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Abstract

Understanding how multiple brain regions interact to produce behavior
is a major challenge in systems neuroscience, with many regions causally
implicated in common tasks such as sensory processing and decision-making.
Moreover, neural dynamics are nonlinear and non-stationary, exhibiting
switches both within and across trials. Here we propose multi-region switch-
ing dynamical systems (MR-SDS), a switching nonlinear state space model
that decomposes multi-region neural dynamics into local and cross-region
components. MR-SDS includes directed interactions between brain regions,
allowing for estimation of state-dependent communication signals and sen-
sory inputs effects. We show that our model accurately recovers latent
trajectories, vector fields underlying switching nonlinear dynamics, and
cross-region communication profiles in three simulations. We then apply
our method to two large-scale, multi-region neural datasets involving mouse
decision-making. The first includes hundreds of neurons per region, recorded
simultaneously at single-cell-resolution across 3 distal cortical regions. The
second is a mesoscale widefield dataset of 8 adjacent cortical regions imaged
across both hemispheres. On these multi-region datasets, MR-SDS out-
performs existing models, including multi-region recurrent switching linear
models, and reveals multiple distinct dynamical states and a rich set of
cross-region communication profiles.

1 Introduction
Advances in neural recording techniques and large-scale electrophysiology (Sofroniew et al.,
2016; Song et al., 2017; Liu et al., 2021) have transformed systems neuroscience over the
past decade, providing simultaneous measurements of neural activity across regions at
high temporal and spatial resolutions. Experiments using these technologies have shown
that neural computation is highly distributed (Steinmetz et al., 2019; Cowley et al., 2020;
Musall et al., 2018; Allen et al., 2019; Makino et al., 2017; Allen et al., 2017; Gilad et al.,
2018). The need for complementary multiregion methods has led to a flurry of activity
in this area (Semedo et al., 2014; Kohn et al., 2020; Semedo et al., 2019; Glaser et al.,
2020; Perich & Rajan, 2020; Keeley et al., 2020a;b; Gokcen et al., 2024). In this work, we
build upon previous contributions in multiregion models, switching nonlinear time-series
models, and transformer-based models for neural data. We develop a probabilistic model
that accounts for multiregion activity through latent, nonlinear dynamical systems that
evolve and communicate in a directed fashion at each timestep. The approach models high
dimensional multi-region observations as emissions from coupled, low dimensional dynamical
systems with explicit local dynamics and communication. We use a Transformer encoder
with per-region embeddings for posterior inference. We additionally introduce a measure of
the volume of communications between brain regions in the model, allowing us to quantify
the directional ’messages’ communicated between regions at each timepoint. We show
information about stimuli and internal cognitive variables can be decoded from messages,
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providing a description of information flow across brain regions. Finally, we apply our model
to three simulations and two state-of-the-art multiregion neural datasets.

2 Background
2.1 Nonlinear neural dynamics
A wide variety of nonlinear dynamics models for sequential neural data have been introduced
in recent years (Linderman et al., 2017; Pandarinath et al., 2018; Duncker et al., 2019; Kim
et al., 2021). One popular approach is to model nonlinear dynamics using switching linear
dynamical systems (Linderman et al., 2017; Nassar et al., 2019; Zoltowski et al., 2020). While
switching linear models can accurately approximate nonlinear dynamics, they require multiple
discrete states to instantiate a single nonlinear vector field, which reduces interpretability.
Similarly, the expressivity of each linear regime depends on the number of latent dimensions,
which can make visualization challenging. A separate approach is LFADS, which uses a
sequential autoencoder with a generative recurrent neural network (RNN) Pandarinath et al.
(2018). While this approach is powerful, the RNN typically must be high-dimensional to learn
complex dynamics, which makes visualization of the full dynamics challenging. Additionally,
LFADS instantiates a single set of dynamics, whereas our aim is to learn multiple nonlinear
dynamical regimes. Kim et al. (2021) introduced PLNDE, a powerful approach which uses a
neural-ODE to model nonlinear, low-dimensional dynamics. Our proposed method extends
this approach in discrete time to allow for multiple regions and switching between multiple
nonlinear dynamics flow fields. Finally, Ye & Pandarinath (2021) used a Transformer to
fit a highly expressive nonlinear model of neural activity without explicit dynamics. Our
approach similarly exploits the expressivity and trainability of Transformers, but constrains
their use to an encoder, allowing us to efficiently perform inference.
2.2 Switching nonlinear dynamics
Two recent papers introduced switching nonlinear dynamics models for time-series data.
Dong et al. (2020) proposed a model with switching nonlinear dynamics that uses an RNN
inference network to infer continuous latents, with a collapsed variational inference approach
for the discrete latent variables. Ansari et al. (2021) extended this approach to explicitly
model discrete state duration through . We borrow Dong et al.’s approach to discrete state
inference in the mean-field inference method proposed for MR-SDS.
2.3 Multi-region modeling and communication
Various approaches to modeling multi-region neural data have been proposed (Semedo et al.,
2014; Kohn et al., 2020; Semedo et al., 2019; Glaser et al., 2020; Perich et al., 2020; Perich
& Rajan, 2020; Keeley et al., 2020a;b; Gokcen et al., 2024). Our model directly relates to
mp-rSLDS, the multiregion recurrent switching LDS model introduced in Glaser et al. (2020).
In this setup, the observation process is constrained such that continuous latent states map
uniquely to observations originating in a particular brain region. MR-SDS can be seen as a
generalization of mp-rSLDS with nonlinear dynamics, communication, and emissions.
2.4 Dynamics of decision-making
Many tasks studied by neuroscientists involve decision-making. A common paradigm is
sensory evidence accumulation, in which an animal accumulates competing sensory cues
towards a decision (Brunton et al., 2013; Mazurek et al., 2003). Previous work has focused on
modeling dynamics of neural activity on single decision making trials, typically in individual
brain regions (Latimer et al., 2015; Zoltowski et al., 2020; DePasquale et al., 2021; Luo
et al., 2023). Two emerging experimental results from the decision making literature add
complexity to modeling brain-wide neural dynamics. The first is that the neural basis
of decision making appears to be highly distributed. Recent work shows evidence and
decision related information is present in many brain regions (Pinto et al., 2020; 2019), and
precise inactivation studies provide evidence that multiple regions are causally involved in
accumulation and decision (Pinto et al., 2020). However, the precise role of different regions
remains an open problem, underscoring the need for novel multiregion analysis methods
that can address questions about cross-region communication. The second challenge is that
decision-making behavior appears to exhibit persistent states in which different decision
strategies are employed (Ashwood et al., 2020; Stone et al., 2020). This indicates neural
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dynamics may be non-stationary within and across trials, motivating our use of switching
nonlinear dynamics. Finally, cue-locked responses in early visual and intermediate brain
regions are modulated by recent sensory stimuli and evidence history (Koay et al., 2019).
These �ndings motivate our use of nonlinear interactions between brain regions, history
dependence, and stimuli e�ects.

3 Multiregion, switching dynamical model

3.1 Switching nonlinear dynamics and communication with multiple regions

Here we describe the MR-SDS model in detail (Figure 1). The model is designed to capture
the following key features. First, our goal is to learn low-dimensional, nonlinear dynamics and
corresponding latent trajectories underlying neural data. We expect that neural dynamics
are nonstationary, and that di�erent nonlinear vector �elds may better describe neural
dynamics at di�erent timepoints. We therefore incorporate a discrete state that enables
switching between di�erent sets of nonlinear dynamics. Second, we are interested in modeling
multiregion neural data, and thus our model is designed to separate the activity of each brain
region into di�erent continuous latent dimensions, such that within-region and across-region
dynamics and communication are accessible for analysis. Finally, we include a nonlinear
emission mapping between continuous latent and observed neural data, to re�ect the nonlinear
observation process of calcium imaging.

3.2 Discrete switches between different dynamical regimes

The MR-SDS model has both continuous and discrete latent variables, respectively denoted
by x and z. The generative process is

zt j x t � 1; zt � 1 � Cat( � t ); � t = softmax( f z (x t � 1; zt � 1)) (1)
x t j x t � 1; zt ; ut � N (f zt

x (x t � 1; ut ); Qzt ) (2)
y t j x t � N (g(x t ); R): (3)

Above, y1:T and u1:T are the observation and input sequences. The discrete statezt switches
probabilistically at each timestep as a function of the continuous latent x , as well as its own
history (similar to a Hidden Markov Model or HMM). It is also possible for the inputs ut
to e�ect transitions directly, as they do in our �rst simulation (4.1). The discrete state zt
indexes the dynamical regime active at timet, with di�erent dynamics f zt

x governing the
continuous latent variable x t in each discrete state. Hence, changes in the discrete state
over time cause switches in the nonlinear dynamics. Notably, the model does not explicitly
specify a condition or distribution on switching locations or times induced by the discrete
transition dynamics a priori ; transitions are probabilistic and not known in advance. Thus,
the model is free to learn transitions driven by a combination of continuous and discrete
states, and possibly external inputs.

3.3 Multiregion dynamics and emissions structure

Importantly, we constrain the model to have multi-region structure (Figure 1). We consider
a decomposition of the global continuous state intoK variables private to each regionxt =
f xk

t gk=1: K , and de�ne the overall global dynamics function f zt
x using additive components

acting on each region's latentsxk
t . Thus, the dynamics function for the k'th region is

xk
t = f zt

kk (xk
t � 1) +

X

j 6= k

f zt
kj (x j

t � 1) + f zt
ku (ut ) + � k

t ; � k
t � N (0; Qzt

k ) (4)

We similarly decompose the observations asy t = f yk
t gk=1: K . Thus, the corresponding

emissions functiong for the k'th region is

yk
t = gk (xk

t ) + � k
t ; � k

t � N (0; Rk ) (5)

Above, f z , f zt
kj , f zt

kk , f zt
ku , and gk are nonlinear functions parameterized by neural networks.

The generative model accounts for each region's observationsyk as nonlinear `private'
emissions from a corresponding continuous latent variablexk . The discrete statezt remains
a global switch that selects which ofM local dynamics and communication functions are
active at each timepoint. Thus, f zt

kk indicates the nonlinear local dynamics in regionk active
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at time t in discrete state zt . In practice, a single conditional dynamics subnetwork can
be used for eachf kk ; f kj ; f ku across discrete states, with the state index provided to the
network at each layer. We note that emissions in the model are constrained such that latents
from one region only map to that region's observations. MR-SDS can thus be seen as a
generalization of the LDS based multiregion model, mp-rSLDS (Glaser et al., 2020). For
spiking data, it's also possible to use the emissions mappingyk

t � Pois(gk (xk
t )) .

3.4 Estimating cross-region communication, or `messages' and input effects

By explicitly inferring each region's local dynamics, communication and input processing
functions, the model exposes estimates of communication streams between regions. We
de�ne messages and regional input e�ects in the model as follows:

mkk
t = Eq(zt ;x k

t � 1 j y )

h
f zt

kk (xk
t � 1) � xk

t � 1

i
(6)

mkj
t = Eq(zt ;x j

t � 1 j y )

h
f zt

kj (x j
t � 1)

i
(7)

mku
t = Eq(zt j y )

h
f zt

ku (ut )
i

(8)

where above the expectations are taken with respect to the approximate posterior over
the latent states, z and x. Notably, these messages combine additively to the estimated
overall `�ow' of the k'th region's trajectory at each time point, thus decomposing the relative
contribution of each region and of inputs. Thus, the model allows us to produce estimates
and quantify communication and input e�ects for further downstream analysis. Furthermore,
we can perform decoding analyses on messages to track how information about stimuli or
internal cognitive variables �ow across regions over time.

Figure 1: Generative model, messages and inference network for MR-SDS.

3.5 Amortized VI with multiregion structured Transformer network

We propose two variational inference (VI) schemes for MR-SDS: mean-�eld and structured.
Both rely on a Transformer encoder with multiregion embeddings. Inmean-�eld , the encoder
directly produces independent means and covariances of the approximate posterior onx:

Yk
1:T = gk

emb (yk
1:T ; u1:T ) (9)

� x
1:T ; � x

1:T = Transformer (fY k
1:T gk=1: K ; u1:T ) (10)

q� (x1:T jy1:T ; u1:T ) =
TY

t =1

N
�
xt ; � x

t ; � x
t

�
(11)

Above, gk
emb is a feed-foward neural network embedding regionk's activity yk

1:T along with
observed stimulus inputsu1:T . We use an encoder-only, non-causal Transformer architecture,
motivated by the need to approximate the smoothing distribution of the continuous latents.
Following (Dong et al., 2020), we treat samplesx̂1:T from the approximate posterior as
pseudo-observations for the subgraphp(z1:T jx̂1:T ; u1:T ), which forms an HMM with z as
discrete states andx̂ as emissions. We perform conditionally exact inference for the discrete
states z with the Forward-Backward algorithm for HMMs, which we di�erentiate through
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(Rabiner, 1989; Dong et al., 2020). With � , � the parameters of the inference network and
generative model, this results in a factorized variational approximation to the full posterior:

q(x1:T ; z1:T jy1:T ; u1:T ) = q� (x1:T jy1:T ; u1:T )p� (z1:T jy1:T ; x1:T ; u1:T ) (12)

A disadvantage of this approach is that the encoder must implicitly learn dynamics onx
without using the generative model. In the structured approach, the Transformer encoder
instead directly outputs an approximate posterior on z, as well as smoothing potentials :

pz
1:T ; �  

1:T ; �  
1:T = Transformer (fY k

1:T gk=1: K ; u1:T ) (13)

In this case the factorized variational approximation is:

q(x1:T ; z1:T jy1:T ; u1:T ) =
TY

t =1

p� (x t jx t � 1; ut ; zt ;  t )q� (zt ;  t jy1:T ; u1:T ) (14)

The forward generative dynamics are conditioned on the discrete statez and smoothing
potentials  to form the posterior on x, thus directly reusing the generative model, as
in structured VAEs (Archer et al., 2015; Johnson et al., 2016; Zhao & Linderman, 2023).
While both schemes lead to good inference, We �nd the structured approach performs better
generative prediction on high-dimensional neural datasets. In both inference approaches, the
parameters of the generative model and inference network are learned jointly by maximizing
the evidence lower bound (ELBO):

L ELBO = Eq� (x 1: T j y 1: T ;u 1: T )

h
log

p� (y1:T jx1:T )p� (x1:T ju1:T )
q� (x1:T jy1:T ; u1:T )

i
(15)

To avoid posterior collapse (Bowman et al., 2015), in which training produces good inference
and reconstruction but poor generative dynamics, we utilize beta upweighting and `over-
shooting' (Hafner et al., 2019). Brie�y, in overshooting, we evaluate the likelihood of the
latents and emissions by marginalizing over a multi-step predictive distribution:

x1
1:T = Eq(x 1: T ;z1: T j y 1: T ;u 1: T )

h
f z

x (x1:T )
i

(16)

p� (x1:T ju1:T ) = �
TY

� =1

wx
� p� (f z

x (x � � 1
1:T )ju1:T ) (17)

p� (y1:T jx1:T ) =
TY

� =0

wy
� p� (y1:T jx �

1:T ) (18)

Above, x �
1:T is the trajectory produced by applying dynamics f x to the inferred latents �

times. This modi�ed objective, similar to (Lusch et al., 2018), forces the emission distribution
to pass through multiple timesteps of the dynamics, thus coupling the generative dynamics
and emissions networks during training. It also encourages alignment of inferred latents
and generative dynamics over multiple timesteps. The resulting multi-step predictive or
`overshooting' ELBO can be seen as a lower bound on the standard ELBO, which is recovered
by setting T = 0 (Hafner et al., 2019). wx

� ; wy
� are weights that trade o� inference (� = 0 )

and short vs. long term generative predictive accuracy. Finally, � is a weighting factor,
analagous to the� -VAE (Higgins et al., 2017), annealed over training. Setting � > 1 pushes
the model to prioritize accurate dynamics over reconstruction.

4 Experiments
4.1 Multi-region switching Lotka-Volterra simulation
We �rst demonstrate the MR-SDS modeling approach in a multi-region simulation that
switches between two sets of latent nonlinear Lotka-Volterra (LV) dynamics. Conceptually,
our intention is to emphasize how learning switching nonlinear dynamics vector �elds can
uncover interpretable changes in dynamics over time. LV dynamics are a 2d model of
interacting predator-prey populations (Lotka, 1925); LV models with regime switching have
been used to model nonstationary environments and studied in the control theory literature
(Li et al., 2009; Liu et al., 2013). These dynamics provide an example of non-stationary
oscillatory coupling, a potentially important mode of neural communication (Kohn et al.,
2020; Kastner et al., 2020; Modi et al., 2023; Khodagholy et al., 2017; Tal et al., 2020). We
model each latent dimension as a separate region, with half of observations a function ofx1
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and half a function of x2. The simulation switches between two sets of LV dynamics, with
the discrete switch driven by an external input ut , representing a stimulus or upstream brain
region: p(zt + h jzt ; ut + h ) � Cat(softmax(Rzt ut + h )) . The dynamics are:

_x (1)
t = � zt x

(1)
t � � zt x

(1)
t x (2)

t (19)

_x (2)
t = � zt x

(1)
t x (2)

t � 
 zt x
(2)
t (20)

Above, each parameterf �; �; �; 
 g depends on the current discrete statezt ; each state corre-
sponds to a di�erent set of dynamics. We used the valuesf 0:67; 1:33; 1; 1g; f 0:9; 1:1; 1:2; 0:8g.
Figure 2a shows dynamics for two states on both dimensions of the joint state space.ut is
an external input and has value1 when a switch is signaled and0 otherwise, with switch
probabilities controlled by the matrix R. (Figure 2). The model was simulated in discrete
time using the Euler approximation. To ensure stability, we simulated 75,000 steps with a
step size of 0.001 and then downsampled trials to 150 time steps. For each trial, between
1-3 discrete state switching times were sampled uniformly between 10 and 140. The model
had linear observations, a multi-region embedding network, and was �t with M = 2 discrete
states, with a global set of nonlinear dynamics in each statex t = f zt (x t � 1) + � t , with
x t = [ x (1)

t ; x (2)
t ] and � t � N (0; Qzt ). Learned dynamics under the model matched the true

dynamics, as shown by similarity in the dynamics vector �elds (Figure 2B). Additionally,
generated latent states on simulated test trials closely matched the known ground truth
(Figure 2A,D). Next, we computed communication pro�les. We computed the within region
dynamics asf (x (1)

t ; 0:0) and across region dynamics asf (x (1)
t ; x (2)

t ) � f (x (1)
t ; 0:0). The pro�les

are marginalized over the discrete state posteriors. The generated communication pro�les
matched the true pro�les (Figure 2C).

Figure 2: Multi-region Lotka-Volterra. (A) Example trial with comparison of true latents
and latents generated by MR-SDS, mr-rSLDS, mr-LDS. Continuous latents were mapped
via a linear transformation to account for non-identi�ability. (B) True dynamics �elds across
two discrete states vs. dynamics �elds learned by MR-SDS, mr-rSLDS.(C) . Overlaid true
and generated messages between regions (corr. coef. 0.99).(D) Distribution of generated
continuous latent r 2 values per trial for MR-SDS, mr-rSLDS, mr-LDS.

4.2 Multiregion evidence accumulation and reset with double-well dynamics

To further motivate the use of our model for neural data, we simulated a multiregion
system performing a decision-making task with switching nonlinear dynamics (Figure 3).
Animals performing evidence accumulation in sequential trials appear to display robust and
structured sequences of behavior, including long periods of lapses, bias and strategy switches
(Ashwood et al., 2020; Stone et al., 2020; Koay et al., 2019). Thus, our aim was to show how
intrinsic dynamics of a hierachical, multiregion, switching nonlinear model can account for
accumulation dynamics across consecutive trials in a way that produces history e�ects and
bias; and to show how these dynamics could be recovered and analyzed with our approach.
The simulated system was composed of two regions, an `accumulator' and a `controller', each
with two distinct dynamical phases: accumulation and return. The accumulation dynamics
of the accumulator were inspired by a classic model of perceptual decision making with
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bi-stable attractor dynamics (Wong & Wang, 2006). During accumulation, the accumulator
is presented with competing left and right evidence stimuli, and follows nonlinear dynamics
leading to one of two attractor wells. The controller receives input from a single dimension
of the accumulator, providing information about the progression of the accumulation process,
but not the winning side. This drives the controller to its own attractor well; when it reaches
this attractor, the return phase on both regions is triggered. During the return phase, the
controller provides feedback to the accumulator, which follows a di�erent set of nonlinear
dynamics, returning it (roughly) to its initial condition. This �nal location serves as the
initial condition for the next trial. The variability in resulting initial conditions leads to
biased trial sequences, similar to those seen in animals (Ashwood et al., 2020; Stone et al.,
2020). We provide further details in the appendix. MR-SDS recovered the correct discrete
and continuous states, as well as the dynamics gradient �elds for both regions and states.
As an additional check on the quality of learned dynamics, we used the dynamics model to
simulate new trajectories from the true initial condition and inputs, and found these were
similar to true and inferred trajectories.

Figure 3: (A) True and generated latent trajectories and gradient �elds for each region and
2 states for MR-SDS and mr-rSLDS.(B) Distribution of r 2 across trials

.
4.3 Interacting high-dimensional RNNs driven by multiple inputs

A potential concern with state-space models amongst neuroscientists is that there is no
physically instantiated low dimensional latent state in the brain � neural data comes from
a high dimensional dynamical system with low-dimensional intrinsic dynamics. Thus, our
intention in this simulation is to show that MR-SDS is able to recover important qualitative
aspects of a multiregion system with high dimensional, nonlinear dynamics, despite model
mismatch. Furthermore, we wish to show that our approach provides better interpretability
than simply using PCA to visualize the true high-dimensional dynamics of the model.
Following (Perich et al., 2020; Perich & Rajan, 2020), we simulated a multiregion system
with 3 interacting, high-D (N=1000) RNNs, with sparse connectivity structure (Figure
4). Two RNNs were driven by separate inputs: a discrete step and a smooth sequence;
the third RNN was driven solely by the other RNNs and exhibited chaotic dynamics. We
emphasize that in this simulation, there is a mismatch between the true generative model
and MR-SDS. We thus compared dynamics and latents recovered by MR-SDS to the true
dynamics and trajectories projected onto their �rst 2 PCs. We found MR-SDS embeds a
richer representation of the high dimensional dynamics into 2d than PCA, as well recovers
important features of the system dynamics and communication.

4.4 Application: 3 region, single-cell resolution mesoscope data

We applied our method to calcium imaging data recorded in mice performing a sensory
evidence accumulation task (Figure 4). In the task, a head�xed mouse runs on a linear track
in virtual reality while columns (`towers') are presented on both sides of the track (Pinto
et al., 2019). The mouse must decide on which side more towers were presented and turn
correctly to get a reward following a short memory delay section in the track. We analyzed a
single day of mesoscope calcium imaging data of 3 distal brain regions in a single hemisphere,
consisting of 178 correct trials. The regions were: AM (a visual area), retrosplenial cortex
(RSC), and M2 (a higher level motor / planning area). Preliminary results showed distinct
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trial averaged communication pro�les for left and right trials, as well as strong stimuli e�ect
for visual area AM.

model K L D regions mesoscope wide�eld
mr-PCA 1 1 2/2 3/8 0.0045469 9.083e-05
mr-LDS 1 1 2/2 3/8 0.0043695 0.000133
mr-ar-LDS 1 2 3/2 3/8 0.0043951 0.0001337
mr-SLDS 2 1 2/2 3/8 0.0043723 0.0001506
mr-rSLDS 2 1 2/2 3/8 0.0043632 0.000157
mr-ar-rSLDS 2 2 3/2 3/8 0.0043988 0.0002
mr-rSLDS 2 1 5/- 3/- 0.0042142 -
mr-rSLDS 2 1 10/- 3/- 0.0040676 -
MR-SDS (biRNN) 2 - 2/2 3/8 0.0040761 7.444e-05
MR-SDS 2 - 2/2 3/8 0.0037734 7.491e-05
lds 1 1 9/24 1/1 0.0040886 0.0001144
rslds 2 1 9/24 1/1 0.0040877 0.00011744
LFADS 1 - 200/200 1/1 0.00434653 9.240e-05

Table 1: Held-out trial and neuron co-smoothing test MSE, across models on mesoscope and
wide�eld datasets. Top: multiregion. Bottom: single region models. K : discrete states.L :
time-lags. D : latent dimensions per region.

Figure 4: Mesoscope imaging data.(A) Towers task and multiregion imaging at single cell
resolution. (B) Inferred mean latent trajectories and gradient �elds for each region and 2
states; mean occupied state in blue.(C) Inferred message norms from sending (columns) to
receiving (rows). Decoding evidence. Left: from latents. Right: relative information about
evidence present in incoming messages compared to local dynamics. Incoming stimuli e�ect
in red. Note big incoming spike in M2, explaining higher decodability from latents on left
plot.

4.5 Application: 8 region, mesoscale widefield data across hemispheres
We also applied our method to wide-�eld calcium imaging data from the same experimental
task. 16 regions (8 bilaterally) were imaged across the cortical surface (Figure 5). We
analyzed a single day of recordings consisting of 63 correct trials. To analyze communication
between regions, we examined estimated messages under the inferred model parameters and
approximate posterior over continuous latents. To quantify the messages, we computed their
Frobenius norm at each timepoint. Figure 5d shows a `macro' picture of communication
streams between all regions. Highlighted are streams with notable feedforward, feedback
and stimuli components. We draw attention to a few important features. First, pro�les
showed strong feedforward drive from V1 to mV2 and PPC. Second, PPC showed strong
feedback drive back to V1 and mV2, as well as feedforward drive to upstream regions RSC
and SS. These results are potentially consistent with a hypothesized central role of PPC in
evidence accumulation, suggesting PPC may act as a hub between early visual areas and
upstream regions (Pinto et al., 2019). Notably, PPC also showed messages incoming with
high information about evidence compared to local dynamics (Figure 5c). Further analysis
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