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Introduction CPM

To understand the neural basis of cognition, cognitive models have to be incorpo- a Input Generative model Output
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. Cognitive model \
CPM is exemplified on a simple reward learning task. Population JNeural response Hemodynamic , Predicted
response function response function signal
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Fig. 1. We showcase CPM on the classic MID task using data collected by Srirangarajan et al. (2021), available at: oI
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(\) model to estimate the trial-by-trial reward prediction error (RPE)
trajectory and a CSC representation of each trial (Ludvig et al., 2012).
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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
Wip1 = We+ adee; against null model, with fixed {8 = —4})
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Subject level analysis

Sub-04: Log BayesFactor (asymmetric vs reduced model)
Threshold: BF > 10 Sub-04: Model fit (pearson correlation)

Simulations _
AL i R L ] R L i R L | R 72 B.

R L ! R L | R L | R 02
| ] -
= "B j-r 2 "8 _ul
Model Recovery ' ! 53 0.14
p,+=025 o +=002 p,+=025 o +=012 p,+=025 o +=002 p,+=025 o +=012 l I ]
Symmetric TD Model Asymmetric TD Model a =at =025 o =002 n,-=025 o =002 n,-=025 o =012 n,-=025 o =012 l l J L
Il 1 1 1 1 1 1 [ | [ |
I Symmetric TD Model etri odel | | [ Symmetric TD Model | | | |
: S etric ode .

34 0.075
0-9) N Asymmetric TD Model 0-9) [ Asymmetric TD Model | I | | B B =l
| H | :l | H |
[ | | [ | R = || ‘
| | .. .. 'm . ™ . ¥

08-

> > 08 ¥
Z 07t Z 07t 1 Z 07} , 06 1 t 15 l t 0.013
© © © 3
go6} go6; | Sos6f 0.4 -“. - | .H. " A
?-30-5’ ?-30-5’ 1 30-5' ° z=01. ik z=31 L z=6 1L Al 41 z=1001 g | -4.6 z=0[u ik z=31 e Jk z=61 L £ 41 z=100 1 g -0.048 =
S oal S oal | Soal | 02 0.4 0.6 0.8 02 0.4 0.6 0.8 0.2 0.4 0.6 0.8 0.2 0.4 0.6 0.8
3 3 3 o o o o Sub-04: Learning rate asymmetr Sub-04: Certainty over parameters (negative entropy)
¢ 03¢ ¢ 0.3F 1 ¢ 0.3¢F 1 4, +=075, o, +=002 p,+=075 o +=012 p,+=075 o +=002 p,+=075 o +=012 - -
w 02 w 02l ] w 021t | . ;L”—=O.25. on—=0.02 I I#n—=0.25, U”—=0.02 I Iun—=0.25, U”—=O.1Z I . un—=0.25, U”—=O.12 I C L i R L I R L : R L | R 093 D L l R L I R L : R L | R 11
0.1H 0.1t 1 01} ! ! ! ! ! ! B - - L " e
|| ||Jl { 0.7 0.85
0 0 0 i |
xvvq:, Q@qc;o& \’Qv &Q /,}LQ& &9}&@%@& “"Qb ’\'Q‘”é'@'& \,v“&m QQ‘”&“’Q "'Qh \'q‘”é'?& . 'I I' | ‘11 r‘ .I.] r ‘l] r i .I I. § h‘l (r‘ .I.Il r ‘l] r
0.47 0.56
- . . ’ . . . |l l‘ I ‘ | - | | l| ‘ | ]
F'g- 3: Recoverl ng the generatlve process 0.2 0.4 0.6 0.8 0.2 0.4 0.6 0.8 0.2 0.4 0.6 0.8 02 0.4 0.6 0.8 5 l ¥y 5" F s 3 t 0.23 " t 0.28

z=00 .H. al z=30% % ik z=6 1w L z=100 " . g 0 * ik z=31u @ ik z=6 1% 40 z=100 % . g 0

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 e
higher values indicate larger asymmetry towards learning from gains. D) Negative entropy of the receptive fields' parameters (6,,), as a measure of certainty over the parameters.
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Conclusion

thermore, parameters can be es- e CPM builds on receptive field models to map cognitive models onto brain and is fast enough to apply to real

0.2 0.4 0.6 0.8 0.2 0.4 0.6 0.8 0.2 0.4 0.6 0.8 0.2 0.4 0.6 0.8

timated accurately. “ a a a neuroimaging data.
Fig. 4: Simulated voxels with an SNR of 2 (red ground truth). o o _
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above estimated 1-D cognitive field of the symmetric model. e A first application is promising, but further validations are necessary.
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