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Paradox
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Main Contributions
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• We argue that only synthesized medical images containing essential 

morphological characteristics can ensure the reliability of enhanced 

segmentation models.

• We propose the Siamese-Diffusion model to generate medical images with 

realistic morphological features.

• Extensive experiments demonstrate that our method outperforms existing 

approaches in both image quality and segmentation performance. 



Overall Methodology
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Noise Consistency Loss

6

Weight-trainable

Weight-frozen

//   Gradient-stopped

D
H
I M

o
d
ule

Mask-Diffusion

𝓔 𝒛
𝟎

𝒛
𝒕

𝒛
𝟎 ′

𝝐

𝝐
𝜽 𝒎

Image-Diffusion

𝝐
𝜽
′

𝒎
𝒊𝒙

Q
K

V

Q
K

V

Q
K

V

Q
K

V

Q
K

V

Q
K

V

Q
K

V

Q
K

V

Q
K

V

Q
K

V
Q

K
V

ControlNet

Q
K

V

Q
K

V

Q
K

V

Z
 E

 R
 O

Z
 E

 R
 O

Z
 E

 R
 O

𝒛
𝒕

O
nlin

e
A
ug

m
e
n
ta

tio
n

Denoising Loss

Denoising Loss
N
ois

e
C
on

siste
n
c
y L

o
ss

𝒄𝒎

𝒄𝒎𝒊𝒙

Q
K

V

× 𝟏

≈

Image: 𝒙𝟎 Mask: 𝒚𝟎

Prompt: A photo of 
[CLS] (i.e., polyps).

Training

(a)

Copy

𝒄𝒊

Denoising Loss:

Consistency Loss:



Online-Augmentation
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Ablation Study

Ours+Aug & Lc +DHI & Lc+Lc+Aug +DHI & AugControlNet +DHI
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Method Comparison
(c) T2I-Adapter (M) (e) ControlNet (M+I) (f) ControlNet (M)(b) SinGAN-Seg (M)(a) Real (d) ArSDM (M) (g) Ours (M)
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Method Comparison
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Extended Evaluation (ISIC2016)
(c) ControlNet(b) T2I-Adapter(a) Real (d) Ours
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Extended Evaluation (ISIC2018)
(c) ControlNet(b) T2I-Adapter(a) Real (d) Ours
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Conclusion

• Introduce a novel image synthesis method-Siamese-Diffusion. 

• Extensive experiments across five datasets demonstrate the effectiveness 

and superiority of our method.
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Thanks for your attention!

https://github.com/Qiukunpeng/Siamese-Diffusion
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