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A B S T R A C T

The development of technologies for brain stimulation provides a means for scientists and clinicians to

directly actuate the brain and nervous system. Brain stimulation has shown intriguing potential in terms of

modifying particular symptom clusters in patients and behavioral characteristics of subjects. The stage is thus

set for optimization of these techniques and the pursuit of more nuanced stimulation objectives, including the

modification of complex cognitive functions such as memory and attention. Control theory and engineering

will play a key role in the development of these methods, guiding computational and algorithmic strategies

for stimulation. In particular, realizing this goal will require new development of frameworks that allow for

controlling not only brain activity, but also latent dynamics that underlie neural computation and information

processing. In the current opinion, we review recent progress in brain stimulation and outline challenges and

potential research pathways associated with exogenous control of cognitive function.
1. Introduction

An overt point of intersection between control engineering and
clinical brain science lies in the development of neurostimulation tech-
nologies for modifying brain activity and consequent behavior. Such
methods have been in use for many decades for a broad spectrum
of neurological and neuropsychiatric illnesses, and have demonstrated
high clinical efficacy (Husain, Lisanby, & Kay, 2015; Perlmutter &
Mink, 2006; Read & Bentall, 2010). However, the invasiveness of
ome stimulation methods, including electroconvulsive therapy and
eep brain stimulation, have limited application to exceptional cases,
ypically in individuals with very advanced forms of disease (Lange
t al., 2017). An emerging goal in neurology and psychiatry is the
evelopment of methods and technology that can be used in first-line
reatments, particularly to address cognitive deficits, such as impair-
ents in attention and memory (Goodman & Insel, 2009; Hoy &
itzgerald, 2010). Typical first-line clinical strategies, including be-
avioral and systemic pharmacological interventions are effective with
espect to specific symptom clusters (e.g., mood) but are less effective
ith respect to cognitive effects, though exceptions exist (Herrera-
uzmán et al., 2009). Moreover, these strategies are often mecha-
istically opaque and, for unknown reasons, are ineffective in many
atients (Stassen, Angst, Hell, Scharfetter, & Szegedi, 2007). Thus,
challenge and opportunity exists to extend the synergy between

∗ Corresponding author.

E-mail address: shinung@wustl.edu (S. Ching).

control engineering and clinical brain science to develop principled and

interpretable strategies for brain stimulation that can enhance cognitive

function in patients and perhaps, eventually, in healthy individuals.

A promising avenue towards the above goal involves use of non-

invasive brain stimulation technologies, such as transcranial Electrical

Stimulation (tES) (Fertonani & Miniussi, 2017; Paulus, 2011), which

involves applying weak current to the brain using two or more elec-

trodes positioned on the scalp. Most tES devices are current-controlled,

to account for variation in skin/skull conductance (see Antonakakis

et al. (2020), Antonenko et al. (2021)); the strength of stimulation is

therefore described in terms of current (typically 1–4 mA).

Contemporary approaches to tES are (almost always) open-loop in

nature, and have taken the form of either (i) DC stimulation (tDCS),

theorized to increase/decrease neural excitability (Nitsche et al., 2003,

2004) or (ii) single-frequency AC stimulation (tACS), theorized to

entrain brain activity to the applied sinusoidal signal (Huang et al.,

2021). These techniques largely share the same motivation: to increase

the strength of activity in a brain area (and/or frequency) correlated

with a target cognitive function. The efficacy of the approach has

been debated (particularly tDCS Horvath, Forte, & Carter, 2015a,

2015b; Meron, Hedger, Garner, & Baldwin, 2015; Roche, Geiger, &

Bussel, 2015) and appears to exhibit individual variability (Emonson,

Fitzgerald, Rogasch, & Hoy, 2019; Hsu, Juan, & Tseng, 2016; Katz
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Fig. 1. Common tES devices. (A) Example of a single-channel device with medium-sized sponge electrodes. Electrodes are attached to the head using an elastic band (left side).

B) Reverse view of a high-density device mounted on an adjustable head-cap. This particular device is mobile with the battery/control-unit on the back. (C) An electrolytic

olution is used to improve contact between the scalp and electrodes for the device in (B). (D) High-density devices typically include a software suite for controlling the device

nd monitoring impedance (screen shows impedance monitoring used during device setup).
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et al., 2017; López-Alonso, Cheeran, Río-Rodríguez, & Fernández-del

Olmo, 2014), though some early studies indicate intriguing potential

for affecting complex brain functions (Green et al., 2017; Miller, Berger,

& Sauseng, 2015; Reinhart & Nguyen, 2019; Zhu et al., 2015). Current

approaches are, however, potentially limiting, since they are largely

based on trial-and-error, without directly leveraging the role of brain

dynamics in neural computation. Hence, there is a clear opportunity at

the nexus of engineering and brain science to develop control-theoretic

approaches that can positively impact the utilization of these emerging

technologies.

In the current paper, we explore the challenges and potential of a

control-systems framework for designing controllers to enhance human

cognitive function, with a focus on the development of conceptual

and mathematical objective functions. The intent of this paper is to

identify current technical and theoretical challenges in human neural

control across spatial scales and suggest promising pathways forward.

In particular, we focus on the formulation of objectives and system

identification paradigms as a precursor to the eventual synthesis of

control strategies for brain stimulation.

The paper is organized with a brief introduction to tES application,

followed by a general discussion of the state–space description and the-

oretical constraints of closed-loop tES. In Section 3 we review previous

approaches to brain modeling and control and highlight recent ad-

vances in neural system-identification. In Section 4 we critically-review

current tES frameworks and argue against their underlying logic. Our

novel contribution is a control-theoretic reframing of neurostimula-

tion objectives in Section 5. Lastly, we identify promising pathways

and fundamental limitations in using macroscale tES to influence the

cellular-computations that underlie cognition (Section 6).

.1. tES hardware

Similar to EEG hardware, tES devices come in three forms: single-

hannel, multi-channel, and high-density (see Fig. 1). Single-channel

evices typically use two unmounted electrodes and are unique in

ontinuing to support large surface-area electrodes in the form of either

‘paddles’’ or saline-soaked sponges (Fig. 1A). These first-generation

evices continue to be popular, particularly for DC stimulation. By

ontrast, multi-channel devices use slightly larger variants of EEG elec-

rodes with contact formed by a small sponge-pedestal or electrolytic

el. The multiple channels afforded by such devices have been used

o either concentrate the electric field (e.g. by surrounding a cathode

y a ring of anodes) or to stimulate separate parts of the brain.

ost recently, high-density devices have been developed in which

lectrodes are mounted in an EEG-style net/cap (Fig. 1B–D). These

evices are often designed to be used alongside high-density EEG and

ome integrated systems allow the same electrodes to be assigned either

timulation (tES) or sensing (EEG) roles.

.2. Previous attempts at closing the loop for tES

As previously mentioned, the preponderance of tES studies have
mployed open-loop stimulation. However, there has been increasing l
nterest in developing closed-loop brain-stimulation approaches. Sev-
ral emerging lines of research have begun exploring these avenues
ith considerable variation in the measurements used to construct feed-
ack. Example approaches include coupling tES and EEG spectrograms
this did not work for Stecher, Notbohm, Kasten, & Herrmann, 2021)
nd approaches which attempt to empirically maximize stimulation
arameters (amplitude, frequency) by measuring their effect on be-
avior (automated trial-and-error; Lorenz et al., 2019). Other studies
ave explored synchronizing tACS onset to ongoing EEG measurements
i.e., starting tACS when EEG is at 0-phase; Ketz, Jones, Bryant, Clark,
Pilly, 2018; Raco, Bauer, Tharsan, & Gharabaghi, 2016; Reinhart &

Nguyen, 2019; Schwab, Misselhorn, & Engel, 2019). The latter case
represents the current state-of-the-art, but has only been explored
recently and in a small number of studies such as one concerning the
repair of memory function in older adults (Reinhart & Nguyen, 2019),
and another in which tES was applied during sleep (Ketz et al., 2018).

1.2.1. Closed-loop processing

As discussed above, tES has clearly advanced beyond pure open-
loop protocols. However, these advances have largely been driven by
heuristics which may be improved upon by formal control-synthesis.
For the present, we solely consider the coupling of tES with brain
measurements (as opposed to behavior). As with other control-systems,
there are several design considerations in establishing closed-loop tES.
On the measurement side, neurophysiological effects are often super-
imposed with other sources of bioelectricity such as eye movements
(the eye is polarized), muscle tension, and cardiac activity (Mumtaz,
Rasheed, & Irfan, 2021; Zhou, Johnson, & Muller, 2018). These arti-
acts are typically removed by Independent Component Analysis (ICA)
hich is very successful at identifying linear artifacts, such as heart-
ctivity (Mennes, Wouters, Vanrumste, Lagae, & Stiers, 2010; Subasi &
ursoy, 2010), and easy to implement online as a spatial filter using
ublic software packages (e.g., Mammone, La Foresta, and Morabito
2011), Pion-Tonachini, Hsu, Chang, Jung, and Makeig (2018)) This
rocess is further augmented by regressing out other physiological
ignals which can be recorded simultaneously (EOG, EMG, ECG, etc.).
owever, other artifacts, such as motion, may be too large and variable
o fully correct online (such timepoints are normally discarded offline).
Timing is also an important consideration for closed-loop design.

nmodeled temporal delays compromise the performance of a closed-
oop system and can lead to qualitative changes such as a loss of
tability (Agrawal, Fujino, & Bhartia, 1993; Wischert, Wunderlin, Pel-
ter, Olivier, & Groslambert, 1994). A significant literature now con-
iders delayed systems, particularly in the context of linear regulators
e.g., Cloosterman, van de Wouw, Heemels, and Nijmeijer (2006),
mamed, Benzaouia, and Bensalah (1995)). However, for nonlinear
tochastic systems, delays are particularly bothersome. For a deter-
inistic system, model-predictive methods can be used to estimate
he system’s current state from lagged measurements. In a stochastic
ystem, however, the action of a control signal (𝛿𝑥∕𝛿𝑢) will depend
pon unknowable disturbances (process noise) that occur during the
elay. Minimizing such delays should therefore be considered in the
ontrol-design process. Since the lag between a control-command and
lectrical control-delivery can be made negligible, we focus upon de-

ays generated by computing devices. We note, however, that many
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commercial tES systems do not allow direct control of the amplifier by
external devices which can generate insurmountable lags (i.e., seconds)
when using proprietary software.

At rest, human EEG is dominated by fluctuations in the alpha-band
(8-12 Hz). In principal, M/EEG data are thus digitized at an adequate
rate (typically 250 Hz-2 KHz) to observe this process in real-time.
However, additional time is lost during the buffer process and sub-
sequent data processing. Although some of these concerns are related
to processing-speed, online digital filters inherently generate output-
lags. This feature leads to a fundamental trade-off between filter-order
and temporal lag which is not solved by faster hardware. Lastly, sig-
nificant processing delays can result from the control-algorithm. Brain
dynamics are nonlinear, noisy, and high-dimensional. Such features
generally necessitate numerical techniques and some algorithms may
be too expensive to compute online. For example, solving the Riccati
equations associated with a 100-dimensional system can take tens of ms
per case, but 100-dimensional matrix inversion is easily performed at
several KHz (tested in MATLAB). Thus, control algorithms involving an
inverse-Jacobian may be tenable, whereas regulator-style solutions may
be too expensive to apply directly. We also note that direct approaches
are not always necessary, or recommended. Substantial advances have
been made in model-order reduction (Bai, 2002; Benner, Gugercin,
& Willcox, 2015; Breiten & Damm, 2010) and statistical/machine-
learning approaches to solving control-problems from a parameterized
model of the underlying system (Gomi & Kawato, 1993; Vrabie & Lewis,
009). We expect that such approaches will prove instrumental in
illing this gap.

. Problem setting and constraints

.1. State–space description of closed-loop tES

We consider a prototypical tES scenario wherein current is admin-
stered at one set of scalp electrodes and brain activity is recorded
ia another (possibly overlapping) set of scalp electrodes. Due to the
ow conductance of the skull, a large portion of applied current shunts
cross the scalp while, conversely, the scalp potentials (e.g., recorded
ia electroencephalography, EEG) generated by brain activity are rel-
tively weak (Rice, Rorden, Little, & Parra, 2013). Electrical fields
rimarily derive from/interact with pyramidal neurons, which are ori-
nted approximately normal to the cortical surface, whereas the con-
ribution of non-oriented cells is typically assumed negligible (Buzsáki,
nastassiou, & Koch, 2012; Kirschstein & Köhling, 2009). The temporal
esolution of measurement/stimulation is on the order of milliseconds
nd hence it is reasonable to assume that the dynamics can be well-
pproximated by a discrete-time system with time-step equal to the
ampling resolution. Likewise, a quasistatic approximation of induced
lectromagnetic fields is justified, so that a model can be written in the
orm:

𝑡+1 = 𝑓𝑡(𝑥𝑡, 𝐵𝑢𝑡, 𝜔𝑡) (1)

𝑡 = 𝐶𝑥𝑡 + 𝜂𝑡 𝑓𝑜𝑟 𝑢𝑡 = 0, 𝑒𝑙𝑠𝑒 𝑢𝑛𝑑𝑒𝑓 ., (2)

n which 𝑓𝑡 is a state-transition function, 𝑢𝑡 is the applied current
i.e., stimulation), 𝑥𝑡 is a vector of neural state variables and 𝐵,𝐶
enote the control and measurement matrices (gain), respectively. We
enote the process and measurement noise as 𝜔𝑡, 𝜂𝑡, respectively. For
he present purposes, we do not require any assumptions (e.g., indepen-
ence) for 𝜔𝑡, 𝜂𝑡. This framing describes a closed system in the absence
f stimulation. In reality, the brain is not a closed system, hence an
xtension of 𝜔𝑡 to include sensory input may also be useful (in which
ase 𝜔𝑡 will be autocorrelated). Often, in practice, the influence of 𝜔𝑡
3

s modeled as additive. o
.2. Constraints on tES as a control system

Despite the potential of the above modeling paradigm, several
ontrivial challenges for identification and control permeate this setup.
irst are basic but important pragmatic issues surrounding tES technol-
gy. Since stimulation saturates recording electrodes (a phenomenon
nown as stimulation artifact Noury & Siegel, 2017, 2018), generic
nstantaneous-feedback approaches are technically impractical. Simi-
arly, this issue presents a potential challenge to identifying input–
utput system models. The latter is compounded because only a limited
mount of stimulation data can be collected from humans, on ac-
ount of both safety constraints and practical issues such as maximum
mount of time individuals can maintain attention while engaged with
stimulation apparatus (Rossi et al., 2009).

Further, the measurement process involves both spatial mixing
f measured outputs (from the different neural generators/brain re-
ions; Grech et al., 2008) and a latent-variable problem as the ma-
ority of state-variables (other cell-types, subcortex, molecular mech-
nisms etc.) are not directly measurable. This results in a challeng-
ng dual-estimation problem (Singh, Wang, Cole, & Ching, In Press;
ronarp, Subramaniyam, Särkkä, & Parkkonen, 2018) for identifica-
ion (i.e., unknown state and parameter values) as well as state-
stimation (e.g. filtering problem) for closed-loop control design. To-
ether, these constraints provide significant challenges for black-box
dentification/control
aradigms.

.3. Limitations of identification-free frameworks

Due to this complexity, a natural question is whether system-
dentification is truly necessary. Control approaches that do not require
xplicit system identification have been used in neuroscience and
ypically involve tuning a prototype control module, e.g., PID, based
pon input–output experiments. Such approaches have previously been
mployed in other neuroscience applications. At the cellular-level,
dentification-free feedback control of single-cells has been a staple
f neurophysiology for the past century: the voltage clamp, current
lamp, patch-clamp etc. techniques (Hamill, Marty, Neher, Sakmann,

Sigworth, 1981; Neher & Sakmann, 1992; Verkhratsky & Parpura,
014). Feedback control has also been applied to controlling the firing
ate of neurons using PID designs (Miranda-Dominguez, Gonia, &
etoff, 2010). However, a common feature of these identification-free

cenarios is that: (a) they are amenable to tuning a small number
f feedback-control parameters and, (b) the control objectives are
ully defined by measurements (i.e., a neuron’s membrane potential)
s opposed to latent variables (i.e., an underlying neural ‘code’ or
nmeasured state-variables). Moreover, controls of this class are gen-
rally designed within a linear range of operation and are tolerant
f input constraints. By contrast, human brain stimulation at the
hole-brain scale involves strong input constraints. Current technical

onstraints also prevent continuous real-time feedback control due
o the previously-mentioned inability to (noninvasively) measure and
timulate the brain at the same time. These features further suggest that
challenging system-identification stage is necessary for control.

.4. The difficulty of formalizing cognitive enhancement as a control objec-
ive

More significantly, neurostimulation faces ambiguity in the for-
ulation of control objectives. Whereas the framing of objectives is

omparatively straight-forward in other control domains (e.g., tracking,
isturbance rejection, etc.), the ultimate objective of neurostimulation
s cognitive enhancement or, more generally, altering some aspect of
ognitive processing as reflected in human behavior. Framing these

bjectives in quantifiable state–space formulations is nontrivial due, in
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Fig. 2. Levels of modeling in neuroscience. (A) The cellular Hodgkin–Huxley model (Hodgkin & Huxley, 1952) accurately describes the major currents that impact neural membranes.

(B) Whole-brain ‘‘neural-mass’’ models describe macroscale (as opposed to cellular) brain activity. Brain connections are typically parameterized from diffusion imaging data which

can estimate the amount of wiring between regions, but not direction or sign of influence. Circles indicate different brain regions. (C) Black-box models typically employ artificial

neural networks, including combinations of convolutional ‘‘encoding’’ layers (CNN) and recurrent networks (RNN) to generate dynamics. (D) Grey-box models leverage brain-activity

timeseries to directly parameterize detailed, mechanistic models of local brain circuitry and brain connections (including direction/sign). Inlet shows the microcircuitry model used

in Singh et al. (In Press) which models the interaction of pyramidal cells (triangles) and interneurons (circles).
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part, to the abstractness of the problem. In particular, there is an ob-

vious but formidable distinction between a motor-output (e.g. pressing

a button) and the set of neural computations which led to this output.

Whereas the former may have a straightforward conceptualization in

terms of state–space targets (exciting the relevant portions of motor-

cortex), the latter describes a mapping from the cognitive-task context

onto the appropriate responses. In this context, there are two inputs to

the system: the task environment and electrical stimulation.

From this perspective, the functional significance of neurostimula-

tion is to imbue favorable properties to the vector-field that support

the implementation of a given computation (i.e., produce the correct

response given environmental input). Therefore, we propose that the

objective of neurostimulation should be to alter the brain’s control

properties such that environmental ‘inputs’ will produce brain activity

that will push the system towards the correct output. Such a concept

is distinct from imposing a prescribed pattern of activity determined a

priori (Ching, 2018). We proceed to formalize these notions with an em-

phasis upon altering input–output relationships and control properties,

including reachability, within relevant brain circuits and areas.

3. Controlling models of brain dynamics

As a precursor, it is useful to first discuss different ways in which

brain dynamics can be described mathematically.

3.1. Modeling and control at the cellular scale

For the purposes of discussion, we dichotomize traditional control

design as being either based upon a model of the underlying system, or

using model-free approaches. As in other sciences, models have a long

history in neurophysiology, with some of the earliest models, Hodgkin–

Huxley (Abbott & Kepler, 1990; Hodgkin & Huxley, 1952) and the cable

theory (Koch, 2004; Rall, 1962), continuing to be used in cutting-edge

research (Fig. 2A). These models are currently viewed as deriving from

biophysical first-principles, although the Hodgkin–Huxley equations

were originally derived through system-identification. These models,

coupled with later descriptions of other voltage-gated channels, give

highly accurate predictions for many single-cell phenomena. Significant

attention has been directed at analysis and control of neural activity at

this spatial scale, including work describing control strategies for one or

more Hodgkin–Huxley model neurons (Zlotnik, Chen, Kiss, Tanaka, &

Li, 2013; Zlotnik & Li, 2012) and controlling the timing and patterning

of spiking activity (Ching & Ritt, 2013; Nandi, Schattler, & Ching, 2019;

Nandi, Schattler, Ritt, & Ching, 2017; Narayanan, Ritt, Li, & Ching,

2019). Reduced forms of these models have been used for real-world
control of brain cells (Nabi, Stigen, Moehlis, & Netoff, 2013). s
3.2. Large-scale (whole-brain) modeling frameworks

At the whole-brain scale, such canonical models do not yet exist.
The closest analogues, in this case, consist of ‘neural-mass’ and neural-
field models in which mean-field approximations are used to reduce
all of the neurons within a brain region into a single state-variable per
cell-type (Fig. 2B), e.g., Bojak, Oostendorp, Reid, and Kötter (2010),
David and Friston (2003), Dayan and Abbott (2001), Destexhe and
ejnowski (2009), Jansen and Rit (1995), Wang (2002), sometimes cou-
led with additional population-average molecular/channel dynamics.
hese models often take one of two forms:

𝑡+1 = 𝑊𝜓(𝑥𝑡) + 𝑔(𝑥𝑡) + 𝜔𝑡; or (3)

𝑥𝑡+1 = 𝑓 (𝑥𝑡)𝜓(𝑊 𝑥𝑡) + 𝑔(𝑥𝑡) + 𝜔𝑡. (4)

The first form models 𝑥𝑡 as a voltage-type variable which is trans-
ormed into neuronal ‘‘spiking’’ via the activation function 𝜓 . Neuronal
‘spiking’’ is multiplied by connection matrix 𝑊 and local dynamics
re represented by 𝑔. In the latter form 𝑥𝑡 directly represents the
neuronal ‘‘spiking’’ (i.e., 𝑥𝑡 in Eq. (4) is analogous to 𝜓(𝑥𝑡) in Eq. (3)),
o the activation function 𝜓 is applied after multiplication by 𝑊 . The
ptional function 𝑓 applies state-dependent gain. All indicated func-
ions (𝑓, 𝜓, 𝑔) are ‘‘stacks’’ of univariate functions (i.e. 𝜕𝑓𝑖(𝑥)∕𝜕𝑥𝑗≠𝑖 =
). Some variants of these models also include lags, although their
ecessity is unknown.
Previous work has concerned controlling these models in small

etworks (sub-circuits of the brain) (Muldoon et al., 2016), including
pplications in epilepsy (Ching, Brown, & Kramer, 2012; Yaffe et al.,
015) and motor disorders, primarily in Parkinson’s Disease (Duchet
t al., 2020; Gorzelic, Schiff, & Sinha, 2013; Santaniello, Gale, &
arma, 2018; Schiff, 2010). In these applications, model parameters are
ypically borrowed from previous anatomical and neurophysiological
tudies.
The analogous whole-brain models also use prior literature to pa-

ameterize the internal dynamics of each brain region, while the con-
ection strengths between brain regions are often assumed to be pro-
ortional to the number/volume of connections (white-matter) between
rain regions (Deco, Tononi, Boly, & Kringelbach, 2015; Honey, Kötter,
reakspear, & Sporns, 2007). These models have achieved some suc-
esses in reproducing long-term statistics that are characteristic of brain
ctivity (power spectrum or covariance between brain regions; Hansen,
attaglia, Spiegler, Deco, & Jirsa, 2015; Honey et al., 2007, 2009;
akagawa, Jirsa, Spiegler, McIntosh, & Deco, 2013) including in tES
ontexts (Stiso et al., 2019).
However, the development of models that forecast or predict neu-

al activity trajectories at whole-brain scales without identification
e.g., using white matter connectivity) remains an elusive goal. Clearly,
uch capability to approximate well the underlying vector fields is an
mportant precursor to model-based control synthesis. Indeed, while

ome control-strategies derived from existing models may prove useful,
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significant concerns may arise regarding the accuracy of the ensuing
vector fields, and consequently could undermine confidence in the
reliability of the synthesized solution as well. As such, there is an unmet
need for methods to identify large-scale brain models accurately from
brain-activity recordings.

3.3. Specifying modeling and identification frameworks for whole-brain
dynamics

Neural systems identification methods can be grouped into black-
box and grey-box frameworks. These approaches differ in that black-
box models emphasize predictive power (in terms of measurements)
whereas grey-box models must balance prediction power with inter-
pretability and model-complexity. From a scientific standpoint, one
advantage of grey-box models is the ability to interpret system parame-
ters for basic scientific inferences. For the current discussion, however,
we limit our comparison to their potential efficacy for whole-brain
control. By ‘grey-box’ model we will refer to model forms with param-
eters that are explicitly driven by physiology. To make this distinction
concrete, we will consider models to be grey-box if at least some of
the model parameters (known or unknown) have units other than Hz
(i.e., they represent physical or physiological quantities). Importantly,
our description of a model as ‘black-box’ does not imply that it is
physically uninterpretable, and we begin with a brief review of such
techniques.

3.3.1. Black-box system identification
To organize our discussion of black-box models in neuroscience,

we consider three classes: machine-learning, input–output models, and
statistical descriptions (e.g., auto-regressive models). As in other fields,
machine learning approaches for neuroscience are developing rapidly
and are dominated by artificial neural networks (Fig. 2C). These ap-
proaches have been used for latent factor identification (Pandarinath
et al., 2018) and to forecast future brain activity patterns, e.g., pre-
dicting epileptic seizures (Truong et al., 2018). Input–output charac-
terizations include the calculation of transfer-functions using electrical
stimulation, such as in the estimation of phase-response curves to
analyze (Gutkin, Ermentrout, & Reyes, 2005) and design (Dasanayake &
Li, 2011; Moehlis, Shea-Brown, & Rabitz, 2006; Stigen, Danzl, Moehlis,
& Netoff, 2009) control of individual neurons. Statistical models (which
can also involve input–output descriptions) (Nandi, Kafashan, & Ching,
2017; Saxena, Schieber, Thakor, & Sarma, 2012), involving one or more
autoregressive terms, have been used for state-estimation with EEG and
fMRI data among other applications.

Black-box models are also useful in predicting nonstationary phe-
nomena such as changes in spectral power or synchronization pat-
terns. Successful applications in this domain typically use optimization
methods and include the prediction of changes in (region-specific)
spectral power (Sikka et al., 2020) and seizure components from EEG
data (Zhang, Guo, Yang, Chen, & Lo, 2019). Due to the long timescales
involved, the timing and nature of these phenomena are difficult to pre-
dict online using state–space methods (e.g., forward simulation). They
may also involve slower molecular mechanisms or other physiological
details that are excluded from state–space brain models, such as neural
mass models.

In contrast to neural networks, statistical ‘‘black-box’’ models are
easy to interrogate and flexible in terms of how ‘‘states’’ are defined.
Hidden Markov Models (HMMs; Rabiner & Juang, 1986), for instance,
are a class of unsupervised models in which the underlying system
obeys a discrete Markov process. Such frameworks are intriguing as
they often deal with temporally-extended states which could be defined
in the spectral domain or in terms of (auto)covariance (Stevner et al.,
2019; Vidaurre, Smith, & Woolrich, 2017; Zhang, Cai, et al., 2019). As
such, they are amenable to predicting the probable long-term outcomes
of moving the brain into such a state. However, since these models
5

do not operate in state–space they cannot predict de-novo how control Z
signals interact with the system dynamics. As such, HMMs may be
useful for considering multiple timescales in the control objective, but
cannot, by themselves, identify tES control solutions.

Moreover, from the standpoint of control design, there are key
considerations with respect to generalizability of black-box models, and
in terms of their compatibility with pertinent control objectives. In
considering the generalizability of black-box models, we do not refer
to whether the model is over/underfit with respect to the training-
data’s domain (which can be assessed via cross-validation). Rather, we
refer to the ability of a given model (fit to a subject’s output-only
data) to describe the brain’s vector-field in novel regions of state–
space. This aspect may be especially important if the objective is to
steer brain activity from a pathological state or regime, to one that
is benign. In some cases (e.g., epilepsy), patients may be theorized to
switch between pathological and non-pathological dynamical regimes.
In this case, data may be available for the target state–space regions,
although a designed controller may nonetheless steer activity through
an unnatural and hence novel region of the state space in attempting
to reach the previously-observed non-pathological regime. On the other
hand, degenerative brain disorders result in a more persistent pathology
so data in the ‘target’ state–space regions may be unavailable. In
this case, grey-box models which were less accurate in describing the
baseline regions of state–space may still outperform black-box methods
in generalizing to novel regions of state–space, purely by virtue of their
physiological constraints and interpretability.

Lastly, black-box methods are inherently tied to the measurement-
space. In other words, for the measurement matrix 𝐶 (as in Eq. (1)) the
state–space models of such systems are restricted to the form:

𝑧𝑡+1 = 𝑓 (𝑧𝑡); 𝑧𝑡 ∈ span(𝐶), ∀𝑡 (5)

as opposed to engaging with the full state–space as in Eq. (1). This
aspect means that it is harder to treat objectives that are not defined in
the measurement space, such as those featuring latent state variables
or properties of the underlying vector-field. In Sections 4 and 5 we
proceed to discuss such objectives in more detail and describe their
potential importance for emerging applications in brain stimulation for
cognitive enhancement.

3.3.2. Grey-box models and numerical advances
Grey-box system identification methods have a long history in cel-

lular neuroscience, starting with the aforementioned work of Hodgkin
and Huxley using input–output identification on the squid giant axon
(Hodgkin & Huxley, 1952). Current efforts in cellular grey-box identifi-
cation emphasize joint-estimation, typically with only the membrane
voltage or firing rate directly measurable (Doi, Onoda, & Kumagai,
2002; Lankarany, Zhu, & Swamy, 2014). Grey-box identification has
lso been performed with small network models (Cullen, Rey, Guitton,

Galiana, 1996; Friston, Harrison, & Penny, 2003) and in larger-
cale brain models. In the latter case, efforts have been divided into
pproaches which seek to refine parameterized models and those which
erform identification with little or no assumptions outside of a general
athematical form. In the former case, neural-mass models have had
very small set of parameters tuned in order to better replicate long-

erm statistics such as correlation patterns (Demirtaş et al., 2019; Jirsa
t al., 2017; Schirner, Rothmeier, Jirsa, McIntosh, & Ritter, 2015;
ang et al., 2019). However, since these models are fit to long-term

tatistics, as opposed to directly forecasting brain activity, it is not
et clear whether they are sufficiently accurate for control synthesis,
articularly over short timescales. Other approaches, however, have
een developed to fit single-subject brain models directly to brain
ctivity using neuroimaging data (fMRI, EEG, MEG, etc.; Fig. 2D).
ynamic Causal Modeling (DCM; Friston et al., 2003) is a prominent
ase of using Bayesian methods for the latter approach. DCM models
onsist of linear state–space models for fMRI (Frässle et al., 2017, 2021;
riston et al., 2003; Friston, Kahan, Biswal, & Razi, 2014; Razi, Seghier,

hou, & McColgan, 2017), while faster-timescale data (MEG and EEG)
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is estimated using a linear approximation of an underlying nonlinear
neural-mass model (David et al., 2006; Kiebel, Moran, & Friston, 2008).
The DCM methodology is an example of joint-estimation for latent
variables in that DCM models estimate latent neural activity from fMRI
data and the activity of non-pyramidal cell-types from EEG data (which
primarily derives from pyramidal cells).

A limitation of the existing DCM methodology, however, has been
high computational complexity which has limited its ability to scale
to whole brain models (Singh, Braver, Cole, & Ching, 2020), although
this barrier has been recently reduced under assumptions of linearity
in the dynamics (Frässle et al., 2021). For models with high temporal
resolution, however, analyses have been limited to a small number of
brain regions (usually less than 10) with the assumption that spatially-
localized (source-level) signals are available (i.e., it does not directly
treat the issue of spatial mixing; David et al., 2006). To bridge this
gap, our group has recently developed a number of techniques for
highly-scalable joint-estimation of neural systems (i.e., unknown states
and parameters). These include the ability to quickly estimate high-
dimensional (419) brain models (which take the form of Eq. (3)) using
output-only fMRI data (Singh, Braver, et al., 2020; Singh, Wang, Braver,

Ching, 2020) and to identify environmental and endogenous drivers
f brain activity as reflected in fMRI (Singh, Wang, Cole, Ching, &
raver, 2021). Most recently, however, we have developed a gen-
ral, scalable framework for joint-estimation that also treats the issue
f signal-mixing via a Kalman-Filtering technique. This advance has
nabled us to estimate whole-brain neural-mass models (100 regions

2 cell-types) directly from single-subject MEG data (Fig. 2D). We
nticipate that these advances in systems identification will facilitate
orresponding improvements in neurocontrol technology.

. Current frameworks for brain stimulation and their limitations

Traditional control objectives include control-to-point/set, track-
ng, stabilization, and synchronization, potentially including additional
enalties (minimum energy, time etc.). By contrast, the formulation of
bjectives for human brain stimulation is less straightforward. While
he desired outcomes can be concisely described in terms of psycho-
ogical constructs (e.g., improving working memory) and quantified in
erms of behavior (maximize the number of items that can be recalled
rom a list with some level of accuracy) formulations in terms of brain
ctivity are more challenging. A key feature of this problem is that
hile noninvasive brain stimulation induces anatomically broad effects

relative to sub-millimeter micro-circuitry), the neuronal microcircuits
nderlying a given computation are often spatially diffuse and less well
nderstood. Linking these scales formally results in a control-problem
f the form:

̂ 𝑡+1 = 𝑓 (𝑥̂𝑡, 𝑉 𝑇𝐵𝑢𝑡, 𝜔̂𝑡) (6)

𝑡 = 𝐶𝑉 𝑥̂𝑡 + 𝜂𝑡 (7)

in which the matrix 𝑉 adds together the contribution of cells (𝑥𝑡)
n each brain area (i.e., 𝑥𝑡 = 𝑉 𝑥̂𝑡), while the macroscale matrices 𝐶,𝐵
re the same as in Eq. (1). The symmetries generated by 𝑉 obviously
mpede treatment of the underlying microscale system 𝑥̂ by macroscale
ontroller 𝑢𝑡..

.1. Case study I: Random dot motion

.1.1. Increasing activity is not sufficient to augment performance
This mismatch has significant impact on how objectives should be

efined. To illustrate this point, consider a popular test of perceptual
ecision making: the Random Dot Motion task (Born & Tootell, 1992;
an Maanen et al., 2012). In this task, subjects are visually presented
ith a patch of particles/dots moving according to a random walk with

light drift in one direction (i.e., the dots’ motion is mostly random,
ut weighted towards one direction). Subjects must decide which of
6

wo options (e.g., left/right) is the correct direction. Empirical and
omputational studies of this task have converged around a model
n which each option (direction) is represented by a particular set of
eurons which integrate noisy input (‘evidence’) elicited by objects
oving in that direction (Purcell et al., 2010; Ratcliff, 1978; Ratcliff,

Smith, Brown, & McKoon, 2016; Usher & McClelland, 2001). The
subject’s decision corresponds to the first option (direction) to pass a
threshold level of activity (the phenomenology of such integration is
often modeled as an Ornstein–Uhlenbeck, or drift–diffusion, process).

Under a conventional tDCS perspective, the stimulation objective
should be to increase the brain activity within that region since gross
neural activity in the region (which contains the neurons for all di-
rectional choices) increases when performing the task. However, the
model predicts that when the input to both options (neuronal pop-
ulations) is increased, decisions will be faster but less accurate (the
speed-accuracy tradeoff). Thus, direct-current stimulation is not pre-
dicted to enhance the subject’s perceptual decision making per se, but
rather effects would be expected to alter the degree to which they
weight speed vs. accuracy in making a decision (which can already
be accomplished by telling the subjects to wait longer/shorter; de
Hollander et al., 2016). Analogous arguments can be made for other
brain circuits. Thus, we argue that increasing neural excitability within
a given brain area is not, in general, a sufficient strategy to improve
cognition. This is not to say that direct-current stimulation is totally
ineffective, as it may produce desirable effects related to increases in
the spread/duration of neuronal activity or promoting synaptic plastic-
ity (learning). However, the key point is that some cognitive functions
may require a more nuanced objective formulation.

4.2. Using dynamic stimulation to modify information propagation

A natural alternative to tDCS is tACS which instead uses alternating
current (typically sinusoidal). The objective of tACS stimulation is to
increase the amplitude of a particular frequency band in the targeted
brain area or to entrain neural activity to a desired phase, such as
synchronizing two regions. There are many theories regarding the role
of neural oscillations in computation (Kopell, Gritton, Whittington, &
Kramer, 2014; Sejnowski & Paulsen, 2006). One premise is that brain
oscillations act as carrier waves (Ainsworth et al., 2012; Freeman &
Barrie, 1994; Fries, 2005). In this regard, information is transmitted
via phase, amplitude, frequency-modulation or, in other scenarios, by
the relationship between different frequency-bands or between the
macroscale oscillations and cellular (‘spiking’) inputs (Jacobs, Kahana,
Ekstrom, & Fried, 2007; Smith et al., 2019; Tort, Komorowski, Eichen-
aum, & Kopell, 2010). These mechanisms selectively engage micro-
ircuits which are especially resonant to the oscillation frequency or to
he phase-offset (delay) between events (e.g., the crest/trough of inputs
rom different sources, Bastos, Vezoli, and Fries (2015), Fries (2005)).
nder this framework, AC stimulation is thought to act by increasing

he oscillation’s signal strength without modifying the information it
onveys (Ali, Sellers, & Fröhlich, 2013; Huang et al., 2021; Reato,
ahman, Bikson, & Parra, 2010), such as by increasing the amplitude
f a reference wave when information is coded by phase-coupling.
eturning to the Random Dot Motion task (see previous section), a
ecent study (Gong & Fang, 2018) found that participant’s accuracy
ncreases when stimulated at 10 Hz (the dominant frequency in visual
reas), which is interpreted as increasing the quality of information
ent to decision making circuits, since non-selectively increasing signal
trength (or quantity) would decrease accuracy (see previous section).

Multiple studies have indicated that tACS can be efficacious in
artially restoring cognitive function when applied in a personalized,
hase-locked manner. An especially impressive study, by Reinhart and
olleagues (Reinhart & Nguyen, 2019), demonstrated that memory
erformance in older adults could be improved to levels comparable
o younger counterparts by employing theta-frequency (i.e., 7–10 Hz)
ACS phase-locked to brain activity. This study further indicated that
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Fig. 3. Schematic of reachability framework for cognitive control in the Stroop Task. (A) The Guided-Activation Theory model of the Stroop-Task as a feedforward neural network
(Cohen, Dunbar, & McClelland, 1990; MacLeod & Dunbar, 1988). Task instructions (attend to word vs. color) promote specific pathways through which inputs propagate. (B)
Activation of the latent ‘attend word’ state shapes the reachable set so that the response-boundary separates inputs by word. (C) Analogous figure for the ‘attend color’ condition.
(For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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applying tACS in an individualized manner, at each subject’s spon-
taneous peak-frequency, further increased the magnitude of neural
effects. However, despite these successes, there are several theoretical
reasons to believe that these results could be further improved. Recent
tACS studies, such as the aforementioned, have demonstrated signifi-
cant potential to partially restore function in under-performing groups,
which have been characterized by altered frequency-domain properties.
However, the comparatively weak evidence for improvement in healthy
subjects may imply that tACS methods primarily serve to restore de-
graded features of signal transmission (e.g., carrier/reference signals)
rather than improving the brain’s ability to operate upon these fea-
tures. This approach is also based upon the assumption that sinusoidal
stimulation does not alter the content of signals. This assumption is
likely violated if information is coded in signal frequency. Likewise,
when information is coded in signal phase, this assumption requires
that the stimulation input does not alter the phase (which explains
the advantage of phase-dependent stimulation in Reinhart and Nguyen
(2019)). More generally, these stimulation frameworks are based on
neural computation models in which temporal dynamics are used to
encode/decode information as it is propagated between brain areas, but
does not enable a general framework in which neural dynamics are the
underlying mechanism of computation.

5. A proposal for formulating control-theoretic objectives

We now explore the potential of control-theoretic methods to re-
formulate the optimization objective. Our framing involves a change
of viewpoint to emphasize facilitating the endogenous ability of the
brain to reach target cognitive states as opposed to forcing the brain
along a particular time-varying trajectory. In other words, we propose
an approach to exogenously modifying brain activity that is premised
on leveraging endogenous neural control mechanisms.

5.1. Case study II: Stroop task

5.1.1. Lessons from endogenous control mechanisms
In neuroscience and psychology, ‘cognitive control’ refers to the

diverse set of processes that modify human behavior based upon the
environmental context and goals (Braver, 2015). Impairment of cogni-
tive control is a core component of many psychiatric disorders (Cohen,
Braver, & O´ Reilly, 1996). Prominent theories of cognitive control
stress its modulatory role in determining how information is processed,
interacts with internal states, and affects actions (Braver, 2012). This
ability is thought to be accomplished by altering how the brain interacts
with inputs from the periphery. Brain regions (e.g., prefrontal cortex,
7

PFC), which maintain rule representations, are believed to proactively
bias the neural pathways along which information flows (Guided Acti-
vation Theory; Cohen, Aston-Jones, & Gilzenrat, 2004; Miller & Cohen,
2001).

The above theory has been used to develop neural network models
of classic cognitive tasks such as the Stroop Task (Stroop, 1935),
n which subjects are asked to report either the ink-color or word
f colored text (e.g., ‘Red’ in blue font; see Fig. 3A). Over short
imescales, these instructions are believed to be maintained in a sta-
le ‘read-only’ state associated with the modulatory neurotransmitter
opamine (Braver & Cohen, 1999, 2000; Durstewitz, Seamans, & Se-

nowski, 2000). When the current behavioral strategy is ineffective,
eural activity in PFC is thought to destabilize, enabling new informa-
ion to be encoded (Fallon, Williams-Gray, Barker, Owen, & Hampshire,
013; Rougier, Noelle, Braver, Cohen, & O’Reilly, 2005). Once an
ffective approach is found, PFC dynamics stabilize around this activity
attern, thereby storing the associated behavioral strategy (Rougier
t al., 2005). More generally, brain activity has been found to stabilize
long a more limited set of patterns in response to sensory stimuli and
ognitive tasks (Churchland et al., 2010; Ito et al., 2020; Ponce-Alvarez,

He, Hagmann, & Deco, 2015). These conceptual models suggest an
alternative route towards cognitive enhancement. Rather than altering
the frequency-profile of brain activity, a framework emerges that seeks
to modulate how environmental inputs interact with the brain by
altering the stability properties and reachable-sets (see Fig. 3B,C) of
local brain dynamics.

5.2. Case study III: The attentional blink

5.2.1. Relevant control-theoretic measures
There are thus two levels to the control problem: first identifying

the local control properties that are advantageous to cognition and
then designing a stimulation protocol that will (locally) promote these
properties on the augmented stimulator-brain system. To be concrete,
we will present these issues in terms of another well-studied cognitive
task and phenomenon: the attentional blink.

The ‘attentional blink’ refers to the fact that when two visual images
are rapidly presented in sequence (200–500 ms delay between images
presented for 100 ms each), most subjects (>50%) are unable to report
the second image (Shapiro, Raymond, & Arnell, 1997). Interestingly,
this effect is non-monotonic, as subjects can process both stimuli for
extremely short delays (e.g., 100 ms) and subconscious traces of infor-
mation present in the second image (e.g., the meaning of word images)
are evident in later behavior. These effects suggest that the attentional
blink reflects changes in the system’s (i.e., the brain’s) internal states
as opposed to limitations in the processing-speed for visual input.



M.F. Singh et al.

i
h
m
i
a
r
s
p

R

H
b
t
i
b
f
‘
c
d
e
w
S
c
r
c
m
&
b
S
t
v
h

c
a
a
m
t
o
o
r

Fig. 4. Illustration of state-dependent reachability. (A) Schematic of recurrent two-neuron network with self-excitation, reciprocal inhibition, and two independent, bounded,

inputs. (B) Uncontrolled vector field and integral curves (color = initial condition for each curve). (C) Approximate reachable sets for different initial conditions and time-steps

(horizons). Note the strong dependence of initial condition and that reachable sets are larger when starting near a separatrix (e.g., top right) than a fixed point (e.g., top left).

(For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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From a stimulation design perspective, we are interested in how
a control paradigm could be designed to eliminate or attenuate the
attentional blink, as a means to improve visual attention. In this regard,
several attempts have been made to attenuate the attentional blink
using DC brain stimulation, yet with inconsistent findings (London &
Slagter, 2015; Reteig, Newman, Ridderinkhof, & Slagter, 2021). Lim-
ted prior study is currently available concerning AC stimulation. We
ypothesize that the attentional blink and similar cognitive bottlenecks
anifest changes in the brain’s local reachability properties for visual
nput. More mathematically, for an initial state–space condition 𝑥0,
class of admissible control-inputs (i.e., sensory stimuli) U, and a
ealization of the noise-process 𝜔𝑡, we define the 𝑘-horizon reachable
et as a set-valued function of the initial condition 𝑥0 and random
rocess noise 𝜔𝑡:

(𝑓, 𝑥0, 𝜔𝑡,U) ∶=
⋃
𝜈𝑖∈U

𝜙𝑓 (𝑥0, 𝜔𝑡, 𝜈𝑖, 𝑘) (8)

ere, 𝜙 denotes the evolution function for vector field 𝑓 , which could
e formulated in continuous or discrete time. As a deterministic func-
ion of the process 𝜔𝑡, the reachable-set given 𝜔𝑡 is well-defined, even
f the distribution of all R is unbounded due to an unbounded distri-
ution of 𝜔. Returning to the attentional-blink example, we propose
ormalizing brain sensitivity to incoming visual information using the
size’ of the reachable space according to a quantity, denoted 𝜇, which
aptures biases in the vector field toward movement in task-relevant
irections (e.g., measuring the degree to which the second image can
licit responses in visual brain areas). Direct measures based upon
ell-established geometric nonlinear control analyses (Brockett, 1978;
ussmann, 1985) are natural here, but bring about concerns of analyti-
al or computational tractability for high dimensional models. Indeed,
eachability and similar control-theoretic assessments are exceptionally
hallenging, particularly in the presence of multiple inputs. Several
etrics have been developed for linear systems (Pasqualetti, Zampieri,
Bullo, 2014), which can be applied to infer properties of linear whole-
rain models, including structural brain networks (Gu et al., 2015).
uch approaches could potentially be used in a state-dependent manner
o perform local reachability estimates for nonlinear systems in the
icinity of an attractor under sufficiently weak input and short control
orizons. We later discuss more general techniques (see Section 5.3).

For non-local characterizations, however, the reachable set is not
onvex, and admits multiple ways to describe its breadth. However,
simple description of the reachable set may still be attainable via
metric induced by a quadratic form (i.e., 𝜇[𝑋] = 𝜇𝐿[𝐴𝑋] for a
atrix 𝐴 and the Lebesgue metric 𝜇𝐿) with the corresponding objective
o minimize/maximize E𝜔[𝜇(R (𝑥0, 𝜔,U))]. By a quadratic-norm we are
nly referring to how the ‘‘size" of a reachable set is measured as
pposed to implying a quadratic (e.g., ellipsoidal) approximation of the

eachable set.
The matrix 𝐴 should be constructed to have large singular-values
n directions in which movement is desirable and small singular-
alues for directions which contribute noise (or, alternatively, subtract
eachability in these directions). Changes in neural activity within
he default-mode network (Fox et al., 2005; Kucyi & Davis, 2014;
aichle, 2015), for instance, are associated with mind-wandering (Ka-
imura, Kochiyama, Nakai, Abe, & Nomura, 2016), so one construction
f the 𝐴 matrix for the attentional blink would be to have heav-
ly weighted singular-vectors spanning visual-attention pathways, and
eakly-weighted (right) singular vectors spanning state-coordinates
ssociated with the default-mode network. This would allow mea-
urement of whether the second image is able to deferentially induce
epresentations in task-relevant (i.e., visual) vs. irrelevant (i.e., DMN)
reas. In our formulation, the matrix 𝐴 is specified a-priori based upon
xisting knowledge of the underlying neuroanatomy. Another option,
ay be to refine pre-existing assumptions on 𝐴 based upon which
irections are easiest to reach in-practice using an empirical estimate of
he Gramian (Himpe & Ohlberger, 2014). The empirical Gramian can
e useful in identifying directions which are (effectively) inaccessible,
n which case they should be removed from 𝐴.
The reachable set also depends upon the space of admissible con-

rols (U). For example, only a small subset of potential sensory input
ignals to visual cortex are likely. Further study will be needed to
dentify this set (Singh, Wang, Cole, Ching, & Braver, 2021). How-
ver, a preliminary estimate for U could be formed via a linear-
n-control assumption with corresponding bounds ([𝑎, 𝑏]) on input,
.e., mathematically,

∶= {𝑀𝜈(𝑡)|𝜈𝑖 ∶ [0, 𝑘] → [𝑎𝑖, 𝑏𝑖]} (9)

e note that the control matrix for modeling endogeneous control (𝑀)
s not, in general, the same matrix used for exogenous control (denoted
in Eq. (1)). In the case that the exogeneous (𝑢𝑡) and endogeneous (𝜈𝑡 ∈
) controls add, the reachability-optimal control 𝑢 is the (constrained)
olution to:

rgmax
𝑢◦F𝑦

E𝜔

[
𝜇𝐿

(
𝐴
[
R𝑓 (𝑥0, 𝜔𝑡, 𝐵𝑢 +𝑀{𝑣})

])]
(10)

with 𝑀{𝑣} denoting the set of admissible endogenous inputs and
◦F𝑦 indicating that the control-solution can, potentially, be a policy
n the filtration of 𝑦 (i.e., past measurements). Importantly, because
eachability properties depend upon a model of the brain as a control-
ystem, these objectives are inherently causal in nature: they require
pecification of which neural populations are the subject of endoge-
ous/environmental control and how changes in their activity under
uch control relates to cognition. As such, reachability-based con-
rol objectives are specific to the cognitive function being targeted
nd likely involve trade-offs such that there is likely not a universal
eachability objective that benefits all aspects of cognition.
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Fig. 5. Schematic for controlling computation-relevant (microscale) reachability via macroscale stimulation. (A) Macroscale system schematic: visual input enters a brain region

containing excitatory (green) and inhibitory (blue) neurons. Electrical stimulation (tES) is applied to a separate brain area which connects to inhibitory cells. (B) Microscale

architecture consists of self-excitation and lateral inhibition (e.g., representative of sensory cortex). Black connections are excitatory and red connections are inhibitory. (C.1)

Conceptual 2D representation of the vector field without additional input (C.1) and with tES-induced macroscale disinhibition (C.2) leading to reduced activation of inhibitory

(blue) cells. (D) Reachable sets from 3 initial conditions due to sensory input: 𝑣1 ...𝑣4 in (B). (D.1) K-horizon reachable sets Without tES. (D.2) With tES induced disinhibition.

Decreasing the inhibition between excitatory (green) cells results in larger reachable sets, hence visual inputs can more easily switch activity between attractors. (For interpretation

of the references to color in this figure legend, the reader is referred to the web version of this article.)
c

5.3. Identifying reachable sets for brain dynamic models

As alluded to above, for a general nonlinear control system, the
calculation of finite-time reachable sets is highly nontrivial, although
a growing number of numerical techniques and freely-available tool-
boxes (Althoff, 2015; Meyer, Devonport, & Arcak, 2019) offer some
potential for relevant approximations. When no assumptions are placed
upon the system vector field, numerical methods typically need to
simulate a very large number of potential inputs to estimate the reach-
able set or using iterated geometric methods, such as zonotope-based
analyses (Althoff & Krogh, 2011; Girard, 2005).

Fortunately, canonical models of macroscale neural activity gener-
ally feature monotone relations (e.g., a region’s output is a bounded,
monotone function of its current state), which enable much more
efficient approaches such as mixed-monotonicity algorithms (Abate
& Coogan, 2021; Meyer, 2021). A primary challenge in computing
reachable sets is the ability to efficiently represent non-convex sets, par-
ticularly those which are not simply-connected. These considerations
are important for the reachability analysis of neural systems which
often generate limit-cycles or quasi-periodic attractors that under small
control perturbations generate infinite-horizon reachable sets that are
not simply-connected.

Mutual competition is a fundamental principle of the nervous sys-
tem which promotes winner-take-all dynamics (Maass, 2000; Usher &
McClelland, 2001). This feature generates a large number of hyperbolic
fixed points (Burylko, Kazanovich, & Borisyuk, 2018), which corre-
spond to when competing populations are perfectly balanced, and the
associated unstable manifolds that arise under these conditions. This
case brings an important consideration as to whether reachable sets for
the brain’s internal control laws should take into account the natural
imprecision of biological systems. Whereas the analytic reachable set in
this case may be topologically-connected (e.g., by traversing an unsta-
ble manifold), a small deviation from this manifold could be impossible
to later correct with a bounded, delayed control signal. As a result,
the set of achievable outcomes, in practice, would be disconnected and
significantly smaller than the reachable set. Further study is therefore
needed to explicate the properties of endogenous brain control, and
exogenous control design may benefit from further development in
the theory of reachable sets that consider issues of robustness and
uncertainty in constraining the set of admissible endogenous controls.

5.4. Potential control strategies for reachability properties

The second level of formulation is designing the exogenous con-
troller with the aim of modifying (and optimizing) reachability prop-

erties for endogenous control. We postulate two pathways in this
regard: either (i) by preemptively shifting brain activity to a desirable
point/set in the state space, or (ii) by altering the vector field itself.
The first case corresponds to an boundary value type problem, but
with a new criterion being used to define the desired state (i.e., the
state that optimizes reachability properties; Fig. 4). Future work will be
needed to determine efficient means of performing the reachability op-
timization, although naïve first estimates may be possible by assuming
that endogenous inputs are sufficiently small to admit local (time-
varying) linearization about the uncontrolled orbits. This assumption
would lead to an optimization problem in terms of the sequence of
Jacobians (maximizing/minimizing the rate of expansion along certain
directions).

An alternative to this approach is modifying the brain’s vector-field
(Fig. 5), which has more in common with stabilization techniques.
This pathway is potentially more interesting as it allows switching the
reachability objectives mid-task, such as shifting between periods of
high reachability (flexible brain activity) and low reachability (more
robust activity; Fig. 5B,C). However, design strategies in this space
of problem are usually predicated on the use of feedback. As pre-
viously mentioned, instantaneous feedback is not possible for tES as
stimulation artifact greatly limits the ability to collect simultaneous
measurements, although technological developments may eventually
alleviate this problem by enabling sufficiently fast switching between
stimulation and recording states (approximating simultaneous stim-
ulation and measurement). Since the present technology is limited
to, at most, intermittent measurements during the stimulation period,
another pathway is to model the controller as a deterministic, au-
tonomous dynamical system and analyze reachability (with respect
to endogenous control) in the augmented brain-tES space (combin-
ing state-variables). This formulation is compatible with open-loop
control, or using intermittent measurements for ‘resetting’ the initial
conditions for the tES controller’s state–space. In either case, these
discussions make clear that there is substantial room for control-theory
to co-evolve with neurostimulation, as optimizing non-standard control
objectives (reachability properties) may require new forays in basic
control theory.

5.5. Evaluating potential control strategies in large-scale models

The combination of the control-theoretic premises outlined above,
with aforementioned large-scale brain models, provides an intriguing
platform for theoretical and computational research. For example, our
recent work (Singh & Ching, 2018) has explored how exogenous inputs
an be used to shape network vector fields, which can in turn impact
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the input–output properties. The numerical advances in enabling grey-
box models such as MINDy (Singh, Braver, et al., 2020; Singh, Wang,
t al., 2020; Singh et al., In Press; Singh, Wang, Cole, Ching, & Braver,

2021) will provide an in silico test-bed for exploring and evaluating the
efficacy of control designs, as a precursor to implementation in actual
experiments. Reciprocally, these experiments will provide more data
to refine models, which in turn will validate hypotheses regarding the
dynamical substrates of cognitive function and iterate the development
of relevant control objectives.

6. Multiscale implications of macroscale control

In previous sections we have emphasized stimulation for cognitive
enhancement which, by definition, involves improving the ability of the
brain to solve tasks as opposed to only transmitting information into
the brain. However, brain stimulation also finds use in neuroprosthetics
and brain–machine interfaces. These applications will especially benefit
from the development of controllers capable of manipulating neural
microcircuitry due to the information-rich content being transmitted
(e.g., for sensory prosthesis to generate percepts Lee et al., 2018). The
application of formal control methods to such problems will require
consideration of how information is stored/communicated within the
target brain areas.

6.1. Brain neurophysiological considerations

The degree and manner of neuronal organization varies dramati-
cally between brain areas and this may also have significant impli-
cations for control design. Neurons in the human auditory cortex are
anatomically organized according to their maximally-sensitive auditory
frequency (tonotopy) (Romani, Williamson, & Kaufman, 1982) whereas
neurons in early visual cortex are anatomically organized according
to positions in visual space (retinotopy) (Tootell et al., 1998) and
those in another set of other brain areas are organized according to
body parts (somatotopy). Analogous anatomical organizations exist for
certain motor responses (e.g., eye movements/saccades; Schall, Morel,
& Kaas, 1993), positions in space (O’Keefe & Dostrovsky, 1971), head
orientations (Knierim, Kudrimoti, & McNaughton, 1995) etc. These or-
ganizations arise due to both pre-programmed neural and biochemical
factors (concentration gradients) and environmental structure (spatial
autocovariance). By contrast, neuronal sensitivity to more abstract
concepts, such as different object-categories, do not exhibit analogous
spatial structure.

We also note that neuronal organization can occur in multiple ways.
In visual areas, the sensitivity of neurons is largely driven by the speci-
ficity of brain wiring such that regions sensitive to line orientations
within a region of visual-space primarily receive input from lower
brain areas which represent light intensity at different ‘pixels’ within
that region of visual space (Hubel & Wiesel, 1962). By contrast, evi-
dence indicates that neurons also separate information based upon the
temporal-content of incoming signals potentially due to heterogeneity
in their integration time-constants. This feature has been described as a
‘Laplace transform’ of input to those cells (Howards & Hasselmo, 2020),
which has been hypothesized to underlie the representation of temporal
contingencies (Howards & Eichenbaum, 2013). This operation maps the
time-domain of input to the (complex) frequency-domain for storage
with cells sensitive to different frequencies.

6.2. Heterogeneity of neural dynamics

Regional heterogeneity and structure are thus important considera-
tions for brain-control synthesis. The control of under-actuated systems
(e.g., the brain) is intimately tied to the ability to exploit asymme-
tries in dynamics, states, and/or input strength (Whalen, Brennan,
Sauer, & Schiff, 2015). Noninvasive methods for measuring brain ac-
tivity are spatially coarse which presents limited ability to differen-
10

tiate the activity of different cell-groups. Fine-grained brain control g
will thus depend upon the ability to leverage neuronal heterogeneity
and/or differential stimulation of cell-groups. Neuronal heterogeneity
in temporal-sensitivity offers a pathway to neurocontrol using current
technology (Ching & Ritt, 2013; Ritt & Ching, 2015). In this case, it may
be possible to selectively recruit cell groups without spatially-precise
stimulation. By contrast, groups of homogeneous cells will require
differential input for control, which is most easily exploited for brain
regions with spatial organization.

One further possibility may be the coupling of anatomically-coarse
brain stimulation with sensory inputs. For instance, the brain’s repre-
sentation of semantic categories, e.g. ‘mammal’, are thought to involve
distributed patterns of neuronal activity as opposed to a single, concen-
trated group of cells. It is likely to be impractical to attempt activating
the ‘mammal’ concept purely using transcranial stimulation alone.
The task is trivial, however, using sensory input (‘display the word
‘mammal’’). Neurocontrol methods may therefore benefit from a hy-
brid approach, in which electrical stimulation is paired with sensory
inputs. Primitive variations of this approach have long been used in
attempting to shape brain plasticity to improve learning and are now
being explored for clinical desensitization in treating phobias (Cobb
et al., 2021) and PTSD (Cassani, Novak, Falk, & Oliveira, 2020; van’t
Wout-Frank, Shea, Larson, Greenberg, & Philip, 2019). Recent studies
have demonstrated that acoustic stimuli can be used to entrain brain
oscillations to desired frequencies with associated improvements in
task performance (Beauchene, Abaid, Moran, Diana, & Leonessa, 2016;
Stanyer et al., 2021; Will & Berg, 2007). Approaches which leverage the
neuronal specificity of sensory stimulation with the temporal resolution
of tES (e.g., Kar and Krekelberg (2014)) may thus be especially fruitful.

7. Conclusion

Emerging neural technology and advances in numerical optimiza-
tion are presenting opportunities for neural engineering. High-
resolution brain models (100s of neural populations) are now being
identified from noninvasive functional brain data (e.g., EEG, MEG,
fMRI) (Frässle et al., 2017, 2021; Singh, Braver, et al., 2020; Singh
t al., In Press), enabling the precise study of personalized brain
ynamics. This new generation of brain modeling provides fertile
round in which control theoretic methods will provide a founda-
ion for brain stimulation design and delivery. This intersection also
rovides opportunity to rethink the objectives of brain stimulation in
erms of the underlying latent dynamics, as opposed to operating only
ithin the space of measurements. We have suggested several ways

n which control-theoretic methods may be used in the framing of
eurostimulation objectives and in particular, to optimize reachability
roperties of the brain’s endogenous control properties, which reflect
ow environmental information impacts brain activity. This perspec-
ive, coupled with the brain’s complexity, provides new challenges for
ormal and numerical control theory. This scenario offers opportunities
or mutual growth and therapeutic success in treating neurological and
sychiatric disorders.
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