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current state-of-the-art generative models. We achieve this on unconditional im-

age synthesis by finding a better architecture through a series of ablations. For

conditional image synthesis, we further improve sample quality with classifier guid-

ance: a simple, compute-efficient method for trading off diversity for fidelity using

gradients from a classifier. We achieve an FID of 2.97 on ImageNet 128 x 128,

4.59 on ImageNet 256 x256, and 7.72 on ImageNet 512x512, and we match

BigGAN-deep even with as few as 25 forward passes per sample, all while main-

taining better coverage of the distribution. Finally, we find that classifier guidance y N
combines well with upsampling diffusion models, further improving FID to 3.94 / A\
on ImageNet 256 x256 and 3.85 on ImageNet 512x512. We release our code at [ ) ) “, |
https://github.com/openai/guided-diffusion. /N
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Figure 3: Samples from an unconditional diffusion model with classifier guidance to condition
on the class "Pembroke Welsh corgi". Using classifier scale 1.0 (left; FID: 33.0) does not produce

convincing samples in this class, whereas classifier scale 10.0 (right; FID: 12.0) produces much more
class-consistent images.
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