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Abstract

Hybrid-Al systems that integrate biological neurons require neural models to learn and remember while
interacting with artificial agents. Such systems are challenging to establish given the low maturity of
neuronal circuits generated in vitro. Here, we introduce an original hybrid-Al platform that connects an
organotypic culture of post-mortem adult brain explant (OPAB) to a piano-playing robot composed of an
anthropomorphic hand and a microphone (ear). OPABs in this platform were able to learn sensory-motor
associations between piano key presses by the robot, and the sounds generated (training), and then
imitate the piano notes played by humans by controlling the robot (test). This acquired bi-directional
plasticity, that remained for several days, was however disrupted by pharmacological inhibition of
electrical neurotransmission or upon neurotropic virus infection. Beyond possibilities for hybrid-Al
systems, our work exhibit OPABs as an in-vitro learning model of the human brain that can be significant
for neurosciences and virology.

Introduction

The rise of artificial neural networks, and the consequent Artificial Intelligence (Al) systems is changing
our society. The ability and applications of Al have especially taken off in the last few years with the
advances achieved with deep neural networks and large language models (Rumelhart et al. 1986,
Krizhevsky et al., 2012; LeCun et al., 2015; Radford et al., 2018). However, these developments have also
highlighted again the ecological concerns, in terms of heating and energy consumption, posed by the Al
systems (Patterson et al.,, 2021; Masanet et al.,, 2020). The excitement generated by new learning
structures that reduce this energy requirement and cost (Schwartz et al. 2020; Schumacher et al. 2023;
DeepSeek-Al, Guo et al. 2025) shows the importance of this issue to the Al industry and the world.

Animal brains on the other hand show remarkable complexity in cellular makeup and function, that
enables unique sensory-motor learning abilities, while being extremely energy efficient. For example, a
zebrafish can hunt prey, avoid predators and survive (Orger et al. 2017) using only 0.2 microwatts (Webb
1971), and a human adult brain consumes 20 watts (Raichle et al. 2002). In contrast, the world’s most
powerful super-computers consume tens of megawatts (Konstantin et al. 2025). Animal, and especially
human, brains are also very efficient in learning compared to Al systems. AlphaGo, the Al program that
beat the human world champion in the Japanese game ‘Go’, had to be trained on over 150 000 games.
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This is equivalent to over 100 years of practice by a human playing the game for 8 hours a day, which is
obviously much more than what the human expert practiced. To converse like an intelligent human,
ChatGPT 3 was trained on 45 TB, which is equivalent to a human reading 5 ebooks a day for 250 years
(Brown et al. 2023).

Due to these characteristics, hybrid Al systems, that integrate live neurons in the processing, is seen as a
promising, though still challenging, future for Al systems (Smirnova et al. 2023). Recent studies have
shown the first developments for the use of in vitro 2D neurons (Kagan et al. 2023) and brain organoids
(Cai et al. 2023) as brain models that can replace artificial neural networks. However, the two models have
their disadvantages. Plasticity induction in 2D neural populations is notoriously difficult and unstable (Balci
et al. 2023) and brain organoids are known to be highly heterogeneous and require delicate maintenance
(Hartung et al. 2023). With this paper, we introduce ex vivo organotypic culture of post-mortem adult
brain explants (OPABs) as an alternate candidate learning unit that can overcome some disadvantages. In
our recent study, we have shown that OPABs can exhibit robust regional connectivity changes (lwasaki,
Bernou et al. 2024). In this study, we re-analyzed this data and added more experiments to first show that
OPABs can show bi-directional plasticity, similar to previous observations of symmetric STDP (Mishra et
al. 2016), that can last over weeks. We then exhibit the OPAB’s capability to perform unsupervised
learning when connected to a piano-playing robot system consisting of an anthropomorphic hand and a
microphone (ear). The OPABs were able to learn sensory-motor associations between piano key presses
by the robot, and the sounds these presses generate. Following this, they were able to imitate piano notes
played by humans, for up to two weeks after learning.

Results

The protocol for the use of post mortem brain explants for research purposes included in this study was
approved by the institutional review board (IRB) of the CHU (University Central Hospital) of Montpellier
(approval ID: 202,000,643) and the French Biomedicine Agency (agreement number PSF20-025). It
permits human brain resection for research purposes during autopsy performed at the forensics institute
of the CHU de Montpellier, upon obtaining local prosecutor authorization and family non-opposition.
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Fig 1: OPABs show bi-directional plasticity. A) The OPAB consists of a slice of the cortex of 3 mm width
and 300 um thickness placed on a microelectrode array. B) We selected one of the active electrode as a
stimulus electrode (red) and one as the paired electrode (blue). For three days, the stimulus and paired
electrodes were stimulated sequentially (12 ms interval) with 300 stimulation pairs per day for 3 days, as
previously described (lwasaki, Bernou et al. 2024). C) Following this procedure, we stimulated either the
stimulus or paired electrode alone and observed the response across the microelectrode array. This is
shown in the panels as a colourmap. The stimulation of the stimulus (red) electrode resulted in highest
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response in the paired ‘region’ (neighborhood of the electrode). Note the higher response around the
green electrode in top row of C. Importantly, the stimulation of the paired (blue) electrode of the same
slice also led to highest response of the stimulus regions around it (note higher activations around the red
electrode in bottom row of C) showing a bi-directional plasticity increase. Of note, the activation in the
region around the stimulated electrode was removed for clarity. The electrode with a low activation in
the middle left side of each panel is the ground electrode.

OPABs show symmetric spike dependent plasticity

The preparation of OPABs followed procedures as in previous studies (lwasaki, Bernou et al. 2024) and is
described in detail in the methods section. Briefly, the motor cortex from the frontal lobe of patients with
short post-mortem interval (see patients’ details in Table S1) was dissected and small cubes (about 0.5-1
cm?) were cut perpendicularly to the longitudinal axis of the gyrus. The cubes were transported from the
hospital to the lab within 30 min, and then sliced into 300-um-thick sections using a vibratome. All the
samples displayed cortical layers and a piece of the white matter. The slices were cultured in 6-well
transwells for ex vivo culture at the air-liquid interface.

The OPABs were mounted on a 3D microelectrode arrays (3D-MEA (Heuschkel et al, 2002) with conical
microelectrodes that penetrate up to 80 um into the slice (Fig. 1A). Previously, we have used this setup to
train regions on the OPABs with a spike-timing dependent plasticity (STDP) like protocol (lwasaki, Bernou
et al. 2024). In this protocol, we stimulated two non-neighbouring electrodes (‘stimulated’ electrode,
followed by a ‘paired’ electrode) on the OPAB separated by a time gap of 12 ms. This induces an increase
of connectivity, between the ‘stimulated region’ (the stimulated electrode and its neighborhood) and the
‘paired region’ (the paired electrode and its neighborhood), as quantified by the change in magnitude of
response measured in the paired electrode region after training, compared to the same value before
training (Iwasaki, Bernou et al. 2024). Here, in this study, we observed this increase in connectivity again
in a new set of OPABs from different donors (Fig. 1C, top row). In addition to this confirmatory result, we
report here that the same training, by the stimulation of the stimulus electrode followed by the paired
electrode, also induces an increase of the reverse connectivity between the electrodes such that, a
stimulation of the paired electrode, shows increased response in the electrodes of the stimulated region
(Fig 1C, lower row). This bi-directional plasticity is similar to reports of symmetric plasticity in literature
(Mishra et al. 2016) and is particularly interesting with regards to our goal to develop Al systems with
biological components. Indeed, symmetric plasticity promises to enable immediate inversion of learnt
associations. Inversion of learnt associations is not trivial for Al systems, with specific learning techniques
suggested in order to achieve this (Song et al. 2024). In fact, the mechanism by which the human brain
can invert learnt associations is a key question in developmental neuroscience (Jones et al. 2009) and the
possible explanation provided by mirror neurons in this regard was one of the reason for their popularity
when they were initially discovered (lacoboni 2009).
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Fig 2: OPAB-Robot system and training. A) Our setup connects an OPAB in an atmosphere-controlled
incubator with an anthropomorphic robot hand, and a microphone. We selected three random electrodes
as ‘motor electrodes’, and connected it to the index, middle, and ring finger of the robot hand through a
robot controller. The activation of the three motor electrodes resulted in the flexing of the associated
robot finger, pressing the keys of the piano placed under the robot hand. A microphone fixed on the piano
received the notes which were decoded by a sound decoder program. The decoded ‘LA’, ‘TI’, and ‘DO’
notes were connected back to the OPAB, so as to activate one of three ‘sensory electrodes’ that were also
randomly selected on the OPAB. B) A photo of the real setup. C) During ‘training’, one of the motor
electrode was activated in a block-random fashion. The notes heard by the microphone activated the
corresponding sensory electrode, which was timed to coincide with the following motor electrode
activation. See methods for details and video here! for training procedure.

Action imitation is a key skill that is believed to be enabled by the inversion of sensory-motor associations,
where an agent that has learnt a mapping between his actions and resulting sensory feedbacks, is then
able to generate actions (imitate) corresponding to provided sensory observations of the action. Action
imitation is an important skill that enables human babies to develop new actions and skills (Jones et al.
2009) and consequently, the so called ‘learning by demonstration’, has been a major topic in robotics over
the past decades (Hussein et al. 2017) to enable robots to copy and learn from humans. Due to these
reasons, here we decided to use action imitation as a task to validate and exhibit the promising
possibilities of symmetric plasticity exhibited by OPABs.

Experimental setup: A brain slice with a robot body

The human limbs are wired to specific motor neural populations in the brain cortex. As babies, we use
arbitrary motor activations, referred to as ‘motor babbling’ in engineering communities (Caligiore et al.
2008), to observe the sensory consequences received by the neural populations in the various sensory
processing areas of the cortex. Babies use motor babbling to develop motor-sensory associations and
understand their body (Corbetta et al. 2009). Here we aimed to mimic this process in an hybrid-Al platform,
that connects an OPAB to a robot. Our platform consists of an OPAB, mounted on a MEA, and connected
to a anthropomorphic robot hand and mic to respectively serve as the hand and ear of the brain slice (Fig.
2A). A digital piano is placed near the robot, enabling the robot to press the keys by bending its fingers.

! https://drive.google.com/file/d/1PEsU_00nWOkjfhj4TmJkaX4svCFmK_fp/view?usp=sharing
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We worked with three fingers (index, ring and middle) of the robot, that press the ‘LA’, ‘TI’, and ‘DO’ keys
on the digital piano when they bend, respectively. We connected the three fingers to three randomly
selected ‘motor electrodes’ on the OPAB, such that the OPAB can move these fingers (and press the piano
keys) when the motor electrode is activated. The sounds heard by the mic (ears) are transmitted back to
OPAB through the ‘sensory electrodes’. We choose three random sensory electrodes that receive a
stimulation when the mic hears a ‘LA’, ‘TI’ or ‘DO’ sound respectively. Two additional modules, a robot
controller and a sound decoder, served as lower level processing units in the setup (see rectangles in Fig.
2A). The ‘robot controller’ chose the peak activation among the motor electrodes as the command from
the OPAB and translated it to the finger phalange motors, in order to move a finger. A ‘sound decoder’
received the mic output to decode the sound notes (‘LA’, ‘TI’, and ‘DO’) and stimulate the corresponding
sensory paired electrode. Overall, the combination of Al decoders and biological neurons makes this setup
a hybrid brain-Al system that we trained to imitate a human playing notes on the piano.

Training the OPAB-Robot piano player

We worked with a total of 30 OPABs collected from 3 donors. The OPABs was primed for one day (DAY 0),
using a protocol similar to Fig. 2C but where all the motor electrodes were stimulated together as ‘stimulus’
electrodes, followed by simultaneous stimulation of the three sensory electrodes as the ‘paired’
electrodes. This day served as a priming day and was used to verify that the randomly chosen motor and
sensory electrodes were active and not lying over regions without neural activity. The next three days,
DAY 1 to DAY 3, followed a training protocol shown in Fig. 2C where the motor electrodes were stimulated
in a blocked pseudo random pattern to simulate motor babbling. Each of these stimulations led to the
flexion of the robot finger, which then played the piano note. The note heard by the mic was then sent
back as a stimulation to a corresponding stimulus electrode (please See Video here?). A total of 300
stimulations were used each day to train an OPAB.

We postulated that the training protocol would slowly lead to sensory motor associative learning enabling
the OPAB to associate each finger with a corresponding sound output. Note that while we have previously
shown this plasticity between a single pair of stimulus-paired electrode (Iwasaki, Bernou et al., 2024), the
current protocol requires the OPAB to develop multiple independent and parallel associations. Moreover,
given that the induced plasticity is bi-directional, here we expected the training to enable action imitation
by the OPABs. That is, ‘hearing’ (as sensory electrode stimulations) a piano note will automatically activate
the appropriate motor electrode to move the robot finger, and imitate the piano note. We however found
that after training, while the stimulation of a stimulus electrode lead to high absolute response in the
region around the motor electrode (See Fig. 1B), the peak response was sometimes in a neighbor of the
motor electrode and not the motor electrode itself. This is not strange given that an electrode captures
activity from a population of neurons and it is possible that the reverse connectivity increase is captured
better in a neighboring electrode. Here to optimize the robot performance, we therefore started DAY 4
by utilizing the first three notes in a one-shot learning procedure (Li et al. 2006) to calibrate and connect
the robot to this peak motor electrode, before moving on to the test sessions.

2 https://drive.google.com/file/d/1PEsU_00nWOKkjfhj4TmJkaX4svCFmK_fp/view?usp=sharing
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Fig 3. Robot imitation performance and controls: A) Plot of the robot imitation performance by 16 OPABs
at start of training (DAY 1), last day of training (DAY 3) and during test on DAY 4. Each grey box shows the
average performance during the imitation of the three notes by the robot, when connected to an OPAB
(grey boxes). The larger black box shows the across OPAB average +/- SE in a day. The non-trained
electrode pair (no-learning control) from the same OPABs are represented by pink squares. The red arrows
on top highlight OPABs that exhibited 100% imitation performance with all the three notes, every time
they were played. The blue arrows highlight OPABs that exhibited 100% imitation performance with two
of the notes, every time they were played. B) As the first ‘learning cancellation control’, we compared the
robot imitation performance of 6 OPABs before (grey boxes) and 4 h after (small purple boxes) the
addition of 50 uM CNQX and 100 uM AP-V. The larger boxes show the average +/- SE prior (black) and
after (purple) drug addition performance across the 6 OPABs. C) To evaluate the impact of a more
physiological perturbation, we analyzed the robot imitation performance on DAY 7 after four OPAB was
infected with the neurotropic Tahyna virus (TAHV) on DAY 4 (pink data points). This performance was
compared with the robot imitation performance with 7 healthy OPABs on DAY 7 (grey and black data
points).

OPAB-Robot system imitates what it hears

Following the training, we performed test sessions on DAY 4 and DAY 7 for 16 OPABs, where a human
experimenter pressed piano keys in random sequences, and the robot played back the notes
automatically based on associations learnt during the training phase (DAY1-3). During the test, a delay
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was introduced in the sound decoder output to ensure that decoded stimulations were sent to the robot
only after the human finished playing, thereby preventing simultaneous note production by both the
human and the robot. Each day a human experimenter played at least 2 sets of notes, each consisting of
at least 5 notes. We quantified the performance of each OPAB by analyzing the imitation accuracy of the
robot over all the played notes.

The grey and black datapoints in Fig. 3A plots the overall imitation accuracy across the three notes;
imitation attempts were quantified by scoring successes (1) or failures (0), with random outcome
expected at 33% success (Fig. 3A). The overall accuracy is shown for each individual OPAB on the first day
of training (DAY 1), the last day of training (DAY 3), and on DAY 4, following the completion (3 days) of
training. The OPABs exhibited chance level performance on DAY 1 with an across OPAB accuracy of
31.22+11.7 STD% (Fig. 3A). By the end of training on DAY 4 however, three out of 16 (~19%) trained OPABs
exhibited 100% imitation accuracy of all notes (OPABs indicated by red arrows). These OPABs were able
to imitate all the three notes correctly, every time it was played in the test session. Furthermore, 7 (37.5%)
of the OPABs exhibited 100% accuracy with two notes. These OPABs were able to imitate two of the notes
correctly, every time it was played in the test session. The third note was mistaken as one of the other
notes. Overall, 62.5% of the OPABs could correctly learn to imitate at least 2 notes after training, while
the overall accuracy across the OPABs was seen as 58.5+23 STD % across the trained OPABS on DAY 4.

We performed three control experiments to validate the significance of the learning by the OPAB-robot
system. First, as a ‘no-learning control’ performed on each of the 16 OPAB, we compared the imitation
performance of the robot when it was connected to randomly selected untrained motor electrodes on
the same OPAB (Fig. 3A, pink dataset). The performance measured with these random connections on
DAY 1 was also random with an average across OPAB performance of 33.8+8.9 STD%. Crucially, the
imitation accuracy of the robot when connected to the untrained motor electrodes remained low on DAY
4, with an average across OPAB performance of 36.6£18 STD%. Overall, a 2-way repeated measures
ANOVA, with association (trained and no-learning) and days (DAY 1 and DAY 4) as factors, exhibited a
significant interaction (F(1,14)=93.91, p<0.0001) between the factors. Post hoc t-tests indicated no
difference between the performance on DAY 1 (T(14)=2.02, p=0.06) between the trained motor
electrodes the non-trained controls, but a significant difference in performance was observed on DAY 4
(T(14)=8.37, p < 10°®) between the robot performance when connected to the trained motor electrodes
compared to when it was connected to the non-trained controls.

Second, as a ‘learning-cancellation control’, we treated six trained OPABs with CNQX and APV, two drugs
inhibiting electrical synaptic transmission and analyzed the imitation performance before (black and grey
data in Fig. 3B) and 4 h after drug treatment (pink data, Fig.3B). Upon treatment with these drugs, we
observed a significant decrease of imitation performance (T(5)=5.28, p=0.0032, paired T-Test) by the robot.

Finally, as a more physiopathological control, we infected four OPABs, which exhibited more than 66.7%
correct imitation performance, with the neurotropic Tahyna virus (TAHV) on DAY 4 and evaluated the
imitation performance on DAY 7. We previously showed that exposure to TAHV significantly perturbed
electrical activity of OPABs (Partiot, Gorda et al, EMBO Mol Med, 2024), and hence, we hypothesized that
this could lead to an attenuation of the association learning developed during the training. Fig. 3C
compares the performance of the robot with the infected OPABs on DAY 7 (Fig. 3C, pink data) with a robot
connected to non-infected OPABs (seven in total) on DAY 7 (Fig. 3B, grey and black data). The healthy
OPABs exhibited a significantly higher imitation performance compared to the OPABs that suffered the
virus infection (Z(10)=54, p=0.03, Wilcoxon Ranksum test).
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Discussion

This work presents two key results. First, we show that post-mortem adult brain explants (OPABs) can
exhibit robust bi-directional plasticity between multiple region pairs. Second, we show that this can be
used to induce sensory-motor associative learning and enable imitation learning by a robot. In our study,
62.5% of OPABs could learn at least 2 notes out of three, showing that OPABs can learn. These results are
in fact pessimistic, due to the way we chose the stimulation and paired electrodes, and can be improved
further, as discussed below. We also observed that the induced plasticity is robust and can be maintained
for many days. While in Fig. 3 we show that the OPABs retain associative learning for up to 7 days after
the end of training, we have also conducted longitudinal studies with 5 OPABs, four of which retained
learning for at least 17 days after training. Two of these OPABs exhibited 100% imitation performance
with every note after 17 days, while two OPABs exhibited 100% performance with 2 notes giving 66.7 %
overall performance, and the fifth OPAB could not learn. These results highlight post-mortem brain slices
as a promising brain model to serve in hybrid-Al systems, that integrate live neurons in the processing.

In our current study, we show the ability of OPABs to learn three parallel motor-sensory associations
through a hybrid neurobiorobotic system. The choice of three associations was limited by the size of the
OPABs, which was around 5 mm in diameter, and the resolution of our microelectrode array, which limited
the spatial localization of the stimulations we could achieved. We believe that higher numbers of parallel
connections may be possible with larger brain slices, higher resolution of electrodes, and/or both. Even
with three pairs, we observed that parallel training induced localization issues leading to interference
between learnt associations. Consequently we observed that unlike our previous work (lwasaki, Bernou
et al. 2024), where we averaged the activity in the region around the stimulated electrode, utilizing the
peak electrode to determine an associated electrode was more robust across trials in this study. On the
other hand, it is important to note that we chose the three motor electrodes and three sensory electrodes
randomly (just ensuring that they are not neighbors, see methods for details). This procedure was
followed for two reasons. Primarily, we wanted to illustrate that OPABs can make three parallel
associations between any pair of motor and sensory electrodes, and to emphasize that the learning was
not optimized to utilize innate connectivities within an OPAB. Furthermore, this procedure better
simulates the sensory-motor associations learnt in an infant brain, that are made between arbitrary
actions and their sensory consequences (Corbetta et al. 2009). We did use a priming session to make sure
that we do not choose electrodes over inactive neurons, but the random choices may still mean that in
some cases the chosen electrodes may have been over neuron populations that were damaged or not
innately connected to each other, which is crucial to exhibit plasticity. The inability to reproduce notes by
some of our OPABs in the study may therefore be because of an ‘unfortunate’ selection of electrodes. The
learning results can therefore be arguably improved in future studies with an activity-oriented selection
to choose the motor and sensory electrodes.

Our understanding of sensorimotor functions suffers from a gap of knowledge when changing scale
between behavioral level learning and neuronal learning in vitro. Rodent models are instrumental in our
understanding of neurocognition, but there are extensive differences between homologous human and
mouse cell types (Hodge et al, 2019). In human context, associative learning (which the authors called
“sentience”) was shown in cultured neurons (Kagan et al, 2022), and we also previously reported that long
term potentiation can be induced in OPABs (lwasaki, Bernou et al, 2024). Yet, these studies cannot fully
embrace the complexity of sensorimotor learning as there were no interactions with a physical
environment. Neurobiorobotics is at the forefront of bionic prostheses development that attain more
human-like function with effective sensorimotor restoration (Paul et al, 2021), but in sharp contrast, the
embodiment of biological neural systems in-a-dish remains mostly unexplored (see review by Bartolozzi
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et al, Nature Com, 2022). The concept of ‘organoid intelligence’ has been pushed forward in recent years
(Smirnova et al, 2023), showing promising capabilities for basic learning and memory (Alam et al, 2025)
and the development of hybrid-Al systems (Cai et al, 2023; Smirnova et al, 2024). Although organoids do
not exhibit the cellular diversity and synaptic maturity of adult brain explants, the tremendous efforts
made to develop pipelines to induce robust synaptic reinforcement in organoids (Khajehnejad et al, 2025;
Osaki et al, 2024) will make this model a relevant alternative to perform associative learning in vitro in the
near future. So far, the use of OPAB likely represents the closest in-a-dish surrogate to the human brain,
and our setup provides the first platform where a robot can exchange information with a neural model in
a closed-loop system for the study of human sensorimotor learning in vitro. Furthermore, we confirmed
that no hardware/software artifact was responsible for the observed learning, by showing that the
inhibition of AMPA and NMDA receptors (using CNQX and APV antagonists respectively) prevented
learning, a finding consistent with the established role of glutamate receptors in learning (Hasan et al,
2013; Hoy et al, 2012).

To apply our hybrid system to a more physiopathological context, we investigated how a neuroinfection
can impact learning. Numerous viruses have been associated with cognitive impairments (Bouget et al,
Trends Neurosci, 2025), and we recently showed that TAHV, a neurotropic virus associated with CNS
disease (Edridge et al, 2020), perturbs electrical activity of OPAB (Partiot, Gorda et al, EMBO Mol Med,
2024). Of note, despite its high prevalence, TAHV is usually asymptomatic in humans, although potential
TAHV-associated neurocognitive symptoms may have passed under traditional clinical surveillance. Here,
we show that TAHV infection abolishes the learned connectivity recapitulated in our hybrid platform,
further illustrating the potential of our model for medical investigations. Further work will be needed to
understand the molecular mechanisms associated with TAHV-induced neural dysfunctions and evaluate
the neurocognitive risk posed by orthobunyaviruses, which may have been overlooked.

Our experiment tried to copy the motor-sensory associative learning exhibited by developing brains,
where actions are used to observe sensory consequences and make corresponding Hebbian associations,
through increased connectivity (Corbetta et al. 2009). The bi-directional nature of these connectivites (Fig.
1B) enabled us to then make actions (finger movement imitation), given the sensory consequence
(auditory notes). We did use two Al units in the system, a robot controller to decide the phalange motor
movements corresponding to a chosen finger, and a sound decoder to decode the notes from the
microphone signals. However, note that the finger choice itself is performed by the brain slice
automatically (utilizing its associative training). We note that we do not provide any error feedback to the
OPAB during the learning, and what we exhibit here is the ability of OPABs to perform unsupervised
motor-sensory associative learning. While this is arguably the most basic learning mechanism in our brain,
here we show that it is possible in ex vivo human brain explants, and provide a procedure to enable robust
associations that last over weeks. Multiplication of the number of parallel associations and addition of an
error-feedback related learning component to the basic learning mechanism, can enable future studies to
slowly replicate the learning abilities of the human brain in vitro. Together, our work presents a new
approach to model associative learning in-a-dish, that can be a tool to study cognitive virology and
neuroscience, and can provide conceptual and technical insights that will contribute to the future of
human neuro-robotics and hybrid-Al systems.
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Methods and Supplementary figures for

Ethics and donor selection

The protocol for the use of post mortem brain explants for research purposes included in this study was
approved by the institutional review board (IRB) of the CHU of Montpellier (approval ID: 202000643) and
the French Biomedicine Agency (agreement number PSF20-025). It permits human brain resection for
research purposes during autopsy performed at the forensics institute of the CHU de Montpellier, upon
obtaining local prosecutor authorization and family non-opposition. Excluding criteria were causes of
death involving the head and neck (e.g. car crashes, stroke), and previously known severe neuropathology
(e.g. epilepsy, neurodegenerative diseases). The data presented in this study originates from 3 donors
with post-mortem interval (PMI) below 12 h (see Table S1 for details).

Slice preparation

Post-mortem human brain organotypic explants were prepared and maintained in culture as previously
described (Partiot et al, 2024; Iwasaki et al., 2024). Briefly, primary motor cortex pieces were recovered
at autopsy, and were sliced with a vibratome (PELCO Easyslicer, Ted Pella) into 300 um-thick brain slices.
The slices were prepared in the same way, containing white matter and the cortical layers, and maintained
at the air-liquid interface on Polyethylene Terephthalate (PET) membrane inserts with 0.4 um pores
(Sabeu), hanging over 2.5 ml of medium containing Neurobasal media (Thermofisher) supplemented with
N2 (Gibco), Glutamax (Thermofisher), and 0.5% Penicillin/Streptomycin (P/S, Thermofisher). Medium was
changed every 2-3 days. Slices were cultured at 37°C and 5% CO; in 95% humidity atmosphere for at least
4 days prior experimentation. For electrophysiology, brain slices were plated on MEAs for 24 h prior to
experiment in 150 pL artificial Cerebro-Spinal Fluid (aCSF) BrainPhys (StemCell Technologies),
supplemented with N2 (Gibco), Glutamax (Thermofisher), and 0.5% Penicillin/Streptomycin
(Thermofisher), with medium changed twice per day.

System Setup

As shown in Fig. 2, our setup consisted of an OPAB placed on a microelectrode array (MEA), and
maintained in an atmosphere-controlled incubator. We utilized the MEA2100-systems from MCS
(multichannel systems), connected to a computer via a USB serial cable. A customized C# program,
utilizing the official SDK provided by the MEA provider, was used to monitor the neural electrical activity
on the OPAB and deliver of electrical stimulation/s where and when required. An anthropomorphic robot
hand (The Shadow Dexterous Hand, Shadow Robot, website), served as the body for the OPAB. The hand
was operated by a ‘robot controller’ programmed in C++, that took a finger choice (index, middle or ring
finger) as input, and generated the phalange movements to generate a flexing movement. An electronic
piano was strategically placed below the robot hand, such that the flexion of the index, middle and ring
fingers led to the pressing of the ‘LA’, TI’ and ‘DO’ notes on the piano respectively. A microphone
(BUFFALO Inc.) placed near the piano served as the ‘ear’ for the OPAB. The sound from the microphone
was analyzed by a custom C# application, that decoded the played notes in real time as “LA,” “Tl,” and
“DO.” The robot controller and sound decoder were implemented on one computer, which
communicated with the MEA control computer via an Ethernet cable.
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Table S1: Patient Donor details

DONOR 1 DONOR 2 DONOR 3
Sex (Male/Female) F M F
Age 69 54 35
Cause of death cardiological asphyxial death by hanging sodium nitrite poisoning
antimetabolites,anti-
- hypertensives, anti-anxiety, T . :
Known treatment At e6apalant, ANt unknown anti epilepsy, anti-anxiety
medicine, pain killers
. yese drug addiction ,coronary . "
Comorbidities & unknown depression, suicide attempts
artery disease
BMI very slim very slim medium build
Corticosteroid " i .
treatment
Post-mortem delay <5 <1 <2
Use Fig. 3A,B,C Fig. 3C, longitudinal study
DONOR 1 DONOR 2 DONOR 3
9 OPABs 10 OPABs 11 OPABs
3 16 OPABs
rejected ViR
5 OPABs
6 OPABs 4 OPABs

- ’ longitudinal

Fig. S1: OPAB utilization chart

Protocol

Our experiments extended over several days, and consisted of a Priming on DAY 0, followed by Training
between DAY 1 and DAY 3. This was followed by Tests on DAY 4 and DAY 7. Some OPABS were tested up
till DAY 17. In total, we tested 30 OPABs from 3 donors. 3 OPABs were rejected as they were not tested
after infection due to technical issues. The complete structure of OPAB usage in the main and control
experiments, and their presentation in the various figures is shown in Figure. S1. The donor information
is provided in Table S1.

Setup and Priming

On DAY 0, after placing the brain slice on the MEA, the brain slice and MEA were installed within the
incubator. Six electrodes were selected randomly from among the 60 available electrodes—three as
motor electrodes (M1, M2, M3) and three as sensor electrodes (S1, S2, S3), but following the rule that any
two electrode was separated by at least one electrode between them. To ensure that the selected
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electrodes captured neuronal activity, the experimenter monitored the recorded electrical activity from
the electrodes for approximately one minute, and re-selected any electrode on which no spike was
observed within this period.

After the electrode selection, a priming protocol was used on DAY 0. Following the protocol described in
Iwasaki et al. 2024, electrical stimulation with a specified waveform was applied simultaneously to M1,
M2, and M3, followed 12 ms later by a simultaneous stimulation of S1, S2, and S3. This paired stimulation
was delivered at a frequency of 1 Hz for 5 minutes, followed by a 1-minute stimulation-free interval. This
cycle was repeated four times. Crucially, note that the simultaneous stimulation of all the motor followed
by all the sensory electrodes meant that the DAY 0 stimulations did not aid in the development of specific
associations. However, our preliminary studies exhibited that the priming aids the associative learning
after.

OPAB Training

Following the priming, the OPAB-Robot system was allowed to train the individual (three) motor-sensory
association between DAY 1 to DAY 3. A blocked random protocol, in which randomly one of the motor
electrode was stimulated 5 times in each block, was used to stimulate the motor electrodes (See Fig. 2A,
lower panel). Each motor electrode stimulation led to the robot finger pressing one key on the piano
keyboard, aided by the robot controller. This then led to a musical note, which was heard by the
microphone. The microphone signals were analyzed by the sound decoder and we stimulated electrode
S1, S2 or S3 corresponding to the decoded note, ‘LA’, ‘TI’, or ‘DO’ respectively. Note that this whole cycle
took around 500 ms, while in our protocol the stimulation of the paired electrodes needs to be after 12
ms of the stimulated electrode (lwasaki et al. 2024). To achieve a sensory electrode stimulation after 12
ms of a motor stimulation, here we used a trick and offset the initial and paired stimulations. That is, after
decoding the piano note corresponding to a motor electrode stimulation, we did not stimulate the
corresponding sensory electrode immediately, but waited and did so exactly 12 ms after the next (same)
motor electrode stimulation in the block (see Fig. 2A, lower panel). This protocol leads to the absence of
a paired stimulation for the first motor stimulation of every block, but ensures precise timing between
the motor and sensory electrode stimulations even in the presence of the processing delays. Overall, the
stimulation profiles for the motor electrodes were identical to those used on DAY 0. The robot hand
performed the key presses at a frequency of 1 Hz. Four 5-minute training cycles were conducted on each
day between DAY 1 and DAY 3, with a 1-minute rest between each cycle. Each day, every finger underwent
100 training activations. For logistical reasons, for some of the OPABS we performed the training by
simulating the robot movement and note decoding within the computer, without actually running the
robot through the training period.

A response test was conducted before and after the training cycles on each day in which the stimulations
were delivered individually to each of the motor electrodes, and each of the sensory electrodes ten times
at 1 Hz, while the response of all electrodes was recorded for each stimulation. These were used to assess
the change in forward and backward connectivity between the electrodes over the training days.

Peak electrode calibration
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Following the associative training of the motor and sensory electrodes, when we stimulated the sensory
electrode, we observed that while the region around the motor electrode responded heavily (See Fig. 1B),
the peak response was observed sometimes in a neighbor of the motor electrode and not the motor
electrode itself. Furthermore, as in our previous study (lwasaki et al. 2024), we observed that the
backward connectivity, and hence the response of the motor electrode, sometime showed an increase
and sometimes a decrease over the training. We therefore started DAY 4 by calibrating this peak motor
electrode. We stimulated each of the three sensory electrode once. Following each stimulation, we noted
the peak electrode in the 3X3 neighborhood (region) of the associated motor electrode that showed
highest connectivity (response) to the stimulation. This electrode was denoted as the peak motor
electrode for the sensory electrode, and the robot finger was connected to it. We also noted the direction
of response on this electrode (whether it showed an increase or decrease of response relative to DAY1).
This calibration procedure corresponds to a so-called one-shot learning procedure (Li et al. 2006).
However, importantly, note that the search for the peak electrode is localized to the immediate
neighborhood of each motor electrode (and not the whole electrode matrix), and that it is done with a
single (first) stimulation on a stimulus electrode. The three peak motor electrodes and the response
direction were used for all the test validations that followed.

Robot imitation: OPAB Test

The test experiments performed DAY 4 onward aimed to evaluate if the robot can imitate what it hears.
That is, whether stimulation of a sensor electrode can elicit activation in the right motor electrode so as
to enable the robot to play the same note. The data processing and procedure followed to test the
imitation were as follows.

A human experimenter demonstrated a series of notes (ranging from 10-18 notes) each day. The sound
decoder decoded each note heard by the microphone. Following the demonstration end, the program
sent five consecutive stimuli to the sensory electrode corresponding to each note played in the
demonstration. Note that we avoid sending to the OPAB each note as they came in, in order to avoid that
the robot starts playing the notes when the human is still demonstrating.

We averaged the activation (mean signal amplitude during the 1-second window following each of the
five sensor stimulations) of each peak motor electrode. The pre-training baseline (average of the
maximum responses across 10 stimulations obtained before training on DAY 1 for the same electrode)
was subtracted from the activation to achieve the corresponding motor electrode response. Following the
OPAB training, we expected the correct peak motor electrode to respond the most, and hence the most
responsive motor electrode was chosen as the motor electrode to play the finger. Once the motor
response for each demonstrated note was determined, the program sent this to the robot controller in
order to move the corresponding robot finger.

As mentioned earlier, between 10 and 18 notes were played in a random order every day for testing each
OPAB. The validation accuracy was calculated across all notes by determining the proportion of notes for
which the brain slice exhibited a correct response. The overall accuracy was plotted for the robot when
operated by each OPAB, and the overall accuracy across the OPABs, for each day in Fig. 3A.
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Controls
We performed three control experiments to evaluate the training:

First, the ‘no-learning’ control examined the performance of each trained OPAB with an electrode pair
that was not trained. For this, during the test session, while the sensory electrodes were maintained the
same, three new peak motor electrodes were selected randomly and used to operate the robot. Each new
control motor electrode was selected while avoiding a selection in the neighbourhood of the electrode it
replaces, but otherwise the selection followed the rules as the original pairs (see Setup and Priming
section). The simulated imitation performance of the robot was examined in this control for each OPAB,
and for the same tested notes, on DAY 1 and DAY 4 and plotted in Fig. 3A in pink. The trained, and no-
learning control behaviors were analyze using a 2-way repeated measures ANOVA, with the factors ‘days’
which had 2 levels for DAY 1 and DAY 4, and ‘association’, which had two levels for trained and no-learning.
The control verified that even when the sensory electrodes were same, connection to any untrained
motor electrode cannot enable the robot to perform the imitation. Note that all testing and performance
quantification procedures were same in the no-learning control, as in the main experiment.

Second, the drug-based learning-cancellation control verified that a physiological attenuation of the learnt
association can attenuate the robot performance and highlighted the physiological nature of the trained
association. To this end, chemical inhibition of synaptic activity was performed using a combination of 50
KM CNQX and 100 pM AP-V (Sigma-Aldrich) in aCSF media. The imitation performance of the robot was
tested before drug addition, and 4 h after drug addition (Fig. 3B). After checking of normality of the
performance data, the performance was compared with a paired T-test to evaluate the effect of the drug
addition on the association learning.

Third, we also performed an infection-based learning-cancellation control. For this control, four of the
trained OPABs (that reached at least 66.7% performance) were infected with the Tahina virus (TAHV) as
previously described (Partiot et al., 2024) on DAY 4. Upon overnight incubation, OPABs were washed 3
times and 150 ul aCSF was added. Media was changed twice a day, and robot imitation performance was
measured at DAY 7 to assess for learning efficacy. This performance was compared with the imitation
performance of seven (healthy) OPABs that were trained for 3 days and tested on DAY 7 without any
intervention in between (Fig. 3C). The infected OPAB performance was non-normal, so we used a
Wilcoxon ranksum test to compare the robot performance with the infected OPABs and the healthy
OPAB:s.

Virus production

Vero E6 cells (CRL-1586) were obtained from the American Type Culture Collection (Virginia, WV, USA)
and grown in DMEM (Sigma-Aldrich) supplemented with 10% fetal bovine serum (FBS, SigmaAldrich) and
1% P/S, Tahyna virus (TAHV, NR-541) was obtained from the American Type Culture Collection through
BEI Resources. Propagation and production of TAHV stocks was performed in Vero E6 cells as previously
described (Partiot, Gorda et al, EMBO Mol Med, 2024). Briefly, 80% confluent cell culture was infected
with TAHV at a multiplicity of infection (MOI) of 0.0001 per cell (viral stock diluted in DMEM culture with
2% FBS, 1% P/S). The cells were incubated at 37 °C for 1 h, with gentle moving from side to side every 15
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min. The inoculum was removed and the cells were incubated for 48-72 h at 37 °C with fresh DMEM, 2%
FBS, 1% P/S. Medium was spinned at 2000 x g for 10 min, supernatant harvested and titrated using plaque
assay titration. OPABs were infected with TAHV at DAY 4 post-training with 10° Plaque-Forming Units
(PFU).
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