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A chair that looks like an octopus
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Diffusion in one minute
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LDM keeps this learning problem and moves it into latent space.



Why diffuse in a latent space?
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Pixel diffusion repeats expensive computation on a large image grid.

Pixel grid

512 × 512

262,144 spatial positions

Latent grid

64 × 64

4,096 spatial positions

64× fewer spatial positions

The actual speedup also depends on channels, architecture, and sampling.



The two-stage model
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1  Learn the autoencoder 2  Freeze it and train latent diffusion



Stage 1: perceptual compression
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• Preserve visible structure and texture in a compact spatial tensor

• VAE (continuous) or VQGAN (discrete)



Stage 2: learn to denoise latent codes
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Train the conditioned U-Net to predict the added noise.

Update the U-Net and condition encoder. Keep E and D fixed.

Forward noising

The paper uses x here.

For LDMs, apply this to latent z.

Conditional training objective



Text conditioning with cross-attention
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“A painting of a squirrel eating a burger”

Queries Q

Spatial features

from the U-Net

Keys K and values V

Token features

from the text encoder



Sampling from a text prompt
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1 Encode the prompt

2 Denoise a random latent

Repeat the U-Net with the prompt.

3 Decode once to pixels

“A painting of a squirrel eating a burger”

The random seed changes the result.



Results



Compression controls the quality–cost tradeoff
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Too little compression

Large grids make

each step expensive.

Too much compression

Lost information

limits sample quality.

f = 4 or 8 works well

in these experiments.

FID ↓ is better



Unconditional image synthesis benchmark
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text-to-image benchmark
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A measured gain in efficiency
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Inpainting: pixel diffusion versus latent diffusion

Model Train samples / sec FID ↓ after 6 epochs

Pixel diffusion (f = 1) 0.11 24.74

Latent diffusion (f = 4) 0.33 14.99

3× training throughput

Better sample quality in this reported comparison.



Layout-to-image synthesis
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High resolution through spatial conditioning
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Training images

256 × 256

Generated image

512 × 1024

Semantic map in the inset supplies the scene layout.



Inpainting
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Questions
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- Good reconstruction does not always lead to good generation. What are some useful ways to 
understand this gap? Are there any promising approaches to design a latent space that works well for 
both reconstruction and generation?

- How come LDM outperforms other diffusion models? What differences were there that made this 
method better, considering that the downsampling with the autoencoder is unlikely to be the reason for 
the better performance?

- Could the initial perceptual compression step inadvertently throw away information
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