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Why Diffusion Models for Discrete Data

« Generating discrete data with parallel sampling
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Why Diffusion Models for Discrete Data

« AR models require imposing an ordering which may be unnatural for many data types
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Challenge

Diffusion yet to match AR performance on discrete data
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Gulrajani & Hashimoto (2024). Likelihood-based diffusion language models.



Masked Diffusion Models

Also known as absorbing diffusion, first proposed in Austin et al. (2021) M mask
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Austin et al. (2021). Structured denoising diffusion models in discrete state-spaces.



Masked Diffusion Models

data

time O

- w/ prob.

- w/ prob.

Ay

4

l —a

l —a

, remain masked

...... —)

data
B mask

time 1



MD4 Objective: Weighted Cross-Entropy Losses

Continuous-time Negative ELBO (7' — o)
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Perplexity on GPT-2 Zero-Shot Eval

Size Method LAMBADA  WikiText2 PTB WikiText103 IBW
Small  GPT-2 (WebText)* 45.04 4243 138.43 41.60 75.20
D3PM <9347 <7728 <200.82 <7516 < 138.92
Plaid <5728 <5180 < 142.60 <50.86 <91.12
SEDD Absorb <5092 <4184 <114.24 <4062 <7929
SEDD Absorb (reimpl.) <4973 <3894 < 107.54 <39.15 <7296
MD4 (Ours) <4843 <3494 <102.26 <3590 <68.10
Medium GPT-2 (WebText)* 35.66 31.80  123.14 31.39 55.72
SEDD Absorb <4277 <3104 <8712 <2998 <61.19

MD4 (Ours) <44.12 <2584 <66.07 <2584 <5145




Pixel-level Image Modeling

ImageNet 64x64
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Sampling
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« The masking schedule controls the the quantity of simultaneously predicted tokens.

« The cosine schedule that gradually increases parallel predictions works best.
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Your Absorbing Discrete Diffusion Secretly Models the
Conditional Distributions of Clean Data
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Thanks

ImageNet 64x64
unconditional generation

Conditional text skydiving is a fun sport, but it's extremely Though antibacterial products are a poison, the

generation risky. You can have so many injuries one time skin needs a chemical solution that protects it
and then one next time. There are so many from bacteria and spots that form within it —
ways you can hurt, so, neuroconcussions, that is why | always shampoo twice a day and
especially from Skydiving, are continuing to shower three times a day.
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