
Robustly account for  
informativeness
in ABC via
inverse ML models.
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Method: Robust adaptive distances

Robust adaptive distance functions
for approximate Bayesian inference
on outlier-corrupted data.
Schälte et al., 2021

Informative and adaptive distances and
summary statistics in sequential
approximate Bayesian computation.
Schälte et al., 2022

pyABC: Efficient and robust
easy-to-use approximate
Bayesian computation.
Schälte et al., 2022

Further information

Use robust norms with adaptive weights to
normalize for scale and down-weight outliers

Method: Inverse ML models
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2.5 Regression-based summary statistics

ground truth
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2.5
Regression-based sensitivity weights

ground truth
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Observed and simulated summary statistics

Summary statistic weights

M1 M2 M3 M4 M5

they reliably identify outliers
and yield accurate fits with
low bias and
tight confidence intervals

established methods perform
badly and can yield wrong
interpretations;
only the combination of the
new methods (accounting for
informativeness;
adaptive weighting; assessing
higher-order moments)
allows to tackle more
challenging problems

we are able to
simultaneously
robustly detect outliers and
account for informativeness
also on complex
application problems
(here: an agent-based
model of tumor spheroid
growth)

Idea: learn an inverse regression model s: y → θ

to define additional informativeness weights
given via normalized sensitivities
("If the data were perturbed, how much would the
optimal parameters change?")

to construct low-dimensional summary statistics
("Summarize all information of data on each
parameter in a single value per parameter")

use that model

learn functions of parameters to capture
higher-order moments, s: y → λ(θ)

the new robust adaptive
distances substantially
outperform established
methods,
on a variety of test problems
with different model and
data types

Robustness

Informativeness
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