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TL;DR
• A	diffusion-based	latent	variable	model	
for	sets	on	general	metric	spaces

• We	learn	stochastic	interpolation	paths	
between	data	and	random	point	sets

• This	parametrization	enables	both	
efficient,	parallel	sampling	and	flexible	
generation	for	complex	conditional	tasks
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Paper	and	code	are	
available	here:
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Motivation
Modelling the complex interactions between points
commonly leverages the conditional intensity
function:
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where + represents the information of all other
points outside the ball )! centered at x.

Effectively modelling and sampling point
processes with the conditional intensity is a
fundamental problem having led to:

• Oversimplified	parametrizations
• Approximations
• Restrictive	factorizations
• Limited	evaluations

Approximating	the	posterior

Conditional	sampling
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Complex	conditional	sampling	examples
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Results

How	to	overcome	the	conditional	intensity	
function?

We	propose	to	model	point	processes	by	
directly	learning	to	stochastically	interpolate	

between	data	and	noise	point	sets


