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Problem Motivation

e Most bits of an Image encode imperceptible high-frequency
detalil; a likellhood model spends the bulk of its capacity and
compute on pixels, not semantics.

Diffusion models set the state of the art in image synthesis, but they
run directly In pixel space — so training the most powerful models
costs hundreds of GPU-days, and every sampling step is slow and
memory-hungry. e Prior diffusion work down-weighted those details in the loss, yet
the network still had to be evaluated on every pixel — so the

wasted computation remained.

This confines high-resolution generative modeling to the few labs with
massive compute, leaving a large carbon footprint and limiting access
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for the broader research community. Sampling Is also sequential, so PIXEL SPACE VS. | LATENT SPACE

each image needs many costly denoising passes. Spends capacity on Train where semantics live —
Training a top pixel-space diffusion model can take 150—-1000 imperceptible detail; evaluates a compact, perceptual code.
\VV100-days — out of reach for all but a handful of labs. every pixel. N Y
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—0.99 FID vs ADM-G — with 34% fewer parameters

Ablation Study

SO WHAT . LDM-4-G reaches near-SOTA class-conditional ImageNet FID
using ~%4 the parameters and a fraction of pixel-space compute.
« Compression sweet spot: f =4 and f = 8 reach far lower FID and

faster sampling than pixel-space LDM-1; aggressive f = 16/32
discard too much detail.

FID vs sample throughput
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The autoencoder's compression factor — not the diffusion

FID vs. sampling throughput across compression factors on CelebA-HQ (left)
and ImageNet (right) — mild compression (LDM-4/8) gives the best quality—
speed trade-off.
Also SOTA In Inpainting, beats SR3 In super-resolution FID, and

powers text- & layout-to-image synthesis.

model — is the decisive lever on quality and speed.

SO WHAT - Mild perceptual compression (f = 4-8) is the key lever
balancing efficiency and quality — neither pixel-space LDM-1 nor
aggressive f = 32 competes.



https://github.com/CompVis/latent-diffusion

