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Figure 1: In DiffusionMix, two Denoising Diffusion Probabilistic Models (DDPMs) are used, one of which is trained
with 4-channel (RGB+Mask). The object diffusion model generates an object image along with a segmentation mask
within a given bounding box, while the background diffusion model synthesizes the rest of the scene. The two outputs
are progressively merged during the denoising process, allowing mutual interaction between object and background,
thereby achieving a naturally blended composition.

Abstract

Recent advances in image generation using diffusion mod-
els have created highly realistic images. However, most
research has focused on generating synthetic images with a
single diffusion model, whereas leveraging multiple mod-
els offers greater flexibility—allowing modular combina-
tions of specialized models for specific applications and
enabling more controlled and diverse image generation.
In this work, we propose DiffusionMix, a unified frame-
work designed to combine the outputs of two diffusion
models. One is trained to generate backgrounds, while
the other produces objects and their corresponding masks
as 4-channel output (RGB+Mask). This additional chan-

nel (mask) enables the generation of detailed segmenta-
tion masks, serving as a guide for blending the outputs of
both models. To enhance realism, we propose alternating
denoising and resampling during the denoising process,
where the two models interact and blend their outputs
more naturally. Furthermore, modularizing image com-
ponents allows the retraining of specific parts instead of
entire large models, improving computational efficiency
and adaptability to various use cases. We demonstrate that
DiffusionMix generates high-quality, diverse images while
merging outputs and producing segmentation masks. This
capability facilitates realistic synthetic datasets for object
detection, segmentation, and anomaly detection, while also
supporting task-specific image synthesis without requiring
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large-scale retraining, enhancing adaptability to a wide
range of downstream tasks.

1 Introduction

Diffusion models have emerged as a powerful technology,
demonstrating remarkable capabilities in generating high-
quality, diverse images. These models have quickly estab-
lished themselves as the state-of-the-art in image synthesis
Saharia et al. [2022b], Croitoru et al. [2022], Rombach
et al. [2022b], Song et al. [2023], Dhariwal et al. [2023],
Ramesh et al. [2023], dee [2024]. While such advance-
ments hold significant potential for transforming digital
content creation, their practical deployment remains a chal-
lenge. This is primarily due to the difficulty in customizing
these models, which heavily rely on large-scale pre-trained
datasets. While such pre-trained models generate highly
realistic images, their application to real-world problems
often requires more than realism—it necessitates generat-
ing task-specific or purpose-driven content. For instance,
as illustrated in Figure 5, even when the generated images
are visually compelling, they may fail to align with the
specific objectives of the target application.

In addition, combining the outputs of two diffusion mod-
els is a critical approach for addressing real-world chal-
lenges in image synthesis. This method allows for precise
control over the generation process, enabling the integra-
tion of specific features or objects into desired backgrounds.
Such capability is especially valuable when task require-
ments go beyond generating realistic images to producing
purpose-driven content. By leveraging the strengths of
individual models—such as one trained on object details
and another on backgrounds—this approach ensures that
the resulting images align closely with the intended ob-
jectives. Furthermore, it offers computational efficiency
by avoiding extensive re-training of large pre-trained mod-
els, promoting flexibility in adapting to various use cases.
This integration enhances creative potential, allowing for
the synthesis of diverse styles and contexts that would be
challenging for a single model.

We propose DiffusionMix, an adaptive image synthesis
framework that leverages two denoising Diffusion Proba-
bilistic Models (DDPMs) to blend their outputs. Instead
of training on the standard 3-channel input (RGB), one of
the diffusion models is trained with a 4-channel structure
(RGB + Mask). This additional channel enables the gen-
eration of a segmentation mask, which serves as a guide
for blending the outputs of both models. Given a bound-
ing box, the object diffusion model generates an object
image along with its corresponding segmentation mask
within the specified region, while the background diffusion
model synthesizes the remaining part. By combining the
bounding box and the segmentation mask, the two out-

puts are iteratively merged during the diffusion process,
allowing the object and background images to influence
each other. This interaction ensures a smoother and more
natural fusion of the synthesized components.

DiffusionMix, which synthesizes objects and back-
grounds has vast potential for diverse applications. In
Section 4, we demonstrate the versatility of our approach
through examples, including the generation of medical
datasets with specific features and the creation of datasets
for anomaly detection. These examples show how our
framework can be adapted to address real-world challenges,
emphasizing its practical utility across various domains
such as feature manipulation, background separation and
editing, object generation, and data augmentation.

2 Related Works
Diffusion Models Diffusion models are a type of gener-
ative probabilistic model that approximate complex data
distributions by progressively denoising Gaussian noise.
Starting from a noise input IT ∼ N(0, I), these models
apply a series of denoising steps to gradually refine the
input, transforming it into a sample that follows the target
distribution q. Recent studies in diffusion models have
pushed the boundaries of generative AI, leading to signifi-
cant breakthroughs across various domains. The following
are representative research areas related to diffusion mod-
els.

Image-to-Image Translation Diffusion models can con-
vert images from one domain to another while preserving
structural information. Denoising diffusion probabilistic
models (DDPMs) Ho et al. [2020] laid the foundation
for diffusion-based image generation. Building on this,
conditional diffusion models have been developed to trans-
late images by conditioning the diffusion process on an
input image. Palette Saharia et al. [2022a] is a unified
framework for diverse image-to-image translation tasks
using conditional diffusion models, achieving state-of-the-
art performance in applications like colorization and in-
painting. Additionally, Tumanyan et al. [2023] proposes
a text-driven image-to-image translation framework that
leverages pre-trained diffusion features, generating images
from textual descriptions. More recently, Diffi2i Xia et al.
[2024] is designed with a novel architecture that reduces
the computational cost and training time while maintaining
high-quality image generation across various translation
tasks.

Text-to-Image Synthesis One of the most actively re-
searched areas in diffusion model studies. Models pre-
trained on large datasets are available, and the image gen-
eration quality is highly realistic. Along with DDPM Ho
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et al. [2020], DALL·E 2 Ramesh et al. [2021] and Stable
Diffusion Rombach et al. [2022a] are notable examples,
which have demonstrated significant advancements in gen-
erating high-quality images from text prompts, achieving
impressive results in terms of both fidelity and coherence.
DDPM was the foundational model, introducing the denois-
ing diffusion process, which effectively models data dis-
tribution by reversing a gradual noising process. DALL·E
2 extended this concept by combining powerful language
models with diffusion-based image generation, enabling
the creation of detailed images from natural language de-
scriptions. Stable Diffusion performs the diffusion process
in a latent space, significantly reducing computational cost
while still generating high-quality images. Guided Dif-
fusion Dhariwal and Nichol [2021] further enhanced the
flexibility of these models by enabling the incorporation
of specific guidance signals, allowing for more controlled
and targeted generation.

Super-Resolution and Inpainting Diffusion models
have become central to pushing the boundaries of super-
resolution Moser et al. [2024]. SR3 Saharia et al. [2022c]
performs super-resolution based on iterative refinement
using DDPM and achieves competitive results compared
to state-of-the-art GAN methods. Srdiff Li et al. [2022]
employs a diffusion-based model to gradually transform a
Gaussian noise distribution into a high-resolution image
through a learned Markov chain process. Similarly, in-
painting refers to filling in missing or corrupted parts of an
image. RePaint Lugmayr et al. [2022] is a diffusion model-
based method for image inpainting while preserving the
coherence of the surrounding content. The authors propose
a resampling strategy in reverse diffusion for harmonizing
the inpainted region with the known region in a single step.
More recently, Smartbrush Xie et al. [2023] combines text
descriptions and shape guidance to reconstruct missing
objects in images. Renderdiffusion Anciukevičius et al.
[2023] integrates 3D reconstruction and filling missing
regions by applying diffusion processes to both 2D images
and 3D data.

Medical Image Analysis Diffusion models are highly
effective in medical imaging tasks due to their ability to
generate high-quality and detailed samples, making them
useful for enhancing diagnostic accuracy, image resolution,
and other essential applications Kazerouni et al. [2022,
2023]. These models demonstrate significant potential in
both traditional imaging (MRI and CT scans) and more
advanced methods, addressing challenges such as noise
reduction, image reconstruction, and segmentation in com-
plex medical datasets. The application of diffusion models
for medical anomaly detection is explored in Wolleb et al.
[2022], with a focus on identifying abnormalities in MRI
and X-ray images. The study highlights how Gaussian and

(a) Background Diffusion

(b) Object Diffusion

Figure 2: Denoising process of diffusion models. The
bottom row of (b) shows the segmentation mask generated
by the object diffusion model, while the bottom row of (a)
shows the image with the mask inverted and inserted into
the input bounding box. In each case, the outputs of each
model fill the white areas.

Simplex noise patterns improve the model’s robustness
and accuracy. Additionally, diffusion models are gaining
popularity in medical image segmentation due to their ef-
fectiveness in handling ambiguous segmentation tasks. For
instance, MedSegDiff Wu et al. [2024] enhances segmen-
tation accuracy using Dynamic Conditional Encoding and
the Feature Frequency Parser (FF-Parser), particularly for
low-contrast or ambiguous regions. Similarly, CIMD Rah-
man et al. [2023] generates multiple segmentation masks
from a single input image by incorporating stochasticity at
each level within its hierarchical structure.

However, while blending outputs from two diffusion
models is an important and promising direction, it remains
unexplored. To combine these outputs effectively, further
research is needed to train diffusion models with struc-
tures beyond the standard RGB channels, such as using
4-channel configurations or other innovative approaches.
This remains an open area for exploration, offering op-
portunities to improve the flexibility and applicability of
diffusion models in specialized use cases.

3



3 Method

Preliminaries

Denoising Diffusion Probabilistic Models (DDPM) Ho
et al. [2020] is a generative model that learns to generate
data through gradual noise addition and subsequent de-
noising. This generative approach is based on the idea of
reversing a diffusion process, where noise is added incre-
mentally to a data point and the model learns to reverse
this noise to recover the original data distribution.

In DDPM, the forward process progressively adds Gaus-
sian noise to an image x0 over a series of T time steps,
resulting in a sequence of increasingly noisy versions of
the image, denoted as x1, x2, . . . , xT . The forward diffu-
sion process can be formulated as a Markov chain with the
following conditional distributions:

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

where βt is a variance schedule that controls the noise
level at each time step t, and N represents a Gaussian
distribution. The process begins with the original data x0,
and iteratively adds noise until the data is fully corrupted
into a standard Gaussian distribution at xT :

q(xT |x0) = N (xT ; 0, I) (2)

Here, xT is a sample from a standard normal distribution.
Since the noise at each step (1) has independence, the
cumulative noise variance is ᾱt =

∏t
s=1(1− βs). We can

thus represent q(xt|x0) as follows:

q(xt|x0) = N (xt;
√
ᾱtx0, (1− ᾱt)I) (3)

DDPM learns the reverse diffusion process to reverse
the noising process and recover the original data. The
reverse process is modeled as another Markov chain, pa-
rameterized by a neural network. The reverse transition is
given by:

pθ(xt−1|xt) = N (xt−1;µθ(xt, t), σ
2
t I) (4)

where µθ(xt, t) is the mean predicted by the model, and
σ2
t represents the variance at each step. The model learns

to predict the mean and variance of the reverse process,
effectively denoising the corrupted image step by step. To
learn this reverse process, the model is trained to mini-
mize the difference between the true posterior distribution
q(xt−1|xt, x0) and the model’s prediction.

This is achieved by optimizing a loss function based on
the Kullback-Leibler divergence between the true distribu-
tion and the model’s prediction over all time steps Ho et al.
[2020]:

Figure 3: Merging process for object diffusion. The
top row shows cropping the background diffusion output,
adding noise, and multiplying it by the inverted mask. The
bottom row depicts denoising the object diffusion model
and applying the mask. The results are then merged as the
object diffusion output for the next step. The background
diffusion model follows the same process using the masks
in Figure 2a.

LT = DKL(q(xT |x0)∥p(xT )) (5)
Lt−1 = DKL(q(xt−1|xt,x0)∥pθ(xt−1|xt)) (6)
L0 = log pθ(x0|x1) (7)

L = Eq

[
LT +

∑
t>1

Lt−1 − L0

]
(8)

The objective function (8) ensures that the model learns
to predict the reverse process in a way that accurately
recovers the original data from the noisy version.

Once the reverse process is learned, sampling from
the model involves initializing with pure Gaussian noise
(xT ∼ N (0, I)) and running the reverse diffusion process
to generate a sample from the data distribution. This sam-
pling process is typically performed by iteratively applying
the learned reverse transitions:

xt−1 = µθ(xt, t) + σtϵt

where ϵt is a noise term sampled from a standard normal
distribution. By repeating this process over T steps, the
model generates a high-quality sample that is consistent
with the original data distribution.

Preparation for the 4-Channel Trained DDPM
In our proposed framework, we use two diffusion models:
one for background generation and the other for object
creation. For convenience, we will refer to the diffusion
model trained on background data as the “background
diffusion model”, and the one trained on objects or features
as the “object diffusion model”. Our approach utilizes the
DDPM model, without using prompts.
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For the background diffusion model, the training pro-
cess follows the standard approach of learning from RGB
images. On the other hand, the object diffusion model
is trained on a 4-channel setup, which includes the RGB
channels along with an additional segmentation mask chan-
nel. The images in the upper row of Figure 2b represent
the RGB images generated by the object diffusion model,
while the masks in the lower row correspond to the fourth
channel, representing the masks generated by the object
diffusion model. Both the images and their corresponding
object segmentation masks are required to train the object
diffusion model. Training with this 4-channel configura-
tion enables the object diffusion model to generate both
images and their associated masks simultaneously. Similar
to the RGB channels, the model predicts the distribution
in the mask channel.

Merging Outputs

We aim to combine the outputs of the object diffusion
model and the background diffusion model, performing
denoising while reflecting each other to achieve natural
image synthesis. The reason for merging the outputs dur-
ing the denoising process is that simply combining the
segmentation masks after denoising results in an unnatural
synthesis. When the object and background are combined
using masks without any interaction or mutual referenc-
ing, the resulting composition lacks cohesion, as if they
were simply cut and pasted together. Instead, the back-
ground and object should interact with each other, with
the background referencing the object and the object being
influenced by the background during the denoising process.
This interaction helps produce a more natural composition,
ensuring the final result appears cohesive and realistic.

Therefore, we merge the images during the denoising
process. When combining the images, we use the mask
generated by the object diffusion model for the merging
process. In the example shown in Figure 2, each model
generates its own image up to 89% denoising. The first
lines of the figures represent RGB images generated, while
the second ones represent masks applied during the merg-
ing process. Each model fills in the white areas of the
mask, similar to repainting techniques. The masks shown
in Figure 2b, mo

t , are those generated by the object diffu-
sion model, while the masks in Figure 2a, mbg

t , are defined
as follows: Up to 89% denoising, there is no mask, as the
model generates RGB images without merging two images,
thus no mask is needed. When the images are merged, we
use the mask defined by adding 1 −mo

t to the bounding
box region that we provided as input.

For example, at 90% denoising in Figure 2, a mask pro-
duced by the object diffusion model mo

90% determines how
the two images are merged. Let’s consider the case where
the background portion of the output from the background

diffusion model, xbg
90%, is inserted into the output of the

object diffusion model, xo
90%. xbg

90% is cropped by the input
bounding box, as shown in xbg,cropped

t−1 in Figure 3. Then,
this cropped xbg

90% fills the part of 1−mo
90%, and xo

90% fills
the part of mo

90%.
More specifically, the forward process is modeled as a

Markov chain that cumulatively adds Gaussian noise (1).
Therefore, using (3), we can sample xt at any time step
t. By treating the output of another diffusion model as x0

and adding noise corresponding to time step t, it becomes
possible to merge outputs from a different diffusion model
using a mask. Thus, for a single diffusion model, we use
(4) for the part that this model is responsible for generating,
and we use (3) for the part that corresponds to the output of
another model. Thus, during the reverse step of the object
diffusion model, the process described in Figure 3 can be
expressed as follows:

xbg,cropped
t−1 ∼ N (

√
ᾱtx

bg
t , (1− ᾱt)I) (9)

xo
t−1 ∼ N (µθ(x

o
t , t),Σθ(x

o
t , t)) (10)

xo,merged
t−1 = mo

t−1 ⊙ xo
t−1 + (1−mo

t−1)⊙ xbg,cropped
t−1

(11)

xbg,cropped
t−1 is sampled using the background diffusion

model’s output xbg
t at step t and cropped to the region

defined by the input bounding box. Different masks are
applied for the background diffusion case, shown in the
second row of Figure 2a.

Resampling
When merging the generated data, the boundaries between
elements remain unnatural, highlighting the need for fur-
ther refinement to address this issue. This issue arises
because the regions corresponding to the background and
object are sampled independently without considering each
other before the image composition. To preserve the ob-
ject’s details, it is preferable to perform image merging
at later stages of the diffusion process, once the mask has
been sufficiently refined. However, the model’s ability to
harmonize the content diminishes in later reverse steps, re-
sulting in limited natural blending at the boundaries. This
limitation is caused by insufficient interaction between
the background and object to create a well-harmonized
composition.

To achieve sufficient coherence between the two
image components, we utilize a resampling approach
that leverages the inherent properties of DDPM to
produce consistent structures Lugmayr et al. [2022]. By
diffusing the intermediate output xt−1 back to xt, the
generated information is exchanged more effectively
between the object and background. This operation helps
achieve better harmony, particularly at the boundaries
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between the two components. To control the resampling
process more effectively, we use the concept of a
jump length τ . For example, with a total time step
of T = 250 and τ = 10, the time step sequence is
(250, 249, . . . , 2, 1, 0, 1, 2, . . . , 8, 9, 10, 9, 8, . . . , 2, 1, 0),
which differs from the standard time step sequence
(250, 249, . . . , 2, 1, 0). We also introduce the concept
of the resampling number r, which indicates how
many times the process will repeat returning to τ .
For example, with a total time step of T = 250,
τ = 10, and r = 2, the time step sequence becomes
(250, 249, . . . , 1, 0, 1, . . . , 10, . . . , 0, . . . , 10, . . . , 0).

As shown in Figure ??, longer jump lengths τ and larger
resampling number r mean sharing greater information be-
tween the background and the object. However, excessive
information exchange can negatively impact the genera-
tion of high-quality images. For instance, when the object
diffusion model produces intricate details, excessive re-
sampling may lead to a loss of precision in the object’s
representation. To prevent this, tuning of hyperparameters
is important to manage a balance between harmonization
and preserving fidelity. Thus, we analyze the impact of
hyperparameters on the output in Section ??.

4 Experiments

Implementation details
We trained the object diffusion model and the background
diffusion model on different datasets and combined their
respective contents. The object diffusion model was
trained on the TikTok dataset, our private shoulder X-ray
dataset, and anomaly detection datasets, including MVTec
Bergmann et al. [2019] and VisA Zou et al. [2022]. The
background diffusion model was trained on the KITTI,
ImageNet, and COCO datasets, our X-ray dataset, MVTec,
and Visa.

We used 256 × 256 image size for the background model,
while the object diffusion model was trained with images
of 64 × 64 or 128 × 128 sizes depending on the dataset. For
ImageNet, we used a pre-trained guided diffusion model,
while we trained directly for the other datasets on a single
NVIDIA H100 GPU.

Empirical Analysis on Multiple Datasets
The results of applying our method to diverse datasets are
demonstrated in Figure 1. The first row illustrates the com-
position of two diffusion models, the background model
trained on the KITTI dataset and the object model trained
on the TikTok dataset. The second row shows a case where
the background diffusion model was trained on shoulder
X-ray images without implants, and the object diffusion
model was trained on implant objects. The third row uses

the hazelnut subset of the MVTec dataset, where the back-
ground diffusion model was trained on normal hazelnut
images, and the object diffusion model was trained on
anomalies. Additionally, further results combining the
KITTI and TikTok datasets, as well as integrating TikTok
with the background diffusion model trained on COCO
and ImageNet, are presented in Figure 4. Notably, the
diversity of both the objects and backgrounds is high, with
masks enabling blends that preserve object details while
maintaining a natural appearance.

Qualitative Comparison for Practical Tasks
We compared several models capable of generating object-
specific content based on a given bounding box with our
DiffusionMix, as shown in Figure 5. The models in-
clude MultiDiffusion Bar-Tal et al. [2023], InstantDiffu-
sion Wang et al. [2024], and HiCo Cheng et al. [2024].
These models rely on large-scale pre-trained networks and
tend to generate abstract images. While they can produce
diverse outputs based on prompts, they have limitations
in generating realistic images tailored to specific services.
In contrast, our model produces highly realistic images,
which is an expected outcome since it is exclusively trained
on actual medical data, unlike other models that lack such
specialized training. However, fine-tuning these other mod-
els using real medical images presents significant chal-
lenges. Most of these models require additional structured
datasets containing prompts or other supplementary infor-
mation for training or fine-tuning, which complicates the
process. Our approach, on the other hand, uses a simple
DDPM without prompts, making training straightforward
and efficient. This allows easy training with just image
data, without carefully designed prompts or complex struc-
tures. As a result, our model produces highly realistic
images suited for practical applications, such as creating
datasets to train AI models for implant detection, segmen-
tation, and classification in real-world scenarios.

Application on Anomaly Detection Datasets
One of the key applications of DiffusionMix is generat-
ing anomaly detection datasets. By using an object dif-
fusion model for anomalies and a background diffusion
model for normal images, their outputs combine to pro-
duce anomaly images with corresponding segmentation
masks. This method goes beyond simple overlaying, al-
lowing anomalies and backgrounds to interact during gen-
eration, resulting in more realistic outputs. Figure 6 shows
anomaly images generated with MVTec Bergmann et al.
[2019]. During denoising, the object and background in-
fluence each other, gradually adjusting to reflect mutual
changes. For example, in the Hazelnut dataset, anomalies
blend into normal hazelnut images while the background
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Figure 4: Composition of various background diffusion models (256x256) and an object diffusion model trained on the
TikTok dataset.

Figure 5: Qualitative comparison of DiffusionMix and
other methods.

adapts to accommodate them. Notably, in Crack anomalies
(e.g., Sample 3 and Sample 4), even when the anomaly
deviated from the hazelnut’s round shape, the hazelnut
wrapped around it, producing realistic outputs. Similarly,
in the Carpet dataset, woven patterns naturally connected
between the anomaly and background, demonstrating or-
ganic integration. This was achieved through resampling,
where anomalies and backgrounds were generated interac-
tively. For Carpet examples, the object diffusion model was
trained on 128-sized images for hole and metal anomalies
and 64-sized images for cut and color anomalies. Addition-
ally, Figure 7 shows examples of anomaly data generated
using the VisA Zou et al. [2022]. The resampling process
allowed for interactive generation between the background

and the anomalies, producing realistic outputs. This capa-
bility to generate a large variety of anomaly images holds
great potential for creating datasets that can be effectively
used for anomaly detection tasks.

5 Conclusion
In this paper, we introduced the DiffusionMix framework,
which combines and harmonizes the outputs of two DDPM
models during the denoising process. By designating the
models as an object diffusion model and a background
diffusion model, our approach focuses on naturally inte-
grating objects into backgrounds. The results highlight
the effectiveness of our method in generating realistic and
cohesive composite images by leveraging both models. Ad-
ditionally, a resampling mechanism allows us to control the
degree of interaction between the object and background,
enabling more adaptable and context-aware image gen-
eration. With these capabilities, DiffusionMix opens up
new possibilities for tasks that demand realistic object-
background integration.

Limitation Our model is based on DDPM, which is in-
herently much slower compared to GAN-based or autore-
gressive methods, making it less suitable for real-time
applications. However, as DDPMs are becoming more
popular, recent research has been actively addressing effi-
ciency improvements, suggesting that this limitation may
gradually be mitigated over time. Secondly, unlike the
current trend, our method does not rely on prompts with
large pre-trained models for scene generation. As such,
further research is needed to explore how prompts can be
integrated into this framework to expand its capabilities
and align with recent advancements.

Social impact aspect DiffusionMix is designed to com-
posite contents from different models. However, it is im-
portant to acknowledge the potential for misuse, such as
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Figure 6: Visual results for the composition of anomaly (object diffusion) and normal image (background diffusion) on
MVTec. Background models with 256-size images and object diffusion models with 128-size and 64-size images were
used.

Figure 7: Visual results for the composition of anomaly
(object diffusion) and normal image (background diffu-
sion) on VisA. The image within the circle represents the
segmentation results.

combining inappropriate or sensitive content. To address
this concern, we emphasize the importance of regulating
the use of such models and developing tools for detecting

misuse. Taking these measures will support the responsi-
ble advancement of AI technology for the betterment of
humanity.
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