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Extended data Figure 8. Further analysis of learning-induced changes in the population activity: the
reduction in noise correlations is insufficient to account for the improved classification accuracy during
learning.

Refers to Fig. 6. a, Classification accuracy for each training session (average of cross-validation samples), for
all neurons (left), subsampled excitatory (middle), and inhibitory neurons (right); example mouse. White
vertical line: choice onset. This format is the same as Fig. 6a, but here the noise correlations are removed by
making pseudo populations. b, Summary of each mouse, showing classification accuracy averaged across early
(unsaturated colors) vs. late (saturated colors) training days. As in (a), data are based on pseudo-populations in
which the noise correlations are removed. The learning-induced improvement in the classifier accuracy in
pseudo populations indicates that reduced noise correlations (Fig. 6f) cannot solely account for the enhanced
classifier accuracy during learning (Fig. 6a).
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Extended data Figure 9. Removing neuropil contamination with CNMF or manually using an annulus
leads to the same results.

Refers to Methods section “Neuropil Contamination removal”. a, An example spatial component in the FOV and
its surrounding annulus (yellow). b, AF/F trace for the same component obtained by manually subtracting the
neuropil activity averaged over the annulus region (blue trace) or by using the output of the CNMF processing
pipeline (red trace). The two traces look nearly identical as also demonstrated by their high correlation
coefficient (r = 0.96; the traces are not denoised). These results demonstrate the ability of the CNMF framework
to properly capture neuropil contamination and remove it from the detected calcium traces.
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