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Introduction Method: Human-in-the-loop (HITL) ABC Results

Experiment in low-simulation regime

Simulator-based models: * We design an experiment to find a statistic from the pool to query
* mechanistic models of some physical phenomenon, easy to simulate from e Domain expert gives feedback (Yes/No) on the usefulness of the statistic * Model: g-and-k distribution (4 parameters)
* prevalent in domains such population genetics, ecology, astronomy, telecommunications, and cognitive science e Expert feedback is formulated as a probabilistic modeling problem e HITL-ABC outperforms other methods for ng, < 350, otherwise at par

* inferring their parameters 0 from data y is challenging as their likelihood function p(y|0) is intractable
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e We propose an active learning method that makes the statistics selection task easier and efficient for domain *
experts. 2 5.
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* Expert is shown inference results, and can detect misspecified statistics

ABC is a likelihood-free inference method that permits sampling from the approximate posterior of a model, * /€10, 1}: expert binary feedback e 3 parameters, { specifies misspecification level

given that it is easy to simulate from. e 7 €[0,1]: expert latent knowledge variable

* 0 €[0,1]: prior probability of selecting a statistic
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