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Supplementary Fig. 1: Spurious correlations induced by
slow-timescale fluctuations.

In this work, we were interested in characterizing trial-to-trial variability shared among
neurons. However, neural activity can exhibit multiple timescales of variability that
can influence interpretation. For example, fluctuations on the timescale of minutes to
hours have been observed in many brain areas, including PFC [1]. It is important to
control for these slow timescales in correlation analyses such as spike count correlation
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(rsc), canonical correlation analysis (CCA), and our method, pCCA-FA (a combina-
tion of probabilistic canonical correlation analysis and factor analysis), to prevent the
measurement of potentially spurious correlations [2, 3].

a, To illustrate how slow-timescale activity fluctuations can yield spurious corre-
lations, consider a simulation where activity from two brain areas is generated as two
independently drawn Gaussian Processes (GPs, [4]). Each GP consists of a time series
of 500 values, representing the activity of a single brain area over 500 trials. We gen-
erated two GPs representing two brain areas with corresponding trial indices, each
including a slow-timescale fluctuation with time constant τ = 50 trials. Since the GPs
were independently drawn, we would expect them to have a correlation across trials
that is close to zero. However, given a limited number of trials, two independent GPs
with slow-timescale fluctuations can have substantial non-zero correlation. Here, the
two time series have a trial-to-trial correlation of ρ = 0.358.

b, As the number of trials grows to infinity, the correlation between the GPs would
shrink to zero. However, this trial count inflation is not feasible in animal experiments.
Instead, we can remove the slow-timescale components by subtracting a moving aver-
age (i.e., retain only the fast component; see Methods). After this subtraction, the
correlation between the two GPs is now close to zero (ρ = −0.030). Thus, when-
ever fluctuations in the activity occur on timescales that extend across a substantial
portion of the trials, spurious correlations can arise.

c, The same phenomenon could be seen in our neural recordings. We ran a control
analysis to demonstrate the importance of removing slow components before perform-
ing any correlation analysis in neural activity. To generate a chance distribution, we
performed a flip control where the trial order of neural activity in one area (right PFC)
was flipped. Our assumption was that this flipping would break any trial-to-trial cor-
respondence and should in principle result in correlations close to zero. Any recovered
correlations would be spurious (induced by slow-timescale fluctuations).

For each experimental session, we fit a pCCA-FA model to the flipped neural
activity (left PFC remained the same, right PFC was flipped). We selected the number
of across- and within-area latent variables of each model to be the same as what
was identified in the non-flipped neural activity (i.e., in the models fit for analyses in
Figs. 4-6). We then computed the cross-validated canonical correlations by splitting
the trials of flipped neural activity into training and testing folds. For each fold, we
estimated pCCA-FA model parameters using the training trials. Then, we computed
the held-out posterior means (E [z|x1] and E [z|x2] ∈ Rd, see Methods and Equation
(7)) using the testing trials. Across folds, this yielded one posterior mean per brain
area per trial. The cross-validated canonical correlation is the trial-by-trial correlation
of the posterior means. Note that this is equivalent to canonical correlations that
would be identified by CCA, when applied to the same data.

When fitting pCCA-FA to the flipped neural activity, we recovered large cross-
validated canonical correlations (ρflip), indicating that the across-area variance of
models fit to neural activity that includes slow-timescale fluctuations could be repre-
senting spurious correlations rather than true across-area interactions. Each plotted
point indicates the cross-validated canonical correlation (i.e., the correlation between
held-out posterior means) for a pair of across-area co-fluctuation patterns (one in each
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area) in a single session. The horizontal axis positions of each point are jittered slightly
for visual clarity.

d, If the slow component were inducing spurious correlations, we would expect
that removing this component from the flipped neural activity would reduce the cor-
relations seen in panel c. To test this, we subtracted the slow component from the
neural activity using a moving average (see Methods). When fit to the flipped fast
component, pCCA-FA recovered cross-validated canonical correlations close to zero
(ρfast-flip), indicating that spurious correlations were successfully removed from the
neural activity. Therefore, the analyses in this work (rsc in Fig. 2 and pCCA-FA in
Figs. 4-6) focus on the fast component. We used the same model model fitting pro-
cedure and computation of cross-validated canonical correlations as in panel c, but
on the flipped fast component of neural activity. Each point indicates cross-validated
canonical correlation for a pair of across-area co-fluctuation patterns as in panel c.

e, Throughout this work, we fit pCCA-FA to the fast component of neural activ-
ity. Here, we sought to assess whether the cross-validated canonical correlations (ρfast)
in this case were meaningful. To do this, we defined a chance distribution using the
canonical correlations recovered when fitting pCCA-FA to the flipped fast compo-
nent (ρfast-flip, i.e., the values plotted in panel d). We found that the cross-validated
canonical correlations in the (non-flipped) fast component of our PFC recordings
were significantly above chance (ρfast − ρfast-flip > 0) in all sessions (Monkey Pe:
p = 1.1e−127, n = 103 co-fluctuation patterns; Monkey Wa: p = 1.0e−32, n = 28;
Monkey Sa: p = 2.8e−156, n = 132; paired one-tailed t-tests). This indicated that
substantial trial-to-trial correlation existed between the hemispheres of PFC.

f, Though this work focuses on trial-to-trial variability, we also wondered whether
any meaningful (i.e., not spurious) correlations existed in the slow component of neural
activity. We fit pCCA-FA to the estimated slow component of neural activity. To
determine whether the estimated canonical correlations (ρslow) were meaningful, we
performed the same analysis as in panel e, but using the slow component instead of
the fast component. Similar to the analysis in our previous work [1], we found here
that there were substantial correlations present in the slowly varying neural activity.
ρslow was above ρslow-flip (ρslow − ρslow-flip > 0) across sessions for most across-area
co-fluctuation patterns (Monkey Pe: p = 1.0e−14, n = 103 co-fluctuation patterns;
Monkey Wa: p = 0.0010, n = 28; Monkey Sa: p = 1.0e−17, n = 132; paired one-tailed
t-tests). This indicates that slow-timescale across-area interactions do indeed exist in
PFC activity (perhaps similar to the correlations observed in our previous analysis of
V4 and PFC [1]), in addition to the trial-to-trial effects that we focused on in this
work.
* Source data are provided as a Source Data file.
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Supplementary Fig. 2: pCCA-FA accurately recovered %sv
and dshared in simulations.

To validate the model fitting procedure, we asked whether pCCA-FA could recover
ground truth values of %sv and dshared using realistic numbers of simulated neurons
and trials. We systematically varied the ground truth values of across- and within-
area %sv (panel a) and dshared (panel b) over values in the real-data regime. In each
simulation, we used 30 neurons per area and generated random loading matrices Wm

and Lm for each area m using independent draws from a standard normal distribution.
To scale the loading matrices to enforce a particular level of %sv, we adjusted the
singular values of the across- and within-area loading matrices (Wm and Lm) relative
to each other to achieve the desired ratios. In this analysis, we used a flat distribution
of singular values for each loading matrix. Although this is not physiologically realistic
(see Supplementary Fig. 6), it was appropriate for this analysis to ensure that each co-
fluctuation pattern described sufficient variance in cases of low %sv. The independent
variance values (i.e., entries of Ψm) were then scaled to achieve a level of independent
variance similar to what is estimated from our neural recordings (in this analysis,
75%). For each parameter configuration, we generated 30 independent datasets. We fit
pCCA-FA to each dataset and estimated the number of across- and within-area latent
variables in a cross-validated manner (see Methods). Plotted error bars indicate one
standard deviation computed across the 30 datasets.

a, We tested three simulated %sv scenarios (marked with gray points), in which
the across-area %sv was less than (below the dashed line), equal to (on the dashed
line), or greater than (above the dashed line) the within-area %sv. This allowed us
to assess whether pCCA-FA was able to accurately recover the across- and within-
area components in scenarios in which one component dominated the other. Each
simulated dataset included 5 across-area latent variables (d = 5) and 3 within-area
latent variables per area (dm = 3, for each area m). These values were chosen to be
within the range observed in our neural recordings. To understand how trial count
limitations impacted the estimation of %sv, we fit pCCA-FA to the three %sv scenarios
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using either 300 (top) or 1,000 (bottom) trials. These trial counts represented the
lower and upper end of the number of trials in our experimental sessions. With a
small number of trials (top), when %sv was low pCCA-FA tended to underestimate
the value of %sv (points to the left or below gray points indicating the ground truth
configurations). With sufficient trial counts (bottom), the estimated values of %sv
became accurate (estimates on top of gray points with low spread), regardless of the
relative proportions of across- and within-area %sv. For visual clarity, we plotted the
estimated %sv values from only one simulated brain area, and the other area yielded
similar results.

b, We next asked if pCCA-FA was similarly able to identify the ground truth
dshared under scenarios in which across-area dshared was less than (below the dashed
line), equal to (on the dashed line), or larger than (above the dashed line) within-
area dshared. We manipulated the ground truth dshared while keeping the %sv constant
(≈ 15% across-area and ≈ 10% within-area). When fitting pCCA-FA with 300 trials
(top), we found that pCCA-FA underestimated within-area dshared in some cases.
These were cases in which each within-area co-fluctuation pattern explained only ≈ 2%
of the overall variance, making them difficult to identify with limited trials. Across-
area dshared was accurately estimated in all cases, perhaps because each across-area
co-fluctuation pattern explained a greater amount of %sv than each within-area co-
fluctuation pattern (because the ground truth %sv is higher). With increased trial
counts (1,000, bottom), pCCA-FA made no errors in estimating across- or within-area
dshared. As in panel a, we plotted the estimated dshared values from only one area, and
the other area yielded similar results. Taken together, these results demonstrate that
pCCA-FA was able to identify and partition across- and within-area shared variability
even with modest trial counts.
* Source data are provided as a Source Data file.
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Supplementary Fig. 3: Recovery of %sv depends on angle
between across- and within-area co-fluctuation patterns.

In Fig. 5, we found that the angle between across- and within-area co-fluctuation pat-
terns tended to be large (mean across sessions = 68.2◦). We asked how well pCCA-FA
could partition across- and within-area variance as the across- and within-area co-
fluctuation patterns varied in their similarity. To test this, we conducted simulations
in which we systematically varied the angle between the ground truth across- and
within-area co-fluctuation patterns. We then asked how accurately pCCA-FA esti-
mated across- and within-area %sv. In each simulation, we specified the angle between
the top across- and within-area co-fluctuation pattern (i.e., the angle between the first
column of the across- and within-area loading matrices; θsim, see Methods). We wished
to test the dependence of the estimation procedure only on the value of θsim, so we
matched the level of %sv across all simulations and all values of θsim. To do this, we
generated loading matrices Wm and Lm for each area m as in Supplementary Fig. 2,
and scaled their columns to ensure that the ground truth value of across-area %sv was
≈ 15% and within-area %sv was ≈ 10%. In this analysis, we scaled the columns of each
loading matrix using singular values that followed an exponential distribution (i.e.,
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the first co-fluctuation pattern had the highest singular value, and each subsequent co-
fluctuation pattern had smaller singular values). This ensured that application of the
singular value decomposition did not change the order of the columns, which would
lead to an incorrect value of θsim. The independent variance values (i.e., entries of Ψm)
were then scaled to achieve 75% independent variance. We selected other parameters
to be within the range of values observed in neural recordings: 30 neurons per area,
5 across-area latent variables (d = 5) and 3 within-area latent variables for each area
(dm = 3, for each area m). We repeated the simulation procedure 100 times for each
value of θsim, using 1,000 trials per simulated dataset. In this analysis, we were inter-
ested in the partitioning of across- and within-area shared variance, so we fit a single
model using all trials at the ground truth values of across- and within-area dimension-
ality, then computed the estimated values of across- and within-area %sv. We report
the ground truth and estimated values of across-area %sv (pink points, one per simu-
lated brain area) and within-area %sv (blue points, one per simulated brain area; light
and dark blue for areas 1 and 2, respectively), as well as the total %sv, which is com-
puted as the across-area %sv plus the within-area %sv (black point, mean ± standard
deviation, pooled across simulated brain areas, 2 per simulated dataset, n = 200).

a, When the across- and within-area co-fluctuation patterns were aligned (θsim =
1◦; left), the estimated %sv was within ≈ 5 %sv of the ground truth value (each
point represents a simulated brain area; dashed line indicates zero error). Although
the individual across-area (pink) and within-area (light and dark blue for areas 1 and
2, respectively) points sometimes deviated from the ground truth (indicated by their
vertical offset from the dashed line), the total %sv (i.e., across-area %sv plus within-
area %sv, indicated by black points) was well estimated (close to dashed line). Thus,
the estimation errors of across- and within-area %sv involved overestimates of one
type of %sv (across- or within-area) with corresponding underestimates of the other,
thereby providing an accurate estimate of the total ground truth level of %sv. Each
individual simulation contributed four points to the scatter, one per simulated brain
area for across-area (pink) and within-area (blue) values. As the co-fluctuation pat-
terns became more distinct (θsim = 20◦, 80◦; middle and right, respectively), pCCA-FA
became more accurate in estimating across- and within-area %sv (pink and blue points
approaching dashed line).

b, To provide a fuller picture of the dependence of estimated %sv on θsim, we
systematically varied the alignment of the across- and within-area co-fluctuation pat-
terns (θsim). We then asked how the estimated partitioning of variance depended on
the alignment of the co-fluctuation patterns. Estimated %sv settled very close to the
ground truth value and variance across estimates decreased quickly as co-fluctuation
patterns became more distinct (from left to right). Note that the results shown at
θsim ∈ [1◦, 20◦, 80◦] (marked by dashed lines) match the panels in a. The error
bars indicate the mean ± one standard deviation across 100 independent simulations
(pooled across simulated brain areas, 2 per simulated dataset, n = 200). Together,
these results indicate that across- and within-area co-fluctuation patterns were well
estimated even when they were quite similar in the ground truth. As the across- and
within-area co-fluctuation patterns became more distinct, the estimation errors of
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across- and within-area %sv also decreased.
* Source data are provided as a Source Data file.
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Supplementary Fig. 4: pCCA-FA outperformed alternative
models on neural recordings.

Here we compared pCCA-FA to alternative statistical models that can be used to
describe neural activity recorded simultaneously from two areas. We focused on prob-
abilistic models tailored for studying trial-to-trial variability (without a time series
model). Overall, we found that pCCA-FA outperformed alternative models on our
dual-hemisphere PFC recordings (measured in terms of higher cross-validated data
likelihood). In addition to the greater generalization performance, pCCA-FA dis-
tinguishes between across- and within-area interactions, providing a more thorough
dissection of neural activity than the alternative models that we considered.
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a, For each recording session and model, we performed 10-fold cross-validation to
identify the number of across- and within-area latent variables, and used the cross-
validated data log likelihood of the selected model for comparison with other models
(see Equation (6) in Methods for the pCCA-FA definition). For each experimental
session, we computed the difference in data log likelihood between pCCA-FA and
that of each alternative model under consideration. A value above zero indicates that
pCCA-FA outperformed the alternative model. For plotting purposes, we normalized
the log likelihood of each session by the number of trials and neurons so that the
log likelihood values would be comparable across sessions. Paired statistical tests (see
below) were performed using non-normalized values. Each box plot covers the first
to third quartiles of the differences in log likelihood, with the median across sessions
marked with a line. Each whisker covers and additional 1.5× the interquartile range.
Values for each individual session and animal are shown above the box plot for each
candidate model.

(top) For two populations of neural activity, we can fit a separate factor analysis
(FA) model to each area (termed individual FA model). Although this model does not
identify across-area interactions, it is a simple model whose performance served as a
baseline for interpreting the performance of pCCA-FA and other models. Note that
this model is mathematically equivalent to pCCA-FA when the number of across-area
latent variables is set to zero. We fit a FA model to each area, and calculated the data
log likelihood for both areas by adding together the log likelihood from each single-
area model. We found that pCCA-FA outperformed the individual FA model (one
point per session; Monkey Pe: p = 5.5e−8, n = 16; Monkey Wa: p = 0.0018, n = 10;
Monkey Sa: p = 1.4e−6, n = 16; paired one-tailed t-tests) because pCCA-FA captures
activity that is correlated across areas, whereas the individual FA model does not.

(middle) We next fit FA jointly to all recorded neurons, without consideration that
they were recorded from different areas (termed joint FA model). The joint FA model
captures both across- and within-area interactions together, and is not designed to
separate these two types of interactions as pCCA-FA is. Again, we found that pCCA-
FA outperformed the joint FA model (Monkey Pe: p = 1.1e−7, n = 16; Monkey Wa:
p = 0.014, n = 10; Monkey Sa: p = 6.6e−7, n = 16; paired one-tailed t-tests).

(bottom) Both formulations of FA considered so far are unable to identify across-
area interactions separately from within-area interactions. To explicitly identify across-
area interactions, we fit a pCCA model (see Methods, [5]) to the two areas. We found
that pCCA-FA outperformed pCCA for all sessions (Monkey Pe: p = 6.8e−12, n = 16;
Monkey Wa: p = 4.5e−7, n = 10; Monkey Sa: p = 5.4e−9, n = 16; paired one-tailed
t-tests). The average number of trials per session ranged from 450 − 850, which is
in the regime in which pCCA-FA outperformed pCCA in simulated data (Fig. 3e-f).
pCCA-FA outperforms pCCA in this regime because pCCA-FA has fewer parameters
than pCCA (see panel b, Methods).

b, We illustrate how pCCA-FA (top) has fewer parameters than pCCA (bottom).
Suppose that we record from 10 neurons in each of areas 1 and 2. Together, the 20
neurons have a joint spike count covariance matrix (left). The color of each square
in the heatmap indicates the corresponding value in the covariance matrix. The color
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scale is indicated below the joint covariance matrix, and applies to all heatmaps.
Precise numerical values are arbitrary and for illustration purposes only.

pCCA-FA approximates this joint spike count covariance matrix as a sum of a low-
rank across-area component (top left), a block diagonal within-area component where
each block is low-rank (top middle), and a diagonal independent neuron component
(top right). This results in a parameter count of (n1 + n2) × d for the across-area
component, (n1 × d1) for the within-area 1 component, (n2 × d2) for the within-area
2 component, and (n1 + n2) for the independent neuron component.

In contrast, pCCA approximates the joint spike count covariance matrix as the
sum of a low-rank across-area component (bottom left) and a block diagonal matrix
where each block is full rank (bottom right). The block diagonal matrix includes all
variance that is not captured by the across-area component, including any variance
shared among neurons solely within each area and independent neuron variances. This
results in a parameter count of (n1 + n2) × d for the across-area component and
(n1 × n1) + (n2 × n2) for the block diagonal matrix.

The number of parameters for the across-area component is the same for pCCA-FA
and pCCA. However, pCCA-FA can have a substantially smaller number of parameters
than pCCA in the remaining components, especially if the number of within-area latent
variables in pCCA-FA is small relative to the number of neurons in each population.
This explains the practical benefits of pCCA-FA over pCCA in the limited data regime
(see panel a, Fig. 3e-f).
* Source data are provided as a Source Data file.
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Supplementary Fig. 5: Shuffling area labels destroys
within-area shared variance.

In Fig. 4b, we compared the amount of shared variance (%sv) in the across-area
component versus the within-area component. Here, we validated that we identified
meaningful shared variance in our PFC recordings by randomly permuting the area
labels (i.e., right or left hemisphere) of the neurons. In other words, we randomly
assigned each neuron to area 1 or area 2. When we permute the area labels of the
neurons, each shuffled population contains some true area 1 neurons and some true
area 2 neurons. We can think of each shuffled population as comprising neurons drawn
from the same overall population of neurons. Thus, it is unlikely for there to be activity
variance that is shared exclusively among neurons within a shuffled population. We
would expect nearly all of the shared variance among neurons to be assigned to the
across-area component, and little shared variance to be assigned to the within-area
component.

To perform this shuffle control, we took the same spike counts that were used to fit
pCCA-FA in our main analyses (Figs. 4-6, see Methods) and permuted the area labels
of the neurons. Then, we fit pCCA-FA to the spike counts of the shuffled neurons
in a cross-validated manner, identical to the analyses in the main figures (Figs. 4-6,
see Methods). We computed the across- and within-area %sv using the parameters
of the resulting pCCA-FA model in each session. Compared to Fig. 4b (which is the
same analysis using the pCCA-FA models fit using true area labels, same plotting
conventions used here), the within-area %sv (horizontal axis) in the shuffled models
was reduced to near zero. The across-area %sv (vertical axis) was similar or slightly
greater for the shuffled neurons compared to the neurons with true area labels. This
indicates that the true area labels of the neurons and the differences we found in the
across-area versus within-area interactions in Fig. 4 are meaningful.
* Source data are provided as a Source Data file.
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Supplementary Fig. 6: Strength of across- and within-area
co-fluctuation patterns.

In Fig. 5 we compared the similarity of the across- and within-area co-fluctuation
patterns identified by pCCA-FA. Here, we analyze the relative strength of the co-
fluctuation patterns.

a, We wondered how dominant the first co-fluctuation pattern of each type was
relative to the subsequent co-fluctuation patterns. The across-area latent variables in
pCCA-FA are defined by the co-fluctuation patterns in each area that explain the
most across-area shared variance. Here we transformed the across-area co-fluctuation
patterns to order them by across-area correlation (as in CCA and pCCA). These
co-fluctuation patterns correspond to the canonical directions identified by CCA or
pCCA (with equivalence in the regime of sufficient data; see Methods). In all other
analyses, we ordered the across-area co-fluctuation patterns by the amount of across-
area shared variance. The transformation into the canonical directions allowed us
to understand whether they also explained the most shared variance across areas,
which is not guaranteed by the transformation. We computed the proportion of across-
area shared variance explained by each of the most correlated co-fluctuation patterns
across areas (i.e., canonical directions). We found that the co-fluctuation patterns that
described the greatest correlation across areas indeed also tended to explain the most
shared variance across areas.

Specifically, we computed the percentage of across-area shared variance explained

by the ith canonical direction umi ∈ Rnm in area m as:
uT

mi(WmWT
m)umi

tr(UT
m(WmWT

m)Um)
, where tr(·)

is the trace, and Um ∈ Rnm×d is the matrix whose columns contain the d canonical
directions umi, i = 1, 2, ..., d (see Methods). Note that even though two curves are
shown (one for neurons in right PFC, one for neurons in left PFC), the across-area
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variance is described by a single set of latent variables that involves both areas. Error
bars indicate the mean ± standard error across sessions in each animal. Because we
averaged across sessions, the plotted values need not sum to 100% (though they do
for each session individually).

b, We also assessed the relative strength of the within-area co-fluctuation patterns.
By definition, the within-area latent variables identified by pCCA-FA explain the
greatest shared variance within an area that is not explained by activity in the other
area. As a post-processing step, we reordered the within-area co-fluctuation patterns
by the amount of shared variance explained, such that the first co-fluctuation pat-
tern explains the greatest shared variance, the second co-fluctuation pattern explains
the second-most shared variance, etc. (see Methods). The percentage of within-area
shared variance explained by the ith within-area co-fluctuation pattern in area m is

computed as:
aT
miLmLT

mami

tr(LmLT
m)

, where ami is the ith eigenvector of LmLT
m. The numera-

tor of this expression is equivalent to the ith eigenvalue of LmLT
m. Note that the two

curves shown here now represent two different sets of latent variables identified by the
pCCA-FA model: one involving neurons in right PFC (light blue), and one involving
neurons in left PFC (dark blue). Across sessions, we found that the top co-fluctuation
pattern explained a large proportion of shared variance relative to the subsequent co-
fluctuation patterns (sharp drop off from first to second co-fluctuation patterns). This
indicated that much of the within-area shared variance could be attributed to a single
mode of variance, a finding that is sometimes termed low-rank variability [6]. Error
bars indicate the mean ± standard error across sessions in each animal.
* Source data are provided as a Source Data file.
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Supplementary Fig. 7: Characterizing weights of across- and
within-area co-fluctuation patterns.

We examined the diversity of weights onto the neural populations of the top across-
and within-area co-fluctuation patterns, which indicates the extent to which a
co-fluctuation pattern involved all neurons increasing or decreasing their activity
together. For example, if the across-area variance involved a global modulatory process,
all neurons might increase their activity together or decrease their activity together. If
this were the case we would observe many weights of the same sign, or a low diversity
of weights.

a, In an example session (Monkey Sa, right PFC), we investigated whether the
weights on the top across- (left, pink) or within-area (right, blue) co-fluctuation pat-
terns shared the same sign. The color maps indicate the signed value of the weight
onto an individual neuron, arranged according to the spatial layout of the implanted
electrode array. We found that positive (colored; pink or blue for weights on the across-
and within-area co-fluctuation pattern, respectively) and negative (gray) weights were
interspersed spatially and showed no apparent organization. Further, we found a mix
of positive and negative weights on both the across- and within-area co-fluctuation
patterns. In other words, the diversity of weights for this example session was high,
with 53% of across-area and 65% of within-area weights greater than zero.

b, Across sessions, we quantified the diversity of weights by computing the per-
centage of same-signed weights for the top across- and within-area co-fluctuation
pattern in each area (a total of four values per session). The overall signed orienta-
tion of a co-fluctuation pattern is arbitrary, as flipping the sign of every weight along
a co-fluctuation pattern yields an equivalent model. We oriented the sign of each co-
fluctuation pattern such that the majority of weights were positive (i.e., the minimum
percentage of same-signed weights is 50%, which we notate as positive by convention).
We performed the orientation change on co-fluctuation patterns from each area indi-
vidually to ensure a fair comparison between across- and within-area co-fluctuation
patterns. This sign change was only performed for this analysis. Each point corre-
sponds to the top across- and within-area co-fluctuation pattern from one area, such
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that each session contributes two points (one point for each area). The example session
from panel a (only one area shown, right PFC) is marked in light blue.

We found that neither across- nor within-area co-fluctuation patterns had weights
that were close to 100% positive. Rather than all neurons increasing and decreasing
their activity together, the across- and within-area co-fluctuation patterns had diverse
weights onto the neural populations. In fact, the across- and within-area co-fluctuation
exhibited similar diversity in their weights. There was no significant difference between
the percentage of positive weights in the top across- and within-area co-fluctuation
patterns (p = 0.97, pooled across animals and brain areas, n = 84 brain areas; Monkey
Pe: p = 0.80, n = 32; Monkey Wa: p = 0.19, n = 20; Monkey Sa: p = 0.035,
n = 32; paired two-tailed t-tests). Notably this analysis does not include slow-timescale
fluctuations in neural activity (which were removed in our preprocessing, see Methods),
but instead focuses on fast-timescale trial-to-trial variability. Our previous work, across
several brain areas and many animals [1, 7–9], has investigated the diversity of weights
identified from neural population activity including slow-timescale fluctuations and
found varied effects.
* Source data are provided as a Source Data file.
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Supplementary Fig. 8: Neither trial count nor neuron count
explained variation in θestimated.

In Fig. 5c, we observed a distribution of angles between the top across- and within-
area co-fluctuation patterns (θestimated) across sessions (two angles per session, one per
brain area). One possibility is that there existed a true θ in PFC, and estimation error
due to lack of neurons or trials created the session-to-session variability of θestimated. In
this analysis, we confirmed that neither (a) trial count nor (b) neuron count explained
the variation in θestimated.

In all panels, the vertical axis values are the same distribution shown in Fig.
5c (θestimated). Along the horizontal axis, we show either (a) the trial count or (b)
neuron count (top and bottom panels for left and right PFC, respectively) from the
corresponding session. Each point indicates the value from one brain area in one
session, such that each session contributes two points to each panel (one per brain
area).

We found no obvious relationship between the session-to-session variation of
θestimated and trial count or neuron count. We split sessions into two groups based on
the values of the horizontal axis in each panel (i.e., by number of trials or number of
neurons). We then compared the values of θestimated in each of the two groups, which
yielded a distribution of θestimated for low trial or neuron counts and a distribution of
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θestimated for high trial or neuron counts. We found that the session-to-session variance
of θestimated was not different between sessions with low trial counts versus high trial
counts (p = 0.63; pooled across animals and brain areas, n = 84 brain areas, 2 per
session; Levene’s test for equality of variance), or between sessions with low neuron
counts versus high neuron counts (right PFC: p = 0.36, left PFC: p = 0.30; pooled
across animals and brain areas, n = 84 brain areas, 2 per session; Levene’s test for
equality of variance). We also found that the mean value of θestimated was unchanged
by trial count (p = 0.93; pooled across animals and brain areas, n = 84 brain areas,
2 per session; two-tailed t-test) or neuron count (right PFC: p = 0.055, left PFC:
p = 0.041; pooled across animals and brain areas, n = 84 brain areas, 2 per session;
two-tailed t-test). Together these results indicate that the variation in θestimated across
sessions in Fig. 5c was not due to estimation using different numbers of trials or neu-
rons per session.
* Source data are provided as a Source Data file.
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Supplementary Fig. 9: Sampling different subsets of neurons
did not fully explain variation in θestimated.

In Fig. 5c, we observed a distribution of angles between the top across- and within-
area co-fluctuation patterns (θestimated). We considered two possible explanations for
this variation across sessions. First, in Fig. 5d, we considered whether the variation
of θestimated was due to fitting pCCA-FA using a finite number of noisy simulated
data samples. Second, we consider here the possibility that the variation arose from
sampling different subsets of neurons on each recording session from a larger fixed
population.

To simulate the second scenario, we defined a large number of neurons (10,000)
representing the entirety of each simulated brain area (e.g., one hemisphere of PFC).
For the 10,000 simulated neurons in each brain area, we generated random across- and
within-area loading matrices Wm and Lm for each area m using independent draws
from a standard normal distribution, and scaled their columns (d = 5 across-area
latent variables, and dm = 3 within-area latent variables for each area m) to ensure
that the ground truth value of across-area %sv was ≈ 15% and within-area %sv was
≈ 10%, as in Supplementary Fig. 2 and Fig. 3e-f. We then fixed the angle between the
top across- and within-area co-fluctuation pattern, θfull, to be either 60◦ or 90◦ (as
in Methods section for Simulated data generation for θsim). Recordings with a Utah
array cover only a fraction of the brain area and yield a partially overlapping subset
of neurons on each recording session. To represent the pool of neurons from which we
sample on each recording session, we randomly selected a subset of neurons in each
simulated brain area (nsub1 = 100;nsub2 = 100). Then, for each of 100 independent
simulations, we then randomly subsampled n1 = 30 and n2 = 30 neurons from the
fixed pool of nsub1 and nsub2 neurons as the neurons recorded in that simulated session.
To quantify the variation in angle that arises from sampling a different subset of
neurons on each recording session, for each simulation, we computed the angle between
the top across- and within-area co-fluctuation patterns (θsim) using only the n1 and
n2 neurons. Looking across the 100 simulations yields a distribution of θsim for each
value of θfull (top panel, mean of each distribution marked with a triangle). For visual
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clarity, we plotted the θsim values from only one simulated brain area, as both areas
yielded similar results. The width of each of these distributions (100 values in each
distribution) represents the variation in angle that arises from sampling a different
subset of neurons on each recording session.

For each simulation (corresponding to one value of θsim above), we generated 1,000
trials of simulated data and fit a pCCA-FA model using the ground truth values of
across- and within-area dimensionality, as in Fig. 5d. Using the across- and within-
area loading matrices estimated by pCCA-FA, we computed one value of θestimated

per simulated brain area. Looking across the 100 simulations yields a distribution of
θestimated for each value of θfull (bottom panel, mean of each distribution marked with a
triangle). As in the top panel, we plotted the θestimated values from one simulated brain
area, as both areas yielded similar results. Note that each element of the histogram of
θestimated here corresponds to one element of the histogram of θsim in the top panel.
The width of each of these distributions (100 values in each distribution) represents the
variation in estimated angle arising both from sampling a different subset of neurons
on each recording session and sampling a finite number of noisy data samples.

Interestingly, the distributions of θestimated in the lower panel are wider than those
reported in Fig. 5d for the same values of θsim (for θfull = 60◦, p = 6.7e−5; for θfull =
90◦, p = 7.4e−6; Levene’s tests comparing equality of variance for the distribution of
θestimated in the lower panel to the corresponding distribution in Fig. 5d). This indicates
that some of the breadth of the distribution of θestimated from our neural recordings in
Fig. 5c may be attributable to sampling a different subset of neurons on each recording
session. These results, together with those in Fig. 5d, indicate that sampling a different
subset of neurons on each recording session and fitting pCCA-FA to a finite number of
noisy samples cannot fully account for the width of the distribution of θestimated that
we observed in the neural recordings. This supports the conclusion that the across-
and within-area components involved co-fluctuation patterns that varied in similarity
from session to session.
* Source data are provided as a Source Data file.
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Supplementary Fig. 10: Across-area latent variables were
related to event-related pupil diameter.

In Fig. 6, we investigated whether the across- or within-area components of neural
activity were related to the trial-by-trial pupil diameter measured during the delay
period (relative to the ongoing 25-trial average, see Methods). This assessed trial-
to-trial fluctuations in pupil diameter relative to the ongoing mean (with a baseline
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subtraction that was matched to our neural data processing), and did not explicitly
assess event-related changes in the pupil locked to saccade target onset. Measures of
tonic pupil size have been linked to arousal and other cognitive states [10, 11]. How-
ever, cognitive modulation has also been observed in evoked or event-related pupillary
dynamics [12, 13]. Here, we investigated whether the across- and within-area compo-
nents of neural activity were related to event-related pupil diameter and compared
that to the delay period pupil measurements presented in Fig. 6.

a, While animals performed the task, we monitored the raw pupil size during each
trial’s delay period over the course of the session (light gray). The size of the pupil
slowly fluctuated over the course of the session [1], in this example session drifting
upwards. As with our preprocessing of neural activity, we estimated the slowly varying
component of pupil diameter by computing a moving average of 25 trials (dark gray,
see Methods).

b, We removed the estimated slow component of pupil diameter (top) from the
raw pupil diameter. This yielded what we termed the trial-by-trial pupil diameter, one
value per trial (bottom). In Fig. 6, we found that the trial-by-trial pupil diameter was
related to across-area latent variables.

c-e, We next examined the changes in pupil diameter that occur just after saccade
target onset (evoked or event-related pupil diameter). Here, we plotted the average
within-trial raw pupil diameter trace from an example session from each animal (Mon-
key Pe: panel c, Monkey Wa: panel d, Monkey Sa: panel e). After target onset (time =
0), the diameter of the pupil fluctuated rapidly over the course of a few hundred mil-
liseconds. To compensate for slow changes in pupil diameter from moment to moment,
we identified a baseline period from 100-200ms before target onset (gray shading).
The average baseline pupil diameter during this window was subtracted from the
pupil diameter trace on a trial-by-trial basis. This subtraction equalized the size of
the pupil at the start of each trial to effectively measure the event-related pupil diam-
eter magnitude as a deviation from this baseline value. Note that this differs from the
trial-by-trial pupil diameter measure, for which the baseline is identified on a moving
average of 25 trials rather than on every trial.

f-h, The baseline-subtracted pupil diameter traces averaged across trials are shown
for an example session from each animal (Monkey Pe: panel f, Monkey Wa: panel g,
Monkey Sa: panel h). We defined the event-related pupil diameter as the change in
pupil diameter from the baseline period (-200 to -100ms before target onset, now at
zero (a.u.)) to the manually identified event-related peak in pupil diameter (marked by
arrows). This peak was manually adjusted based on the trial-averaged pupil trace in
each session to account for shifts in observed pupil latencies across sessions (Monkey
Pe: 221-297ms, Monkey Wa: 276-356ms, Monkey Sa: 127-200ms after target onset). We
measured the mean pupil diameter in a 100ms window centered on the identified peak,
which is relative to the baseline window on each trial. To compare across sessions, we
z-scored the event-related pupil diameter within each session.

i, We found that the magnitude of the event-related pupil diameter was negatively
correlated with the trial-by-trial pupil diameter across sessions (mean Pearson’s cor-
relation, Monkey Pe: ρ = −0.21, Monkey Wa: ρ = −0.021, Monkey Sa: ρ = −0.078) in
two of three animals (p = 1.0e−8; pooled across animals, n = 41 sessions; Monkey Pe,
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p = 1.9e−9, n = 16; Monkey Wa, p = 0.26, n = 9; Monkey Sa, p = 0.00026, n = 16;
one-tailed t-tests against zero). The bar plots indicate the means across sessions for
each animal, and the error bars indicate the standard error of the mean. While the
negative relationship we observed might appear counterintuitive, it in fact aligns with
previous studies [8, 14–16] and may reflect physical limits imposed by the musculature
of the iris [17]. That is, during a time period that the trial-by-trial pupil diameter is
especially large the biomechanics of the iris may constrain any event-related pupillary
response to be smaller than usual (and vice versa).

j, Although the trial-by-trial pupil diameter and event-related pupil might be cor-
related merely due to physical constraints from the iris musculature, it is also possible
that they are influenced by different arousal processes and timecourses. As such, they
might relate independently to the across-area component of neural activity. To this
end, we performed an analogous regression analysis to that of Fig. 6 to relate the
latent variables identified by pCCA-FA to the event-related pupil size (see Methods).
Briefly, we regressed the full set of either the across- or within-area latent variables
onto the event-related pupil diameter for each trial. We then assessed r2, the pro-
portion of variance in event-related pupil diameter explained by the regression. As in
Fig. 6c (same plotting conventions used here), we found that across-area latent vari-
ables explained more variance in the event-related pupil diameter than the within-area
latent variables. We also report a 95% confidence interval over a shuffle distribution
(gray bars, see Methods).

Aggregated across sessions, r2 values for explaining event-related pupil diameter
aggregated across sessions were greater for across-area latent variables (mean r2 =
0.035) than for within-area latent variables (right PFC, mean r2 = 0.013; left PFC,
mean r2 = 0.013) for two of three animals (p = 8.1e−10; pooled across animals and
brain areas, n = 82 brain areas, 2 per session; Monkey Pe: p = 1.8e−5, n = 32;
Monkey Wa: p = 0.43, n = 18; Monkey Sa: p = 4.2e−7, n = 32; one-tailed t-tests
on the differences in r2 for each session). When controlling for the number of latent
variables (see Methods), we found similar results (p = 0.00052; pooled across animals
and brain areas, n = 82 brain areas, 2 per session; one-tailed t-tests on the differences
in r2 for each session).

Further, we determined that the across-area latent variables explained variance in
the event-related pupil beyond what was explained by its correlation with the trial-
by-trial pupil diameter (mean residual r2 = 0.028). To do this, we regressed out the
contribution of the trial-by-trial pupil diameter to the event-related pupil, yielding a
residual event-related pupil measure. Then, we assessed the variance explained by the
across- and within-area latent variables in the residual event-related pupil diameter
using the same linear regression approach as above (across-area residual r2 > shuffle
r2, p = 1.1e−5; pooled across animals, n = 41 sessions; Monkey Pe, p = 4.9e−5,
n = 16; Monkey Wa, p = 0.13, n = 9; Monkey Sa, p = 0.0025, n = 16; one-tailed t-
tests against the mean of the shuffle distributions). Together with Fig. 6, we found that
the across-area latent variables were related to multiple timescales of pupil activity,
suggesting a link to one or more brainwide arousal processes.
* Source data are provided as a Source Data file.
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