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Bayesian Inference of Functional Connectivity
and Network Structure From Spikes

Ian H. Stevenson, James M. Rebesco, Nicholas G. Hatsopoulos, Zach Haga, Lee E. Miller, Member, IEEE, and
Konrad P. Körding

Abstract—Current multielectrode techniques enable the simul-
taneous recording of spikes from hundreds of neurons. To study
neural plasticity and network structure it is desirable to infer the
underlying functional connectivity between the recorded neurons.
Functional connectivity is defined by a large number of param-
eters, which characterize how each neuron influences the other
neurons. A Bayesian approach that combines information from
the recorded spikes (likelihood) with prior beliefs about functional
connectivity (prior) can improve inference of these parameters and
reduce overfitting. Recent studies have used likelihood functions
based on the statistics of point-processes and a prior that captures
the sparseness of neural connections. Here we include a prior
that captures the empirical finding that interactions tend to vary
smoothly in time. We show that this method can successfully infer
connectivity patterns in simulated data and apply the algorithm
to spike data recorded from primary motor (M1) and premotor
(PMd) cortices of a monkey. Finally, we present a new approach
to studying structure in inferred connections based on a Bayesian
clustering algorithm. Groups of neurons in M1 and PMd show
common patterns of input and output that may correspond to
functional assemblies.

Index Terms—Bayesian, functional connectivity, motor cortex.

I. INTRODUCTION

W ITH current multielectrode techniques electrophysi-
ologists can record spikes from many neurons simul-

taneously. One of the main objectives of these studies is to
understand how groups of neurons process information and
interact with one another [1]. Characterizing these relationships
is dif�cult since we can only record from a tiny fraction of all
relevant neurons, and each neuron is interacting with countless
unobserved neurons. However, statistical methods for analyzing
these interactions, even in small populations, are proving to
be useful for understanding neural circuitry and processing
[2]�[4]. Improving these methods has the potential to provide
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further insights into neural processing [5] and, particularly,
neural plasticity, since behavioral training, pharmacological
manipulations, and injury can cause distributed changes over
many neurons [6].

For several decades, neurophysiologists have studied how
the CNS processes information by studying the correlations
between neurons [5], [7]. These analyses rely on the idea that
there are functional interactions between neurons, �mechanisms
by which the �ring of one neuron in�uences the probability
of �ring of another neuron� [8]. These interactions can be
direct (monosynaptic) or indirect (polysynaptic), excitatory or
inhibitory, any mechanism that induces correlations between
recorded spike trains. This is a broad de�nition, but the goal
of these studies is to detect and interpret such interactions.
Early methods focused on analyzing pairs of neurons using
time series techniques (e.g., cross-correlograms [8] or joint
peri-stimulus time histograms [9]). These methods revealed
a great deal about the interactions between cortical and sub-
cortical structures [10] and the local interactions in visual
[11], [12] and auditory cortices [13], [14]. The main dif�culty
that these (and virtually all other) approaches to functional
connectivity face, is that correlations between two neurons can
be caused by both interactions between observed neurons as
well as unobserved common inputs, such as those arising from
external covariates (e.g., movements or stimuli). By studying
the correlations across time under different stimulus conditions
the effects of functional interactions and common input can be
roughly distinguished [9], [15], [16]. Analyzing the shape of
the cross-correlations can reveal the signature of a direct con-
nection. However, in many practical situations such techniques
rely heavily on the experience of the experimenter. These
studies have shown the need for general methods that combine
prior knowledge with experimental data in a formalized way.

Consider two examples that have been used in interpreting re-
sults from correlation-based methods and that illustrate where
these methods can be improved upon. First, consider a situation
with three neurons (A, B, and C), where A is connected to B and
B is connected to C. In this case there will be signi�cant corre-
lation between the activities of all three neurons. Describing the
pair-wise interactions alone will not pick up on the fact that in-
teractions between A and C are mediated by B, although this
is something we would certainly like to know. Now, consider a
case where neuron A projects to both neurons B and C. Here,
B and C receive common input from A which we would like
to remove from our estimates of the interaction between B and
C. Again, the methods described above will not pick up on this,
unless A is highly correlated with an external covariate which is
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being manipulated. These examples are necessarily simplistic,
but the point is that pair-wise methods generally provide only an
incomplete picture of the connections between several neurons.

A few methods, such as gravitational clustering [17] and spike
pattern classi�cation methods [18], have made steps towards es-
timating functional connectivity between many neurons. Here
we focus on a class of methods pioneered by Chornoboy et al.
[19] and Brillinger [20]. Instead of studying correlations be-
tween neurons (descriptive statistics), they proposed a model-
based approach that uses the maximum likelihood (ML) para-
digm. The connections between every pair of neurons are mod-
eled simultaneously. The model parameters are then optimized
to provide the most likely description of the observed spiking.
The key feature of model-based approaches is that they allow
correlations between neurons to be �explained away� as side-ef-
fects of more direct or global activity. The �rst example above
highlights the problem pair-wise methods face in detecting indi-
rect connections. Model-based methods allow the indirect con-
nection between A and C to be explained away as two (more
direct) connections from A to B and from B to C. This can
occur with any number of observed intervening neurons. The
second example above highlights the problem of distinguishing
common input from functional interactions without relying on
the shape and latency of correlations. Taking the common input
into account using the activity of the other neurons, or by in-
cluding external covariates in the model [21], allows many more
interactions to be explained away. Previously, functional con-
nectivity measured the effect of one neuron�s spiking on the
probability of a second neuron�s spiking, not considering the
other neurons. Model-based methods, instead, characterize the
effect spikes from one neuron have on the �ring of another
taking into account the �ring and interactions of all other ob-
served neurons. A more precise, mathematical explanation is
given in Section II.

One common model of how external covariates and other
neurons in�uence spiking is the point-process neural encoding
or network likelihood model [19], [20], [22]. This model has
been used to describe how information is processed in ensem-
bles of hippocampal place cells [22] and in motor cortex [21].
Moreover, when coupled with methods from generalized linear
models (GLMs) these types of model-based methods have
the potential to yield powerful, ef�cient descriptions of neural
coding [21], [23]�[25]. In this paper we address the issue that
ML methods, by themselves, often over-�t the data. This gets to
be a problem when many parameters are inferred from a limited
set of data. For example, if we record from 100 neurons there
are 10 000 possible connections between neurons, and thus, a
huge number of temporal interaction kernels that need to be
estimated. This number of free parameters may easily be larger
than the number of recorded spikes per neuron. A common way
of improving such estimates is to incorporate prior knowledge
about the nature of the inference problem, using Bayes rule and
calculating maximum a posteriori (MAP) estimates [25], [26].

In this paper we utilize two pieces of prior knowledge that
help to avoid over�tting and clarify connectivity in datasets
with many neurons. One piece of prior knowledge that we have
about the network is that we expect the true connectivity to

be sparse. In other words, we expect each neuron to interact
with only a relatively small number of neurons. Studies of pairs
[27] and small ensembles of neurons [28] imply that, indeed,
the functional connectivity in the nervous system is sparse,
even among neurons with similar response properties. This
prior is similar to that suggested by Paninski et al. [23], [29]
and recently used to analyze retinal spike data [30]. Secondly,
previous studies have shown that the in�uence of one neuron
on another tends to vary smoothly over time [31]. Current
model-based methods represent the interactions between cells
by small spatio-temporal kernels. There are no
constraints on the temporal structure of interactions. We extend
these methods by incorporating a prior, justi�ed by physiolog-
ical results, that favors smoothly varying kernels. This idea has
been used in a slightly different context for the representation
of receptive �elds [32], [33]. Adding priors allows principled
model regularization and smoothing and, thus, reduces the
amount of data needed to accurately �t connectivity models
[34], [35]. This may be useful, since experimenters are often
limited in the amount and quality of data they can record, for
example by the stability of the recorded neurons. Additionally,
since the number of parameters in these models increases
quadratically with the number of neurons, priors should be
useful in explaining connectivity in large ensembles of neurons,
even when long recording lengths are available.

Several techniques have been developed for modeling multi-
neuron spike-train data and inferring functional connectivity
[23], [36]�[39]�clarifying the decoding problem [24], [25],
[29], the role of common input [40], and the role of higher-
order interactions [41], [42]. However, the concept of func-
tional connectivity itself remains somewhat elusive. One useful
way of thinking about these connections was introduced by
Aertsen et al. [43]. Aertsen et al. realized that it is impossible
to uniquely determine the underlying, �true� connectivity of a
neural circuit without �exhaustive enumeration of all states of
all elements.� What we infer is an �abbreviated description of
an equivalent class of neuronal circuits.� Given the neurons we
record from, the functional connectivity is a reconstruction of
the circuit that best reproduces the observed spikes. Although
the biological signi�cance of these functional reconstructions
is not entirely clear, their structure captures important proper-
ties about the organization of biological neural networks and
they have the potential to provide insights into the structure of
these networks.

One of the primary hypotheses about network structure is that
neurons, especially cortical neurons, form groups or assemblies
characterized by similar stimulus-response properties [44], [45].
This refers not only to localized cortical columns, but also to
functional assemblies that may be more spatially distributed. It
has been suggested that these assemblies tend to be highly con-
nected within a group and tend to have relatively few connec-
tions to neurons in other groups [46]. We expect neurons in the
same assembly to have similar incoming and outgoing connec-
tions, either to speci�c neurons or to other assemblies. These
assemblies are indicative of redundant coding, and have been
hypothesized to play a vital role in perception and action, im-
proving control of muscle groups [47] and facilitating learning
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[48]. A few studies have attempted to �nd such assemblies using
other methods (e.g., mutual information) [49], [50]. Here we
show how algorithms that infer functional connectivity can be
used to directly analyze the extent to which the idea of assem-
blies helps in understanding neural computation.

In this paper we will �rst introduce our model: the likelihood
function and priors that we are using. We then test our method
on simulated ensembles of neurons. We apply our method to
a large dataset recorded from the motor cortex (M1 and PMd)
of a sleeping monkey, using time-rescaling and cross-valida-
tion techniques to evaluate model performance. Then we study
the structure of the inferred connections by applying in�nite re-
lational model (IRM) clustering [51]�a Bayesian technique,
which can perform clustering on asymmetric, weighted rela-
tionships and automatically �nds an optimal number of clusters.
Lastly, we discuss the implications of this technique for future
research.

II. THEORY

To infer functional connections between neurons we con-
struct a likelihood function, combine it with prior knowledge
over the connections, and calculate the MAP connectivity esti-
mates. These estimates are calculated using a coordinate ascent
algorithm with additional parameters to represent connection
�weights.� Then, using these weights, we analyze the structure
of ensembles with an algorithm for clustering directed graphs.

A. Generative Model: Likelihood Derived From a Point
Process

To describe the connections among neurons we follow a
point-process neural encoding or network likelihood model
[19], [20], [22]. In this model each cell has a spontaneous �ring
rate, , and the interactions between cells are modeled as
a set of spatio-temporal kernels. For each neuron , the effect
of neuron spiking at lag is parameterized by . Each
connection is modeled over a history window, , steps into
the past. For a network with cells this gives
model parameters that need to be estimated. The process

provides a count of the number of spikes �red by cell
at lag . Using this counting process and estimates of ,
the conditional intensity function (the instantaneous �ring rate
of neuron ) is given by a generalized linear model (GLM)

(1)

and we assume that the number of spikes in any given time step
is drawn from a Poisson distribution with this rate [52], [53].
This creates a doubly stochastic Poisson process (Cox process).
The log-likelihood of the model parameters is then

(2)

Fig. 1. The generative model. In this model hyperparameters inform the
sparseness and smoothness of connections between neurons. The connections
are �lters which describe the effect of one neuron�s spiking on another. These
connections, along with a baseline �ring rate, produce conditional intensities,
and conditional intensities generate spikes through a doubly-stochastic Poisson
process.

where represents the location of every
spike from cell , and represents the spike trains of all
cells. Details and a derivation have been previously published
[22], [53].

B. Generative Model: Priors

To include priors over the spatio-temporal kernels we embed
the point-process framework in a larger generative model
(Fig. 1). For each of the potential connections a connection
strength is de�ned, drawn i.i.d. from the following
distribution:

(3)

where . This expression incorporates our under-
standing that most connections will be weak while some
connections will be very strong.
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In addition to this sparseness prior over the weight parame-
ters, we assume that the spatio-temporal kernels themselves tend
to be sparse and that they tend to vary smoothly over time. We
incorporate these ideas by using a prior over each connection

(4)

The �rst term in the exponential captures the idea of smooth-
ness. Note that this smoothness depends on the strength of
the connection�strong connections may vary widely over
time while weak connections will be unlikely to vary much.
That is, the allowed �uctuations scale with the strength of the
connection. The second term in the exponential links our notion
of sparseness directly to the model parameters . Not only
should the connections weights be small, but the kernels should
also go to zero. The partition function is a normalizing
factor, which becomes important when we attempt to learn the
model parameters, since it is a function of . and are free
parameters that will allow us to vary 1) how much weight the
prior has relative to the likelihood and 2) the balance between
smoothness and sparseness. The model parameters are fairly
robust to the choice of these hyperparameters, and in practice,
we can optimize and using a form of cross-validation (see
below).

As Sahani and Linden [32] point out, in some sense, these
two priors act in opposition. A sparseness prior leads to
isolated nonzero values, while a smoothness prior is designed
to prevent these sorts of isolated points. Here, unlike the
ASD/RD framework, which solves this problem by applying
the sparseness prior in a basis de�ned by the smoothness
prior, we add a parameter , which explicitly links the
sparseness and smoothness terms. Large values of allow
nonsparse, nonsmooth solutions, while small values of
force the solutions to be both sparse and smooth, essentially
driving the entire kernel to zero.

C. Inference

The inference problem is to recover the spontaneous �ring
rates, , the spatio-temporal kernels, , and the weight
parameters from the spikes alone. In ML estimation this
consists of �nding the set of that maximize [(2)]. In MAP
estimation we add prior terms to the objective function. Adding
the priors described above for sparseness and smoothness, we
now have an objective function which captures the posterior of
the model parameters given the data

(5)

and the log-posterior is then

(6)

Finding the parameters that maximize this function gives
the MAP estimates of the modeled connectivity. Note that

is in the exponential family for this model so,
without a prior, can be estimated using traditional generalized
linear model (GLM) methods such as iterative reweighted least
squares (IRLS) [21], [25]. Here, however, we use a different
method�a simple coordinate ascent algorithm, which alter-
nates between updating the kernels, , holding the weights
�xed and updating the weights, , holding �xed. Incor-
porating priors in this framework is straightforward, and the
algorithm converges quickly.

To update the kernels we use the objective function and the
derivative of the objective function with respect to . We
can optimize these parameters ef�ciently, in parallel, using the
RPROP (resilient propagation) algorithm [54].

To update we solve

(7)

We were unable to �nd a closed-form solution for the par-
tition function. However, we only need an accurate ex-
pression for . We can upper-bound the
partition function by assuming that or .
In these cases we can approximate as a multi-
variate Gaussian or multivariate Laplace distribution. And

. In these
bounded cases, as well as empirically, the partition function
takes the form with some constant that de-
pends on the hyperparameters and . Although, the exact
value of the constant is unclear we can still solve (6), since

. In this approximation (6) is a
cubic equation (with one positive root) that can be solved
analytically. We compared this approximation to the exact
value, calculated by numerically integrating , for a range of
hyperparameter and weight values and found that it is accurate
to . More importantly, the �nal estimates found using
this approximation are close to the true MAP estimates, since
the smoothness and sparseness terms, not the partition function
term, tend to determine the curvature of the log-posterior
near the maximum. L1 regularization over and pushes
many connections exactly to zero. Our method thus recovers
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Fig. 2. Reconstructing spatio-temporal kernels from simulated data. (a) A typical reconstruction of the interactions in a simulated 4 cell network at 1 ms resolution.
(b) Cross-validated log-likelihood (top, � � ���) and correlation coef�cients (bottom, � � ��) between reconstructions and ground truth connectivity for 10
cell networks. Error bars denote SEM.

a sparse connectivity matrix without post hoc pruning of the
connections.

To optimize the hyperparameters we need a way of assessing
how good our estimate of the kernels is as a function of the hy-
perparameters or, alternatively, of how good the model is at ex-
plaining the data. To do so we use cross-validation and implic-
itly have to assume stationarity. These two ideas lead to different
algorithms, each motivated by different objectives. To measure
how well the model, with given hyper-parameters, generalizes
to new spikes we use the cross-validated log-likelihood. To mea-
sure how good the estimate of the kernels is, we use the fol-
lowing procedure. ML estimation yields kernels that are noisy
but not biased by either the sparseness or smoothness prior. By
maximizing the correlation coef�cient between MAP estimates
in one segment and the noisy �true� examples from other seg-
ments we can infer which hyperparameters will give us the best
estimate of the kernels. These two procedures have different ob-
jectives and thus do not need to yield the same values. For ex-
ample, if the observed signal is varying very slowly (in the case
of imaging data, for instance) then a radically smoothing hyper-
parameter may lead to high likelihoods while leading to very bi-
ased kernels. In this paper we focus on using correlation coef�-
cients as a measure of model quality. The log-likelihood method
has the advantage that only the data likelihood is considered and
may be preferable in a setting where we are interested in a wide
range of variables as well as their ability to predict data.

D. Inferring Structure

After inferring connectivity, in addition to the spatio-tem-
poral kernels describing interactions between neurons, we have
a matrix of connection �weights.� This matrix can be thought of
as a directed graph where nodes represent neurons and edges, if
they exist, represent connections between neurons with some
weight. One question we can now ask is�is there any structure

in this graph? Kemp et al. [51] have recently introduced an al-
gorithm for clustering these types of relation graphs called the
In�nite Relational Model. Unlike k-means or many other clus-
tering algorithms, the IRM technique is designed to operate on
relational graphs, and the complexity of the clustering (e.g., the
number of clusters) is not predetermined. This model uses the
Chinese Restaurant Process prior (CRP) and a Markov Chain
Monte Carlo (MCMC) algorithm to determine the number of
clusters and cluster memberships. Thus, this method can auto-
matically �nd salient structure in the connectivity matrix.

Ultimately, the IRM algorithm samples over the number of
clusters and cluster memberships and attempts to �nd blocks
of densely connected neurons. The identi�ed clusters represent
groups of neurons with similar patterns of incoming and out-
going connections, and these clusters may have functional or
anatomical signi�cance.

III. RESULTS

A. Simulated Data
To test the effectiveness of our method we simulated 4, 10,

and 100-neuron networks with spatio-temporal kernels drawn
from the generative model. We added the constraint that cells
had inhibitory connections to themselves and were connected
to other cells with a probability of 0.25. For self-connections
the starting point was set to a negative constant, to mimic a re-
fractory period. All other end-points were �xed at 0 (an example
from a 4 cell network is shown in Fig. 1, spatio-temporal ker-
nels). If the time course of the connection was de-
termined by a Gaussian random walk with �xed endpoints and
variance . We generated spikes using the point-process
model with the conditional intensity function given in [(1)] and
simulated up to 1 h of spike trains with each cell having a spon-
taneous �ring rate of 5 Hz. The conditional intensity was calcu-
lated at 1 ms resolution.
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Fig. 3. Reconstructing spatio-temporal kernels from real data. (a) Typical reconstructions for a subset of cells calculated from two segments (red and black).
MAP estimates are shown in dark. ML estimates in light. (b) The cross-validated log-likelihood, as well as fraction of nonzero connections, as a function of the
hyperparameter � (top). The average correlation coef�cient between MAP estimates from one segment and ML estimates from other segments (bottom).

Using these simulated spikes we infer a connectivity ma-
trix and a set of spatio-temporal kernels [Fig. 2(a)]. Adding
priors over sparseness and smoothness greatly improves the
estimates by avoiding over�tting when there are relatively few
spikes cell . Fig. 2(b) shows results from a simulated
10-neuron network as a function of recording length (i.e.,
number of spikes). Fig. 2(b) (top) shows the cross-validated
log-likelihood of the model parameters given 60 s of test data.
Fig. 2(b) (bottom) shows the correlation coef�cients between
the recovered spatio-temporal kernels and the simulated,
�ground-truth� connections.

The MAP estimates provide the best reconstructions of the
simulated connectivity, and ML estimates approach this accu-
racy as the number of spikes increases, since they are no longer
over�tting a small set of spikes. Similar results were obtained
for 100-neuron networks, but the correlation coef�cients tend
to be somewhat smaller due to the fact that we are estimating
many more parameters. Adding priors successfully set kernels
for which there was no connection to zero without using a sec-
ondary criterion (such as the AIC/BIC used in [22]).

B. Data From Monkey M1 and PMD
The experimental data was collected from a sleeping Macaca

mulatta monkey. The animal had two microelectrode arrays:
one implanted in the primary motor cortex (M1) and one im-
planted in dorsal premotor cortex (PMd). The arrays were com-
posed of 100 silicon electrodes arranged in a square grid (Cy-
berkinetics Neurotechnology Systems, Inc.). 75 neurons from
M1 and 108 neurons from PMd were discriminated. The neu-
ronal signals recorded were classi�ed as single- or multi-unit

signals based on action potential shape, and interspike intervals
less than 1.6 ms. Spike sorting was performed by manual cluster
cutting. In this way we obtained a dataset with which to char-
acterize the functional connectivity between a large number of
neurons. Local �eld potentials indicated that our data included
multiple stages of slow wave sleep and some periods of REM
(as measured by eyetracking). All animal use procedures were
approved by the institutional animal care and use committee at
the University of Chicago. See [55] for a description of implan-
tation and recording procedures.

In experimental data the ground truth connectivity is un-
known. However, we can validate our connectivity estimates by
segmenting the data and cross-validating. We split the data into
nine segments, 20 min each, and analyzed connectivity using
a 5 ms bin size. Fig. 3(a) shows a subset of typical spatio-tem-
poral kernels inferred from this data. Following the ideas
discussed above we optimized the hyperparameters, and ,
using two distinct measures: the cross-validated log-likelihood
[(2)] and the correlation coef�cient between MAP estimates
and ML estimates from other segments. Fig. 3(b) shows these
two measures, as well as the sparseness, as a function of
the hyperparameter (at the optimal value). Maximizing
cross-validated log-likelihood or the correlation coef�cient
between MAP and ML estimates provides a principled way of
choosing our hyperparameters. The correlation coef�cient tends
to set more connections to zero. For large numbers of neurons
only a small fraction of connection weights are nonzero at the
optimal hyperparameter values, in our data [Fig. 3(b)].
The cross-validated log-likelihood, on the other hand, is maxi-
mized when of connection weights are nonzero.
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Fig. 4. Time-rescaling tests from one 20 min segment of the data. (a) KS-tests
for the best predicted, worst predicted, and a typical neuron (using test data).
(b) The sorted KS-statistics for all neurons modeled using ML, MAP, and an
uncoupled model (refractory effects only). The upper panel shows results from
training data, and the lower panel is test data. Smaller KS-statistics correspond
to better spike predictions.

The connections themselves have similar properties to those
found in rat hippocampal cells [22]. Neurons interact with them-
selves with a refractory period followed by an excitatory re-
bound, and other connections, though fairly rare, tend to be
weakly excitatory. Since ML estimates have no constraints on
the smoothness of kernels, neurons with low spike rates tend
to have especially noisy interactions. Using priors, these spu-
rious connections are set to zero. The spatio-temporal kernels
and connection weights, , were well correlated across seg-
ments. There was 88% agreement on the existence of connec-
tions between segments, on average, and correlation
between the weights themselves.

To assess the accuracy of our model in predicting spikes we
also used goodness-of-�t tests based on the time-rescaling the-
orem [56]. In this test, the integral of the conditional intensity
function over each inter-spike interval , should be drawn
from a uniform distribution after rescaling (see [7] and [21] for
more details). KS-tests for the best predicted neuron, worst pre-
dicted neuron, and a typical neuron are shown in Fig. 4(a). The
sorted KS-statistics (the supremum of the point-wise differences
between the CDF of and the CDF for the uniform distribution)
for the entire ensemble are shown in Fig. 4(b) Smaller KS-sta-
tistics correspond to better spike predictions.

In the majority of cells, �tting connections between neurons
provides better spike predictions than modeling refractory ef-
fects alone (uncoupled model, ML estimates). However, in some
cases (20% of cells), ML estimates yield worse spike predic-
tions. These cells tend to have low �rings rates (0.4 Hz on av-
erage compared to an average of 3.2 Hz in the full population),
and the inaccuracy in predicting spikes seems to be due to the
fact that the model is overparamaterized. Spurious connections
to these neurons can have a strong effect on the conditional in-
tensity. MAP estimates reduce over�tting and improve spike
predictions by removing these spurious connections. We can
also look at how these models generalize to test data. ML es-
timates predict spikes better on training data than on the test
data. MAP estimates, on the other hand, predict spikes equally
well on both datasets.

Fig. 5. Clustering results from real data. (a) The unclustered connection
weights recovered using our model. Cells 1�75 were recorded from PMd.
Cells 76�183 were recorded from M1. (b) MAP estimate of the clusters from
the IRM using binary (yes/no) connections. The neuron numbers have been
relabeled so that neurons in the same cluster are now adjacent. Blue squares
represent connections from PMd to PMd. Red squares represent connections
from M1 to M1. Black squares represent connections between the two areas,
and black lines represent cluster boundaries.

C. Clustering Results

We applied the In�nite Relational Model clustering algo-
rithm to the inferred connection weights from each 20 min
segment. IRM can cluster using binary or continuous weight
relationships. We analyzed results from both methods, and
found that continuous weight matrices generated clusters that
were much more ambiguous than those from the binary ma-
trices, with many more clusters and less distinct clusters. Since
we are primarily interested in identifying distinct functional
clusters, we used the binary weights for most of the analysis.
In this case, IRM clusters neurons based on the similarity of
their connections; neurons in these clusters need not have the
same type or strength of interactions but only project to and
receive projections from similar groups of neurons. Fig. 5
shows the typical binary connection weights before and after
clustering for one segment of the data with hyperparameter
values that left approximately 30% of all connections (for
visual clarity). Note that even in the unclustered weight matrix
strong asymmetries are visible between M1 (neurons 1�75)
and PMd (neurons 76�183). The clustering algorithm has no
information about these labels. Using only the patterns of
inputs and outputs, neurons were well separated into groups
of M1 and PMd neurons ( separation). The cluster
assignments were stable between segments, and the cluster as-
signments agreed approximately 75% of the time with
clusters on average. These results were similar for a range
of hyperparameter values from 4% nonzero connections (the
value that maximizes the correlation coef�cient between MAP
and ML estimates) up to 30% (the value that maximizes the
cross-validated log-likelihood).

Fig. 6(a) shows the relationship between cluster assignment
and distance on each multielectrode array. We used a permu-
tation test (randomizing the cluster assignments) to see if there
was any spatial component to the clusters. The distribution of
distances in both PMd and M1 were similar to the distribu-
tions under random cluster assignments (dashed lines). For PMd
the inferred clusters were skewed to contain neurons 1�2 elec-
trode distances away from each other ( , KS test),
while the clusters inferred in M1 had much less spatial struc-
ture ( , KS test). These results suggest that there is a
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