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Abstract

Given the inherently costly and time-intensive nature of pixel-
level annotation, the generation of synthetic datasets compris-
ing sufficiently diverse synthetic images paired with ground-
truth pixel-level annotations has garnered increasing attention
recently for training high-performance semantic segmenta-
tion models. However, existing methods necessitate to either
predict pseudo annotations after image generation or gener-
ate images conditioned on manual annotation masks, which
incurs image-annotation semantic inconsistency or scalabil-
ity problem. To migrate both problems with one stone, we
present a novel dataset generative diffusion framework for
semantic segmentation, termed JoDiffusion. Firstly, given a
standard latent diffusion model, JoDiffusion incorporates an
independent annotation variational auto-encoder (VAE) net-
work to map annotation masks into the latent space shared
by images. Then, the diffusion model is tailored to capture
the joint distribution of each image and its annotation mask
conditioned on a text prompt. By doing these, JoDiffusion
enables simultaneously generating paired images and seman-
tically consistent annotation masks solely conditioned on text
prompts, thereby demonstrating superior scalability. Addi-
tionally, a mask optimization strategy is developed to miti-
gate the annotation noise produced during generation. Exper-
iments on Pascal VOC, COCO, and ADE20K datasets show
that the annotated dataset generated by JoDiffusion yields
substantial performance improvements in semantic segmen-
tation compared to existing methods.

1 Introduction

Semantic segmentation plays a crucial role in computer vi-
sion, which aims to assign a semantic label to each pixel. It
has shown promising potential in plenty of practical applica-
tions including autonomous driving (Feng et al. 2020), med-
ical image analysis (Asgari Taghanaki et al. 2021) and robot
navigation (Song et al. 2023) etc.. Although deep neural net-
works have made significant progress in this task (Mo et al.
2022), their pleasing performance highly depends on a high-
quality training dataset comprising large-scale paired im-
ages and ground-truth pixel-level annotations. However, due
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Figure 1: Comparison of the proposed method with Im-
age2Mask and Mask2Image pipelines. Compared with the
other two step-by-step methods, JoDiffusion can directly
generate images and corresponding pixel-level annotations.

to high spatial resolution and diverse visual content, pixel-
level manual annotation on image data is prohibitively costly
and time-consuming, particularly in complex scenarios char-
acterized by multi-object interaction or dense small-object
distribution. This bottleneck significantly limits the adoption
and deployment of semantic segmentation networks in real
scenarios.

Inspired by the great success of deep generative models
in image synthesis (Rombach et al. 2022; Podell et al. 2023;
Esser et al. 2024), a promising solution lies in generating
a synthetic dataset comprising sufficiently diverse synthetic
images paired with ground-truth pixel-level annotations.
Different from image generation for classification task (He
et al. 2022), the dataset generation for semantic segmenta-
tion involves generation for paired image and pixel-level an-



notations. To this end, two lines of research have been inves-
tigated, including the Image2Mask (Wu et al. 2023; Nguyen
et al. 2024; Tang et al. 2025) and Mask2Image (Yang et al.
2024; Ye et al. 2024). As shown in Fig. 1a, the Image2Mask
framework initially employs a text-to-image diffusion model
to generate synthetic images, and then a cross-attention-
based pseudo-annotation scheme is applied to predict pixel-
level pseudo annotations by leveraging text-image similar-
ity computed in a latent feature space. Although this frame-
work enables direct generation of synthetic semantic seg-
mentation datasets conditioned solely on text prompts, the
quality of pixel-level pseudo annotations remains subopti-
mal. Specifically, semantic inconsistencies between gener-
ated images and predicted pseudo annotations arise due to
inevitable text-image similarity calculation errors and lim-
ited spatial resolution of feature maps compared with orig-
inal image. Training models on such datasets impose am-
biguous semantic information, ultimately leading to subop-
timal generalization performance during inference. In con-
trast, the Mask2Image framework employs a dedicated dif-
fusion model to generate synthetic images conditioned on
both manual pixel-level annotation masks and text prompts,
as shown in Fig. 1b. While the introduced high-quality anno-
tation masks ensure semantic consistency with the generated
images, the limited availability of manual annotations inher-
ently restricts image content diversity beyond the scope of
provided masks, resulting in suboptimal scalability.

To mitigate both limitations of existing methods, we
present a novel semantic segmentation dataset generation
framework, termed JoDiffusion. As illustrated in Fig. lc,
JoDiffusion differs fundamentally from existing frameworks
by enabling simultaneous generation of paired images and
pixel-level annotation masks through a joint diffusion model
conditioned solely on text prompts. This framework not
only guarantees semantic consistency between generated
images and annotation masks but also achieves good scal-
ability. To achieve this goal, we first establish a baseline
framework leveraging a standard latent text-image diffusion
model and integrate an annotation-specific variational auto-
encoder (VAE) network to model the latent distribution of
pixel-level annotations. This architecture enables paired im-
ages and pixel-level annotation masks to be mapped into a
unified latent space, thereby facilitating the maintenance of
semantic consistency during the generation process. Then,
the diffusion model is tailored to jointly diffuse and denoise
the input text prompts, images, and pixel-level annotation
masks in the latent space. More importantly, the text prompts
with random noise is forced to jointly recover the latent rep-
resentation of each paired image and annotation mask dur-
ing training. By doing these, the diffusion model can cap-
ture the joint distribution of paired images and annotation
masks. This enables the simultaneous generation of seman-
tically consistent paired images and annotation masks, re-
lying solely on text prompts. Moreover, during the infer-
ence phase, without the requirement of additional manual
annotation masks as the Mask2Image framework, the diffu-
sion model can flexibly generalize beyond the limited set of
manually annotated masks. In addition, we further develop a
mask optimization strategy to mitigate the inevitable anno-
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tation noise produced during generation. With the generated
high-quality synthetic dataset, we can train an effective seg-
mentation model with better generalization performance. To
testify this, we evaluate JoDiffusion onto three benchmark
datasets including Pascal VOC (Everingham et al. 2015),
MS COCO (Lin et al. 2014), and ADE20K (Zhou et al.
2017). The experimental results demonstrate that, compared
to several state-of-the-art competitors, training the same se-
mantic segmentation model with the synthetic dataset gen-
erated by JoDiffusion leads to substantially better general-
ization performance.

In summary, the primary contributions of this work can be
succinctly articulated as follows:

* we propose a novel synthetic dataset generation frame-
work for semantic segmentation. To the best of our
knowledge, this is the first attempt to achieve simultane-
ous generation of semantically consistent paired images
and pixel-level annotation masks conditioned solely on
text promts.

* We also develop a mask optimization strategy to effec-
tively mitigate the annotation noise produced during gen-
eration.

* We achieve new SOTA semantic segmentation perfor-
mance when training the model using the generated syn-
thetic dataset.

2 Related Work
Text-to-image Diffusion Models

Diffusion models have made breakthrough progress in the
field of image generation in recent years. Early diffusion
models (Ho, Jain, and Abbeel 2020; Song, Meng, and Er-
mon 2020) achieved high-fidelity image generation through
simple forward denoising and reverse denoising processes.
Subsequently, models such as DALL-E (Ramesh et al. 2021,
2022; Betker et al. 2023) and Imagen (Saharia et al. 2022;
Baldridge et al. 2024) adopted cross-modal conditional gen-
eration methods to apply diffusion models to text-to-image
generation tasks, and surpassed GANs (Goodfellow et al.
2020) in terms of image clarity and semantic consistency.
In order to improve inference efficiency, latent diffusion
models (Rombach et al. 2022; Podell et al. 2023; Esser
et al. 2024) perform diffusion modeling in the latent space,
greatly reducing the computational complexity while main-
taining high-quality generation capabilities, which has pro-
moted the popularity of diffusion models. Subsequently,
conditional image generation methods (Zhang, Rao, and
Agrawala 2023; Ye et al. 2023; Zhao et al. 2024) introduced
additional control in the diffusion model to make the gen-
eration process more controllable. Multimodal generation
methods (Xu et al. 2023; Bao et al. 2023b) jointly model
the joint distribution of different modalities, allowing infor-
mation such as text and images to interact with each other
during the diffusion process, thereby achieving bidirectional
control generation.

Semantic Dataset Generation

Early attempts at semantic segmentation dataset generation
leveraged GAN-based models (Zhang et al. 2021; Li et al.
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Figure 2: Three stages of JoDiffusion. We first train an annotation VAE to efficiently encode sparse and discrete category maps
into a compact latent space for diffusion model alignment. Next, we jointly model the relationship between text, images, and
pixel-level annotation masks to enhance the semantic consistency of the generated results. Finally, we optimize the generated
annotation masks to improve the quality of semantic segmentation results.

2022), where semantic information was extracted from the
latent space, and pixel-level annotations were inferred us-
ing additional decoders. With the emergence of diffusion
models (Ho, Jain, and Abbeel 2020; Song, Meng, and Er-
mon 2020) demonstrating superior image synthesis quality,
recent efforts have shifted toward diffusion-based dataset
generation. Existing approaches can be categorized into two
main pipelines: Image2Mask and Mask2Image. The Im-
age2Mask pipeline first generates images using a diffu-
sion model, and infers the corresponding pixel-level anno-
tation masks by parsing the features or attention maps in
the generation process. For example, DiffuMask (Wu et al.
2023) extracts category-related salient areas from the image
generation process by analyzing the cross-attention mech-
anism of the diffusion model, and further infers annota-
tion masks using Affinity Net. Dataset Diffusion (Nguyen
et al. 2024) is optimized on this basis, combining a large
language model (Achiam et al. 2023) to generate more di-
verse text descriptions, and using self-attention maps to im-
prove the quality of semantic masks. SDS (Tang et al. 2025)
further introduces perturbation-based CLIP similarity and
class-balance annotation similarity to filter the generated
images to reduce data noise and improve the effectiveness
of the dataset. In contrast, the Mask2Image method gener-
ates the corresponding images through the diffusion model
based on the semantic masks. For example, FreeMask (Yang
et al. 2024) uses the mask-to-image generation method
FreestyleNet (Xue et al. 2023), and designs a series of fil-
tering strategies to suppress erroneously synthesized areas to
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ensure the quality of generated data. SegGen (Ye et al. 2024)
train an additional text-to-mask model to make the generated
semantic masks more diverse, thereby improving the gener-
alization ability of the semantic segmentation model.

3 Method

Problem Setup

Our goal is to learn a joint generative model Gy (I, M|T)
that synthesizes images and corresponding annotation masks
from text captions 7', using a real-world semantic seg-
mentation dataset D,..q; = {(I;, Mi)}ﬁ\gf“" as supervision.
The generated synthetic dataset Ds,y, {(IZ,MZ)}f\Lf”
should align with D,..,; in terms of category distribution,
object structures, and visual characteristics while introduc-
ing greater diversity to enhance the generalization of seman-
tic segmentation models. Here, 6 represents the parameters
of the generative model, and I;, M; denote the RGB image
and its corresponding annotation mask, respectively. Finally,
we evaluate our approach by training semantic segmentation
models on Dg and Dr U Dg.

Overview

As shown in Fig. 2, our method consists of three key stages:
1) Annotation VAE training: we first train an annotation
VAE network to encode the annotation masks to obtain a
compact latent representation. 2) Joint diffusion modeling:
we train the diffusion model based on text, images, and an-
notation masks to jointly model the relationship between the
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Figure 3: visualization of reconstructed pixel-level annota-
tion masks on the validation sets. The first line is the input
and the second line is the reconstruction result.

image latent variable z; and the mask latent variable z,s
in the latent space, and guide them through the text condi-
tion T'. In each denoising process, the model not only recon-
structs the image features, but also ensures that the category
of the annotation masks is consistent with the image con-
tent. 3) Mask optimization strategy: since the diffusion pro-
cess may introduce label inconsistencies in small regions,
we post-process them by using the majority class of its edge
pixels, to correct the pixel-level annotations and optimize
the final segmentation quality. The resulting dataset is used
to train the semantic segmentation model.

Annotation VAE

To enable joint text-based generation of images and anno-
tation masks, we adopt a latent diffusion model (Bao et al.
2023a,b), where the image encoder maps RGB images into
a latent space. To maintain consistency with this setup, we
introduce an Annotation VAE to encode annotation masks
into a corresponding latent representation.

Annotation masks are typically stored as single-channel
category indices. Directly normalizing and feeding it into
VAE may result in adjacent category values being too close,
making it challenging for the model to accurately differen-
tiate them. In order to improve the category discrimination
and reduce the computational overhead, we employ binary
encoding as the input representation of the annotation VAE.
Specifically, the category of each pixel M (i, 7) is converted
into a binary representation My;,.

Annotation VAE follows a lightweight architecture com-
prising of an encoder Fj; and a decoder Dy, both utiliz-
ing a small number of convolutional and transposed con-
volutional layers. Compared to the image VAE used in the
diffusion model, the annotation VAE not only significantly
reduces the number of parameters (= 50M vs. 300M), as
shown in Fig. 1, but also maintains high reconstruction qual-
ity.

Since annotation VAE serves purely as a compression tool
rather than a generative model, we do not impose a standard
normal prior on its latent variables. Consequently, KL di-
vergence regularization is omitted, and the model is trained
solely using cross-entropy loss, defined as:

Nco
EAnnotation VAE — — Z Z Mone—hot,(i,j,c) IOg M(i,j,c)7 (1)
(1) =0
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Dataset \ mloU 1
Pascal VOC 99.50
MS COCO 98.85
ADE20K 98.74

Table 1: Reconstruction mloU of pixel-level annotation
masks on the validation sets.

where Mone.hot, (1,5,c) represents the ground truth one-hot cat-
egory at pixel (i,), and M, ; ) is the predicted probabil-
ity obtained from the softmax output of the decoder. After
training, given the latent representation z,; encoded by E,
the reconstructed semantic mask is obtained by applying an
argmax operation over the softmax output of the decoder:

M = argmax(Dps(zpr)).

Joint Diffusion

To ensure that the generated image and its corresponding
pixel-level annotation masks remain semantically consis-
tent, we adopt a joint diffusion process that models their
shared distribution. Unlike Image2Mask pipeline, which
first generates an image and infers its annotation masks,
or Mask2Image pipeline, which generates annotation masks
and then conditions the image generation, our approach dif-
fuses and denoises images and annotation masks simultane-
ously. This bidirectional feature interaction allows for richer
semantic alignment and improved scalability.

Our method builds upon Unidiffuser (Bao et al. 2023b).
Compared to methods like SDXL (Podell et al. 2023), which
rely on cross-attention to model text-image relationships,
it concatenates text and image features and applies self-
attention to model them, which offers greater flexibility for
tuning. Specifically, given an image I, we first generate a
descriptive caption T using BLIP-2 (Li et al. 2023). We then
use the CLIP (Radford et al. 2021) text encoder £, image
encoder &7, and the image VAE E; encode them into latent
space:

zZr = gT(T), zZr = [g[(_[),E[(I)] (2)

To integrate annotation masks M into this process, we
leverage the Annotation VAE trained in the previous stage
to obtain their latent representation: z); = Ep(M). To en-
sure consistency between images with annotation masks, we
diffuse z; and zjs jointly instead of treating them as inde-
pendent diffusion processes. We achieve this by introduc-
ing a shared noise perturbation €y, maintaining semantic
alignment during diffusion.

The forward process progressively injects Gaussian noise
into 2Y and 2{,, simulating a degradation path that enables
effective denoising:

0

— z

q(Zf,ZRﬂZ?,ZO ):N( a [2;01
M

J.a-an. o

where z? = 2y, Z?vz = zp and &; controls the noise sched-
ule at timestep ¢. This formulation ensures that both the im-
age and annotation masks share the same noise perturbation



Prompt' a street w1th cars parked on both sides and a mountain in the background.

Step 0

Step 1 Step 2 Step 3

Step 4

Step 5 Step 10 Step 30 Step 50

Figure 4: Visualization of joint generation result at different timesteps. A color map is applied for better visualization.

erm ~ N(0, 1), maintaining structural consistency during
training.

To recover the original image and pixel-level annotation
masks pair from the noisy latent variables (z%,z2%,), we
model the joint denoising distribution:

pa( :N(NG(ngzg\/[va’t)vo—?I)(l‘)
where o2 is determined by the predefined noise schedule and
controls the level of randomness at each denoising step. The
denoised mean g captures the underlying relationship be-
tween the image and pixel-level annotation masks:

1 2t
7 (4]

where €(24, 24, 27, t) is the denoising network, which
predicts the noise added during the forward diffusion pro-
cess. Instead of estimating independent noise components,
the network learns a joint representation, leveraging shared
information between the image and annotation masks.

The model is trained using the standard mean squared er-

ror loss, where the image and annotation masks part is:

Z; ! ?\21|Z3725\472T)

1—0£t

69(ZI7ZM7ZT7t))
l1—-a

N9(257Z§\J>ZT7t) =
t

(©)

where €77 is the noise that was added during the forward
diffusion process. By minimizing it, the model effectively
denoises latent representations while preserving semantic
integrity between the image and annotation masks. This re-
inforces semantic alignment in generated pairs, leading to
improved performance in downstream segmentation tasks.

Edenoising = Et,z?,zoM,e [HGO(Z} sz, 2T, t) - 6IM||2] )

Mask Optimization

While the joint diffusion process ensures semantic consis-
tency between images and annotation masks, the pixel-level
annotations generated by the model may still contain noise,
especially around small target areas and object boundaries.
This noise can manifest as speckle or label inconsistencies,
which often lead to local deviations in labels and degrade
the performance of downstream segmentation tasks. To ad-
dress this, we propose a boundary mode-based mask opti-
mization strategy. This method analyzes label distribution
of boundary pixels and corrects small regions by replacing
their labels with the most frequent category in that region,
thus enhancing label consistency and suppressing noise.
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Let R C {1,..., H} x {1, ..., W} denote a small target re-
gion in the annotation mask, satisfying |R| < 7, where |R)|
being the number of pixels in R, and 7 is a dataset-dependent
threshold, typically set to identify small objects or noise re-
gions. Small regions are particularly prone to noise, necessi-
tating targeted refinement. To correct the labels in R, we first
define its boundary pixel set as R and compute the mode of
the label values among these boundary pixels:

= arg max Z
(i.)€R
where z; ; is the label at pixel (7, ), and I(-) is an indicator

function that counts occurrences of category in the boundary
pixels. The calculated mode c* represents the most frequent
category in R, which is then used to reassign all pixels in R:
V(Z,]) €R, Tij < c*. (8)

The effectiveness of this correction method is grounded in
statistical estimation principles. Given a small target region
R, its true category label may be ambiguous due to noise
introduced in the diffusion process. However, the boundary

pixels R are more likely to retain correct labels due to the in-
herent continuity of semantic regions in natural images. This
assumption is supported by two key observations: adjacent
pixels in real-world images typically belong to the same cat-
egory, and errors introduced by the diffusion process tend to
be randomly distributed in small isolated regions rather than
along structured object boundaries.

Under these assumptions, the mode c* of the boundary
labels provides a reliable estimate of the true category of the
target region. From a statistical perspective, this process can
be viewed as a maximum likelihood estimation, where the
most frequent category among the boundary pixels serves as
the most probable label assignment for R. Formally, this can
be expressed as:

(7

(wi; = c),

©))

where P(c|R) represents the empirical distribution of labels
in the boundary region. Assuming an approximately uniform
prior over categories, this estimation reduces to selecting the
mode of the boundary labels. By replacing the labels in R
with ¢*, we effectively minimize the probability of incorrect
category assignments while preserving structural coherence
in the segmentation mask.

¢* = argmax P(c|R),
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Figure 5: Visualization of joint generation result of three datasets. A color map is applied for better visualization.

4 Experiments
Datasets

Pascal VOC (Everingham et al. 2015) is a widely used
benchmark for semantic segmentation, containing 20 object
categories and 1 background category. Following previous
work (Nguyen et al. 2024; Tang et al. 2025), we incorporate
the Semantic Boundaries Dataset (Hariharan et al. 2011) to
extend its training set, resulting in 10,582 training images
and 1,449 validation images. MS-COCO (Lin et al. 2014)
provides a more diverse and complex dataset with 80 ob-
ject categories and one background category. It consists of
118,288 training images and 5,000 validation images, of-
fering a challenging setting with high intra-class variance
and occlusions. ADE20K (Zhou et al. 2017) is a scene pars-
ing dataset containing 150 fine-grained semantic concepts,
making it suitable for dense prediction tasks. It includes
20,210 training images and 2,000 validation images, cov-
ering a broad range of indoor and outdoor scenes.

Implementation Details

For all datasets, we resize images and annotation masks to
512 x 512 512 for training both VAE and diffusion models.
We use the AdamW (Loshchilov and Hutter 2017) optimizer
for all training stages, and apply random horizontal flipping
as data augmentation. Additional architecture details and hy-
perparameters are provided in the supplementary material.
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Comparison with State-of-the-Arts

We compare our method with the state-of-the-art Im-
age2Mask methods, including DiffuMask (Wu et al. 2023),
Dataset Diffusion (Nguyen et al. 2024) and SDS (Tang
et al. 2025), as well as Mask2Image methods such as
FreeMask (Yang et al. 2024) and SegGen (Ye et al. 2024).
To ensure a fair comparison, we reproduced FreeMask us-
ing the same amount of data as ours and applied the same
filtering strategy to our method.

Qualitative Results Fig. 3 illustrates the reconstruction
performance of our annotation VAE. The first row presents
the ground-truth pixel-level annotation masks, while the sec-
ond row shows the reconstructed annotations after encoding
and decoding. Our model effectively preserves the structural
and categorical details of the original annotations, achieving
high reconstruction fidelity with minimal information loss.

Fig. 4 visualizes the intermediate diffusion steps of our
joint generation process. Starting from an initial noisy rep-
resentation, our method progressively refines both the image
and its corresponding annotation masks, improving struc-
tural and semantic coherence over time. As diffusion pro-
gresses, contours become sharper, and the generated anno-
tations better align with object semantics, demonstrating the
effectiveness of our joint generation strategy.

Fig. 5 presents the final synthesized image and annota-
tions pairs on three datasets. For each dataset, the third col-
umn overlays the generated image and annotations for bet-



Pascal VOC MS-COCO
Segmenter Backbone Method Data mloU mloU Data mloU mloU
Size (Syn) (Real+Syn) Size (Syn) (Real+Syn)
Raw Dataset 11.5k 77.4 118k 48.9
ResNet50 SDS 26k 60.4 77.6 50k 31.0 50.3
Dataset Diffusion 40k 61.6 77.6 80k 324 54.6
DeepLabV3 JoDiffusion 40k 72.5 78.3 80k 42.6 56.4
Raw Dataset 11.5k 79.9 118k 54.9
ResNet101 SDS 26k 59.1 79.8 50k 31.8 56.8
Dataset Diffusion 40k 64.8 80.3 80k 34.2 57.4
JoDiffusion 40k 75.8 80.7 80k 44.9 59.1
Raw Dataset 11.5k 77.3 118k 57.8
DiffuMask 60k 57.4 7.5 - - -
Mask2Former ~ ResNet50 SDS 26k 59.8 78.1 50k 29.8 57.7
Dataset Diffusion 40k 60.2 78.2 80k 31.0 57.8
JoDiffusion 40k 74.5 79.4 80k 44.6 58.5

Table 2: Comparisons in mloU with Image2Mask methods on Pascal VOC and MS-COCO dataset.

Pascal VOC ADE20K
Backbone Method
D?ta mloU D?ta mloU
Size Size
RawData 115k 773 20k 472
ResNet50 SegGen - - M 499
FreeMask 40k 7791 40k 48.2F
JoDiffusion 40k  79.4 40k 484
RawData 11.5k 83.8 20k 51.6
Swin-S  preeMask 40k 84.2F 40k 52.1°
JoDiffusion 40k  85.1 40k  52.2

Table 3: Comparisons in mloU with Mask2Image methods
on ADE20K dataset. { means our reproduced results.

ter visualization. The results indicate that our approach not
only produces high-quality images across diverse datasets
but also maintains strong semantic alignment between gen-
erated annotations and image content. Additional qualitative
results can be found in the supplementary material.

Quantitative Results Tab. 1 reports the mloU of our
trained annotation VAE on three datasets. Our method
achieves reconstruction accuracy exceeding 98%, demon-
strating its effectiveness in compactly encoding annotation
masks while preserving critical structural information.

Tab. 2 compares our method with Image2Mask ap-
proaches on Pascal VOC and MS-COCO datasets. Across
multiple segmentation architectures and backbones, our ap-
proach significantly outperforms prior methods.

Tab. 3 presents the results on Pascal VOC and ADE20K
datasets, where we follow the Mask2Image paradigm by
training the Mask2Former segmenter with both real and syn-
thetic data. Our approach consistently outperforms exist-
ing Mask2Image methods across multiple backbones. Ad-
ditional results can be found in the supplementary material.
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Discussion

Effectiveness of the mask optimization strategy. We an-
alyze the effect of different regional thresholds 7 on seg-
mentation performance on Psacal VOC dataset. As shown in
Tab. 4, applying mask optimization improves performance
compared to the baseline without optimization.

T=0
71.37

T=20
72.47

7 =150
72.38

7 =100
72.38

T

mloU 1

Table 4: Results on different mask optimization threshold 7.

Effectiveness of the generated data size. We investigate
the impact of different amounts of generated training data
on segmentation performance on Psacal VOC dataset. As
shown in Tab. 5, increasing the dataset size consistently im-
proves performance.

Data Size
mloU 1

5k
68.54

10k
70.02

20k
70.97

40k
72.47

Table 5: Results on different data sizes.

5 Conclusion

In this paper, we introduce JoDiffusion, a novel frame-
work for joint image and annotation mask generation frame-
work. Unlike traditional Image2Mask and Mask2Image ap-
proaches, our method directly models the joint distribution
of images and their corresponding annotation masks. By in-
corporating an annotation VAE and an effective mask op-
timization strategy, our approach significantly outperforms
prior methods in segmentation performance on Pascal VOC,
MS-COCO, and ADE20K, demonstrating its efficacy in
generating high-quality synthetic segmentation data.
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