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Main message

We develop a model-free noise-aware Bayesian clustering framework with posterior summarisation

Idea: Separate density learning from clustering: generate posterior density draws, convert each draw to a level-set sub-partition, then
summarise the induced posterior on sub-partitions.

Output: Given the input data, the output is a compact, interpretable posterior approximation summarising multiple plausible clustering
structures: g7, = s, wy d;,, where each particle ¢, represents a plausible noise-aware clustering mode and wy gives its posterior weight.

1. Motivation and challenges

Many scientific clustering problems (astronomical surveys, object tracking) contain both

structured signals and noise.
Problem
» Require good likelihood, priors, specifications of latent component parameters

» MCMC sampling can be expensive and posterior samples are hard to summarise
Inference pipeline: model-free posterior draws

= Standard Bayesian mixture clustering may split one cluster into several mixture components.

1. Martingale Posterior on Clustering
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= Predictive resampling gives posterior density draws without committing to a fixed mixture allocation model.
= Each density draw is mapped to a level-set sub-partition: active clusters plus inactive/noise points.

= |A losses and WASABI compress the posterior into multiple weighted noise-aware clustering summaries.

Predictive Bayes setup: Uncertainty comes from the unobserved future Y,, . 1.00 | ¥1.n.

Induced martingale posterior on sub-partitions. Let F, be the limiting random predictive distribution,

and define O .= 15\(Fix). For measurable B C {0,1,...}",
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Posterior draws via predictive resampling

A coherent predictive sequence factorises as p(yni1:n8 | Y1) = Hf\in+1p(yz- | Y1),
Starting from the fitted predictive after observing v;.,, for each Monte Carlorun 5 =1,..., B:

set treated as inactive/noise.

observed sample.

Three-step procedure:

{ impute yffllzN J—’{ get predictive distribution draw F]%j)

J—»{ apply the deterministic level-set graph map s 5 J—» 9) (sub-partition)

{9(j)}f:1 is a Monte Carlo approximation to [1o( - | y1.)-

Eliciting the predictive sequence: Gaussian copula; Newton; TabMGP; etc.

2. Density level-set sub-partitions

Level sets define clusters while naturally leaving low-density observations inactive.
Let f denote the unknown sampling density. For a level A > 0,

Sx(f) =1z :

The clustering target is a sub-partition: connected components of the level set, with observations outside the level

f(z) > A}, AXF) = Sa) Ny, - Ut

Sample Level-Set Graph Clustering
For d > 2, computing connected components of Ly(f) is nontrivial. We therefore use a discrete surrogate on the

1. Threshold: A),(f) ={¢: f(y;) > A}. Points below A are inactive/noise.
2. Connect: build a graph on A,(f) using a d-neighbourhood or reciprocal-kNN rule.

3. Cluster: connected components are clusters; inactive points receive label 0.

Two example clustering draws:
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3. Multimode posterior summarisation—a compact, interpretable approximation to a large posterior sample of clusterings
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Experiment: bimodal clusters plus noise
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Noise-aware summaries show stable tracks and ambiguous clutter associations.
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