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Introduction

To understand the neural basis of cognition, cognitive models have to be incorpo-
rated into the modelling of neural data. We introduce computational parametric
mapping (CPM), an extension of the Bayesian population receptive field method
(Zeidman et al., 2018), that allows fitting of cognitive models to neural data.
CPM is exemplified on a simple reward learning task.

Our approach has three advantages:
1. Circumvents need for behavioral data
2. Allows topographic mapping of cognitive parameters and model comparisons
3. Fast enough for extensive neural systems
Example questions for CPM:
• Do individual brain regions / voxels encode asymmetric learning for positive
and negative prediction errors?

Monetary Incentive Delay (MID) task
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Fig. 1: We showcase CPM on the classic MID task using data collected by Srirangarajan et al. (2021), available at:
openneuro.org/datasets/ds003858.
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Fig. 2: Left, CSC representation of a single trial; middle: RPE and value for a hit / loss trial; right: RPE trajectory for
different learning rate asymmetries.

We use a TD(λ) model to estimate the trial-by-trial reward prediction error (RPE)
trajectory and a CSC representation of each trial (Ludvig et al., 2012).

δt = Rt+1 + γWtXt+1 − WtXt

Wt+1 = Wt + αδtet

et+1 = γλet + Xt

Simulations

Fig. 3: Recovering the generative process.

We can recover whether data was
generated by a single learning
rate (α) or an asymmetric learn-
ing rate model (α+, α−), even
in the presence of noise. Fur-
thermore, parameters can be es-
timated accurately.
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Fig. 4: Simulated voxels with an SNR of 2 (red ground truth).
Heatmaps: recovered cognitive field for an asymmetric learning model,
above estimated 1-D cognitive field of the symmetric model.
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Fig. 5: Schematic overview over the CPM method.

Preliminary results

Group analysis
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Fig. 6: A) group t-statistic of model based fMRI analysis, p < 0.001, cluster threshold=7. B) Model comparison over subjects, GLM is a scaled RPE trajectory (α = 0.5)

Fig. 7: Cognitive fields estimated by the asymmetric learning model, for the averaged time series in each region of interest. Dark plots do not exceed a BF>10 (comparison
against null model, with fixed {β = −4})

Subject level analysis
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Fig. 8: For an example subject we see: A) BayesFactor as described above; B) Pearson correlation of the predicted vs the actual signal. C) The learning rate asymmetry α+

α++α− ,
higher values indicate larger asymmetry towards learning from gains. D) Negative entropy of the receptive fields’ parameters (θn), as a measure of certainty over the parameters.

Conclusion
• CPM builds on receptive field models to map cognitive models onto brain and is fast enough to apply to real
neuroimaging data.

• Proof of principle analyses show robust model & parameter recovery in simulations.
• A first application is promising, but further validations are necessary.
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