Learning-related modulation of rule representation
INn primate prefrontal cortex ensembles
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CONDITIONAL ASSOCIATIVE LEARNING (CAL) TASK
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The lateral prefrontal cortex (LPFC) is necessary for learning associations between arbitrary pairs of stimuli and responses.
Lesions to LPFC area 8a severely impair the ability of macaques to learn associations between more than one stimulus-re-

sponse pair simultaneously (Petrides, 1987; referred to as conditional associative learning—CAL). Saccade direction selectiv-
ity in single LPFC neurons has also been shown to emerge earlier in a trial as macaqgues learn the associations between ob-

jects and saccade directions (Asaad et al.,1998). However, the ensemble-level mechanisms of CAL in LPFC are poorly un-
derstood. The need to average neuronal activity across multiple instances of learning in single neuron recordings can mask

underlying dynamics in the neural activity, obscuring the relationship between neuronal activity and behavior. We predict

QUANTIFYING PERFORMANCE AND BEHAVIOR

that trial-to-trial variability in the learning curve will be reflected in the ensemble state.
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LEARNING ACCELERATES AND TEMPORALLY-

STABILIZES CHOICE REPRESENTATION

For the 40 consecutive trials with the highest behavioral performance in each rule block, a 200ms window was stepped at 100ms intervals and a logistic regression model was fitted to the firing rates in each
time bin. The models were then used to decode the animal’s choice at each time point for trials during chance vs. high performance. Note that the models were fitted on and used to project correct trials only.
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Cross-temporal decoding analysis. The red circumscribed regions indicate train/test bins in which the 95% confidence
intervals of classification accuracy exceed chance.

CONCLUSIONS

LPFC area 8a neurons exhibit di-
verse selectivity across features
and time during a rule-learning

task.

Learning-related fluctuations in
behavioral performance correlate
with the strength of saccade
choice representation in LPFC
neuronal ensembles

Choice information in single trials
accumulates more rapidly after

learning.

Learning stabilizes the ensemble
code for choice across time within
single trials.



