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Abstract

Deep learning has revolutionized medical image segmen-
tation, yet its full potential remains constrained by the
paucity of annotated datasets. While diffusion models have
emerged as a promising approach for generating synthetic
image-mask pairs to augment these datasets, they para-
doxically suffer from the same data scarcity challenges
they aim to mitigate. Traditional mask-only models fre-
quently yield low-fidelity images due to their inability to
adequately capture morphological intricacies, which can
critically compromise the robustness and reliability of seg-
mentation models. To alleviate this limitation, we introduce
Siamese-Diffusion, a novel dual-component model compris-
ing Mask-Diffusion and Image-Diffusion. During train-
ing, a Noise Consistency Loss is introduced between these
components to enhance the morphological fidelity of Mask-
Diffusion in the parameter space. During sampling, only
Mask-Diffusion is used, ensuring diversity and scalability.
Comprehensive experiments demonstrate the superiority of
our method. Siamese-Diffusion boosts SANet’s mDice and
mIoU by 3.6% and 4.4% on the Polyps, while UNet im-
proves by 1.52% and 1.64% on the ISIC2018.

1. Introduction
Recent advances in deep learning have led to unprecedented
success in medical image analysis [1, 35, 52, 54]. How-
ever, the full potential of segmentation remains untapped
due to limited annotated datasets [53]. Unfortunately, med-
ical data annotation is often costly, and acquiring images
can be difficult or impossible due to privacy and copyright
concerns. To overcome these challenges, diffusion models
[21, 36, 45] have emerged as effective tools to generate im-
age mask pairs, widely used to expand data sets for medical
image segmentation tasks [14, 33, 40].

*Corresponding Authors. † Equal Contribution.

Figure 1. (a) Workflow comparisons between our method and ex-
isting ones during the training and sampling phases. (b) Differ-
ences in synthesized images across methods. Mask-only methods
(yellow) lack morphological characteristics (e.g., surface texture),
resulting in low fidelity. Mask-image methods (red) produce high-
fidelity images; however, their reliance on extra image prior con-
trol results in low diversity and scalability. Our method (blue)
enhances morphological fidelity while preserving diversity.

Typically, generating medical images involves using
masks to indicate the lesion areas as prior controls injected
into the diffusion model [31, 59]. However, obtaining high-
fidelity synthetic medical images relies on large-scale train-
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ing datasets, creating a paradox: while generative models
aim to alleviate data scarcity for segmentation models, they
themselves face the same challenge.

As shown in Fig. 1(a), mask-only models primarily fo-
cus on aligning the lesion shape to the mask [14, 27], of-
ten getting trapped in local minima with low morphologi-
cal fidelity. Consequently, the medical images synthesized,
highlighted by yellow boxes in Fig. 1(b), frequently neglect
the indispensable morphological characteristics (e.g., sur-
face texture) [48, 49]. This neglect obscures the discrim-
inative features of the lesions learned by the segmentation
models, rendering them unexplainable and elusive, which
significantly undermines the reliability of the enhanced seg-
mentation models.

Inspired by [9, 20], incorporating additional prior guid-
ance through the combination of images and masks signifi-
cantly enhances the morphological fidelity of the synthetic
images. A picture is worth a thousand words: these im-
ages contain intricate morphological information that even
experienced clinicians often struggle to describe accurately.
While the joint prior control substantially enhances the fi-
delity of synthesized morphological characteristics (marked
with the red box in Fig. 1(b)), its close resemblance to real
data (marked with the gray box in Fig. 1(b)) leads to a dis-
astrous reduction in diversity. Furthermore, the scalabil-
ity of the synthesized images is constrained by the scarcity
of sample pairs, ultimately failing to genuinely address the
data scarcity issue for downstream segmentation models.

To overcome the limitations of the aforementioned
paradigms and capitalize on their strengths, we propose the
resource-efficient Siamese-Diffusion model, which trains
the same diffusion model under varying prior controls.
When guided by a mask alone, this process is termed Mask-
Diffusion, and when guided by both the image and its cor-
responding mask, it is called Image-Diffusion. To allevi-
ate the inherent issues of Image-Diffusion, we introduce a
Noise Consistency Loss, enabling the noise predicted by
Image-Diffusion to act as an additional anchor, steering the
convergence trajectory of Mask-Diffusion toward a local
minimum with higher morphological fidelity in the param-
eter space. Ultimately, only Mask-Diffusion is employed
during the sampling phase, where the diversity limitation is
mitigated by the flexibility of using arbitrary masks. Our
contributions are summarized as follows:
• We identify that both current generative models and med-

ical image segmentation models encounter the same data
scarcity issue, leading to low morphological fidelity. We
argue that only synthesized medical images containing
essential morphological characteristics can ensure the re-
liability of enhanced segmentation models.

• We propose the Siamese-Diffusion model, which lever-
ages Noise Consistency Loss and Image-Diffusion to
guide Mask-Diffusion towards a local minimum with

high morphological fidelity. During sampling, only
Mask-Diffusion is used to synthesize medical images
with realistic morphological characteristics.

• Extensive experiments demonstrate that our method out-
performs existing approaches in both image quality and
segmentation performance. SANet improves mDice and
mIoU by 3.6% and 4.4% on the Polyps dataset, and UNet
achieves gains of 1.52% and 1.64% on the ISIC2018
dataset, highlighting the superiority of our method.

2. Related Work
2.1. Controllable Diffusion Models
In recent years, Diffusion Probabilistic Models [21, 43, 45]
have become dominant in high-quality image synthesis. La-
tent Diffusion Models [36], which later evolved into Stable
Diffusion, significantly enhance both the speed and quality
of image generation by mapping the diffusion process into
a latent feature space [16]. Furthermore, controllable con-
ditions, such as classifier guidance [9, 39], text guidance
[20], and structure-image guidance [31, 59], have intro-
duced novel approaches for advancing foundational model
research. These techniques have found widespread ap-
plications in data-scarce fields, such as medical diagnosis
[14, 48] and industrial anomaly detection [12, 13, 23].

2.2. ReferenceNet
Prompts often struggle to precisely control fine details and
low-level semantics in generated images [36]. To address
this challenge, several models [6, 22, 56, 57] replace com-
plex prompts with exemplar images. These models lever-
age external hypernetworks [17] to extract rich semantic
information, enabling finer control over image generation.
However, they prioritize consistency over diversity, lim-
iting their applicability in tasks like medical image seg-
mentation, which demands both morphological diversity
and fidelity. Additionally, while some methods synthesize
abnormal samples from normal images [4, 41], they still
raise ethical concerns. Meanwhile, adopting the IP-Adapter
paradigm [58] requires a correlation between the image
prior control and noisy images (e.g., color or elements) dur-
ing training, which is impractical for scarce RGB datasets.
In contrast, the mask-only method offers a more accessible
and streamlined framework, making it a compelling alter-
native for broader adoption [11, 14, 40].

3. Method
3.1. Preliminary
Diffusion models [21, 44] comprise a diffusion process and
a denoising process. The diffusion process q(x1:T |x0) con-
stitutes a fixed T-timestep Markov chain devoid of trainable
parameters. The original input x0 is iteratively perturbed by
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Figure 2. (a) Illustration of our method during the training phase. The noisy image input zt in the latent space is processed through the
same diffusion model (i.e., “Copy”) under the mask and image-mask conditions, generating the noise predictions ϵmθ and ϵmix

θ′ , respectively.
These two processes are referred to as Mask-Diffusion and Image-Diffusion. The entire framework is optimized using the denoising losses
from both cases and the proposed Noise Consistency Loss between ϵmθ and ϵmix

θ′ . The Online-Augmentation module employs single-step
sampling to obtain the denoised z′0, which is then recombined with the mask y0 to train the Mask-Diffusion. (b) During the sampling phase,
only Mask-Diffusion is utilized to generate high-fidelity and diverse synthetic images. (c) Replacement of the Hint Input (HI) module with
the proposed Dense Hint Input (DHI) module enhances the extraction of prior guidance from the image.

Gaussian noise according to a variance schedule {βt}t=1:T :

xt =
√
ᾱtx0 +

√
1− ᾱtϵ, ϵ ∼ N (0, I), (1)

where ϵ denotes random noise sampled from a Gaussian dis-
tribution, αt = 1− βt, and ᾱt =

∏T
t=1 αt.

Conversely, the denoising process pθ(xt−1|xt) is trained
to reverse the parameterized Markov noise process, trans-
forming the noised Gaussian p(xT ) at timestep T into a re-
construction of the original data x0, as follows:

pθ(xt−1|xt) = N (xt−1;µθ(xt, t),Σθ(xt, t)), (2)

where µθ(xt, t) represents the network-predicted mean of
the denoised signal at timestep t, Σθ(xt, t) denotes the vari-
ance of the Gaussian distribution, which can be fixed to a
constant. For simplicity, Ho et al. [21] parameterized this
model as the function ϵθ(xt, t), predicting the noise compo-
nent of a noisy sample xt at any timestep t. The training ob-
jective is to minimize the mean squared error loss between
the actual noise ϵ and the predicted noise ϵθ(xt, t):

L = Ext,t,ϵ∼N (0,I)
[
||ϵθ(xt, t)− ϵ||2

]
. (3)

Subsequently, Stable Diffusion [36] employs a pre-
trained VQ-VAE [50] to encode images into the latent

space, conducting training on the latent representation z0.
In the context of controlled generation, given a text prompt
ct and task-specific conditions cf , the diffusion training loss
at time step t can be reformulated as:

L = Ezt,t,ct,cf ,ϵ∼N (0,I)
[
||ϵθ(zt, t, ct, cf )− ϵ||2

]
. (4)

3.2. Architecture of Siamese-Diffusion
ControlNet [59] and the pre-trained Stable Diffusion [36]
serve as the foundational framework for our method. Fol-
lowing the approach outlined in [59], both the VQ-VAE
module and the denoising U-Net encoder module within the
Stable Diffusion framework are kept frozen.

During the training phase, as illustrated in Fig. 2(a), the
image x0 is compressed into the latent space z0 using the
VQ-VAE encoder E . The proposed Dense Hint Input (DHI)
and ControlNet are combined in series to form a feature ex-
traction network. This network encodes the input image
x0 and its corresponding mask y0 into ci and cm. Differ-
ent prior controls, cm and cmix, are then injected into the
denoising U-Net decoder of the same diffusion model (i.e.,
“Copy” in Fig. 2(a)) to predict the noise ϵmθ and ϵmix

θ′ , re-
spectively. Here, cmix is the mixed features of ci and cm:

cmix = wi · ci + wm · sg[cm], (5)
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Figure 3. (a) Parameter update direction. (b) Mask-Diffusion pa-
rameter update direction, scaled by the Noise Consistency Loss.

where wi =
k

Niter
and wm denote the weights for the image

and mask prior controls. Niter is the total number of train-
ing iterations, and k is the current iteration. For brevity,
processes utilizing mask-only (i.e., cm) and mask-image
(i.e., cmix) are referred to as Mask-Diffusion and Image-
Diffusion. In Eq. (5), cm is the same as that used in Mask-
Diffusion with truncated gradients. This Siamese archi-
tecture distinguishes it from knowledge distillation models
[19, 30], which are resource-intensive due to the need for
training both a teacher and a student network. Ultimately,
the loss employed to train Siamese-Diffusion is defined as:

L = Lm + Li + Lc + Lm′ , (6)

where Lc is the proposed Noise Consistency Loss, and Lm′

arises from Online-Augmentation, both of which will be
elaborated upon subsequently. Lm and Li are the Denoising
Losses for Mask-Diffusion and Image-Diffusion:

Lm = E
[
||ϵmθ − ϵ||2

]
, ϵmθ = ϵθ(zt, t, ct, cm), (7)

Li = E
[
||ϵmix

θ′ − ϵ||2
]
, ϵmix

θ′ = ϵθ′(zt, t, ct, cmix), (8)

where θ is the Mask-Diffusion parameter, and θ′ is a Deep-
Copy of θ. Eq. (7) and Eq. (8) share the same ϵ ∼ N (0, I).

During the sampling phase, as illustrated in Fig. 2(b),
only Mask-Diffusion is utilized with arbitrary mask prior
control to synthesize medical images for segmentation.

3.3. Noise Consistency Loss
As mentioned above, in data-scarce scenarios, Mask-
Diffusion tends to get trapped in low-fidelity local minima,
yielding synthesized medical images that lack indispens-
able morphological characteristics, such as surface texture.
In contrast, Image-Diffusion, aided by the additional image
prior control x0, more effortlessly converges to high-fidelity
local optima. However, during the sampling phase, the
strong prior control from the image x0, which leads to syn-
thesized images closely resembling real images as shown in
Fig. 1(b), restricts the diversity of morphological character-
istics and limits the scalability due to the scarcity of paired
samples. As illustrated in Tab. 2, both cases lead to catas-
trophic degradation of segmentation performance.

Figure 4. t-SNE visualization of data distribution. (a)–(e) illus-
trate the distribution differences between real polyp images and
those synthesized by each respective mask-only method. The dis-
tribution of polyp images generated by our method nearly overlaps
with the real data, underscoring its exceptional ability to produce
highly realistic polyp images.

To help Mask-Diffusion escape from low-fidelity local
minima and move toward higher-fidelity regions in the pa-
rameter space, we introduce the Noise Consistency Loss:

Lc = wc · E
[
||ϵmθ − sg[ϵmix

θ′ ]||2
]
, (9)

where ϵmix
θ′ , the predicted noise from Image-Diffusion, is

more accurate than ϵmθ predicted by Mask-Diffusion, ow-
ing to the additional image prior control. The stop-gradient
operation [5] sg enables the more accurate ϵmix

θ′ to serve
as an anchor, guiding the convergence trajectory of Mask-
Diffusion towards higher-fidelity local minima in the pa-
rameter space. The “Copy” operation in Fig. 2(a) and the
identical cm in Eq. (5), jointly ensure that the strong prior
control provided by the additional image is successfully
propagated to Mask-Diffusion. Meanwhile, wi = k

Niter

gradually increases, with Denoising Loss dominating the
early stages to ensure stable convergence. wc controls the
steering strength, as discussed in Sec. 5.3.2.

Fig. 3 visually illustrate the above operation in parameter
space. Using arithmetic operations [24, 34], the update di-
rection of the parameters can be depicted by the difference
between the original model parameters θo, and the updated
model parameters θu. Therefore, the final update direction
for the Mask-Diffusion parameters can be approximated as:

θ̂m = θm + wc · (θi − θm), (10)

where θm and θi are the parameters of Mask-Diffusion and
Image-Diffusion, and θ̂m is the refined Mask-Diffusion pa-
rameter. Throughout this process, collaborative updates
to the feature extraction network and the diffusion model
maintain the alignment of mask features cm with noisy
image features zt in the latent space, ensuring the fused
latent features reside within a suitable manifold. Conse-
quently, Mask-Diffusion can operate independently dur-
ing sampling. As shown in Fig. 1(b), the morphologi-
cal characteristics of the synthesized images are enhanced
by the refined Mask-Diffusion, making these images com-
petitive with those synthesized by Image-Diffusion. Seg-
mentation models enhanced with these images ensure in-
terpretability and reliability. Unlike the classifier-free guid-
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Figure 5. (a) Examples of real polyp images. (b)–(g) Examples of synthetic polyp images generated by each respective method. “M”
denotes that mask-only prior control, while “M+I” denotes mask-image joint prior control. The synthetic polyp images generated by our
method achieve competitive morphological fidelity while also exhibiting morphological diversity (Zoom in for better visualization).

ance (CFG) [20], which improves fidelity by adjusting guid-
ance strength in the sample space, our proposed Siamese-
Diffusion enhances morphological fidelity within the pa-
rameter space. This distinction eliminates the limitations
imposed by the reliance on paired controls during sampling.

3.4. Dense Hint Input Module

The prior controls used in [59] are typically low-density se-
mantic images, such as segmentation masks, depth maps,
and sketches, from which features can be effortlessly ex-
tracted using a sparse Hint Input (HI) module. However,
when handling high-density semantic images, such as med-
ical images, the original sparse HI module is insufficient
for capturing nuanced details, including texture and color.
Thus, a Dense Hint Input (DHI) module is introduced. As
illustrated in Fig. 2(c), the DHI module incorporates denser
residual blocks with channel sizes of 16, 32, 64, 128 and
256, along with a more advanced patch merging module
[28]. This design enable the DHI module effectively ac-
commodates both image and mask prior controls [56].

3.5. Online-Augmentation

Leveraging the advantages of the Siamese-Diffusion train-
ing paradigm, Online-Augmentation is introduced to ex-
pand the Mask-Diffusion training set, as shown in Fig. 2(a).
The additional image prior control x0 improves the ac-
curacy of noise predicted by Image-Diffusion, enabling
single-step sampling [27, 44] to generate z′0 online. In
the first step, z′0 is obtained through the reverse process of
Eq. (1), with xt replaced by zt, as follows:

Table 1. Comparison of synthetic polyp image quality generated
by each respective mask-only method, evaluated using FID [18],
KID [3], CLIP-I [38], LPIPS [60], CMMD [25], and MOS metrics.

Methods FID (↓) KID (↓)CLIP-I (↑)LPIPS (↓)CMMD (↓)MOS (Confidence) (↑)

SinGAN-Seg [47]103.142 0.0898 0.851 0.639 0.929 0.233 (8.25)
T2I-Adapter [31] 162.447 0.1517 0.875 0.672 0.797 -
ArSDM [14] 98.085 0.0927 0.845 0.727 0.811 -
ControlNet [59] 70.630 0.0509 0.887 0.612 0.543 0.487 (5.94)
Ours 62.706 0.0395 0.892 0.586 0.515 0.587 (6.04)

z0 ≈ z′0 =
zt −

√
1− ᾱtsg[ϵmix

θ′ ]√
ᾱt

, (11)

where sg[ϵmix
θ′ ] is the noise predicted by Image-Diffusion

with truncated gradients. In the second step, z′0 approxi-
mates z0, recombining with cm to train Mask-Diffusion:

Lm′ = wa ·E
[
||ϵm

′

θ − ϵ||2
]
, ϵm

′

θ = ϵθ(z
′
t, t, ct, cm), (12)

where ϵ is as in Eq. (7), and wa controls alignment between
z′0 and cm, following [27]:

wa =

{
1, if k > Kτ and t < Tτ ,

0, otherwise,
(13)

where k is the current iteration, Kτ is the iteration thresh-
old, t is the timestep, and Tτ is the timestep threshold.
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Table 2. Comparison of SANet [52], Polyp-PVT [10], and CT-
Net [54] performance, evaluated using mDice (%) and mIoU (%)
metrics. “+” denotes that the training dataset consists of both
real polyp images and synthetic polyp images generated by each
respective method. “M” denotes that mask-only prior control,
while “M+I” denotes mask-image joint prior control.

Methods
EndoScene [51] ClinicDB [2] Kvasir [26] ColonDB [46] ETIS [42] Overall

mDice mIoU mDice mIoU mDice mIoU mDice mIoU mDice mIoU mDice mIoU

SANet [52] 88.8 81.5 91.6 85.9 90.4 84.7 75.3 67.0 75.0 65.4 79.4 71.4
+Copy-Paste 89.7 83.0 90.2 85.1 90.3 84.8 77.7 70.0 77.4 68.8 81.1 73.7
+SinGAN-Seg [47] (M) 88.3 81.6 90.9 85.3 91.0 85.8 77.3 69.4 73.7 65.4 80.0 72.6
+T2I-Adapter [31] (M) 86.5 78.9 90.6 85.0 89.9 84.1 77.7 69.4 78.6 69.7 81.1 73.2
+ArSDM [14] (M) 90.2 83.2 91.4 86.1 91.1 85.6 77.7 70.0 78.0 69.5 81.5 74.1
+ControlNet [59] (M) 90.2 83.7 91.6 85.4 90.6 85.0 77.0 69.0 75.8 66.5 80.5 72.8
+ControlNet [59] (M+I) 89.9 83.3 91.4 86.2 91.2 85.5 78.2 70.5 75.4 66.6 81.0 73.6
+Ours (M) 90.4 83.9 93.0 88.1 91.2 85.5 79.1 71.3 81.1 73.4 83.0 75.8

Polyp-PVT [10] 90.0 83.3 93.7 88.9 91.7 86.4 80.8 72.7 78.7 70.6 83.3 76.0
+Copy-Paste 88.0 80.9 93.4 88.7 91.7 87.1 79.8 71.8 79.2 71.3 82.8 75.6
+SinGAN-Seg [47] (M) 87.0 79.7 91.7 87.0 92.8 88.1 76.9 69.0 74.2 66.7 80.1 73.0
+T2I-Adapter [31] (M) 88.7 81.6 93.1 88.1 91.3 86.0 80.6 72.4 79.0 71.0 83.1 75.7
+ArSDM [14] (M) 88.2 81.2 92.2 87.5 91.5 86.3 81.7 73.8 80.6 72.9 84.0 76.7
+ControlNet [59] (M) 88.0 81.1 93.7 89.0 91.5 86.3 80.8 72.5 76.1 68.1 82.5 75.1
+ControlNet [59] (M+I) 90.3 83.5 92.2 87.7 91.1 86.2 81.6 73.7 77.2 69.1 83.2 76.0
+Ours (M) 90.4 83.8 93.9 89.3 91.1 85.9 81.7 74.0 81.5 73.4 84.4 77.3

CTNet [54] 90.8 84.4 93.6 88.7 91.7 86.3 81.3 73.4 81.0 73.4 84.2 77.0
+Copy-Paste 91.6 85.5 92.3 87.1 91.5 86.3 82.5 74.7 78.1 70.6 84.0 76.9
+SinGAN-Seg [47] (M) 89.4 82.3 93.6 88.8 92.9 88.6 78.0 70.4 76.4 68.7 81.5 74.6
+T2I-Adapter [31] (M) 90.8 84.3 93.7 88.7 91.9 86.9 81.7 74.1 80.4 72.5 84.3 77.2
+ArSDM [14] (M) 89.8 82.9 92.9 87.8 90.5 85.2 81.9 74.0 80.9 73.5 84.2 77.0
+ControlNet [59] (M) 90.2 84.1 92.3 87.5 91.7 86.9 81.4 73.5 79.5 71.7 83.7 76.6
+ControlNet [59] (M+I) 90.7 84.2 93.2 88.6 92.0 87.2 81.1 73.6 80.9 73.1 84.1 77.1
+Ours (M) 90.1 83.6 93.8 88.9 92.9 89.1 83.8 75.8 79.5 72.0 85.1 78.1

4. Experimental

4.1. Dataset and Metrics

We conduct experiments on three public medical
datasets—Polyps [2, 26], ISIC2016 [8], and ISIC2018
[7]—and two internal natural datasets, Stain and Faeces.

Training Set for Generative Models: Following [14],
the Polyps dataset consists of 1, 450 samples, comprising
900 samples from Kvasir [26] and 550 samples from CVC-
ClinicDB [2]. The ISIC2016 [8] and ISIC2018 [7] datasets
contain 900 and 2, 594 samples, respectively. The Stain
(500 samples) and Faeces (458 samples) datasets are parti-
tioned into training, validation, and test sets in a 3:1:1 ratio,
yielding training sets of 300 and 275 samples, respectively.

Training Set for Segmentation Models: The medical
datasets leverage synthetic images generated using masks
derived from their original training sets, which are then
amalgamated with the original images to create new training
sets. For the Stain and Faeces datasets, the original masks
are augmented through various transformations (e.g., scal-
ing) to produce 1, 000 samples for training.

Evaluation Metrics: We use several image quality eval-
uation metrics, including FID [18], KID [3], CLIP-I [38],
LPIPS [60], CMMD [25], and the Mean Opinion Score
(MOS), which is assessed by 3 experienced clinicians (see
Appendix for details). We use mDice and mIoU to evaluate
segmentation performance with the default settings of CNN
and Transformer-based models.

Table 3. Comparison of UNet [37] and SegFormer [55] perfor-
mance, evaluated using mDice (%) and mIoU (%). “+” denotes
that the training dataset consists of both real and synthetic skin
lesion images generated by each respective mask-only method.
“Real” denotes that masks are derived from real data, while “Ran-
dom” indicates transformed versions of real masks (e.g., scaling).

Methods

ISIC2016 [8] ISIC2018 [7]

UNet [37] SegFormer [55] UNet [37] SegFormer [55]

mDice mIoU mDice mIoU mDice mIoU mDice mIoU

Real Dataset 89.58 86.62 93.57 89.06 82.19 78.45 91.35 86.10
+Copy-Paste 89.43 86.48 93.53 88.85 81.00 77.16 91.25 86.09
+T2I-Adapter [31] 89.48 86.47 93.71 89.24 81.16 77.04 91.19 85.73
+ControlNet [59] 89.42 86.51 93.54 88.83 81.76 77.94 91.52 86.19
+Ours (Real) 89.91 87.01 94.14 89.76 82.81 79.04 91.80 86.67
+Ours (Random) 90.06 87.25 94.31 90.01 83.71 80.09 91.93 87.12

Table 4. Comparison of SegFormer [55] performance, evaluated
on mDice (%) and mIoU (%). Training dataset includes 1,000 syn-
thetic Stain/Faeces images generated by each mask-only method.

Methods

Stain Faeces

SegFormer [55] SegFormer [55]

mDice mIoU mDice mIoU

Real Dataset 93.46 89.78 90.50 87.78
DFMGAN [15] 49.59 49.19 49.47 48.95
AnomalyDiffusion [23] 70.84 64.47 81.59 73.39
T2I-Adapter [31] 74.75 70.57 88.02 83.88
ControlNet [59] 76.65 70.48 88.50 83.58
Ours 87.96 83.37 94.11 90.26

4.2. Implementation Details

Pre-trained Stable Diffusion V1.5 [36] forms the founda-
tion of Siamese-Diffusion. We fine-tune Stable Diffusion
across all five datasets using the AdamW [29] optimizer,
with a learning rate of 1 × 10−5 and a weight decay of
1× 10−2. The maximum number of training iterations (i.e.,
Niter) is set to 3, 000 for the Polyps [2, 26], ISIC2016 [8],
and ISIC2018 [7] datasets. It is set to 1, 500 for the Stain
and Faeces datasets. In Eq. (5), the weight wm is set to 1.0.
In Eq. (13), the iteration threshold Kτ = Niter

3 is empiri-
cally chosen and the timestep threshold Tτ = 200 follows
[27]. We use an optimal value of wc = 1.0, as elaborated
in Sec. 5.3.2. The images of the five datasets are resized to
384 × 384, and 5% probability is applied with no prompt
[20, 59]. We execute training on 8 NVIDIA 4090 GPUs
with a batch size of 6, culminating in a total batch size of
48. During sampling, we utilize DDIM [44] (η = 0) with
50 steps and a guidance scale of λ = 9, in accordance with
the methodology in [59].
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Table 5. Comparison of the impact of different components on
polyp image quality and segmentation performance. Image qual-
ity is evaluated using FID [18], KID [3], and LPIPS [60] metrics.
Segmentation performance is evaluated using weighted mDice (%)
and mIoU (%) metrics across five public test datasets. The train-
ing dataset consists of real polyp images and images synthesized
by our proposed Siamese-Diffusion method for each setting.

Settings DHI Online-Aug Ls FID (↓) KID (↓) LPIPS (↓)
SANet [52] Polyp-PVT [10] CTNet [54]

mDice mIoU mDice mIoU mDice mIoU

1 70.630 0.0509 0.612 80.5 72.8 82.5 75.1 83.7 76.6
2 " 70.479 0.0496 0.610 80.8 73.3 83.1 75.9 83.8 76.8
3 " 65.927 0.0459 0.605 80.9 73.4 82.7 75.5 84.0 76.9
4 " 67.508 0.0476 0.602 81.8 74.6 82.8 75.6 84.3 77.1
5 " " 65.266 0.0458 0.601 82.0 74.4 83.7 76.5 84.4 77.3
6 " " 62.706 0.0385 0.598 81.7 74.2 83.5 76.4 84.1 77.1
7 " " 63.059 0.0405 0.590 82.7 75.2 84.2 76.8 84.7 77.7

Ours " " " 62.706 0.0395 0.586 83.0 75.8 84.4 77.3 85.1 78.1

5. Evaluations and results

5.1. Image Quality Comparison
We evaluate synthetic images from prior mask-only models
quantitatively and qualitatively on the Polyps dataset, with
results from other datasets provided in the Appendix.

Quantitative Evaluation: Our method outperforms oth-
ers across six metrics, achieving a 35-point reduction in FID
compared to the previous SOTA ArSDM [14], as shown
in Tab. 1. The t-SNE visualizations in Fig. 4 further sub-
stantiate the realism of our synthetic images. Additionally,
our method achieves a KID score of 0.0395 and a CLIP-I
rating of 0.892, reflecting superior image quality. Mean-
while, the best LPIPS score of 0.586 and CMMD score of
0.515 demonstrate a closer alignment with human percep-
tion, while the top MOS score of 0.587 supports this conclu-
sion, highlighting enhanced morphological characteristics.

Qualitative Evaluation: Fig. 5 presents polyp images
generated by various methods. SinGAN-Seg [47] often in-
troduces artifacts and lacks diversity due to its “editing-
like” approach. T2I-Adapter [31] produces a “glossy” ap-
pearance, leading to unrealistic images. ArSDM [14] fails
to synthesize key morphological characteristics (e.g., sur-
face texture), resulting in low fidelity. Our method, based
on ControlNet [59], outperforms the mask-only (i.e., “M”)
ControlNet [59] shown in Fig. 5(f) in three critical areas:
mask alignment, morphological texture, and color, demon-
strating its superiority. Compared to the mask-image (i.e.,
“M+I”) ControlNet [59] shown in Fig. 5(e), our method ex-
hibits competitive fidelity while preserving diversity.

5.2. Segmentation Performance Comparison
Polyp segmentation performance comparisons are provided
in Tab. 2. We retrain models on a duplicated dataset (i.e.,
“Copy-Paste”) to establish a new baseline. Our method
surpasses the previous SOTA, ArSDM [14], significantly
improving mDice and mIoU for SANet [52] by 3.6% and

Figure 6. Visualizing the impact of different components on the
synthesis of polyp images (Zoom in for better visualization).

4.4%. For more advanced architectures, such as Polyp-PVT
[10] and CTNet [54], mDice scores increase by 1.1% and
0.9%, and mIoU increases by 1.3% and 1.1%. Only minor
declines are observed on Kvasir with Polyp-PVT and on En-
doScene and ETIS with CTNet, highlighting the robustness
of our method across diverse models and test sets.

Intriguingly, despite ControlNet’s [59] superior morpho-
logical quality with mask-image (i.e., “M+I”) joint prior
controls, the segmentation performance of Polyp-PVT and
CTNet declines, similar to Copy-Paste. Conversely, Ar-
SDM [14], despite lower morphological fidelity, improves
segmentation performance. These observations reveal a
crucial insight: image quality alone does not solely deter-
mine segmentation performance; morphological diversity is
equally essential. However, we emphasize that, in medi-
cal imaging applications, morphological diversity must be
paired with high morphological fidelity to ensure inter-
pretable and reliable segmentation.

Similar phenomena can be observed in Tab. 3. Interest-
ingly, both UNet [37] and SegFormer [55] perform better
with skin lesion images synthesized using random masks
(i.e., “Random”) compared to those derived from real data
(i.e., “Real”). UNet achieves a remarkable increase of
1.52% in mDice and 1.64% in mIoU on ISIC2018, un-
derscoring the sensitivity of segmentation to morphological
diversity. Tab. 4 presents segmentation performance com-
parisons using 1, 000 Stain or Faeces samples synthesized
with transformed masks (e.g., scaling), without real sam-
ples. Our method significantly outperforms AnomalyDiffu-
sion [23], even surpassing results achieved with real faeces
samples, highlighting its superior scalability.

5.3. Ablation Studies
5.3.1. Contribution of Main Components
We conduct the first ablation study to evaluate the contribu-
tion of each main component.

Quantitative Analysis: As illustrated in Tab. 5, Set-
ting 1 corresponds to ControlNet [59]. Setting 2 introduces
DHI, which improves segmentation performance by refin-
ing mask alignment but does not enhance morphological fi-
delity. Setting 3 employs Online-Augment to expand the
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Table 6. Comparison of the impact of different values of wc

on medical image segmentation performance, evaluated using
weighted mDice (%) and mIoU (%) metrics across three datasets.
The training dataset consists of real images and images synthe-
sized by our proposed Siamese-Diffusion method for each wc.

wc

Polyps ISIC2016 ISIC2018

SANet Polyp-PVT CTNet UNet SegFormer UNet SegFormer

mDice mIoU mDice mIoU mDice mIoU mDice mIoU mDice mIoU mDice mIoU mDice mIoU

0.0 80.5 72.8 82.5 75.1 83.7 76.6 89.42 86.51 93.54 88.83 81.76 77.94 91.52 86.19
0.5 82.0 74.4 84.0 76.7 84.2 77.0 89.88 86.98 94.02 89.72 82.24 78.52 91.75 86.65
1.0 83.0 75.8 84.4 77.3 85.1 78.1 89.91 87.01 94.14 89.76 82.81 79.04 91.80 86.67
1.5 82.4 75.1 84.0 76.7 84.6 77.7 89.96 87.16 94.07 89.71 82.41 78.56 92.05 87.19
2.0 81.4 73.7 83.8 76.4 83.8 76.5 89.77 86.82 94.11 89.74 82.27 78.46 91.54 86.30

training data, thereby enhancing both image quality and
segmentation performance. Setting 4 integrates Lc, boost-
ing the performance of SANet [52], a texture-sensitive CNN
model [32], and surpassing the previous SOTA model, Ar-
SDM [14]. Settings 5 through 7 demonstrate the synergistic
effects of combining components. DHI acts as a catalyst
for Online-Augment and Lc, substantially improving im-
age quality in Setting 6 and segmentation performance in
Setting 7, thoroughly surpassing ArSDM. The final model,
which integrates all components, achieves optimal results in
both image fidelity and segmentation performance.

As discussed in Sec. 5.2, statistical quality and segmen-
tation performance are not always directly correlated. Met-
rics like FID capture high-dimensional data distributions
but tend to overfit with scarce data [23] and miss fine-
grained morphological details [25], crucial for segmenta-
tion. Consequently, while Lc significantly improves seg-
mentation performance by refining morphological charac-
teristics, such as surface textures and color representation
in Settings 4 and 7, its quality assessment results are lower
than those of Online-Augment in Settings 3 and 6.

Qualitative Analysis: Fig. 6 depicts the impact of each
component. Settings 2 through 4 provided marginal im-
provements when applied individually. Setting 2 improves
lesion-mask alignment, as shown in the first two columns.
Setting 3 enhances color representation, while Setting 4 re-
fines morphological texture features. In contrast, Settings
5 through 7, which combine components, significantly en-
hance morphological details. Our Siamese-Diffusion, inte-
grating all components, generates the most realistic images
with intricate details, demonstrating its efficacy.

5.3.2. Weight Adjustment of Noise Consistency Loss
Similar to CFG [20], our method is akin to Image-Free
Guidance (IFG) in the parameter space, with wc serving as
the guidance strength. In this section, we investigate the
impact of wc for Lc on the performance of various segmen-
tation models, as shown in Tab. 6. We evaluate weights of
0.0, 0.5, 1.0, 1.5, and 2.0. Setting wc = 0.0 corresponds
to ControlNet [59]. When wc is set to 0.5, 1.0, or 1.5,
the mDice and mIoU scores of the segmentation models are

Figure 7. Visualizing the trends of mDice (%) and mIoU (%) met-
rics for SegFormer [55]. The training dataset consists of real polyp
images and synthetic polyp images generated at different multiples
by our proposed Siamese-Diffusion.

consistently on par with or exceed those of the SOTA mod-
els. These results validate the effectiveness of the proposed
Noise Consistency Loss Lc in enhancing segmentation per-
formance and demonstrate the robustness of our approach.
Finally, we select wc = 1.0 as the optimal stable default.

5.4. Discussion
While the advantages of the mask-only sampling paradigm
in terms of morphological diversity and scalability are pre-
liminarily demonstrated in Tab. 3 and Tab. 4, we further in-
vestigate the impact of varying data volumes on segmen-
tation performance using SegFormer [55]. As shown in
Fig. 7, when the synthetic data volume equals one fold, im-
ages generated with transformed masks (e.g., scaling) show
more pronounced improvements compared to those gener-
ated with real masks. This advantage continues to escalate
as the data volume increases, peaking at threefold, where
the mDice and mIoU metrics reach impressive values of
88.13% and 83.40%. These results demonstrate that both
scalability and morphological diversity are critical factors
for segmentation. However, when the augmented data vol-
ume increases to fourfold, a decline in performance gains
is observed. This intriguing phenomenon may be attributed
to a unique “long-tail problem” arising from the complex
distribution within the Polyps training and testing datasets,
which we plan to explore further in future work.

6. Conclusion
In this paper, we introduce a novel image synthesis method,
Siamese-Diffusion, which enhances the morphological fi-
delity of medical images while preserving the diversity in-
herent in the mask-only sampling paradigm. By employing
Noise Consistency Loss, we generate high-fidelity medical
images rich in morphological characteristics using arbitrary
masks during the sampling phase. Extensive experiments
across five datasets demonstrate the effectiveness and supe-
riority of our method.
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