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Results

Method

Abstract
Few-step discrete diffusion is hard: 
the fast factorized sampler must 
match a non-factorized target.

Motivation

Microsoft Research

● Target reverse process vs parameterisation:

● Diffusion objective:

● Markovian forward process:

● Forward process:

● Non-Markovian forward process:

● Same objective function:

● Maximum Coupling as a forward posterior: 

● Parameterisation of the forward marginals:

We learn the noising process to 
make the target factorized and 
sample faster.

● Problem with masked diffusion:
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Seoul Is the capital of South Korea
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Wellington Is the capital of Great Korea

Non-Factorized Factorized

Properties

posterior must be consistent with the marginals

Non-differentiable, need RL to optimize

Figure 2: Learned 4-step dynamics on the binarized MNIST dataset. Regular masked 
diffusion (top) and FLDD (bottom).

Table 1: Results on ROCStories dataset.

Table 2: Molecular generation results.

Unlocking few-step discrete diffusion!
No sampling overhead, same reverse process
Same likelihood-based objective function
Can learn unmasking for pretrained MDMs
Non-differentiable optimization with RL
End-to-end training of noising and generation
Works across domains such as text and molecules

sampled independently


