
Journal of Neural Engineering

ACCEPTED MANUSCRIPT • OPEN ACCESS

Learning to control the brain through adaptive closed-loop patterned
stimulation
To cite this article before publication: Sina Tafazoli et al 2020 J. Neural Eng. in press https://doi.org/10.1088/1741-2552/abb860

Manuscript version: Accepted Manuscript

Accepted Manuscript is “the version of the article accepted for publication including all changes made as a result of the peer review process,
and which may also include the addition to the article by IOP Publishing of a header, an article ID, a cover sheet and/or an ‘Accepted
Manuscript’ watermark, but excluding any other editing, typesetting or other changes made by IOP Publishing and/or its licensors”

This Accepted Manuscript is © 2020 The Author(s). Published by IOP Publishing Ltd..

 

As the Version of Record of this article is going to be / has been published on a gold open access basis under a CC BY 3.0 licence, this Accepted
Manuscript is available for reuse under a CC BY 3.0 licence immediately.

Everyone is permitted to use all or part of the original content in this article, provided that they adhere to all the terms of the licence
https://creativecommons.org/licences/by/3.0

Although reasonable endeavours have been taken to obtain all necessary permissions from third parties to include their copyrighted content
within this article, their full citation and copyright line may not be present in this Accepted Manuscript version. Before using any content from this
article, please refer to the Version of Record on IOPscience once published for full citation and copyright details, as permissions may be required.
All third party content is fully copyright protected and is not published on a gold open access basis under a CC BY licence, unless that is
specifically stated in the figure caption in the Version of Record.

View the article online for updates and enhancements.

This content was downloaded from IP address 108.24.135.21 on 15/09/2020 at 00:44

https://doi.org/10.1088/1741-2552/abb860
https://creativecommons.org/licences/by/3.0
https://doi.org/10.1088/1741-2552/abb860


Learning to Control the Brain through Adaptive Closed-Loop Patterned Stimulation 1 
Sina Tafazoli1*, Camden J. MacDowell1,2,3* Zongda Che1, Katherine C. Letai1, Cynthia R. Steinhardt1, and 2 
Timothy J. Buschman1,4** 3 
1. Princeton Neuroscience Institute, Princeton University, Princeton, NJ, 08540, USA  4 
2. Department of Molecular Biology, Princeton University, Princeton, NJ, 08540, USA 5 
3. Rutgers Robert Wood Johnson Medical School, Piscataway, NJ, 08854, USA 6 
4. Department of Psychology, Princeton University, Princeton, NJ, 08540, USA 7 
* authors contributed equally 8 
** lead contact and corresponding author 9 
Abstract 10 
Objective: Stimulation of neural activity is an important scientific and clinical tool, causally testing 11 
hypotheses and treating neurodegenerative and neuropsychiatric diseases. However, current stimulation 12 
approaches cannot flexibly control the pattern of activity in populations of neurons. To address this, we 13 
developed a model-free, adaptive, closed-loop stimulation (ACLS) system that learns to use multi-site 14 
electrical stimulation to control the pattern of activity of a population of neurons.  15 
Approach: The ACLS system combined multi-electrode electrophysiological recordings with multi-site 16 
electrical stimulation to simultaneously record the activity of a population of 5-15 multiunit neurons and 17 
deliver spatially-patterned electrical stimulation across 4-16 sites. Using a closed-loop learning system, 18 
ACLS iteratively updated the pattern of stimulation to reduce the difference between the observed neural 19 
response and a specific target pattern of firing rates in the recorded multiunits.  20 
Main Results: In silico and in vivo experiments showed ACLS learns to produce specific patterns of neural 21 
activity (in ~15 minutes) and was robust to noise and drift in neural responses. In visual cortex of awake 22 
mice, ACLS learned electrical stimulation patterns that produced responses similar to the natural 23 
response evoked by visual stimuli. Similar to how repetition of a visual stimulus causes an adaptation in 24 
the neural response, the response to electrical stimulation was adapted when it was preceded by the 25 
associated visual stimulus.  26 
Significance: Our results show an adaptive closed-loop stimulation system that can learn, in real-time, to 27 
generate specific patterns of neural activity. This work provides a framework for using model-free closed-28 
loop learning to control neural activity. 29 
Keywords 30 
Brain stimulation, electrical stimulation, machine learning, closed-loop stimulation, neuromodulation 31 
Introduction 32 
The ability to control neural activity is an important tool for understanding the brain and for treating brain 33 
disorders. In neuroscience, causal manipulation of neural activity has been critical for testing hypotheses 34 
about how neural activity relates to behavior (e.g. decision making, Salzman et al., 1992; Tye et al., 2013) 35 
and for understanding how neural circuits function (e.g. the role of oscillations, Cardin et al., 2010). 36 
Clinically, stimulation of neural activity has emerged as a treatment option for neurological diseases: 37 
reducing tremors in Parkinson’s patients (Groiss et al., 2009), improving mood in patients with severe 38 
depression (Mayberg et al., 2005), and interrupting epileptiform activity (Zangiabadi et al., 2019).  39 
Typically, stimulation acts on the entire population of neurons in the same way (e.g. high vs. low 40 
stimulation intensity). However, there is growing evidence that the brain represents information in the 41 
pattern of activity across the population of neurons. For example, sensory stimuli are represented in the 42 
high-dimensional vector of neural activity encoded in a population of neurons in visual cortex (DiCarlo 43 
and Cox, 2007). Similar high-dimensional representations carry information about the contents of working 44 
memory (Rigotti et al., 2013) and reward signals (Dabney et al., 2020). Given the distributed nature of 45 
representations, improving the efficacy of brain stimulation will require precise control over the pattern of 46 
neural activity across a population of neurons (Grosenick et al., 2015; Mardinly et al., 2018). Here, we 47 
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present an adaptive, closed-loop stimulation (ACLS) approach that learns the pattern of multi-site 48 
stimulation needed to generate a specific pattern of neural activity in a population of neurons. 49 
Given the heterogeneous and non-linear nature of the brain, precise control of neural populations 50 
requires a stimulation system that can learn an optimal stimulation pattern. Without learning, one must 51 
have a priori knowledge of the stimulation pattern that produces a desired response. For some scientific 52 
applications, this may be known, such as when replaying a previously observed pattern (using optical or 53 
electrical stimulation, Berger et al., 2011; Emiliani et al., 2015; Hampson et al., 2012; Marshel et al., 2019; 54 
Zhang et al., 2018). However, in many scientific applications the stimulation pattern is unknown, such as 55 
when wanting to achieve a neural or behavioral state that had not previously been observed. 56 
Furthermore, in clinical applications, the stimulation pattern for precisely controlling populations of 57 
neurons is unknowable. This is due to two limitations. First, the desired pattern of activity across a neural 58 
population cannot be known, as it differs between individuals and the desired pattern is disrupted by 59 
disease (which motivates the need for clinical stimulation). Second, the heterogeneity and non-linearity 60 
of each brain makes it impossible to predict how a population of neurons will respond to patterned 61 
stimulation.  62 
To circumvent these issues, stimulation approaches have begun to incorporate the ability to learn new 63 
stimulations patterns. Broadly, learning systems can be divided into two approaches: model-based and 64 
model-free. Model-based stimulation relies on learning an accurate model of the input–output relationship 65 
between stimulation and downstream neural responses for a given network. Once this model is learned, 66 
then one can use it to optimize the stimulation pattern that produces a desired neural response 67 
(Ahmadian et al., 2011; Choi et al., 2016). This approach has effectively predicted the response to 68 
stimulation patterns in well-characterized biological neural networks (e.g. sensory thalamus and basal-69 
ganglia pathways; Beauchamp et al., 2020; Choi et al., 2016) and artificial neural networks (Ahmadian et 70 
al., 2011). One advantage of such a system is that, once learned, the model can predict the stimulation 71 
pattern needed to generate a new, previously unseen, neural response (Choi et al., 2016). However, this 72 
approach has several disadvantages. First, model-based approaches require detailed knowledge of the 73 
target network and its response to stimulation (i.e., they require a large training set; Cho et al., 2016). 74 
Even with this, models struggle to capture complex, non-linear responses (Bristow et al., 2006) and often 75 
cannot extrapolate beyond their training set (Hasson et al., 2020). These problems are particularly 76 
pronounced in complex systems in which large numbers of neurons are controlled (Rao, 2019). This 77 
complexity is readily seen in stimulation studies. For example, although stimulation of a single site in 78 
visual cortex leads to a percept of a phosphene at a specific location (Tehovnik and Slocum, 2007), 79 
stimulating multiple sites simultaneously doesn’t generate the expected form (Beauchamp et al., 2020). 80 
This shows how a simple model learned on single site stimulation fails to extrapolate beyond its training 81 
set. In this way, the complexity of the brain limits the scientific and clinical application of model-based 82 
learning. 83 
In contrast, model-free learning uses optimization algorithms to identify the stimulation patterns that 84 
generate a desired response. Such approaches iteratively evaluate the response to stimulation, 85 
continuously updating the stimulation pattern in order to learn the optimal stimulation pattern (Madadi 86 
and Söffker, 2018). In this way, model-free learning requires no pre-existing knowledge of the underlying 87 
neural system; enabling stimulation to generalize to unseen states and navigate complex non-linearities. 88 
Recent work in the domain of control theory has shown model-free learning can effectively control 89 
complex systems (e.g. iterative learning control; Bristow et al., 2006), including in silico neural networks 90 
(Mitchell and Petzold, 2018). Thus, model-free learning may offer a complementary approach to model-91 
based and classic, non-learning, approaches to controlling neural activity. 92 
Here, we describe an adaptive closed-loop stimulation system (ACLS) that combined model-free learning 93 
and patterned, multi-site stimulation to control populations of neurons in silico and in vivo. A closed-loop 94 
machine learning algorithm iteratively updated the stimulation pattern, allowing ACLS to learn to induce 95 
a desired pattern of activity in the neural population. In vivo experiments in awake mice, showed learning 96 
was reliable (85.42% success) and typically occurred in ~15 minutes. Importantly, because the system 97 
used a model-free approach, it did not require a model of the neural system and was robust to noise and 98 
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drift in the response of neurons. In this way, ACLS offers an effective approach for independently 99 
controlling many stimulation sites and flexibly controlling the activity of neurons over time. Such model-100 
free learning approaches will allow us to test open scientific questions relating neural population 101 
representations to cognition and lays the groundwork for improving clinical applications of brain 102 
stimulation. 103 
Methods 104 
Implementation of Adaptive Closed-Loop Stimulation 105 
An Adaptive Closed-Loop Stimulation (ACLS) system was implemented in MATLAB (see Supplemental 106 
Methods for details). Pseudocode outlining ACLS framework is shown in Box S1.  107 
ACLS works by iterating through three steps (Figure 1). First, ACLS observes the evoked response to a 108 
specific pattern of stimulation (Fig. 1A). Here, we use neural activity as the evoked response. For in silico 109 
experiments, the evoked response was the activity of one of the hidden layers of a Convolutional Neural 110 
Network (CNN; detailed below). For in vivo experiments, the neural response was the number of spikes 111 
from recorded multiunits during a predefined window (i.e., the ‘firing rate’; detailed below). However, the 112 
ACLS approach can generalize to other evoked responses, such as local field potentials, physiological 113 
markers, or behavior. 114 
Second, the ACLS evaluates an error function that determines how much the evoked response differs 115 
from the desired ‘target response’ (Fig. 1B). Here, the error function was defined as the Euclidean 116 
distance between the evoked response (r) and the target response (t): 117 

𝜀𝜀 = �∑ (𝑟𝑟𝑖𝑖 − 𝑡𝑡𝑖𝑖)2𝑛𝑛
𝑖𝑖=1  equation 1 118 

where r and t are vectors in N-dimensional space (where N is the number of measured variables; here, 119 
number of simultaneously recorded multiunits). However, ACLS is compatible with any error function 120 
(e.g. Euclidean distance, correlation, cosine similarity; see Fig. S2A-B for example of ACLS learning with 121 
a cosine similarity error function). 122 

Figure 1. Schematic of Adaptive Closed-Loop Stimulation. Adaptive closed-loop stimulation (ACLS) works 
by iterating through three steps. (A) First, the system observes the evoked response to a specific pattern of 
stimulation. Here, we record multiunit neural activity (see Methods), but this could be any measurable variable 
(e.g. bold signal, local field potential, single units, or behavior). (B) Second, the ACLS evaluates an error 
function that determines the difference between the evoked response and the desired target response. Here, 
we use Euclidean distance to a target pattern of neural activity, but this can be any error function (e.g. cosine 
similarity, correlation) to a target neural or behavioral state. (C) Third, a machine learning algorithm updates 
the stimulation pattern in order to reduce the error function. By iteratively progressing through these steps, the 
algorithm learns a stimulation pattern that minimizes the error function and, thus, produces a desired neural or 
behavioral response. ACLS pseudocode is supplied in Box S1.  
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Third, ACLS uses a machine learning algorithm to automatically update stimulation parameters to reduce 123 
the error function on the subsequent iteration (Fig. 1C). Here, this was achieved using a ‘greedy’ 124 
stochastic learning algorithm. On each block of trials, the algorithm generated 5-10 new stimulation 125 
patterns by randomly selecting from a distribution around the previous best stimulation pattern (gaussian 126 
distribution for in silico, uniform bounded distribution for in vivo experiments). The previous best 127 
stimulation pattern was the stimulation pattern that evoked the lowest error during the previous 4 blocks. 128 
During the block of trials, the 5-10 new stimulation patterns and the previous best stimulation pattern 129 
were each repeated 5 times. At the end of the block the new best stimulation pattern was chosen, and 130 
the process was repeated. By iteratively progressing through these steps, the algorithm learns a 131 
stimulation pattern that minimizes the error function and, thus, produces the target response (see Box 132 
S1 for pseudocode). 133 
To find global minima while avoiding local minima, the spread of the distribution of new stimulation 134 
patterns was determined by an ‘annealing factor’, λ. The value of λ changed after each block, according 135 
to:    136 

λi+1  = λi × 𝑐𝑐 �
𝑐𝑐 = 0.8, 𝑖𝑖𝑖𝑖 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑤𝑤𝑤𝑤𝑤𝑤 𝒏𝒏𝒏𝒏𝒏𝒏 𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢
𝑐𝑐 = 1.118, 𝑖𝑖𝑖𝑖 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑤𝑤𝑤𝑤𝑤𝑤 𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢  equation 2 137 

where λi and λi+1 are the current and next λ values respectively, and c is a weighting scalar. If a new, 138 
‘best’ (e.g. minimum error), stimulation pattern was found on the current block, then 𝑐𝑐 = 1.118 to increase 139 
the search space. If no new best was found, then 𝑐𝑐 = 0.8 to settle to the minima. λ was initialized at 3.3 140 
and capped at 10 for in silico and in vivo recordings. For example, given Eq. 2, the new set of n stimulation 141 
patterns for in silico experiments would be: 142 

𝑠𝑠𝑛𝑛𝑖𝑖+1  = λ𝑖𝑖+1 ∗ 𝑁𝑁(0,1) + 𝑠𝑠𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 equation 3 143 
where 𝑠𝑠𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 is the previous best stimulation pattern and 𝑠𝑠𝑛𝑛𝑖𝑖+1 are n new stimulation patterns.  144 
ACLS has several parameters, including the number of stimulation patterns generated in each block, the 145 
number of repetitions of each stimulation pattern, and the scaling of the annealing factor with learning (c 146 
from Eq. 2). In the Results and supplemental text, we explore different values for these parameters. 147 
Based on this, we found 5-10 new stimulation patterns per block balanced the speed of learning with the 148 
degree of exploration in stimulation space. Increasing the number of stimuli increased the block length, 149 
which decreased the rate of learning. This could be problematic if the features of the system being 150 
controlled change more rapidly than the algorithm can learn (i.e. it would no longer be able to compensate 151 
for drift). However, if the system is stable, then more stimulation patterns will improve the ability of ACLS 152 
to explore stimulation space and reliably find a globally optimal stimulation pattern (seen as decreased 153 
variance in learning curves when more patterns are used in each block). Thus, the number of repetitions 154 
of each stimulus should be chosen to mitigate the impact of noise while avoiding unnecessary resampling 155 
(that will slow overall learning). We found averaging over 3-5 repetitions worked well in vivo. We did not 156 
systematically explore different scaling factors of the annealing (c in Eq. 2). However, based on sparse 157 
sampling, we found setting c to [0.8, 1.118] was reasonable and allowed for exploration while still settling 158 
to a minimum in a reasonable amount of time. Increasing c will broaden exploration, while decreasing c 159 
will minimize exploration and allow ACLS to collapse to a local minima more quickly.  160 
Convolutional Neural Network Simulations 161 
We first tested ACLS in silico on a deep convolutional neural network (CNN). Recent work has shown 162 
that convolutional neural networks (CNNs) effectively model the representations and functional 163 
transformations of the ventral visual stream (Bao et al., 2020; Bashivan et al., 2019; Ponce et al., 2019; 164 
Walker et al., 2019; Yamins et al., 2014). Thus, CNNs offer a convenient, biologically relevant, in silico 165 
benchmark for testing the ability of ACLS to control neural activity.  166 
The CNN had 6 layers: an image input layer (9 x 9 pixels); 3 feature extraction layers (each consisting a 167 
convolutional layer, a batch normalization layer, a rectified linear layer, a max pooling layer), a 168 
penultimate fully connected layer, and a softmax classification layer (see Supplemental Methods). Unless 169 
otherwise noted, the activity of the fully connected layer (e.g. the final hidden layer) was the response 170 
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used to test ACLS.  171 
For initial in silico tests of the ACLS, CNNs were trained to classify numeric images using the MNIST 172 
dataset (7500 images of 0 to 9 digits; 750 samples from each digit; downsampled to 9 x 9 pixels). As 173 
expected, CNN performance was high (92% on average).  174 
To investigate the impact of network complexity on ACLS learning rate, a CNN was trained to classify 175 
2,10,18 or 26 alphabets from EMNIST dataset (91650 images of 26 English alphabets; 3525 samples 176 
from each letter). To achieve a similar classification accuracy (>87%) for this extended dataset, a second 177 
fully connected layer was added before the classification layer. ACLS was used to control the first fully 178 
connected layer. For these simulations, white Gaussian noise (µ = 0, σ = 0.5) was added to the response 179 
of the first fully connected layer. 180 
Experimental Model and Subject Details 181 
Adult female (N=7) and male (N=2) mice of at least 12 weeks of age were used for awake acute 182 
experiments (see Supplemental Methods). A subset of the mice (N=4) used for awake acute experiments 183 
were also used for adaptation experiments. All experiments and procedures were carried out in 184 
accordance with the standards of the Princeton University Animal Care and Use Committee (IACUC) and 185 
the National Institute of Health.  186 
Surgery was performed under general anesthesia and all animals were provided post-surgical pain 187 
management (see Supplemental Methods). To allow for neural recordings, a 3-4 mm diameter 188 
craniotomy was centered over visual cortex (2.2 mm lateral and 1 mm anterior to lambda; see 189 
Supplemental Methods)  190 
Acute Neural Recordings in Awake Mice 191 
Acute recordings were done 5-28 days after surgery. For recordings, mice were head-fixed in a 1.5 inch 192 
diameter, 4 inch long polycarbonate tube. Before experiments, mice were habituated to handling and to 193 
the recording setup for 2-4 days to reduce animal stress and movement artifacts. 194 
Stimulation and recording used a 64-site NeuroNexus silicon probe (A2x32-5mm-25-200-177-A64). The 195 
probe consisted of two shanks (200 µm apart). Each shank had 32 electrodes (area of 177µm2) arranged 196 
in a line and separated by 25µm. All electrodes were activated with iridium oxide. The 32 electrodes on 197 
each shank were separated into 16 recording electrodes and 16 stimulation sites, as schematized in 198 
Figure S5B. Probes were inserted into primary visual cortex. 199 
Extracellular electrophysiological signals were acquired using an RZ5 processor (Tucker-Davis 200 
Technologies, TDT) with a sampling rate of 25 kHz and band-pass filtered from 0.5 to 5 kHz. Electrical 201 
stimulation was delivered by an IZ2 stimulator (TDT) and consisted of a series of 10 cathode-leading, bi-202 
phasic pulses (200µs pulse width) delivered at 300Hz. During learning, the ACLS algorithm only changed 203 
the amount of electrical charge delivered to each stimulation site; the stimulation sites and other 204 
stimulation parameters were kept constant throughout the experiment. 205 
Action potentials (spikes) were detected by thresholding the filtered electrophysiological signal (see 206 
Supplemental Methods). Waveforms were manually inspected by the experimenter and channels with 207 
artifacts were excluded from the entire experiment (inspected waveform characteristics included inter-208 
spike-interval, waveform shape, amplitude, etc.; Hill et al., 2011). To facilitate real-time, closed-loop 209 
control, we did not sort spikes into single neurons. As such, all neural activity is ‘multiunit’ in that it could 210 
contain contributions from multiple neurons near the recording electrode.  211 
The multiunit response to electrical stimulation was taken as the number of spikes during a 200ms 212 
window. The window was automatically adjusted for each experiment to maximize information about 213 
electrical or visual stimuli (see Supplemental Methods) but always started at least 10ms after the last 214 
stimulation pulse to avoid stimulation artifacts. To ensure our electrically-evoked multiunit responses 215 
were physiologically meaningful, we used ACLS to reproduce the multiunit response to visual stimuli. 216 
Therefore, only visually-responsive multiunits were used in these experiments. Visual responsive 217 
multiunits were defined as carrying ≥0.05 bits of information about the presented visual stimuli (see 218 
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Supplemental Methods). In total, 5-15 multiunits were recorded in any experiment. Note that, although 219 
the target pattern did not include non-visually responsive multiunits and the ACLS did not consider these 220 
multiunits in its operation, these multiunits may have been affected by electrical stimulation. 221 
Stimulation was delivered through the stimulation sites closest to the recording electrodes with target 222 
multiunits. If a recording electrode had two neighboring stimulation sites, then both were used. Similarly, 223 
one stimulation site may neighbor two recording electrodes. Typically, the number of recorded multiunits 224 
and stimulation sites were roughly equal. For example, if an experiment used 10 multiunits from 10 225 
recording electrodes, then the set of ~10 closest stimulation sites were controlled by the ACLS. Once the 226 
recording electrodes and stimulation sites were defined, they remained constant throughout the 227 
experiment. 228 
Mapping visual response space and Identifying a Target Response 229 
For in vivo experiments, the achievable visual response space was mapped by presenting natural stimuli 230 
from the Caltech 101 database (Fei-Fei et al., 2004). Between 4 and 20 images were randomly presented 231 
in a sequence (stimuli lasted 200ms, followed by 1000ms of blank gray screen, each stimulus was 232 
presented 20 times; see Supplemental Methods). The response of recorded multiunits to each image 233 
created an N-dimensional vector (where N is the number of multiunits, which ranged from 5-15). Principal 234 
components analysis (PCA) was used to reduce the dimensionality of this space – the first two principal 235 
components were used to define the ‘visual response space’. 236 
For each experiment, the ‘target’ of the ACLS algorithm was chosen as the multiunit response to a 237 
stimulus. As detailed below in Results, experiments simultaneously learned to produce two different 238 
target responses. Targets were chosen to be in different parts of the visual response space, controlling 239 
for drift in the state of the network or animal.  240 
Computing Error of Evoked Multiunit Responses 241 
Like visual stimuli, each ACLS-controlled electrical stimulus generated a response vector; taken as the 242 
activity of recorded multiunits during a 200ms window immediately after electrical stimulation (see 243 
Supplemental Methods). Response vectors were then projected into the visual response space using the 244 
first two principal components (defined by responses to visual stimuli, see above). The error for ACLS 245 
learning was taken as the Euclidean distance between the 2D coordinates of the stimulation-evoked 246 
response and the target response. This error is termed the ‘reduced dimensional error’. Similarly, error 247 
was also computed in the full dimensional space, defined as the Euclidean distance between the 248 
stimulation-evoked response vector and the target response in the full N-dimensional space (where N is 249 
the number of recorded multiunits).  250 
Adaptation experiment 251 
Adaptation experiments immediately followed a subset (n=4) of the awake recording experiments. Probe 252 
placement, electrical stimulation, and multiunit recordings were all performed as in awake acute 253 
experiments. 254 
Prior to adaptation experiments, ACLS was used to learn two electrical stimulation patterns (ES1, ES2) 255 
that reproduced the population-level response of two target responses of visual stimuli (VS1 and VS2; 256 
learning was performed as in awake experiments). ES1 and ES2 were taken as the stimulation patterns 257 
during the last block of learning with the smallest error to the target response of visual stimuli VS1 and 258 
VS2, respectively. Each trial of the adaptation paradigm consisted of two visual stimulus presentations 259 
(either VS1 or VS2), followed by electrical stimulation (either ES1 or ES2). This yielded eight different 260 
trial types: VS1→VS1→ES1, VS2→VS2→ES1, VS1→VS2→ES1, VS2→VS1→ES1, VS2→VS2→ES2, 261 
VS1→VS1→ES2, VS1→VS2→ES2, VS2→VS1→ES2. Given constraints on the duration of awake animal 262 
experiments, we limited our investigations to this subset of possible sequence combinations, because 263 
they allowed for adaptation to be measured between visual and electrical stimulation and matched 264 
previous work (Winston et al., 2004). All stimuli were followed by a 100ms interstimulus interval (ISI). 265 
Trials were separated by 4500-5000ms intertrial interval (ITI). ISI and ITI values were chosen based on 266 
previous studies (Jin et al., 2019) . Each trial type was repeated 30 times and the trial order was random.  267 
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The adaptation effect was quantified using an adaptation index, 𝐼𝐼 = 𝑅𝑅𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷−𝑅𝑅𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆

𝑅𝑅𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷+𝑅𝑅𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆
× 100, where 𝑅𝑅𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 268 

was the average multiunit activity in response to a repeat of the same stimulus and 𝑅𝑅𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 was the 269 
average multiunit activity in response to a different stimulus.  270 
Correcting for Drift and Quantifying Noise 271 
To quantify global drift in the response space over time in the in vivo experiments, the initial stimulation 272 
pattern of each run was repeated twice per block. Drift was measured as the Euclidean distance between 273 
these repetitions and the target response. Because these stimuli were sampled infrequently, the moving 274 
mean of this drift was computed across 6 blocks. The error of these repetitions was not reported to the 275 
ACLS algorithm. To correct for this drift, the error of ACLS evoked patterns was divided by the drift for 276 
each block. 277 
To quantify noise in the response to electrical stimulation, each stimulation pattern was repeated 5 times 278 
per block during in vivo experiments. Noise was computed as the pairwise Euclidean distance between 279 
repetitions of the same stimulus, averaged across all stimuli per block.  280 
Quantifying the Success of ACLS 281 
Success of each ACLS recording was quantified in three ways. First, a decrease in error from the first to 282 
the last block was computed as: ∆𝜀𝜀 = 𝜀𝜀𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 − 𝜀𝜀𝑒𝑒𝑒𝑒𝑒𝑒 where 𝜀𝜀 is the error function (equation 1) during the 283 
first and last block. ∆𝜀𝜀 > 0 was considered a success. Second, a decrease in error over time was 284 
determined by fitting the first order exponential, 𝑓𝑓(𝑥𝑥) = 𝑎𝑎𝑒𝑒𝜆𝜆𝜆𝜆 + 𝑐𝑐 to the error trajectory. A negative value 285 
of λ (e.g. a decreasing function) was considered a success. 286 
Third, we tested the ability of ACLS to selectively evoke a population-level neural response by calculating 287 
a selectivity index 𝑠𝑠 =  𝜀𝜀𝑟𝑟𝑟𝑟𝑟𝑟1,𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡1 − 𝜀𝜀𝑟𝑟𝑟𝑟𝑟𝑟2,𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡1 , where 𝜀𝜀𝑟𝑟𝑟𝑟𝑟𝑟1,𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡1 is the error of the current ACLS run 288 
to its target, and 𝜀𝜀𝑟𝑟𝑟𝑟𝑟𝑟2,𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡1 is the error of the other, simultaneous (and independent), ACLS run to the 289 
same target. Alternatively, we calculated selectivity as 𝑠𝑠 =  𝜀𝜀𝑟𝑟𝑟𝑟𝑟𝑟1,𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡1 − 𝜀𝜀𝑟𝑟𝑟𝑟𝑟𝑟1,𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡2 which tested 290 
whether a run was closer to its target than the other target (error was drift-corrected to compensate for a 291 
global shift towards either target). In both cases 𝑠𝑠 < 0 was considered a success. These errors captured 292 
specificity of ACLS and ensured the reduction in error was not due to a general collapse to a common 293 
response space across runs.  294 
Results  295 
Adaptive closed-loop stimulation (ACLS) works by iterating through three steps (Figure 1). First, the 296 
system observes the evoked response to a specific pattern of stimulation (Fig. 1A). Here, we measure 297 
the multiunit firing rates of a population of neurons. However, this response could be any measurable 298 
variable, such as distal neural activity, oscillations in the local field potential, blood-oxygenation signals, 299 
or behavior. Second, the ACLS evaluates an error function that determines how much the evoked 300 
response differs from the desired ‘target response’ (Fig. 1B). Here, we use Euclidean distance to a target 301 
response of neural activity, but ACLS could use different error functions to achieve other neural or 302 
behavioral states. Third, a machine learning algorithm updates the stimulation pattern in order to reduce 303 
the error value (Fig. 1C). By iteratively progressing through these steps, the algorithm learns a stimulation 304 
pattern that minimizes the error function and, thus, produces a target response (see Methods for details 305 
and Box S1 for pseudocode).  306 
ACLS control of neural representations in silico 307 
We first implemented ACLS in silico, testing its ability to control activity within a deep convolutional neural 308 
network (CNN). CNNs have representations similar to those found in visual cortex (Ponce et al., 2019; 309 
Yamins et al., 2014) and neurons in CNNs have many of the properties of neurons in the brain (e.g. non-310 
linearities and complexity of responses). Therefore, controlling CNNs faces many of the same obstacles 311 
as controlling the brain, making it a good starting point for testing ACLS.  312 
Here, we used ACLS to control a 5-layer CNN trained to classify 10 numeric digits from the MNIST 313 
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database (Fig. 2, see Methods). ACLS delivered ‘stimulation’ inputs to the input layer of the CNN (i.e. a 314 
grayscale image, Fig. 2A). The ACLS learned the amplitude of stimulation input to each neuron in that 315 
layer (i.e. the pixel value, bounded in the grayscale range). The response of the CNN was taken as the 316 
pattern of activity in the last hidden layer (i.e. immediately preceding output; the ‘response’ layer in Fig. 317 
2A). Similar to the brain, stimulus representations become more complex along the hierarchy of the CNN 318 
(Mahendran and Vedaldi, 2016). Indeed, the last layer of the CNN represented the categories of stimuli 319 
in a distributed manner, across the neural population (Fig. 2D). Given this, we chose to control the activity 320 
of the last hidden layer to best approximate the complexities of the brain. 321 
Our goal was to generate specific patterns of neural activity in the last hidden layer. To this end, we 322 
began by mapping the response of this layer to 250 images of the numbers 0, 1, 2, and 3 (Fig. 2B; 1000 323 
total images). As expected for a distributed representation, the first 2 principal components (PCs) 324 
captured the majority of the variance in activity of the target layer (68.14%; Fig. 2C). Similar low-325 
dimensional representations are seen in the visual cortex, as shown below and in previous work (e.g. 326 
Cohen and Maunsell, 2010). Therefore, to reduce the impact of noise and to aid visualization, we 327 
projected the CNN response onto a two-dimensional space defined by the first two principal components 328 
(Fig. 2D, colored points).  329 
A target response was randomly selected from the set of responses to images of the number ‘1’ (Fig. 2D, 330 
orange star; note, this choice was arbitrary and other targets could have been chosen without detriment). 331 
ACLS learned to produce this target response by minimizing an error function, taken as the Euclidean 332 
distance between the response of the CNN to the current stimulation pattern and the target response. 333 
Euclidean distance was calculated in the two-dimensional PC space (although similar results were 334 
observed in the full dimensional space, as shown below).  335 
To learn to minimize this error function, ACLS used a stochastic learning algorithm (Fig. 2E). On each 336 
block of trials, the algorithm generated a set of new stimulation patterns by randomly perturbing the 337 
current ‘best’ stimulation pattern (see Methods). Each of these new patterns was then evaluated 338 
according to the error function and the stimulation pattern with the lowest error was taken as the new 339 
best stimulation pattern (if none of the new patterns improved performance, then the previous best 340 
stimulation pattern was kept). This process was repeated for each block, allowing the algorithm to 341 
iteratively move closer to a stimulation pattern that minimized the error function. In the example shown 342 
in Figure 2, ACLS was initialized with a random image of the number 0 from which to generate its first 343 
set of stimulation patterns. Note that the ACLS did not receive any information about the response to the 344 
images which generated the two-dimensional PC space or about the stimulation that produced the target 345 
response. The only input to the ACLS was the random initial stimulation pattern and the error of each 346 
stimulation response.  347 
One concern with such ‘greedy’ algorithms is that they are prone to finding local minima in the error 348 
function. To reduce the likelihood of this happening, initial blocks of learning used large perturbations, 349 
allowing ACLS to broadly explore stimulation space. The magnitude of the perturbations was then slowly 350 
reduced over time, allowing the algorithm to identify a locally optimal stimulation pattern (see Methods 351 
and Box S1). The stochastic learning algorithm was chosen because it does not require a model of the 352 
system and because it does not have to estimate the gradient of the error function (avoiding strong 353 
assumptions about the nature of the response manifold). This is important, since neural responses may 354 
follow complex topologies in neural networks (DiCarlo et al., 2012). In this way, the stochastic learning 355 
algorithm avoids the obstacles that make it difficult to control complex neural networks.  356 
As seen in Fig. 2F, ACLS successfully minimized the Euclidean distance between the stimulation-evoked 357 
neural response and the target pattern. As described above, the variance of the stimulation patterns was 358 
initially high, as the algorithm explored the broad stimulation space (Fig. 2G). Over time, the variance 359 
decreased, allowing the algorithm to settle on the (locally) optimal stimulation pattern. After 50 blocks of 360 
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361 

ACLS stochastic learning algorithm. During a block, the algorithm generates a set of new patterns (column of 
dots) by perturbing the current ‘best’ pattern (black dot in previous column). Of these, the pattern that 
minimizes the error function of the system (y-axis) becomes the new ‘best’ pattern. This process repeats during 
each block, keeping the previous best stimulation pattern if none of the new patterns decreased error (red-
circle and dotted lines). (F) Example learning trajectory of ACLS. Orange star denotes the target response. 
Orange line shows the trajectory of responses as the ACLS system learns. Each point denotes the mean 
response from a single block, with the shaded region around that point indicating the SEM in response (each 
block included 5 repetitions of 10 unique stimulation patterns). Initial orange point was mean response on 
block 1, with dotted black line indicating its displacement from the initial condition. In this simulation, Gaussian 
noise (µ = 0, σ = 0.5) was added to the response of the fully connected layer on each trial. Inset shows region 
indicated by gray box in full plot, with distributions of the ACLS learning path removed for clarity. (G) Annealing 
factor (λ) controls the magnitude of perturbations when generating new stimulation patterns. To arrive at global 
minima, while avoiding local minima, the stochastic learning algorithm increases/decreases the magnitude of 
the random perturbations to the current best pattern depending on whether a new best stimulus was/was not 
found during the previous block (see Methods and Box S1). (H-I) Error (ϵ) between ACLS-evoked responses 
and target response across blocks, computed in both the (H) Two-dimensional PC space and (I) full 
dimensional space. Solid line shows mean error per block (N=50 stimulations per block, x-axis). For 
comparison, the dotted line shows the error over learning when ACLS minimized error in the full-dimensional 
space (N=50 stimulations per block). (J) Stimulus classification accuracy by the CNN during learning. Orange 
line shows the fraction of ACLS-generated stimuli that were classified as the target category (e.g. the number 
1). Black line shows the fraction of stimuli classified as the number 0 (the initial stimulation pattern provided to 
the ACLS; dotted line shows the classification rate of this initial image prior to the first block). 
 

Figure 2. ACLS control of 
representations in a deep 
convolutional neural network. (A) 
Schematic of experiment. A 5-layer 
deep convolutional neural network 
(CNN) was trained to classify 10 
numeric digits from the MNIST 
database (see Methods). Images were 
downsampled to a resolution of 9x9 
pixels before training. Numerical 
images were delivered as ‘stimulation’ 
to the trained network and activity in the 
last hidden layer was considered the 
‘response’. For each response, an error 
function (Euclidean distance) between 
the evoked and target response was 
computed (yellow box). This error was 
provided to the ACLS which used a 
stochastic learning algorithm (see 
panel E and Methods) to iteratively 
improve the stimulation pattern (purple 
box). (B) The target response of the 
CNN, taken as the response to a 
randomly selected image of the number 
1. (C) Distribution of explained variance 
captured by the principal components 
(PCs) of the activity in the response 
layer of the CNN. (D) Response of the 
neurons in the response layer to 250 
different images of the numbers 0, 1, 2 
and 3, colored in green, gray, purple 
and blue, respectively. Responses are 
projected into the two-dimensional 
subspace created by the first two PCs. 
The orange star shows the target 
response (from B). (E) Schematic of 
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stimulation, ACLS discovered a stimulation pattern that was 92.32% closer to the target than its initial 362 
starting point in this example (Fig. 2H; 2500 total trials, 50 trials in each block, consisting of 5 repetitions 363 
of 10 stimulus patterns, see Supplemental Methods). This was consistent across replications of the 364 
experiment (91.51 +/- 2.57% STD closer to target, N=50). Despite learning in a reduced-dimensional 365 
PC space, ACLS also reduced distance in the full-dimensional space, moving 48.25% closer in this 366 
space (Fig. 2I; 53.67 +/- 17.01% STD for N=50 replications). When ACLS minimized error in the full-367 
dimensional space (rather than the reduced-dimensional space), it moved 80.87% closer in this 368 
space (Fig. 2I, dotted orange line; 83.08 +/- 2.76% STD for N=50 replications). Interestingly, the 369 
stimulation patterns identified by ACLS were classified by the CNN as belonging to the target number 370 
(Fig. 2J). This categorization was not part of the error function but reflects the overlap between the 371 
stimulation evoked response and the original stimulus-driven response.  372 
It is important to note that ACLS is not necessarily re-discovering the initial input that generated the target 373 

Figure 3. ACLS is robust to noise in the 
network, drift in the state of the network, and 
the complexity of the network. (A) Traces 
showing the impact of different noise magnitudes 
on the repeated presentation of the same stimulus 
pattern. On each trial, white Gaussian noise (µ = 0, 
σ = 0, 0.5, 1, 3, or 5) was added to the response of 
the final hidden layer (equates to an average SNR 
of ~ ∞, 18, 9, 3, and 2, respectively). Traces show 
the block-averaged error of evoked response to the 
same stimulation pattern across blocks (e.g. the 
initial pattern given to ACLS; N=2 repetitions per 
block). N=50 replications for each noise level. (B) 
Noise in response impaired ACLS learning. Noise 
levels match those in A. Repeating stimuli 
mitigated the impact of noise: light, medium, and 
dark gray lines show the error across blocks with 1, 
5, and 10 repetitions of each stimulus when noise 
was held constant at σ = 3. Lines show the median 
block-averaged error of evoked response, 
normalized to the average error of the first block 
(N=50 runs for each noise level). Shaded regions 
show inter-quartile range (IQR). (C) As in A, but 
shows how drift in the weights of the fully 
connected layer affects the response to the 
repeated presentation of the same stimulus 
pattern. On each trial, white Gaussian noise was 
accumulatively added to the weights of the fully 
connected layer (σ of noise distribution was 0, 
0.93, 9.3, or 93% of the initial standard deviation in 
weights). N=50 replications for each drift level. (D) 
As in B, but shows the ACLS can compensate for 
most levels of drift. Colors match drift levels in C. 
(E) Bar plot showing that increasing the number of 
image classes to be classified by the CNN 
increased the dimensionality of the final hidden 
layer. Dimensionality was measured as the number 
of principal components needed capture ≥90% of 
the variance. (F) As in B and D, but shows 
increasing the complexity of the representational 
space slows ACLS learning, but does not prevent 
learning. Colors match image classes in E. 
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pattern (Fig. S1). Instead, ACLS is often discovering new stimulation patterns that produce the same 374 
response in the last hidden layer. Such ‘adversarial images’ are a known phenomenon in deep CNNs 375 
and reflect the convergent nature of the CNN (Szegedy et al., 2014). The goal of the CNN is to map 376 
varied inputs onto similar representations and so it is not surprising that the algorithm is identifying one 377 
of these alternative stimulation patterns. Indeed, if ACLS is tasked with controlling earlier hidden layers 378 
(e.g. convolution layer 1 or 2) the discovered stimulation pattern closely resembles the initial stimulation 379 
pattern (Fig. S1). This suggests the adversarial images are not a by-product of the ACLS approach but 380 
reflect the convergent nature of CNNs. 381 
ACLS was robust to variability in neural responses. Previous work has shown neural responses are highly 382 
variable, possibly due to a combination of random noise and drift in the state of the animal (Calhoun et 383 
al., 2019). Here, we show ACLS is robust to both random noise and systematic drift. As seen in Figure 384 
3A-B, ACLS was robust to random noise. Noise was modeled by adding white noise to the response to 385 
a stimulation pattern (Fig. 3A). At low levels of noise (a signal to noise ratio, SNR ≈ ∞ and SNR ≈ 18) 386 
ACLS learned at approximately the same speed as when there is no noise (Fig. 3B, purple and green 387 
lines, respectively). Intermediate levels of noise (SNR ≈ 9; yellow line) slowed the speed of learning, but 388 
ACLS still converges on a stimulation pattern that approximates the target response. Finally, high levels 389 
of noise (SNR < 4, gray and blue lines), disrupted learning significantly. This is to be expected, as the 390 
same stimulation led to drastically different responses from the CNN. In a high noise environment, 391 
averaging the responses across repeated stimulation helped to compensate for the impact of noise (Fig. 392 
3B, light, medium, and dark gray lines show SNR ≈ 3 but with 1, 5, and 10 repetitions, respectively). This 393 
makes sense, as random noise averages to zero, but comes at the cost of slowing learning as each 394 
stimulation must be repeated. However, it suggests averaging the response to repeated stimulation can 395 
help ACLS learn in a high-noise environment, something we take advantage of when controlling neural 396 
representations in vivo (detailed below).  397 
ACLS was also able to compensate for drift in the responses of the CNN. Drift was modeled by changing 398 
the weight matrix of the fully connected layer within the CNN (weights drifted by 0-93% per trial). 399 
Changing the weight matrix meant the same input (i.e. an image of a ‘0’ or ‘1’) led to a different response 400 
over time (Fig. 3C). Despite this drift, ACLS was able to learn to generate the target pattern, unless drift 401 
levels were such that the network was highly unstable (Fig. 3D). This is an advantage of the learning 402 
nature of ACLS; as the system state shifts, ACLS can learn to compensate for changes in the response. 403 
Next, we investigated how the complexity of the CNN impacted the ability to learn. To manipulate 404 
complexity, we trained a new network to classify either 2, 6, 10, or 26 different letters (from EMNIST 405 
database, see Methods). Despite changes in the read-out layers, all other characteristics of the network 406 
remained the same. As seen in Figure 3E, increasing the number of stimuli to be classified increased the 407 
dimensionality of the hidden target layer (as measured by the number of PCs necessary to explain ≥90% 408 
of the variance in activity). In all cases, ACLS was able to learn to control the CNN. However, learning 409 
speed was slower in higher dimensional networks, suggesting more time may be needed to learn in 410 
complex networks (Fig. 3F; all ACLS parameters were held constant). 411 
Finally, as noted above, one of the strengths of the ACLS approach is that it can use different error 412 
functions to achieve different goals. To show this, we used ACLS to learn to control CNN activity with an 413 
error function that increased the cosine similarity between the evoked response and the target response. 414 
Learning with this alternative error function was similar to previous results (Fig. S2A-B), suggesting ACLS 415 
can be used as a general tool for minimizing different error functions. 416 
Altogether, our in silico simulations showed ACLS can learn to control a complex neural network. It was 417 
robust to noise, drifts in neural state, changes in network complexity, and could minimize multiple cost 418 
functions. 419 
ACLS control of neural representations in vivo 420 
Next, we tested the ability of ACLS to control neural populations in vivo. ACLS was able to produce neural 421 
responses in both anesthetized and awake animals. Here we focus on awake animals as they provide 422 
the more complete test of ACLS; details of the anesthetized results are provided in the supplemental 423 
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information (Figs. S3-4). 424 
As with the in silico experiments, we were interested in testing whether ACLS could produce ‘natural’ 425 
neural responses. To this end, we began by mapping the response of visual cortex neurons to different 426 
visual stimuli (each presented for 200ms, see Supplemental Methods and Fig. S5A). Both 427 
electrophysiological recording and electrical stimulation were done through a single silicon probe inserted 428 
into primary visual cortex (V1; 32 electrodes for recording, 32 sites for stimulation, see Figs. 4A and S5B-429 
C and Methods). This allowed us to record from small populations of neurons (5-15, all multiunit activity, 430 
see Methods), while stimulating at nearby sites. The response of a multiunit to a visual stimulus was 431 
taken as the number of spikes during a 200ms window after stimulus onset. The precise timing of the 432 
window varied across recordings to best capture the evoked response but was typically 40-240ms after 433 
stimulus offset (see Methods). Multiunits that were not selectively responsive to the visual stimuli were 434 
excluded from further analysis, including ACLS learning (see Methods). The response of selective 435 
multiunits was then used to define a population response vector to each stimulus (see Methods).  436 
Figure 4A shows an example recording in which an animal received 20 repetitions of 10 different 437 
isoluminant visual stimuli, resulting in 200 stimulus responses (Fig. 4B, response vector is across 7 438 
multiunits). To define the response space of the recorded visual cortex multiunits, we used PCA to create 439 
a two-dimensional space that captured the majority of variance in responses (73.53%, Fig. 4C-D; across 440 
N=24 recordings the first 2 PCs captured 81.54% +/- 1.77% SEM of the variance). Projecting responses 441 
into this reduced dimensionality space mitigated the effect of noise and emphasized the effect of visual 442 
stimulation. It also allowed us to define the space of ‘achievable’ patterns of neural responses. 443 
Once the visual response space was defined, we used ACLS to learn electrical stimulation patterns that 444 
could reproduce the neural response to visual stimuli. Electrical stimulation was delivered through 32 445 
dedicated stimulation sites (see Fig. S5B for example map of stimulation sites on the probe). Although 446 
32 stimulation sites were available, several of them fell outside of cortical tissue. So, stimulation was 447 
limited to sites that were local to recording electrodes with a multiunit response and, therefore, were likely 448 
in or near cortex (typically 6-16 stimulation sites; see Supplemental Methods for exclusion criteria). 449 
Electrical stimulation patterns were defined as the vector of stimulation amplitude across the set of 450 
stimulating sites. Each site delivered a specific amount of charge (between 0-10 nC), that was updated 451 
by the ACLS system from trial to trial. All stimulations were delivered in a sequence of 10 cathode-leading, 452 
high-frequency bi-phasic pulses (200µs pulses delivered at 300 Hz). The neural response to electrical 453 
stimulation was measured in the same window as visual stimulation (e.g. 200ms window starting 40-454 
240ms post stimulation offset), which avoided artifacts from the electrical stimulation (see Supplemental 455 
Methods and Fig. S5C for schematic of spike detection).  456 
Before learning, two target responses were manually selected from the visual stimulus response space 457 
(Fig. 4C, orange and purple stars). Selection was done blind to the exact response pattern, but targets 458 
were chosen such that they were separated in the neural response space. The ACLS algorithm then 459 
learned to produce each target response by reducing the error between the evoked response and the 460 
target (see Fig. S6 for example stimulations and responses along the learning trajectory). As for in silico 461 
experiments, the error function was taken as the Euclidean distance in two-dimensional PC space 462 
between the evoked response and the target response. The ACLS system had no a priori knowledge of 463 
the stimulation space or the relationship between stimulation and responses. ACLS was only provided 464 
with a) a randomly generated initial stimulation pattern (Fig. 4E; each site was randomly drawn from a 465 
uniform distribution, bounded to prevent tissue damage), and b) the error of each evoked response. The 466 
two selected targets were learned simultaneously by two independent runs of the ACLS algorithm  467 
(alternating randomly between the two targets; no information was shared between runs). 468 
As with the in silico experiments, ACLS learned to produce the target pattern of neural responses. Figure 469 
4F shows ACLS learning during our example session (see Supplemental Information and Fig. S7 for 470 
additional examples). Across 12 blocks, the evoked responses systematically moved through the two- 471 
dimensional PC space, moving 79.90% and 95.20% closer to their respective targets (i.e. orange towards 472 
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473 

(same as B and C; dotted lines show STD of visual response). Targets were learned by two simultaneous, but 
independent, runs of the ACLS algorithm. Orange and purple lines show the 2D trajectory of learning over 
blocks. Shaded region indicates SEM of responses in that block (N=12 blocks, each with 5 repetitions of 6 
unique stimulation patterns). Individual purple and orange points show response to repetitions of the initial 
stimulus pattern (1 repetition per block); transparency scales with time (light → dark). The movement of these 
points shows drift in the system over time. Black dotted line denotes borders of space shown in C. Inset shows 
region denoted by gray box. The only input to the ACLS algorithm was the initial stimulation pattern (purple 
pattern in E) and the error between each evoked response and target response (purple and orange lines). (G-
H) Error between ACLS-evoked responses and target response across blocks in (G) 2D response space and 
(H) full-dimensional space. Orange and purple lines show mean error per block (Euclidean distance; N=30 
stimulations); shaded regions show SEM. Dotted black line denotes noise floor, quantified as the average 
pairwise Euclidean distance between repetitions of the same stimulation pattern (N=5 repetitions of 6 unique 
stimulation patterns per block). Dashed purple and orange lines show drift in the response of the initial 
stimulation, measured as the distance to the target response. Lines for initial stimulus repetitions and noise 
lines reflect sliding window mean of 6 blocks. (I-J) Error over time, corrected for drift of initial stimulation 
response over blocks (see Methods). As in G-H, solid lines show error of learned responses across blocks 
and dashed lines show the corresponding noise floors (also corrected).  

Figure 4. ACLS can control neural 
representations in visual cortex of 
awake mice. (A) Experiment 
schematic. Awake, head-fixed mice 
were presented with visual stimuli 
(from Fei-Fei et al., 2004) while 
recording multiunit neural activity in 
the primary visual cortex (V1). Visual 
stimuli were 200ms in duration, 
interleaved with 1000ms 
presentations of a gray screen. 
Black trace shows example raw 
trace of visual stimulus-evoked 
spiking activity (red dots). (B) 
Example multiunit neural activity 
response to the purple (top) and 
orange (bottom) outlined images in 
A. (C) Distribution of responses to 10 
different visual stimuli, each 
presented 20 times (gray dots 
indicate response to one stimulus). 
Purple and orange stars show the 
target response to the purple and 
orange-outlined stimuli. Shaded 
regions denote STD of 20 visual 
stimulus presentations of each 
stimulus. (D) Explained variance in 
neural activity captured by the 
principal components. (E) 
Schematic of ACLS learning to 
reproduce visual stimulus-evoked 
neural responses. Electrical 
stimulation was applied with a gray 
screen to match baseline visual 
input. An example stimulation 
pattern across 7 stimulation sites is 
shown in purple. Black trace shows 
example raw trace of stimulation 
followed by spiking activity (red 
dots). (F) Example time course of 
learning. Orange and purple stars 
indicate the two target responses 
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orange and purple towards purple; 30 trials are in block, consisting of 5 repetitions of 6 stimulus patterns, 474 
see Methods). Accordingly, the error between the evoked response and the target response decreased 475 
over time (Fig. 4G; orange and purple solid lines, shading denotes SEM). Although the system was 476 
attempting to minimize error in the two-dimensional PC subspace, error was also reduced in the full 477 
dimensional neural space (Fig. 4H). Stimulation occurred approximately every 2.1 seconds, resulting in 478 
a total learning duration of ~12.5 minutes for each run (~25 minutes in total for the 2 simultaneous runs). 479 
As noted in our analysis of the in silico model, both noise and drift in neural responses influence the 480 
ability of ACLS to learn to evoke the target response. Here, noise was estimated by the average pairwise 481 
distance between the neural response to repetitions of the same stimulation pattern. This estimate of 482 
noise is shown in Figure 4G-H (black line). Such noise can impact ACLS in two different ways. First, it 483 
can lead to noise in the estimate of the error of a particular stimulation pattern (as shown in silico, Fig. 484 
3A). To compensate for this, ACLS averaged over 5 repetitions of each stimulation pattern. Second, the 485 
noise in the response also places a fundamental limit on how close ACLS can get to the target response 486 
pattern – it is impossible to get closer than the ‘noise floor’. This can be seen in Figure 4G-H: the error 487 
between the evoked response and the target response reduces across blocks but asymptotes close to 488 
the noise floor (Fig. 4G-H, black dashed line).  489 
Drift in the system is reflected in a systematic change in the response to the same stimulation over time. 490 
Such changes could reflect adaptation to stimulation, movement of the probe, or changes in the animal’s 491 
physiological state (i.e. arousal). To understand the nature of drift in vivo, we repeated a fixed set of 10 492 
stimulation patterns in an anesthetized mouse over a period of 1 hour. As seen in Figure S8, the response 493 
to the same stimulation pattern changed dramatically over time, suggesting drift can be a significant 494 
issue. Interestingly, the magnitude of drift was highly correlated across stimulation patterns, suggesting 495 
drift reflects a global state change, rather than pattern-specific changes.  496 
It is important to account for drift when evaluating the success of ACLS, as drift could either be towards 497 
or away from a particular target. Therefore, to measure and correct for drift, we repeatedly delivered the 498 
initial stimulation pattern for both targets throughout the recording (note: the ACLS algorithm was not 499 
aware of these stimulations or the responses). In our example recording, the evoked response to the 500 

Figure 5. Quantifying ACLS success in awake 
animals across multiple sessions. (A) 
Corrected error over time for all ACLS runs (N = 
48) in all recording sessions (N=24), across all 
mice (N=16). Display follows Figure 4I. Individual 
orange and gray lines show error over time of 
individual successful and failed ACLS runs, 
respectively. Runs were considered successful if 
the mean error during the final block was less than 
the first block. Red line shows mean trajectory 
across successful runs. For visualization, the x-
axis truncated at 15 blocks (N=6 runs were longer 
than 15 blocks, all continued to decrease in error). 
(B) Pairwise comparisons of drift-corrected error 
(orange dots) and noise (black dots) at blocks 1, 
5 and 10 across all successful ACLS runs (N=41). 
ΔN is the mean difference between the error and 
the noise of each run (i.e. gray lines). (C) Table of 
success rate of the ACLS runs across multiple 
sessions, quantified by a reduction in error over 
learning (left column), a negative exponential fit to 
the learning curve (middle column), and specific 
learning towards one target (relative to the other; 
right column). See text and Methods for details of 
the statistics. 
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initial stimulation patterns drifted over time (Fig. 4F, orange and purple dots), which decreased the ‘error’ 501 
of the initial stimulation pattern relative to the target responses (Fig. 4G-H, orange and purple dashed 502 
lines). To correct for this drift, we calculated the ‘drift-corrected error’ of each response by dividing the 503 
error of each response by the ‘error’ of repeats of the initial stimulation pattern (see Methods). As seen 504 
in Figure 4I-J, even following this correction, ACLS is able to reduce the error between the evoked and 505 
target response in both the reduced and full dimensional spaces. 506 
A decrease in drift-corrected error was observed for the majority of recordings. Figure 5A shows the error 507 
traces of all ACLS recordings (48 ACLS runs, across 24 recordings in 9 animals), colored by whether 508 
ACLS successfully reduced error. Across all successful runs, ACLS decreased the Euclidean distance 509 
by 36.91% +/- 4.90% SEM by the end of the 5th block and by 45.57% +/- 3.75% SEM by the end of the 510 
10th block (often approaching the noise floor, Fig. 5B). To quantify learning of each run, we measured the 511 
difference in error between the evoked and target response on the first and last block of learning. Over 512 
48 total runs, this error was reduced in 85.42% of the runs (Fig. 5C; 41/48 runs, p=10-7, binomial test vs 513 
50% chance). Similarly, we can quantify the change in error with learning by fitting an exponential curve 514 
to the error over the blocks in each run (𝑓𝑓(𝑥𝑥) = 𝑎𝑎𝑒𝑒𝜆𝜆𝜆𝜆 + 𝑐𝑐, see Methods). Using this metric, 81.25% of the 515 
runs successfully reduced error (λ<0 for 39/48 runs, p=10-6, binomial test). In the full dimensional space, 516 
ACLS reduced error on 81.25% of the runs (quantified as decreased error in the last block compared to 517 
the first; 39/48, p=10-6, binomial test). Although ACLS learned to reduce the Euclidean distance between 518 
the evoked and target neural patterns, it also improved other metrics of similarity between the evoked 519 
and target responses. For example, the angular distance (𝑑𝑑 = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎( 𝐴𝐴∙𝐵𝐵

‖𝐴𝐴‖‖𝐵𝐵‖
) ∙ 1

𝜋𝜋
) decreased in the 520 

reduced-dimensional space in a significant majority of runs (Fig. S9, 36/48 runs, 75.00%, p=10-4, binomial 521 
test; with a trend towards significance in the full-dimensional space: 29/48 run, 60.42%, p=0.097, binomial 522 
test).  523 
One concern is that these success metrics may reflect ACLS learning to navigate from the initial 524 
stimulation pattern to the ‘cloud’ of visually-evoked responses, rather than learning to produce a specific 525 
pattern of firing activity. To test the ability of ACLS to selectively evoke population-level neural responses, 526 
we calculated whether a given ACLS run ended closer to its target than the other simultaneous run (e.g. 527 
𝜀𝜀𝑟𝑟𝑟𝑟𝑟𝑟1,𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡1 − 𝜀𝜀𝑟𝑟𝑟𝑟𝑟𝑟2,𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡1 < 0). Consistent with selective responses, 72.92% of runs were selective for 528 
their own target in both the reduced and full dimensional space (Fig. 5C; 35/48 runs, p=0.001 by binomial 529 
test for both spaces). As an alternative metric, we calculated whether a given run ended closer to its 530 
target than the other target (e.g. 𝜀𝜀𝑟𝑟𝑟𝑟𝑟𝑟1,𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡1 − 𝜀𝜀𝑟𝑟𝑟𝑟𝑟𝑟2,𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡2 < 0; drift-corrected to compensate for a global 531 
shift towards either target). Using this metric, 68.75% of runs were selective for their own target in both 532 
the reduced and full dimensional space (33/48, p=0.0066 by binomial test for both spaces). One may 533 
expect selectivity values to be lower than overall success rates since they are more susceptible to high 534 
noise levels blurring discriminability between the targets. Indeed, logistic regression found the signal to 535 
noise ratio of the run was predictive of selectivity (p=0.018, see Methods). Supplemental experiments 536 
further validated the selectivity of ACLS in anesthetized experiments; it could selectively navigate 537 
between two electrically-evoked neural responses (Figs. S3 and S4; see Supporting Information).  538 
Using Adaptation to Test the Physiological Relevance of Electrically Evoked Patterns 539 
As noted above, our goal was to test whether ACLS could produce ‘natural’ neural responses. So far, we 540 
have measured similarity between the visually-evoked and electrically-evoked as the Euclidean distance 541 
in neural space. One concern is that this may result in neural responses that are not physiologically 542 
meaningful, either because Euclidean distance may not be an accurate measure of response similarity 543 
or because learning occurred in a reduced dimensional space (even though error in full-dimensional 544 
space was also reduced).  545 
Therefore, to test the physiological similarity between electrically-evoked and visually-evoked responses, 546 
we tested whether electrically-evoked responses adapted to visual stimuli. Previous work has shown that 547 
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the neural response to a visual stimulus is reduced when the stimulus is repeated (Jin et al., 2019). This 548 
‘adaptation’ of the neural response has been used to measure the similarity of neural responses to visual 549 
stimuli (Leopold et al., 2001). Here, we used this approach to test if neural responses to electrical 550 
stimulation were physiologically similar to visually-evoked responses by testing if the response to 551 
electrical stimulation was adapted by the presentation of the associated visual stimulus. 552 
To this end, we first mapped the visual response of multiunits and then used ACLS to learn stimulation 553 
patterns that generated neural responses similar to two different visual stimuli (as in Fig. 4 and 5). 554 
Specifically, electrical stimulation pattern ES1 and ES2 were taken as the stimulation patterns with the 555 
smallest error to visual stimuli VS1 and VS2, respectively (from last block of learning). To ensure the 556 

stimulus presentation period. (C) Adaptation was a consistent effect across all recorded multiunits. The 
magnitude of adaptation during visual (left) or electrical (right) stimulation. Adaptation was measured by an 
adaptation index, calculated as the percent change in firing rate in response to a different (or non-associated) 
stimulus (e.g. VS1→ ES2) relative to a repetition of the same (or associated) stimulus (e.g. VS1→ ES1; see 
Methods). Bar plots show mean and SEM of adaptation index in 50ms sliding windows across all stimulus 
pairs and all recorded multiunits (N=52 pairs from N=4 sessions; ***pbonferroni<0.001, *pbonferroni <0.05) 

 

Figure 6. ACLS-learned 
electrical stimulation 
elicits responses that are 
physiologically similar to 
the response to visual 
stimuli. (A) Schematic of the 
adaptation paradigm. On 
each trial two visual stimuli 
(VS1 or VS2; from Fei-Fei et 
al., 2004) were followed by 
an electrical stimulation (ES1 
or ES2). This yielded 8 total 
conditions, 3 of which are 
shown here (see Methods for 
full list of conditions). Visual 
stimuli were 200ms in 
duration, interleaved with 
100ms presentations of a 
gray screen. ES1/ES2 were 
the stimulation pattern with 
the smallest error to the 
response evoked by 
VS1/VS2. A 4.5-5s inter-trial 
interval (ITI) separate each 
trial. (B) Two examples of 
adaptation in multiunit activity 
(one example per row). Left 
plot shows the response to 
VS1 is lower when preceded 
by VS1 (green line) than 
when preceded by VS2 
(purple line). Traces show 
peristimulus time histogram, 
smoothed with a 50ms 
moving average. Right plot 
shows the response to ES1 
was lower when it was 
preceded by VS1 (yellow 
line) compared to when it was 
preceded by VS2 (blue line). 
Gray regions indicate 
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ACLS was able to reproduce the visual response, we only included the experiments in which ACLS 557 
successfully decreased the error towards both targets (N=4 total sessions). 558 
Next, we tested the effect of adaptation on both visually-evoked and electrically-evoked responses. 559 
Animals were presented with a sequence of three stimuli; two visual stimuli, followed by an electrical 560 
stimulation (Fig. 6A; see Methods). The sequence always started with visual stimulus 1 (VS1) or visual 561 
stimulus 2 (VS2). This was followed by either the same stimulus (e.g. VS1→VS1) or the other stimulus 562 
(e.g. VS2→VS1). Finally, the electrical stimulation could either match the second visual stimulus (e.g. 563 
VS1/2→VS1→ES1) or be different (e.g. VS1/2→VS2→ES1). Figure 6B shows the effect of adaptation for 564 
two example multiunits. As expected, repeated presentation of the same visual stimulus led to adaptation, 565 
reflected by a reduction in firing rate to the repeated stimulus (multiunit 1: 15.16% in 100ms-150ms and 566 
9.47% in 150ms-200ms, Fig. 6B, upper-left; multiunit 2: 7.94% in 100ms-150ms and 9.83% in 150ms-567 
200ms, Fig. 6B, bottom-left). The response to ACLS-learned electrical stimulation patterns was also 568 
adapted when preceded by the matching visual stimulus (multiunit 1: 4.79% in 100ms-150ms and 0.84% 569 
in 150ms-200ms, Fig. 6B, upper-right; multiunit 2: 20.13% in 100ms-150ms and 54.21% in 150ms-570 
200ms, Fig. 6B, bottom-right).  571 
Adaptation was consistently observed across sessions and multiunits (Fig. 6C; N=4 sessions, N=26 572 
multiunit). The evoked response to a repeated visual stimulus was reduced by 5.04% in the 50-150ms 573 
following stimulus onset (p<=5.5*10-8 in 50-100ms and p<= 5.6*10-8 in 100-150ms, t-test with Bonferroni-574 
corrected p-value, Fig. 6C). Similarly, the response to electrical stimulation was reduced by 3.26% in the 575 
150-200ms following stimulus onset if it was preceded by the matching visual stimulus (p=0.0092, t-test 576 
with Bonferroni-corrected p-value). Note that this effect followed the time course of the response to 577 
electrical stimulation (and not visual stimulation). This is to be expected, as adaptation is modulating the 578 
response to visual/electrical stimulation, not reshaping its time course. Together, these results suggest 579 
the neural responses evoked by ACLS are physiologically similar to natural neural responses.  580 
Discussion  581 
Here we present an Adaptive Closed-Loop Stimulation (ACLS) system that can learn to produce specific 582 
neural responses. The system uses a stochastic learning algorithm to reduce the error between the 583 
evoked neural response and a target neural response. Importantly, the model-free learning algorithm 584 
allows the ACLS to be agnostic to the underlying structure of the neural circuit and avoids needing initial 585 
knowledge of how neurons respond to electrical stimulation. 586 
We show ACLS learns to generate target responses in both in silico and in vivo neural networks (Fig. 2, 587 
4, 5 and 6). In awake animals, learning was successful for the majority of the recording sessions (~80% 588 
of runs reduced their error). The error between the initial and target pattern was typically reduced by 589 
~50% (often approaching the noise floor). This reduction was achieved within ~15 minutes (~10 blocks 590 
with ~300 total stimulations).  591 
In addition to reducing the error in ‘neural space’, we found electrically evoked responses were 592 
physiologically similar to natural responses evoked by visual stimuli. This was seen in the adaptation of 593 
electrically-evoked responses to a preceding, matching visual stimulus. Importantly, ACLS was robust to 594 
noise and drift in the state, as shown in both artificial and real neural networks. 595 
Here we present the ACLS using electrophysiological recordings of neural activity and electrical 596 
stimulation. However, the ACLS framework is flexible. It can be easily adapted to work with a variety of 597 
stimulation approaches (e.g. electrical, optical, or magnetic), a variety of ways to measure the response 598 
of the brain (e.g. single units, bold signal, local field potentials, or behavior), and a variety of error 599 
functions to achieve a desired neural or behavioral state. We believe this flexibility will allow ACLS to 600 
have several unique scientific and clinical applications. 601 
Scientific Applications of ACLS 602 
ACLS complements existing model-based and non-learning brain stimulation approaches. In 603 
comparison, ACLS allows for 1) improved control of neural populations and 2) optimization of any error 604 
function. Both of these characteristics will enable new scientific applications.  605 
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Recent experimental work has shown information in the brain is represented in a distributed manner, 606 
across the neural population (Saxena and Cunningham, 2019; Yuste, 2015). These population responses 607 
are thought to reside on a low dimensional manifold (Cunningham and Yu, 2014), with the position of 608 
neural activity on this manifold representing the value of a cognitive variable (e.g. visual perception, 609 
DiCarlo and Cox, 2007). However, this hypothesis is difficult to causally test because the stimulation 610 
patterns that drive activity to specific locations in this manifold are challenging to know a priori. Similarly, 611 
a model of the system requires detailed knowledge of single cell activity, population level encoding, and 612 
behavioral output. The ACLS could address these concerns by actively learning stimulation patterns that 613 
evoke different neural responses along the manifold. This would allow one to test how cognitive variables 614 
evolve over the manifold (as suggested by Jazayeri and Afraz, 2017). In particular, because ACLS can 615 
learn to reproduce any achievable neural response, one could directly compare the behavioral response 616 
to neural activity that is either on or off the manifold (Sadtler et al., 2014; Wärnberg and Kumar, 2019).  617 
In addition, the ACLS approach is well-suited to using electrical stimulation to change other 618 
characteristics of neural activity. This simply requires changing the error function. For example, an error 619 
function based on the oscillatory synchrony between neural populations would let ACLS learn stimulation 620 
patterns that synchronize neural populations, allowing one to test the role of synchrony in cognition (Danzl 621 
et al., 2009; Fries, 2015; Helfrich et al., 2018; Knudsen and Wallis, 2020). This highlights the power of a 622 
model-free approach – this is feasible with ACLS despite the fact that we do not have an accurate 623 
generative model of synchrony. 624 
Clinical Applications of ACLS 625 
Clinically, ACLS may improve the precision and efficacy of clinical neuromodulation devices. By learning 626 
the appropriate stimulation patterns, the system will be able to optimize stimulation protocols for 627 
neurodegenerative and neuropsychiatric disorders. In particular, by defining a disease-specific error 628 
function, ACLS could optimize the stimulation pattern to reduce a specific neural or clinical symptom. For 629 
example, one might want to treat Parkinson’s disease by stimulating such that pathological beta-band 630 
oscillations are reduced (Little et al., 2013). Alternatively, one could stimulate in a way that reduces motor 631 
tremors (Groiss et al., 2009). In both cases, the same ACLS approach is used; only the error function is 632 
updated. Furthermore, because error functions can be combined, the best stimulation pattern may be 633 
one that minimizes both beta-band oscillations and tremors. In this way, ACLS could provide the ability 634 
to extend existing stimulation treatments to allow for greater flexibility in the stimulation pattern and 635 
treatment options. 636 
Furthermore, the adaptability of ACLS could help to individualize treatments. Recent work suggests that 637 
the efficacy of deep-brain stimulation depends on physiological differences between patients and the 638 
exact placement of stimulating electrodes (Greene et al., 2020; Horn, 2019). The adaptability of ACLS 639 
could compensate for electrode placement or allow a greater number of electrodes to be implanted, with 640 
the system searching for the optimal stimulation pattern across those electrodes. Furthermore, current 641 
neurostimulators cannot quickly adapt to changes in state (i.e. changes in wakefulness or progression of 642 
a disease). Because the ACLS continuously tracks its own performance, it can automatically compensate 643 
for such state changes. Again, these examples highlight the power of model-free learning; model-based 644 
approaches would require infeasibly detailed, individualized, biophysical models to predict the effect of 645 
stimulation.  646 
Conclusion 647 
We demonstrate the utility of adaptive closed-loop stimulation (ACLS) to control neural networks, both in 648 
in silico models and in in vivo mouse cortex. We found that ACLS could learn (~15 minutes) to induce a 649 
specific pattern of neural activity in a population of 5-15 multiunits in awake mouse cortex. This learning 650 
was reliable (85.42% success) and robust to common challenges of brain stimulation such as drift in 651 
state. Furthermore, learned stimulation patterns evoked neural responses that were similar to the natural 652 
responses evoked by visual stimuli. Altogether, our results show ACLS can learn, in real-time, to generate 653 
specific patterns of neural activity, providing a framework for using model-free, closed-loop learning to 654 
control neural activity. 655 
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In its current form, ACLS has several limitations that motivate future work. The flexibility offered by the 656 
ACLS’ model-free approach comes at the cost of requiring the system to independently learn the 657 
stimulation pattern for each target response. In comparison, model-based methods take a large amount 658 
of time and data to learn but, once learned, can facilitate generalization. Future work can mitigate the 659 
cost of model-free learning by developing optimization algorithms that improve the success rate and 660 
speed of learning.  661 
The real-time nature of our experiments limited us to using a simple threshold detection to identify neural 662 
activity. This likely increased the level of noise in recorded responses and limited the selectivity of ACLS 663 
learning. Thus, real-time spike sorting may improve future ACLS performance.  664 
Future work is also needed to test the ability of ACLS to learn over longer periods, control more complex 665 
stimulation systems (greater than the ~10 stimulation sites used here), or control different types of 666 
stimulation parameters (e.g. the pulse shape or frequency). Similarly, future work is needed to adapt 667 
ACLS to other brain stimulation paradigms, including non-invasive techniques (e.g. transcranial magnetic 668 
stimulation), and to test the ability of ACLS to improve clinical outcomes in patients.  669 
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