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Known corruption lets us learn a denoising task

November 9 completed VAE training: reconstruction and prior regularization train both networks.

Diffusion returns to denoising: predict a clean image from its corrupted version.

At fixed noise scale, predicting the clean image or its added noise gives equivalent targets.

Today: learn noisy scores, connect several noise levels, then view generation as solving an SDE or ODE.
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Predicting the clean image and predicting its noise are equivalent

For  at a fixed :

The squared errors differ by a constant:

Same prediction problem; a different output parameterization.

𝒙𝜎 = 𝒙+ 𝜎𝝐 𝜎 > 0

𝒙 = 𝒙𝜎 − 𝜎𝜖𝜃,𝜎(𝒙𝜎), 𝝐 =
𝒙𝜎 −𝐷𝜃,𝜎(𝒙𝜎)

𝜎
.

‖𝒙− 𝒙‖2 = 𝜎2‖𝝐− 𝝐‖2.
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The noise we draw becomes a supervised target

No noise labels need to be collected: we constructed the corruption.

𝐽(𝜃) = 𝔼𝐱,𝝐 [‖𝝐− 𝜖𝜃,𝜎(𝒙+ 𝜎𝝐)‖2] .
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One minibatch update learns noise prediction at one level

Fix . For each batch of  clean images:

Step Computation, 

Draw noise  independently

Corrupt

Predict

Average loss

Update

Can this one denoiser also turn random noise into a clean image?

𝜎 > 0 𝐵

𝑖 = 1,… ,𝐵

𝝐𝑖 ∼N(𝟎, 𝐼)

𝒙𝜎,𝑖 = 𝒙𝑖 + 𝜎𝝐𝑖

𝝐𝑖 = 𝜖𝜃,𝜎(𝒙𝜎,𝑖)

̂𝐽 = 1
𝐵
∑𝑖 ‖𝝐𝑖 − 𝝐𝑖‖

2

𝜃← 𝜃− 𝜂∇𝜃
̂𝐽

5/22



From denoising to noisy scores
What the predictor learns—and why one noise level is insufficient
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Denoising learns the score of the noisy distribution

 denotes convolution: adding independent Gaussian noise smooths the clean-data distribution.

At the noisy input , the score points toward increasing noisy-data log density:

Exact for the ideal squared-error predictor; approximate for the trained network.

𝒙𝜎 = 𝒙+ 𝜎𝝐, 𝑝𝜎 = 𝑝data ∗N(𝟎,𝜎2𝐼).

∗
𝒙𝜎

𝑠𝜎(𝒙𝜎) = ∇𝒙𝜎
log 𝑝𝜎(𝒙𝜎) = −

𝜖∗𝜎(𝒙𝜎)

𝜎
≈ −

𝜖𝜃,𝜎(𝒙𝜎)

𝜎
.
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Small noise approaches the clean score where that score exists

For a smooth positive clean density, under suitable regularity:  as 

.

∇ log 𝑝𝜎(𝒙𝜎)→ ∇ log 𝑝data(𝒙𝜎) 𝜎

→ 0
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Small-noise training leaves poorly constrained scores away from data

Clean data: uniform on a radius-10 circle. Train a small MLP at .

Measured failure here: wrong magnitudes off the ring; directions mostly remain radial.

𝜎 = 1
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Large noise improves coverage but changes the score being learned

Same architecture and training budget, now .

A good estimate of  is still not the clean-data score.

𝜎 = 10

∇ log 𝑝10
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What would perfect single-level sampling produce?

Suppose the  score is exact and the sampler correctly targets its

density.

What would more accurate sampling recover?

A. The clean radius-10 circle

B. The broad noisy distribution 

C. One conditional-mean point

B. Better approximation cannot change the distribution the score describes.

𝜎 = 10

𝑝10

11/22



Learning across noise levels
Broad coverage first; clean-data detail at lower noise
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Multiple noise levels connect broad coverage to fine detail

Noisy scores → discrete noise levels → continuous SDE/ODE sampling

Now  denotes noise variance: , , and .

1. Large noise: learn directions across a broad region.

2. Intermediate noise: change the target toward cleaner structure.

3. Small noise: resolve detail near the clean data.

𝑡 𝜎𝑡 =
√
𝑡 𝒙𝑡 = 𝒙+

√
𝑡 𝝐 𝒙0 = 𝒙
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Every time slice is a distribution over possible noisy samples

𝑝𝑡(𝑥̃𝑡) =
3

∑
𝑗=1

𝑤𝑗N(𝑥̃𝑡;𝜇𝑗, 0.09 + 𝑡), (𝜇1,𝜇2,𝜇3) = (−3, 0, 3).
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Independent standard-normal steps make noise variance add

After  steps: noise variance ; noise standard deviation .

𝒙𝑡 = 𝒙𝑡−1 + 𝜼𝑡, 𝜼𝑡
iid∼N(𝟎, 𝐼).

𝑡 𝑡
√
𝑡
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Any noisy training input needs only one Gaussian draw

Independent Gaussian variances add: .

Select  and construct its noisy input directly.

For large , the noise dominates: start generation approximately from .

𝑝𝑡(𝐱̃𝑡 ∣ 𝒙) =N(𝐱̃𝑡;𝒙, 𝑡𝐼), 𝒙𝑡 = 𝒙+
√
𝑡 𝝐, 𝝐 ∼N(𝟎, 𝐼).

𝐼 +⋯+ 𝐼 = 𝑡𝐼

𝑡

𝑇 N(𝟎,𝑇𝐼)
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One network learns noise prediction at every level

Add the noise level to the input: .

Step Computation for each image in a batch

Draw level and noise , 

Construct input

Predict and score

Update shared parameters

One sampled level per image; the same parameters across levels.

𝝐𝑖 = 𝜖𝜃(𝒙𝑡𝑖 , 𝑡𝑖)

𝑡𝑖 ∼ Uniform{1,… ,𝑇} 𝝐𝑖 ∼N(𝟎, 𝐼)

𝒙𝑡𝑖 = 𝒙𝑖 +
√
𝑡𝑖 𝝐𝑖

̂𝐽 = 1
𝐵 ∑𝑖 ‖𝝐𝑖 − 𝜖𝜃(𝒙𝑡𝑖 , 𝑡𝑖)‖

2

𝜃← 𝜃− 𝜂∇𝜃
̂𝐽
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Reverse generation needs small conditional steps, not one clean guess

A clean-image estimate uses the whole predicted noise:

For the additive walk, the previous-step conditional mean instead uses

Generation follows  with fixed learned parameters.

A mean is not a full distribution: a reverse sampler must also handle uncertainty.

𝒙 = 𝒙𝑡 −
√
𝑡 𝜖𝜃(𝒙𝑡, 𝑡).

𝝁𝑡−1 = 𝒙𝑡 −
1
√
𝑡
𝜖𝜃(𝒙𝑡, 𝑡).

𝑇 → 𝑇 − 1→ ⋯→ 0
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A stochastic reverse step denoises, then adds fresh noise

Move from current noise variance  to a lower variance . The step size is : how much

we reduce the noise variance.

A DDPM-style step in our additive units is

The correction uses  of the predicted clean-data correction.

For small  relative to , the added variance is approximately .

This Gaussian step approximates the reverse conditional distribution.

𝑡 𝑠 ≥ 0 ℎ = 𝑡− 𝑠 > 0

𝑥̃𝑠 = 𝑥̃𝑡 −
ℎ
√
𝑡
𝜖𝜃(𝑥̃𝑡, 𝑡)

⏟ ⏟ ⏟___ ___

𝑚: previous-level mean

+√ 𝑠ℎ
𝑡

𝜉
⏟

fresh noise

, 𝜉 ∼N(0, 1).

ℎ/𝑡
ℎ 𝑡 ℎ
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Mean correction narrows the distribution; noise spreads it again

“Denoise two, add back one” describes local variance change—not a time reversal.
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Diffusion as a continuous process
From Gaussian steps to SDEs and continuous-time training
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Continuous noising is the small-step limit of the Gaussian walk

Discrete diffusion → continuous SDE → probability-flow ODE → solver choices

An SDE adds random increments:  over an interval .

Our time label is noise variance: .

Its marginal remains  in distribution.

𝑑𝒙𝑡 = 𝑑𝐰𝑡, 𝒙0 = 𝒙.

Δ𝐰 ∼N(𝟎,ℎ𝐼) ℎ
𝜎(𝑡) =

√
𝑡

𝒙𝑡 = 𝒙+
√
𝑡 𝝐
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