
Please cite this article in press as: Chen and Pesaran, Improving scalability in systems neuroscience, Neuron (2021), https://doi.org/10.1016/
j.neuron.2021.03.025
ll
Perspective

Improving scalability in systems neuroscience
Zhe Sage Chen1,2,* and Bijan Pesaran2,3,4,*
1Department of Psychiatry, Department of Neuroscience and Physiology, NewYork University School of Medicine, NewYork, NY 10016, USA
2Neuroscience Institute, NYU School of Medicine, New York, NY 10016, USA
3Center for Neural Science, New York University, New York, NY 10003, USA
4Department of Neurology, New York University School of Medicine, New York, NY 10016, USA
*Correspondence: zhe.chen@nyulangone.org (Z.S.C.), bijan@nyu.edu (B.P.)
https://doi.org/10.1016/j.neuron.2021.03.025

SUMMARY

Emerging technologies to acquire data at increasingly greater scales promise to transform discovery in sys-
tems neuroscience. However, current exponential growth in the scale of data acquisition is a double-edged
sword. Scaling up data acquisition can speed up the cycle of discovery but can also misinterpret the results
or possibly slow down the cycle because of challenges presented by the curse of high-dimensional data.
Active, adaptive, closed-loop experimental paradigms use hardware and algorithms optimized to enable
time-critical computation to provide feedback that interprets the observations and tests hypotheses to
actively update the stimulus or stimulation parameters. In this perspective, we review important concepts
of active and adaptive experiments and discuss how selectively constraining the dimensionality and opti-
mizing strategies at different stages of discovery loop can help mitigate the curse of high-dimensional
data. Active and adaptive closed-loop experimental paradigms can speed up discovery despite an exponen-
tially increasing data scale, offering a roadmap to timely and iterative hypothesis revision and discovery in an
era of exponential growth in neuroscience.
INTRODUCTION

Systems neuroscience faces the daunting challenge of under-

standingbrain networksof complexandpoorly understood topol-

ogies. Over the past decade, however, a technological revolution

in neuroscience has enabled tremendous growth in the volume

and quality of scientific data. Experimental tools allowing mea-

surements of large-scale in vivo neuronal population activity at

high resolution using multiple (e.g., electrical, optical, magnetic)

modalities and acrossmultiple brain regions are becoming wide-

spread. Alongside advances in instrumentation, methods to effi-

ciently preprocess, characterize, and fit models to large-scale

neuroscientific data are also being developed (Stevenson and

Kording, 2011; Paninski and Cunningham, 2018). How should

we use large-scale neurotechnologies to understand brain

network mechanisms? In this perspective we review the state of

the art in neurotechnology through the lens of the curse of high-

dimensional neural data analysis. The curse of high-dimensional

data arises from the consequencesof scalingdata dimensionality

(Vershynin, 2018; Wainwright, 2019) and leads to exponentially

increasing computation time. We propose that a new generaliza-

tion of closed-loop experiments, which we term active, adaptive

closed-loop (AACL) experiments, will be important to success-

fully mitigating the scalability in neuroscience, especially for

discovering brain network mechanisms.

Discovery is a process of obtaining new knowledge based on

multiple steps of verification. In systems neuroscience, knowl-

edgecanbeexpressed inmultiple forms, includingunderstanding

the animal’s behavior, the effectiveness of experimental stimuli,

the regularity of the neural response, and the causal link between
neural codes and behavior. Discovery can revise existing theories

or hypotheses or even create a paradigm shift in research prac-

tice. The standard discovery cycle involves data acquisition, anal-

ysis, and interpretation to test hypotheses and update concepts,

which is fundamental to scientific progress (conceive-acquire-

analyze-test-revise; Figure 1A). However, the concept of a

‘‘loop’’ is underemphasized in discovery cycle for two important

reasons: first, there is no nested internal loop containing feed-

back, and second, there is no strict time constraint between

steps. Large-scale neuroscience presents a challenge for the cy-

cle of discovery. Counterintuitively, the growth of neuroscience

data (in dimensionality, volume, and size) can slow and even

impede the cycle of discovery. High dimensionality of data can

overwhelmanalysis becauseof the bandwidth bottleneck, andef-

forts to address thebottleneck caneffectively decrease statistical

power. The lossof statistical poweroccursbecauseunlesssimpli-

fication (suchasaveragingor subsampling) is assumed, statistical

estimates of model variables may become increasingly biased,

whichmay lead to furthermisinterpretation of results. The alterna-

tive involves increasing the recording duration to account for the

increased dimensionality (thereby increasing acquisition time) or

processingall collecteddata sequentiallywithout timeconstraints

(thereby increasing analysis time), either of which can slow down

hypothesis testing or revision and progress toward scientific

goals. This is particularly disruptive in neuroscience because the

nervous system is dynamic andplastic.We cannot revise and test

important classes of hypotheses, such as specificity and causal-

ity, until we verify the steps to complete an iteration. For instance,

if the tested hypothesis is that circuit A is responsible for behavior

B, even if we observe that a neurostimulation (as a perturbation of
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Figure 1. Scaling in neural data acquisition
(A) Cycle of knowledge discovery (conceive-acquire-analyze-test-revise). The acquire step consists of recording large-scale neuronal activity during behavior.
The analyze step consists of data analysis and interpretation. The test and revise steps involve testing the hypothesis and revising it as necessary to close
the cycle.
(B) Near or faster than exponential growth in the number of recorded neurons on the basis of in vitro or in vivo electrophysiology (up-to-year update from https://
stevenson.lab.uconn.edu/scaling/). Recent neurotechnology development for simultaneous neuronal recordings suggest a further jump from exponential growth.
(C) Trade-off between sampling frequency and the number of recorded neurons on the basis of microscopy imaging (from Lecoq et al., 2019). On the basis of the
new light beads microscopy (LBM) technique, ~1,000,000 neurons were recorded within ~5.4 3 6 3 0.5 mm3 volumes at ~2 Hz (Demas et al., 2021).
(D) Schematic of ‘‘scale-speed limit’’ for data acquisition and analysis steps. For a fixed scale, the pace of discovery is determined by slowest scale-speed factor.
(E) Discovery rate (DR) scaling with data acquisition and analysis: DR= ðnumber of discoveries =time per discoveryÞ. The number of discoveries scales pro-
portionally to the scale of data acquisition. The time per discovery scales inversely proportionally to the rate at which data can be analyzed. Scaling the rate of data
analysis with the rate of data acquisition should lead to an accelerating DR (blue curve). However, the CoD effectively slows down the discovery rate, and DR
scaling requires a correction; this correction to the DR can dominate. If the CoD correction scales faster than the rate of data analysis, the otherwise accelerating
DR flattens (red curve). Closed-loop experimental designs can mitigate the CoD and restore an accelerating DR (green shaded area).
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A) disrupts a task (B), we still need to verify several important

questions to fully test the hypothesis: first, whether neurons

collected from A show significantly changed patterns that corre-

late with the behavior; second, what types of neurons and how
2 Neuron 109, June 2, 2021
many of them contribute to such changes; third, how the specific

stimulation input (e.g., timingand intensity) causally alters the task

behavior.Much like howwe cannot step into the same river twice,

by the time the original hypothesis has been tested, the context

https://stevenson.lab.uconn.edu/scaling/
https://stevenson.lab.uconn.edu/scaling/
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Figure 2. Active, adaptive closed-loop (AACL) experimental paradigms provide solutions to curse-of-dimensionality problems
(A) Schematic of AACL experimental paradigm. Active feedback iteratively updates or optimizes the sampling, resampling, or stimulation parameters at each
stage of the loop (marked by three dashed arrows). Feedback may have different timescales and forms: experimental design (Lewi et al., 2009, 2011), adaptive
stimulus optimization (Walker et al., 2019; Ponce et al., 2019), neurally defined stimulation (Berényi et al., 2012; Paz et al., 2013; Grosenick et al., 2015; Zhang
et al., 2021), closed-loop decoder adaptation (Dangi et al., 2013), user-defined control or prosthetics (Carmena et al., 2003; Shanechi et al., 2016), or adaptive
closed-loop neurostimulation (Tafazoli et al., 2020).
(B) Schematic of adaptive stimulus optimization on the basis of BMI with neural decoder adaptation. In the closed-loop, an end-to-end trained neural network
model predicted thousands of neuronal responses to arbitrary new natural input and synthesized optimal stimuli: most exciting inputs (MEIs) (adapted with
permission from Walker et al., 2019).
(C) Illustration of subsampling/resampling in the closed-loop acquire step (Choi et al., 2020). Recording channels can be selected from signal channels by
optimizing the subset of signal channels selected to maximize the number of recorded neurons given the available neurons known when all signal channels are
recorded. Optimization involves adaptively sampling the signal channels selected to maximize the yield of recorded neurons.
(D) A snapshot of the closed-loop analyze step for large-scale rat hippocampal recordings. A GPU-powered population-decoding system was developed for
ultrafast reconstruction of spatial positions from rodent’s unsorted spatiotemporal spiking patterns, with real-time speed to decode rat’s run position (latency <
250 ms) or memory replays (latency < 20 ms). Furthermore, the approach enabled assessment of the statistical significance of online-decoded replay (adapted
with permission from Hu et al., 2018b).
(E) Illustration of the scaling between the acquire and analyze steps to accommodate real-time operation (about a fraction of a millisecond per spike). The GPU
decoding strategy can scale up to thousands of channels (adapted with permission from Hu et al., 2018b).
(F) Schematic of a BMIwith neural decoder adaptation (Dangi et al., 2013). The adaptation design elements include the adaptation, timescale, selective parameter
adaptation, smooth decoder updates, and intuitive decoder adaptation parameters.
(G) Schematic of a BMI with neural feedback (adaptedwith permission fromYang et al., 2021). Model-based closed-loop controllers can be designed and consist
of a Kalman state estimator and a feedback controller. Brain network activity can be used as feedback and the model-based closed-loop controller identified the
stimulation parameters to drive the internal brain state to a particular target.
(H) Schematic of adaptive closed-loop stimulation (Tafazoli et al., 2020). The system learns to usemulti-site spatially patterned electrical stimulation to control the
pattern of activity of a population of neurons.
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within which the results were obtained cannot be revisited. This

substantially limits, and can potentially even make impossible,

our ability to test alternative hypotheses.

AACL experiments are different from open-loop or passive

closed-loop experiments in that not only are strict time con-

straints imposed on every step (e.g., acquisition, analysis, stim-

ulation), but also an optimization procedure is used in some or

even all steps on the basis of active feedback (Figure 2A).

AACL feedback signals can be iteratively used for many pur-

poses: to optimize experimental stimuli and other experimental

parameters (Walker et al., 2019; Ponce et al., 2019), to select

neural channels for recording and/or telemetry (Choi et al.,
2020), to perform decoder adaptation (Dangi et al., 2013), to opti-

mize stimulation parameters (Tafazoli et al., 2020), and to opti-

mize objective functions and other aspects of control policies

(Bolus et al., 2018). In principle, each step of an AACL experi-

ment may contain nested inner loops. In contrast, passive

closed-loop experiments use a fixed policy. The experimental

stimulus is predetermined and cannot adapt. The decoder is

fixed. Control and stimulation parameters are predetermined.

In this perspective, we discuss how jointly scaling up data

acquisition and data analysis in an active and adaptive manner

can speed up the cycle and enable AACL experiments. We first

review scalability in neurotechnology and instrumentation,
Neuron 109, June 2, 2021 3



ll
Perspective

Please cite this article in press as: Chen and Pesaran, Improving scalability in systems neuroscience, Neuron (2021), https://doi.org/10.1016/
j.neuron.2021.03.025
highlighting how multiple trends increase the size, volume, and

dimensionality of experimental observations. We then point to

our main thesis: that scaling is a double-edged sword, in that it

can speed up the cycle of discovery in systems neuroscience,

but it involves defining and following a sequence of predeter-

mined experimental steps. In considering the cycle of discovery,

each step in an AACL experiment has a respective ‘‘scaling-

speed limit.’’ The overall rate of discovery is limited by the slow-

est factor in each step (Figure 1D), which can be exacerbated by

large data volumes and high dimensionality, which can over-

whelm our capacity for analysis and interpretation. Conse-

quently, the lack of scalability of data analytic tools introduces

barriers to scientific discovery. Finally, we discuss the features

and limitations of AACL experiments and review strategies to

speed up data analysis.

SIZE, DEPTH, AND MULTIPLE SITES IN
NEUROPHYSIOLOGICAL AND IMAGING RECORDINGS

Neurotechnologies involve a range of physical modalities span-

ning sound, light, electricity, and magnetism, as well as multi-

modal mechanisms such as optoacoustics/photoacoustics

and magnetoacoustics (Marblestone et al., 2013; Gottschalk

et al., 2019). Modern neural interfaces that can record and/or

stimulate the nervous system are dramatically expanding the

number of neural signal channels that can be monitored and

manipulated. When the word ‘‘scale’’ is used, we refer to the

dimensionality, size, or volume of neural signals, which should

not be confused with the spatial or temporal granularity at which

data are acquired.

Accessing brain tissue at single-cell resolution has traditionally

involved implanting electrodes directly into the brain. Multielec-

trode array recording devices remain the gold-standard

approach to recording in vivo electrophysiological cellular activ-

ity (Hong and Lieber, 2019). Growth in the number of simulta-

neously recordable signal channels has been driven by electrode

fabrication, packaging, materials, and implementation. Neuron

density, brain area size, and tissue displacement due to wiring

and other physical device properties impose fundamental limits

on the number of recordable neurons. New neural recording

technologies that exploit nanoscale features and integrated

electronics are significantly increasing the number of single cells

that can be recorded concurrently in single ormultiple sites of the

brain. Two fundamental factors are paving the way toward large-

scale neurophysiology. One factor is to increase the channels

through/channels through advanced packaging or newmaterials

(Scholvin et al., 2016). To date, hundreds to thousands of elec-

trodes have been implanted to record animal brains (Figure 1B;

Berényi et al., 2014; Shobe et al., 2015; Jun et al., 2017a; Chung

et al., 2019; Steinmetz et al., 2018). The other factor is to use

three-dimensional (3D) electrode array technology, by

combining laminar electrode and two-dimensional (2D) elec-

trode arrays, for recording layer-specific areas in brain circuits

(Hoogerwerf and Wise, 1994; Rios et al., 2016).

Although electrophysiology can collect the neural activity of

local brain areas with high temporal resolution, various optical

imaging techniques are targeted at whole-brain recordings,

focusing on network and circuit levels (Yang and Yuste, 2017).
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Optical imaging also enables chronic recordings of large-scale

neuronal activity in an animal’s brain across days and weeks

(Jercog et al., 2016; Kim et al., 2016; Huang et al., 2018; Pachi-

tariu et al., 2017;Weisenburger and Vaziri, 2018). Recently, mod-

ern technologies have also rapidly improved the spatiotemporal

resolution and sampling speed of optical imaging and micro-

scopy (Rumyantsev et al., 2020; Wu et al., 2020). Ultimately,

physical constraints will impose a limit on the effectiveness of

optical imaging, as any imaging techniques encounter the

trade-off among imaging speed, field of view, and depth.

For all neural interfaces that rely on electrophysiology or opti-

cal imaging, technological factors constrain the number of signal

channels that can be recorded or controlled simultaneously

(Marblestone et al., 2013; Kleinfeld et al., 2019). These con-

straints involve, for example, power and thermal dissipation for

implantedwireless arrays (Zhou et al., 2019), sampling frequency

or optical paths for microscopes (Figure 1C; Tsai et al., 2015; So-

froniew et al., 2016; Stirman et al., 2016; Lecoq et al., 2019), and

wiring constraints for electrode arrays (Marblestone et al., 2013;

Hong and Lieber, 2019; Raducanu et al., 2017). Constraints on

simultaneous access lead to a selection problem involving how

to use the available signal channels to optimally monitor and

manipulate the neural population of interest (Saxena and Cun-

ningham, 2019; Moreaux et al., 2020). If there were no con-

straints, one could simply measure from all signal channels,

and there would be no selection problem. If there were too

many constraints, there would be very few simultaneously

accessible signal channels, obviating the problem of selection.

For most modern neurotechnologies, however, the space of

possible selections is combinatorial. For example, Neuropixels

electrode arrays contain 960 electrodes (Steinmetz et al.,

2018); however, only 384 recording channels can be acquired

simultaneously. Subject to other constraints, there are 2.5149

different possible selections for this array (Choi et al., 2020).

Similarly, the two-photon random-access mesoscope (2p-

RAM) has a cellular-resolution microscope with a 5 mm field of

view that makes available up to 1 million neurons in the trans-

genic mouse expressing GCaMP in neurons (Sofroniew et al.,

2016). However, adaptive optics strategies are necessary to flex-

ibly and rapidly deliver light and make available neurons for

simultaneous investigation. For instance, a system using custom

optics and independently repositionable temporally multiplexed

imaging beams could offer an expanded field of view (>9.5mm2),

allowing multi-site imaging of tens of thousands of neurons

across multiple mouse cortical areas (Stirman et al., 2016). In

each aforementioned case, modern instrumentation leads to a

combinatorial explosion of possible selections.

CHRONIC EXPERIMENTS, TASK COMPLEXITY,
NATURALISTIC BEHAVIOR

Increasingly, modern neurotechnologies are being deployed

chronically in implanted systems (Chiang et al., 2020; Schwarz

et al., 2014; Tybrandt et al., 2018). The main concerns of

chronic electrophysiological recordings are the unit yield,

longevity, stability, and quality of neural signals (Juavinett

et al., 2019; Luo et al., 2020). In all recording devices, the inter-

faces between the nervous system and a synthetic sensor
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involve innovations in advanced materials (Chen et al., 2017).

Advanced microelectrode technologies have been invented

for recording interfaces to improve biocompatibility and stability

(Fattahi et al., 2014), which enable us to sample activity of the

same population of neurons repeatedly. In addition, wireless

recording devices have become increasingly available for

chronic data acquisition.

The challenge of neuroscience data analysis is further magni-

fied by the complexity of behavior. New technologies allow com-

plex, naturalistic, and unconstrained behaviors to be measured

with increasing detail at the individual and group levels (Tseng

et al., 2018). Some behaviors, such as navigation, can involve

multiple animals in social interactions (Danjo et al., 2018) or in

3D spaces (Omer et al., 2018). Skeletal movements involve joint

rotations with as many as 27 different joint angles for the primate

arm and hand. Other task behaviors, such asmotor learning, can

last hours, days, and even weeks (Sandler, 2008). As the tempo-

ral duration increases, the task complexity also scales up.

Naturalistic behavior also introduces additional issues. To be

considered naturalistic, a behavior should not depend on training

to follow experimenter-defined instructions. In the absence of in-

structions, however, preferred behaviors will be acquired, and

behavioral stereotypy can emerge; namely, subjects can choose

to repeatedly make the same, potentially optimal, action se-

quences, such as ‘‘look-then-reach’’ when picking up a cup.

To more completely study the underlying neural mechanisms,

naturalistic behaviors may involve adaptively delivering instruc-

tions in an AACL experiment. In active sampling behaviors

(such as sniffing or shifting gaze), subjects actively use attention

and active sensing strategies to sample relevant cues for infor-

mation seeking or decision making. Although animals can learn

a sampling policy through attentional learning and reward maxi-

mization, it poses a challenge for experimenters to study neural

correlates underlying such behaviors.

SUBSAMPLING AND RESAMPLING OF NEURAL SPACE

As the number of simultaneously recorded neurons from electro-

physiology or calcium imaging becomes very large (e.g., 10,000–

1,000,000), redundancy will arise. Given a specific recorded

brain target, identification of a high- or low-dimensional neural

code will vary according to the question of interest. For instance,

the visual cortex may have a high-dimensional representation for

visual signals but a low-dimensional representation for other

nonvisual behavioral variables (Stringer et al., 2019a, 2019b).

Random sampling is a widely used statistical strategy for esti-

mating the properties of a large network or system. Supported

by the law of large numbers and distribution invariance, subsam-

pling assumes exchangeability and ergodicity of a stochastic

dynamical system. In data acquisition, large-scale sampling of

neural signals enables us to examine the resampling axis in order

to assess neural dimensionality and coding sufficiency. For

instance, a theoretical question regarding the neural code is

‘‘What is the dimensionality of odor space?’’ (Meister, 2015), or

‘‘What is the intrinsic multi-neuronal dimensionality or the

complexity of dynamics that relates to the task behavior?’’

(Gao and Ganguli, 2015; Gao et al., 2017). Unlike traditional

data-replacement resampling techniques, sequential neural
resampling opens the door to measuring neuronal populations

in an integrated manner to generate datasets that are sufficient

to rigorously test hypotheses about brain functions. Additionally,

researchers may test whether subsampling of neuronal popula-

tions can preserve the invariant structure of network structure or

neural dynamics (Chen et al., 2014; Williamson et al., 2016; Gao

et al., 2017; Liu et al., 2019).

CURSE OF HIGH-DIMENSIONAL DATA ANALYSIS

The combination of task complexity, multimodality, and large-

scale chronic experimental paradigms can quickly generate

high-dimensional, structured neural and behavioral data whose

analysis and interpretation can outpace computational capabil-

ities. A statistical curse of dimensionality (CoD) arises to impede

the discovery cycle within the analyze step.

The common theme of CoD problems is that when dimen-

sionality increases, the volume of the space increases so

rapidly that the available data become very sparse. For

instance, to study d-dimensional behavioral variables, we

design N experimental trials and record m neurons. If we in-

crease d and m separately or jointly while keeping N un-

changed, the insufficient sample size will make it difficult to

relate a neural space Rm to a behavioral space Rd. In this

case, in order to establish statistical significance, the number

of samples (trial by duration) needed to support the result often

grows exponentially with the dimensionalities d and m.

High-dimensional neural data impose a CoD across many sta-

tistical analyses. First, neural data analysis depends on second

and higher order computations critical to understanding net-

works, such as functional connectivity. However, the number

of trials and duration of trials needed for a reliable statistical

estimate does not scale with data dimensionality. Statistical esti-

mation of the covariance matrix in a principal-component anal-

ysis (PCA) can suffer strong bias and/or high variance when

the sample size is insufficient given the data dimensionality

(Box 1). Second, statistical estimation, by either a model-free

or a model-based approach, can be ill posed when analyzing

high-dimensional data. Although model-free approximations

can have a small number of parameters, they may lack neurosci-

entific validity. In contrast, model-based approaches can involve

many parameters but pose challenges for model fitting when the

data are high dimensional. Therefore, incorporation of hypothe-

sis-driven theories, priors, and constraints into the model may

help solve ill-posed estimation problems. Dimensionality reduc-

tion techniques are important tools to tackle large-scale neural

recordings on a single-trial basis (Box 2; Cunningham and Yu,

2014). Third, the complexity and long timescales of task behav-

iors will introduce plasticity or non-stationarity in neural record-

ings, posing additional estimation challenges.

Scaling data acquisition and analysis should accelerate the

rate of discovery (Figure 1E). However, the curse of high-dimen-

sional data exponentially increases the time necessary to obtain

each discovery. As a result, the discovery rate may saturate as

data acquisition and analysis increase in scale. The challenge

is to maintain an increasing rate of discovery while increasing

the scale of data acquisition and analysis. As we discuss below,

AACL experiments may offer a solution.
Neuron 109, June 2, 2021 5



Box 1. Correlation matrix estimation

The correlation matrix is a central statistical measure central to principal-component analysis (PCA). As the dimensionality of

observed variables, n, increases, the number of estimated parameters scales quadratically in n. A curse of dimensionality

(CoD) arises when the sample size N is small in relation to the dimensionality, n, and the correlation structure of neuronal popula-

tions cannot be reliably estimated because of an insufficient number of experimental trials or duration in neuroscience exper-

iments.

A simple model-free solution to the CoD imposes local proximity structure onto the correlations; namely, only neurons recorded

from nearby electrodes are connected. Consequently, the number of parameters scales linearly with n. However, the spatial prox-

imity assumption may not hold in practice. For instance, two hippocampal place cells recorded from distant electrodes may share

overlapping place fields and hence correlated activity.

Amodel-based approach to the correlationmatrix estimation is via partial correlation. Partial correlation is equivalent to conditional

correlation when the random variables are multivariate normal distributed. If the observations are discrete (e.g., multinomial), the

equivalence also holds when the conditional expectation of the random variables is linear (Baba et al., 2004). By using partial cor-

relation, one can solve n linear regression problems, each of which involves n� 1 regressors and 1 predictor. Because the n regres-

sion problems can be solved independently, the computation can be scaled up using parallel computing. Therefore, by mitigating

the CoD, partial correlation estimates may be not only more reliable, but also computationally efficient.

An alternative approach involves random projection or subsampling, in which one selects m variables (m � n) and repeats the

linear regression procedure with different subsets. Statistically, random projection-based correlation estimates assume sufficient

sparsity in order to stably embed the subsets into a low-dimensional subspace. Therefore, the correlation estimates are robust with

respect to varying number of neurons because of recording instability.
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AACL EXPERIMENTAL PARADIGMS

Closed-loop experiments represent a paradigm shift from

open-loop experiments. In closed-loop experiments, neural

signals are processed to algorithmically generate feedback

signals that are delivered to the subject according to a policy

(Zrenner et al., 2016; Yang and Shanechi, 2016; Ciliberti

et al., 2018; Srinivasan et al., 2018; Kane et al., 2020; Bolus

et al., 2018; Walker et al., 2019; Ponce et al., 2019; Tafazoli

et al., 2020; see also reviews in Potter et al., 2014; El Hady,

2016). Traditionally, feedback in closed-loop experiments can

take a variety of forms. If the purpose of a brain-machine inter-

face (BMI) is to control an external actuator, feedback can be

the delivery of stimulation to the nervous system; if the goal

of a BMI is to control sensory feedback, feedback can be the

timing of sensorimotor information. However, in all closed-

loop BMIs, data acquisition is subject to the signal bandwidth

constraint, and analysis and feedback are subject to the time

constraint. The timescale of feedback is often at the order of

milliseconds or seconds that can map from circuit functions

to behavior. Here we argue that passive closed-loop experi-

ments are still insufficient and inefficient. Specifically, we intro-

duce AACL experiments, which generalize concepts familiar to

traditional closed-loop experimental designs and include

active feedback that is based on multiple stages of knowledge

discovery. The terms ‘‘active’’ and ‘‘adaptive’’ are subtly

different yet often exchangeable in the literature. In an ‘‘active’’

design, the experimenter can manipulate the instrumentation

or experimental stimuli according to a random or predefined

policy. Unlike passive feedback, which arises automatically

regardless of the user’s intention, active feedback emphasizes

the effort of seeking valuable information from the feedback

signal and then iteratively optimizes the discovery process at

various stages (e.g., sampling, resampling analysis, stimula-

tion). In an ‘‘adaptive’’ design, the experimenter can modify
6 Neuron 109, June 2, 2021
the decoder or stimulation parameters on the basis of feed-

back or error-correction learning.

AACL experiments enable testing of hypotheses that cannot be

tested by non-AACL experiments in two distinct ways. Some hy-

potheses can, in principle, be tested using both AACL and non-

AACL experiments, but non-AACL experiments are sufficiently

inefficient that, in practice, the hypothesis cannot be tested

because of lack of time. For example, hypotheses that depend

on neurostimulation efficacy, which requires estimating a map of

responses to stimulation at different stimulation sites. Other ex-

amples of new knowledge acquired in practice by AACL experi-

ments include neuron-stimulus sensitivity, maximal electrode

channel unit yields, and system controllability. Other hypotheses

cannot be tested by non-AACL experiments, even in principle,

and require the use of AACL experiments, such as hypotheses

that depend on learning, especially when learning occurs rapidly

and when learning is irreversible. When both AACL and non-

AACL experiments can be performed in principle, the nature of

the knowledge gained is similar, except that AACL experiments

produce knowledge at a faster rate because of their improved ef-

ficiency. When AACL experiments cannot be performed by non-

AACL experiments, the nature of knowledge gained is distinct.

Touseneurostimulationagainasanexample, traditional closed-

loop stimulation is designed with an on/off stimulation approach,

with predetermined stimulation parameters. In contrast, AACL ex-

periments can actively seek feedback from neuronal firing and

adjust the stimulation parameters or control policy to optimize

the ‘‘natural’’ cost function (Bolus et al., 2018; Tafazoli et al.,

2020; Choi et al., 2016). The cost function is defined by the differ-

ence between the observed neural responses and predicted neu-

ral responses,where thepredictor canbea simple linear-nonlinear

Poisson (LNP) model or an artificial neural network.

We propose that AACL experiments offer a natural solution to

the scaling bottleneck and improve the scalability. In contrast to

the standard ‘‘conceive-acquire-analyze-test-revise’’ paradigm,



Box 2. Dimensionality reduction

In systems neuroscience, dimensionality reduction methods are important to answering the neural dimensionality question: how

many neurons are required to resolve the dynamics underlying a behavioral task? The answer may depend on the coding spec-

ificity of the stimulus or behavioral variables (Stringer et al., 2019a, 2019b). Knowing the answer can improve our understanding of

the scaling property of neuronal population in both encoding and decoding (Williamson et al., 2016).

The choice of neural decoding methods also leads to dimensionality concerns. Linear decoding methods (such as factor analysis

and Kalman filter) are commonly used because of their simplicity. In contrast, despite potentially better performance, many

nonlinear decoding methods are less commonly used. One important reason is that nonlinear methods suffer a curse of dimen-

sionality. For instance, nonlinear function estimation scales polynomially or even exponentially in terms of dimensionality. More-

over, fitting nonlinear functions requires parameter search in the presence of local minima which also scales with n. As a result,

nonlinear methods often lack scalability.

Dimensionality reduction methods can help alleviate the computational curse (Cunningham and Yu, 2014). This has motivated the

development of a variety of advanced nonlinear dimensionality reduction methods to examine neuronal population activities (Yu

et al., 2009; Gao et al., 2016;Wu et al., 2017). However, nonlinear dimensionality reduction approaches are computationally expen-

sive and depend on strong assumptions, such as the ability to conceptualize experimental measurement as a random projection of

neural activity.

Adaptive subsampling provides a complementary approach to measurement by random projection and can address the CoD pre-

sent for dimensionality reduction, which is critical in the context of AACL experiments. Because neurons exhibit log-normal firing

rate distributions, applying dimensionality reductionmethods to large numbers of neuronsmay not sufficiently capture the long-tail

behavior. As a result, neuronal representations may be incompletely characterized. By allowing for better sampling in the tails,

adaptive subsampling of neurons can provide a more complete picture.
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which does not impose strict time constraints on each step,

AACL experiments collect and analyze neural data in a sequen-

tial manner, with time constraints, and test adaptive hypotheses

with timely neurofeedback that accounts for neural plasticity

during the course of learning and adaptation (Figure 2A). The

active and adaptive strategies can be implemented, indepen-

dently or jointly, throughout the acquisition, analysis, and feed-

back steps. The form of feedback may be diverse, in terms of

stimulus optimization, experimental design, decoder adaptation,

neurostimulation, and other user-defined feedback control. The

discovered knowledge accumulates with the completion of each

step. The discovery cycle continues until the experimental sub-

ject reaches the predefined experimental goal algorithmically

according to the policy. Notably, certain stages of the AACL ex-

periments accommodate many other names proposed in the

literature as special cases, such as active experimental design,

active stimulus selection, closed-loop feedback control, and

closed-loop decoder adaptation (CLDA). AACL experiments

therefore generalize the concept of closed-loop experiments

across timescales for closing the loop and iterating the discovery

cycle, as quickly as a fraction of a second, to chronic experi-

mental preparations, as long as months.

The concept of adaptive experiments is not new in neurosci-

ence. For instance, design of adaptive experiments is a long-es-

tablished standard for psychometric testing, such as the use of

QUEST procedure (Watson and Pelli, 1983). At slower feedback

timescales, iterative closed-loop paradigms are already well es-

tablished in various domains within systems neuroscience.

Neuronal stimulus selectivity in the ventral visual pathway exists

in a high-dimensional space of sensory stimuli. To assess ventral

stream selectivity, Quiroga et al. (2005) systematically searched

for responses of single neurons to stimuli. The limited time avail-

able for experiments required closing the loop in two stages of

correlational studies. First, responses in a screening session
were analyzed and then used to select target stimuli for the

testing session. Although each stage was an open-loop experi-

ment, closing the feedback loop across stages tamed the explo-

sion of potential experiments andmade possible amore focused

investigation. Dramatic increases in the number of neural signal

channels that can be monitored and manipulated mean that

neuroscience investigations increasingly lie within a high-dimen-

sional space of experimental designs. These capabilities are

opening the door to new applications of closed-loop experi-

mental paradigms to map networks as part of large-scale inves-

tigations of multiregional communication (Box 3). To follow a

similar philosophy but with improved efficiency, an analog of

AACL experiment is to identify sensory stimuli that optimize vi-

sual neuronal responses at a fast, sub-second timescale. Specif-

ically, Walker et al. (2019) developed ‘‘inception loops,’’ a

closed-loop paradigm combining in vivo recording from thou-

sands of neurons with in silico nonlinear response modeling.

The closed-loop model-based response prediction enabled

them to generate synthetic yet optimal stimuli (Figure 2B). There-

fore, designing adaptive closed-loop image synthesis systems

to explore the single or population neuronal response properties

represents a new paradigm in visual neuroscience (Ponce et al.,

2019; Bashivan et al., 2019).

Closed-loop BMIs can not only learn optimizing sensory stim-

uli but also learn active sensing strategies (Richardson et al.,

2019). Specifically, experimental manipulation of task-relevant

sensory feedback, provided by intracortical microstimulation

(ICMS) that encodes egocentric bearing to the hidden goal direc-

tion, can reveal distinct motor strategy adaptation to match

novel sensor properties for goal-directed behavior. Additionally,

BMIs seek to deliver either neural feedback by stimulating neural

activity (SENSE-STIMULATE) or user feedback through an

external interface that the user controls (SENSE-CONTROL). In

neural feedback BMIs, subjects do not need to be aware of the
Neuron 109, June 2, 2021 7



Box 3. Mapping networks in neuroscience

Brain function and dysfunction are increasingly understood as being due to the expression of multiple overlapping network mech-

anisms. Network mechanisms of multiregional communication are most often inferred from the structure of correlations in neural

activity. The availability of recordings frommany signal channels has fueled progress. However, functionally connectivity analyses

have been typically applied to signals that measure neuronal function indirectly and do not necessarily scale because of funda-

mental limits on signal resolution, such as blood-oxygen-level-dependent (BOLD) functional magnetic resonance imaging

(fMRI) and widefield calcium imaging signals. Inferring network mechanisms from high-dimensional neuronal recordings is

hampered by the CoD. Moreover, using correlations to interpret activity patterns as being due to interactions is subject to signif-

icant confounds. Correlations are sensitive to the confounding influence of common inputs from other brain regions, yielding

network edges even when the receiver does not receive any input from the sender.

Recent work maps large-scale brain networks and studies the mechanisms of multiregional communication by recording neural

responses while delivering low-amplitude stimulation pulses in a causal network analysis (Qiao et al., 2020). Taking a causal sam-

pling approach offers important advantages. Causal responses cannot be due to common input. Delivering isolated low-amplitude

microstimulation pulses also offers the opportunity to more directly probe network excitability while avoiding the confounding ef-

fects and network responses. Inferences from large-amplitude stimulation pulses or pulse trains may recruit network responses

that do not reflect direct functional interactions between the stimulation and recording sites (Lozano et al., 2019). Large amplitude

pulses and pulse trains can effectively change the interaction instead of measuring the interaction.

Because mapping networks using a causal network analysis allows a selective targeting of neurons and neural circuits for inves-

tigation on the basis of their role in the network, we may be able to mitigate the curse of dimensionality associated with scaling up

data acquisition and analysis without constraints.
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operation of the interface. The BMI seeks to disrupt ongoing

network excitation or inhibition (e.g., seizure control or optoge-

netic control; Berényi et al., 2012; Paz et al., 2013; Grosenick

et al., 2015) and/or shape neural plasticity (e.g., mood regulation;

Zhang et al., 2021; Shanechi, 2019). In contrast, user feedback

BMIs (e.g., visual and motor prostheses) depend on how the

user learns to use the interface (Carmena et al., 2003; Koralek

et al., 2012; Shenoy and Carmena, 2014). Another example of

AACL experiment is CLDA used in BMI systems, which can

accelerate learning and improve performance by iteratively up-

dating a BMI decoder’s parameter (Dangi et al., 2013;

Figure 2F). In these cases, volition, awareness, and agency

play important roles as the subject controls the relevant patterns

of neural activity decoded by the BMI. In principle, neural feed-

back-based and user feedback-based BMIs can be combined.

For example, BMIs based on feedback that the user controls

could also feature neural feedback protocols designed to recruit

brain plasticity and enhance learning (Shenoy and Car-

mena, 2014).

BMIs offer clinical opportunities as neuroprosthetic devices

(Collinger et al., 2013; Ajiboye et al., 2017; Antelis and Minguez,

2013). Additionally, BMIs provide a novel experimental platform

for performing adaptive perturbations and causal circuit manipu-

lations. One successful AACL application is to use an adaptive

closed-loop patterned stimulation strategy (Tafazoli et al., 2020),

which learns to use multi-site electrical stimulations to control

the pattern of a population of neurons. Additionally, BMIs can

help reveal important circuitmechanismsandareparticularly use-

ful when studying learned behaviors and sensorimotor control

(Jarosiewicz et al., 2008; Koralek et al., 2012; Sadtler et al.,

2014; Golub et al., 2016). By making explicit the system inputs

and outputs, BMIs allow us to resolve the neural computations

that drive learning and test how network structure influences

learning (Orsborn and Pesaran, 2017). As BMIs require low-la-

tency feedback, they can also be used with causal circuit manip-
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ulations to stimulate or inactivate in a state-dependent manner.

State dependence allowsmanipulations to be sensitive to the dy-

namic properties of brain processes (Qiao et al., 2020) and is an

essential component of closed-loop feedback control algorithms

(Shanechi et al., 2016; Srinivasan et al., 2018; Yang et al., 2021).

Therefore,BMIscanenableus toconditionally test specificcausal

functional roles for neural circuits or their plausible links to be-

haviors.

FEATURES AND LIMITATIONS OF AACL EXPERIMENTS

Discovery does not rely on closed-loop experiments per se;

neither do closed-loop experiments automatically lead to dis-

covery in neuroscience. However, AACL experiments can pro-

vide timely feedback and update new hypotheses iteratively

during the course of discovery process.

High-dimensional capabilities enabled by modern neurotech-

nologies present not only opportunities in establishing the links

between neuronal activity and behavior but also challenges

and paradigm shifts in neural data analysis and interpretation.

Traditional neuroscience paradigms based on spike sorting

and tuning curve estimation will inevitably fail to capture the

complexity and dynamics of naturalistic behaviors because the

behaviors occupy high-dimensional spaces. AACL experiments

offer opportunities to perform ‘‘active’’ experimental designs that

algorithmically select experimental parameters from a high-

dimensional space of configurations. In traditional ‘‘passive’’

experimental designs, each step of the cycle has a predeter-

mined policy. For instance, the acquire step uses the fixed stim-

ulus configurations, whereas in the analyze step, the stimulation

configuration or control strategy is fixed. Active experimental de-

signs feature adaptive selection strategies that optimize each

step in a closed-loop using real-time neurofeedback. For

instance, animal training can be optimized (Bak et al., 2016),

experimental stimulus design can be optimized in a sequential
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manner (Lewi et al., 2009, 2011); and feedback control or neuro-

stimulation can be optimized on the fly (Cunningham et al., 2011;

Swann et al., 2018b). As a result, we can efficiently test hypoth-

eses sequentially and potentially even in parallel.

The challenge presented by high-dimensional experimental

configurations is particularly acute in the case of neurostimula-

tion experiments. Unlike neural recordings, which can be

performed at multiple sites simultaneously, neurostimulation ex-

periments can be performed at only one area by choosing

‘‘when,’’ ‘‘how,’’ and ‘‘where’’ to stimulate. The resulting spatio-

temporal patterns of stimulation occupy a particularly high-

dimensional configuration space, which cannot necessarily be

probed simultaneously. In general, only a relatively small number

of configurations can be tested in a single experimental session.

As the nervous system is adaptive and plastic, with constantly

changing neural responses, we cannot necessarily rely on

comparing stimulation responses to different configurations in

different sessions. Novel AACL experimental designs will be crit-

ical for progress.

An important approach features AACL experiments with

active designs to guide neuronal subsampling and resampling

(Figure 2C). A central issue in these experimental designs is

whether the properties of the repeatedly sampled populations

reflect properties of the underlying distribution. Closed-loop

acquisition is like an active search in the space of neural activity

to maximize the signal-to-noise ratio. Unlike active sensing in

behavior that reflects the animal’s behavioral policy, neuronal

subsampling is guided by the experimenter’s policy, subject

to physical, time, and bandwidth constraints. For instance,

we can design an algorithm that optimizes the joint electrode

selections for all recording channels according to the experi-

menter’s policy in order to maximize the isolation quality of de-

tected neurons (Choi et al., 2020). Analyzing resampled popu-

lations is very effective when performing dimensionality

reduction. Subsampling m neurons from a population of n neu-

rons can be viewed as a random projection from an n-dimen-

sional manifold (Ganguli and Sompolinsky, 2012; Gao and

Ganguli, 2015); in this sense, resampling can be viewed as mul-

tiple random projections of n neurons. The Johnson-Linden-

strauss lemma states that random projections preserve the

pairwise distances of high-dimensional data (Bingham and

Mannila, 2001). As a result, properties of the underlying distri-

bution that depend on pairwise distances, such as in dimen-

sionality reduction techniques, are preserved by resampled

populations. Modes estimated from resampled populations

may share other distributional properties with the underlying

population. Notably, neural activity often follows a log-dynamic

law (Buzsáki and Mizuseki, 2014), and linear combinations of

subsampled lognormal distributed neural responses can also

be approximated by a lognormal distribution (Asmussen and

Rojas-Nandayapa, 2008).

Causality is the holy grail in all systems neuroscience inquiries.

It is important to distinguish between correlation and causation in

closed-loop experiments. Correlational dependencies describe

associations of measurements that experiments do not control,

whereas causal dependencies link a dependent variable to an

experimentally controlled variable (Jazayeri and Afraz, 2017).

The key concept in causal inference is randomization, such as
a random external stimulus or random perturbation (e.g., micro-

stimulation or optogenetic stimulation). The relationship between

every dependent variable and the randomized variable is causal,

whereas the relationship between non-randomized variables and

behavior remains correlational. As brain activity is high dimen-

sional, correlations within massively under-sampled neuronal re-

cordings cannot fully reveal circuit mechanisms. Although

closed-loop experiments can contain both correlation and

causation components, they can be distinguished from open-

loop perturbation experiments in timing and specificity, thereby

narrowing the search spaceof neural code-behavior relationship,

that is, mitigating the dimensionality bottleneck.

It is also important to point out the limitations of closed-loop

perturbation for causal dissection of circuit and behavior. First,

the brain is complex, and many brain areas can engage in even

a simple task or spontaneous behavior (Stringer et al., 2019b).

Therefore, even large-scale neural recordings can only provide

a small window of the brain activity, and our target system is

partially observable. The presence of latent variables can bring

additional degree of complexity to precisely control the vari-

able of interest (either the neural activity or behavior); the

induced unexpected network-level side effects will complicate

the data interpretation. Second, the brain is nonlinear and plas-

tic; a control strategy that works in a certain condition will not

necessarily generalize well to other tasks or behavioral states.

Third, the behavior may also be complex (although the dimen-

sionality of behavior is much smaller than the neural dimen-

sionality), and each axis of behavioral space may be jointly or

independently controlled by neural correlates. Fourth, electri-

cal or optical stimulation may create undesirable lasting side

effects (e.g., heat, toxicity, cell death, change in excitation-in-

hibition balance) that further bring uncertainties to specific

brain functions under study. Finally, even the most sophisti-

cated neural stimulation technologies available today suffer

the limitation that they artificially activate or suppress neural

activity. Such manipulations may highjack the system or drive

the neuronal network into ‘‘unnatural’’ regimes. Many BMI

technologies based on non-specific and unnatural perturba-

tions may face the challenge of result interpretation, as tradi-

tional non-adaptive neurostimulations may cause varying

degrees of side effects on behavior or even generate ‘‘false

discoveries.’’ To mitigate this concern, recent work performing

causal network analyses emphasizes the use of minimal per-

turbations to deliver single pulses (Qiao et al., 2020). Other

work on multiregional network system identification shows

that pairs of sites that share correlated neural activity patterns

also tend to share stimulation responses (Yang et al., 2021),

indicating that causal manipulations and recordings can be

mutually informative and constrain network inferences. While

realizing the fundamental limit of causality test in the brain,

trial-and-error active manipulations remain the most important

source of evidence that a brain area supports one aspect of

behavior. Development of next-generation active and adaptive

BMIs that deliver ‘‘naturalistic’’ patterned neurostimulations

and incorporate sufficient control experiments would help alle-

viate the serious issue of false discovery. One type of new

closed-loop feedback for neurostimulation, for instance, could

be the output of neuronal firing patterns or the local network
Neuron 109, June 2, 2021 9
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connectivity (Vlachos et al., 2016; Bolus et al., 2018; Tafazoli

et al., 2020).

SPEEDING UP NEURAL DATA ANALYSIS

Another important issue of scalability in knowledge discovery is

the speed. Even if the dimensionality of data remains constant,

the increasing amount of data still creates an analysis bottleneck

for knowledge discovery. In data analysis and interpretation, we

aim to avoid exponential complexity or computation latency with

respect to the number of neurons, seeking a linear or sub-linear

order of complexity. In developing efficient analytic tools,

computation speed and scalability are the key considerations.

First, closed-loop BMIs impose low-latency constraints in all

steps of experiments. The computational overhead jointly de-

pends on data size, CPU architecture, memory, and bandwidth.

Overall, the computation latency is composed of two parts: total

cost = fixed cost + scaling cost, where the first term is indepen-

dent of the scaling, and the second term increases with the scale

of data. Therefore, scaling up data acquisition can impose a

great challenge in speed for computation because of limited re-

sources in memory, bandwidth, and computing power. To

accommodate scalable ultrafast neural data analysis, modern

computing resources and dedicated hardware can help meet

these resource requirements. According to the estimate of the

doom of Moore’s law, the computing power of a single CPU

will similarly reach its physical limit around 2022. In contrast,

high-performance computing devices based on graphics pro-

cessing units (GPUs) and field-programmable gate arrays

(FPGAs) have become widely adopted for data analysis (Giovan-

nucci et al., 2018; Hu et al., 2018a,b)

In the acquire step, open-source low-latency hardware (e.g.,

Open Ephys 2.0) has managed to minimize high-speed sampling

delay with microsecond latency. Automated and scalable hard-

ware-empowered spike sorting can accommodate real-time

processing for large-scale data acquisition (Chung et al., 2017;

Jun et al., 2017b; Pachitariu et al., 2016; Yger et al., 2018). In

the analyze step, computational tasks can be operated in real

time for ultrafast decoding, detection, and control. Using the ro-

dent hippocampus as an example, hippocampal replays during

sharp-wave ripples are known to contribute to memory consoli-

dation, planning, and future decision making (Buzsáki, 2015).

Closed-loop perturbation experiments that are designed to

investigate the contribution of these replay events may narrow

the search space of relationship between neural code and

behavior or eliminate alternative competing hypotheses (Girar-

deau et al., 2009; Fernández-Ruiz et al., 2019). Therefore, it is

important to develop scalable methods that enable real-time de-

coding and assessment of these hippocampal replay contents to

match the complexity of neural data, in the form of large-scale

unsorted ensemble spikes (Ciliberti et al., 2018; Hu et al.,

2018b; Figures 2D and 2E), high-density field potential record-

ings (Cao et al., 2020; Frey et al., 2019), or large-scale calcium

imaging (Tu et al., 2020). To take the primate motor cortex as

another example, closed-loop BMIs have provided mechanistic

insight into learning, plasticity, and functional reorganization

(Jarosiewicz et al., 2008; Sadtler et al., 2014; Shenoy and Car-

mena, 2014). Development of scalable methods for decoding
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arm or handmovement or assessing neural population dynamics

can greatly advance the research field in motor control (Traut-

mann et al., 2019; Sussillo et al., 2016). The key component of

BMIs is the feedback, as a form of neurostimulations (Berényi

et al., 2012; Paz et al., 2013; Grosenick et al., 2015; Zhang

et al., 2021), user-defined feedback control (Figure 2G; Carmena

et al., 2003; Dangi et al., 2013; Shanechi et al., 2016), or the pre-

diction error of neural responses (Figure 2H; Tafazoli et al., 2020),

which can be further used to perturb the circuit or causally

change the behavior. Finally, the time window of closed-loop

feedback is critical, as it allows interaction with neurons and

circuits differently. Sub-millisecond feedback stimulation may

prevent recurrent inhibition, but the same setup with an order

of second delay may affect the system in a completely different

manner. These uncertainties of mechanistic inquiry grow in time,

especially when the casual chain between the cause (stimula-

tion) and effect is long. Therefore, the timing imposes a strict

low-latency constraint on closed-loop BMIs (M€uller et al.,

2013; Kane et al., 2020).

Second, scalable data-intensive computation demands fast

and efficient computing strategies. Even though real-time oper-

ation may not be always required, offline processing of high-

throughput, high-dimensional neural data can still be prohibitive,

which may include neural-behavior mapping (Vogelstein et al.,

2014), large-scale model fitting, data visualization, and computer

simulations. For instance, structural data are fundamentally high

dimensional, including 2D images, 3D volumes, and four-dimen-

sional (4D) and five-dimensional (5D) hypervolumes for multi-

spectral data. Large-scale neural circuit mapping may require

both structural and functional data (Shi et al., 2015). High-perfor-

mance computing is required to analyze high-resolution, high-

throughput neuroanatomy and neuroimaging data. Behavioral

data can be also high dimensional, especially when they are

captured via high-fidelity video recordings. Data-intensive, auto-

mated image segmentation and 3D morphological reconstruc-

tion have been empowered by powerful deep learning methods

for behavioral video or imaging analyses (Mathis et al., 2018; Per-

eira et al., 2019; Zhou et al., 2018; Arac et al., 2019). Another

source of high dimensionality arises from multimodal measure-

ments, such as concurrent electroencephalographic (EEG)/

magnetoencephalographic (MEG) source localization (Antelis

and Minguez, 2013). Furthermore, large-scale biologically

inspired neuronal network modeling and computer simulations

may leverage high-performance GPU or FPGA computing

(Hoang et al., 2013; Sripad et al., 2018). Finally, distributed

data analytics platform and computing infrastructure can help

achieve fast and scalable data analysis of massive size (Freeman

et al., 2014; Freeman 2015).

Third, artificial intelligence (AI) and machine learning can help

accelerate the pace of neuroscience discoveries (Marblestone

et al., 2016; Richards et al., 2019; Cichy and Kaiser, 2019) and

scaling up of innovation (Kittur et al., 2019). On one hand, AI

and deep learning can help or automate complex and large-

scale neural data analyses to uncover the patterns in brain activ-

ities. For instance, in neural encoding, deep learning can help link

complex patterns of neural activity and/or cortical anatomy to

complex behavior (Minderer et al., 2019; Pandarinath et al.,

2018), as well as control neuronal spiking or internal brain states
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(Bashivan et al., 2019). On the other hand, neuroscience can

drive AI forward for knowledge discovery; neuroscience-inspired

AI has achieved professional human-level intelligence for playing

chess and computer games (Silver et al., 2016; Hassabis et al.,

2017). AlphaGo, motivated from deep reinforcement learning,

discovered a remarkable level of Go knowledge through a self-

taught training process. Therefore, brain-inspired deep learning

architectures can not only provide a new computational frame-

work for brain information processing (Kriegeskorte, 2015;

Banino et al., 2018) but also generate new insight in systems

neuroscience and provide rapid theoretical and experimental

progress (Richards et al., 2019).

CONCLUDING THOUGHTS: SCALING TO THE
HUMAN BRAIN

Currently, our understandings of brain mechanisms in animal

models and in the human brain are separated by a divide.

This is due partly to the additional ethical, safety and efficacy,

and financial constraints that govern the development of neuro-

technologies for use in humans. Nevertheless, neurotechnolo-

gies are increasingly making possible studies of the human

brain. The vast scale and complexity of the human brain inevi-

tably means that understanding how to jointly scale data acqui-

sition and data analysis will play an essential role in progress.

To date, high-density biocompatible and stretchable electrode

grids can record spikes and local field potentials (LFPs) at the

surface of human brain (Khodagholy et al., 2015; Tybrandt

et al., 2018). Scaling up data acquisition via high-density inter-

faces may further improve the spatiotemporal resolution of hu-

man brain mechanisms (Robinson et al., 2017; Matsushita et al.,

2018; Escabı́ et al., 2014; Even-Chen et al., 2020; Sohrabpour

et al., 2020). Concurrent multimodal and multi-site recordings,

neuroimaging, and neurostimulation will also drive progress

(Chang, 2015; Krook-Magnuson et al., 2015; Swann et al.,

2018a). Basic brain mechanisms will play a role in our under-

standing of the diseased brain. In translational or therapeutic

applications, closed-loop human BMI systems have been

widely adopted for restoring or enhancing sensory, motor, or

cognitive brain functions, as well as delivering anesthesia

drug (Shanechi, 2019; Moses et al., 2019; Gilja et al., 2015; Lib-

erman et al., 2013; Yang and Shanechi, 2016). As a result, AACL

experimental or adaptive BMI paradigms may have significant

impacts on human brain science. The development of stable,

secure, real-time brain-cloud interfaces similar to current mo-

bile voice- and image-based interfaces will be critical to updat-

ing model-based inferences on the basis of new observations

(Martins et al., 2019).

In summary, knowledge discovery in systems neuroscience

is being transformed by advances in neurotechnology. Funda-

mentally, the scale of data acquisition and speed of data anal-

ysis jointly determine the rate of hypothesis testing or revision

and ultimately the rate of discovery. The peril arises from how

scaling up data acquisition slows down data analysis. AACL

experiments offer a solution to improve scalability for knowl-

edge discovery. Achieving this vision requires the coordination

of scalable computation and active and adaptive experimental

designs in real-time systems and interfaces. Ultimately, the
successful scaling of knowledge discovery is essential to un-

derstand the complex brain mechanisms supporting cognition

and behavior in health and disease.
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Buzsáki, G., and Mizuseki, K. (2014). The log-dynamic brain: how skewed dis-
tributions affect network operations. Nat. Rev. Neurosci. 15, 264–278.

Cao, L., Varga, V., and Chen, Z. (2020). Spatiotemporal patterns of rodent hip-
pocampal field potentials uncover spatial representations. bioRxiv. https://doi.
org/10.1101/82867.

Carmena, J.M., Lebedev,M.A., Crist, R.E., O’Doherty, J.E., Santucci, D.M., Di-
mitrov, D.F., Patil, P.G., Henriquez, C.S., andNicolelis, M.A. (2003). Learning to
Neuron 109, June 2, 2021 11

http://refhub.elsevier.com/S0896-6273(21)00195-1/sref1
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref1
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref1
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref1
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref1
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref2
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref2
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref2
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref3
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref3
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref3
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref4
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref4
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref4
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref5
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref5
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref5
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref6
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref6
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref6
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref7
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref7
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref7
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref8
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref8
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref9
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref9
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref10
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref10
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref10
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref10
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref11
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref11
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref11
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref12
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref12
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref12
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref13
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref13
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref14
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref14
https://doi.org/10.1101/82867
https://doi.org/10.1101/82867
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref16
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref16


ll
Perspective

Please cite this article in press as: Chen and Pesaran, Improving scalability in systems neuroscience, Neuron (2021), https://doi.org/10.1016/
j.neuron.2021.03.025
control a brain-machine interface for reaching and grasping by primates. PLoS
Biol. 1, E42.

Chang, E.F. (2015). Towards large-scale, human-based, mesoscopic neuro-
technologies. Neuron 86, 68–78.

Chen, Z., Gomperts, S.N., Yamamoto, J., andWilson, M.A. (2014). Neural rep-
resentation of spatial topology in the rodent hippocampus. Neural Comput.
26, 1–39.

Chen, R., Canales, A., and Anikeeva, P. (2017). Neural recording and modula-
tion technologies. Nat. Rev. Mater. 2, 10693.

Chiang, C.-H., Won, S.-M., Orsborn, A., et al. (2020). Development of a neural
interface for high-definition, long-term recording in rodents and nonhuman pri-
mates. Sci. Trans. Med. 12, eaay4682.

Choi, J.S., Brockmeier, A.J., McNiel, D.B., Kraus, L.M., Prı́ncipe, J.C., and
Francis, J.T. (2016). Eliciting naturalistic cortical responses with a sensory
prosthesis via optimized microstimulation. J Neural Eng. 13, 056007.

Choi, J., Kumar, K., Khazali, M., Wingel, K., Choudhury, M., Charles, A., and
Pesaran, B. (2020). Optimal adaptive electrode selection to maximize simulta-
neously recorded neuron yield. bioRxiv. https://doi.org/10.1101/2020.10.06.
328526.

Chung, J.E., Magland, J.F., Barnett, A.H., Tolosa, V.M., Tooker, A.C., Lee,
K.Y., Shah, K.G., Felix, S.H., Frank, L.M., and Greengard, L.F. (2017). A fully
automated approach to spike sorting. Neuron 95, 1381–1394.e6.

Chung, J.E., Joo, H.R., Fan, J.L., Liu, D.F., Barnett, A.H., Chen, S., Geaghan-
Breiner, C., Karlsson, M.P., Karlsson, M., Lee, K.Y., et al. (2019). High-density,
long-lasting, and multi-region electrophysiological recordings using polymer
electrode arrays. Neuron 101, 21–31.e5.

Cichy, R.M., and Kaiser, D. (2019). Deep neural networks as scientific models.
Trends Cogn. Sci. 23, 305–317.

Ciliberti, D., Michon, F., and Kloosterman, F. (2018). Real-time classification of
experience-related ensemble spiking patterns for closed-loop applications.
eLife 7, e36275.

Collinger, J.L., Wodlinger, B., Downey, J.E., Wang, W., Tyler-Kabara, E.C.,
Weber, D.J., McMorland, A.J., Velliste, M., Boninger, M.L., and Schwartz,
A.B. (2013). High-performance neuroprosthetic control by an individual with
tetraplegia. Lancet 381, 557–564.

Cunningham, J.P., and Yu, B.M. (2014). Dimensionality reduction for large-
scale neural recordings. Nat. Neurosci. 17, 1500–1509.

Cunningham, J.P., Nuyujukian, P., Gilja, V., Chestek, C.A., Ryu, S.I., and She-
noy, K.V. (2011). A closed-loop human simulator for investigating the role of
feedback control in brain-machine interfaces. J. Neurophysiol. 105,
1932–1949.

Dangi, S., Orsborn, A.L., Moorman, H.G., and Carmena, J.M. (2013). Design
and analysis of closed-loop decoder adaptation algorithms for brain-machine
interfaces. Neural Comput. 25, 1693–1731.

Danjo, T., Toyoizumi, T., and Fujisawa, S. (2018). Spatial representations of self
and other in the hippocampus. Science 359, 213–218.

Demas, J., Manley, J., Tejera, F., Kim, H., Barber, K., Martı́nez Traub, F., Chen,
B., and Vaziri, A. (2021). Volumetric calcium imaging of 1 million neurons
across cortical regions at cellular resolution using light beadsmicroscopy. bio-
Rxiv. https://doi.org/10.1101/2021.02.21.432164.

El Hady, A. (2016). Closed Loop Neuroscience (San Diego, CA: Aca-
demic Press).

Escabı́, M.A., Read, H.L., Viventi, J., Kim, D.H., Higgins, N.C., Storace, D.A.,
Liu, A.S., Gifford, A.M., Burke, J.F., Campisi, M., et al. (2014). A high-density,
high-channel count, multiplexed mECoG array for auditory-cortex recordings.
J. Neurophysiol. 112, 1566–1583.

Even-Chen, N., Muratore, D.G., Stavisky, S.D., Hochberg, L.R., Henderson,
J.M., Murmann, B., and Shenoy, K.V. (2020). Power-saving design opportu-
nities for wireless intracortical brain-computer interfaces. Nat. Biomed. Eng.
4, 984–996.

Fattahi, P., Yang, G., Kim, G., and Abidian,M.R. (2014). A review of organic and
inorganic biomaterials for neural interfaces. Adv. Mater. 26, 1846–1885.
12 Neuron 109, June 2, 2021
Fernández-Ruiz, A., Oliva, A., Fermino de Oliveira, E., Rocha-Almeida, F.,
Tingley, D., and Buzsáki, G. (2019). Long-duration hippocampal sharp wave
ripples improve memory. Science 364, 1082–1086.

Freeman, J. (2015). Open source tools for large-scale neuroscience. Curr.
Opin. Neurobiol. 32, 156–163.

Freeman, J., Vladimirov, N., Kawashima, T., Mu, Y., Sofroniew, N.J., Bennett,
D.V., Rosen, J., Yang, C.T., Looger, L.L., and Ahrens, M.B. (2014). Mapping
brain activity at scale with cluster computing. Nat. Methods 11, 941–950.

Frey, M., Tanni, S., Perrodin, C., O’Leary, A., Nau, M., Kelly, J., Banino, A., Do-
eller, C.F., andBarry, C. (2019). DeepInsight: a general framework for interpret-
ing wide-band neural activity. bioRxiv. https://doi.org/10.1101/871848.

Ganguli, S., and Sompolinsky, H. (2012). Compressed sensing, sparsity, and
dimensionality in neuronal information processing and data analysis. Annu.
Rev. Neurosci. 35, 485–508.

Gao, P., and Ganguli, S. (2015). On simplicity and complexity in the brave new
world of large-scale neuroscience. Curr. Opin. Neurobiol. 32, 148–155.

Gao, Y., Archer, E.W., Paninski, L., and Cunningham, J.P. (2016). Linear
dynamical neural population models through nonlinear embeddings. arXiv, ar-
Xiv:1605.08454 https://arxiv.org/abs/1605.08454.

Gao, P., Trautmann, E., Yu, B., Santhanam, G., Ryu, S., Shenoy, K., and Gang-
uli, S. (2017). A theory of multineuronal dimensionality, dynamics and mea-
surement. bioRxiv. https://doi.org/10.1101/214262.

Gilja, V., Pandarinath, C., Blabe, C.H., Nuyujukian, P., Simeral, J.D., Sarma,
A.A., Sorice, B.L., Perge, J.A., Jarosiewicz, B., Hochberg, L.R., et al. (2015).
Clinical translation of a high-performance neural prosthesis. Nat. Med. 21,
1142–1145.

Giovannucci, A., Friedrich, J., Gunn, P., Kalfon, J., Koay, S.A., Taxidis, J., Na-
jafi, F., Gauthier, J.L., Zhou, P., Tank, D.W., et al. (2018). CalmAn: an open
source tool for scalable calcium imaging data analysis. eLife 8, e38173.

Girardeau, G., Benchenane, K., Wiener, S.I., Buzsáki, G., and Zugaro, M.B.
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G., Wilson, M.A., Kloosterman, F., and Chen, Z. (2018b). Real-time read out
for large-scale neural ensemble place codes. Cell Rep. 25, 2635–2642.e5.

Huang, C., Maxey, J.R., Sinha, S., Savall, J., Gong, Y., and Schnitzer, M.J.
(2018). Long-term optical brain imaging in live adult fruit flies. Nat. Commun.
9, 872.

Jarosiewicz, B., Chase, S.M., Fraser, G.W., Velliste, M., Kass, R.E., and
Schwartz, A.B. (2008). Functional network reorganization during learning in a

http://refhub.elsevier.com/S0896-6273(21)00195-1/sref16
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref16
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref17
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref17
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref18
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref18
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref18
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref19
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref19
http://refhub.elsevier.com/S0896-6273(21)00195-1/optv7ZFWGXmnj
http://refhub.elsevier.com/S0896-6273(21)00195-1/optv7ZFWGXmnj
http://refhub.elsevier.com/S0896-6273(21)00195-1/optv7ZFWGXmnj
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref154
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref154
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref154
https://doi.org/10.1101/2020.10.06.328526
https://doi.org/10.1101/2020.10.06.328526
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref21
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref21
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref21
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref22
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref22
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref22
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref22
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref23
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref23
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref24
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref24
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref24
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref25
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref25
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref25
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref25
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref26
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref26
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref27
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref27
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref27
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref27
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref28
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref28
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref28
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref29
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref29
https://doi.org/10.1101/2021.02.21.432164
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref31
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref31
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref32
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref32
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref32
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref32
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref33
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref33
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref33
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref33
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref34
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref34
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref35
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref35
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref35
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref36
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref36
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref37
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref37
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref37
https://doi.org/10.1101/871848
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref39
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref39
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref39
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref40
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref40
https://arxiv.org/abs/1605.08454
https://doi.org/10.1101/214262
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref43
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref43
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref43
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref43
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref44
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref44
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref44
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref45
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref45
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref45
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref46
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref46
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref46
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref47
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref47
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref47
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref47
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref48
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref48
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref49
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref49
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref50
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref50
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref50
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref51
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref51
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref52
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref52
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref53
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref53
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref53
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref54
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref54
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref54
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref55
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref55
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref55
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref56
http://refhub.elsevier.com/S0896-6273(21)00195-1/sref56


ll
Perspective

Please cite this article in press as: Chen and Pesaran, Improving scalability in systems neuroscience, Neuron (2021), https://doi.org/10.1016/
j.neuron.2021.03.025
brain-computer interface paradigm. Proc. Natl. Acad. Sci. U S A 105,
19486–19491.

Jazayeri, M., and Afraz, A. (2017). Navigating the neural space in search of the
neural code. Neuron 93, 1003–1014.

Jercog, P., Rogerson, T., and Schnitzer, M.J. (2016). Large-scale fluorescence
calcium-imaging methods for studies of long-term memory in behaving mam-
mals. Cold Spring Harb. Perspect. Biol. 8, a021824.

Juavinett, A.L., Bekheet, G., and Churchland, A.K. (2019). Chronically im-
planted Neuropixels probes enable high-yield recordings in freely moving
mice. eLife 8, e47188.

Jun, J.J., Steinmetz, N.A., Siegle, J.H., Denman, D.J., Bauza, M., Barbarits, B.,
Lee, A.K., Anastassiou, C.A., Andrei, A., Aydın, Ç., et al. (2017a). Fully inte-
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