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Diffusion Models
Diffusion models typically operate directly on data samples

For discrete data, this leads to an uninformative loss function, impeding 
optimization.
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A unified differentiable generative framework

✓ Natively handles discrete data

✓ Great performance on ‘hybrid data’ tasks

✓ No corruption process needed – start with a simple prior

✓ ‘Bayesian perspective’ on diffusion model



Operating in Parameter Space
Goal: Operate on the parameter space to maintain continuity

Discrete data: Relax each dimension’s one‐hot vector as a categorical 
distribution, which lives in a continuous simplex.

    Maintain a fully differentiable pipeline even for discrete data⇒
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𝑡 ≔ 𝑡 + 1



Generative Process
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Summary: Parameters 𝜃
Purpose: 

Parameters 𝜃 are inputs to the neural network
Evolution: 

During training, we perform Bayesian updates on 𝜃𝑡, 
using samples from the sender distribution (around    )



Sender and Receiver Distributions

∼



Sender and Receiver Distributions
Fix 𝑛 steps of the network, choose an accuracy schedule

• The sender distribution is chosen depending on data type, but always 
parameterised by some point 𝑥 and predetermined noise

• The sender is factorised (independent across dimensions)

∼

Continuous case
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Sender and Receiver Distributions
Similarly, receiver distribution is parameterized by ‘current understanding’ ො𝑥 and noise 𝛼

The receiver is a mixture of sender distributions weighted by its belief about 𝑥
Now consider a loss function defined by the KL divergence

✓ Minimizing the loss pushes ො𝑥 towards 𝑥
✓ KL gives a ‘smooth training signal’ with respect to parameters of NN 
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Internal Distributions: Continuous

Internal Distributions of BFN



Loss Function
Equivalent to a VAE loss where we have a sequence of latent samples 𝑦1, … , 𝑦𝑛 

Transmission interpretation: 
What is the cost of transmitting sample                                       from the sender to a receiver 
that believes

Sampling Issue:

✗ Computationally expensive  ✗ Not parallelizable
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Update Distribution
Goal: Sample 𝜃𝑖 directly (without sampling 𝜃1, … , 𝜃𝑖−1)  ) to simplify 

Additive Accuracies:
!



Loss Function

Depends on             only 

✓ Compute Monte Carlo without the 𝑛-step evolution of parameters
✓ Natural extension to continuous time loss
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Flow Distribution
Goal: Extend to continuous time. First define the accuracy schedule

Continuous case

Differences to Diffusion:

Occurring in parameter 
space, not sample space

Start with an initialisation 
instead of noisy sample 

Benefits:

✓ Permits continuous time 
loss

✓ Decoupled number of 
samples from t
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Similarly to Variational Diffusion Models, we derive a continuous time loss
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✓ Simplifies to a cleaner integral
✓ Flexible steps at inference time when trained on continuous loss
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Application: Hybrid Data
BFNs excel at hybrid data tasks due to their unified framework. For example, with structure-based drug 
design (SBDD) where we model (continuous) atom coordinates and (discrete) atom types

✓ Robust against mode collapse and noise

✓ Low variance updates and faster convergence

✓ Fewer sampling errors (incomplete or distorted molecules)

MolCRAFT: Structure‐Based Drug Design in 
Continuous Parameter Space (Qu et al., 2024, 

arXiv:2404.12141)



Thank you for listening



Supplementary Material



‘Full’ Loss



Loss VAE Perspective
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Bayesian Updates: Continuous
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