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Supplementary Methods

Alignment of shared variability

We hypothesize that a misalignment of the low dimensional manifolds of shared variability in
the sender and receiver networks is the cause of disruption of their communication. To measure
the alignment of shared variability in sender and receiver networks, we use a method based on
canonical correlation analysis which has recently been used to align within-area latent dynamics
over several days where a different number of neurons with different identities were recorded (62]).
We know from that the singular value decomposition of the shared covariance matrix
is given by: Csparea = UAUT. Hence the columns of U are the eigenvectors of Cypareq, ordered
from the one which explains the most shared variance to the one that explains the least. We keep
m = 20 shared latent variables, as they are sufficient to explain more than 90% of the shared
variance. Therefore, we only keep the first m columns of U: U, of size [K x m] with K = 50
the number of sampled neurons. For the sender and receiver networks separately, we project the
activity of the K sampled neurons onto the m shared latent variables: Ly = XU,,. We thus obtain
two [T x m| matrices of latent dynamics Ly, where T is the number of timepoints, k& € {S, R} and
X is the corresponding activity in the sender (S), or in the receiver (R), of size [T' x K]. Then
we compute the QR decomposition of the shared latent dynamics: L, = @QpRg. The singular
value decomposition of the covariance of Qg with Qg is given by: QLQr = USVT. Canonical
correlation analysis finds new latent directions to maximize the pairwise correlations between the
sending and receiving populations. The projection of the shared latent dynamlcs onto these new
latent directions is given by: Ly = Ly M;, where Mg = Rs U and M r = Ry v, Finally, the
aligned canonical correlations are given by the pairwise correlations between the aligned shared
latent dynamics: LL Ly = UTQLQRV = S. They are the elements of the diagonal matrix S, which
are ordered from larger to lower value. In our case, the value of the canonical correlation for each
eigenmode indicates to what extent the given latent dimension can be well aligned between the
sender and receiver networks through a linear transformation.
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Figure S1: Within-area spike count correlations are differentially affected by the type
of E/I balance destabilization.

(A) Probability density functions (pdfs) of the pairwise spike count correlations for neuron pairs
within the sender area, S (left, mean of the distribution: = 0.0045), and within the receiver area,
R (right, © = 0.0658) when the E/I balance is destabilized spatially in the receiver (O'I =0.3).
(B) Pdfs of the pairwise spike count correlations for neuron pairs within-area S (x = 0.0839), and
within-area R (1 = 0.0866) when the E/I balance is destabilized spatially in the sender (0}8) =0.3).
(C) Pdfs of the pairwise spike count correlations for neuron pairs within S (x = 0.0043), and
within R (right, © = 0.0237) when the E/I balance is destabilized temporally in the receiver
(rieea () — 94 mg). (D) Pdfs of the pairwise spike count correlations for neuron pairs within-area
S (= 0.0269), and within-area R (1 = 0.0394) when the E/I balance is destabilized temporally

in the sender (7% ) = 24 mg).
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Figure S2: The structure of within-area shared fluctuations is spatial-scale dependent.
(A) Shared variance explained by the first five eigenmodes within the sender network (S) and the
receiver network (R) when modifying o7 in R. Neurons are randomly sampled from a small disc
(disc radius = 0.025). (B) Projection of 10 s of the receiving population activity on the first two
shared eigenvectors to obtain the first two shared latent variables. Neurons are sampled from a
small disc in the standard network (0'1(~S) = 0'1(~R) =0.1). (C,D) Same as (A,B), except that neurons
are sampled from a large disc (disc radius = 0.2).
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Figure S3: The structure of within-area shared fluctuations is spatial-scale dependent.
Shared variance explained by the first five eigenmodes within sender network (S, left) and within
receiver network (R, right) when modifying o7 in S. Neurons are randomly sampled from a small
disc (top) or from a large disc (bottom).
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Figure S4: Dependence on the size of the spatial domain from which neurons are

sampled on prediction performance of the communication subspace.

Scenario with the standard network parameters (0§S) = a}R) =0.1).
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Figure S5: Optimal rank of the reduced-rank regression matrix.

(A) When the E/I balance is spatially destabilized by broadening the inhibitory space scale o
in the receiver, the optimal rank m* of the reduced-rank regression, which corresponds to the
dimension of the communication subspace, decreases. (B) When the E/I balance is spatially
destabilized by increasing o; in the sender, the optimal rank m* of the reduced-rank regression,
which corresponds to the dimension of the communication subspace, increases. (C,D) Similar to

(A,B) when the E/I balance is temporally destabilized by increasing the inhibitory timescale 75
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Figure S6: A misalignment of within-area shared variability is associated with poor
communication between connected areas.

(A) The sender (S) is destabilized through a slower inhibitory timescale. The receiver (R) is either
in the stable regime (top, patterns emerge in S only), or destabilized through broader recurrent
inhibition (bottom, patterns emerge in S and R). By design, both networks have a good match
in dimensionality of the sender and receiver networks (Fig. S7)). (B) The prediction performance
of the communication subspace between S and R is higher when only S is destabilized compared
to when S and R are both destabilized. Therefore, dimensionality matching is not a sufficient
condition for faithful communication. (C) Differences in canonical correlations between the case
when only S is destabilized and the case when S and R are destabilized are positive for all disc radii
(see for the canonical correlations in each case individually). Hence, a misalignment of the
within-area shared fluctuations in sender and receiver populations can cause poor communication.
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Figure S7: Emergence of novel spatio-temporal patterns in the receiver network in-
duces a misalignment of the within-area shared variability in sending and receiving

populations.

(A) Shared dimensionality Dgparea in the sender network (S), the receiver network (R), and
the difference between the two (S-R) in the case where spatio-temporal patterns emerge in S
only (Fig. SOA, top). (B) Same as (A), except that different spatio-temporal patterns emerge in
S and R (Fig. S6A, bottom). (C,D) Canonical correlations between the shared fluctuations in S
and R when spatio-temporal patterns emerge in S only (C), and when different spatio-temporal
patterns emerge in S and R (D).
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