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Overview What’s missing? Existing work has not shown how to (efficiently)
simulate the two chains for partition-valued chains Experiments
MCMC is often used for clustering and similar tasks , :
g Our Methods Experiment 1: Most runs using couplings are more accurate
Wall time is a premium, and MCMC is time consuming Greedily make X, ; & Y; as close to each other as possible than most runs using naive parallelism
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E.g. Clustering cells [Prabhakaran et al. 2016] 4§ W provide nominal coverage, unlike naive parallelism
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al. 2020] to debias: Create a
two chains (X;), (Y;) thatare =g -
equal in distributon X, £y,
and eventually “meet” X —

Computational overhead to implement the coupling is small! We construct confidence intervals from one run

Theorem: The cost of simulating from our coupling is O(K? log K) Intervals from naive parallelism are over-confident,

50 100 plus 2 times the cost of a single Gibbs move because of biasedness
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