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Abstract. Unsupervised anomaly detection (UAD) plays a crucial role
in neuroimaging for identifying deviations from healthy subject data and
thus facilitating the diagnosis of neurological disorders. In this work, we
focus on Bayesian flow networks (BFNs), a novel class of generative mod-
els, which have not yet been applied to medical imaging or anomaly de-
tection. BFNs combine the strength of diffusion frameworks and Bayesian
inference. We introduce AnoBFN, an extension of BFNs for UAD, de-
signed to: i) perform conditional image generation under high levels of
spatially correlated noise, and ii) preserve subject specificity by incorpo-
rating a recursive feedback from the input image throughout the genera-
tive process. We evaluate AnoBFN on the challenging task of Alzheimer’s
disease-related anomaly detection in FDG PET images. Our approach
outperforms other state-of-the-art methods based on VAEs (5-VAE),
GANs (f-AnoGAN), and diffusion models (AnoDDPM), demonstrating
its effectiveness at detecting anomalies while reducing false positive rates.

Keywords: Generative models - Bayesian Flow Networks - Anomaly
detection - Neuroimaging

1 Introduction

Pixel-wise anomaly detection is a key problem in medical image computing. The
current state-of-the-art approach is supervised learning (segmentation), which
requires large and manually annotated datasets. Alternatively, unsupervised
anomaly detection (UAD) has raised significant interest as it bypasses the need
for annotation by training a generative model on healthy data [4]. At inference,
the model reconstructs a pseudo-healthy version of a given image, and anomalies
are identified by comparing the original and reconstructed images, enabling the
detection of lesions without prior knowledge of their specific appearance.
Classical UAD generative models include the f~AnoGAN [18] and variational
autoencoders (VAEs) [11,2,7]. However, these models, trained only on healthy
data, are sensitive to distribution shifts and often produce unreliable encodings
for anomalous inputs [3]. Consequently, normal regions may be misreconstructed,
leading to a loss of subject specificity and a large rate of false positives.
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Denoising diffusion models [9,19,10] address the encoding limitation by us-
ing a latent representation based on noisy versions of the data. These models
have demonstrated competitive performance in chest x-ray [23| or brain MRI
[14,23,25,26] applications. A key limitation of diffusion models is their tendency
to change regions even when no anomalies are present. Higher noise levels are
required to eliminate larger anomalies but reduce subject’s specificity. There-
fore, an optimal balance must be achieved between effective anomaly removal
and preservation of subject’s specificity.

In this context, we leverage the use of Bayesian flow networks (BFNs) [5]
, a novel class of generative models based on diffusion models, introducing a
Bayesian latent representation on the parameters of a data distribution rather
than on the data directly. The latent parameter variable allows information
aggregation of past generated samples and uses Bayesian inference to update the
current state. BFNs have shown promise in 3D molecule modeling [1], material
generation [24], and crystal generation [17] but, to our knowledge, have not yet
been used in medical imaging or for anomaly detection.

We present AnoBFN, the first use of BFNs for unsupervised anomaly de-
tection. First, we adapt BFNs to anomaly detection, introducing a novel prob-
abilistic framework for this task. Second, we use simplex noise with a new ac-
curacy schedule for conditional generation, preserving subject specificity under
high spatially correlated noise. Third, we introduce a recursive Bayesian up-
date scheme that fuses the original image with the model’s prediction to retain
input information. Finally, we validate our approach on FDG-PET scans for
Alzheimer’s disease detection, a clinically relevant task characterized by diffuse
metabolic anomalies and absence of ground truth. To enable quantitative evalu-
ation, we generate synthetic anomalies that replicate disease-like abnormalities
and compare our method against state-of-the-art unsupervised anomaly detec-
tion models.

2 Bayesian flow networks

Bayesian flow networks (BFNs) [5] extend denoising diffusion models (DDMs) [9]
by operating on the parameters of data distributions rather than directly on noisy
data samples. BFNs aim to learn the parameters 8 of an input distribution that
approximates the true data distribution pgata. This is done by an iterative pro-
cess of steps t =T, ..., 0 that refines the parameters 6; = {u, p+}, considered as
latent variables, of the input distribution, where py(x;) = N (x¢; gy, p; *T) and
x; denotes the noisy data at time t. To update 8;, the authors propose a prin-
cipled formulation based on Bayes’ rule, leveraging observed x; or estimated
#; data. The original BFEN framework is illustrated in Fig. 1. During train-
ing, the observed data x; is drawn from a sender distribution pg(xs|®o, ar) =
N (xs; 0, a; ' T) by adding noise to the true data o according to a predefined
accuracy parameter oy = d%t) derived from the accuracy schedule B¢, as in
DDMs. In the original framework, the noise level initially with ¢, then decreases,

reaching a minimum at ¢t = 0, where the distribution closely approximates true
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Fig. 1. Training and inference phases of the original Bayesian flow networks. Dashed
lines correspond to samples from distributions, notations are defined in the main text.

data. This design enables sampling from pqat. by initializing the generation pro-
cess from a zero-mean prior. Then, Bayesian inference is used to update the
parameters 8; by sampling from the following update distribution py

pU(et ‘ 0t+1; Zl?o,()ét) = Eps(mt|m0;at) [5 (at - h(0t+17 T, at))] 3 (1)

where ¢ is the Dirac delta function and h the Bayesian update function comput-
ing the posterior using Bayes’ rule and a Gaussian conjugate prior 0,1
_ PriMi41 T oy

h:@p1, @y, 00 — (Iit—7 Pt = Pt+1 +Oét) . (2)
Pr+1 + oy

0, represents the updated belief about the data after observing x;. This process
mimics Bayesian inference, gradually refining estimates as evidence is gathered.
At inference time, the estimated data @; is sampled from a receiver distribution,
which follows the same noise schedule «y. Specifically, a neural network ¥ pre-
dicts the mean of the receiver distribution using the current parameters 6,1,
which are either sampled from the prior distribution pp (if ¢t +1 = T) or the
update Bayesian distribution py. The receiver distribution is defined as

Pr(Z: | Or1500) = N (@4 9(0r11), 05 I) (3)

Similarly to Eq. (1), the parameters ; used at inference are sampled from the
update distribution py, determined by the previous parameters 61, the esti-
mated data &; sampled from the receiver distribution pg defined in Eq. (3) and
the Bayesian update h

pu(0: | Ori1;0t) = Eppa10,11:00)0 (01 — (11, Zr, ) (4)

To ensure that the estimated data &; from the receiver distribution are faith-
ful, the Kullback-Leibler divergence (Dg) between the sender ps and receiver
pr distributions is minimized during training across different timesteps and data

L) = Eaympania Epo (8,107,30,60:1) Pr L [Ps (@0, a0)||pr(- | O 00)] . (5)

While BFNs have originally been introduced for generation purposes [5], they
have not been adapted to anomaly detection yet.
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3 Methods

In this work, we propose AnoBFN, an approach using Bayesian flow networks for
unsupervised anomaly detection in images. Following the standard UAD frame-
work, we first train a generative model to approximate the distribution of healthy
data pp, with samples xg . Then, we leverage this trained model to generate
healthy versions of images xy 4 drawn from an abnormal distribution py4, en-
abling anomaly detection. To achieve this objective, we extend the original BFN
method to perform conditional image generation in the presence of anomalies.

Specifically, our contributions focus on two key objectives: [C1] enabling con-
ditional generation under high levels of spatially correlated noise, which are
needed to encourage overlapping prior distributions between abnormal scans
and their pseudo-healthy counterparts; [C2] preserving subject specificity by in-
corporating recursive feedback from the input throughout the generative process.

For our first contribution [C1], we jointly use simplex noise and introduce
a new accuracy schedule.

[C1.1] Structured noise. Gaussian noise is independent and identically dis-
tributed, lacking spatial coherence with a flat power spectrum in the Fourier
decomposition space and high-frequency spatial variations [25]. In contrast, sim-
plex noise provides gradient-based noise with spatial continuity and structured
perturbations. Inspired by [25], we use structured noise to encourage the denoiser
to handle spatially correlated perturbations rather than independent pixel noise.

[C1.2] Accuracy schedule. To reconstruct a pseudo-healthy version &g m from
an abnormal input @ 4, the generative process should (i) be conditional and (ii)
operate under a high-noise regime to ensure overlap between the prior distribu-
tions of healthy and abnormal data. In practice, the mean parameters p; follow
stochastic trajectories defined by the probability flow distribution pp with mean
and variance characterized by the accuracy scheldule §(t):

pr(pe|ost) = pu (e 07, o, B(t)) (6)

_ ~B(t)zo + prpr B(t)
=N (’” 3 MLl P B(t))2I> @)

Since the original BFN is designed for unconditional generation, the prior distri-
bution of g does not exploit subject-specific information, i.e. 5(T") = 0 (Fig. 2).
In contrast, our goal is to design a scheduler 8 such that: i) the prior distribution
depends on the input, i.e. S(T") > 0; ii) the abnormal and normal prior distribu-
tions overlap, i.e. the variance of the prior of pr is large; and iii) it is well-defined
for Bayesian update. Under the prior Or = {ur, pr} = {0, 1}, the condition iii)
can be satisfied if there is a function f € C([0,77]) such that f([0,7]) C (0, 1]
and for all t € [0,T], f(t) = % Inspired by [13], a suitable choice shown
in Fig. 2 with an initial high variance decreasing over time can be expressed as:

1 ((T=t)+sm
J(#) = 7 cos ( T +9) 2) ®)
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Fig. 2. The white curves illustrate sample trajectories of u, the mean parameters of the
latent variable 6, under both the schedule from [5] and our accuracy-based schedule.
The background shows the probability flow distribution.

with s = 0.01. This introduced scheduler i) preserves information about the
input xg at t = T, as the initial mean of the probability flow distribution pg is
approximately % and ii) has maximal variance at ¢t = T'.

Overall, the combination of simplex noise and the modified probability flow
enables conditional generation under high spatially correlated noise, encouraging
overlapping prior distributions of pr for normal and abnormal scans.

[C2] Bayesian Update. Our second key objective is to preserve the sub-
ject specificity throughout the generative process at inference time. In classical
anomaly detection frameworks, the abnormal image is only used once as input
and to compute the residual, i.e., the difference between the input and recon-
struction. In this work, we leverage the Bayesian update of BFNs to leverage the
input image throughout the generation process. Specifically, we propose a novel
Bayesian update that incorporates both the estimated noisy sample &; drawn
from the learned receiver distribution pg(&; | @yy1;00) = N(24; ¥ (0y41),a; 1 T)
and the input image x(, allowing the latent variable to retain information from
both sources. Therefore, the update distribution also depends on xg

pU(0t|0t+lv Ty, 330) . (9)

Similarly to the original framework, the Bayesian update employs a matrix a; to

weight the contribution of &;. To additionally weight the impact of the observed

input image @ in the generative process during inference, we introduce an aux-

iliary weighting parameter a; 4 that modulates its contribution. The Bayesian

update function is then defined as h : 6,41, @y, oy, o, g, 4 — (4, py) such that:

{Mt = i(l)tﬂ O fr1 + 0y © &+ 0y 4 © ) (10)
Pt = Pt+1 + O + 0y 2

Since the parameter o 4 weights the contribution of the input image, o 4 is
expected to be larger in normal regions than in abnormal ones. To quantify in an
unsupervised manner regions that are likely to be abnormal during the inference
process, we postulate that abnormal regions are the most varying regions in the
generation process. For this reason, we modulate the parameter oy 4 relying
on the predefined accuracy parameter oy using a scaling metric based on the
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squared error between the generated mean of the receiver distribution and the
input scan, and a time scaling factor ensuring the decay of a; 4. The higher the
squared error, the less the update accounts for the input. For the time scaling,
we decided to use the logistic function, with a logistic growth rate k = 30 and
t. = 0.5, such that the value of the function’s midpoint is at the middle of the
generative process

_ )2 1
=0 0e€ (#(8141)—w0) <1+e—k(;—tc)) ) (11)

This formulation ensures that the Bayesian update accounts for structural
differences between normal and anomalous regions while leveraging prior knowl-
edge from the generative process.

4 Experiments and results

In this section, we demonstrate the effectiveness of our approach in detecting
anomalies in FDG PET scans associated with Alzheimer’s disease (AD). A key
challenge when evaluating UAD in such context is the absence of ground truth
masks of the anomalies, contrary to applications that aim to detect lesions on
structural MRI [2]. To address this, we assess our method using abnormal data
obtained by simulating realistic hypometabolism characteristic of AD [6].
Dataset. The FDG PET scans used in this study were obtained from the
Alzheimer’s Disease Neuroimaging Initiative (ADNI) database [21,22]. We down-
loaded the scans which frames were co-registered, averaged, and standardized to
a uniform resolution. Subsequent image processing was conducted using Clin-
ica [16], which included linear registration to the MNT space, intensity normaliza-
tion using the mean PET uptake within the cerebellum and pons, and cropping.
The images were further resampled to a grid size of 128x128x128 voxels and
rescaled to the range [—1,1]. From each volume, 20 axial slices centered around
the central slice were extracted. We selected 733 scans from 301 cognitively nor-
mal (CN) subjects. First, 80 subjects/scans were isolated as test set. A synthetic
image mimicking 30% AD-induced hypometabolism was generated for each test
scan using the method described in [6]. The healthy images, denoted by testcn,
were used to evaluate reconstruction performance while their synthetic abnor-
mal counterparts, denoted by testsap, were used to assess anomaly detection
performance. The remaining scans were split into training and validation sets at
the subject level using ClinicaDL [20], with stratification based on age and sex,
resulting in a training and validation set of 540 and 57 scans, respectively.
Baselines, implementation details and evaluation metrics. We compare our
results with the S-VAE [8], the f~AnoGAN [18], and the AnoDPPM [25], so
each generative model class is represented in our experiments. We used the same
Unet [15] architecture from [9] for AnoDDPM and AnoBFN. The structure was
modified resulting in an encoder (decoder) composed of 3 downsampling (up-
sampling) stages with layer width [C, C,2C] with C = 128. The attention layers
are composed of 4 heads with dimensions 16. The optimizer was AdamW [12]
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Table 1. Pseudo-healthy reconstruction and anomaly detection performance metrics.
Standard deviations are calculated at the subject level. Statistical significance between
AnoBFN and alternative methods was determined using a Bonferroni-corrected paired
Wilcoxon signed-rank test, * indicating statistically significant differences (p <0.01).

Pseudo-healthy reconstruction (testcn) |Anomaly detection (testsap)
MSE (1073) | PSNR 1 SSIM 1 IoU 1 AP 1

B-VAE [8] 17.02 £3.21% 23.84 + 0.83% 69.98 + 3.57%|22.82 4+ 5.31% 28.05 + 8.43%
f-AnoGAN [18] 31.70 4 8.87* 21.23 + 1.11% 59.78 & 5.63%[17.56 & 4.65% 21.36 £ 7.82x
AnoDDPM

(simplex)
BFN [5] 38.48 £4.43% 20.30 + 0.47+ 54.38 + 2.69%| 8.46 + 1.68+ 11.27 4 2.29%
AnoBFN w/o [C2] 23.53 4+ 3.39% 22.45 £ 0.59% 66.07 £ 3.68%|19.99 + 3.82% 28.95 + 6.88«
AnoBFN (Ours) 9.67+£1.66 26.28+0.72 80.92+2.62|31.79 £7.74 48.17 +11.31

[25] 8.72+1.33 26.81+0.60 79.79 £ 2.75%|15.95 £ 4.77x 26.41 &+ 7.21x

with learning rate le — 4, weight decay 0.01 and (81, 82) = (0.9,0.98). An expo-
nential moving average of model parameters with a decay rate of 0.9999 was used
for evaluation and sample generation for AnoDDPM and AnoBFN. The total
number of learnable parameters was ~ 10M. The batch size was 30 and we used
gradient clipping to 1 during the training steps. Regarding the 8-VAE, we use
B = 10, a latent dimension of size 128, and a symmetrical encoder-decoder archi-
tecture using batch normalization and LeakyRelu activation functions with chan-
nel multiplication [1,2,6,8]. For the ~-AnoGAN, we used the same architecture as
the B-VAE. The code is available at https://github.com/HuguesRoy/BFNanom.

We evaluate reconstruction quality using the mean square error (MSE), peak-
to-signal noise ratio (PSNR), and structural similarity (SSIM) computed for
healthy scans of the test set testcn. We assess anomaly detection performance
using simulated abnormal scans from testsap by computing the intersection over
union (ToU) for a threshold of 0.05 corresponding to the mean square synthetic
mask’s intensity decrease, and the average precision (AP) at the pixel-level [4].

Results. Before evaluating performance on the primary task of anomaly de-
tection, we first assess reconstruction performance on healthy data as a form
of sanity check. While achieving high-quality reconstructions is not the primary
objective, this step helps ensure that the models have learned meaningful rep-
resentations of normal anatomy. As shown in Table 1, we can observe that both
f-AnoGAN and B-VAE poorly reconstruct healthy images and underperform
compared to AnoDDPM and AnoBFN, both producing similar results. AnoD-
DPM and f-AnoGAN are the methods the least able to detect anomalies, fol-
lowed by 8-VAE and AnoBFN. AnoBFN outperforms all models in AP and IoU
(p < 0.01). We also conducted an ablation study to assess each of our contri-
butions to the original BFN. We can observe that introducing simplex noise
and accuracy schedule [C1] (AnoBFN w/o [C2] vs BFN) leads to significant im-
provements in both healthy reconstruction and anomaly detection. Adding the
Bayesian update guidance [C2| (AnoBFN) further improves our model, leading
to state-of-the-art performance. Qualitative results are shown in Fig. 3. The
B-VAE produces a blurred image, struggling to preserve high-uptake regions
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Fig. 3. Example of reconstructions and residual maps for a random subject in the test
set. Top: synthetic abnormal scan, ground truth (real scan without anomalies) and
pseudo-healthy reconstructions generated by the different models from the synthetic
abnormal scan. Bottom row: mask used to simulate hypometabolism and difference
maps computed between each reconstruction and the abnormal scan.

and fine details. f~AnoGAN, while not producing an exact reconstruction, effec-
tively preserves the overall shape and shows higher contrast between normal and
anomalous regions. AnoDDPM closely matches the original abnormal scan, pre-
serves its structure, and captures a substantial portion of the anomaly. Finally,
AnoBFN produces a sharp reconstruction that preserves subject’s specificity
while restoring healthy-appearing tissue in originally abnormal regions, leading
to a clear delineation of anomalies.

5 Conclusion and future works

We introduce Bayesian flow networks [5] to medical imaging for the first time,
demonstrating their ability to perform unsupervised anomaly detection. To achieve
this, we extended the original BFN framework to enable effective pseudo-healthy
reconstruction and preservation of the subjects’ identity. AnoBFN introduces two
key contributions: i) the combination of simplex noise and an accuracy schedule
enabling conditional generation under high levels of spatially correlated noise, ii)
a novel Bayesian update mechanism that recursively incorporates input informa-
tion during inference, preserving subject specificity. Our approach outperforms
state-of-the-art methods [8,18,23] in the detection of synthetic anomalies sim-
ulating Alzheimer’s disease in FDG PET imaging. We confirmed the key role
of the proposed Bayesian update by performing an ablation study. To enhance
the robustness of anomaly detection, we aim to incorporate uncertainty quan-
tification into the Bayesian generative process while also exploring alternative
accuracy schedules and scaling metrics for the Bayesian update. Beyond method-
ological refinements, we aim to evaluate the robustness and generalization of our
approach by applying it to a broader range of medical imaging datasets, includ-
ing diverse pathologies and imaging modalities.
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