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Diffusion Models
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Diffusion Models
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𝔼𝑝0 𝐱0 𝑝 𝛜 𝐱0𝜃,𝑡 𝛼𝑡𝐱0 + 𝜎𝑡𝛜 − 𝐱0
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: clean-data prediction (denoising)

∇ log 𝑝𝑡 𝐱𝑡 = 𝔼𝑝 𝐱0|𝐱𝑡 ∇𝐱𝑡 log 𝑝 𝐱𝑡|𝐱0  
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Balancing Time Steps

• Training: min
𝜃

𝔼𝑝 𝑡 𝑤𝑡𝔼𝑝0 𝐱0 𝑝 𝛜 𝐱0𝜃,𝑡 𝛼𝑡𝐱0 + 𝜎𝑡𝛜 − 𝐱0
2

• The loss value does not reflect absolute fit to data!

⟺ 𝔼𝑝0 𝐱0 𝑝 𝐱𝑡|𝐱0 𝐱0𝜃,𝑡 𝐱𝑡 − 𝐱0
2
:

for a given 𝐱𝑡, 𝐱0𝜃,𝑡 𝐱𝑡 minimizes σ𝑖 𝐱0𝜃,𝑡 𝐱𝑡 − 𝐱0
𝑖

2
where 𝐱0

𝑖
~𝑝 𝐱0|𝐱𝑡 .

➔ Optimal 𝐱0𝜃,𝑡
⋆ 𝐱𝑡 = 𝔼𝑝 𝐱0|𝐱𝑡 𝐱0 .

➔ Optimal loss: tr Cov𝑝 𝐱0|𝐱𝑡 𝐱0 > 0 and unknown!

• Cannot compare data fitness at different time steps.

• Cannot diagnose training status from training loss.
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Estimating the Optimal Loss

• Estimation by importance sampling: 𝔼𝑝 𝐱0|𝐱𝑡 𝐱0 = 𝔼𝑝 𝐱0

𝑝 𝐱0|𝐱𝑡

𝑝 𝐱0
𝐱0 ∝ 𝔼𝑝 𝐱0 𝑝 𝐱𝑡|𝐱0 𝐱0
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• Scalable estimator: by dataset subsampling
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•  

•

where

Properly balancing variance an bias!

(𝐱0
𝑙෦𝑚 is the 𝐱0 that makes 𝐱𝑡

෥𝑚 )

Large variance from rarely hitting 

𝐱𝑡
𝑚  that makes a large 𝐾𝑡 𝐱𝑡

𝑚
, 𝐱0

𝑙 .

Use the same set of 𝐱0 to make 𝐱𝑡:
Bias from upweighting matching 𝐱0, 𝐱𝑡  pairs.



Estimating the Optimal Loss

• Estimation by importance sampling: 𝔼𝑝 𝐱0|𝐱𝑡 𝐱0 = 𝔼𝑝 𝐱0

𝑝 𝐱0|𝐱𝑡

𝑝 𝐱0
𝐱0 ∝ 𝔼𝑝 𝐱0 𝑝 𝐱𝑡|𝐱0 𝐱0

• Scalable estimator: by dataset subsampling

•

•  

•

where

Properly balancing variance an bias!

(𝐱0
𝑙෦𝑚 is the 𝐱0 that makes 𝐱𝑡

෥𝑚 )

Large variance from rarely hitting 

𝐱𝑡
𝑚  that makes a large 𝐾𝑡 𝐱𝑡

𝑚
, 𝐱0

𝑙 .

Use the same set of 𝐱0 to make 𝐱𝑡:
Bias from upweighting matching 𝐱0, 𝐱𝑡  pairs.



Principled Diffusion Training and Analysis

• Training: min
𝜃

𝔼𝑝 𝑡 𝑤𝑡𝔼𝑝0 𝐱0 𝑝 𝛜 𝐱0𝜃,𝑡 𝛼𝑡𝐱0 + 𝜎𝑡𝛜 − 𝐱0
2

• Principled training schedule:

positively 
correlated

negatively 
correlated

normalize the scale upweight the
pos. correl. region



Principled Diffusion Training and Analysis

• Scaling-law analysis:



Thanks!

Check out our paper
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