
Segmentation with diffusion



Diffusion with discrete data

Original DDPM: only generate continuous data

Sampling:

def p_sample(self, xt, t):

# xt: H×W

eps_theta = self.eps_model(xt, t) # 𝜖𝜃(𝑥𝑡 , 𝑡)

alpha_bar = gather(self.alpha_bar, t) #gather ത𝛼𝑡

alpha = gather(self.alpha, t) #gather 𝛼𝑡

eps_coef = (1 - alpha) / (1 - alpha_bar) ** .5 

mean = 1 / (alpha ** 0.5) * (xt - eps_coef * eps_theta) #𝜇𝜃 can be further derived from 𝜖𝜃

var = gather(self.sigma2, t)

eps = torch.randn(xt.shape, device=xt.device)

return mean + (var ** .5) * eps #sample from 𝒩(𝜇𝜃 , 𝜎)



Diffusion with discrete data

Bit Diffusion:

Different discrete encoding: (1) UINT8 (2) GRAY CODE (3) UINT8 RAND
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Image encoder: ResNet + Transformer Encoder + FPN

Mask decoder:  TransUNet
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Mask decoder:  TransUNet
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Training Algorithm
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Input Scaling:

Analog Bits: scale the data into {-b, b}, where b is set to be 1

Ours:  A smaller b will lead to samaller SNR
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Another perspective of SNR in diffsuion model
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Softmax Cross Entropy Loss

Original DDPM: 

𝐿𝑡−1 = 𝐷𝐾𝐿(𝑞(𝑥𝑡−1|𝑥𝑡, 𝑥0)||𝑝𝜃(𝑥𝑡−1|𝑥𝑡))

= 𝔼𝑥0,𝜖[𝐶||𝜖 − 𝜖𝜃||
2]

Ours: 

Loss Weighting:

Pixels in small instance are multipied with a bigger weight
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Extension to Videos:
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Main results:
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Visualization:
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Visualization:


