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Abstract. Weakly-supervised diffusion models (DM) in anomaly seg-
mentation, leveraging image-level labels, have attracted significant atten-
tion for their superior performance compared to unsupervised methods.
It eliminates the need for pixel-level labels in training, offering a more
cost-effective alternative to supervised methods. However, existing meth-
ods are not fully weakly-supervised because they heavily rely on costly
pixel-level labels for hyperparameter tuning in inference. To tackle this
challenge, we introduce Anomaly Segmentation with Forward Process
of Diffusion Models (AnoFPDM), a fully weakly-supervised framework
that operates without the need for pixel-level labels. Leveraging the un-
guided forward process as a reference, we identify suitable hyperparam-
eters, i.e., noise scale and threshold, for each input image. We aggregate
anomaly maps from each step in the forward process, enhancing the sig-
nal strength of anomalous regions. Remarkably, our proposed method
outperforms recent state-of-the-art weakly-supervised approaches, even
without utilizing pixel-level labels.
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1 Introduction

Anomaly segmentation often requires a large number of pixel-level annotations.
However, acquiring pixel-level annotations is not only costly but also prone to
human annotator bias. Hence, weakly-supervised generative methods [21,15],
leveraging image-level labels in training, are gaining attention. Among these
methods, diffusion models [6,17,18] are commonly chosen as the backbone due
to their superior performance compared to other generative methods such as
generative adversarial networks (GANs) [5] and variational autoencoder (VAE)
[10]. However, current weakly-supervised methods are not truly fully weakly-
supervised. They still heavily depend on pixel-level labels for hyperparameter

Code is available at https://github.com/SoloChe/AnoFPDM
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tuning during the inference stage. For diffusion model-based methods, this tuning
includes determining the appropriate amount of noise (noise scale) added to the
input image as well as setting the threshold for the anomaly map. Consequently,
the need for pixel-level labels in hyperparameter tuning reintroduces the cost
and bias.

In this paper, we propose a fully weakly-supervised framework named Ano-
FPDM, built upon diffusion models with classifier-free guidance [7], to eliminate
the need of pixel-level labels in hyperparameter tuning. Instead of relying di-
rectly on pixel-level labels, we determine the optimal hyperparameters, such as
noise scale and threshold, by leveraging the unguided forward process as a ref-
erence for the guided forward process. Our model follows the standard training
process of classifier-free guidance as used in [7] with the image-level labels, i.e.,
healthy and unhealthy. The inference stage is illustrated in Fig. 1. Our frame-
work utilizes the forward process of DM instead of the sampling (backward)
process. During the forward process, i.e., from x0 to xT , we gradually introduce
noise to the input x0. The denoised inputs, representing the prediction of the
original input from the noised input, is obtained with respect to the healthy label
guidance and no guidance. The denoised inputs at step t without guidance x̃∅

0,t

will not remove but compress the anomalous regions during forward process,
i.e., a simple compression process of input x0. On the contrary, the denoised
input with healthy label guidance x̃h

0,t removes the anomalous regions while

compressing the non-anomalous regions. The two MSEs MSE∅
t =

(
x̃∅
0,t − x0

)2

and MSEh
t =

(
x̃h
0,t − x0

)2

are collected and jointly used for hyperparameter

tunning. The anomaly map is derived by aggregating all MSEh
t for t ∈ {ti}tei=0.

The maximal difference between the two MSEs is used to determine the end
step te for the guided forward process. Here, the end step te directly controls
noise scale. The threshold of anomaly map is determined by the quantile of
the anomaly map, which is individually selected for each input. The quantile
is selected by the maximal difference between MSEh

t and MSE∅
t for each in-

put because the maximal difference is roughly linearly related to the size of the
anomalous regions. A smaller quantile is selected for a larger anomalous region
to include more possible pixels.

In Fig. 2, we further demonstrate our idea by an unhealthy sample from
BraT21 dataset [1] and exhibit four components, i.e., x̃∅

0,t, x̃h
0,t,MSE∅

t and

MSEh
t , in our framework. During the forward process, the anomalous regions in

the path x̃h
0,t, t ∈ {ti}Ti=0 are effectively removed due to healthy label guidance.

We found that the anomalous regions are more likely to be removed compared
to the non-anomalous regions during forward process. In our method, we aggre-
gate all MSEh

t for t ∈ {ti}tei=0 as our final anomaly map to increase the signal
strength of anomalous regions. The rationale behind this lies in the idea that all
anomaly maps in the path x̃h

0,t, t ∈ {ti}Ti=0 contribute to the same anomalous
region while not all of them contribute to the same non-anomalous region. In con-
trast, anomalous regions persist in the path x̃∅

0,t, t ∈ {ti}Ti=0. The high frequency
components are compressed before low frequency components, e.g., anomalous
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regions. Initially, the difference between MSE∅
t and MSEh

t increases because
the unguided path tends to compress high frequency details (non-anomalous
region) while the healthy label guided path is more likely to remove low fre-
quency anomalous regions. At the maximal difference, e.g., t = 400 in Fig. 2,
we interpret it as the low frequency anomalous regions are fully removed in the
path x̃h

0,t, t ∈ {ti}400i=0, while all high frequency details are compressed in the

path x̃∅
0,t, t ∈ {ti}400i=0. Subsequently, the difference starts to decrease, signifying

the compression of non-anomalous regions in the path x̃h
0,t, t ∈ {ti}600i=400 and

low frequency anomalous regions in the path x̃∅
0,t, t ∈ {ti}600i=400. Consequently,

we select the step t that achieves the maximal difference between MSEt
∅ and

MSEt
h as the end step te. MSEt

∅ serves as a reference, indicating the completion
of anomalous region removal, thereby eliminating the need for pixel-level labels.

Contributions: (i) Eliminating the need for pixel-level labels in hyperparame-
ter tuning by using unguided denoised inputs as reference; (ii) A novel anomaly
segmentation framework using the forward process of DM (iii) A novel anomaly
map aggregation strategy to enhance the signal strength of anomalous regions.

Related Work Prior to the development of DM, GAN and VAE dominated
the field of anomaly segmentation [16,3,23]. However, GAN is often criticized for
their unstable training, while VAE is not ideal because of their limited expres-
siveness in the latent space and a tendency to produce blurry reconstructions.
DM is a promising alternative due to its successes in image synthesis [4]. In the
arena of unsupervised anomaly segmentation, innovations such as AnoDDPM
[22] have applied the unguided denoising diffusion probabilistic model (DDPM)
with simplex noise [11] to achieve notable segmentation outcomes. Furthermore,
Behrendt et al. [2] have enhanced model performance by utilizing patched images
as inputs to mitigate generative errors, while Iqbal et al. [8] have explored the use
of masked images in both physical and frequency domains. The latent diffusion
model concept, detailed by Rombach et al. [13], has been adeptly incorporated
for fast segmentation in Pinaya et al. [12]. In the domain of weakly-supervised
approaches, pioneering efforts by Wolleb et al. [21] have leveraged DDIM with
classifier-guidance [4], a technique paralleled in Sanchez et al. [15]’s adoption of
DDIM with classifier-free guidance [7], similar to the DDIB approach [19]

2 Background

2.1 Diffusion Models

During the training, the model ϵθ which is parameterized by θ learns the un-
known data distribution q(x0) by adding noise to the data and subsequently
denoising it. The model here is usually the U-net like architectures [14]. To be
more specific, the forward process of DDPM is factorized as q(x1:T | x0) =∏T

t=1 q(xt | xt−1), which is fixed to a Markov chain with variance schedule
β1, ..., βT . The transition from xt−1 to xt is modeled as Gaussian q(xt | xt−1) =
N

(
xt |

√
1− βtxt−1, βtI

)
and the distribution of transition from any arbitrary
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Fig. 1. Overview of the proposed AnoFPDM framework. The forward process is uti-
lized to extract the denoised inputs x̃h

0,t and x̃∅
0,t for t > 0 in terms of healthy label

guidance and no guidance. Then, we collect the mean square error MSE∅
t as a refer-

ence for hyperparameter tunning (end step te and threshold) and MSEh
t for aggregated

anomaly map.

x̃
h 0
,t

x̃
∅ 0
,t

M
S
E

h t
M

S
E

∅ t

t = 1 t = 100 t = 200 t = 300 t = 400 t = 500 t = 600

Fig. 2. An example of the four components used in our framework from t = 0 to
t = 600.

step t, i.e., forward process, is in closed form

xt =
√
ᾱtx0 +

√
1− ᾱtϵ, (1)
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where ϵ ∼ N (0, I), ᾱt =
∏t

i=1 αi and αt = 1− βt.

The sampling process pθ (x1:T ) = p(xT )
∏T

t=1 pθ(xt−1 | xt) is the transition
from xT to x0 with the learned distribution pθ (xt−1 | xt) which is the approx-

imation of inference distribution q(xt−1 | xt,x0) = q(xt | xt−1,x0)
q(xt−1|x0)
q(xt|x0)

.

The forms of both distributions q and pθ are Gaussian. The training process is
the minimization of KL-divergence

KL [q(x1:T | x0) | pθ(x1:T | x0)] = Ex1:T∼q(x1:T |x0)

[
log

q(x1:T | x0)pθ(x0)

pθ(x0:T )

]
.

(2)
A variation of DDPM is DDIM [17]. It is non-Markovian, incorporating the
input x0 into the forward process. The inference distribution is factorized as
qσ(x1:T | x0) = qσ(xT | x0)

∏T
t=2 qσ(xt−1 | xt,x0) for all t > 1. The forward

process can be obtained through Bayes’ theorem in closed form:

qσ(xt+1 | xt,x0) = N
(
√
ᾱt+1x0 +

√
1− ᾱt+1 − σ2

t

xt −
√
ᾱtx0√

1− ᾱt
, σ2

t I

)
, (3)

where σt is set to 0. They both share the same objective function in training.

2.2 Classifier-free Guidance

The classifier-free guidance exhibits superior performance in generative tasks
compared to classifier guidance [7]. Additionally, both training and sampling
processes are simplified as it eliminates the need for an external classifier. In
the sampling process, the predicted noise is replaced by the noise with guid-
ance. For any t ≥ 0, the predicted noise ϵθ

i,t with guidance ci is ϵθ
i,t =

(1 + w)ϵθ(xt, t, ci) − wϵθ(xt, t, ∅). The parameter w controls the strength of
guidance. For null label ∅, the predicted noise ϵθ

i,t = ϵθ(xt, t, ∅). The model ϵθ
with guidance is implemented by utilizing the extra attention mechanism [20].

3 Methodology

We utilize the forward process to extract the denoised inputs x̃h
0,t and x̃∅

0,t for
t > 0 in terms of healthy label and null label. Then, we collect the mean square
error MSEh

t and MSE∅
t for further analysis. Our first step involves determining

the health status of the input x0 by assessing the cosine similarity between
MSEh

t and MSE∅
t . The details can be found in supplementary material. If the

input is deemed unhealthy, we determine the optimal end step te ∈ {tj}T0 and
threshold for segmentation.

3.1 Denoised Inputs with Classifier-free Guidance

We can add noise to the inputs in forward process with either DDPM style
using Eq. 1 or DDIM style using Eq. 3 without label information. After adding
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the noise on step t, we extract the denoised inputs with healthy guidance and
without guidance by Eq. 4 and Eq. 5 respectively.

x̃h
0,t =

xt −
√
1− ᾱt [(1 + w)ϵθ(xt, t, h)− wϵθ(xt, t, ∅)]√

ᾱt
(4)

x̃∅
0,t =

xt −
√
1− ᾱtϵθ(xt, t, ∅)√

ᾱt
(5)

Then, we collect MSEh
t =

(
x̃h
0,t − x0

)2

and MSE∅
t =

(
x̃∅
0,t − x0

)2

.

3.2 Dynamical Noise Scale and Threshold

We use the unguided reference path to determine the appropriate end step te, i.e.,
noise scale, for each input. It is chosen based on the maximal absolute average
difference between two MSEs, i.e.,

te = argmax
t

∑D
d=1

∑H
i=1

∑W
j=1

∣∣MSEh
t −MSE∅

t

∣∣
D ×H ×W

, t ∈ {ti}T0 . (6)

Note that MSEh
t ,MSE∅

t ∈ R+
D×H×W . To obtain the anomaly map H

for segmentation, we average MSEh
t for t ∈ {ti}te0 for all modalities,

i.e., H =
∑D

d=1

∑te
t=0 MSEh

t [d]

te×D . Similarly, the segmentation threshold is indi-
vidually determined for each input. We observe that the value of M =

max

(∑D
d=1

∑H
i=0

∑W
j=0

∣∣MSEh
t −MSE∅

t

∣∣
D×H×W

)
for t ∈ {ti}T0 is roughly linearly related

to the size of tumor. Intuitively, a larger anomalous region corresponds to a
larger difference value M as more regions are removed. A smaller quantile is
selected for a larger anomalous region to include more possible pixels. For a
comprehensive understanding of our selection process, please refer to Algorithm
1, detailed in the supplementary material

4 Experiments

We train and evaluate the proposed method on BraTS21 dataset [1]. BraTS21
dataset comprises of three-dimensional Magnetic Resonance brain images depict-
ing subjects afflicted with a cerebral tumor, accompanied by pixel-wise annota-
tions serving as ground truth labels. Each subject undergoes scanning through
four distinct MR sequences, specifically T1-weighted, T2-weighted, FLAIR,
and T1-weighted with contrast enhancement. Given our emphasis on a two-
dimensional methodology, our analysis is confined to axial slices. There are 1,254
patients and we split the dataset into 939 patients for training, 63 patients for
validation, 252 patients for testing. We randomly select 1,000 samples in valida-
tion set for parameter tuning and 10,000 samples in testing set for evaluation.
For training, we stack all four modalities while only FLAIR and T2-weighted
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modalities are used in inference. For preprocessing, we normalize each slice by
dividing 99 percentile foreground voxel intensity and then, pixels are scaled to
the range of [−1, 1]. Finally, all samples are interpolated to 128×128. Our model
is trained as proposed in [17] with 2 Nvidia A100 80GB GPUs, and the hyper-
parameters are demonstrated in supplementary material. The backbone U-net
is from the previous work [15].

4.1 Results: Weakly-supervised Segmentation

We report pixel-level DICE score, intersection over union (IoU) and area under
the precision-recall curve (AUPRC) in terms of foreground area in Table 1. The
performance on 10,000 mixed data, comprising 4,656 unhealthy samples and
5,344 healthy samples, along with the performance on all 4,656 unhealthy data
are reported separately. For our method, we present results for three setups: (i)
DDPM forward (stochastic encoding): Eq. 1 is used to add noise to inputs;
(ii) DDIM forward (deterministic encoding): the inputs are noised by Eq. 3;
(iii) tuned with labels: the hyperparameter is tuned with pixel-level labels
for all inputs (non-dynamical) and noise is added using DDIM forward. For
comparison methods, we report the results from AnoDDPM with Gaussian noise
[22], pure DDIM, DDIM with classifier [21] and DDIM classifier-free [15]. The
first two methods are only trained on healthy data and the hyperparameters
of all methods are tuned by using 1000 slices in validation set. Note that our
methods do not require pixel-level labels for tunning. We adopt median filter
[9] and connected component filter for postprocessing. The details are provided
in supplementary material. We surpass the previous methods in a quantitative
evaluation. The qualitative results are shown in Fig. 4. It shows that our method
can enhance the signal strength of the anomalous regions.

Table 1. Segmentation performance on all slices and unhealthy slices. If the methods
involve random noise, the standard deviations are reported based on three rounds of
experiments. The best performance is in bold.

Mixed Unhealthy

Methods DICE IoU AUPRC DICE IoU AUPRC

AnoDDPM (Gaussian)[22] 66.1±0.1 61.7±0.1 51.8±0.1 37.6±0.1 28.1±0.1 61.3±0.1
DDIM unguided 68.4±0.1 63.7±0.1 54.3±0.1 40.7±0.7 31.0±0.1 63.4±0.1
DDIM clf[21] 76.5±0.1 71.0±0.1 58.4±0.3 52.2±0.2 40.4±0.2 61.6±0.2
DDIM clf-free[15] 74.3 69.1 59.9 49.1 38.1 61.4

Ours (DDPM forward) 77.6±0.1 71.3±0.1 72.4±0.1 56.0±4.0 45.7±3.5 76.1±0.1
Ours (DDIM forward) 77.8 72.0 69.7 54.0 43.5 72.3
Ours (tuned with labels) 77.7 71.8 69.5 53.2 42.6 72.4
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4.2 Ablation Study: Hyperparameter Selection

To validate the effectiveness of our chosen te, we randomly select 100 unhealthy
samples from the validation set and calculate the AUPRC at different steps. In
Fig. 3 (a), we illustrate the change in mean and standard deviation of AUPRC
over different steps. Notably, the maximal AUPRC is achieved at t = te, support-
ing the feasibility of our selection. Another hyperparameter under consideration
is the guidance strength w. However, it does not significantly impact perfor-
mance. The sensitivity of w with respect to DICE is depicted in Fig. 3 (b).

0.1te    0.5te     te T
Step

0

0.2

0.5

0.8

1

PR
AU

C

1.2 1.4 1.6 1.8 2.0 2.2
w

0.768

0.772

0.775

0.777
0.778
0.777

DI
CE

Fig. 3. (a) AUPRC at different end steps. It reaches its maximum at our selection te (b)
Sensitivity of the guidance strength w. It does not significantly impact the performance.

5 Conclusion

In this paper, we propose a novel anomaly segmentation framework that elim-
inates the need for pixel-level labels in hyperparameter tuning. We utilize de-
noised inputs without label guidance as a reference for selecting the noise scale
and dynamic threshold of the anomaly map. By aggregating anomaly maps from
each forward step, we enhance the signal strength of anomaly regions, which im-
proves the quality of anomaly maps. Our method surpasses the previous methods
in terms of weakly-supervised segmentation on BraTS21 dataset.
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Supplementary Material

A. Hyperparameter Settings

The parameters for the diffusion model used in our method are detailed in Table
2.

Table 2. Hyperparameters used in our method.

Diffusion steps 1000
Noise schedule linear

Channels 128
Heads 2
Attention resolution 32,16,8
Dropout 0.1
EMA rate 0.9999

Optimiser AdamW
Learning rate 1e−4

β1, β2 0.9, 0.999

Batch size 64
Null label ratio 0.1
Guidance strength w 2

B. Byproducts of MSE Inference

Two byproducts of MSE inference are classification and threshold selection.
To determine the label of inputs x0 without the pixel-level labels, we utilize

cosine similarity Cos

(∑D
d=1

∑H
i=1

∑W
j=1 MSEh

D×H×W ,
∑D

d=1

∑H
i=1

∑W
j=1 MSE∅

D×H×W

)
. Note that

MSE∅,MSEh ∈ RD×T×H×W
+ . In Fig. 5, we compare the MSE of 50 healthy

samples and and 50 unhealthy samples. In the Fig. 5 (a) and (b), we observe
that MSEh

t and MSE∅
t in healthy samples are more similar compared to those

in unhealthy samples. Consequently, we determine the threshold Costhr that
achieves maximal accuracy in the validation set.

In the Fig. 5 (c), we depict the relationship between the size of the anomalous
region (number of pixels) and the maximal difference value M . Notably, they
exhibit a relatively linear relationship. This observation serves as a rough indi-
cation of the size of the anomalous region and can be utilized for the selection of
the quantile Q without relying on pixel-level labels. We select the segmentation
quantile Q∗ ∈ [a, b] of the anomaly map H for each input x0 by Algorithm. 1.
The input Mmax is obtained from the validation set for scaling. A smaller quan-
tile is selected for a larger anomalous region to include more possible pixels. In
our case, we select a = 0.90, b = 0.98. Then, the predicted pixel-level labels is
obtained as H ≥ Q∗.
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Algorithm 1: Selection of quantile Q for a single input x0

Input: Mmax, a, b, H
range = reverse(linspace(a, b, 101)) # Set quantile range

Ms = clamp
(

M
Mmax

, 0, 1
)

index = round(Ms, 2) × 100 # Keep 2 digits
Return Q∗ = quantile(H, range [index])
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Fig. 5. Analysis of Mean Squared Errors (MSEs) across datasets and their dependency
on mask size. (a) Compares MSEs across 50 healthy subjects, (b) contrasts these with
MSEs from 50 unhealthy subjects, and (c) illustrates the relationship between mask
size and the maximum absolute difference in MSEs

C. Postprocessing

After we obtain the anomaly map, we apply a median filter with kernel size 5 to
effectively enhance the performance. Then, we apply the connected component
filter to remove the small connected components which is regarded as noise. We
apply the same postprocessing to all methods for fair comparison.
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