












 31 

 

Extended data Figure 7. Further analysis of learning-induced changes in the population activity: 
changes in licking and running movements are unlikely to account for improved classifier accuracy 
during learning. 
Refers to Fig. 6. a, Licking was similar in advance of high rate vs. low rate choices, both early and late in 
training. Licks that occur before the choice are to the center waterspout, and licks that occur after the choice 
are to the side waterspouts; example mouse. b, Each plot shows the Pearson’s correlation coefficient between 
licking patterns for left and right choices, calculated 250ms before the choice. These correlations were 
typically similar for early vs. late training days, indicating that animal’s licking pattern preceding left vs. right 
choices did not change drastically over the course learning. c, Distance that the animal travelled during the 
decision (as measured by the rotary encoder on the running wheel) was similar in advance of left vs. right 
choices; example mouse; each line represents a session (cold colors: early sessions; hot colors: late sessions). 
d, Classifier accuracy (97-0ms before the choice) of the full population was high even when the analysis was 
restricted to sessions in which the distance travelled was not significantly different (t-test, P>0.05; time 97-
0ms before the choice) for left vs. right choices. This analysis was necessary because for some mice in some 
sessions, there were idiosyncratic differences between the distances travelled in advance of left vs. right 
choices. In (b) and (d), median (red horizontal line), inter-quartile range (blue box), and the entire range of 
data (dashed black lines) are shown. 
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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, ∆F/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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