How do motivation & learning affect neural State value as a measurement of motivation Neural representations of learning and # tokens
dynamics In the limbic circuit?
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Markov Decision Process (MDP) model to compute state value behaviors known to be affected by motivation Projected rates suggest that limbic areas carry information about
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Performance level can be influenced
by learning and/or motivation, and it
IS often hard to decouple these.
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Task Objective: Learn to select the images that result in the most tokens of the color .
associated with the preferred fluid reward | Right
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Approach: Pseudopopulation decoding of aborts v. completed trials (CT) :
Aborts = trials where cue came on but monkey did not choose or did not hold choice (repeat aborts excluded) Conclusions & Next steps

Water (W) preferred over Mint (M) 58 aborts & 58 completed trials randomly selected per session (8-16 sessions depending on area)
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Reaction times can vary independently from learning Rescorla Wagner (RW)
RL model:
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(2) MDP state value model can be used

as a measure of motivation. w + \/ A’\ , !,C‘,

(3) All recording areas represent D4 slower RTs
iInformation about learning and motivation. Late learning
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(5) Motivation signals (e.g. #Tk) can be extracted *"
from neural activity earlier than learning signals.
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