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Abstract

We developed an adaptive training algorithm, whereby an in vitro neocortical network learned
to modulate its dynamics and achieve pre-determined activity states within tens of minutes
through the application of patterned training stimuli using a multi-electrode array. A priori
knowledge of functional connectivity was not necessary. Instead, effective training sequences
were continuously discovered and refined based on real-time feedback of performance. The
short-term neural dynamics in response to training became engraved in the network, requiring
progressively fewer training stimuli to achieve successful behavior in a movement task. After
2 h of training, plasticity remained significantly greater than the baseline for 80 min (p-value
<0.01). Interestingly, a given sequence of effective training stimuli did not induce significant
plasticity (p-value = 0.82) or desired behavior, when replayed to the network and no longer
contingent on feedback. Our results encourage an in vivo investigation of how targeted
multi-site artificial stimulation of the brain, contingent on the activity of the body or even of
the brain itself could treat neurological disorders by gradually shaping functional connectivity.

Introduction

A life’s experiences spur the brain to continuously rewire
itself to best achieve behavioral goals. However, errors can
occur when injury or a pathological condition causes aberrant
neuronal activity, and often a disconnection arises between the
activity of the brain and that of the body. Treating movement
disorders using physical therapy has been shown to modify
neuronal activity, and in different studies, neuronal activity
has been shown to be modified by electrically stimulating
neuronal tissue (see below). Thus theoretically, electrically
induced neuronal plasticity could allow the brain to be
rewired to achieve a more desired behavioral state. Here, we
investigated how a neocortical network could learn to modulate
its dynamics and achieve user-defined activity states through
feedback training with electrical stimuli. Besides highlighting

4 Co-first authors.

potential therapeutic roles for artificial stimulation of the
brain, these experiments give insight into how the processes
underlying learning and memory are expressed in and induced
by network activity.

Electrical stimulation has been extensively used to
artificially induce neuronal plasticity and to study learning and
memory. For example, cellular plasticity has been observed
in a variety of functions, including in synaptic efficacy (Bliss
and Lømo 1973, Bi and Poo 2001, Markram et al 1997),
intrinsic neuronal excitability (Daoudal and Debanne 2003,
Zhang and Linden 2003), neuronal morphology (Uesaka et al
2007) and glial morphology (Fields 2005, Ishibashi et al
2006), action potential propagation (Bakkum et al 2008),
and neurogenesis (Kempermann 2002). A much-needed
progression in the field is to determine how cellular plasticity
scales and integrates to influence neuronal network dynamics.
In primate motor cortex, a neuron was repetitively stimulated
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Figure 1. Schematic of the closed-loop feedback, adaptive training and experiment protocol: see Methods for details. (a) A single probe
electrode was repetitively stimulated every 6 s. After each stimulus, 100 ms of evoked responses were recorded to form the 2D center of
activity (CA) vector. The CA was transformed (T̂ ) into incremental movement [dX, dY]. If the movement was within ± 30◦ of the
user-defined desired direction, a shuffled background stimulation (SBS) was delivered. Otherwise, a patterned training stimulation (PTS)
was repetitively delivered. Context-control probing sequences (CPS) were delivered after SBS or PTS, and ended with probe pulses. (b)
One feedback cycle was 6 s long and consisted of a CPS preceded by either SBS or PTS. The 8 × 8 grids represent the electrode locations of
an MEA; an example is given of how stimulation electrodes (arrows) of a given PTS were shuffled to create an SBS. (c) For unsuccessful
movement, a PTS (PTSk) was selected from a pool of 100 possibilities. The probability of each PTS (Pk(t)) being chosen later (Pk(t + 1))
increased (blue) or decreased (red) depending on the success of the motor output. See equations (3) and (4). (d) An experiment lasted 21 h.
It consisted of four 2 h training periods (closed-loop or open-loop) each with a different desired direction. SBS-only periods were added as a
control before, between, and after training periods.
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Closed-loop training in cortical networks

(Chao et al 2007) in order to better localize which neurons
were activated (Chao et al 2008, Wagenaar et al 2004).

Context-control probing sequence (CPS). A CPS consisted of
a sequence of 6 ‘context-control’ stimulation pulses, followed
by one ‘probe’ pulse, with inter-pulse intervals randomly
chosen between 200 and 400 ms, and were 1.8 s long on
average. Context refers to the state of neural activity when the
probe is applied. The purpose of the context-control pulses
was to quiet any ongoing bursting activity in the network
(Wagenaar et al 2005), so that the response to the probe
pulse was more reproducible. The 200–400 ms range was
found to be the most effective at reducing variability in probe
responses (Chao et al 2008). The six context electrodes
were randomly selected from the set of active electrodes
that evoked responses occurring mostly within 20 ms of the
stimulation. Their short-latency responses were chosen so as
not to overlap the response to the probe. The probe electrode,
by contrast, was chosen from the set of active electrodes with
clear, longer-latency polysynaptic responses, which ended
within 100 ms in our experiments. A probe electrode that
evokes polysynaptic activity at multiple electrodes is capable
of revealing changes in network-level functional connectivity.
Once the spatial (electrode locations) and temporal (inter-pulse
intervals) structure of the 7-pulse CPS (ending with the probe
pulse) was devised for a given experiment, it was fixed and
used throughout the experiment to sample the network state
once every 6 s (one feedback cycle, see figure 1(b)).

Action potentials evoked by the probe were recorded
for the next 100 ms on all MEA electrodes. Probe
responses served as a readout of the network’s current
functional connectivity and were used to determine the next
motor output (see the ‘Motor mapping’ section below).
Because of the constancy of the CPS, any changes in probe
responses during an experiment were due mainly to changes
in network functional connectivity. Therefore, changes in
probe responses, or the consequential motor outputs, directly
reflected learning in the hybrid system.

Patterned training stimulation (PTS). A PTS consisted
of the repetitive delivery for ∼4.2 s (6 s feedback cycle
minus ∼1.8 s CPS, giving on average ∼12 repetitions per
cycle) of a cluster of six stimulus pulses with an inter-
cluster interval randomly chosen between 200 and 400 ms
each time. For one cluster, the inter-pulse interval between
two consecutive pulses was fixed at 10 ms, giving a cluster
duration of 50 ms. We compiled a pool of 100 different
PTSs, each characterized by its unique spatio-temporal
sequence of six stimulation electrodes in a cluster; the
electrode order was fixed for the repeated clusters in a given
PTS. The six electrodes used in each PTS were randomly
chosen from among the set of electrodes capable of evoking
action potentials (repeated electrodes allowed; CPS electrodes
excluded).

Paired stimulation of monosynaptically connected
neurons evokes spike-timing-dependent plasticity (STDP),
with greatest magnitude at intervals of 0–30 ms (Markram
et al 1997, Bi and Poo 2001). At the network level,

neurons at different electrodes can be connected through
multiple neurons and pathways. Therefore, because PTSs
with different electrode sequences can repetitively evoke
different activation pathways with a variety of axonal and
synaptic delays, we expected that they would alter the network
functional connectivity toward different states, through a
complex mixture of potentiation and depression from STDP
mechanisms (Jimbo et al 1999).

Shuffled background stimulation (SBS). Similar to PTS,
an SBS consisted of the repetitive delivery of clusters of
six stimuli with an inter-cluster interval randomly chosen
between 200 and 400 ms each time, and with the inter-
pulse interval of 10 ms within each cluster. When SBS
was required, one of the 100 PTS clusters was randomly
selected and delivered, but unlike PTS, where the sequence
of six stimulation electrodes in each cluster was the same for
all repetitions during one feedback cycle, the temporal order
of the six stimulation electrodes was randomized for each
cluster. The randomization maintained comparable overall
stimulation rates and electrode distribution as the PTS, while
removing the repeating spatio-temporal pattern of neuronal
activation. We hypothesized that SBS, unlike PTS, would
have an unbiased randomizing effect on changes in network
functional connectivity (Chao et al 2005).

Motor mapping

Sequences of action potentials in probe responses were
transformed into movements of the animat using a customized
motor mapping. Population coding based on mean firing
rates across a population of neurons is a candidate motor
mapping found to occur in the motor cortex (Georgopoulos
1994), premotor cortex (Caminiti et al 1990), hippocampus
(Wilson and McNaughton 1993) and other cortical areas: the
firing rates of a group of broadly tuned neurons taken together
provide an accurately tuned representation (e.g., to a preferred
direction of arm movement). We used a related population
coding, termed the center of activity (CA), which explicitly
includes neuron (or recording electrode) location as a relevant
variable (Chao et al 2005). Probe responses were mapped into
incremental movement in the X–Y plane [dX, dY]:

[dX, dY ] = T̂ ∗ CA, (1)

where

CA = [CAX,CAY ] =
∑59

k=1 Fk · [Xk − RX, Yk − RY ]∑59
k=1 Fk

.

(2)

Analogous to the center of mass, the center of activity (CA)
is the vector summation of the number of action potentials
recorded on each electrode k (i.e., the firing rate Fk) weighted
by the spatial location of the electrode: [Xk, Yk] are the
coordinates of electrode k relative to the reference point [RX,
RY], which we set as the center of the MEA (figure 1(a) ).

The inclusion of spatial information was found more
reliable for quantifying network functional plasticity than
using firing rates alone (Chao et al 2007). The CA
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was normalized by a transformation matrix, T̂ , to remove
any directional bias arising from different distributions of
neurons in different MEA preparations (figure 1(a) ): the
transformation centered the distribution of CAs to [0, 0]
to allow movement in all possible directions with equal
magnitudes (offsets and scalings, respectively, in X and Y
dimensions). The transformation matrix was fixed throughout
any given 2 h closed-loop or open-loop trial (see below) and
recalculated for each different trial.

Training algorithm

We designed an adaptive training algorithm in order to
direct neuronal plasticity and gradually improve the animat’s
performance at moving in a pre-specified direction.

When movement was successful (defined to be within ±
30◦ of the desired direction), no changes in network functional
connectivity were desired. In this case, SBS, which contains
no consistent structure of electrode stimulation order, was
delivered until the beginning of the next CPS (figure 1(a),

and ; detailed in figure 1(b)).
When movement was not successful, plasticity of probe

responses was desired. In this case, a PTS randomly selected
by the computer from the pool of 100 PTSs was applied in
order to train the network. However, some PTSs may give
desired neuronal plasticity while others may give the opposite
or none. Therefore, we designed an adaptive algorithm that
increased the likelihood of effective PTSs being selected,
while decreasing the influence of maladaptive PTSs. Initially,
each PTS had an equal probability of being chosen. If
the current PTS (PTSk) improved the performance, then the
probability of PTSk (Pk(t)) being chosen later (Pk(t + 1))

increased, and the probability of other PTSs (Pi(t + 1)) being
chosen decreased (figure 1(c)):

⎧⎪⎪⎨
⎪⎪⎩

Pk(t + 1) = 1.5 · Pk(t)

1 + 0.5 · Pk(t)
, k = current PTS

Pi(t + 1) = Pi(t)

1 + 0.5 · Pk(t)
, for i �= k.

(3)

Otherwise, if PTSk worsened the performance, then Pk(t + 1)
decreased from Pk(t), and Pi(t + 1) for other PTSs increased:

⎧⎪⎪⎨
⎪⎪⎩

Pk(t + 1) = 0.5 · Pk(t)

1 − 0.5 · Pk(t)
, k = current PTS

Pi(t + 1) = Pi(t)

1 − 0.5 · Pk(t)
, for i �= k.

(4)

With real-time adaptive selection of plasticity inducing stimuli,
the dynamics of neuronal activity could be shaped toward the
desired state. A maximum probability of 0.50 was set so that no
one PTS was dominant. A minimum of 0.002 was set to ensure
each PTS remained available in the future. This allowed the
flexibility to adapt to ongoing changes in neuronal network
dynamics. The lowered stimulation voltages (±300 mV)
and the 6 s feedback cycle time were intended to induce
plasticity incrementally to reach a desired performance while
minimizing maladaptive plasticity.

Experimental design

SBS-only stimulation

At the beginning of an experiment and prior to each closed-
loop training, CPS with probe stimuli were delivered, with
only SBS (no PTS) in each feedback cycle for 6 h (figure 1(d)).
This allowed 2 h for the network to habituate to the presence
of electrical stimulation and another 4 h for measuring the
baseline plasticity, which we call ‘drift’ (see figure 6(a), black
triangles).

Closed-loop experiments with different desired
movement directions

One closed-loop experiment consisted of four 2 h training
periods, each with a different desired direction, and 2 h SBS-
only periods (with CPS) in between (figure 1(d)). After a
training period, the stability of plasticity was measured during
the 2 h SBS-only period. The transformation matrix for each
training period, T̂ , was calculated based on probe responses
during the last 30 min in the preceding SBS-only period.
Six closed-loop experiments were performed on five different
cultures from three dissociations such that 23 training periods
were analyzed (6 × 4 minus 1, where a technical error caused
a loss of data). Two of the experiments were performed on
one culture, with 13 days in between and different CPS and
PTSs.

Open-loop stimulation experiments

To test if the improvement in performance was an artifact
of the electronics or electrode chemistry arising from a
particular stimulation sequence, the entire exact sequence
of stimuli recorded from each closed-loop experiment was
replayed to the same network about a day later. Since
the previously used transformations might not successfully
center the initial distribution of CAs if activity changed,
the transformation matrices were recalculated as before.
However, the particular transformation used does not affect
the calculations of plasticity of motor output (figure 5) or
of neuronal activity (figure 6). Moreover, transformation
matrices between closed-loop and open-loop trials were found
to not be significantly different (p-value = 0.34 Wilcoxon
sign rank test, n = 23 trials ∗ 2 offset dimensions; scaling
transformations do not affect the movement direction).

Results

Training contingent on motor output shifted neuronal
activity towards the desired activity

We designed a closed-loop algorithm to use distributed
electrical stimulation to train cultured networks to learn user-
defined motor outputs: moving an animat in a pre-defined
direction. The closed-loop training algorithm was tested in
five cortical networks grown over MEAs. Array-wide action
potentials evoked by repeating probe stimuli, delivered to a
single fixed electrode, commanded motor output every 6 s.
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