pixel-Wise Uncertainty
	Comparison with Likelihood
	Comparison with Realism & Rarity
	Class-averaged generative uncertainty
	Flow Matching

	Implementation Details

