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Figure 1: Generated samples on CelebA-HQ 256 x 256 (left) and unconditional CIFAR10 (right)
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Denoising Diffusion Probalistic Model (DDPM) [1]
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Denoising Diffusion Probalistic Model (DDPM) [1]
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Denoising Diffusion
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RLHF: Denoising Diffusion Policy Optimization (DDPO)
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RLHF: Diffusion Policy Optimization with KL regularization (DPOK)
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RLHF: Diffusion Policy Optimization with KL regularization (DPOK)
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« DOODL [Wallace et al. 2023]
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Figure 1: We propose DOODL - a process that directly optimizes diffusion latents w.r.t. a model-based loss on the final
generation. Our method improves on vanilla classifier guidance in all tested settings and we demonstrate capabilities novel
to this class of methods such as vocabulary expansion, entity personalization, and perceived aesthetic value improvement.

Sample step of EDICT Generative Process (Wallace et al. 2022)
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Figure 3: Method diagrams. A Standard classifier guidance: at each timestep, £, a one-step denoising approximation of xg
is computed and the loss is calculated w.r.t the pixels of this generation. The gradient of this loss is incorporated into the
subsequent diffusion step. B EDICT [45], an invertible variant of the diffusion process which admits backpropagation through
the entire chain with no additional memory cost. C DOODL, our proposed method. We leverage EDICT and demonstrate
that the gradients of model losses computed w.r.t. the final generation can be used to optimize the fully noised x7 directly.
indicates a gradient calculation from a differentiable model-based loss with networks employed in this work displayed.

All updates invertible |
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