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Abstract
One of the primary goals of systems neuroscience is to relate the structure of
neural circuits to their function, yet patterns of connectivity are difficult to establish
when recording from large populations in behaving organisms. Many previous
approaches have attempted to estimate functional connectivity between neurons
using statistical modeling of observational data, but these approaches rely heavily on parametric assumptions and are purely correlational. Recently, however,
holographic photostimulation techniques have made it possible to precisely target selected ensembles of neurons, offering the possibility of establishing direct
causal links. A naive method for inferring functional connections is to stimulate
each individual neuron multiple times and observe the responses of cells in the
local network, but this approach scales poorly with the number of neurons. Here,
we propose a method based on noisy group testing that drastically increases the
efficiency of this process in sparse networks. By stimulating small ensembles of
neurons, we show that it is possible to recover binarized network connectivity
with a number of tests that grows only logarithmically with population size under
minimal statistical assumptions. Moreover, we prove that our approach, which
reduces to an efficiently solvable convex optimization problem, can be related to
Variational Bayesian inference on the binary connection weights, and we derive
rigorous bounds on the posterior marginals. This allows us to extend our method
to the streaming setting, where continuously updated posteriors allow for optional
stopping, and we demonstrate the feasibility of inferring connectivity for networks
of up to tens of thousands of neurons online.

1

Introduction

A long-standing problem in systems neuroscience is that of inferring the functional network structure
of a population of neurons from its neural activity. That is, given a set of neural recordings, we would
like to know which neurons influence which others in the system without a priori knowledge of
their anatomical connectivity. This problem is made difficult in two ways: First, new techniques in
microscopy and neural probe technology have dramatically increased the size of recorded neural
populations [1, 2], posing a computational challenge. Second, the fact that typical interventions in
these systems remain broad and non-specific poses problems for causal inference [3, 4].
However, recent advances in precision optics and opsin engineering have resulted in photostimulation
tools capable of precisely targeting individual neurons and neuronal ensembles [5–9]. This suggests
that a combination of simultaneous recording and selective stimulation could potentially allow for
∗
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functional dissection of large-scale neural circuits. Yet the most common methods for inferring
functional connectivity are purely statistical models, applied to observational data [10, 11]. They do
not consider causal inferences based on interventions (though cf. [12–14]), and often make stringent
parametric assumptions, which can limit their ability to recover connectivity even in simulations
[15, 16].
Here, we take a different approach to inferring functional connectivity based on targeted stimulation
of small, randomly-chosen neural ensembles. We adopt the framework of group testing [17–19],
an experimental design strategy that relies on simultaneous tests of multiple items. Group testing
reduces the complexity of detecting rare defects (here, true connections) from linear to logarithmic
in the number of units, allowing it to scale to large neural populations. We show that this approach,
which makes only mild statistical assumptions, can be significantly more efficient than testing single
neurons in isolation. Furthermore, we propose an efficient convex relaxation of the inference problem
that is related to marginal Bayesian posteriors for the existence of individual connections. Finally,
we show that an optimization scheme based on dual decomposition offers a highly parallelizable,
GPU-friendly problem formulation that allows us to perform inference on a population of 104 neurons
in the online setting. Taken together, these ideas suggest new algorithmic possibilities for the adaptive,
online dissection of large-scale neural circuits.

2

Network Inference as Group Testing

Our goal is to recast the problem of inferring functional connectivity between neurons as a group
testing problem. This functional connectivity has only to do with the ability of one neuron to cause
changes in the activity of another and does not imply a direct synaptic connection. Thus, two neurons
may be functionally connected when no direct synaptic connection exists. In particular, we are not
addressing the problem of unobserved confounders—unrecorded neurons that mediate observed
interactions. Nonetheless, functional connectivity remains a quantity of intense interest, since it is
likely to reflect patterns of influence and information flow in neural circuits [20, 21].
To establish conventions, it will help to consider a simple baseline protocol for establishing functional
connectivity: let each test consist of stimulating a single neuron, with the test possibly repeated
several times. In this setup, a stimulated neuron i can be considered functionally upstream of a second
neuron j if j typically alters its activity in response to stimulation of i. More precisely, we assume
that there exists a test h : D → {0, 1} that concludes from data whether stimulation of i altered
activity in j. This approach has two important advantages: First, we do not need to assume that
excitation of i results in excitation of j, only that the test detects a difference. In other words, we are
not limited to excitatory connections. Second, while a given test might make parametric assumptions
about the data, our subsequent analysis will be agnostic to these assumptions. Thus the ability to
consider a multiplicity of tests offers us a degree of statistical flexibility not present in approaches that
must rely on, e.g., linearity of synaptic contributions from different neurons. But these benefits imply
a tradeoff: we will only be able to amass statistical evidence for the existence of such connections,
and possibly their signs, but not their relative strength. We view this as a reasonable tradeoff in
cases where the structure of connections is of primary concern, with the added observation that, once
connections are identified, a second round of more focused testing or post-hoc methods can serve to
establish strengths.
To model the effects of ensemble photostimulation, we assume that all neurons in the target set
receive roughly the same light intensity, and that this intensity is sufficient to evoke a detectable
response if any one of the neurons is connected to some other. Moreover, we assume that stimulation
is strong enough that even, in cells receiving mixed excitatory and inhibitory connections, one will
predominate. That is, given N observed neurons subjected to stimulations indexed by t, let xtj = 1 if
neuron j is stimulated on round t, and wi→j = 1 if neuron i functionally influences neuron j. With
these conventions, we define the predicted activation of unit i as the logical OR of all the connections
ati (w) =

N
_

wij xtj = max(wi·

xt· )

(1)

j=1

and the outcome of the hypothesis test h with false positive rate α and false negative rate β as
yti |(ati = 1) ∼ Bern(1 − β)

yti |(ati = 0) ∼ Bern(α) .
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Figure 1: Neural stimulation as group testing. (a) Holographic photostimulation targets specific
subsets of neurons (red), which result in activity in a target neuron (green). Neurons 2, 4, and 6
are functionally connected to the target neuron (blue lines), and stimulation of any one of them is
sufficient to evoke activity. (b) Equivalent group testing matrix (xti ), with each row a test and each
column a neuron. The result of each test (yt ) is a logical OR of the stimulation variables for the true
connections (blue). Test 2 (gray) corresponds to the stimulation in (a).
Note that this assumes a is a sufficient statistic for the outcome y, which may not hold if, e.g., false
positive rates increase with the number of stimulated neurons [19].
This formulation, in which multiple units are combined into a single test that returns a positive
result if any of the individual units would alone, is known as the group testing problem. Originally
devised by Dorfman [17] as an efficient means of testing for syphilis in soldiers, group testing has
spawned an enormous literature, with applications in medicine, communications, and manufacturing
(recently reviewed in [19]). As shown by Atia and Saligrama [22], this can be cast in the language
of information theory as a channel coding problem with x the codebook and y the channel output.
Moreover, [22] demonstrated that when x is a randomized testing strategy to find K true positives,
the number of tests required to solve the problem with exponentially small average-case error is both
upper and lower bounded asymptotically by K log N , even when tests are noisy and K ∼ o(N ).
The problem we consider here is more specifically one of noisy group testing in the sparse regime.
That is, we allow the test to be corrupted as specified in (2) and assume K ∼ O(N θ ) with θ ∈ (0, 1).
Within this regime, approaches principally differ along two axes: adaptive versus non-adaptive test
designs and the method used to infer w. In non-adaptive designs, the tests are fixed in advance,
allowing them to be run in parallel at the cost of some statistical efficiency (though not necessarily
asymptotically [23, 24]). Adaptive designs, by contrast, are chosen sequentially, often to optimize the
information gained with each test. Below, we consider both methods, but for the remainder of this
section and the next, we focus on the second axis: the method of inferring w.
For simplicity we focus on a single output neuron j and its potential incoming connections wij (see
Fig. 1). Since the inference problems for wij and wij 0 are completely independent for j 0 6= j, these
problems can be trivially parallelized, and we drop the index j in what follows. Given (1) and (2), we
can infer the true connections by maximizing the total log likelihood over all T tests:
1−α X
log p({yt }|{wi , xt }) = T log(1 − α) − log
yt
(3)
α
t
1−α X
(1 − α)(1 − β) X
− log
at (w) + log
yt at (w)
β
αβ
t
t

X
(1 − α)(1 − β)
1−α
=
log
yt − log
at (w) + const ,
αβ
β
t
where the constant does not depend on w. For any reasonable test, we expect 1 − β > α (i.e., the
true positive rate exceeds the false positive rate) and 1 − α > β (true negative rate exceeds false
negative rate), so that the term in brackets is positive when yt = 1 and negative when yt = 0. Thus
the maximum likelihood solution is one in which the bits at (w) and yt most often match, similar to
one-bit compressed sensing [25, 26].
Unfortunately, this integer programming problem is NP-hard in general [19], so approximate solution
methods must be used. Previous approaches have used Monte Carlo methods like Gibbs Sampling
3

[27] and message-passing approaches like Belief Propagation [19, 28]. A third class of approaches
[26] proposes
the binary variables wi ∈ {0, 1} → wi ∈ [0, 1] and solve a linear program to
P to relaxP
minimize i wi + γ t ξt , with the ξt slack variables representing noise (bit flips between yt and
at ) and γ parameterizing the sparsity of the solution. This method indeed performs well in practice
[19, 26] and makes no assumptions about the form of the noise, though it does require tuning γ,
which may be difficult when the true number of defects K is unknown.
Here, we propose an alternate relaxation based on independently relaxing the variables at → at and
relating these to the wi via constraints. That is, instead of the N + T variables {wi , ξt }, we will
choose to optimize over {wi , at }, solving
X
X
max
ct at subject to xti wi ≤ at ≤
xti wi , wi , at ∈ [0, 1]
(4)
{wi ,at }

t
(1−α)(1−β)
yt
αβ

i

1−α
β .

with ct = log
The constraints we impose on the new variables at can be
− log
understood from (1) by noting that the maximum of a set of positive variables must be greater than
or equal to each of them individually
P and at most equal to their sum. As we will show, this linear
program in N + T variables with ti xti + T constraints may be large (and grows with the number
of tests) but can nonetheless be solved efficiently even for sizable neural populations. Unfortunately,
there is no guarantee that the solution to (4) produces a solution to the original integer optimization
problem, and one is left with the problem of finding some method of rounding wi to produce a binary
solution [29]. Fortunately, as we will argue below, this is unnecessary, and a slight alteration to (4)
gives the wi an attractive interpretation.

3

Relaxed Group Testing as Bayesian Inference

In the discussion above we focused on maximum likelihood decoding, since this procedure has
exponentially small error in the large T limit [22–24, 30]. However much of this work also assumes
that the number of true positives K is known. In our case, by contrast, we might only have weak
beliefs about the distribution of connections across neurons. Moreover, with a fixed time budget for
data collection, we would benefit from the option to either stop the experiment early (if all connections
have been found) or produce an estimate of uncertainty for the wi at the end of the experiment.
Thus we consider the problem of Bayesian inference for the likelihood given in (3) with Bernoulli
priors wi ∼ Bern(πi ). In this case, the log posterior takes the form
X
X
log p(w|x, y) =
ct at (w) +
µi wi − log Z ,
(5)
t

i

πi
with µi = log 1−π
and Z a normalizing constant. Clearly, the posterior is in exponential family form,
i
with sufficient statistics wi and at (w). Full inference requires computation of Z, which is practically
infeasible for N or T large. However, we are primarily concerned with posterior (marginal) beliefs
about individual connections, so we might settle for only knowing p(wi |x, y).

Luckily, two facts already mentioned allow us to compute these marginals efficiently: First, (5) is
in exponential family form, and second, the wi are sufficient statistics for the posterior. Taking a
Variational Bayes approach [31], we rewrite inference as an optimization problem. Let
q∗ (w) ≡ arg max Eq [log p(y|w, x) + log p(w)] + H[q(w)] ,
(6)
q(w)∈Q

where Q is some class of distributions over which we optimize and H = Eq [− log q(w)] is the
entropy. This is equivalent [31] to minimizing the KL divergence between q∗ (w) and p(w|x, y), with
DKL (q∗ kp) = 0 if and only if q∗ = p almost everywhere.

We exploit the fact that we know the form of the posterior to choose a class Q that contains p(w|x, y),
since this will imply that (6) yields the true posterior. The obvious choice is to take Q to be the
exponential family defined by the sufficient statistics wi and at . However, instead of the natural
parameters corresponding to these sufficient statistics, we will define them in terms of the expectations
wi ≡ Eq [wi ] and at ≡ Eq [at ]. In optimization language, the latter are the primal variables and
the former the duals, which are related to one another through derivatives of the free energy log Z
[31, 32]. With this choice, we can write
X
X
(E[wi ], E[at ]) ≡ arg max
ct at +
µi wi + H(w, a)
(7)
(w,a)∈M

t

4

i

where M is the marginal polytope, the set of marginals feasible under all possible distributions [32].
Clearly, since wi and at are binary, we have E[wi ] = P ({wi = 1}), E[at ] = P (∪j,xtj =1 {wj = 1}),
and the constraints in (4) follow from simple containment and union bounds for any P . More
generally, letting St = {j|xtj = 1}, there are additional consistency conditions on the at :
X
[
at ≤ P (∪t0 ∈T {at0 = 1}) ≤
at0 whenever St ⊂
St0 .
(8)
t0 ∈T

t0 ∈T

That is, whenever any subset of trials T includes all neurons stimulated on trial t, at is bounded
above by the sum of the at0 from these other trials.
However, if we allow H to take values in R ∪ {∞}, defining H(w, a) = ∞ for (w, a) ∈
/ M, then we
can write
X
X
(E[wi ], E[at ]) ≡ arg max
ct at +
µi wi + H(w, a)
(9)
{wi ,at }

t

i

s.t. xti wi ≤ at ≤

X

xti wi ,

i

wi , at ∈ [0, 1],

where again, H incorporates the constraints in (8). This is equivalent to (4) when we assume flat
priors on wi (µi = 0) and no entropy term. In other words, the relaxed at and wi appearing in (4)
are approximate posterior probabilities for the binary variables at and wi , and this relation is exact
when the entropy term H is included as a regularizer. Thus, solving the optimization (9) allows us to
compute posterior marginals for the connections, even though we cannot write down p(w|x, y).

4

Optimization and Online Inference

The above arguments show that posterior inference for group testing can be reduced to the variational
problem (9). However, two difficulties remain: First, calculating H(w, a), requires knowing the
exponential family normalizing factor Z, which is intractable in general. Second, we need an efficient
method for solving (9) for very large problems. Note again that we have only been considering
the case of a single output neuron, which results in a convex program with N + T variables and
2N + 3T + N T nominal constraints (4). When generalized to the full network, we will have
N independent (and thus parallelizable) programs of this size, indicating both high memory and
computational requirements. Yet, as we will show, further simplifications are possible that allow
solutions to (9) to be implemented even for N > 104 in the online setting.
e in which the at as well as the
We begin by considering a slightly more general exponential family Q
wi are fundamental variables, with (1) enforced by constraint:
X
X
X
X
X
ηt (at −
xti wi ) −
xti νti (wi − at ) − log Z(η, ν) ,
log q̃η,ν (w, a) =
γt at +
δi wi −
t

t

i

i

ti

(10)
with ν, η ≥ 0. Note that this will be related to forming the Lagrangian of the problem (9), but here,
we are instead defining a set of probability distributions with supη,ν≥0 q̃ ∈ Q0 ⊃ Q. That is, as the
constraint forces are maximized, all distributions satisfy the explicit constraints in (9), though they
are not guaranteed to satisfy those in (8). We find that, in practice, this does not affect the accuracy of
recovery.
What is important to note here is that the introduction of dual variables has effectively decoupled
wi from at , since their dependency structure is a bipartite graph. Moreover, conditioned on the dual
variables, the primal variables are all independent. Following the derivation leading to (9) we can
now pose an equivalent optimization problem:
X
X
sup
Lt (at , η, ν) +
Li (wi , η, ν) ,
(11)
η,ν≥0
wi ,at ∈[0,1]

t

i

!
Lt =

ct − ηt +

Li =

X

X

xti νti

i

at + H2 (at )

(12)

!
µi +

t

xti ηt −

X
t

5

xti νti

wi + H2 (wi ) ,

(13)

with H2 (x) = −x log x − (1 − x) log(1 − x) the entropy of a binary variable with mean x (measured
in nats). The univariate maximizations over at and wi can easily be solved numerically:
!
!
X
X
X
∗
∗
a t = f ct − η t +
xti νti
wi = f µi +
xti ηt −
xti νti ,
(14)
t

i

t

where f (x) = ex /(1 + ex ) is the logistic function. This formulation naturally leads to a dual
decomposition approach [33] in which we first maximize exactly over w and a then maximize (11)
at the resulting optimum with respect to η and ν. Alternately, we can bound the entropy H2 by a
quadratic (Appendix A), for which we have the solution:
"
!#
 Pi xti
X
1
1
+
a∗t = 1 −
ct − η t +
xti νti
(15)
2
σ
i
[0,1]
"
!#
X
X
1
1
wi∗ =
+
µi +
xti ηt −
xti νti
,
(16)
2 σ
t
t
[0,1]

where [·][0,1] indicates truncation to the unit interval and σ ∈ (0, 4] is a regularization parameter. In
practice, this more weakly regularized approach, which results in overconfident posteriors, performs
better when binarizing w to reconstruct the underlying network.
This approach is summarized in Algorithm 1. Thanks to the decoupled nature of (10), gradient
updates for η and ν can be performed in parallel, so efficient GPU implementations are possible. The
key limitation for this approach is memory: while the ν matrix is sparse (effectively masked by x),
one must still maintain space for a, w, c, µ, η, and ν for O(N ST ) parameters, with S the average
number of neurons stimulated per trial. Thus, while we do benefit from using first-order methods with
momentum like Adam [34], these also come at the additional memory cost of O(2N ST ) running
mean and variance estimates, making it impractical for systems larger than ∼ 103 neurons.
Algorithm 1 Dual decomposition inference
1: Initialize: ηt , νti ← 0
2:
3: while not converged do
∗
4:
Solve for a∗t , w
or (15), (16)
Pi via (14)
5:
ηt ← ηt − α( i xti wi∗ − a∗t )
6:
νti ← νti + αxti (wi∗ − a∗t )
7: end while

Along different lines, we can further reduce memory requirements for very large systems by simply
limiting the gradient updates in Algorithm 1 to the ηt and νti for the most recent τ time steps. That
is, for τ = 50, we stop updating η2 for t > 52. This halts the memory growth of the algorithm with
number of tests performed, for a space complexity of O(N Sτ + 2N 2 ). As we will demonstrate in
the next section, this allows us to perform inference on a network of ∼ 104 neurons (one hundred
million potential connections) using gradient descent with negligible loss of accuracy. In fact, our
GPU implementation using CuPy [35] performed each gradient descent iteration in under 2 seconds,
fast enough to perform online inference during experiments.
Finally, we note that our identification of the wi with the posterior p(wi |x, y) naturally lends itself
to adaptive testing. In typical adaptive algorithms, one is interested in maximizing some expected
information gain or minimizing uncertainty, which can pose difficult computational problems when
only point estimates are available [18, 19]. Here, however, we can trivially select those units with
greatest posterior uncertainty for priority testing. In a different vein, access to calibrated uncertainties
also facilitates either early stopping (when a minimum certainty is required) or optimal test allocation
(when the number of tests is limited).

5

Experiments

We tested the performance of Algorithm 1 in both the offline (all data) and online (one test at a time)
settings. In the offline setting, we considered Bernoulli designs in which each neuron was stimulated
6

Figure 2: Network recovery performance. (a) Recovery improves with increasing numbers of tests.
Dots (jittered for visibility) indicate posterior estimates for true connections (blue) and spurious
connections (orange) as tests are added. The classification threshold is at 0.5 (dotted line), and we do
not plot the nearly 106 true negatives at 0. (b) ROC curves as a function of test error rates. Even as α
and β grow, performance degrades only moderately. (c, d) Specificity and sensitivity, as a function of
test number and error rate. The naive approach gradually identifies positive connections, while group
testing quickly separates positive and non-connections across the 0.5 threshold.

independently on each trial with probability pstim = S/N . In the online setting, we considered both
Bernoulli designs and adaptive designs, in which the top S most uncertain neurons (those with wi
closest to 12 ) were selected for the next test. We used randomly generated binary graphs wij in which
each link appeared independently with probability K/N .
We also distinguish two separate problems: uncertainty quantification and recovery. The former
focuses on efficient calculation of accurate Bayesian posteriors using the formulation (9), while the
latter focuses on binarizing w to produce the most likely underlying w. Thus, for uncertainty we
use the correct entropy H2 and priors defined by µ, while for recovery we use the computationally
cheaper quadratic approximation to H with σ  1, µ = 0 and a classification threshold at w = 12 . In
our experiments, this weak regularization, which resulted in overconfident posteriors, consistently
produced better recovery. The experiments presented here focus on the recovery problem. Results for
uncertainty are presented in Appendix D. Unless otherwise stated, we use a base case of N = 1000,
K = N 0.3 ≈ 8 incoming connections per neuron, S = 10 stimulated neurons per test, α = β = 0.05,
µ = 0, σ = 0.1, and Adam [34] with step size 0.01, β1 = 0.9, and β2 = 0.999 for optimization in
the offline setting, with convergence typically achieved within 50 steps.
Sparse network recovery. Figure 2 demonstrates the effectiveness of our algorithm in correctly
recovering a binary network. The inferred system is initially regularized toward the maximum entropy
solution at (w = 12 ), but as the number of tests increases, connections are rapidly segregated toward
0 and 1, with classification based on a threshold at 0.5. True negatives are learned quickly at the
expense of incorrectly classifying some true positives (drop in sensitivity as specificity rises), but the
algorithm eventually corrects for this behavior (Fig. 2a). Tests with higher error rates show decreased
performance (Fig. 2b), but this is mitigated at larger numbers of tests. Finally, in comparison with a
naive model that stimulates single neurons (S = 1, Appendix B) group testing dominates on both
measures after about 500 trials (Fig. 2c,d).
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Figure 3: Recovery in the online and adaptive settings. (a) Specificity as a function of the number
of tests for the naive, online Bernoulli, and online adaptive designs. Performance is similar to the
batch case, with the online adaptive approach requiring the fewest tests overall. (b) Specificity as a
function of the scaled number of tests T (normalized N ) for different system sizes in the adaptive
case. The adaptive case exhibits an inflection point that moves toward T ≈ 0.2N for large N .
Online performance and adaptive stimulation. Motivated by real-time, online experimental
approaches that seek to intervene in live neural circuits with photostimulation [5, 6], we also consider
the online case. Here we use gradient descent (not Adam) and a sliding window of 1-10 tests to limit
memory requirements and increase speed. Even with only a few fast gradient steps for each new test,
we recover the network with the same level of sensitivity and specificity as in the batch case (Fig. 3).
Sensitivity plots show less variation (Appendix D). This enables us to scale inference to much larger
populations, even up to N = 104 (Fig. 3) with an average processing time of < 2s per stimulation,
for an estimated experiment time of ∼ 1.5 hours for 2500 tests.

6

Discussion

We have proposed to apply noisy group testing to the problem of inferring functional connections in
a neural network. We showed that a relaxation of the maximum likelihood inference problem for this
setup is equivalent to Bayesian inference on the binarized network links, and that this problem can
be solved efficiently for large populations in the online setting. To our knowledge, this is the first
application of group testing to connectivity inference in neuroscience and the first proposal for truly
scalable network inference.
Group testing itself comprises a large literature, reviewed in [18] and more recently [19]. The link
between noisy group testing and information theory was established in [22–24, 30, 36] for the noise
models of false positives and dilutions and in [28] for both false positives and negatives. These
studies established asymptotically optimal numbers of tests maximum likelihood decoding. Linear
programming relaxation as a means of efficiently solving the decoding problem was previously
proposed in [26], where the objective was to identify the minimal set of positives under an arbitrary
noise model. Our approach differs in relaxing both the Boolean sums at and the defects wi , as well
as assuming a more specific noise model, which allows us to establish a novel connection between
the solution of the relaxed convex program and Bayesian inference (4).
In neuroscience, much previous work has focused on inferring functional connectivity from correlational data, either spike trains or calcium fluorescence imaging [10, 11, 15, 37–47]. These methods
typically rely on likelihood-based models and make moderate to strong parametric assumptions
about the data generation process. This can result in inaccurate network recovery, even in simulation
[15, 16]. Even more problematic is the difficulty of accounting for unobserved confounders [43],
which can also arise in our setup when non-recorded units mediate functional connections.
Our work is similar in setup to [14], which also considered the possibilities inherent in selective
stimulation of individual neurons. That work also employed a variational Bayes approach, positing a
spike-and-slab prior on weights and an autoregressive generative model of ensuing calcium dynamics.
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Also of note is [48], which considered optimal adaptive testing of single neurons to establish
functional connections. More closely related are the approaches in [12, 49], which used a compressed
sensing approach to network recovery. Those works did recover synaptic weights up to an overall
normalization but did not consider either adaptive stimulation or the online inference setting. The
latter problem was considered in [13], which focused on measurement of subthreshold responses in
somewhat smaller systems.
By contrast with many of these approaches, ours makes relatively few statistical assumptions. We do
not posit a generative or parametric model, only the existence of some statistical test for a change (not
necessarily excitatory) in neuronal activity following stimulation. Moreover, our approach affords
approximate Bayesian inference (which could be extended to exact inference at the cost of additional
constraint forces added to (10)), does not require pretraining on existing data, and scales well to large
neural populations, making it suitable for use in online settings.
However, our approach does make key assumptions that might pose challenges for experimental
application. First, as Figure 2b shows, tests with poor statistical power require many more stimulations
to reach correct inference, and below some threshold number of trials, this decrease in performance
may be significant. Moreover, when statistical assumptions of the test h are violated, the real true
and false positive rates may not be known (though see Appendix C). Second, our approach ignores
the relative strength of connections, as we focus on the structure of the unweighted network. This
drastically reduces the number of parametric assumptions but would require a second round of
more focused testing if these were quantities of interest. Nonetheless, our results suggest significant
untapped potential in the application of adaptive experimental designs to large-scale neuroscience.

Broader Impact
The focus of this work is on improving neuroscience experiments through the use of more sophisticated experimental designs. In particular, we targeted understanding the ways in which networks
of neurons are constructed and function together, which has long been a focus of the field. As this
advance is primarily theoretical, we do not anticipate any directly negative societal impacts. However,
our work’s broader impacts reflect those of neuroscience more generally: Diseases of the brain, from
Alzheimer’s to stroke to depression, affect a tremendous percentage of the world’s population, and
it is increasingly recognized that many of these conditions must be understood as pathologies of
neural networks. It is our hope that circuit dissection techniques like the ones presented here will
lend themselves to faster advances in our understanding of how the brain functions, with potential
positive applications in the treatment of degenerative diseases. In particular, the use of implantable
brain stimulation devices is now routine in the treatment of Parkinson’s Disease, and it is thought that
future brain-machine interfaces will help restore motor function for those suffering from paralysis. In
each case, one of the key requirements is the online analysis of brain data, to which the present work
represents a small contribution.

Acknowledgments and Disclosure of Funding
Research reported in this publication was supported by a NIH BRAIN Initiative Planning Grant
(R34NS116738; JP), a Ruth K. Broad Biomedical Research Foundation, Inc. Postdoctoral Fellowship
Award (AD), and a Swartz Foundation Postdoctoral Fellowship for Theory in Neuroscience (AD). We
especially thank Eva Naumann, who first suggested to us the idea of ensemble testing with holographic
photostimulation. We would also like to thank Maxim Nikitchenko and Robert Calderbank for useful
discussions and the anonymous reviewers for suggesting several improvements.

References
[1] Rongwen Lu, Wenzhi Sun, Yajie Liang, Aaron Kerlin, Jens Bierfeld, Johannes D Seelig,
Daniel E Wilson, Benjamin Scholl, Boaz Mohar, Masashi Tanimoto, et al. Video-rate volumetric
functional imaging of the brain at synaptic resolution. Nature neuroscience, 20(4):620, 2017.
9

[2] Carsen Stringer, Marius Pachitariu, Nicholas Steinmetz, Charu Bai Reddy, Matteo Carandini,
and Kenneth D. Harris. Spontaneous behaviors drive multidimensional, brainwide activity.
Science, 364(6437), 2019.
[3] David MA Mehler and Konrad P Kording. The lure of causal statements: Rampant mis-inference
of causality in estimated connectivity. arXiv preprint arXiv:1812.03363, 2018.
[4] Sadra Sadeh and Claudia Clopath. Patterned perturbation of inhibition can reveal the dynamical
structure of neural processing. eLife, 9:e52757, 2020.
[5] Valentina Emiliani, Adam E Cohen, Karl Deisseroth, and Michael Häusser. All-optical interrogation of neural circuits. Journal of Neuroscience, 35(41):13917–13926, 2015.
[6] Adam M Packer, Lloyd E Russell, Henry WP Dalgleish, and Michael Häusser. Simultaneous
all-optical manipulation and recording of neural circuit activity with cellular resolution in vivo.
Nature methods, 12(2):140–146, 2015.
[7] Nicolas C Pégard, Alan R Mardinly, Ian Antón Oldenburg, Savitha Sridharan, Laura Waller, and
Hillel Adesnik. Three-dimensional scanless holographic optogenetics with temporal focusing
(3d-shot). Nature communications, 8(1):1–14, 2017.
[8] Weijian Yang and Rafael Yuste. Holographic imaging and photostimulation of neural activity.
Current opinion in neurobiology, 50:211–221, 2018.
[9] James H Marshel, Yoon Seok Kim, Timothy A Machado, Sean Quirin, Brandon Benson,
Jonathan Kadmon, Cephra Raja, Adelaida Chibukhchyan, Charu Ramakrishnan, Masatoshi
Inoue, et al. Cortical layer–specific critical dynamics triggering perception. Science,
365(6453):eaaw5202, 2019.
[10] Liam Paninski, Eero P Simoncelli, and Jonathan W Pillow. Maximum likelihood estimation
of a stochastic integrate-and-fire neural model. In Advances in Neural Information Processing
Systems, pages 1311–1318, 2004.
[11] Jonathan W Pillow, Jonathon Shlens, Liam Paninski, Alexander Sher, Alan M Litke,
EJ Chichilnisky, and Eero P Simoncelli. Spatio-temporal correlations and visual signalling in a
complete neuronal population. Nature, 454(7207):995–999, 2008.
[12] Tao Hu, Anthony Leonardo, and Dmitri B Chklovskii. Reconstruction of sparse circuits using
multi-neuronal excitation (rescume). In Advances in Neural Information Processing Systems,
pages 790–798, 2009.
[13] Ben Shababo, Brooks Paige, Ari Pakman, and Liam Paninski. Bayesian inference and online
experimental design for mapping neural microcircuits. In Advances in Neural Information
Processing Systems, pages 1304–1312, 2013.
[14] Laurence Aitchison, Lloyd Russell, Adam M Packer, Jinyao Yan, Philippe Castonguay, Michael
Hausser, and Srinivas C Turaga. Model-based bayesian inference of neural activity and connectivity from all-optical interrogation of a neural circuit. In Advances in Neural Information
Processing Systems, pages 3486–3495, 2017.
[15] Henry Lütcke, Felipe Gerhard, Friedemann Zenke, Wulfram Gerstner, and Fritjof Helmchen. Inference of neuronal network spike dynamics and topology from calcium imaging data. Frontiers
in neural circuits, 7:201, 2013.
[16] Abhranil Das and Ila R Fiete. Systematic errors in connectivity inferred from activity in strongly
recurrent networks. Nature Neuroscience, pages 1–11, 2020.
[17] Robert Dorfman. The detection of defective members of large populations. Annals of Mathematical Statistics, 14(4):436–440, 1943.
[18] Dingzhu Du, Frank K Hwang, and Frank Hwang. Combinatorial group testing and its applications, volume 12. World Scientific, 2000.
[19] Matthew Aldridge, Oliver Johnson, and Jonathan Scarlett. Group testing: an information theory
perspective. arXiv preprint arXiv:1902.06002, 2019.
10

[20] Sarah Feldt, Paolo Bonifazi, and Rosa Cossart. Dissecting functional connectivity of neuronal
microcircuits: experimental and theoretical insights. Trends in neurosciences, 34(5):225–236,
2011.
[21] Logan Grosenick, James H Marshel, and Karl Deisseroth. Closed-loop and activity-guided
optogenetic control. Neuron, 86(1):106–139, 2015.
[22] George K Atia and Venkatesh Saligrama. Boolean compressed sensing and noisy group testing.
IEEE Transactions on Information Theory, 58(3):1880–1901, 2012.
[23] Matthew Aldridge. Adaptive group testing as channel coding with feedback. In 2012 IEEE
International Symposium on Information Theory Proceedings, pages 1832–1836. IEEE, 2012.
[24] Chun Lam Chan, Sidharth Jaggi, Venkatesh Saligrama, and Samar Agnihotri. Non-adaptive
group testing: Explicit bounds and novel algorithms. IEEE Transactions on Information Theory,
60(5):3019–3035, 2014.
[25] Petros T Boufounos and Richard G Baraniuk. 1-bit compressive sensing. In 2008 42nd Annual
Conference on Information Sciences and Systems, pages 16–21. IEEE, 2008.
[26] Dmitry Malioutov and Mikhail Malyutov. Boolean compressed sensing: Lp relaxation for group
testing. In 2012 IEEE International Conference on Acoustics, Speech and Signal Processing
(ICASSP), pages 3305–3308. IEEE, 2012.
[27] Emanuel Knill, Alexander Schliep, and David C Torney. Interpretation of pooling experiments
using the markov chain monte carlo method. Journal of Computational Biology, 3(3):395–406,
1996.
[28] Dino Sejdinovic and Oliver Johnson. Note on noisy group testing: Asymptotic bounds and
belief propagation reconstruction. In 2010 48th Annual Allerton Conference on Communication,
Control, and Computing (Allerton), pages 998–1003. IEEE, 2010.
[29] Alexander Schrijver. Theory of linear and integer programming. John Wiley & Sons, 1998.
[30] Leonardo Baldassini, Oliver Johnson, and Matthew Aldridge. The capacity of adaptive group
testing. In 2013 IEEE International Symposium on Information Theory, pages 2676–2680.
IEEE, 2013.
[31] David M Blei, Alp Kucukelbir, and Jon D McAuliffe. Variational inference: A review for
statisticians. Journal of the American statistical Association, 112(518):859–877, 2017.
[32] Martin J Wainwright and Michael I Jordan. Graphical models, exponential families, and
variational inference. Foundations and Trends R in Machine Learning, 1(1-2):1–305, 2008.
[33] Dimitri P. Bertsekas. Nonlinear Programming. Athena Scientific, Belmont, MA, 3 edition,
2016.
[34] Diederik P Kingma and Jimmy Ba. Adam: A method for stochastic optimization. arXiv preprint
arXiv:1412.6980, 2014.
[35] Ryosuke Okuta, Yuya Unno, Daisuke Nishino, Shohei Hido, and Crissman Loomis. Cupy: A
numpy-compatible library for nvidia gpu calculations. In Proceedings of Workshop on Machine
Learning Systems (LearningSys) in the Thirty-first Annual Conference on Neural Information
Processing Systems (NIPS), 2017.
[36] Mikhail B Malyutov. The separating property of random matrices. Mathematical notes of the
Academy of Sciences of the USSR, 23(1):84–91, 1978.
[37] Murat Okatan, Matthew A Wilson, and Emery N Brown. Analyzing functional connectivity
using a network likelihood model of ensemble neural spiking activity. Neural Computation,
17(9):1927–1961, 2005.
11

[38] Ian H Stevenson, James M Rebesco, Nicholas G Hatsopoulos, Zach Haga, Lee E Miller, and
Konrad P Kording. Bayesian inference of functional connectivity and network structure from
spikes. IEEE Transactions on Neural Systems and Rehabilitation Engineering, 17(3):203–213,
2008.
[39] Michael Vidne, Yashar Ahmadian, Jonathon Shlens, Jonathan W Pillow, Jayant Kulkarni,
Alan M Litke, EJ Chichilnisky, Eero Simoncelli, and Liam Paninski. Modeling the impact of
common noise inputs on the network activity of retinal ganglion cells. Journal of computational
neuroscience, 33(1):97–121, 2012.
[40] Dong Song, Haonan Wang, Catherine Y Tu, Vasilis Z Marmarelis, Robert E Hampson, Sam A
Deadwyler, and Theodore W Berger. Identification of sparse neural functional connectivity
using penalized likelihood estimation and basis functions. J Comput Neurosci, 35:335–357,
2013.
[41] Volker Pernice and Stefan Rotter. Reconstruction of sparse connectivity in neural networks
from spike train covariances. Journal of Statistical Mechanics: Theory and Experiment,
2013(03):P03008, 2013.
[42] Alyson K Fletcher and Sundeep Rangan. Scalable inference for neuronal connectivity from
calcium imaging. In Advances in neural information processing systems, pages 2843–2851,
2014.
[43] Daniel Soudry, Suraj Keshri, Patrick Stinson, Min-hwan Oh, Garud Iyengar, and Liam Paninski.
Efficient "shotgun" inference of neural connectivity from highly sub-sampled activity data.
PLoS computational biology, 11(10), 2015.
[44] Yury V Zaytsev, Abigail Morrison, and Moritz Deger. Reconstruction of recurrent synaptic
connectivity of thousands of neurons from simulated spiking activity. Journal of computational
neuroscience, 39(1):77–103, 2015.
[45] Amin Karbasi, Amir Hesam Salavati, and Martin Vetterli. Learning neural connectivity from firing activity: efficient algorithms with provable guarantees on topology. Journal of computational
neuroscience, 44(2):253–272, 2018.
[46] Josef Ladenbauer, Sam McKenzie, Daniel F English, Olivier Hagens, and Srdjan Ostojic.
Inferring and validating mechanistic models of neural microcircuits based on spike-train data.
Nature communications, 10(1):1–17, 2019.
[47] Kenneth W Latimer, Fred Rieke, and Jonathan W Pillow. Inferring synaptic inputs from spikes
with a conductance-based neural encoding model. eLife, 8:e47012, 2019.
[48] Martín A Bertrán, Natalia L Martínez, Ye Wang, David Dunson, Guillermo Sapiro, and Dario
Ringach. Active learning of cortical connectivity from two-photon imaging data. PloS one,
13(5), 2018.
[49] Alyson K Fletcher, Sundeep Rangan, Lav R Varshney, and Aniruddha Bhargava. Neural
reconstruction with approximate message passing (neuramp). In Advances in neural information
processing systems, pages 2555–2563, 2011.

12

