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Abstract
In safety-critical domains such as medical diagnostics and au-
tonomous driving, single-image evidence is sometimes insuf-
ficient to reflect the inherent ambiguity of vision problems.
Therefore, multiple plausible assumptions that match the im-
age semantics may be needed to reflect the actual distribution
of targets and support downstream tasks. However, balanc-
ing and improving the diversity and consistency of segmen-
tation predictions under the high-dimensional output spaces
and potential multimodal distributions is still challenging.
This paper presents Hierarchical Self-Regulation Diffusion
(HSRDiff), a unified framework that simulates joint proba-
bility distribution over entire labels. Our model self-regulates
the balance between the two modes of predicting the label
and noise in a novel “differentiation to unification” pipeline
and dynamically fits the optimal path to model the aleatoric
uncertainty rooted in observations. In addition, we preserve
the high-fidelity reconstruction of the delicate structure in im-
ages by leveraging the hierarchical multi-scale condition pri-
ors. We validate HSRDiff in three different semantic scenar-
ios. Experimental results show that HSRDiff is superior to the
comparison method with a considerable performance gap.

Code — https://github.com/yanghan-yh/HSRDiff.git

Introduction
Due to the powerful representation ability (Yang et al.
2024a, 2023a) of deep neural networks, image semantic seg-
mentation has made significant progress (Chen et al. 2017,
2018; Yang et al. 2022b; Zhao et al. 2017; Wang et al. 2020;
Yang et al. 2022a). At present, most of the methods are deter-
ministic models (Isensee et al. 2021; Yang et al. 2023b; Ron-
neberger, Fischer, and Brox 2015), that is, only one segmen-
tation prediction with the highest probability and the best
match is generated for a given image, which is practical in
many scenarios. However, for some safety-critical domains,
a single segmentation prediction is insufficient to reflect the
inherent ambiguity of the natural visual world. For example,
in medical diagnosis, different radiologists often make dif-
ferent diagnoses due to the ambiguity of lesions and organ
margins (Yang et al. 2022b). Also, in road driving, differ-
ent observation conditions may cause foreign judgments of
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Figure 1: The motivation of HSRDiff. (a) mIoU of different
datasets under different DDPM modes with global condition
guidance; (b) Generated samples of CIMD (with the global
condition) and HSRDiff (with the multi-scale condition).

objects by human eyes. Therefore, the goal of stochastic se-
mantic segmentation is to model the aleatoric uncertainty of
the label and condition to a given image, thereby providing
multiple reasonable and effective segmentation assumptions
to improve the decision confidence of downstream tasks.

Many VAE-based methods have been proposed to com-
plete the stochastic semantic segmentation tasks (Kohl et al.
2018, 2019; Bian et al. 2020). Still, the diversity of their pre-
diction results is limited because they rely on a strict condi-
tion of the axis-aligned Gaussian latent posterior distribu-
tion. In recent years, due to the powerful generative ability
of Denoising Diffusion Probabilistic Models (DDPMs) (Ho,
Jain, and Abbeel 2020), some stochastic segmentation works
based on DDPM have been proposed successively (Rahman
et al. 2023; Zbinden et al. 2023; Wolleb et al. 2022). They
predict the application noise or label map at each timestep
and let the network model the underlying structure of the
dataset in the reverse diffusion process with global guid-
ance of condition information. However, there are still two
problems: (1) Global condition information is insufficient
to guide the network to model the rich probability dis-
tribution of targets (Kohl et al. 2019; Xu et al. 2024):
High-resolution features contain more fine-structure infor-
mation, which is conducive to predicting small targets. Low-
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resolution features include more contextual information and
are more suitable for significant target prediction. As shown
in Figure 1 (b), the global condition information ignores the
multi-scale local variations in the target, which reduces the
modeling ability of some fine details and makes the network
unable to learn a richer probability distribution with more
detailed information. (2) Using only a single prediction
mode of predicting noise or label map does not guaran-
tee superior performance in various semantic scenarios,
especially across domains: As shown in Figure 1 (a), the
data distributions of different semantic scenarios have con-
siderable gaps, so they may have different preferences for
being modeled by predicting noise with statistical properties
and labels with multimodal details.

This paper considers the following two points: (1) How
to introduce and effectively integrate hierarchical multi-
scale structure information and (2) How to integrate the
two prediction modes while maintaining their differentia-
tion. Therefore, we propose a Hierarchical Self-Regulation
Diffusion (HSRDiff) framework to solve the above prob-
lems. The proposed method adopts a novel “differentiation
to unification” predicting pipeline. Firstly, in each denois-
ing step, we adopt two modes of independently predicting
the external noise and the label map simultaneously. Sec-
ondly, a trainable self-regulating parameter is used to unify
the two modes dynamically to find the optimal path for re-
construction. This pipeline allows our proposed method to
maintain superior performance across various semantic sce-
narios. Additionally, beyond the conventional global condi-
tion information, HSRDiff incorporates hierarchical multi-
scale conditional priors to guide the decoder’s reconstruction
process. This enables HSRDiff to model richer probability
distributions within the conditions, resulting in more refined
segmentation. The fusion of hierarchical multi-scale condi-
tional information and the dynamic self-regulation modeling
process makes the distribution of predictions achieve maxi-
mum improvement and balance in diversity and consistency.
The contributions of this paper are summarized as follows:

• We introduce a novel Self-Regulation Diffusion (SRDiff)
method: SRDiff uses two independent modes to pre-
dict labels and noise separately, replacing the standard
single-mode prediction. It then integrates information
from both paths to self-regulate the application of each
mode, choosing the optimal modeling path. This results
in a “differentiation to unification” prediction pipeline.

• A novel hierarchical multi-scale framework Hierarchi-
cal Self-Regulation Diffusion (HSRDiff) for stochastic
semantic segmentation is proposed based on SRDiff:
HSRDiff uses hierarchical condition prior and SRDiff to
effectively model label distribution and generate segmen-
tation hypotheses that capture multi-scale uncertainty.

• We verify the proposed method on three semantic scenar-
ios: We achieve state-of-the-art (SOTA) performance on
three semantic scenarios of the LIDC-IDRI, MS-Lesion,
and the multimodal Cityscapes dataset.

Related Works
Uncertainty in Deep Learning. The uncertainty in ma-
chine learning can be divided into epistemic uncertainty and
aleatoric uncertainty (Hüllermeier and Waegeman 2021).
Epistemic uncertainty refers to the uncertainty of model pa-
rameters, which measures whether the input exists in the
data distribution that has already been seen. This uncertainty
can be explained as long as there is enough data. The prob-
lem in this paper is aleatoric uncertainty, which refers to the
inherent uncertainty in the observation. This uncertainty is
not introduced by the model and cannot be resolved by in-
creasing the amount of data. Well-calibrated quantification
of aleatoric uncertainties is an essential step for further de-
veloping deep learning in safety-critical areas.
Stochastic Semantic Segmentation. In segmentation tasks,
the most common paradigm is deterministic segmentation,
which refers to learning a single label for each input image
and predicting a single segmentation mask (Ronneberger,
Fischer, and Brox 2015; Oktay et al. 2018; Isensee et al.
2021; Yang et al. 2022b, 2023b). However, in some safety-
critical areas, it is necessary to quantify aleatoric uncertain-
ties in the dataset and provide multiple segmentation as-
sumptions. Initially, some works (Kendall and Gal 2017;
Tanno et al. 2017) propose quantifying aleatoric uncertainty
at the pixel level through Bayesian deep learning. How-
ever, these methods ignore the structural information and
the joint distribution of labels. Later, Kohl et al. (Kohl et al.
2018) introduces a generative segmentation model Proba-
bilistic U-Net (Prob. U-Net) based on the combination of U-
Net and conditional variational autoencoder (c-VAE), which
can effectively generate an infinite number of reasonable as-
sumptions. Many works (Baumgartner et al. 2019; Badri-
narayanan, Kendall, and Cipolla 2017; Kohl et al. 2019;
Zhang et al. 2022) extend Prob. U-Net to a hierarchical ver-
sion to improve the expressiveness of the model by fitting
more complex distributions. There are also some concurrent
works independent to c-VAE. Gao et al. (Gao et al. 2022)
proposes a mixture of stochastic experts model, which si-
multaneously estimates different modes of aleatoric uncer-
tainty through multiple expert networks, resulting in an ef-
fective two-level uncertainty representation.
Diffusion Model for Stochastic Segmentation. Diffusion
models excel in various visual fields due to their ability to
model complex distributions (Amit et al. 2021; Wu et al.
2022; Chung, Sim, and Ye 2022; Whang et al. 2022; Feng
et al. 2024; Liu et al. 2023; Yang et al. 2024b). While many
works (Monteiro et al. 2020; Chen, Zhang, and Hinton 2022;
Rahman et al. 2023; Zbinden et al. 2023) use conditional
diffusion models to simulate label distributions in stochas-
tic segmentation, their reliance on global conditional infor-
mation and single-mode denoising limits sample diversity
and fine semantic expression. Benny et al. (Benny and Wolf
2022) addressed image quality issues during faster sampling
by predicting noise and image simultaneously, which in-
spired us. However, their method has two key limitations:
a) Shared parameters during decoding make it hard to dis-
tinguish between the two modes. b) The fusion parameter
generation doesn’t interact with the mode predictions, lim-
iting the ability to achieve a good balance. Our work uses
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Figure 2: The architecture of HSRDiff. A) Hierarchical Multi-scale Condition Guidance. The feature of each step before
down-sampling in EC is composed of Fh, which is fused with the feature of corresponding resolution before each step of
up-sampling in Dϵθ/xθ

. B) Self-Regulating Process. The mechanism takes fϵθ , fxθ
, ϵθ, and xθ as inputs. Through a series of

transformations, a self-regulating parameter κϕ is obtained from fϵθ and fxθ
. We synthesize xt−1 in terms of κϕ, ϵθ, and xθ.

the hierarchical multi-scale condition guidance and the self-
regulating dual-mode prediction pipeline of “differentiation
to unification” to effectively improve the diversity of output
space and the ability to reconstruct delicate structures.

Method
We start by reviewing preliminary knowledge, followed by
a description of the HSRDiff structure. Finally, we outline
the training and inference procedures for the algorithm.

Review Process
The diffusion model trains parameterized Markov chains
by variational inference, demonstrating better perfor-
mance than Generative Adversarial Models, Variance Auto-
Encoder, and Normalization Flow Model for many tasks.

In simple terms, the diffusion model is the process of
gradually denoising data from pure noise through neural net-
work learning, which contains two steps of fixed forward
process q and learnable reverse process pθ.

The forward process is an iterative process of gradually
adding noise to a sample x0 to generate xt for t ∈ [1, T ].
According to (Ho, Jain, and Abbeel 2020), this iterative pro-
cess can be formalized as Equ.(1).

q(xt|xt−1) = N (xt;
√
1− βtxt−1;βtI) (1)

Here βt is a variable that varies with time t, and its chang-
ing strategies include linear timetables, cosine timetables,
and so on. Specific to each step of the calculation, xt =√
1− βtxt−1+

√
βtϵ, where ϵ is a standard Gaussian distri-

bution ϵ ∼ N (0, I). By converting with αt =
∏t

s=1(1−βs),

we can use Equ.(2) to transform x0 to xt at any time.

q(xt|x0) = N (xt;
√
αtx0; (1− αt)I) (2)

The reverse process is treated as pθ(xt−1|xt), where θ
represents the parameters of the neural network. Since the
noise we added in the forward process is Gaussian noise,
we assume that the reverse denoising process also removes
Gaussian noise. The Gaussian distribution is determined by
mean µθ and variance σt, so the reverse process can be rep-
resented by Equ.(3):

pθ(xt−1|xt) = N (xt−1;µθ(xt, t), σ
2
t I) (3)

σt is a constant determined by βt. Referring to (Ho, Jain,
and Abbeel 2020), the simplified optimization objective of
the diffusion model can be represented as follows.

L = Et,x0,ϵ||ϵ− ϵθ(
√
αtx0 +

√
1− αtϵ, t)||2 (4)

Hierarchical Self-Regulation Diffusion
In Fig.2, we present the architecture of the Hierarchical
Self-Regulation Diffusion (HSRDiff). In the training phase,
HSRDiff receives pairs of conditional image c with dimen-
sion B × C ×W ×H and ground truth x0 with dimension
B×M ×H×W as inputs in the training dataset, where the
M is the class number. Since each c corresponds to multi-
ple annotations, we randomly select one annotation as x0 in
each iteration. With a sufficient number of iterations, this en-
sures learning the entire annotation set with equal probabil-
ity. HSRDiff’s prediction involves three steps: (1) Forward
Process and Encoding; (2) Hierarchical Multi-scale Condi-
tion Guidance; (3) Self-Regulation Diffusion (SRDiff).
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Algorithm 1: HSRDiff Training Procedure
1. A label is randomly sampled from the annotation set as x0 if
multiple annotations exist; otherwise, the label is directly loaded
as x0.
2. Sample the timestep t of each training process according to the
diffusion step T , and then compute xt according to xt =

√
αtx0+√

1− αtϵ, where ϵ ∼ N (0, I).
3. Input xt and the conditional image c corresponding to x0 into
HSRDiff to generate ϵθ , xθ and κϕ.
4. Train the HSRDiff according to ▽θ(λ1(||ϵ − ϵθ||2 + ||x0 −
xθ||2) + λ2||µ̃t − κϕµxθ − (1 − κϕ)µϵθ ||

2) until the specified
maximum epoch number.

Algorithm 2: HSRDiff Inference Procedure
Require: Sample xT from the standard Gaussian distribution
N (0, I) and load the conditional image c to be segmented
from the test dataset as inputs;

Ensure: Multiple prediction results {xj
0}Nj=1, where N represent

the sample number.
1: for j = 1, ..., N do
2: for t = T, ..., 1 do
3: If t > 1, sample ϵ ∼ N (0, I); Otherwise ϵ = 0;
4: Input xt and c into HSRDiff to generate ϵθ , xθ and κϕ.
5: Obtain xt−1 iteratively according to xt−1 ← µθ + σtϵ,

where µθ = κϕ(
1√

1−βt
xt − βt√

1−αt
√
1−βt

ϵθ) + (1 −

κϕ)(
√
1−βt(1−αt−1)

1−αt
xt +

√
αt−1βt

1−αt
xθ).

6: end for
7: return xj

0

8: end for
9: return {xj

0}Nj=1

Forward Process and Encoding Firstly, we add Gaus-
sian noise on the input x0 to obtain xt according to Equ.(2).
Then, we feed xt and c into an image encoder Ed and a
condition encoder Ec, respectively. The condition encoder
Ec generates a global condition fg and a hierarchical multi-
scale condition set Fh in Hierarchical Multi-scale Condition
Guidance process. fg and the feature extracted by the image
encoder Ed are input into a middle blockM to extracts the
feature fm, which is defined as fm = M(Ed(xt), fg). Fi-
nally, the hierarchical multi-scale condition set Fh and fm
will be fed into Self-Regulation Diffusion to generate the
predicted noise ϵθ, the predicted label map xθ and the distri-
bution mean µθ modeled by HSRDiff.

Hierarchical Multi-scale Condition Guidance Briefly,
the denoising process for each timestep t of HSRDiff can
be represented as pθ(xt−1|xt, fg, Fh). We use a global con-
dition fg and a hierarchical multi-scale condition set Fh

to model the top-down dependence between condition in-
formation and label maps. Specifically, the highest level
features extracted from Ec serve as the global condition
fg . Features before each down-sampling of Ec represent
fk, k = [1, 2, ..., L], and L indicates the number of Res-
Block in Ec. These features form the hierarchical multi-
scale condition set Fh, Fh = [f1, f2, ..., fL]. The fusion of
Fh and the denoising process is shown in Figure 2 (A). Each
feature fk in Fh as the condition is connected with the fea-
ture of the corresponding scale in Dϵθ and Dxθ

before the

usual up-sampling operation. In this way, Dϵθ and Dxθ
learn

the semantic features of the conditions at different scales in
each step t and can therefore perform high-fidelity recon-
struction of the fine structure in images. Detailed structures
of Ec, Dϵθ , and Dxθ

are shown in Appendix B.1.

Self-Regulation Diffusion Because they are entirely dif-
ferent modeling logic for decoders to predict noise with sta-
tistical properties and label maps with delicate structures,
SRDiff is designed in the following two steps: i) Differen-
tiation: Two independent decoding paths are used to pre-
dict noise ϵ and ground truth x0, respectively, to express the
distinction of different prediction modes better. ii) Unifica-
tion: The application probability of the two modes is self-
regulated based on the posterior information from the differ-
entiation decoding process, achieving the unification of both
modes. We cover these two steps in detail below.
Step1: Differentiation. The two independent decoding paths
have their own separate decoders which are represented as
Dϵθand Dxθ

. Dϵθ and Dxθ
take fm and Fh as inputs to gen-

erate intermediate features fϵθ and fxθ
. Then fϵθ and fxθ

pass through a independent convolutional layer C and are
supervised by ϵ and x0 to obtain the preliminary prediction
ϵθ and xθ. This differentiation process can be formalized as:

Pϵ : fϵθ = Dϵθ (fm, Fh), ϵθ = Cϵθ (fϵθ ) (5)
Px : fxθ

= Dxθ
(fm, Fh), xθ = Cxθ

(fxθ
) (6)

Step2: Unification (Self-Regulating process). As shown in
Figure 2 (B), fϵθ and fxθ

are used as the posterior infor-
mation of the differentiation path for further extraction and
fusion. First, we pass fϵθ and fxθ

through two independent
convolution layers and add the extracted features to gener-
ate fdual. Then, fdual is compressed by a small and simple
downsampling network Φ to obtain a two-dimensional en-
coding κϕ, which is called the self-regulating parameter.

κϕ = softmax(Φ(flatten(C1(fϵθ ) + C2(fxθ
)︸ ︷︷ ︸

fdual

))) (7)

Finally, we can obtain the final distribution mean µθ of
HSRDiff by using κϕ to weighted summation of the distri-
bution means corresponding to ϵθ and xθ.

µθ = κϕµxθ
+ (1− κϕ)µϵθ (8)

The training procedure of HSRDiff is shown in Algorithm
1. The new loss function L of HSRDiff also consists of two
parts. The first part, Ld, is the independent optimization of
the two decoding paths, representing the differentiation be-
tween the two modes. The second part, Lu, is the overall
optimization of the network modeling distribution, promot-
ing the unification of the two modes.

L =[λ1(||x0 − xθ||2 + ||ϵ− ϵθ||2)︸ ︷︷ ︸
differentation loss Ld

+ λ2||µ̃t − κϕµxθ
− (1− κϕ)µϵθ ||2︸ ︷︷ ︸

unification loss Lu

]
(9)

Where µ̃t =
√
αt−1βt

1−αt
x0+

√
αt(1−αt−1)

1−αt
xt, denotes the mean

of the true posterior q(xt−1|xt, x0) = N (xt−1, µ̃t, β̃tI). λ1

and λ2 are used to regulate the relative degree of differenti-
ation and unification.

1704



Inference
According to (Ho, Jain, and Abbeel 2020), the sampling of
HSRDiff can be expressed as:

pθ(xt−1|xt, fg, Fh) = N (xt, µθ, σ
2
t I) (10)

Since we use the “differentiation to unification” predic-
tion pipeline, we need to modify the calculation of µθ

in standard DDPM. For standard DDPM, when predicting
noise ϵ or label map x0 alone, the formula of the mean of
distribution pθ can be calculated as:

µϵθ =
1√

1− βt

xt −
βt√

1− αt

√
1− βt

ϵθ (11)

µxθ
=

√
1− βt(1− αt−1)

1− αt
xt +

√
αt−1βt

1− αt
xθ (12)

According to Equ.(8), we perform a weighted addition of
µϵθ and µxθ

by self-regulating parameter κϕ.

µθ =κϕ(
1√

1− βt
xt −

βt√
1− αt

√
1− βt

ϵθ) + (1

− κϕ)(

√
1− βt(1− αt−1)

1− αt
xt +

√
αt−1βt

1− αt
xθ)

(13)

Then inference from Gaussian noise xt according to
xt−1 ←− µθ + σtϵ, and iteratively denoise at each timestep
until x0 is obtained. To sum up, we can simply express the
inference process of HSRDiff as the Algorithm 2.

Experiments
Datasets
Lung Nodule Segmentation (LIDC-IDRI) The LIDC-
IDRI dataset is a typical abnormality dataset representing
the CT image ambiguity. It contains 1018 lung 3D CT scans
from 1010 lung cancer patients, where four anonymous ex-
perts annotate scans for each volume. The four experts first
annotated all the scans independently and then adjusted their
masks according to the annotations of others, so up to three
masks per image can be empty sets. We obtain 2026 slices
after preprocessing, and each slice is cut to a 128×128
patch. Finally, the training set consists of 1620 images, and
the test set consists of 406 images.
Multiple Sclerosis Lesion Segmentation (MS-Lesion) The
dataset includes 84 longitudinal MRI scans from 5 subjects
(Carass et al. 2017). Two experts, with 4 and 10 years of
experience, annotated the MS-related white matter lesions.
Each MRI slice is converted into a 2D image with corre-
sponding segmentation masks, featuring four scan types:
PD, Flair, MP RAGE, and T2. The training set contains 2300
slices, and the test set includes 531 slices.
Multimodal Semantic Segmentation (Cityscapes)
Cityscapes is a multi-class semantic segmentation dataset.
It consists of street view images taken from cars with
corresponding semantically segmented maps, where each
image is labeled using 19 possible classes, and each image
corresponds to one annotation. The official training dataset
consists of 2975 images, and the validation dataset contains
500 images. We set up two experiments on Cityscapes. Ex-
perimental Group 1: Following (Kohl et al. 2018, 2019; Gao

et al. 2022), we randomly flipped the five original semantic
classes into five new classes with a certain probability for
stochastic semantic segmentation. Experimental Group 2:
We following (Zbinden et al. 2023) provided results in
deterministic segmentation without injecting ambiguity.
The detailed operation can be found in the Appendix C.

Experiment Setup
Metrics For the LIDC-IDRI, we use Generalized Energy
Distance (GED), Hungarian-Matched Intersection-over-
Union (HM-IoU), and Maximum Dice Matching (MDM) to
measure model performance. Subscripts indicate the num-
ber of samples. For the Cityscapes dataset, we adopt the
GED and HM-IoU in Experimental Group 1, and Mean
Intersection-over-Union (mIoU) in Experimental Group 2.
In Experimental Group 2, we fuse the results of multiple
samples using the average predicted probability.
Implementation Details HSRDiff is implemented using
Pytorch. For LIDC-IDRI, we crop images to 128×128 reso-
lution and train for 500 epochs with a batch size of 40. MS-
Lesion dataset uses the same settings as LIDC-IDRI but we
resize the slice to 128×128. For Cityscapes, our two experi-
mental groups followed the settings of (Kohl et al. 2018) and
(Zbinden et al. 2023) respectively, training for 800 epochs
with a batch size of 4. Across all experiments, we use 250
time steps with a linear noise schedule and the AdamW op-
timizer with a learning rate of 10−4. Both λ1 and λ2 are set
to 1. Based on the different sizes of C1 and C2, we define
two model scales: HSRDiff and HSRDiff-light. Specific pa-
rameters can be found in the Appendix B.2.

LIDC: Typical Stochastic Segmentation
We quantitatively compare HSRDiff with the previous meth-
ods under sample number N = {16, 32}. It is worth not-
ing in Table 1 that HSRDiff performs best on all metrics
of GED, HM-IoU, and MDM, and HSRDiff-light performs
second best. This proves that HSRDiff can achieve stable
and excellent performance improvement in both large and
small samples, and HSRDiff-light with a small parame-
ter scale can also achieve better performance than existing
works. Additionally, we obtain a deterministic segmenta-
tion result by averaging all generated samples (N = 16)
for each method and reported their mIoU scores in Table 3.
It shows that HSRDiff still achieves the best performance.
Figure 3 shows the generated samples of MoSE, CIMD, and
HSRDiff. Our results provide better consistency with ground
truth and accurately captures fine structures like spicula-
tions. To verify HSRDiff captures uncertainty, we provide
entropy maps and more visualizations in the Appendix D.1.

MS-Lesion: Multiple Sclerosis Segmentation
Table 2 and Figure 4 present the comparison results of
HSRDiff with previous works on the MS-Lesion dataset. As
seen in Table 2, HSRDiff and HSRDiff-light achieve the best
performance on most metrics. In some cases, HSRDiff-light
even outperforms HSRDiff, indicating that the effectiveness
of HSRDiff comes not from increased model parameters, but
from the hierarchical multi-scale conditional guidance and
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Method GED16(↓) HM-IoU16(↑) MDM16(↑) GED32(↓) HM-IoU32(↑) MDM32(↑) #Params.
Prob. Unet (Kohl et al. 2018) 0.354±0.05 0.518±0.01 0.687±0.02 0.336±0.01 0.523±0.03 0.681±0.02 74.82M
HProb. Unet (Kohl et al. 2019) 0.270±0.01

† 0.530±0.01
† - - - - -

PhiSeg (Baumgartner et al. 2019) 0.262±0.00
† 0.586±0.00

† - 0.247±0.00
† 0.595±0.00

† - 74.82M
MoSE (Gao et al. 2022) 0.259±0.003 0.598±0.002 0.768±0.004 0.239±0.004 0.603±0.002 0.767±0.002 41.63M
AB (Chen, Zhang, and Hinton 2022) 0.221±0.001 0.621±0.001 0.787±0.003 0.201±0.002 0.630±0.001 0.792±0.002 51M
CIMD (Rahman et al. 2023) 0.241±0.004 0.577±0.002 0.805±0.005 0.228±0.002 0.580±0.001 0.814±0.003 85.6M
CCDM (Zbinden et al. 2023) 0.194±0.001 0.664±0.002 0.793±0.001 0.183±0.001 0.670±0.001 0.790±0.003 41M
HSRDiff (Ours) 0.181±0.002 0.697±0.001 0.891±0.003 0.175±0.003 0.702±0.002 0.893±0.003 96.14M
HSRDiff-light (Ours) 0.188±0.001 0.677±0.001 0.889±0.002 0.180±0.002 0.683±0.001 0.891±0.002 12.89M

Table 1: Quantitative results on the LIDC-IDRI dataset. Bold and underline indicate the best and second-best of each metric.
The score of (†) comes from (Zbinden et al. 2023), and the rest of the results are ours. Our results are verified over 3 times.

Method GED16(↓) HM-IoU16(↑) MDM16(↑) GED32(↓) HM-IoU32(↑) MDM32(↑)
Prob. Unet (Kohl et al. 2018) 0.572±0.002 0.640±0.003 0.754±0.002 0.571±0.001 0.640±0.002 0.754±0.003

MoSE (Gao et al. 2022) 0.340±0.002 0.675±0.001 0.768±0.003 0.333±0.002 0.675±0.002 0.767±0.001

AB (Chen, Zhang, and Hinton 2022) 0.336±0.003 0.679±0.001 0.779±0.002 0.330±0.001 0.680±0.001 0.781±0.001

CIMD (Rahman et al. 2023) 0.311±0.002 0.699±0.001 0.831±0.003 0.307±0.003 0.698±0.002 0.833±0.001

CCDM (Zbinden et al. 2023) 0.303±0.001 0.701±0.002 0.816±0.002 0.301±0.002 0.702±0.001 0.824±0.001

HSRDiff (Ours) 0.306±0.002 0.702±0.001 0.833±0.002 0.304±0.001 0.703±0.002 0.834±0.001

HSRDiff-light (Ours) 0.329±0.002 0.702±0.002 0.835±0.001 0.323±0.002 0.704±0.001 0.837±0.001

Table 2: Quantitative results on the MS-Lesion dataset.

Method LIDC-IDRI MS-Lesion
Prob. Unet (Kohl et al. 2018) 0.611 0.640
AB (Chen, Zhang, and Hinton 2022) 0.689 0.701
MoSE (Gao et al. 2022) 0.708 0.738
CIMD (Rahman et al. 2023) 0.725 0.776
CCDM (Zbinden et al. 2023) 0.769 0.731
HSRDiff (Ours) 0.803 0.778
HSRDiff-light (Ours) 0.825 0.776

Table 3: mIoU of MS-Lesion and LIDC-IDRI dataset.

Method GED16 HM-IoU16

Prob. Unet (Kohl et al. 2018) 0.206 0.512
MoSE (Gao et al. 2022) 0.203 0.580
AB (Chen, Zhang, and Hinton 2022) 0.194 0.605
CIMD (Rahman et al. 2023) 0.186 0.619
CCDM (Zbinden et al. 2023) 0.171 0.628
HSRDiff (Ours) 0.161 0.643
HSRDiff-light (Ours) 0.165 0.637

Table 4: Quantitative results on the Cityscapes dataset with
stochastic semantic segmentation methods.

dynamic self-regulation diffusion foundation. Additionally,
Figure 4 further demonstrates HSRDiff’s superior ability to
capture fine structural changes compared to other methods.

Method
mIoU

128×256 256×512 512×1024
DeepLabv3 (Chen et al. 2017) 0.433 0.565 0.571
DeepLabv3+ (Chen et al. 2018) 0.450 0.565 0.679
PSPNet (Zhao et al. 2017) 0.428 0.546 0.666
HRNet (Wang et al. 2020) 0.501 0.639 0.701
UNet++ (Zhou et al. 2019) 0.572 0.653 0.689
Prob. Unet (sample=16) 0.497 0.552 0.687
CCDM (sample=16) 0.569 0.643 0.711
HSRDiff (sample=1) 0.609 0.673 0.761
HSRDiff (sample=16) 0.651 0.701 0.779
HSRDiff-light (sample=1) 0.631 0.667 0.751
HSRDiff-light (sample=16) 0.662 0.698 0.768

Table 5: Quantitative results on the Cityscapes dataset with
classic semantic segmentation methods.

Cityscapes: Multimodal Semantic Segmentation
Table 4 (Experiment Group 1) shows the results for stochas-
tic semantic segmentation, evaluated on 16 samples. Table
5 (Experiment Group 2) presents the results for classic se-
mantic segmentation, where we average the sampling results
(N = 16) following (Zbinden et al. 2023) and evaluate at
three resolutions: 128 × 256, 256 × 512, and 512 × 1024.
Our method achieves state-of-the-art performance on GED,
HM-IoU, and mIoU scores across both settings, demonstrat-
ing its effectiveness. Notably, HSRDiff-light outperforms
HSRDiff at lower resolutions in classic segmentation, sug-
gesting that self-regulating parameters derived from a large
receptive field help capture fine structures in low-resolution
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Figure 3: Qualitative analysis on the LIDC-IDRI dataset.
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Figure 4: Qualitative analysis on the MS-Lesion dataset.

ϵ x0 fg Fh dual SRDiff GED16 HM-IoU16 MDM16

✓ 0.425 0.429 0.594
✓ ✓ 0.276 0.626 0.881
✓ ✓ ✓ 0.219 0.684 0.887

✓ ✓ ✓ 0.230 0.674 0.888
✓ ✓ ✓ ✓ ✓ 0.205 0.685 0.886
✓ ✓ ✓ ✓ ✓ 0.181 0.697 0.891

Table 6: Ablation studies for stochastic segmentation on
LIDC-IDRI. Results of the first behavior standard DDPM.

images. As shown in Figure 5, our model predicts multi-
modal outputs with uncertainty while achieving fine-grained
semantic segmentations.

Ablation Study
We constructed five ablation settings using ϵ prediction as
the baseline. x0 and ϵ are the targets of the model. fg and Fh

represent global condition guidance and hierarchical multi-
scale condition guidance, respectively. ”dual” refers to the
independent prediction of x0 and ϵ using the method from
(Benny and Wolf 2022). SRDiff is our proposed “differenti-
ation to unification” prediction pipeline. Table 6 shows the
ablation results of HSRDiff on the LIDC-IDRI dataset. First,
introducing condition information significantly improves all
metrics (Line 1 vs. Line 2). Second, adding hierarchical
multi-scale condition priors further boosts the metrics (Line
2 vs. Line 3). Finally, using SRDiff achieves the best per-
formance across all metrics (Line 6), demonstrating the ef-
fectiveness of our proposed methods. Additionally, we com-
pared with the multi-objective training method from (Benny
and Wolf 2022) (Line 5 vs. Line 6). As expected, our “dif-
ferentiation to unification” pipeline shows better results.

Discussion of Self-Regulating Parameter κϕ
Self-regulating parameter across datasets. Figure 6(a)
shows notable variations in self-regulation parameters
across datasets. For LIDC-IDRI, as denoising step t in-

Input ( Conditional image) Label Experimental Group 2Experimental Group 1Input LabelInput ( Conditional image) Label Experimental Group 2Experimental Group 1Experimental Group 1 Experimental Group 2

Figure 5: The visualization of HSRDiff on the Cityscapes.

(a) 𝜅! between different dataset (b) 𝜅! within a dataset

(i) (ii) (iii)

(iv) (v) (vi)

(i) LIDC-IDRI (ii) MS-Lesion (iii) Cityscapes

Figure 6: The trend of the self-regulating parameter κϕ. The
horizontal axis of all figures represents the diffusion step t
(from left to right, 0-250), and the vertical axis represents
the self-regulation parameter κϕ (from bottom to top, 0-1).

creases, the model shifts from a slight preference for ϵ pre-
diction to a neutral stance. For Cityscape, the model tran-
sitions from relying primarily on x0 to almost exclusively
using x0. For MS-Lesion, the dispersed and small lesions
cause greater parameter fluctuations, though x0 predictions
remain favored overall. These differences reflect dataset-
specific preferences for prediction modes and demonstrate
HSRDiff’s ability to dynamically self-regulate its modeling
path, ensuring high performance across domains.
Self-regulating parameters within a dataset. Figure 6(b)
shows that as lung nodule uncertainty decreases from (i) to
(vi), the fluctuations in self-regulation parameters also stabi-
lize. This visualizes HSRDiff’s self-regulation process.

In summary, self-regulation parameters can help the
model find optimal prediction paths across datasets and gen-
erate the best predictions for various cases within a dataset.

Conclusion
This paper introduces a Hierarchical Self-Regulation Dif-
fusion (HSRDiff) framework, which learns the probability
distribution of targets within a label set and generates mul-
tiple segmentation hypotheses. HSRDiff includes two key
components: Self-Regulation Diffusion (SRDiff) and Hier-
archical Multi-Scale Condition Guidance. SRDiff dynami-
cally determines the optimal path for modeling target distri-
bution using a novel “differentiation to unification” predic-
tion pipeline. Hierarchical Multi-Scale Condition Guidance
ensures high-fidelity segmentation of delicate structures in
images. HSRDiff demonstrates significant performance im-
provements across three different semantic scenarios.
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