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Sampling Behaviour Adaptively Scales with Task Difticulty
and Uncertainty
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Computational Modelling
The ANN-derived value of information predicts participants'
sampling decisions

Average test loss using an 8-
fold cross validation
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Computational Modelling
Interpretation of the ANN-discovered function

Linear UCB ANN B Stay

Switch

Value of Information




Computational Modelling
Interpretation of the ANN-discovered function
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Computational Modelling

Interpretation of the ANN-discovered function
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Computational Modelling
Interpretation of the ANN-discovered function using Symbolic Regression

and Svyrr

Source: https://github.com/MilesCranmer/SymbolicRegression. |l



Computational Modelling
Interpretation of the ANN-discovered function using Symbolic Regression
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Computational Modelling
Interpretation of the ANN-discovered function using Symbolic Regression
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Computational Modelling
Interpretation of the ANN-discovered function using Symbolic Regression
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Computational Modelling
Interpretation of the ANN-discovered function using Symbolic Regression
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The ANN-derived value of information can predict neural activity
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The ANN-derived value of information can predict neural activity
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BOLD signal in the Anterior Insula and the Anterior Cingular
Cortex covary with Value of Information
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Al and ACC Activity Reflects Information Value and
Predicts Sampling Behavior
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