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Summary: SBI for decision-making research
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* MNLE enables SBI for simulators with mixed data
* |deal for decision-making research with many-trial data

 High simulation efficiency: inference beyond canonical DDMs
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onnectomics:

unraveling the connectivity of the brain

macroscale connectomics

microscale connectomics

e How do connectivity patterns emerge?
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A computer model of the rat barrel cortex

subcellular anatomy E < whisker somatotopy ——>» A \

(o))

whife matter | 0.5 mm

rat barrel cortex reconstruction of neurons 3D model of the barrel cortex

* Model contains only structure, no connections

* Provides a testing ground for wiring rules

22 Egger et al. 2014; Udvary et al. 2022
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A structural wiring rule for the barrel cortex

boutons \ f spines
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-0 TTY
Dense Structural Overlap (DSO)
9 re 9 0S
pre,” - post ' ’
DSO. ; ,(6) =
bhJ HpostAll
postAll,

Thalamus
e (Calculate DSO for every neuron pair in the model

e Draw connections from DSO probabilities: ¢ ~ Poisson( DSO(6) )

23 Boelts et al. 2023; Udvary et al. 2022



Testing the DSO rule with empirical data
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SBI toolkit has been adopted by the community
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Summary and outlook

New SBI method for mixed data

e |Inference for custom models of decision-making
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Summary and outlook

1. New SBIl method for mixed data
e |Inference for custom models of decision-making
2. SBI for connectomics

e Efficient exploration of hypotheses about the connectome
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Summary and outlook

1. New SBIl method for mixed data
e |Inference for custom models of decision-making

2. SBI for connectomics

e Efficient exploration of hypotheses about the connectome

3. SBI toolkit

e Accessible SBI software tool for practitioners
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sbi : simulation-based inference

sbi : A Python toolbox for simulation-based inference.

. |prior = BoxUniform(low=zeros(2), high=2*ones(2))
def simulator(9):

return 6 + 0.1*randn like(9)

# Box prior [0,2]x[0,2]
# Gaussian 1in 2D




Summary and outlook

1. New SBIl method for mixed data
e |Inference for custom models of decision-making

2. SBI for connectomics

e Efficient exploration of hypotheses about the connectome

3. SBI toolkit
e Accessible SBI software tool for practitioners
Outlook:
e Trainings: applied Al’s SBI training
e Hackathons: 2024 Tubingen, 2025 Munich?
e Tutorial paper: Practitioners’ guide to SBI

e |ndustry applications
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sbi : simulation-based inference

sbi : A Python toolbox for simulation-based inference.

. |prior = BoxUniform(low=zeros(2), high=2*ones(2))
def simulator(9):

return 6 + 0.1*randn like(9)

# Box prior [0,2]x[0,2]
# Gaussian 1in 2D
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32



