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Abstract

How to train your organoid

by

Ash Robbins

Understanding how biological neural networks learn is both a fundamental sci-

entific question and an increasingly urgent practical one. Despite decades of work

demonstrating that in vitro neural cultures can be modified through electrical

stimulation, the field lacks both a shared experimental framework for biological

learning, as well as results mirroring those of artificial neural networks.

This dissertation presents the tools, experiments, and scientific findings de-

veloped while pursuing biological learning in a dish. The work begins with a

hybrid soft-rigid robotic system where model-free reinforcement learning outper-

forms classical control, establishing a first learning environment framework and

motivating the extension of reinforcement learning from artificial to biological

substrates. Contributions to closed-loop optogenetic modulation of epileptiform

activity in human brain slices and a cloud-connected platform for organoid-based

neuroscience education provided foundational infrastructure and early validation

that high-density microelectrode arrays could reliably interface with biological

tissue for stimulation-driven experiments.
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The central result is the first demonstration of goal-directed learning in brain

organoids. Cortical organoids interfaced with high-density microelectrode arrays

learned to balance an inverted pendulum (the “Cartpole” task) through closed-

loop electrophysiology. Training signals were adaptively selected by a reinforce-

ment learning algorithm and significantly outperformed both random stimulation

and unstimulated controls. Pharmacological blockade of glutamatergic transmis-

sion abolished the learned improvements and washout restored them, confirming

that the adaptation is biologically mediated and requires synaptic transmission.

Causal connectivity analysis revealed that the strength of direct stimulus-evoked

pathways predicts learning performance greater than traditional measures of func-

tional connectivity, providing a basis for selecting electrode configurations prior

to training.

Two final technical contributions provide a foundation for future exploration:

RT-Sort, a real-time spike sorting algorithm, and BrainDance, an open-source

Python framework for designing, running, and analyzing closed-loop electrophysi-

ology experiments. BrainDance provides a modular architecture capable of inter-

facing with various hardware devices. By design, BrainDance facilitates accessible

design and sharing of experiments. Together, these tools bring rapid-iteration to

biological neural learning, allowing any laboratory with compatible hardware to

run reproducible experiments on their own biology.
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Chapter 1

Introduction

1.1 Motivation

Every form of learning that we’ve observed occur naturally has occurred in

organisms which interact with their environment. Fundamentally, learning is the

ability to adapt to an environment in order to achieve some desireable outcome.

Behavioral studies have been fruitful in identifying how different forms of learning

and adaption emerge in the brain of various species, from associative learning to

goal-directed behavior. The human brain’s capacity for adaptation comes from

the coordinated plasticity of billions of interconnected neurons, yet we lack a

clear understanding of how to directly guide the computation and learning in

these networks. While this is so early, society is rapidly developing and deploying
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invasive neural interfaces: brain-machine interfaces for motor restoration [1, 2],

deep brain stimulation for neurological disorders, and closed-loop neuromodula-

tion for psychiatric conditions [3]. Deepening our understanding of exactly how

these algorithms can operate is now urgent.

We are at a technological turning point, high-density microelectrode arrays

now provide the resolution to record from and stimulate individual neurons within

complex networks [4] and are commerically available. Stem-cell-derived brain

organoids offer three-dimensional, self-organized neural tissue that recapitulates

key aspects of brain development, including diverse cell types and spontaneous

electrophysiological activity [5, 6]. Together, these technologies enable systematic

study of how living neural circuits process information, adapt to stimulation, and

develop functional input-output mappings within the controlled setting of an in-

vitro preparation.

Despite this technological maturity, the field of biological computing and in

vitro learning suffers from a critical structural problem: many laboratories build

their own experimental infrastructure from scratch. Hardware interfaces, stim-

ulation protocols, analysis pipelines, and training paradigms are developed in-

dependently, yielding results that are difficult to compare, reproduce, or build

upon. Decades of pioneering work have advanced our understanding, from Shahaf

and Marom’s early demonstrations of learning in dissociated cultures [7], through

2



Potter’s embodied cortical networks [8, 9], to more recent efforts in reservoir com-

puting and free-energy-based frameworks [10, 11]. Yet the lack of a shared exper-

imental framework has fragmented progress. Each new group may invest years in

infrastructure, preventing the cumulative advance and reproducibility which the

field requires.

A similar issue occured through the development of artificial reinforcement

learning, and the introduction of OpenAI’s Gym [12] sparked rapid progress. Gym

is a simple modular interface between learning agents and standardized environ-

ments, enabling artificial agents to be easily created and compared on common

ground: DQN [13], PPO [14], SAC [15], and dozens of others evaluated on identical

tasks from Atari games to continuous control problems. The resulting ecosystem of

shared code, verifiable results, and consistent benchmarking transformed brought

upon impressive progress on domains such as robotics, boardgames such as Go

[16], video games like starcraft [17], and more. This same approach is needed for

the upcoming wave of biological learning.

The need for such a paradigm shift is compounded by urgent societal consider-

ations. Artificial intelligence has advanced rapidly without adequate regulation or

public understanding, with large corporations steering deployment before society

could establish guardrails [18]. Neural interface technologies are now following

the same trajectory, progressing from academic research toward clinical and com-

3



mercial applications at an accelerating pace. Unlike conventional software, these

systems operate directly on human cognition. Algorithms which determine how

a brain is stimulated have the capacity to alter each part of the way we think,

feel, and act. Having these algorithms developed behind closed doors (and op-

timized for commercial means) poses massive risks in ways that have only been

touched on in science-fiction novels. The algorithms which determine how exter-

nal stimulation shapes neural activity must therefore be studied transparently,

with reproducible methods and openly shared tools, before they are commonly

deployed in brain-machine interfaces.

In-vitro neural preparations, and brain organoids in particular, offer an effec-

tive platform for this work. They provide direct and easy access to living neu-

ral circuits without the ethical constraints of human or animal experimentation.

Organoids can now be grown in large scales and take weeks to months to ma-

ture. Modern high-density electrode arrays support single-neuron-resolution for

both recording and stimulation [4]. Organoids can serve as a testbed where the

fundamental rules of biological neural learning can be examined through stimulus-

driven experiments [19]. This creates a platform for exploring biological neural

controllers.

The data generated by these high-density arrays ( ∼1GB/min) aligns with the

strengths of current machine learning models. Virtual environments serve a dual

4



purpose: they provide an embodiment for the organoid while also enabling learn-

ing algorithms to operate around the biology. This opens the door for systemati-

cally searching across paradigms for encoding/decoding information to/from the

organoid, as well as training signals. Virtual environments can help researchers

leverage parameter sweeps and optimization to explore the vast parameter space

for their desired learning tasks.

Realizing this potential requires a framework that abstracts away (1) the en-

gineering complexity of hardware interfacing, (2) a suite of tasks and virtual envi-

ronments, and (3) the necessary algorithmic tools for real-time closed-loop control.

Without such a framework, each new experiment remains a bespoke engineering

project, and the field cannot achieve the rapid, reproducible iteration that has

characterized progress in computer science more broadly [12].

This dissertation addresses that need.

1.2 Background

The exploration of learning in biological neural networks in vitro has a short

but rich history. Early work established that dissociated cortical neurons cul-

tured on multi-electrode arrays (MEAs) exhibit spontaneous activity patterns,

including synchronized bursting, and that these patterns can be modified through

electrical stimulation. Maeda and colleagues demonstrated that strong localized
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stimulation could potentiate network responses, increasing the probability of syn-

chronized bursts and altering propagation patterns for periods exceeding twenty

minutes [20]. Jimbo and colleagues showed that local tetanic stimulation induces

pathway-specific changes in responsiveness lasting thirty minutes or more, with

the direction of change (potentiation/depression) determined by the initial corre-

lation structure between neurons rather than by properties of individual cells [21].

These foundational observations established that in vitro neural networks pos-

sess the synaptic plasticity machinery necessary for learning. The critical question

then became whether this plasticity could be utilized for goal-directed behavior.

Shahaf and Marom provided an early and influential demonstration [7], show-

ing that cultured cortical networks could learn to increase their responsiveness to

stimulation at a specific electrode when stimulation was removed depending on

whether it achieved a target response rate. This work introduced a new paradigm,

which looks at stimulation as a value which the network learns to reduce. This

framing, termed the “stimulus regulation principle,” requires no separate reward

circuitry.

The concept of embodiment, interfacing biological neural networks with exter-

nal environments through closed-loop stimulation and recording, became popular

due to the coolness factor of having brain-tissue controlling virtual or physical ob-

jects. Reger, Sanguineti, and Mussa-Ivaldi connected in vitro neural tissue from

6



lamprey brainstem to a mobile robot through a bidirectional interface, demon-

strating that biological tissue could drive real-world behavior [22]. DeMarse,

Wagenaar, and Potter developed the “neurally controlled animat” [8], embed-

ding dissociated cortical cultures in simulated environments and demonstrating

that network activity could be shaped through closed-loop interaction. Ruaro

and colleagues showed that hippocampal cultures could perform a form of pat-

tern recognition, with responses to spatial stimulation patterns selectively poten-

tiated by tetanization at 100 Hz, showing that input-specific features could be

extracted through plasticity [23]. DeMarse and Dockendorf extended the embod-

iment paradigm to adaptive flight control, using low- and high-frequency stim-

ulation to enhance or depress network-wide evoked responses at separate sites,

with evoked activity vectors mapped to pitch and roll control of a simulated air-

craft [24]. Warwick and colleagues demonstrated closed-loop mobile robot control

by identifying input-output electrode relationships based on functional connec-

tivity and mapping neural activity to wheel velocity in a Braitenberg-inspired

architecture [25]. Potter and colleagues showed that spatio-temporal electrical

stimuli could shape embodied cortical network behavior in a simple goal-directed

learning task, demonstrating that the specific pattern and timing of stimulation

was important for inducing functional changes [9]. These studies collectively es-

tablished the paradigm of embodied biological computation.

7



More recent work has expanded the scope of in vitro learning studies. Kagan

and colleagues embedded dissociated cortical cultures in a simplified version of the

game Pong, framing the system through the lens of the free-energy principle and

demonstrating that cultures could develop responses consistent with game-play

behavior [11]. Cai and colleagues demonstrated brain organoid reservoir comput-

ing, showing that organoids could serve as a computational substrate for pattern

classification tasks through a reservoir computing framework [10]. Isomura and

colleagues provided experimental validation of the free-energy principle with in

vitro networks, showing that cultured neurons could perform blind source sepa-

ration [26, 27]. Each of these efforts advanced the field, but most required sub-

stantial custom infrastructure and employed different paradigms, making direct

comparison of results challenging.

In parallel, the technology for interfacing with neural tissue has advanced sub-

stantially. Modern high-density CMOS-based MEAs, such as the MaxWell sys-

tem [4], provide 26,400 electrodes with the ability to simultaneously record from

up to 1,024 selected channels and stimulate up to 32 electrodes at a 20 kHz sam-

pling rate. This density enables subcellular-resolution recording, precise spatio-

temporal spike signatures for identifying individual neurons, and targeted elec-

trical stimulation of single neurons. Combined with real-time artifact removal

algorithms such as SALPA [28] and emerging real-time spike sorting methods

8



such as RT-Sort [29], these arrays support the millisecond-precision closed-loop

interaction that modern training paradigms demand.

Brain organoids have emerged as a particularly promising preparation for this

work. Derived from stem cells, organoids self-organize into three-dimensional

structures that recapitulate aspects of cortical development, including the gen-

eration of diverse neuronal and glial cell types, spontaneous electrophysiological

maturation, and the formation of functional synaptic networks [5, 6]. Unlike

dissociated cultures, organoids retain spatial organization and develop in three

dimensions, providing a substrate that more closely resembles the architecture

of developing cortical tissue. Mouse cortical organoids offer an attractive model

for systematic investigation due to their relatively rapid developmental timeline,

enabling higher experimental throughput than their human counterparts.

The field of artificial reinforcement learning offers a model for how easy-to-use

software (much being based on python) can accelerate scientific progress. The

introduction of OpenAI’s Gym [12] provided a standard interface between learn-

ing agents and environments, with consistent APIs for observation, action, and

reward. The resulting ecosystem, with extensions for multi-agent settings, contin-

uous control, and increasingly complex simulated environments, enabled reinforce-

ment learning to grow to where it is currently dominant for training state-of-the-

art AI models, due to its ability to optimize any task that can be benchmarked.

9



The framework also empowers users with the ability to design and share their

own custom environments. This capability, wrapping a task into an environment,

is what gives reinforcement learning its power. Compared to traditional machine

learning where you need specific targets (e.g. classification, regression, etc.), re-

inforcement learning can optimize any task that can be benchmarked. The key

finding is not that any single environment or algorithm was revolutionary, but

that the experimental and training infrastructure enabled us to get where we are

today, and it is a major driving force in current agentic AI.

Bringing this paradigm to biological neural learning requires addressing sev-

eral challenges that do not arise in the purely computational setting. The biology

introduces variability: each organoid develops somewhat differently, and network

properties change over time. Hardware constraints impose real-time requirements

on stimulation and recording, and other perturbations. The interface between

computational algorithms and living tissue requires careful consideration of en-

coding schemes, timing, and the physiological effects of electrical stimulation. The

experimental pipeline—from growing the organoid, to placing it on the array, to

characterizing its activity, to running a training experiment—involves multiple

stages that must be coordinated and standardized if results are to be reproducible

across laboratories.

10



1.3 Contribution to the Field

This thesis presents contributions across experimental tools, algorithmic meth-

ods, and scientific findings that lay the groundwork for systematic investigation

of learning in biological neural networks. The work spans several published and

collaborative studies, outlined below.

1. A hybrid soft-rigid robotic learning environment. We designed com-

pliant robotic joints with integrated elastic ligaments and demonstrated that

model-free deep reinforcement learning outperforms classical control across

multiple joint morphologies and tasks [30]. Published in Robotics and Au-

tonomous Systems (2022), this work provides the first learning environment

in this thesis and motivates extending reinforcement learning from artificial

to biological substrates.

2. Closed-loop optogenetic modulation of epileptiform activity in hu-

man brain slices. We contributed to the first demonstration of AAV-

mediated optogenetic reduction of network activity in human hippocampal

slices recorded on high-density microelectrode arrays, published in Nature

Neuroscience [31]. The closed-loop infrastructure was built on an early

version of the BrainDance platform. A related follow-up characterizing mi-

croscale bursting dynamics in patient tissue was published in the Journal of

11



Neurophysiology [32].

3. Internet-connected cortical organoids for neuroscience education.

We co-led the design of a cloud-connected, project-based learning platform

in which university students programmed electrophysiological stimulation

experiments on live cortical organoids, published in eNeuro [33].

4. The first demonstration of goal-directed learning in brain organoids.

We show that cortical organoids interfaced with high-density microelectrode

arrays can learn to balance an inverted pendulum through closed-loop elec-

trophysiology, with training signals selected by a reinforcement learning

algorithm. Learning was validated pharmacologically and across multiple

organoids. Published in Cell Reports [34]. Related collaborative work on

organoid self-organization [35] and interneuron fate plasticity [36] informed

the biological substrate used in these experiments.

5. Real-time spike sorting for closed-loop electrophysiology. We con-

tributed to RT-Sort, an action-potential propagation-based algorithm that

assigns sorted spikes within approximately 7.5ms of detection, enabling

closed-loop experiments at single-neuron resolution, and becoming one of

the core enabling technologies within the BrainDance platform. Published

in PLoS ONE [29].
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6. BrainDance: an open-source framework for biological neural learn-

ing. We developed a modular Python platform that provides standardized

interfaces for designing, running, and analyzing closed-loop electrophysiol-

ogy experiments—similar to OpenAI’s Gym for reinforcement learning but

with biology-interfacing hardware. The framework integrates hardware con-

trol, a composable phase system for experimental protocols, real-time signal

processing, and virtual environments for embodied biological experimenta-

tion. Collaborative work on IoT infrastructure for cloud biology [37] and

automated organoid maintenance [38] contributed to the broader platform

ecosystem.
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Chapter 2

Hybrid Soft-Rigid Robotic

Learning Environment

The following content in this Chapter is adapted from a journal article pub-

lished in Robotics and Autonomous Systems by Elsevier, for which I served as first

author alongside co-authors M. Ho and M. Teodorescu.

Biological systems are inherently complex, having nonlinear dynamics, stochas-

ticity, and non-ideal actuators. One method to address these challenges is to learn

how to control them with reinforcement learning, which requires a closed-loop

interactive environment. This particular work explores both the design, char-

acterization, environment, and control of a hybrid soft-rigid robotic joint. The

adapted parts focus on the environment and control for the sake of brevity, but
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more details can be found in the original paper [30].

2.1 Motivation for learning to control biological-

like systems

Natural manipulators, such as the human arm, were crafted through the long-

term optimization of evolution. They tend to be extremely versatile, having the

dexterity to work with various objects and environments thus facilitating survival.

The hybrid composition of rigid and soft components—including bones, muscles,

and connective tissues—yield inherent compliance and flexibility. Biological joints

often have passive stability and elasticity which create mechanical feedback that

benefits disturbance responses [39]. Recent progress in the mechanical complex-

ity of robots has popularized embedding intelligence within the system. Such

robots may inherently dampen motion through elastic components [40] or enable

complicated movements emerging from simple actuation—as with origami robots

[41].

In contrast, traditional robot arms tend to feature rigid components that are

susceptible to large moments propagating throughout the entire robot. This means

the robot’s structural integrity can be compromised by a large unpredictable dis-

turbance. Robotic manipulators involving rigid joints have strictly defined degrees
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of freedom resulting from the mechanical design. These joints typically fit within

three categories: prismatic joints (linear movement on an axis), revolute joints

(rotational movement around an axis), or a combination of the two in order to

achieve the desired degrees of freedom.

In this chapter, a methodology for the construction of novel robotic joints

with a hybrid soft-rigid structure is presented as shown in Fig. 2.1 and model-free

control strategies for this class of joints are evaluated.
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Figure 2.1: Full assembly of the 3D model and physical robot. A, 3D
model of the shoulder joint. B, 3D model of the elbow joint. C, 3D model of
the full manipulator with motor mounts, cable routing pieces, and IMU mount.
D, Physical prototype of the complete manipulator used for all experiments and
analysis.

We present a modular approach to designing, implementing, and controlling

custom hybrid robots. First, the joint design begins with a simplistic 3D print-

ing approach enabling easy customization with a molding process that supports

interfacing between soft and rigid parts. We demonstrate this by modifying the

perforation of the rigid components, resulting in three joints (Perforated, Semi-

perforated, and Solid) with distinct ligament meshes.

Secondly, we characterize the joints through spring and damper experiments to

provide insight on how the modification changes the dynamics; these experiments

expose significant nonlinearities in the system. In the full paper, we show how

design parameters can modulate the spring-damper terms, leading to future work

of programmable dynamics [30]. Measured parameter values inform a simulation

in MuJoCo, enabling the use of Sim2real transfer learning.

Finally, we present results from two model-free control methodologies which

require minimal user input: a proportional-integral-derivative (PID) controller

and the Soft Actor-Critic (SAC) algorithm. Three tasks are designed to evaluate

the accuracy of each controller: 1) Increasing steps, 2) Decreasing steps, and 3)

Sinewave. The SAC policy yields greater precision through a wider range than
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the tuned PID controller, and robustly solves the presented tasks generalizing

through the different joint designs. In the case where SAC loses performance,

a brief retraining period resolves the discrepancy. Our results suggest a method

for designing soft-rigid robotic joints with parameterizable stiffness and damping,

where model-free DRL compensates for variability and non-linearities.

2.1.1 Design concept for hybrid joints

We propose a process for constructing hybrid soft-rigid joints featuring a three-

dimensional elastic mesh element which interweaves through rigid components.

This approach effectively connects two rigid structures (such as the “ball” and

“socket”) through a ligament-like elastic mesh that maintains compliance and

promotes stable joint movement [42, 43] while allowing movement in major and

minor degrees of freedom. We show an application of this design process by

trying to achieve similar mechanical dexterity and robustness to a human arm;

we design a manipulator using these hybrid joints combined with biologically

inspired features. Carbon fiber rods take the place of bones while motors drive

cables providing actuation in accordance to generalized muscle-tendon movement.

This approach takes advantage of passive properties in the human arm that assist

in joint motion and supports design modifications that result in a range of dynamic

properties.
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Fig. 2.2 shows our design of a cross-hatched network of holes within the joint

bodies which the mesh engulfs. The two sets of through-holes lie in perpendicular

planes and are aligned with the axis of intended motion. The combination of

silicone surrounding the joint and within the through-holes creates a system of

spring-dampers which can be modified by design parameters including hole quan-

tity, outer-membrane width, and choice of flexible material. The human shoulder

can be understood as a ball-and-socket joint and the elbow as a hinge joint [44],

informing our design (Fig. 2.2A and B). We define the primary axes of rotation

for the ball-and-socket joint as the y directions, and the hinge joint as the x di-

rection. For both the shoulder and elbow joint, three designs involving differing

perforations (Fig. 2.2C–E) were evaluated.
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Figure 2.2: Joints within molds and three experimental designs. A,
Shoulder joint components within mold. B, Elbow joint components within mold.
C–E, Experimental designs for the shoulder ball component. Only one joint
component is featured on the bottom to elucidate the quantity of through-holes.
Adjusting perforation changes the amount of negative space, leading to changes
in the amount of resulting silicone which then modulates dynamics.

2.1.2 Control strategies

Two methodologies for controlling the robotic arm were evaluated: 1) a proportional-

integral-derivative (PID) controller fit via hyper-parameter optimization and 2)

the model-free Soft Actor Critic (SAC) reinforcement learning algorithm. Model-

based control techniques were not implemented due to the complex dynamics of
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the system; however, we note that the system has the potential to be accurately

modeled. Mean squared error (MSE) was used in both tuning the PID values and

evaluating each control policy.

2.1.3 Network architecture

SAC was chosen as the algorithm to update network weights; the network

architecture plays roles in the computational capability. Goal-conditioned algo-

rithms allow for accomplishing a variety of tasks through policies that depend

on specific goal inputs [45]. Naturally, goal-conditioned algorithms can be for-

mulated similarly to controllers which require set points. Since there are delays

in the hardware from sensing, communication to the main computer, and other

unaccounted for attributes, the current state is non-Markovian. To computation-

ally alleviate this issue, the ten previous observations were included. Both the

simulation and physical prototype have a sampling rate of 100 Hz, permitting the

history to account for 10 ms delays. One single observation (not including history)

contains joint angles x, y recorded from the IMUs, joint velocities x, y calculated

from the angles, previous action at−1, and the goal joint angles g.

The policy network outputs actions for each motor parameterized as a Gaus-

sian distribution, with outputs corresponding to the mean µ and log standard

deviation log σ. During training, actions are sampled from this distribution for
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each motor to induce better exploration, but during evaluation the mean action is

used. The policy output sends commands to each of the two motors which actuate

over their corresponding dominant axis.

2.1.4 Reinforcement learning framework

The reinforcement learning problem is defined as maximizing the total dis-

counted future reward Rt =
∑∞

k=0 γ
krt+k, where γ is a discount factor and rt

is the reward given at time-step t. At each time-step, the agent uses a policy

π(st) = at to select an action at based on the current state st. The state is

iterated forward and yields the reward via (st+1, rt) = f(st, at) based on the en-

vironment dynamics given by function f . The reinforcement learning algorithm

attempts to find the optimal policy, π∗(st) = at, which returns the action that

maximizes Rt.

The value function of a state is defined as V (s) = E(Rt|st = s) while the

action-value function is Q(s, a) = E(Rt|st = s, at = a), where the probability

distributions of actions are yielded from π(s). Actor Critic algorithms are built

to parameterize estimators for the value and policy functions [46]. For the deep

reinforcement learning variant, the estimators used are feed-forward neural net-

works.
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2.1.4.1 Soft Actor Critic algorithm

Recent model-free reinforcement learning techniques such as Proximal Policy

Optimization (PPO) [47], Trust Region Policy Optimization (TRPO) [48], Asyn-

chronous Advantaged Actor Critic (A3C) [49] and Soft Actor Critic (SAC) [50]

have the capacity to accomplish control tasks in both simulated and physical

robotic control tasks [51, 52, 53, 54, 55, 56]. SAC is a sample-efficient and stable

reinforcement learning algorithm which follows policy gradient methods, enabling

use on continuous action spaces. An entropy maximization formulation encourages

exploration and results in a policy that is not overly sensitive to hyper-parameters,

making it a prime candidate for this robot.

SAC increases sample efficiency and stability of the training process by in-

creased exploration through rewarding actions which result in higher variance of

the policy [50]. This is given by the policy that solves the maximum entropy

objective:

π∗ = argmax
π

Eπ

[
∞∑
t=0

γ (rt + αH(π(·|st)))

]
(2.1)

where the expected value of H defines the entropy of the policy given the current

state, and α is a temperature term that scales the impact of the entropy. The

entropy term H is calculated as log π(at|st).

Feed-forward neural networks are optimized to minimize the objective func-

tions for the value, Q-value, and policy functions. The corresponding objective
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functions are:

JV = Est

[
1

2
(V (st)− Eat∼π [Q(st, at)− log π(at|st)])2

]
JQ = E(st,at)

[
1

2

(
Q(st, at)−

(
r(st, at) + γEst+1 [V (st+1)]

))2]
Jπ = Est [Eat [α log(π(at|st))−Q(st, at)]]

which are alternately minimized until convergence. Further information on objec-

tive minimization and modifications are presented in [55]. The implementation

used in this work comes from the Stable Baselines library [57].

2.2 Results

Three separate tasks were selected to test the effectiveness of the SAC and

PID algorithms: (a) Increasing steps, (b) Decreasing steps, and (c) Sinewave

trajectories. Using these experiments, we determine the ability of both control

methods to handle smooth and discrete goal-position changes while compensating

for gravity, mechanical hysteresis, and other non-linearities. Both joints were

evaluated simultaneously, thus errors are dependent on each other. However,

we assume the measurements are disentangled due to the orthogonality of the

actuated axes.
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Figure 2.3: Task-based trajectories and errors. Evaluation of control al-
gorithms on three separate tasks with the shoulder joint (left) and elbow joint
(right). The goal and experimental trajectories of multiple trials are shown on
top, while the corresponding mean error is shown on bottom with an orange tint.
A, Increasing steps task used to train SAC, which is most similar to the PID
tuning task. B, Decreasing steps task highlighting asymmetry of joint dynamics.
C, Sinewave task including a SAC-retrained agent that has been fine-tuned to
properly capture dynamic goals.
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To see how well each model adapted to new, unfamiliar static and dynamic

tasks, we trained the SAC algorithm and tuned the PID controller on a static

task (Increasing steps) shown in Fig. 2.3A. For the dynamic task (Sinewave), a

decrease in SAC performance was resolved with a brief retraining period which

compensated for the unencountered domain. The PID controller did not require

re-tuning because it was tuned about a single point within the range of motion

and does not differentiate between static and dynamic tasks.

Overall, the SAC agent showed lower error for both the elbow and shoulder

joints during the Increasing steps task as shown in Fig. 2.3A. The PID controller

was only able to perform comparably when operating near the position the con-

trol coefficients were tuned for (35◦), otherwise having higher errors. The PID

controller performs worse on the shoulder joint than the elbow, likely due to

uncompensated gravitational forces and the bidirectional mechanical hysteresis

(depicted in the full paper [30]). In contrast, the SAC agent performs consis-

tently throughout each joint’s entire range of motion, indicating that the system’s

transient dynamics have been characterized by the policy network.

Fig. 2.3B shows the Decreasing steps task, where the SAC agent continues

to generalize well. The PID controller failed to minimize the steady state error

throughout the range of the experiment, and we see that it performs better on the

elbow joint compared to the shoulder joint indicating that the elbow is a simpler
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control task. In both cases, SAC keeps reducing in error and the PID controller

does not.

In Fig. 2.3C, the shape of the error graph shows a “bouncing” behavior, where

the minimal error points represent the time where the true position crosses over

the goal trajectory. The PID generalized better than the original SAC for the

elbow joint and comparably for the shoulder, explained by its inability to distin-

guish between task types and more direct control of the elbow, yet by design it is

not able to compensate for the lag involved in the task. We see that the original

SAC algorithm cannot solve this task as well, having much larger error magnitudes

indicating failure of generalization. Since the task involves a dynamic trajectory

rather than static goal positions, a retrained version of the same algorithm was

tested to see if performance improved. The SAC-retrained agent performed signif-

icantly better, outperforming the other control methods and inherently developing

lag compensation.

Overall, the SAC agents perform best in 23/27 cases compared to the PID

controller. The results table can be found be found in the full paper [30]. For

the most important measurement—the Combined error—SAC outperforms PID

control in 9/9 cases. Note that the SAC results include the SAC-retrained.
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2.3 Discussion

We propose a new step in flexible robotic joint design, where elastic liga-

ment meshes interweave traditional robotic joints to introduce compliance while

maintaining stability. This novel class of robotic joints was used to construct a

humanoid arm, demonstrating how the ligament mesh design can be manipulated

to adjust dynamic characteristics; thus, three designs were constructed. Tradi-

tional robotic joint components (i.e. ball-and-socket and hinge joint components)

and molds were designed to accommodate ligaments and 3D printed with negative

space to cast a surrounding and interweaving elastic membrane. The simple cast-

ing process allows for rapid, low-cost prototyping, opening an avenue for creating

systems with dynamic properties through simple mechanical modifications in 3D

CAD. The variable nature of this system was accounted for through model-free

controllers which successfully control the manipulator across joint designs and

tasks.
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Chapter 3

Optogenetic Modulation of

Epileptiform Activity in Human

Brain Slices

The following content in this Chapter is adapted from a journal article pub-

lished in Nature Neuroscience by Nature Publishing Group [58], for which I served

as a contributing author alongside co-authors John P. Andrews, Jinghui Geng,

Kateryna Voitiuk, Matthew A.T. Elliott, David Shin, Alex Spaeth, Albert Wang,

Lin Li, Daniel Solis, and others. My contributions included helping develop the

base software for closed-loop electrophysiology as well as analysis relating to the

activity and heatmaps used in the experiments. The analysis and closed-loop
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control infrastructure utilized in this work was built on an early version of the

BrainDance platform (https://braingeneers.github.io/braindance) which

enabled the optogenetic intervention experiments described herein.

3.1 Introduction

Epilepsy is a disease of aberrant neuronal activity that results from an imbal-

ance of excitation and inhibition [59, 60, 61]. Francis Crick famously envisioned

the potential of using light to precisely control neuronal populations in the human

brain [62, 63, 64]. Since their discovery, light-responsive channelrhodopsins [65]

have become a cornerstone of modern neuroscience studies [66, 67]. Although

optogenetic interventions have shown tremendous promise in non-human disease

models of epilepsy [68, 69], whether such tools will translate into human neural

circuits, and under what conditions, remains unclear.

Although direct application of optogenetics in the human brain is not cur-

rently possible, it has been translated for use in human retina [70, 71]. The use of

optogenetics in research on human brain tissue has the potential to uncover key

parameters for evaluating the potential efficacy of alternative therapeutic strate-

gies. Development of any such therapies involving vector delivery of activity-

modulating genes would benefit from data in a directly relevant model, namely

human brain tissue.
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Human brain tissue slices have been used for decades to probe mechanisms

of epilepsy [72, 73, 74, 75], and single-neuron patch-clamping data exist showing

that cells transduced with an activating channelrhodopsin in human brain slice

can be depolarized with light [76]. However, optogenetics has never been used to

modulate network activity in a human brain slice model. Activation of inhibitory

GABAergic neurons [68, 77] and silencing of glutamatergic neurons [78, 79] have

both shown promise in animal models of epilepsy. Still, neither of these approaches

has been demonstrated in a human brain slice model.

3.2 Human hippocampus slice culture and neu-

ronal transduction

To model human epileptiform activity, we established human organotypic tis-

sue slices from hippocampus tissue (Fig. 3.1a) donated to research by patients

with drug-refractory epilepsy. Tissues were obtained from patients both with

and without hippocampal sclerosis as defined by International League Against

Epilepsy (ILAE) criteria [80]. Resected tissue was sliced to 300 µm and cultured on

cell inserts at the air–liquid interface in serum-free media as previously described

[74, 81]. Slices were transduced (Methods) with AAV9 carrying an HcKCR1 [82]

transgene driven by a CAMK2A promoter and a fluorescent tag (enhanced yellow
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fluorescent protein (eYFP)). Fluorescent reporter expression was observed in live

imaging with an epi-fluorescent microscope by day 4–6 (transduced on day 0).

On the day of experiments, the slice was plated with neuron-dense areas of in-

terest positioned over the high-density microelectrode array (HD-MEA) recording

surface (Fig. 3.1b). A scan of the recording area electrodes was performed imme-

diately after plating the slice to observe areas of spontaneous activity (Fig. 3.1c).

After experiments, slices were fixed, and reporter expression was confirmed by im-

munohistochemistry (Fig. 3.1d). Reporter expression was enriched in neurons of

the granule cell layer and the dentate gyrus as well as pyramidal cells (Fig. 3.1e).

The proportion of neurons expressing eYFP in areas of high transduction ranged

from 10% to 54%. This variability may be the result of focal micropipette injec-

tion. Slices that did not show detectable eYFP were excluded from the analysis

of transduction rates (Methods). Together, these results indicate that we estab-

lished organotypic tissue slice cultures of the human hippocampus and repro-

ducibly delivered genetic payloads into hippocampal CAMK2A+ neurons using a

combination of AAV9 and a CAMK2A promoter-driven transcript.
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Figure 3.1: HD-MEA recordings of human hippocampal slices. a,
Workflow of hippocampal slice recordings of HD-MEAs. Hippocampus specimens
were collected on postoperative day 0 (POD0, day of surgery), sliced and plated
on cell culture inserts. Transducing viral vectors was done on the same day as
surgery. After 5–8 d in culture, slices were plated on HD-MEAs for recording
experiments. b, NeuN staining of a slice with a black rectangle overlaying the
HD-MEA recording area (left) and higher magnification of the same image with
black rectangle denoting the HD-MEA recording surface (right). c, Activity scan
showing amplitude of spike activity in the area denoted by the rectangle in b.
d, Co-localization of eYFP with neuron-dense areas of the same hippocampal
slice from b (slice 10F), one of eight slices transduced with AAV9-HcKCR1 with
correlative electrophysiologic data. e, Left, insets of areas shown in d, correlating
with the GCL of the dentate gyrus. Right, area of CA1 showing areas of pyramidal
(PYR) cell morphology. f, Top, raster plot of unit activity with average unit firing
rate (Hz) overlaid in red, demonstrating a sample of rhythmic bursting activity
after adding KA to a hippocampal slice (slice 10F). Bottom, local field potential
from select electrodes from recording above, showing discrete increases in local
field potential frequency bands strongest in the theta range. Scale bars are shown
in microns.
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3.2.1 Design of optogenetic system

The purpose of the designed hardware platform is to trigger an optogenetic

stimulation pulse and observe the response of neurons on a high-density electrode

array. The optogenetic system was designed to be easy to replicate and does not

require custom printed circuit boards (PCBs) or soldering (Assembly instructions

are provided in the full paper [58], as well as the bill of materials and relevant

software).

To run an experiment, the user must specify a calibration CSV file, which

contains data on an LED’s power output (see ’Optogenetic power density mea-

surement and calculation’ subsection in the full paper [58]). The user also con-

nects to the Arduino over a USB serial port. Afterwards, the program creates

a stimulation log CSV file into which the stimulation events with their parame-

ters are recorded. Now, the user can construct their own stimulation sequences

and use several helper functions with configurable stimulation pattern templates

(Fig. 3.2f).

As the user runs the experiment, stimulation events are logged in both the stim-

ulation log CSV file and the MaxWell voltage recording .hdf5 file. The MaxWell

.hdf5 file has a field that stores a single bit value representing the GPIO pin signal

(’1’ for on, ’0’ for off) for every frame of the recording (every 0.05 ms assuming

20-kHz sampling). Therefore, we can extract at which recording frame the light
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turned on and at which recording frame the light went back to being off. The

CSV log file stores a timestamp of each event as well as the intensity of light used

and the duration of ON and OFF requested by the user.

3.2.2 Optogenetic system software low-level functionality

The computer sends the Arduino an integer value over USB serial connection

corresponding to the desired intensity. Although the intensity is represented to

the user as a decimal number between 0 and 1, it is converted to the nearest

proportional integer in the range of the 12-bit digital-to-analog converter (DAC)

(0–4,095). The range 0–4,095 was chosen instead of the full 12-bit integer range

of 0–4,096 because it more closely corresponded to 0–5-V DAC output when mea-

sured on an oscilloscope.

The computer also sends the electrophysiology recording system a signal to set

GPIO high. GPIO high is +2.0–3.3 V, and anything less than or close to zero is

considered GPIO low. When the GPIO signal is high, the Arduino sends a value

to the DAC. Thus, to turn the light on, the computer needs to send a non-zero

intensity value to the Arduino and also trigger the recording system to set GPIO

high.
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3.2.3 Activity detection algorithm and closed-loop optical

intervention

We implemented an algorithm that monitors spike activity in real time, using

data from the HD-MEA (Fig. 3.3). This algorithm is meant to demonstrate a

therapeutic use-case scenario. When a predefined spike threshold is detected,

the algorithm triggers illumination of the slice. Spike activity was measured by

counting the total number of 5-root-mean-square (rms) spikes that occurred in 10

s across all the electrodes on the HD-MEA.

Experimentally, this threshold was to be 2–4 times above the average baseline

5-rms spike activity for 1 min before application of bicuculline. After the drug was

applied, activity quickly surpassed this threshold. After the threshold is surpassed

for a 10-s window, the algorithm triggers 10 s of illumination. Afterwards, the

algorithm goes back to monitoring activity. This algorithm is intentionally simple

in nature, to provide a proof of concept that user-defined signals can be detected

in real time using HD-MEA interface with this ex vivo model, in a closed-loop

process.

3.2.4 Optogenetic control of human hippocampal network

HcKCR1 encodes a kalium channelrhodopsin—a potassium-selective, light-

sensitive ion channel that hyperpolarizes the neuronal membrane, thus reduc-
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ing the probability of spiking when activated by 530-nm light [82, 83]. Unlike a

more traditional Channelrhodopsin-2 (ChR2), which encodes a sodium-selective

ion channel, inhibitory channelrhodopsins have never been applied to human tis-

sue. To confirm that HcKCR1 illumination drives membrane hyperpolarization,

intracellular voltage-clamp recordings confirmed hyperpolarizing currents in hu-

man hippocampal neurons, consistent with the expected channel physiology [58].

To assess whether AAV-based transduction of human neurons with optogenetic

constructs is specific to HcKCR1, we transduced additional slices with an exci-

tatory channelrhodopsin (AAV9–CAMK2A–ChR2–eYFP) packaged in the same

viral vector. In this case, we observed a similar extent of expression, suggesting

that our methods are not limited to HcKCR1. Together, these results demonstrate

the feasibility of applying inhibitory optogenetics to human neurons.

3.2.5 Optical HcKCR1-mediated inhibition of network ac-

tivity

HcKCR1 activation suppressed activity in human hippocampal neurons across

all experimental conditions of spontaneous and provoked activity (Fig. 3.3). Illu-

mination with 530-nm light [82] resulted in rapid silencing of hippocampal activity.

Intensity scans across the full range of light intensity produced by the LED

driver were carried out to determine the dynamic range of the control of neuronal
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firing rates as a function of illumination power. The intensity threshold was

typically between 26.2 mW mm−2 and 31.2 mW mm−2, correlating to 40–50% of

the possible output from our drivers. For experiments, we used one step above

the minimum threshold (that is, 50–60% intensity, translating to 31.2–35.8 mW

mm−2).

Decreases in neuronal firing rates during HcKCR1 optogenetic activation were

obtained from n = 8 ex vivo hippocampal slices. We additionally carried out

recordings in a hippocampal slice transduced with an identical AAV vector driv-

ing ChR2 expression (AAV9–CAMK2A–ChR2–eYFP), which demonstrated an

increase in unit activity with 470-nm light illumination. This result confirms that

the specificity of light-mediated change in neuronal activity is determined by the

channelrhodopsin-specific physiology and not an artifact of light illumination.

AAV mediated HcKCR1 expression is sufficient to enable optogenetic mod-

ulation of network-wide spontaneous activity despite incomplete transduction.

Spontaneous activity arises from networks perched in a balanced regime that is

prone to neither silence nor saturation [84]. As a result, relatively small increases

in inhibitory tone at a cellular level may be insufficient to offset the imbalance

necessary to generate epileptiform activity at a network level.
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3.2.6 Optogenetic suppression in provoked hyperexcitabil-

ity

Next, we tested HcKCR1-mediated optical inhibition in the context of hyper-

excitable conditions.

We used magnesium-free (0-Mg) media, a long-standing approach used to

increase neuronal excitability and induce epileptiform activity in hippocampal

preparations [72, 85, 86]. Clear, spontaneous bursts of activity were observed in

two of four slices bathed with 0-Mg media (Fig. 3.3c). These bursts of activity

were less than 1 s in duration and several minutes apart, reminiscent of interictal

epileptiform spikes [87]. During LED light illumination of slices bathed in 0-Mg

media, mean firing rates were reduced compared to the rates in the absence of light

illumination, although not all units responded uniformly. On a unit-level analy-

sis, 15–40% of units in these slices had a decrease in firing rate of at least 90%

during light-ON conditions. Spike events during 0-Mg recording conditions were

not completely absent during optical inhibition of two separate slices (Fig. 3.3c).

The spikes were far enough apart in time to prevent strong conclusions about the

effects of optical inhibition on these events.

Addition of kainic acid (KA) has been used in various epilepsy models [88, 89,

90]. Based on other groups reporting the effectiveness of combining multiple pro-

convulsant pharmacologic interventions to induce epileptiform activity [88, 91], we
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tested whether adding kainate to 0-Mg bathed slices would lead to epileptiform

activity. The addition of KA resulted in acute elevations in firing rate, and, in two

of four slices recorded with KA, rhythmic bursts of activity occurred (Fig. 3.3d).

Slices exhibiting this rhythmic bursting of unit activity also showed increased co-

herence across frequency power bands, most clearly in the theta band (Fig. 3.3f,g).

Repeated 10-s periods of illumination reduced firing rates during light-ON con-

ditions (Fig. 3.3d), but a causal effect of illumination on the coordinated bursts

is less clear in the absence of more comprehensive characterization of the typical

effects and expected frequency of rhythmic bursting with addition of KA.

To explore this platform’s ability to perform closed-loop illumination, we used

a GABAAR blockade via the application of bicuculline to elevate firing rates

above their baseline levels (Fig. 3.3j,k). We used the reproducible increases in

firing rate with GABAAR blockade to detect and disrupt elevations in network

firing. We used an automated, real-time spike event detection algorithm to trig-

ger LED illumination when a firing rate threshold is crossed (Fig. 3.3h–k). The

closed-loop illumination software is user-activated after bicuculline application,

and when firing rates surpass a predefined threshold, it triggers 10 s of continuous

illumination. This markedly reduced the firing of recorded units (Fig. 3.3h–k).

This was replicated in n = 3 HcKCR1-expressing slices derived from n = 2 pa-

tients. These results demonstrate a potential benefit of optogenetic interventions
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in epilepsy: modulation of brain activity restricted precisely to time and anatomy

in which pathologic elevations in neuronal firing occur.

In these three distinct methods of provoking a hyperexcitable state (0-Mg, 0-

Mg + KA and GABAAR blockade), HcKCR1 activation in a subset of CAMK2A-

expressing neurons reduced network firing rates. The magnitude of firing rate

reductions in 0-Mg and 0-Mg + KA conditions was generally less than that ob-

served in physiologic media and GABAergic blockade conditions. Although sev-

eral variables may contribute to this, HcKCR1-mediated inhibition of pre-synaptic

CAMK2A-expressing neurons may be partially offset by post-synaptic glutamater-

gic receptor activation in 0-Mg and 0-Mg + KA conditions. Whether HcKCR1

activation of CAMK2A-expressing neurons effectively interrupts provoked coher-

ence seen in 0-Mg + KA conditions will require additional experiments to thor-

oughly characterize the effects of the rhythmic burst activity induced with 0-Mg

+ KA.
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Figure 3.2: Optogenetic device for MEA. a, Hardware components: the
MaxWell CMOS HD-MEA system is augmented with an optogenetic platform,
consisting of an Arduino with a DAC controlling an LED driver to modulate light
timing and intensity delivered to the biological sample on the HD-MEA. The
optogenetic platform uses off-the-shelf optoelectronic equipment and 3D print-
able components (the lid and insert) for reproducibility. The MaxWell natively
supports electrical stimulation. b, Cross-section of optogenetic well insert show-
ing main components. c, Close-up of the optical fiber creating illumination. d,
Software modules: code and data flow supporting optogenetic and electrical stim-
ulation wrapped into Python libraries. Additional files store calibration for the
expected LED power outputs, a log of stimulations delivered during an experiment
with respective parameters and MaxWell voltage recording data. Cyan elements
are specific to optogenetic stimulation. Green elements are specific for electrical
stimulation. All other software elements are shared. e, Experimental setup inside
the incubator showing the MaxWell chip with the optogenetic insert during an
optical stimulation event. f, Configurable stimulation templates are part of the
software modules.
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3.2.7 Activity heatmaps

Activity heatmaps in Figs. 3.1 and 3.3 show the spatial distribution of signifi-

cant voltage events. The MaxWell software computes a moving rms value for each

electrode, and we used this to determine events that crossed a threshold set at

5× the rms value of each respective electrode. A 2D spatial grid of the counts per

second was constructed, and then a 2D Gaussian blur with radius, r, was used

to enable better visual continuity. Each position in the grid was divided by 2πr2

so the values displayed would correspond to events per second, making it so the

Gaussian blur does not significantly alter the values of each data point. These

values were then plotted as the activity heatmaps, where warmer colors represent

areas of higher event frequency, and darker colors denote regions with less activity.
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Figure 3.3: Optogenetic inhibition of human hippocampal activity.
a,b, Stacked raster and electrode heat maps (slice 3C, HcKCR1) across five 10-s
trials (pre/ON/OFF); mean firing rate (red); black: HcKCR1–eYFP. c,d, Rasters
from slice 10F in 0-Mg (c) and after KA (d). e–g, Expanded burst epoch (e),
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LFP spectrum (f), and theta-band coherence (pink; KLD) with firing rate (g).
h,i, Rose plots of theta phase: non-random in g(I), random in g(II). j,k, Raster
and heat maps showing optogenetic inhibition after bicuculline blockade (slice 5C);
black: HcKCR1–eYFP. l,m, Closed-loop illumination schematic (l) and silencing
of bicuculline-provoked activity (m). Shading: SEM. fr, firing rate.
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Chapter 4

Internet-Connected Cortical

Organoids for Project-Based

Stem Cell and Neuroscience

Education

This chapter has been adapted from a journal article published in eNeuro by

the Society for Neuroscience, for which I served as first author alongside co-first

authors Matthew A.T. Elliott and Hunter E. Schweiger. The adapted sections

focus on the portion of the study related to the internet-based stimulation and

recording of organoids. For information on the other course, see the full paper [19].
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This methodology used an early version of the BrainDance software, providing a

study on the usability and outcomes with undergraduate students.

4.1 Introduction

The use of cortical organoids in academic research and biotechnology has dras-

tically increased in recent years [92]. For example, cortical organoids are used as

tools for drug discovery [92], to study genetic mutations underlying disease [93, 94],

and to study infectious diseases that affect the brain, such as Zika and COVID-19

[95, 96]. Given their applications and the trends in the use of these models in

research and development, there is a growing need for students to be trained in

stem cell culture and cortical organoid generation, manipulation, and analysis.

Internet-enabled technologies can be a powerful tool to overcome this gap.

When laboratory equipment is connected to the cloud, scientists and students

can easily access and manipulate these technologies remotely [97, 98, 99, 100].

Moreover, this approach allows exceptional platform scalability, allowing dozens

or hundreds of users simultaneously [101]. In the classroom, Internet-enabled

technologies have been used to drive project-based learning (PBL) approaches in

a variety of settings, including the use of microscopes for remote observations of

behaviors of model organisms and cell cultures [102, 97, 101], the use of sensors

to monitor environmental conditions [103, 104], and even the use of lab-on-a-chip
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microfluidic devices to perform bacterial detection in water samples [105].

We take advantage of Internet-enabled technologies to introduce cortical organoid

PBL in two different university courses: an introductory tissue culture course,

where students monitor the growth of organoids in the presence of different drugs,

and an advanced neuroscience mathematics course, where students stimulate and

record from cortical organoids using multielectrode arrays (MEAs). In both ap-

proaches, the students can perform PBL over several days. We showed that

Internet-enabled PBL leads to a high level of interest in neuroscience and stem

cell biology in the students in both courses. Altogether we propose that Internet-

enabled PBL can become an effective approach to deliver complex concepts in

stem cell and organoid culture. Here we focus primarily on the internet-based

stimulation and recording of organoids. For information on the other course, see

the full paper [19].

4.2 Methods

4.2.1 Ethics statement

The University of California Santa Cruz Institutional Review Board (IRB)

reviewed this work at the proposal stage and determined that it did not constitute

human subject study. Therefore, the work was IRB exempt.
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The students who performed the electrophysiology experiments were enrolled

in the BME118: Mathematics of the Mind course at the University of California

Santa Cruz. A total of 24 students was enrolled in this course. We performed

two surveys: one before the experiment, and one after the experiment. For the

pre-experiment survey, 18 students responded. For the postexperiment survey, all

24 students responded.

4.2.2 Electrophysiology experiments

Using the Maxwell Biosystems software, activity scans were performed every

2–3 days. We sampled signals from 1024 of the ∼26,000 electrodes at a time in

a sweeping formation across the MEA at an interval of 30–45 s for each configu-

ration. A base level of activity was measured by electrical events which crossed

the 5-root mean square (rms) noise threshold. If activity was detected, 5- to

12-min recordings were taken using Maxwell Biosystems’ electrode selection al-

gorithm which maximizes clusters of electrodes around hotspots of high relative

firing rate. Neurons were identified by analyzing the neuronal footprint, the signal

averaged waveform across a patch of multiple electrodes surrounding the poten-

tial neuron. Neurons chosen to be stimulated required detection of at least 10

threshold-crossing events. We chose stimulation channels as the channels that

recorded the highest amplitude signals from the neuron to have the highest prob-
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ability of evoking action potentials [106].

4.2.3 Data processing

Raw electrical data from the MEA was saved during each of the experiments

in the HDF5 format. These data were spike-sorted into individual units (putative

neurons) using Kilosort 2 [107]. This process filters the data, whitens [107], then

clusters neurons based on matching spike-waveform templates. For each identified

neuron, this process outputs a list of spike times together with the spatial location

on the MEA. To validate the biological plausibility of the identified neurons, expert

human curation was conducted through the open-source software Phy (https:

//github.com/cortex-lab/phy). Putative neural units are retained if they have

key biological features such as a biologically consistent shape and duration for

their action potential waveforms. Each experiment recording was individually

processed with the same set of spike sorting parameters. Electric stimulation

artifacts and noise were removed during the curation. These data were delivered

to the students in Python NumPy format allowing easy subsampling.

4.2.4 Electrophysiology experimental design

Mathematics of the Mind students were introduced to the idea of analyzing

electrophysiological measurements by conducting analysis from a previous set of
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published electrophysiological recordings in human organoids [108]. The students

were taught to use measures including spike-time tiling [109], correlation, inter-

spike intervals, and latency distributions to characterize neural circuit behavior.

After this initial homework assignment, students were asked to propose a cir-

cuit perturbation experiment using electrode-supplied stimulation on live tissue

to augment the underlying neural circuitry, where they would analyze spontaneous

activity before and after the perturbation. The setup of the experiment involved

a 5-min baseline recording, a 5-min recording with student-designed stimulation,

and a 15-min poststimulation recording. The students were specifically tasked

with designing and coding their own stimulation paradigm to be executed during

their experiment, and proposing a hypothesis for changes that would occur be-

tween the baseline and poststimulation recordings. They were encouraged to be

creative.

4.2.5 Stimulation programming

To make the task of stimulation paradigm design feasible and straightforward

for the Mathematics of the Mind students, a simple application programming

interface (API) was designed. The students were told that they could stimulate

three neurons in any manner that the API enabled, and they could select the

approximate distance of the three neurons as a proxy for connectivity. At a high
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level, the students craft sequences of stimulations using the API, and choose a

frequency to iterate through these stimulation sequences. The API enables the

creation of stimulation paradigms by three simple commands: “stim,” “delay,”

and “next.” The “stim” command has three parameters: (1) the list of neurons

to stimulate, (2) the amplitude in millivolts to stimulate, (3) the width of the

biphasic pulse. Recommended values of 150 mV for the amplitude and 200 µs per

phase for the biphasic pulse were given to students. The “delay” command has

one parameter: the time to delay in milliseconds. It pauses the stimulation. The

“next” command effectively ends the current stimulation sequence.

4.3 Results

4.3.1 Electrophysiology software programs run on organoids

in a neuroscience mathematics course

A landmark in neuronal maturation is the acquisition of electrophysiological

properties [110]. These properties follow a stereotypical cell type-specific identity

[111, 112, 113, 114]. Given the great diversity of neurons in the cerebral cortex, it is

expected that complex models, such as organoids, will have different electrophys-

iological profiles representative of their cell type composition [115]. Indeed, the

emergence of complex networks in cortical organoids is an active area of research
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that is expected to continue growing over the next few years [116, 110, 108, 117].

One of the most exciting aspects of the emergence of neuronal circuits is that

it provides scientists with the ability to study how neurons in organoids “learn” by

adapting to stimuli provided to them [118]. Neuronal plasticity can be evoked in

cerebral organoids by sending electrophysiological stimulus patterns [118]. These

patterns are written using computer code. Therefore, an organoid’s neuronal

circuitry can be “programmed” to produce different types of predictable neuronal

responses.

To date, PBL-based teaching of electrophysiology concepts in the classroom

have been limited to either simulation of single neurons using web-based apps

[119, 120, 121, 122] or the use of simple devices to activate and record neuro-

muscular electrophysiological signals in either invertebrates or the students’ own

muscles [123, 124, 125, 126]. While remarkable, these experiments do not offer

the capability to ask complex questions in circuit assembly and brain function.

Specifically, students do not have the ability to program their own experiments,

where they see how neuronal circuitry responds to their code. This is made pos-

sible using high-density multielectrode arrays (HD MEAs), in which thousands

of electrodes can stimulate and record from a single circuit [127]. For example,

the MaxOne system from MaxWell Biosystems has been used to record circuit

activity in cortical organoids through its 26,400 electrodes [94, 108]. Yet, because
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of the high costs and experimental complexity associated with these experiments,

HD MEAs have not been introduced in the classroom. We have previously de-

veloped an Internet-connected electrophysiology platform that allows the users to

record from MEAs remotely [128]. This technology could become key for cloud-

enabled PBL [101], in which students use experimental platforms that are not

located at or owned by their own institutions.

To deploy this technology for neuroscience education, we integrated it into

the Mathematics of the Mind course at the University of California Santa Cruz.

This course is a mixed upper-level undergraduate and beginning graduate class

where most enrolled students are from quantitative fields such as computer sci-

ence, physics, applied mathematics, and engineering. Students were taught con-

cepts and given supplementary readings within topics such as tetanus-induced

potentiation dependent on connectivity [129], Hebbian theory [130], spike-time

dependent plasticity [131] and homeostatic regulation [132]. For the students to

properly construct experiments, they were introduced to applied electrophysiol-

ogy techniques like spike sorting, a neurophysiology technique that allows neuronal

spikes to be clustered based on similarities [133]. To understand how perform-

ing live electrophysiological experiments impacted the students, we first surveyed

them after the introduction of these concepts but before performing the experi-

ments (Fig. 4.1). Of the 24 students enrolled in the class, 18 responded to the
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precourse survey. We found that the large majority (83.7%) of the students had

previous experience in mathematics and computer programming (Fig. 4.1A,B).

In contrast, 66.6% of the students reported having little to no previous stem cell

biology experience (Fig. 4.1C) and 94% of the students reported having little to

no previous experience with neuroscience (Fig. 4.1D).

We then asked the students questions related to their interest in the class and

the topics discussed up to this point, and before the execution of live experi-

ments. We found that 94.4% of the students reported that they are interested in

the applications of mathematics to biological processes (Fig. 4.1E), and all of them

(100%) wanted to learn about Internet-of-Things technologies (Fig. 4.1F). Simi-

larly, 94.4% of the students reported that this course required them to think at a

deep level or use critical thinking (Fig. 4.1G). In addition, 83.3% of the students

thought that this course allowed them to examine questions that matter beyond

the classroom (Fig. 4.1H). When asked about the biological side of the class,

77.7% of the students were interested in learning about stem cells (Fig. 4.1I) and

94.4% of them were interested in learning about neuroscience (Fig. 4.1J). Similarly,

88.8% of the students claimed to be interested in learning about “connectoids”

(Fig. 4.1K), long-range connected organoids [134, 135, 136]. When asked about

the technologies to be used in the experiments, 66.6% of the students were com-

fortable using WetAI (Fig. 4.1L), our custom interface with the experiment [101],
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and 72.2% of the students claimed to be comfortable using Jupyter notebooks

to perform experiments (Fig. 4.1M). We found that 61.1% of the students said

they were comfortable reading neuroscience literature (Fig. 4.1N), while 44.4% of

the students felt comfortable performing high-density MEA experiments at this

time (Fig. 4.1O). In addition, 66.6% of the students reported that they would be

comfortable identifying spike burst signals in high-density MEA data (Fig. 4.1P).

Altogether, we observed that, consistent with their academic background, most

students are more comfortable with the quantitative aspect of the class than with

the biological section, although they demonstrate a high interest in learning topics

in stem cell and neuroscience.
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Figure 4.1: Students’ previous experience and reported interest in
topics related to mathematics, neuroscience and stem cell biology. A –
P , Students’ answers to a survey assessing their level of experience and interest
in the topics covered in the Mathematics of the Mind course. n = 18 students.
A total of 14 of the 16 survey questions were statistically significant, using a one-
sample two-tailed t test (p-value ≤ 0.05). C and P were not significant. y-axis
represents percent of students.

Given the qualities of these students, we then asked them questions related to

their mathematics self-concept, as this metric has been previously shown to be a

predictor of performance [137, 138, 139]. To do so, we asked the students their

level of agreement with different statements. We found that 61.1% of the students

agreed with the statement “I am capable and skillful at Mathematics” (Fig. 4.2A),

while 44.4% agreed with the statement “Being a good mathematics student makes

me feel that my classmates and teachers think more of me” (Fig. 4.2B). These

results are similar to previous reports of mathematics self-concept in university

students [139]. However, unlike previous reports, we find that half of the students

(50%) agree with the statement “In the mathematics examinations I feel unsure,

desperate, and nervous” (Fig. 4.2C), while the minority of the students (44.4%)

agree with the statement “My performance in mathematics largely depends on the

methodology and empathy with teachers” (Fig. 4.2D). This self-concept profile is

consistent with university students who are high achievers in online mathematics

training [139], suggesting that our students were likely to succeed in a remote

PBL experiment. Finally, when asked whether they agreed with the statement
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“Mathematics is useful and necessary in all areas of life,” we found that 83.3% of

the students agreed (Fig. 4.2E), while 88.8% of the students agreed with the state-

ment “Mathematics is useful and necessary for a career in Biology” (Fig. 4.2F).

The combination of the students’ quantitative skills and interests, as well as their

self-concept consistent with high achievers in mathematics, allowed us to conclude

that this cohort of students is ideal for implementing remote PBL experiments

using high-density MEAs.

Figure 4.2: Mathematics self-concept of the students. A – F , Stu-
dents’ answers to a survey assessing their mathematics self-concept. n = 18
students. Four of the six survey questions were statistically significant, using a
one-sample two-tailed t test (p-value ≤ 0.05). C and D were not significant.
y-axis represents percent of students.
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4.3.2 Student-designed electrophysiology experiments

As part of the class, we asked students to work in groups to design and pro-

gram stimulation patterns to be given to cortical organoids [140]. They were

asked to propose a hypothesis on what changes they expected to see in network

behavior following stimulation. The students then analyzed the results of their

stimulation patterns and presented their findings to the class. Each group was

assigned two organoids: one to be used as an experimental organoid, and one

control (Fig. 4.3A,B). To help the students conduct their electrophysiology exper-

iment, we designed a simple application programming interface (API). Each team

of students had the opportunity to watch their stimulation experiment happen

on the organoid live, in real time. The experiments were hosted via Zoom, with

the class TA presenting the changes in neuronal activity that occurred while the

organoids were being stimulated.

The API mentioned above provided students with considerable freedom in

the types of experiment they could construct. One notable group, for exam-

ple, translated the rhythm of a minimalist song: Steve Reich’s Clapping Music

(Fig. 4.3C,D). In this song, two artists clap at rhythms that synchronize and desyn-

chronize throughout the song [141, 142]. The students wanted to see whether this

syncing of stimulation patterns might yield a Hebbian-like learning outcome. This

rhythm has been previously used in mathematics problems in combinatorics and
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group theory [141, 142]. The students translated each of the clapping sequences to

an electrode stimulation pattern using the API (Fig. 4.3D). These patterns were

then applied to the experimental organoid (Fig. 4.3E) and the students found that

the stimulation pattern had a measurable effect on neuronal behavior (Fig. 4.3F).
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Figure 4.3: Student experiments explore programming neuronal cir-
cuits. A , Students were assigned two cerebral organoids (test and control)
placed on an HD MEA, which delivered their electrophysiology stimulus pattern.
B , Students used online software to explore data, including neuron locations
across both organoids, stimulation sites, and individual spike rasters. C , One
team encoded the rhythm of Steve Reich’s duet, Clapping Music, sending each
performer’s pattern to different neurons. Image from Reich’s music score. D ,
The online software was used to verify the stimulation pattern matched the mu-
sical rhythm; red and blue represent patterns sent to two different neuronal sites.
E , Students analyzed spike raster data from before, during, and after stimulation
to determine whether their stimulus evoked the predicted neuronal response. F ,
Example computational analysis: one team applied a statistical test to the cosine
similarity score to assess whether stimulation altered neuronal activity, comparing
spontaneous firing immediately after stimulation to that 10 min later and finding
a significant difference. MCMC fit = Markov-Chain Monte Carlo fit.

The other groups created experiments of similar rigor and creativity (Fig. 4.4).

Three of the five groups stimulated organoids with a high frequency tetanic pattern

[143]. This experiment was popular because it was explained to have a high

chance of prominent changes. Each group approached the problem using a unique

protocol they designed. One group used the freedom that the stimulation API

provided to design an experiment which generated a random walk over stimulation

amplitudes, producing a unique sequence during each generation. This group

was interested in whether these stimulation sequences produced unique patterns

between neurons connected in a circuit.

The students were told to rigorously analyze the resulting data from their

experiment to determine whether the experiment’s hypothesis was correct through

techniques they were taught throughout the class: correlation matrix, spike time
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tiling coefficient, interspike intervals, and interneuronal spike latencies. Most

importantly, the students had to implement some form of original analysis not

taught during the class. This could either be a method learned from reading

literature, or a novel technique they design themselves. Most groups implemented

either a basic statistical test to verify their hypothesis, or an unsupervised machine

learning technique to help interpret results. However, some groups developed novel

analysis methods. Of note, one group implemented the underlying algorithm used

in principal components analysis (PCA) but using the spike time tiling matrix as

the input into the algorithm (Fig. 4.4A–D). The group showed that this new

technique was able to discern the test from control organoid based on neural

signals (Fig. 4.4D).
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Figure 4.4: Example of Mathematics of the Mind student-project ap-
plying tetanic pattern to cortical organoids. A , Spike time tilling matrix
for the electrophysiology data recorded from cortical organoids. B , Eigende-
composition on the spike time tilling matrix to extract its eigenvalues and eigen-
vectors. For illustration, the first four eigenvectors are plotted. C , Comparison
of eigendecomposition on the spike time tiling matrix to other popular correlation
techniques. Specifically, they considered how the method’s reconstruction error
compared with that of performing principal components analysis on the correla-
tion matrix. D , Superimposition of the first eigenvector’s values (represented as
small circles in the blue-yellow range) on top of their corresponding neural unit
allowed the students to differentiate which neurons came from which organoid.
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4.3.3 Organoid experiments lead to higher interest in stem

cell and neuroscience research in mathematics stu-

dents

To understand how the integration of HD MEA recording and stimulation of

neuronal cell cultures in the classroom affects the students’ interest in neuroscience

and stem cell research, we surveyed the Mathematics of the Mind students imme-

diately after their presentations. All 24 students enrolled in the class responded

to the survey. We found that 95.8% of the students said that they enjoyed learn-

ing about organoids (Fig. 4.5A), and 91.6% enjoyed performing these experiments

(Fig. 4.5B). In addition, we found that 91.6% of the students thought that per-

forming remote electrophysiology experiments was interesting (Fig. 4.5C), while

95.8% of the students thought that the experiment selected helped solidify the

concepts discussed in the class (Fig. 4.5D).

We then asked the students for their perceptions after performing remote elec-

trophysiology experiments. We found that 83.3% of the students thought that

performing these experiments allowed them to perform novel and complex experi-

ments (Fig. 4.5E), while 87.5% of the students thought that this approach allowed

them to do experiments that required complex training (Fig. 4.5F). 91.6% of the

students thought that these experiments allowed them to study new areas beyond

their academic program (Fig. 4.5G). A total of 95.8% of the students consid-
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ered that performing remote experiments allowed them to do projects that are

not available to most students around the world (Fig. 4.5H), while 62.5% of the

students thought that performing remote experiments allowed them to multitask

more than in person labs (Fig. 4.5I).

Then, we focused on understanding how performing these experiments influ-

enced the students’ interest in neuroscience and stem cell research. We found that

83.3% of the students thought that performing these experiments increased their

interest in stem cells (Fig. 4.5J), while 87.5% reported an increased interest in

organoids (Fig. 4.5K). Remarkably, we also find that after this course most of the

students report a higher comfort in reading and discussing scientific literature in

neuroscience (91.6%; Fig. 4.5L), stem cells (79.1%; Fig. 4.5M), and mathematics

(66.6%; Fig. 4.5N).

Finally, we asked the students how this work affected their career prospects.

We found that 87.5% of the students would consider continuing further education

in stem cells and neuroscience (Fig. 4.5O) and 79.1% would consider applying to

jobs analyzing stem cell and neuroscience data (Fig. 4.5P). Altogether we con-

clude that our approach positively affected the students’ interest in stem cell and

neuroscience.
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Figure 4.5: Students report positive attitudes toward stem cells and
neuroscience after organoid experiments. A – P , Postexperiment survey
results for the Mathematics of the Mind course (n = 24). All 11 questions were
statistically significant (one-sample two-tailed t test, p ≤ 0.05). y-axis: percent
of students.

4.4 Discussion

The scalability of electrophysiology projects would follow a different approach.

While the HD MEAs used in these experiments have a high cost ($200/chip)

and require expensive capital equipment, there are ∼26,000 electrodes in the

HD MEAs, which can be distributed to lower the per user costs. Specifically,

users can read from 1024 electrodes simultaneously and of those they can stimu-

late from [140]. We can switch to a new set of 1024 in seconds. This allows us to

multiplex the system in various ways: by assigning different sets of electrodes for

recording and stimulation to different subgroups within the class or individually

to each student, depending on class size. For extended experiments, each student

or group can design a stimulation pattern and our interface can apply these ex-

tended patterns to the same or different chips sequentially. In addition to the

multiplexing of experiments, we have developed a strategy to scale the use of the

software and lecture materials to reach more students. The coding lectures and

homework were aggregated into a single public repository for future education

(https://github.com/Braingeneers-Education). We integrated a newly de-
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veloped cloud environment, GitHub Codespaces, to allow anyone to access course

tutorials. The software is web based, requiring no downloads, and can be run

from any computer or tablet.
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Chapter 5

Goal-Directed Learning in

Cortical Organoids via

Closed-Loop Electrophysiology

This chapter has been adapted from a journal article published in Cell Reports

[34], for which I served as first author. The work presents the central experimental

contribution of this dissertation: the first demonstration of goal-directed learning

in brain organoids. Through closed-loop electrophysiology, cortical organoids in-

terfaced with high-density microelectrode arrays learned to balance an inverted

pendulum. We used adaptively selected training signals guided by reinforcement

learning to modify the biological circuitry. The experimental framework developed
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here builds on the tooling and infrastructure described throughout this thesis, pri-

marily the BrainDance platform (Chapter 7).

5.1 Introduction

The brain has an unmatched capability for intelligent and dynamic informa-

tion processing—deep artificial neural networks require over five layers to achieve

an adequate approximation of a single biological neuron [144]—yet biological neu-

ral networks operate at a fraction of the power consumption of artificial systems

[145]. Understanding how they process and dynamically adapt to information has

profound implications, from developing targeted stimulation protocols for neural

rehabilitation to creating energy-efficient bio-electronic computation [146]. Re-

inforcement learning concepts provide a high-level blueprint for learning in vivo

[147, 148, 2, 149], and low-level learning rules including Hebbian plasticity and

synaptic dynamics have been studied extensively [150, 151, 152, 153, 154, 155, 156].

However, despite extensive research at both scales, we lack a clear understanding

of how low-level synaptic modifications give rise to goal-directed learning. This

gap limits our ability to harness biological learning.

Studies of neural adaptation in vitro could reveal these mesoscale learning prin-

ciples. Pluripotent stem cell-derived brain organoids are an ideal model for in vitro

learning, as they recapitulate key aspects of neuronal development, including di-
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verse cell types and complex electrophysiological circuitry [5, 157]. Although these

organoids can model many aspects of development, they are typically grown with-

out key inputs from other brain regions or sensory organs [158, 6], limiting their

ability to model in vivo neurodevelopmental processes that depend on such in-

teractions. High-density microelectrode arrays (HD-MEAs) can both record from

and stimulate organoids at single-cell resolution [159], enabling precise control of

the electrophysiological aspects of an organoid’s intreaction with its surroundings.

This fine-grained control allows us to systematically perturb neuronal networks

within organoids and longitudinally observe their responses, providing a platform

for iterative investigation of learning at the circuit-level.

Within the last three decades, labs have used varying methodologies of elec-

trophysiological stimulation in efforts to harness biological computation through

closed-loop interaction [9, 11, 10]. Pioneering work repurposed vestibular circuits

of a lamprey to control a robot [22], leading to numerous studies embodying cul-

tures into closed-loop tasks [8, 24, 160, 25, 161, 162, 163, 164]. Subsequently,

different frameworks for in vitro neural adaptation have emerged, influenced by

factors like species, brain regions, neuron distributions, and network architectures.

Early work accomplished supervised learning through slow frequency stimulation

which evoked network bursts, ceasing stimulations when the desired effect was

achieved [7, 165], formalized as learning by stimulation avoidance [166]. Many
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approaches instead use tetanic (high-frequency) stimulation patterns as training

signals [151, 9]. These tetanic electrical stimulations (> 5Hz) have been shown

to induce functional and stimulus-evoked changes for pattern recognition [23]

and burst information [151], and have been explored with respect to LTP/LTD

[167, 21, 168, 169], and embodied tasks [24, 160, 161]. Tetanic stimulation is

thought to induce changes through associative mechanisms due to increased neu-

ral activity.

More recent work on reservoir computing with organoids, which leverages ma-

chine learning readout layers, has demonstrated success in unsupervised tasks like

predicting dynamical equations and classifying speech snippets [10], as well as a

control task [163]. The free energy principle has been proposed as a theoreti-

cal framework to explain success in blind source separation tasks [170, 171] and

control in a simplified “Pong” environment [11], drawing parallels to artificial rein-

forcement learning approaches to curiosity [172]. However, other work has shown

that even inanimate hydrogels, when electrically embodied in a “Pong” task space,

can demonstrate improvement [173], highlighting the importance of appropriate

controls and careful interpretation and investigation of apparent learning in these

systems. A key insight from previous studies is that repeated and formulaic high-

frequency stimulation patterns can induce persistent shifts in network dynamics

[21, 9]. These shifts effectively reconfigure the network’s input-output mapping,
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potentially enabling real-time adaptation. Building on this principle, we hypoth-

esized that by systematically selecting which neural pairs to stimulate based on

task performance, we could guide these network reconfigurations toward improved

control policies.

While previous work has demonstrated that stimulation can modify synaptic

plasticity, key questions remain about the optimal selection of target neurons,

stimulation frequencies, and timing. In this paper, we focus on feedback-driven

neural plasticity—on the scale of seconds to tens of minutes—as a form of short-

term learning. We propose a systematic approach to characterizing and training

biological controllers using high-frequency stimulation within a task-based frame-

work (Fig. 5.1). We embody cortical organoids into an environment that simulates

the classic problem of inverted pendulum stabilization [174] (similar to balancing

a ruler vertically on your hand). In this problem, commonly known as “Cartpole”

[175, 176], a simulated two dimensional cart must be moved along the horizontal

axis to balance a vertical pole which is attached by a hinge. Unlike pattern recog-

nition tasks, Cartpole requires continuous, active stabilization of an inherently

unstable system where small lapses in control lead to failure—making it particu-

larly suitable for assessing both real-time processing and short-term adaptation.

We demonstrate that organoids can significantly improve their performance on

this task through optimized training patterns, and show that this form of learn-
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ing depends on glutamatergic neurotransmission, as it ceases when administering

pharmacological blockers of AMPA and NMDA receptors.
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Figure 5.1: Experimental overview for in vitro learning
a Schematic of multiphase experimental design. The Record phase uses a spon-
taneous recording to locate and characterize putative neural units. The Stimulate
phase uses electrical stimulation on each of these units to measure stimulus-evoked
activity through different temporal ranges. Human experimenters then select pu-
tative neuron roles from the causal connectivity analysis. The Train phase consists
of repeated interactions with the simulated dynamical environment, organized into
episodes. b Flowchart of each episode of the training loop. The virtual envi-
ronment is simulated at a fixed frame rate while interacting with the organoid in
a closed loop (yellow box). The episode is terminated when the pole falls into an
unrecoverable position. Finally, depending on the training paradigm, a pattern of
pulses may be delivered.
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5.2 Results

5.2.1 Multi-Phase Experimentation

We developed a framework consisting of three key experimental phases to

achieve goal-directed learning in cortical organoids: 1) network characterization

through spontaneous recording, 2) stimulus-response mapping through targeted

electrical stimulation, and 3) closed-loop training in the dynamical task (Fig-

ure 5.1a). Each phase builds upon automated analysis from the previous phase

to systematically identify and interface with relevant neural circuits. This ap-

proach enables us to first characterize the network’s causal connectivity before

attempting to dynamically modify the stimulus-evoked responses through train-

ing. The framework provides millisecond-precision control to minimize latency

between the neural culture and virtual environment, and it also supports repro-

ducibility through an automated analysis pipeline.

To implement this framework, we generated mouse cortical organoids to serve

as a biological substrate for learning. Functional neural networks were devel-

oped through directed patterning and self-organization (Figure 5.2a) of three-

dimensional aggregates from embryonic stem cells into structured neural tissue

(Figure 5.2b) that recapitulates key features of cortical architecture [177]. By day

10, the networks show dorsal forebrain specified radial glia (Pax6) and medial gan-
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glionic eminence progenitors (Nkx2.1) (Figure 5.2c). The tissue markers of proper

differentiation at day 30 express cortical subtype-specific markers including upper

(Satb2 and Brn2) (Fig. 5.8a) and deep (TLe4 and Ctip2) (Fig. 5.8b) layer excita-

tory projection neurons along with inhibitory neurons (Sst) (Fig. 5.8c), dendritic

processes (Map2), and astrocytes (Gfap) (Fig. 5.8d). We specifically chose cor-

tical patterning due to the cortex’s well-established role in adaptive information

processing and its ability to encode, decode, and modify responses to novel in-

puts [1]. The organoids were interfaced with high-density microelectrode arrays

(HD-MEAs) [178, 179, 58] (Figure 5.2d-f), providing precise spatio-temporal con-

trol over the culture with a high number of putative neuronal units for potential

computation.
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Figure 5.2: Organoid generation and interaction with electrical inter-
face
a Schematic of the protocol for generating mouse embryonic stem cell (ESC)
derived cortical organoids. b Brightfield images of organoids over development;
images taken at varying magnifications. c Immunohistochemistry of day 10 cor-
tical organoids show the presence of Pax6 (radial glia), Nkx2.1 (medial ganglionic
eminence). Scale bar, 150 µm. d Illustration of organoid plated on HD-MEA
chip. Scale bar, 200 µm. e Heatmap of activity from electrode configuration
overlayed on the HD-MEA and a representative plot of the electrode configura-
tion. Scale bar, 200 µm. f Representative plot of the waveforms from individual
neuronal units overlayed on electrode configuration
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5.2.2 Neural Configuration

Our targeted approach to cortical organoid computation focuses on character-

izing capabilities within small sub-circuits. To do this, we require a few separate

components. First, we begin by capturing spontaneous neural activity in the

Record phase, using it to identify locations of putative neurons and the best elec-

trodes to stimulate them. As shown in a previous study, electrically stimulating

the axon initial segment yields the best chance at triggering action potentials, with

electrode locations showing higher recorded amplitudes providing better stimula-

tion efficacy [180]. The spontaneous activity recording is used to generate a spa-

tial map of putative neural unit locations (Methods: Spontaneous recording and

neural unit identification) through a metric incorporating firing rate and action

potential amplitude (Figure 5.2e,f). We then perform signal-averaging triggered

by the peak amplitude of detected action potentials at these locations to extract

spatio-temporal footprints and remove duplicates for each unit. Larger amplitudes

yield neurons which are easier to identify in real-time experiments. This analy-

sis enables us to reliably detect neural activity on distinct electrodes throughout

the experiment and identify optimal stimulation sites based on peak amplitude

locations.

To map causal information flow through these neural circuits, we characterized

stimulus-response relationships during the Stimulate phase by delivering bi-phasic
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pulses to each identified neural unit one-by-one for 50 repetitions (delivered at

2Hz) as seen in Figure 5.3a and c. We used automated analysis to quantify three

major temporal response signatures: first-order causal connectivity representing

direct neural pathways (Figure 5.3b), multi-order causal connectivity showing

network-mediated responses (Figure 5.3d), and probability of evoking network-

wide bursts (Fig. 5.9). Based on these metrics, we created a neural configuration

defining units for encoding (input), decoding (output), and training. We select two

encoding and two decoding units, prioritizing first-order connectivity from encod-

ing to decoding units, and used multi-order connectivity as a secondary preference

(Figure 5.3e and f). Units exhibiting frequent network bursting responses were

deemed less suitable as encoding units since widespread activation could interfere

with more fine-grained control. After encoding and decoding units were selected,

between 5–12 training units were selected independent of connectivity patterns to

explore optimal training stimulations.
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Figure 5.3: Stimulation characterization and causal connectivity
a Stimulus-evoked responses: (top) 50 voltage traces from unit 7 after stim-
ulating unit 6; (bottom) spike latency from stimulation raster. Red marks the
first detected spike in each trial. b First-order causal connectivity showing
the probability that stimulation of one unit (x-axis) evokes a response in another
unit (y-axis) within 18ms. c As in a, showing a multi-order bursting response.
d Multi-order causal connectivity showing mean response count within 200ms
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when each unit is stimulated (x-axis) and responses are measured in other units
(y-axis). e Network graph of first-order causal connectivity with assigned neural
roles. Edge weights indicate probability of evoking a direct response within 18ms.
Node positions are schematic. f As in e, but for multi-order connectivity. Edge
weights indicate mean spike count within 200ms, capturing network-mediated re-
sponses that may include polysynaptic pathways through intermediate neurons.

5.2.3 Training Paradigm

Using our characterized neural configuration, in the Training phase we trained

organoids to balance a pole on the cartpole task, where an inverted pendulum at-

tached to a cart must be balanced by applying horizontal forces (between −10N

(Newtons) and 10N) to the cart (Fig. 5.1). Each episode represents a single

attempt at balancing the pole until failure (defined as the pole exceeding a termi-

nal angle of ±16◦, which represents a nearly unrecoverable state), and typically

lasts for tens of seconds depending on performance. The electrophysiological in-

teraction between the environment simulation and the organoid was specified by

a rate-coding scheme [181, 182, 149] for both encoding pole angle (stimulating

the input units) and decoding horizontal forces (reading smoothed spike counts

of the output units) to apply to the cart. This scheme is employed for each dis-

crete timestep within an episode (Methods: Rate-coding scheme for encoding and

decoding). Each episode ran from a random initialization until failure. A series

of consecutive episodes is called a training cycle. We evaluate the performance

within a training cycle as the amount of time balanced per episode. A result
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indicating learning within a training cycle shows an increase in the duration of

episodes. To allow for both learning and recovery, experiments were organized

into typically 15-minute training cycles with 45-minute rest periods.The organoid

receives real-time sensory information about pole angle and provides motor com-

mands throughout each episode. However, training signals—the high-frequency

stimulation patterns that modify neural dynamics—are delivered only at episode

completion and only when a performance criteria is met. This design ensures that

training signals cannot directly influence task performance through immediate ar-

tifacts or interference, but instead must modify the organoid’s neural dynamics

and information processing during subsequent episodes. Specifically, training sig-

nals were administered whenever the 5-episode mean performance did not exceed

the 20-episode mean, allowing the system to focus on larger-scale adaptations

while filtering out the impact of individual episodes of poor performance. If the

time balanced never surpassed 10 s within the first training cycle, different encod-

ing/decoding units were selected. See Methods: Cartpole task environment for

further details on training and Fig. 5.14 for configuration layouts.

Our approach leverages a fundamental property of neural networks: high-

frequency stimulation can induce shifts in network dynamics that persist beyond

the stimulation period [21, 151]. By delivering specific paired-pulse patterns to

designated training neurons at episode completion, we aim to perturb the network
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state in ways that modify the input-output transformation between encoding and

decoding units. The adaptive selection of these perturbations—choosing which

neural pairs to co-activate based on recent performance—allows us to explore

different network configurations, effectively searching for control policies that im-

prove task performance. Each stimulation pattern acts as a targeted perturbation

that can shift the network’s dynamical landscape, and by tracking which per-

turbations lead to better balancing, we guide the system toward more effective

configurations. Therefore, we call these network perturbations training patterns,

and we optimize the training pattern selection using artificial reinforcement learn-

ing principles.

5.2.4 Superior Performance of Adaptive Training Signals

over Random and Null Conditions

To investigate whether training signals sent to the training neurons could mod-

ify information processing between input and output neurons, we compared three

distinct experimental conditions: 1) “Null” without stimulation, 2) “Random”

with stimulation of 5 randomly chosen training units (neurons), and 3) “Adaptive”

with stimulation of a pair of training units (neurons) selected through reinforce-

ment learning with eligibility traces—a computational method that tracks which

neuron pairs have previously led to performance improvements and preferentially
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selects those pairs for future training, while gradually forgetting older associations

(Figure 5.4a,b). We refer to either a 5-tuple or a pair of units selected for training

stimulation feedback as a training pattern. We chose to stimulate random-ordered

5-tuples to replicate similar conditions from previous studies [9, 11]. Pairs instead

of 5-tuples were used in the Adaptive Stimulation paradigm to both reduce the

total number of possible training signals and to test whether a more fundamen-

tal pulse would enable modifications. Refer to Methods Section: Training signal

paradigms for a detailed explanation of the training options tested. In each exper-

iment, we tested two or more of these conditions in sequential 15-minute cycles

(e.g., Null → Random → Adaptive) with one condition per cycle. Figure 5.4c

showcases a representative experiment where the adaptive condition (green) re-

peatedly achieved superior performance, improving from a baseline of 10 seconds

to over 60 seconds of balanced control across multiple cycles (see Supplementary

Video 1-3 for examples of each condition). This improvement is quantified in

the cycle-averaged performance metrics (Figure 5.4d). The emergence of effec-

tive control behavior becomes evident when examining the pole angle trajectories

over time (Figure 5.4e). The effects of training stimulation delivered when the

5-episode mean performance dropped below the 20-episode mean is illustrated for

three example cycles (Figure 5.4f).
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Figure 5.4: Training paradigms enable task-specific learning
a Square wave biphasic pulse, 400µV peak-to-peak, 400µs period. Patterns con-
sist of multi-channel pulses spaced 10ms apart, repeated at 10Hz. b Three train-
ing paradigms: Null (no stimulation), Random (5-pulse patterns with randomly
ordered channels), and Adaptive (2-pulse patterns selected based on performance-
attributed improvements). c Alternating paradigm experiment showing perfor-
mance (balance time in seconds) by color (blue-null, red-random, green-adaptive),
with raw (transparent) and smoothed (solid) traces. Cycles last 15 minutes with
45-minute rests; 21 cumulative hours shown. d Mean and inter-quartile range
of performance per paradigm for the experiment in c. e Overlaid pole-angle
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trajectories per episode within selected cycles. X’s mark terminations; color in-
dicates temporal progression (blue = early, pink = late). f Individual cycles
with episodes as scatter points and training delivery times marked. Dark line
is the 5-episode trailing mean; training was delivered when performance was not
improving.

We evaluated 19 cortical organoids from 8 batches across 41 experiments (38

cartpole training, 3 pharmacological intervention), totaling over 125 hours of

recorded activity. For cartpole training experiments, organoids underwent 1–6

experiments each (median: 2) spanning 3–75 cycles (median: 27). The most

extensive experiment ran continuously over 48 hours. To quantify consistent per-

formance, we used the 90th percentile of episode duration (time balanced) within

each cycle as our primary metric. Organoids were deemed proficient if time bal-

anced exceeded three standard deviations above the mean performance of the best

of five in silico purely stochastic neural firing patterns (Fig. 5.11).

We compared distributions of the 90th percentile performance from each cycle

of these training paradigms (Null: n = 130, Random: n = 67, Adaptive: n = 91).

We found the adaptive training significantly outperformed both random and null

cases (p = 0.0081 and p = 1.87 × 10−7 respectively, Dunn’s test with Holm

correction). Random stimulation did not significantly outperform the null case

(p = 0.079). While 23.1% of cycles reached proficiency under adaptive training,

only 4.5% did so with random stimulation, and 2.3% with no stimulation.

Given the superior performance of adaptive training, we conducted extended
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experiments using only the adaptive paradigm without cycling between condi-

tions. We will refer to this training strategy as “Continuous Adaptive” training.

Figure 5.5a demonstrates sustained learning across multiple hours, with perfor-

mance consistently exceeding the proficiency threshold. Notably, while organoids

demonstrated clear performance improvements within individual training cycles,

these improvements did not consistently persist across the 45-minute rest periods

between cycles. The temporal pattern of performance peaks during training peri-

ods shows clear autocorrelation (Fig. 5.10), suggesting underlying state-dependent

changes occurring over multi-hour periods. Post-hoc analysis revealed certain

pulse combinations yielded consistently higher improvement metrics (Figure 5.5b),

measured as the cumulative change in time balanced following each training signal

delivery (see Fig. 5.4.3). These highly effective patterns—identified by improve-

ment exceeding random walk bounds—often shared common training units.

To elucidate how the adaptive training paradigm optimizes its 2-unit stimu-

lation patterns, Figure 5.5c visualizes the dynamic tracking of how the algorithm

weights each possible training pattern during an experiment with multiple cycles.

Unlike the random paradigm which always samples 5-unit patterns randomly,

the adaptive method uses eligibility trace-based temporal difference reinforce-

ment learning described in Methods: Training signal paradigms to assign higher

weights to training patterns that have historically contributed to performance im-

89



provements. The inset highlights how individual pulse patterns can drive either

improvement or deterioration at different timepoints, likely reflecting differing

network states, emphasizing the importance of adaptive training signal selection.

We visualize a representative proficient organoid’s control strategy in two com-

plementary ways. A simplified sigmoid policy estimation (Figure 5.5e) shows

the emergence of structured control centered around the vertical pole position,

while the complete neural response dynamics showing how the organoid’s motor

output patterns relate to sensory input states (Figure 5.5f,g) and reveal richer

dynamics. These flow fields—which capture how neural responses relate to the

pole’s state through time—show adaptation towards an off-center balancing point

that incorporates both angle and angular velocity information. This suggests the

organoid’s control strategy becomes sensitive to the pole’s dynamic state rather

than responding solely to instantaneous position (see Fig. 5.12 and Supplementary

Video 4). Early episodes show scattered, inconsistent responses, but late episodes

demonstrate coherent control strategies with multiple stable oscillation patterns

and increased activity density near this preferred state. In late episodes, the

organoid’s control policy becomes more structured and consistent, with episodes

converging toward consistent initial starting conditions (Figure 5.5f,g). The input-

output mappings show that neural responses develop stable trajectories that re-

flect systematic control strategies[183], with well-trained organoids repeatedly cy-
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cling through these consistent response patterns during extended balancing peri-

ods. Adaptive training did not simply increase decode unit firing rates (Fig. 5.13),

but reorganized them in a performance-dependent manner.
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Figure 5.5: Continuous adaptive training reveals control policy devel-
opment
a Performance across all adaptive training cycles. Dashed threshold at 20.5s
denotes proficient performance (Fig. 5.11). b Improvement metric per training
pattern; line and circle colors denote the first and second neurons, respectively.
Grey envelope indicates Brownian motion baseline (see Fig. 5.4.3). Roman nu-
merals mark peak improvements. c Real-time adaptive pattern selection. Top:
performance over the experiment. Bottom: value estimates for all 2-unit patterns,
with color intensity indicating selection probability. Black markers show delivery
times; red boxes correspond to panel d. d Value estimate adaptation for two ex-
ample patterns (purple, orange). Purple values rise after yielding improvements;
orange values rise then fall following performance loss, illustrating the algorithm’s
sensitivity to outcomes. e Sigmoid fits of the organoid’s control policy within
one cycle. Early episodes lack structure; late episodes converge toward a sigmoid
centered at 0°. f,g Phase-plane dynamics of spike count difference vs. input
frequency across early (f) and late (g) episodes. Late episodes show more round
trips, higher density near 0°, and less variability in initial responses.
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These improvements in control strategy were reflected in overall performance

metrics—continuous adaptive experiments achieved proficiency in 46.4% of cy-

cles, substantially higher than the 23.1% rate observed in adaptive alternating

experiments (Figure 5.6a,b). When comparing distributions of the 90th per-

centile performance from each cycle, continuous adaptive significantly outper-

formed all cases (p = 7.07 × 10−20, p = 2.08 × 10−8, and p = 8.11 × 10−3 for

null, random, and adaptive respectively, Dunn’s test with Holm correction). We

analyzed correlations between the best 90th percentile performance for each ex-

periment and a range of connectivity metrics derived from both spontaneous and

stimulus-evoked activity (see Methods: Stimulus-response characterization). Our

first-order causal connectivity metric proved especially predictive of performance

outcomes (R2 = 0.446, p = 6.0 × 10−4, n = 30), substantially outperforming

traditional functional connectivity as calculated by spike-time tiling coefficient

within 20ms [184] (R2 = 0.288, p = 0.004, n = 32) (Figure 5.6c,d). This ad-

vantage was most pronounced in proficient experiments, where causal connec-

tivity showed remarkably strong correlation with learning performance (R2 =

0.59, p < 0.01, n = 12), whereas functional connectivity showed a weaker corre-

lation (R2 = 0.20, p = 0.14, n = 12). The strength of first-order causal connec-

tions, which guided our neural configuration selection, emerged as a key predictor

of learning capability (Figure 5.6e). Output units’ ability to evoke multi-order
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responses (p < 0.01) and network-wide bursts (p < 0.01) correlated with perfor-

mance, suggesting that output units’ capacity to recruit broader network activity

may facilitate adaptive control. Other connectivity metrics, including burst prob-

ability and functional coupling between non-input/output units, showed weaker

or non-significant correlations, further supporting the importance of first-order

causal pathways in enabling successful learning.

These results demonstrate both the effectiveness of adaptive training and the

importance of proper neural configuration selection. While high-frequency stim-

ulation generally enhanced network performance over baseline, adaptive selection

of training signals led to significantly better outcomes than random selection, with

proficiency rates doubling in continuous experiments. The state-dependent nature

of each cycle’s 90th percentile performance suggests persistent network states con-

ducive to adaptation, rather than independent and isolated initializations.
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Figure 5.6: Statistical validation and neural correlates of learning
a Box plots (IQR) of 90th-percentile cycle performance per condition (Null:
n = 130; Random: n = 67; Adaptive: n = 91; Continuous Adaptive: n = 138;
7–12 organoids each). Adaptive stimulation outperforms both baselines (Dunn’s
test, Holm correction: adaptive vs null ∗ ∗ ∗P = 1.87 × 10−7, vs random ∗∗P =
8.11 × 10−3; continuous adaptive vs null ∗ ∗ ∗P = 7.07 × 10−20; random vs null
P = 0.079). Red line: proficient threshold. b Proficiency rates: Continuous

95



Adaptive 46.4%, Adaptive 23.1%, Random 4.5%, Null 2.3%. c,d Peak perfor-
mance predicted by baseline functional connectivity (c; R2 = 0.288, P = 0.004,
n = 32) and first-order causal connectivity (d; R2 = 0.446, P = 6.0 × 10−4,
n = 30). e Feature correlations with peak performance (n = 30): direct
causal connections (∗ ∗ ∗P = 2.0 × 10−4), evoked response (∗∗P = 2.0 × 10−3),
output-unit burst rate (∗∗P = 8.0 × 10−3). i/o: input/output units. ∗P < 0.05,
∗∗P < 0.01, ∗ ∗ ∗P < 0.001.

5.2.5 Glutamatergic Transmission is Essential for Learn-

ing

To investigate the underlying mechanisms of the observed learning capabili-

ties, we performed pharmacological intervention experiments using glutamatergic

receptor antagonists. Application of AMPA/kainate receptor antagonist NBQX

(20 µM) and NMDA receptor antagonist APV (100 µM) [147, 29] significantly

impaired the ability of organoids to balance the pole (Figure 5.7a). Mixed ef-

fects modeling across three organoids revealed that drug application reduced per-

formance by 10.38 seconds (95% CI: -13.52 to -7.25, p<0.001), representing a

64% decrease from baseline performance regardless of pre-drug performance (Fig-

ure 5.7b; Table S1). Following washout of the antagonists, performance substan-

tially recovered, with only a non-significant residual deficit of 1.51 seconds (95%

CI: -4.48 to 1.45, p = 0.318) compared to baseline. These results demonstrate

that glutamatergic transmission through both AMPA/kainate and NMDA recep-

tors is necessary for the goal-directed learning observed in our experiments, and
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that this effect is reversible through washout.
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Figure 5.7: NBQX and APV abolish learning capabilities.
a Three organoid experiments (top, middle, bottom panels) demonstrating the
effects of glutamatergic receptor antagonists on task performance. Performance
is measured as time balanced (seconds) over experimental time (hours). All
organoids show proficient performance prior to drug application (Pre), complete
loss of learning during NBQX (20 µM) and NMDA receptor antagonist APV
(100 µM) treatment (orange shaded area), and recovery of baseline performance
after washout (Post). Circles indicate the 90th percentile performance in each
cycle. b 90th percentile performance normalized to pre-drug baseline. Each
color represents a different organoid as shown in panel a (purple, green, gray).
Vertical dashed lines demarcate experimental phases (Pre, During, Post) and are
colored with their respective organoid color. During treatment, 90th percentile
performance decreases to less than 30% of baseline performance, and recovers af-
ter washout over varying timescales across organoids. Markers denote the 90th
percentile values for each cycle (n=38 cycles from 3 organoids from 1 batch (3
experiments): Pre n=3, During n=6, Post n=29; total 3193 episodes).
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5.3 Discussion

Our results demonstrate goal-directed learning in brain organoids using inten-

tionally selected circuits, establishing a new paradigm for biological computation

beyond the successful unsupervised reservoir learning approach demonstrated in

[10]. Organoids naturally recapitulate neural development and, to some extent,

circuit architecture in three-dimensional space, providing a highly parallel sub-

strate for spatial computation. HD-MEAs enable millisecond-precision closed-

loop control, allowing us to map specific computational roles to individual neu-

rons despite capturing only a subset of the total network activity. Using a novel

multi-phase experimental approach, we designed a rapid analysis pipeline that

enables iterative experimentation, characterizing neural responses and adjusting

parameters within minutes between experimental phases. This capability for sys-

tematic investigation mirrors the rapid prototyping that accelerated artificial neu-

ral network development. Mouse cortical organoids, with their quick development

cycle[19, 185], provide an ideal testbed for this engineering approach to biolog-

ical computation. This framework opens new possibilities for both fundamental

neuroscience and hybrid bio-electronic systems.

Unlike previous in vitro learning studies focused on pattern recognition or

fixed behaviors [10, 9], our framework tackles a continuously unstable control

problem requiring active state maintenance, demonstrating that biological circuits
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can optimize complex dynamical systems even without canonical reward circuitry.

Our experimental design—delivering training patterns only at episode completion

and selecting training units distinct from input/output units—isolates the learn-

ing effects. Random stimulation did not significantly improve performance over

baseline. However, our adaptive training paradigm, which optimized training

signal selection based on performance changes, significantly outperformed both

random and null conditions, achieving proficiency in 46.5% of continuous cycles.

This demonstrates that biological neural networks can be systematically modified

through precise electronic control.

Our adaptive approach represents a hybrid form of reinforcement learning that

bridges artificial and biological systems. We use artificial reinforcement learning

algorithms with eligibility traces [46] to optimize the selection of training sig-

nals delivered to biological neural networks. In this framework, the reinforcement

learning algorithm learns which pairs of stimulation sites, when activated together,

often improve task performance over time. Unlike canonical biological reinforce-

ment learning, which relies on neuromodulatory signals like dopamine [186], our

system delivers direct electrical stimulation to selected neurons based solely on

task performance metrics. The organoid’s neural dynamics adapt in response to

these externally-imposed training patterns, improving its input-output mappings

for pole balancing. This adaptation likely occurs through stimulation-induced
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shifts in network dynamics where each training pattern effectively explores a dif-

ferent configuration of the network’s dynamical landscape, with successful pat-

terns reinforcing beneficial network states [9, 151]. Interestingly, extensive work

has shown that cortical neurons, particularly in prefrontal and orbitofrontal cor-

tex, can represent reward expectation and value signals [187, 188], suggesting that

cortical circuits may possess intrinsic mechanisms for performance-based optimiza-

tion. Our results demonstrate that such circuits can be shaped toward specific

behavioral goals through systematic electrical stimulation, potentially mimicking

endogenous processes by which cortical networks identify and strengthen task-

relevant connections [189].

The effectiveness of training signals showed clear state-dependence, building on

observations from [9] that different stimulation patterns succeed at different times.

This suggests an interaction between training signals and recent activity history,

providing an opportunity to explore fundamental stimulus-based learning rules at

the circuit level. We observed rapid modulation of control policies through these

brief training cycles while also discovering temporal correlation in the network’s

ability to achieve high performance over multi-hour periods, revealing distinct

timescales of network modulation. Such adaptation across multiple timescales

demonstrates a key advantage of biological systems for hybrid bio-electronic appli-

cations: while our training signals enabled rapid tuning of task-specific responses,
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the observed long-term state dependencies suggest potential for shaping underly-

ing network dynamics to support and enhance these rapid adaptations. Training

adaptations in different organoids lead to similar control strategies that effectively

model inverted pendulum dynamics, even though the details of the neural connec-

tivity in each organoid differ greatly. This convergence toward functionally similar

input-output mappings demonstrates the organoids’ ability to develop equivalent

control policies through different underlying neural pathways.

Causal connectivity analysis reveals how interfacing with the network influ-

ences learning capability, providing a framework for predicting and optimizing

performance. The strong predictive power of first-order causal connectivity (R2 =

0.59 in proficient cycles) compared to traditional functional connectivity metrics

demonstrates the importance of direct, stimulus-evoked pathways in architect-

ing successful learning. The correlation between output units’ ability to evoke

network-wide responses and performance suggests that effective neural interfaces

benefit from neurons capable of recruiting broader network activity. This method-

ology of causal characterization could inform both therapeutic interventions and

the design of future biological computing systems. By isolating fundamental

stimulus-based functionality in simplified circuits, we can systematically identify

and explore learning rules that may scale to complex bio-electronic systems.

To test the biological basis of learning, we blocked glutamatergic transmission
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with AMPA/kainate receptor antagonist NBQX and NMDA receptor antagonist

APV. Application of these antagonists reduced performance by 64%, which re-

covered after washout, confirming that learning depends on intact glutamatergic

transmission. This establishes a synaptic basis for the observed plasticity. Adap-

tive training modifies biologically-mediated neural dynamics rather than exploit-

ing artifacts of the interface or task structure. Both AMPA and NMDA receptor-

mediated neurotransmission are necessary for the adaptive responses. The rapid

impairment and recovery suggest that our training paradigm induces changes in

neural dynamics that require active glutamatergic signaling, though the precise

cellular mechanisms underlying these stimulus-evoked changes remain to be char-

acterized.

Our open-source Python-based platform BrainDance (https://braingeneers.

github.io/braindance) enables exploration of biological learning mechanisms

through flexible and accessible experimental design, following the rapid iteration

paradigm that accelerated machine learning development. By isolating funda-

mental stimulus-based functionality in simplified circuits and providing tools for

systematic investigation, this framework enables identification of learning rules

that may scale from organoid models to therapeutic neural interfaces and hybrid

bio-electronic computation systems.
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5.4 Limitations

Our experimental approach has several technical constraints that affect inter-

pretation and generalizability. Planar HD-MEA recordings capture only activity

from the organoid surface in contact with the array, missing the three-dimensional

network structure above. Single-electrode thresholding for spike detection likely

includes multi-unit activity, which hinders understanding connectivity on a per-

neuron level.

The observed performance improvements did not persist through the 45-minute

rest periods between training cycle, requiring relearning in subsequent cycles.

This suggests our training paradigm induces short-term plasticity operating on

timescales distinct from canonical long-term potentiation. Whether this reflects

fundamental constraints of the approach or could be overcome through modified

training protocols remains unclear.

Learning capability proved configuration-dependent. Even within the same

organoid, different selections of input/output neurons yielded varying success

rates. Only 22% of adaptive training cycles (45% for continuous adaptive) achieved

proficiency, indicating that successful learning under this paradigm requires spe-

cific network architecture features we do not yet fully understand. Our manual

selection of neural configurations based on causal connectivity, while informed by

data, lacks systematic optimization and likely misses better alternatives.
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The rate-coding scheme and reinforcement learning parameters (eligibility

trace decay, learning rate) were hand-tuned rather than systematically optimized.

More sophisticated approaches—adaptive encoding schemes, latent space repre-

sentations of organoid state, or advanced RL algorithms that incorporate task

structure—could improve performance. Integration of local field potentials might

provide richer and more stable network state information beyond spike counts.

Future investigations should examine how learning capability changes across

organoid developmental stages and with different regional specifications, test sys-

tematic methods for neural configuration selection, explore how stimulation timing

and pattern structure affect plasticity induction, and identify the cellular mecha-

nisms underlying the glutamatergic-dependent adaptation we observe.

5.4.1 Experimental model and study participant details

5.4.1.1 Mouse embryonic stem cell line

All experiments were performed in the adapted BRUCE-4 mouse embryonic

stem cell (ESC) line (Millipore Sigma #SF-CMTI-2). This line is derived from

a male of the C57/BL6J mouse strain. Mycoplasma testing confirmed lack of

contamination.

ESCs were maintained on Recombinant Human Protein Vitronectin (Thermo

Fisher Scientific #A14700) coated plates using mESC maintenance media contain-

105



ing Glasgow Minimum Essential Medium (Thermo Fisher Scientific #11710035),

Embryonic Stem Cell-Qualified Fetal Bovine Serum (Thermo Fisher Scientific

#10439001), 0.1 mM MEM Non-Essential Amino Acids (Thermo Fisher Scientific

#11140050), 1 mM Sodium Pyruvate (Millipore Sigma #S8636), 2 mM Glutamax

supplement (Thermo Fisher Scientific #35050061), 0.1 mM 2-Mercaptoethanol

(Millipore Sigma #M3148), and 0.05 mg/ml Primocin (Invitrogen #ant-pm-05).

mESC maintenance media was supplemented with 1,000 units/mL of Recombi-

nant Mouse Leukemia Inhibitory Factor (Millipore Sigma #ESG1107). Media

was changed every day.

Vitronectin coating was incubated for 15 min at a concentration of 0.5 µg/mL

dissolved in 1X PBS. Dissociation and cell passages were done using ReLeSR pas-

saging reagent (Stem Cell Technologies #05872) according to the manufacturer’s

instructions. Cell freezing was done in mFreSR cryopreservation medium (Stem

Cell Technologies #05855) according to the manufacturer’s instructions.

5.4.1.2 Mouse cortical organoid generation

Mouse cortical organoids were grown as previously described by our group [190,

19] with some modifications. To generate cortical organoids we single cell dissoci-

ated ESCs using TrypLE Express Enzyme (ThermoFisher Scientific #12604021)

for 5 minutes at 37°C and re-aggregated in lipidure-coated 96-well V-bottom plates

at a density of 3,000 cells per aggregate, in 100 µL of mESC maintenance media
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supplemented with Rho Kinase Inhibitor (Y-27632, 10 µM, Tocris #1254) and

1,000 units/mL of Recombinant Mouse Leukemia Inhibitory Factor (Millipore

Sigma #ESG1107) (Day -1).

After one day (Day 0), we replaced the medium with cortical differentiation

medium containing Glasgow Minimum Essential Medium (Thermo Fisher Scien-

tific # 11710035), 10% Knockout Serum Replacement (Thermo Fisher Scientific #

10828028), 0.1mM MEM Non-Essential Amino Acids (Thermo Fisher Scientific #

11140050), 1mM Sodium Pyruvate (Millipore Sigma # S8636), 2mM Glutamax

supplement (Thermo Fisher Scientific # 35050061), 0.1mM 2-Mercaptoethanol

(Millipore Sigma # M3148), and 0.05mg/ml Primocin (Invitrogen # ant-pm-

05). Cortical differentiation medium was supplemented with Rho Kinase Inhibitor

(Y-27632, 20 µM # 1254), WNT inhibitor (IWR1-ϵ, 3µM, Cayman Chemical #

13659), and TGF-Beta inhibitor (SB431542, Tocris # 1614, 5 µM). Days 0-5

media were changed every day.

On day 5, organoids were transferred to ultra-low adhesion plates (Millipore

Sigma # CLS3471) where media was aspirated and replaced with fresh neuronal

differentiation media. The plate with organoids was put on an orbital shaker

at 60 revolutions per minute. Neuronal differentiation medium contained Dul-

becco’s Modified Eagle Medium: Nutrient Mixture F-12 with GlutaMAX sup-

plement (Thermo Fisher Scientific # 10565018), 1X N-2 Supplement (Thermo
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Fisher Scientific # 17502048), 1X B-27 Supplement without vitamin a (Thermo

Fisher Scientific # 12587010) 1X Chemically Defined Lipid Concentrate (Thermo

Fisher Scientific # 11905031) and 0.05mg/ml Primocin (Invitrogen # ant-pm-

05). Organoids were grown under 5% CO2 conditions. The medium was changed

every 2-3 days.

On day 14 and onward, we transferred the organoids to neuronal maturation

media containing BrainPhys Neuronal Medium (Stem Cell Technologies # 05790),

1X N-2 Supplement, 1X Chemically Defined Lipid Concentrate (Thermo Fisher

Scientific # 11905031), 1X B-27 Supplement serum free (Thermo Fisher Scientific

# 17504044), 0.05mg/ml Primocin (Invitrogen # ant-pm-05) and 0.5% v/v Ma-

trigel Growth Factor Reduced (GFR) Basement Membrane Matrix, LDEV-free.

5.4.1.3 HD-MEA plating and coating

Mouse cortical organoids were plated at day 25 on MaxOne high-density mul-

tielectrode arrays (Maxwell Biosystems) as previously described by our group

[19, 180]. Prior to organoid plating, the multielectrode arrays were coated in

two steps: First, we performed an overnight coating with 0.01% Poly-L-ornithine

(Millipore Sigma #P4957) at 37°C. Plates were then washed 3 times with 1X

Phosphate-buffered saline (PBS) pH 7.4 (Thermo Fisher Scientific #70011044).

We then performed an overnight coating with 5 µg/mL mouse Laminin (Fisher Sci-

entific #CB40232) and 5 µg/mL human Fibronectin (Fisher Scientific #CB40008)

108



at 37°C.

After coating, we placed the organoids on the chip and removed excess media.

The organoids were then incubated at 37°C for 10 minutes to promote attachment.

We then added pre-warmed neuronal maturation media and changed the media

every 2-3 days.

5.4.1.4 Experimental design and sample

Experiments were performed on 19 mouse cortical organoids derived from

8 independent differentiation batches of BRUCE-4 embryonic stem cells. Each

organoid was plated on a separate HD-MEA chip at day 25-30 of differentiation.

Biological replicates: Each organoid represents an independent biological

replicate. Organoids from the same batch plated on different days are consid-

ered separate biological replicates due to variability in differentiation and plating

outcomes.

Technical replicates: Multiple experiments on the same organoid represent

technical replicates since we did not observe significant long-term modification.

Multiple cycles within an experiment represent repeated measurements.

Sample sizes across all experiments:

• 19 organoids from 8 independent batches

• 16 organoids from 7 independent batches for cartpole training
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• 432 total training cycles across cycled and continuous conditions

• Null: n=131 cycles from 12 organoids from 5 batches (29 experiments)

• Random: n=68 cycles from 9 organoids from 5 batches (20 experiments)

• Adaptive (cycled): n=92 cycles from 12 organoids from 5 batches (26 ex-

periments)

• Continuous Adaptive: n=141 cycles from 7 organoids from 4 batches (10

experiments)

• NBQX + APV experiments: n=38 cycles from 3 organoids from 1 batch (3

experiments)

• >125 hours cumulative recording time

Three organoids were tested in both cycled and continuous adaptive paradigms

in separate experiments.

5.4.2 Method details

5.4.2.1 High-density microelectrode array recording

Extracellular signals were obtained through the MaxWell MaxOne system

(MaxOne, Maxwell Biosystems) [4], using custom experimental software for pre-

cise stimulation setup and timing [179]. Signals were recorded at a sampling
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rate of 20 kHz/channel with a 1 Hz hardware filter, for up to 1024 channels.

At most 32 stimulation electrodes could be selected at a time. Cultures were

maintained within incubators full-time during recordings. Experiments were run

with the BrainDance (https://braingeneers.github.io/braindance) Python

library and longitudinally scheduled using an Internet of Things framework [191].

5.4.2.2 Spontaneous recording and neural unit identification

To rapidly determine the location and footprint of neurons, we performed spon-

taneous recordings capturing baseline neural activity. Automatic analysis located

neurons based on quantity and magnitude of action potentials above threshold.

Spike detection threshold was set at 5 times the root-mean-square amplitude of

the channel signal in MaxLab Live software (MaxWell Biosystems). This con-

servative threshold ensured selection of the most relevant units, and was higher

compared to later experimental phases.

Channels with activity were combined into putative neural unit footprints

using spike-triggered averaging of electrical signals across all channels. Channels

with peak-to-peak variation above an empirically chosen threshold in their spike-

triggered average were considered part of the same footprint, forming an ad-hoc

test for channels significantly likely to demonstrate simultaneous activity.

Redundant footprints were eliminated by identifying pairs sharing at least

50% of spike times and retaining the footprint with larger peak-to-peak signal
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amplitude in its spike-triggered average.

From these footprints, up to 32 putative units were selected for stimulation

based on a custom metric η designed to identify electrodes where spikes could

be detected most consistently. This metric combined firing rate and mean spike

amplitude µamp:

η = (1 + r̂) · (1 + 0.1|µamp|) (5.1)

where the normalized log spike rate r̂ is defined with respect to minimum and

maximum spike rates across all electrodes:

r̂ =
ln(1 + r)−min(ln(1 + r))

max(ln(1 + r))−min(ln(1 + r))
(5.2)

5.4.2.3 Stimulation waveform parameters

All electrical stimulations used charge-balanced biphasic square wave pulses

with 400 µV peak-to-peak amplitude and 200 µs per phase (400 µs total duration),

positive phase first. For encoding sensory information, stimulation frequencies

were dynamically adjusted according to the rate-coding equations described above.

For training signals, patterns consisted of sequential biphasic pulses delivered with

10 ms inter-pulse intervals, repeated at 10 Hz for the duration of the training

period (200-300 ms depending on the experiment).
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5.4.2.4 Stimulus-response characterization

After identifying putative neural units, we characterize their stimulus-response

properties by delivering biphasic pulses to each unit and recording the network’s

response. Previous studies have identified multiple different response timescales

[192], so we consider two separate connectivity metrics: the first-order connectivity

C1, and the multi-order connectivity Cm.

For a window of stimulus-relative time, we define a response tensor indexed

by the stimulus repetition k, the stimulus electrode i, the recording channel j:

Ri,j
k [0,T ] ∈ Nnreps×nstim×nchannels (5.3)

where nreps is the number of stimulus repetitions (50), nstim is the number

of stimulation electrodes corresponding to putative neurons, and nchannels is the

number of recording channels specifically under putative neurons. The value of

the tensor is the number of spikes in an interval of time relative to each stimulus,

with spikes identified by thresholding at 3 standard deviations. The 3σ threshold

is applied after SALPA artifact removal [28], which substantially reduces artifacts

from electrical stimulation, and maintains real-time performance.

First-order connectivity C1 is the observed probability of evoking at least one

spike within 10ms:
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C1(i, j) =
1

nreps

nreps∑
k=1

I
(
Ri,j

k [0,10ms] > 0
)

(5.4)

Multi-order connectivity Cm is the average number of spikes observed in a

longer window:

Cm(i, j) =
1

nreps

nreps∑
k=1

Ri,j
k [10ms,200ms] (5.5)

To identify network-wide bursts of the units, we compute the total spike count

across all channels for each stimulation. A burst is detected when this count

exceeds the median count plus three median absolute deviations (MAD). Bursts

are excluded from the multi-order connectivity calculation to focus on specific

neural pathways rather than larger network activations.

These metrics enable identification of both direct and network-mediated con-

nections between neural units.

5.4.2.5 Neural configuration selection

Neural configurations were chosen following a three-part systematic approach.

First, we identified encoding units with selective connectivity patterns, character-

ized by columns in the first-order connectivity matrix where only a small fraction

of units showed high response probabilities. We prioritized encoding unit pairs

(e.g., A→B and C→D) that maintained independence, avoiding configurations
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where stimulation of one encoding unit would strongly activate the other encoding

unit or the opposite decoding unit (i.e., avoiding strong A→C or A→D connec-

tions). When suitable first-order connections were sparse, we used the multi-order

connectivity matrix as a secondary criterion. Finally, we excluded units that con-

sistently evoked network-wide bursts (burst probability > 0.5), as widespread

activation interfered with precise information transmission on the task timescale.

Configurations were tested for one training cycle, and if the 90th percentile time

balanced did not exceed 10 s, an alternative configuration was selected.

We did not enforce a minimum distance between stimulation electrodes. To

avoid redundant detection of the same neuron from multiple electrodes, we em-

ployed a conservative footprint deduplication method during the Record phase.

Putative spatio-temporal footprints were extracted for each active channel, and

pairs sharing more than 50% of their constituent electrodes were identified as re-

dundant. For each redundant pair, we retained only the footprint with the larger

peak-to-peak signal amplitude in its spike-triggered average. Representative spa-

tial distributions of neural configurations are shown in Supplementary Figure 7.

5.4.2.6 Cartpole task environment

Cartpole (also known as inverted pendulum) is a traditional control problem

which tests an agent’s ability to balance an unstable dynamical system. The task

is typically restricted to 2D, involving a cart that can move horizontally balancing
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a pole vertically that is free to rotate around the attachment joint. The goal is to

keep the pole upright by applying horizontal forces to the cart. This benchmark

is valuable for its simple formulation yet inherent instability, real-world parallels,

and widespread use in both control theory and reinforcement learning [175, 12].

The system state is fully described by four variables: cart position x, cart

velocity ẋ, pole angle θ, and angular velocity θ̇. The agent can apply a force

F ∈ {−10N, 10N} to the cart at each timestep. The full equations of motion

describing the nonlinear dynamics can be found in [193]. Episodes begin with

small random perturbations to θ and θ̇ and proceed in discrete timesteps until

|θ| > 16◦, at which point the pole is considered to be in an unrecoverable state.

We chose to remove traditional horizontal position bounds to focus solely on the

pole balancing aspect of the task.

Each timestep involves decoding spike rates from the culture to determine

the applied force, updating the virtual environment state with said force, and

adjusting the encoding stimulation rates corresponding to the current virtual state.

5.4.2.7 Rate-coding scheme for encoding and decoding

Throughout this study, we use rate coding for both input/encoding and out-

put/decoding signals, which provides sufficient information transmission, espe-

cially when focusing on small numbers of neurons [194, 2, 195]. The virtual state

is encoded to the culture through two input neurons receiving stimulation fre-
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quencies determined by the pole angle θ:

f1 = a · (b− sin(θ))2

f2 = a · (b+ sin(θ))2
(5.6)

where a = 7 and b = 0.15 are scaling factors that maintain stimulation fre-

quencies in a biologically relevant range (both neurons receive ≈1.1Hz when the

pole is vertical, with frequencies diverging to ≈ 0.8Hz and ≈ 8.9Hz at terminal

angles) while still being able to represent the sign of the angle. This functional

form was chosen because the sinusoidal encoding ensures that the neurons receive

opposing signals based on the pole’s deviation from vertical, while the exponent

enables the frequency to change faster as it nears the terminal angle.

For decoding signal from the culture, spikes are detected by a threshold of

3 standard deviations. Each output neuron’s activity is then converted to a

smoothed firing rate by an exponential moving average:

rt = αrt−1 + (1− α)ct (5.7)

where rt is the smoothed firing rate at time t, ct is the raw spike count in

the current window, and α = 0.2 balances immediate responses with firing rate

stability.

The force F applied to the cart is determined by the difference between the
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two output units’ smoothed firing rates, which are clipped to the range from −1

to 1 and then multiplied by 10 N.

5.4.2.8 Real-time closed-loop implementation

The closed-loop system operates through discrete timesteps involving three

key components: the organoid’s neural activity, the simulated environment, and

the training signals. Each timestep consists of:

1. Read Period (200ms):

• Process raw signals using SALPA (Subtraction of Artifacts by Local

Polynomial Approximation) [28] for artifact removal

• Detect spikes via thresholding at 3 standard deviations post-SALPA

• Monitor motor neuron activity via smoothed firing rates rt (Eq. 5.7)

2. Environment Update:

• Decode motor signals r1,t and r2,t to output force F

• Update cartpole state according to physics

• Encode new state to stimulation frequencies (Eq. 5.6)

3. Training Period (300ms, conditional):

• Skip unless episode completed
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• Deliver training patterns if 5-episode mean performance below 20-

episode mean

• For adaptive protocol (see below), update value estimates based on

performance

Each phase requires precise timing to maintain real-time control. A longer

read phase yields reliable spike counts and smoother actions, whereas a shorter

read phase leads to more responsive, yet noisy control. Experiments used either

200ms or 300ms read phases. For direct comparison, performance metrics from

200ms experiments were scaled by a factor of 1.5 to normalize to a 300ms time

base.

5.4.2.9 Training signal paradigms

Training signals were delivered in a manner to induce a shift in how the net-

work processed inputs. The training patterns were delivered only in response to

two conditions being met: 1) termination of the task (pole drops below a terminal

angle), and 2) the performance of the 5-episode mean is below the performance

of the 20-episode mean. This second criterion results in the system focusing on

larger-scale adaptations while ignoring singular episodes with poor performance.

When these both are met, we enter the training period, where this is the only

stimulation being delivered. Three experimental conditions were tested: a null
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case without stimulation, and two stimulation paradigms, random and adaptive,

with signals administered to the corresponding training neurons. The pool from

which individual training neurons and corresponding electrodes (”training elec-

trodes”) were selected to receive feedback stimulation (n = 8–15) was created in

the Record phase based on the activity metric described in Methods: Spontaneous

recording and neural unit identification.

The random paradigm delivered sequential biphasic pulses (5ms inter-pulse

interval) through 5 training electrodes selected randomly without replacement

from the pool of possible training electrodes. Each stimulation epoch consisted of

one complete 5-pulse sequence delivered at 10Hz for 200ms.

In contrast to the random paradigm, the adaptive paradigm utilized a weighted

sampling approach for paired-pulse patterns (5ms inter-pulse interval). We con-

struct a pool of all possible training patterns (e.g., if electrodes A, B, C, D, E are

available, patterns include (A,B), (A,C), (A,D), ..., (D,E)), and sample based on

a its historical contribution to performance improvements. Each training pattern

i had a value estimate Vi updated at the end of each episode via:

Vi,t+1 = Vi,t + α(Rt − Vi,t)Ei,t (5.8)

where Rt denotes time balanced (our performance metric, episode duration),
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α (0.3) is the learning rate, and Ei,t represents the eligibility trace:

Ei,t = γEi,t−1 +


1 for selected training pattern i

0 for all other training patterns

(5.9)

where γ (0.3) is the decay factor that diminishes the influence of past selections.

The eligibility trace enables temporal credit assignment by storing a decaying

record of recent stimulation patterns, weighted by their previous success in im-

proving performance. The eligibility trace keeps track of which previous training

patterns contributed to the current received performance.

Value estimates were not allowed to decrease between the minimum possible

episode reward of 10. Selection probabilities were computed as:

P (i) =
Vi∑
j Vj

(5.10)

Training patterns were sampled according to these probabilities and delivered

as paired pulses at 10Hz for 300ms.

5.4.2.10 Pharmacological inhibition of glutamate receptors

Drug concentrations were selected based on established effective doses from

previous studies [196, 197]. NBQX (Abcam #ab120045) was used at 20 µM and

APV at 100 µM. Stock solutions were prepared to enable 1:1000 dilution (1 µL per
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1 mL medium), with NBQX dissolved in DMSO and APV in water. After drug

administration, organoids were incubated for at least 30 minutes before undergoing

drug-modulated training cycles.

Immunohistochemistry and confocal imaging

Organoids were collected and fixed in room temperature 4% Paraformaldehyde

(PFA) (Thermo Fisher Scientific # 28908) and cryopreserved in 30% Sucrose

(Millipore Sigma # S8501). They were then embedded in a solution containing

50% of Tissue-Tek O.C.T. Compound (Sakura # 4583) and 50% of 30% sucrose

dissolved in 1X Phosphate-buffered saline (PBS) pH 7.4 (Thermo Fisher Scientific

# 70011044). Organoids were then sectioned to 20µm using a cryostat (Leica

Biosystems # CM3050) directly onto glass slides. After 2 washes of 5 minutes in

1X PBS and 1 wash in deionized water (Chem world #CW-DW-2G), the sections

were incubated in blocking solution 5% v/v donkey serum (Millipore Sigma #

D9663), and 0.1% Triton X-100 (Millipore Sigma # X100) for 1 hour. The sections

were then incubated in primary antibodies overnight at 4°C. They were then

washed 3 times for 10 minutes in PBS and incubated in secondary antibodies

diluted in blocking solution for 90 minutes at room temperature. They were then

washed 3 times for 10 minutes in PBS and coverslipped with Fluoromount-G

Mounting Medium (Thermo Fisher Scientific # 00-4958-02).

Primary antibodies used were: mouse anti Gfap (Thermo Fisher Scientific
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#G6171, RRID: AB 1840893, 1:100); rabbit anti Map2 (Proteintech #17490-1-

AP, RRID: AB 2137880, 1:2000); mouse anti Sst (Santa Cruz Biotechnology #sc-

55565, RRID: AB 831726, 1:100); mouse anti Satb2 (Abcam #ab51502, RRID:

AB 882455, 1:100); mouse anti Pax6 (BD Biosciences #561462, RRID: AB 10715442,

1:100). rabbit anti Brn2 (Thermo Fisher #PA530124, RRID: AB 2547598, 1:100);

rabbit anti Tle4 (Thermo Fisher #PA530192, RRID: AB 2547666, 1:100); rat anti

Ctip2 (Abcam #ab18465, RRID: AB 2064130, 1:100),rabbit anti Nkx2.1 (Abcam

#ab76013, RRID: AB 1310784, 1:400).

Secondary antibodies were of the Alexa series (Thermo Fisher Scientific),

used at a concentration of 1:750. Nuclear counterstain was performed using

300 nM DAPI (4’,6-Diamidino-2-Phenylindole, Dihydrochloride) (Thermo Fisher

# D1306).

Imaging was done using an inverted confocal microscope (Zeiss 880) and Zen

Blue software (Zeiss). Images were processed using Zen Black (Zeiss) and Fiji/Im-

ageJ software (NIH) [198].

5.4.3 Quantification and statistical analysis

All statistical analyses were performed in Python using scipy.stats and statsmod-

els libraries. Prior to statistical testing, we assessed normality of the 90th per-

centile performance distributions using Shapiro-Wilk tests, which revealed signif-
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icant deviations from normality across all conditions (p < 0.001). Sample sizes

varied between experimental conditions and correlation analyses due to techni-

cal factors including intermittent signal loss during stimulation and occasional

hardware issues during longitudinal experiments that prevented complete data

collection.

Given these non-normal distributions, we employed the non-parametric Kruskal-

Wallis H-test for overall differences between conditions (H(3) = 91.69, p =

9.52 × 10−20) and Dunn’s post hoc test for subsequent pairwise comparisons be-

tween conditions (null, random, adaptive, and continuous adaptive), with Holm-

Bonferroni correction for multiple comparisons. All statistical tests used an alpha

level of 0.05, with p-values reported where appropriate. Organoids were considered

proficient if their 90th percentile performance exceeded a threshold defined by ran-

dom controller simulations (see Supplemental Information: Proficiency Threshold

for detailed methodology). Sample sizes for each analysis are reported as: n =

[cycles] from [organoids] from [batches]. Statistical parameters (exact value of n,

what n represents, SEM, SD, etc.) are reported in figure legends and results text.

Statistical significance is denoted as ∗P < 0.05, ∗∗P < 0.01, ∗ ∗ ∗P < 0.001.
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Supplemental Methods: Detailed methods for thresh-

old determination, pharmacology, and data anal-

ysis

Proficiency Threshold

The performance threshold above which an organoid was considered “profi-

cient” was based on significantly exceeding the performance (> 3 SD) of simulated

random controllers. A cycle was considered “proficient” if its 90th percentile time

balanced exceeded this threshold. To establish a performance baseline for the

cartpole task, we simulated various random control strategies, each representing

different approaches to generating control signals similar to potential biological

noise patterns. Typical spike count from the experiments were used to inform the

parameters chosen for each simulation. We implemented five distinct methods.

Brownian Motion Controller

This controller generates actions through a random walk process, where each

new action is the previous action plus a normally distributed random step (step

size = 0.3). This creates temporally correlated control signals that change smoothly

over time, similar to gradual shifts in neural activity.
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Independent Gaussian Controller

Actions are sampled independently from a Gaussian distribution (µ = 0,

σ = 1) at each timestep. This models uncorrelated random fluctuations around

a neutral position, representing instantaneous neural noise without temporal de-

pendency.

Uniform Random Controller

Actions are sampled uniformly from the interval [-3, 3], representing an un-

biased exploration of the action space with equal probability across all possible

forces. This provides a baseline for completely random control without any struc-

tural assumptions.

Noisy Two-Neuron Network

This controller simulates two independent neurons with random firing rates

drawn from a normal distribution (σ = 3). The difference between these rates de-

termines the action, mimicking our experimental setup’s output decoding scheme.

This represents instantaneous neural noise in a two-neuron circuit.

Brownian Two-Neuron Network

Similar to the noisy network, but each neuron’s firing rate follows a Brownian

motion process (step size = 1). This combines temporal correlation with the
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two-neuron architecture, representing gradual changes in neural firing rates.

Proficiency Threshold Selection

For each strategy, we conducted 50,000 episodes with a maximum duration of

1000 timesteps. All generated actions were clipped to [-1, 1] action output or [-

10, 10] N to match the constraints of our biological experiments. The independent

Gaussian controller achieved the highest mean performance (8.64 ± 4.00 seconds),

likely due to its ability to rapidly change without being too similar with previous

actions. We defined our proficiency threshold at three standard deviations above

the mean (20.64 seconds) of the Gaussian controller’s performance distribution.

This threshold provides a rigorous benchmark for distinguishing genuine learning

from random success.

Pharmacological Intervention Experiments

To investigate the neural mechanisms underlying the observed learning ca-

pabilities, we performed pharmacological intervention experiments using gluta-

matergic receptor antagonists. We applied 2-amino-3-(5-methyl-3-oxo-1,2-oxazol-

4-yl)propanoic acid (AMPA)/kainate receptor antagonist NBQX (20 µM) and N-

methyl-D-aspartate (NMDA) receptor antagonist APV (100 µM) between train-

ing cycles.
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Each experiment consisted of three parts: (1) a pre-drug baseline cycle where

organoids demonstrated learning on the cartpole task, (2) drug application where

NBQX and APV were added to the medium for 30 minutes, along with at least

two attempted training cycles, and (3) a post-period where drugs were washed

out and recovery was monitored over repeated cycles. We compared performance

between these cycles and assessed recovery capabilities.

In all three organoids tested, application of NBQX and APV completely abol-

ished the ability to balance the pole beyond baseline levels. Mixed effects mod-

eling across 3193 episodes revealed that drug application significantly reduced

performance by 10.38 seconds
(
95% CI = [−13.52, −7.25], p = 8.23 × 10−11

)
,

representing a 64% decrease from baseline performance of 16.15 seconds. This ef-

fect was consistent despite varying pre-drug performance levels across organoids.

After washout, performance substantially recovered, with only a non-significant

residual deficit of 1.51 seconds
(
95% CI = [−4.48, 1.45], p = 0.318

)
compared to

baseline.

The complete elimination of learning capabilities during glutamatergic recep-

tor blockade suggests that both AMPA/kainate and NMDA receptor-mediated

synaptic transmission are essential for the adaptive responses observed in our

experiments. This finding supports that glutamatergic synaptic transmission is

necessary for goal-directed learning demonstrated by the organoids in the cartpole
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task.

Autocorrelation Analysis

To investigate long temporal structure in organoid performance beyond in-

dividual episodes, we analyzed autocorrelations in performance (time balanced)

over multi-hour periods. For each experiment, we calculated the normalized au-

tocorrelation:

R(τ) =

∑∞
k=−∞ xkxk+τ

R0

where xk is the time balanced in episode k, and R0 =
∑

x2
k is the unnormal-

ized autocorrelation at zero lag (the signal’s maximum correlation with itself).

The correlation is computed using all possible overlaps, then normalized to set

R(0) = 1. To establish statistical significance, we generated null distributions by

temporally shuffling the time balanced values (n = 10 shuffles per experiment)

while preserving their value distribution. This shuffling breaks any temporal de-

pendencies while maintaining the overall performance statistics. Comparing the

original autocorrelation to the shuffled distributions reveals temporal structure in

learning beyond what would be expected by chance.
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Burst Detection

To identify network-wide bursts during the stimulation phase, we computed

spike count matrix C where Ci,j represents the total spikes across all recording

electrodes for stimulation electrode i and repetition j. A single burst threshold

was established using the median absolute deviation across all counts:

threshold = median(C) + 3 ·median(|C −median(C)|)

where the median operations are applied to all elements in C. The burst proba-

bility for each stimulation electrode i was calculated as the fraction of repetitions

where Ci exceeded this threshold. Bursts were excluded from multi-order con-

nectivity calculations to isolate specific neural pathways from widespread network

activations. In neural configuration selection, electrodes with burst probabilities

exceeding 0.5 were generally excluded as input units to maintain precise informa-

tion transmission.

Improvement Metric

To evaluate the effectiveness of different training signals, we defined an im-

provement metric that quantifies the cumulative change in performance following

each signal delivery. For a given training pattern, its improvement value started at
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0 and accumulated the direct performance changes (measured as time balanced)

observed for each delivered pattern. To establish a statistical baseline for this

metric, we modeled the null hypothesis as a Brownian motion process with pa-

rameters matching our experimental timescale. Specifically, we simulated 1000

random trajectories of values of a training pattern with deliveries occurring at

intervals drawn from a normal distribution with mean equal to the number of

patterns and σ = 10 episodes, along with step magnitudes drawn from a normal

distribution (µ = 0, σ = 10). This models the expected random fluctuations

in performance that might occur if patterns were selected uniformly at random.

We then identified training patterns that produced improvement trajectories ex-

ceeding five standard deviations above the mean of these simulated trajectories,

indicating highly statistically significant positive effects on performance.

Firing Rate Analysis

To address whether performance improvements reflect increased network ac-

tivity rather than reorganized control, we analyzed firing rates at output recording

sites across conditions (Supplementary Figure 6). Baseline firing rate distributions

were nearly identical (Null: 12.3 ± 11.7 Hz, Random: 12.0 ± 11.5 Hz, Adaptive:

12.8±12.2 Hz; Cohen’s d < 0.07 for all pairwise comparisons), demonstrating that

adaptive training does not cause generalized network excitation. However, when
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examining firing rates at matched performance levels, we observed performance-

dependent differences. At low performance (< 10s), adaptive conditions showed

reduced activity (median 16.4 Hz) compared to null and random (23.5–24.7 Hz),

while at high performance (> 30s), adaptive maintained elevated activity (9.7 Hz)

compared to other conditions (6.1–6.4 Hz). Effect sizes increased systematically

with performance (Cohen’s d: 0.04 → 0.52 across performance bins), indicating

that adaptive training reorganizes motor output toward task-relevant patterns

rather than simply increasing overall activity.

Policy Manifold Estimation

To visualize how the organoid’s control strategy evolves, we mapped the re-

lationship between state variables (pole angle and angular velocity) and motor

output (spike count difference between decoding neurons). We compared early

(first quarter) and late (final quarter) episodes within a cycle. The manifolds

were constructed using a grid interpolation method. For a grid of size 100× 100

spanning the observed ranges of pole angles and angular velocities, we estimated

the manifold by linearly interpolating each datapoint onto the grid. The resulting

surface was spatially smoothed using a Gaussian filter (σ = 1) to reduce noise

while preserving major features. Notably, while only pole angle was directly en-

coded to the organoid through stimulation frequencies, some of the successful
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manifolds reveal structure along the angular velocity dimension, indicating that

the organoid developed sensitivity to hidden state variables.
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Table 5.1: Mixed Effects Model Summary of Drug Effects on Organoid
Performance

Metric Estimate 95% CI p-value

Intercept (Pre) 16.15 (3.05, 29.26) N/A
During Drug Effect -10.38 (-13.52, -7.25) 8.23×10−11*
Post Drug Effect -1.51 (-4.48, 1.45) 0.3176
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Figure 5.8: Additional immunohistochemistry validation of day 30 cor-
tical organoids a Expression of upper layer cortical subtype markers showing
DAPI (blue), Satb2 (green), Brn2 (red), and merged image. b Expression of deep
layer cortical subtype markers showing DAPI (blue), Ctip2 (green), Tle4 (red),
and merged image. c Expression of interneuron marker showing DAPI (blue),
Sst (red), and merged image. d Neuronal and astrocytic differentiation marker
showing DAPI (blue), Map2 (green), Gfap (red), and merged image. Scale bar
for all images: 50 µm.
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Figure 5.9: Burst-evoking stimulation characterization
a Matrix C showing total spike counts across all recording electrodes for each
stimulation electrode (rows) and repetition (columns). Red X’s indicate counts
exceeding the global MAD-based threshold. b Representative raster plot from
stimulation electrode 3 showing burst responses across multiple recording elec-
trodes, with > 50% of stimulations evoking network-wide bursts. c Representa-
tive raster plot showing typical non-burst responses with more selective activation
patterns.
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Figure 5.10: Autocorrelation of performance
a i. Autocorrelation of a showcase experiment compared to a shuffled baseline.
ii. Difference between autocorrelation and autocorrelation of the shuffled baseline,
with colored highlights showing the polarity of the differences. iii. Performance
analysis across episodes for the same experiment. b Extended autocorrelation
analysis over larger time scales, with the red dashed line indicating an 8-hour
boundary. The color gradient represents the best cycle each experiment obtained
measured by 90th percentile within the cycle.

137



Figure 5.11: Random control strategy performance
a Performance distributions for five random control strategies implemented as
baselines. Each violin plot shows the distribution of episode durations across
50,000 trials. b Mean performance ±3σ for each control strategy. The inde-
pendent Gaussian controller achieved the highest mean performance (8.64 ± 4.00
seconds), informing our proficiency threshold of 20.64 seconds.
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Figure 5.12: Evolution of the control policy manifold a,b Early and
late episode manifolds under random training showing spike count difference as
a function of pole angle and angular velocity. c,d Under adaptive training,
manifolds evolve from scattered early responses to a structured policy with clear
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velocity-dependent control. e,f Null condition manifolds showing minimal policy
refinement over time. Colors indicate spike count difference between left and right
decoding neurons (range: -10 to 10 spikes). Positive differences (red) drive the
cart rightward while negative (blue) drive leftward.
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Figure 5.13: Adaptive training reorganizes motor output activity
rather than globally increasing firing rates
a Violin plots of output firing rates across all episodes. Overall distributions
are similar (Null: 12.3 ± 11.7 Hz; Random: 12.0 ± 11.5 Hz; Adaptive: 12.8 ±
12.2 Hz; Kruskal-Wallis p < 0.001), but effect sizes are negligible (Cohen’s d <
0.07), indicating the significance is driven by large sample size. b Firing rates
binned by episode duration reveal performance-dependent reorganization. At low
performance (< 10s) adaptive shows lower activity than null and random; at high
performance (> 30s) it maintains elevated activity. Effect sizes increase with
performance (Cohen’s d adaptive vs. null: 0.04, 0.07, 0.31, 0.52 for < 10s, 10–20s,
20–30s, > 30s). c Cumulative distributions confirm similar overall firing rate
profiles across conditions. d Firing rate evolution over the first 10 minutes. All
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conditions show an initial decline (Null: −29.3%; Random: −28.2%; Adaptive:
−17.7%), with adaptive decaying most slowly. Multi-unit activity summed across
both output sites; error bars are IQR.
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Figure 5.14: Spatial distribution of neural configurations across ex-
periments Representative neural configurations from 32 experiments showing
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spatial locations of encode (red), decode (blue), and training (blue) overlaid on a
representation of all electrode sites (grey) on the MEA array. Each panel repre-
sents one experiment’s configuration.
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Chapter 6

Real-Time Spike Sorting for

Closed-Loop Electrophysiology

The content within this Chapter is adapted from a journal article published in

PLoS ONE by Public Library of Science, for which I served as contributing author

alongside co-authors Tjitse van der Molen, Max Lim, Julian Bartram, Zhuowei

Cheng, Ash Robbins, David F. Parks, Linda R. Petzold, Andreas Hierlemann,

David Haussler, Paul K. Hansma, Kenneth R. Tovar, and Kenneth S. Kosik.

My contributions included assisting in the methodological design, testing early

implementations of the axonal propagation algorithm, writing and editing.

In this chapter, we will discuss the development and evaluation of RT-Sort, a

spike sorting algorithm that has the capability to sort spikes in real time through
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short-latency axonal propagations. This work is part of an effort to build Brain-

Dance, enabling closed-loop electrophysiology with rapid processing of neural

data.

6.1 Introduction

We set out to develop RT-Sort (Real Time Sorting), a spike detection and

sorting algorithm that overcomes the issues related to overlapping spikes, changes

in waveform shapes, and the inability to perform spike sorting in real time. Instead

of relying on waveform shape similarity, we based our sorting method on a more

biologically plausible phenomenon: the fact that an action potential propagates

along a neural axon and thus gets detected with very high fidelity by a sequence of

electrodes, in the same order, with sub-millisecond but nonzero time delays [199].

Interestingly, all real-time spike sorting methods described above still apply some

form of template matching, where the shape of the spike waveform recorded on

one or multiple electrodes directly determines the unit cluster to which the spike

is assigned. For the first time, we used action potential propagation detection

instead of spike waveform template matching to identify individual neurons in

our recordings. This idea has already been acknowledged and utilized in the

classification of neuron types based on high-density recordings [200], but has not

yet explicitly been applied to enhance spike sorting routines.

146



In this work, we present RT-Sort, an algorithm that can sort spikes in real

time based on their action potential propagation trajectory. In doing so, we

show that RT-Sort performs at the level of a broad series of conventionally used

template-matching-based spike sorting algorithms [201, 202, 203, 204, 205, 206],

while reporting latencies for detection and sorting of 7.5± 1.5ms (mean ± STD)

from the trough of the waveform on replayed recordings. Furthermore, RT-Sort

can be applied to any system with sufficiently high electrode density (≤ 50µm

pitch), as exemplified by our implementations on some of the most commonly

used recording devices for both in vivo [207] and in vitro [208] experiments.

6.2 Results

6.2.1 Real-Time Spike Detection on Injected Spikes

A CNN with 4 layers (Fig. 6.1A) was trained to detect spikes in recording-

device-specific noise. Separate models were trained for MaxWell MEA recordings

performed on human brain organoids and Neuropixels 1.0 recordings performed

on mice. The training was performed using averaged waveform shapes of elec-

trodes selected along the whole recorded axon, the trajectory along which the

action potential propagates (Fig. 6.1B). These averaged waveform shapes were

then pasted into recording-device-specific noise fragments, which enabled artifi-
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cial amplification of the training dataset (Fig. 6.1C) and the generation of training

cases of overlapping waveform shapes with ground truth (Fig. 6.1D). The small

differences between the training loss and testing loss indicated that our models

are neither overfitting nor underfitting the data (Fig. 6.1E). See the correspond-

ing sections in Methods for a more detailed description of the model training and

evaluation.

When testing the trained models on the artificially generated data from the

held-out organoid recordings, using the detection threshold yielding an optimal

F1 score, we obtained a recall score of 89.1% ± 5.59% and a precision score of

91.5% ± 3.23% (mean ± STD, Fig. 6.1F, G). Similarly, the mouse Neuropixels

recordings yielded a recall score of 84.7%±5.81% and a precision score of 86.4%±

7.90% (mean ± STD). In both cases, the obtained recall was significantly larger

than applying a 5RMS threshold to the injected spikes (organoids: 5RMS recall

mean ± STD = 63.6% ± 7.36%, two-sided paired t-test P = 1.25 × 10−7, n = 6,

Fig. 6.1F; mouse: 5RMS recall mean ± STD = 65.1%± 3.37%, two-sided paired

t-test P = 5.19 × 10−5, n = 6). Meanwhile, the precision was not significantly

different between the CNN detection model and the 5RMS threshold (organoids:

5RMS precision mean ± STD = 95.0%±3.36%, two-sided paired t-test P = 0.13,

n = 6, Fig. 6.1F; mouse: mean ± STD = 79.7% ± 4.60% (smaller than RT-

Sort CNN model), two-sided paired t-test P = 0.15, n = 6). The significantly
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higher recall scores were due to the fact that the model could detect spikes with

amplitudes below 5RMS, with the 5th percentile of the amplitude distribution

over all detected waveforms at 4.08RMS for the MEA model and 3.67RMS for the

Neuropixels model. Meanwhile, the models hardly missed spikes with amplitudes

above 5RMS (Fig. 6.1H).

Adjusting the detection threshold for the organoid model from its optimal value

allowed for enhanced precision scores at the cost of a slightly lower recall score.

This enabled the use of both a stringent detection score at the optimal F1 score,

obtained with a detection threshold of 27.5%, as well as a loose detection threshold

at 10% (Fig. 6.1I; 17.5% and 7.5% for the Neuropixels model). Even though we

considered a detection to be a true positive if it was detected within 400µs of the

actual waveform trough, the average absolute deviation from the correct trough

time was only 13µs and 14µs for the organoid and mouse recordings respectively

(Fig. 6.1J), reflecting the high temporal sensitivity of the model detections.
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Figure 6.1: Action potential detection with high temporal accuracy
using a CNN. A, Architecture of the 4-layer CNN (200-node input, 10ms win-
dow; 120-node output, 2–8ms). B, Averaged waveform footprint from Kilosort2;
purple traces selected for training, highlighting the variety of waveform shapes
along the axon. C, Training sample creation: noise fragment (i), waveform selec-
tion (ii), injection with ground truth trough (iii), and CNN prediction (iv). D,
Same as C with overlapping waveforms. E, Training and validation loss across
epochs; small gap indicates no over/underfitting. F–G, Recall and precision of the
CNN vs. 5RMS threshold on held-out organoid recordings; CNN achieves signif-
icantly higher recall (P = 1.25 × 10−7) with no significant difference in precision
(P = 0.13). H, Amplitude distribution of detected vs. missed spikes, showing
sensitivity below 5RMS. I, F1, precision, and recall as a function of detection
threshold; loose (L) and stringent (S) thresholds marked. J, Distribution of ab-
solute trough-detection deviations (mean 13µs, 0.26 frames).
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6.2.2 Real-Time Spike Sorting on Ground Truth Datasets

Subsequently, we utilized the CNN outputs to perform spike sorting in real

time using two different ground truth datasets. A detailed explanation of the

spike sorting algorithm can be found in Methods: Propagation Sequence Detec-

tion and following sections. In summary, within a short pre-recording made right

before the experiment, recurring sequential detections on multiple electrodes with

short but nonzero temporal interelectrode intervals were detected, reflecting the

propagation of an action potential. We refer to these detections as propagation

signals. Detections were based on high-fidelity interelectrode intervals and com-

pared to the highest-amplitude electrode in the sequence. Sequences that were

highly similar in their propagation pattern were merged into single propagation

signals, yielding the final set of detected propagation signal sequences. In the

subsequent experiment, sequential detections were compared to the pre-detected

propagation signal sequences and, if there was sufficient overlap, the sequential

detection was counted as a spike for that propagation signal sequence.

The first ground truth dataset consisted of recordings made of rat primary

neurons plated on MaxWell HD-MEAs while one of the neurons was simultane-

ously recorded by patch clamp (Methods: Patch-MEA Ground Truth Recording).

Applying RT-Sort to this recording yielded the detection of 49 different units,

including the neuron recorded using patch clamp (Fig. 6.2A–C).
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Because our CNN model was trained to detect general waveform shapes in

sample-specific noise, which are then sorted based on their action potential prop-

agation patterns, RT-Sort is well capable of detecting all spikes from the same

neuron despite changes in waveform shape (Fig. 6.2D, E). Furthermore, since our

CNN was trained on multiple waveforms injected into the same detection window,

RT-Sort is well suited to detect overlapping waveforms in both injected (Fig. 6.1D)

and actual recordings (Fig. 6.2F). Performing the ground truth tests on n = 4

neurons from 2 different MEAs using RT-Sort in offline mode resulted in a preci-

sion of 97.5%±4.4% and a recall of 90.9%±5.57% (mean ± STD, Fig. 6.2G). For

the array with a pre-recording, RT-Sort was also applied in online mode on the

n = 2 neurons on this array, yielding a precision of 98.2%± 1.78% and a recall of

97.8%± 1.60% (mean ± STD, Fig. 6.2H).

We further tested RT-Sort on a different ground truth dataset consisting of a

simulated mouse in vivo Neuropixels dataset used in [209]. This simulated dataset

consisted of 250 biophysically detailed neurons that each exhibit independent Pois-

son firing of spikes with added Gaussian noise. To first test the ability of RT-Sort

to assign spikes to the correct sequences, sequence metrics were initially obtained

using the ground truth spike times from the modelled recording. Subsequently

assigning spikes to these sequences yielded 142 units detected on the minimally

required 4 electrodes to measure the propagating action potential. Over these 142
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units, a precision of 98.8%± 12.4% (mean ± STD) was obtained, reflecting a low

false positive detection rate on spike detection (Fig. 6.2I). Subsequently, RT-Sort

was run in offline mode on the first 5 minutes of the simulated dataset to detect

propagation sequences, yielding 120 detectable action potential propagation se-

quences. Over these 120 units, a precision of 97.3%± 13.4% (mean ± STD) was

obtained, again reflecting a low false positive rate (Fig. 6.2J), in accordance with

the patch-MEA results.

These results indicate that RT-Sort is capable of detecting a subset of units

with low false positive rates while being unable to detect others. This is likely due

to the relatively stringent detection constraints imposed on RT-Sort in order to

reliably detect propagating action potentials. Unlike the patch-MEA recordings,

RT-Sort did miss some true positive spikes in the simulated dataset. This resulted

in an overlap score per unit of 0.65± 0.24 (mean ± STD, Fig. 6.2K). The missed

true positive spikes could partially be due to the fact that the spike detection

model was trained on real waveforms, while the biophysically detailed neurons

did not always yield realistically shaped waveforms. RT-Sort is more sensitive

to unrealistically shaped waveforms than template matching algorithms, which

makes it less likely to produce false positive spike detections.
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Figure 6.2: RT-Sort spike sorting performance on ground truth
datasets. A–B, Averaged waveform footprint (A) and CNN detection scores
(B) for a patch-clamped neuron on HD-MEA; root electrode marked with red
star, detected loose electrodes in bold, trace color encodes propagation delay. C,
Raw MEA trace, CNN scores, RT-Sort detections (yellow dots), and simultaneous
patch recording (blue) for an example period. D–E, Single-spike footprints show-
ing waveform shape variability across spikes. F, Footprint of a spike overlapping
with another unit; RT-Sort correctly assigns it. G–H, Precision and recall on 4
patch-MEA neurons in offline mode (97.5%/90.9%, G) and 2 neurons in online
mode (98.2%/97.8%, H). I–J, Per-unit precision on the simulated Neuropixels
dataset using ground truth sequences (98.8%±12.4%, I) and detected sequences
(97.3%±13.4%, J), with corresponding waveform amplitudes. K, Per-unit overlap
scores for the simulated dataset (mean±STD = 0.65± 0.24).
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6.2.3 Detection Latencies

For RT-Sort to be used in real-time experiments, it is important to minimize

the latency between the occurrence of the action potential and its detection. In

our case, the latency between the waveform trough and its sorted detection can

be ascribed to three different factors: biological constraints, detection speed, and

sorting speed (Fig. 6.3A). The biological constraints consist of the duration of the

remainder of the spike waveform and propagation occurring after the waveform

trough. For spike detection, using a single NVIDIA RTX A5000 GPU allowed

us to perform a forward pass through the MaxWell MEA spike detection model

for 1020 electrodes simultaneously (the total number of available recording elec-

trodes for MaxWell Biosystems HD-MEAs) in 1.12ms, and a forward pass through

the Neuropixels spike detection model for 384 electrodes simultaneously (the to-

tal number of available recording electrodes on a Neuropixels probe) in 0.92ms.

Adding additional electrodes led only to a linear increase in the required compu-

tation times (Fig. 6.3B). A first-order linear regression model fitted to the forward

pass duration yielded:

duration (ms) = 0.155 + 0.001×Nelec (R2 = 0.997, P = 4.14× 10−15) (6.1)
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for the MEA model and

duration (ms) = 0.155 + 0.002×Nelec (R2 = 0.999, P = 4.09× 10−19) (6.2)

for the Neuropixels model. The steeper slope for the Neuropixels model is due to

its higher sampling rate of 30 kHz compared to 20 kHz.
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Figure 6.3: Real-time spike sorting with latencies in the range of synap-
tic transmission. A, Schematic decomposing total latency into biological con-
straints (waveform duration + 0.5ms propagation), detection speed, and sorting
speed. B, Forward pass computation time vs. number of electrodes for MEA
(purple) and Neuropixels (cyan) models; both scale linearly (R2 > 0.997). C–D,
Sorting duration distributions for MEA (C) and Neuropixels (D) recordings. E–F,
Total detection+sorting latency from waveform trough for MEA (E, 7.24±1.49ms)
and Neuropixels (F, 7.57 ± 1.57ms). G, Offline sequence detection and spike
sorting time per minute of recording for patch-MEA (purple) and simulated Neu-
ropixels pre-recording (cyan).

6.2.4 RT-Sort Compared to Other Sorters

We next compared RT-Sort to 6 conventionally used sorting algorithms (SpyK-

ING Circus, HDSort, HerdingSpikes2, Kilosort2, IronClust, and Tridesclous [201,

202, 203, 204, 205, 206]) that were all applied to the same mouse Neuropixels
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recording [210]. RT-Sort detected a total of 168 units in the Neuropixels record-

ing, which is fewer than any of the other sorters, in agreement with the results

observed in the simulated dataset. The units consisted of detected propagations

of 40µm to 150µm in length and up to 500µs in duration.

We sought to quantify the quality of the detected units by comparing them

to the other sorters. A previous comparison between the six other sorters on this

dataset showed only very limited overlap in the detected units between different

sorters [209] (see Methods: Overlap Score for how the overlap was assessed). We

hypothesize that the low overlap between units could be due to false positive

spike detections of different sorters, which could make the spike trains of different

sorters so dissimilar that they are not recognised as coming from the same unit.

This would mean that good performance of a certain sorter could potentially

be obscured by bad performance of a different sorter (Fig. 6.4A). As a result,

for comparing detections between sorters, we quantified how similar the spikes

detected by either RT-Sort or a comparison sorter alone were compared to the

spikes that both sorters agreed on.

The distribution of the interelectrode intervals between each loose electrode in

the sequence and the root electrode was constructed for “matched” spikes, “RT-

Sort only” spikes, and “other sorter only” spikes (Fig. 6.4B). For every spike in

each of these three groups, the interelectrode interval difference between the spike
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and the distribution mean of the matched spikes was used as a measure of how dif-

ferent the propagation detected on that loose electrode was compared to the spikes

agreed upon by RT-Sort and the other sorter, with absolute differences clipped at

a maximum of 7 frames (Fig. 6.4C). An interelectrode interval difference score per

unit was then defined as the average absolute difference over all spikes on all loose

electrodes. To account for variability intrinsic to the variable action potential

propagation speed, the average absolute difference over all matched spikes was

subtracted from the average absolute difference of both the “RT-Sort only” and

“other sorter only” spikes to yield the final interelectrode interval difference score

for both groups.

A paired one-sided t-test showed that the interelectrode interval difference

score was significantly larger for each of the other sorters compared to the RT-Sort

only spikes, taken over all units with an overlap score of ≥ 0.1 where both sorters

detected at least 10 unique spikes (Fig. 6.4D, E; SpyKING Circus: P = 3.50×10−7,

n = 115 units; Kilosort2: P = 1.49 × 10−8, n = 119 units; HerdingSpikes2:

P = 9.76 × 10−5, n = 78 units; Tridesclous: P = 5.87 × 10−10, n = 104 units;

HDSort: P = 2.36 × 10−13, n = 108 units; IronClust: P = 2.43 × 10−4, n = 106

units). Note that n is notably lower than the number of units detected by these

sorters, due to RT-Sort’s lower unit detection recall arising from more stringent

detection thresholds.
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We applied the same procedure to detected spike amplitude differences instead

of interelectrode interval differences. Here too, we found a significantly larger

difference score for the “other sorter only” spikes compared to the “RT-Sort only”

spikes, except for HDSort (Fig. 6.4F, G; SpyKING Circus: P = 1.15 × 10−8;

Kilosort2: P = 2.49 × 10−8; HerdingSpikes2: P = 5.83 × 10−4; Tridesclous:

P = 5.55 × 10−7; HDSort: P = 0.0789; IronClust: P = 8.24 × 10−6). However,

HDSort had the largest increase in the interelectrode interval difference score

relative to RT-Sort of all the other sorters.

Despite the absence of a ground truth for these recordings, these results indi-

cate that the RT-Sort only detections were more similar to the matched detections

than those made exclusively by the other sorter. This makes it more likely that

the RT-Sort only detections reflect false negatives of the other sorter, while the

other-sorter-only detections may reflect false positives of that sorter. We there-

fore conclude that RT-Sort detects a lower number of units, but that the units

detected are of relatively high quality. Most importantly, these results were ob-

tained by detecting spikes in online mode, where it took 7.62± 1.58ms (mean ±

STD) between the trough of the waveform and its sorted detection (Fig. 6.4H).
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Figure 6.4: RT-Sort detects spikes with consistent propagations and
amplitudes. A, Averaged waveform footprints for an example unit: spikes
matched between RT-Sort and SpyKing Circus (left), RT-Sort only (middle), and
SpyKing Circus only (right). B–C, Interelectrode interval distributions (B) and
per-spike interval differences from the matched mean (C) for each spike group;
SpyKing Circus-only spikes show a wider distribution indicating unit contami-
nation. D–E, Interelectrode interval difference scores across all matching units
for SpyKing Circus (D) and all six sorters (E); other-sorter-only spikes are sig-
nificantly more different than RT-Sort-only spikes (P < 0.05, one-sided paired
t-test). F–G, Same analysis for spike amplitude differences; all sorters significant
except HD-Sort (P = 0.079). H, Total detection+sorting latency for real-time
sorting on the Neuropixels dataset (7.62± 1.58ms).

Altogether, our results indicate that RT-Sort performs at least at a compa-

rable level to currently available spike sorting algorithms, albeit with a lower

unit recall. However, unlike all other spike sorting algorithms, RT-Sort achieves
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this performance in real time, with sorting occurring within milliseconds of spike

occurrence while the experiment is still ongoing. Thus it is the first algorithm

that allows for closed-loop feedback experiments with single-neuron resolution

and mono-synaptic delay times.

6.3 Discussion

The technological advancements in hardware used for extracellular neural

recordings have yielded dense multi-electrode recording devices for both in vivo

[207, 211] and in vitro [208] recordings with interelectrode pitches smaller than

20µm. These devices allow for the recording of the activity of a single neuron by

multiple adjacent electrodes. With the high temporal resolution of these record-

ing devices—in the range of 20–30 thousand frames per second—consistent time

delays can be observed among electrodes that detect the action potential of a sin-

gle neuron, resulting from the time it takes for this action potential to propagate

along the axon [33]. This action potential propagation detection has been used to

enhance the classification of neuron types based on high-density recordings [200].

In this work, we presented RT-Sort (Real Time Sorting) that for the first time

utilizes action potential propagation detection instead of spike waveform template

matching as a spike sorting methodology to identify individual neurons in high-

density extracellular field recordings, enabling millisecond latencies from action
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potential occurrence to sorted detection.

To obtain optimal sorting performance, it is important to detect the prop-

agating action potential on as many electrodes as possible, with high temporal

precision. Therefore, we developed a convolutional neural network (CNN) that

detects waveform shapes in noisy traces on single electrodes (Fig. 6.1A–D), with

a significantly higher recall than 5RMS-based spike detection (Fig. 6.1G). When

training our model, we ensured that it is sensitive to the wide variety of waveform

shapes that can occur while the action potential propagates along various parts

of a neuron. As a result, even the in vivo recordings from Neuropixels probes

yielded propagating action potentials over 150µm, taking up to 500µs for their

propagation.

Despite leaving space for improvements, we think that in its current form

RT-Sort will already provide significant value to researchers conducting neural

extracellular field recordings with dense multi-electrode recording devices, both

in vivo and in vitro. RT-Sort enables, for the first time, an easily implementable

spike sorting routine with time latencies for sorted spike detection that are compa-

rable to single synaptic delay times. This important feature opens up interesting

opportunities for closed-loop experiments, where a neural system receives external

inputs based on preceding activity recorded from the same system. These types

of experiments have been performed in various forms but always utilize multi-unit
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activity as a read-out of the neural system [212, 213, 214, 215]. With RT-Sort,

closed-loop experiments can now be conducted with real-time single-unit read-out

accuracy, which enables studying neural circuit dynamics in response to external

inputs with greatly enhanced granularity. Similarly, we anticipate that this single-

unit real-time detection granularity for large populations of recorded neurons can

greatly enhance the performance of brain–machine interfaces utilized in real time.

In summary, RT-Sort exemplifies a novel approach to spike sorting based on ac-

tion potential propagation, which comprises high-fidelity sequential detection of a

propagating action potential on multiple adjacent electrodes with sub-millisecond

but nonzero time delays. This approach lies closer to the biology that underlies

action potentials than template matching, the current norm in spike sorting al-

gorithms. As a result, RT-Sort is more robust against waveform shape changes

and overlapping waveforms than conventional methods, yielding a reduced false

positive rate in detected units and spikes. Importantly, RT-Sort is able to detect

and sort spikes within less than 10ms after their occurrence, on the order of single

synaptic delay times. This makes it a useful tool for closed-loop experiments and

brain–machine interfaces, as well as various other implementations. We hope that

the broader community will take interest in action-potential-propagation-based

spike sorting and apply this new paradigm to continuously iterate on better-

performing real-time spike detection algorithms.
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6.4 Methods

6.4.1 Real-Time Spike Detection

RT-Sort uses action potential propagation detection to identify individual neu-

rons in recordings with dense electrode configurations of ≤ 50µm interelectrode

pitch. This requires sensitive detection of the action potential on multiple elec-

trodes followed by a sorting procedure that assigns the action potentials to the

correct neurons. All of this needs to happen on millisecond timescales to enable

RT-Sort to be used in real time. For this, we developed a spike detector that

can simultaneously detect spikes on over a thousand different electrodes within

millisecond timescales, while being more sensitive than 5RMS threshold crossings

and able to detect overlapping waveforms.

A convolutional neural network (CNN) was trained to detect neural waveform

shapes in a noisy signal. Due to variability in the type of noise produced by dif-

ferent recording devices, it is important to train a specific model per recording

device type. In this work, separate models are trained for human brain organoids

recorded with MaxWell Biosystems multi-electrode arrays [3] and for intact mouse

brains recorded with Neuropixels probes [1]. The data used for the training

and validation process come from [210, 157] respectively and can be found at

https://datadryad.org/stash/dataset/doi:10.25349/D9031Z and https://
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buzsakilab.nyumc.org/datasets/SiegleJ/AllenInstitute_744912849/session_

766640955/. All training and validation is performed using an NVIDIA RTX

A5000 GPU.

For more information on the architecture, algorithm, or other experiments and

analysis conducted, please see the full paper [29].
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Chapter 7

BrainDance: A Framework for

Closed-Loop Electrophysiology

This chapter describes the BrainDance framework for closed-loop electrophysi-

ology experimentation. The work fully encapsulates the culmination of the tooling

and infrastructure developed throughout this thesis. The current version will re-

main up-to-date and live at https://braingeneers.github.io/braindance.

7.1 Introduction

Biological computing is a growing domain using electrode arrays and methods

invoking activity in neurons such as electrical stimulation or optogenetics [216,

217, 218]. This has been explored from the fundamental level [219, 220, 221] to
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basic learning on small-counted arrays through pivotal works by Potter [222, 223,

224] and Jimbo [225, 226], to more recent works involving high-density CMOS ar-

rays [227, 226, 228, 229]. Although many labs have been advancing the field, many

develop their own frameworks, use varying arrays as the technology progresses,

and there appears to be a lack of proper reproducibility.

However, when looking at the similar field of reinforcement learning, we see

that there was a catalyst of community efforts surrounding an extremely use-

ful open-source interface which modularly enables the interaction of intelligent

agents and environments—OpenAI’s Gym [12]. This sparked researchers to cre-

ate, evaluate, and test various RL algorithms including DQN, SAC, and PPO

on environments including Atari games, basic control problems, 3D simulations,

and more. There have been extensions for networking [230], many more games,

multiple agents [231], and so on. The nature of these interactive environments

first and foremost enables a simple way to have an agent interact with highly

complex environments. This type of framework permits easy sharing of code,

verifiable results, consistent benchmarking, and general accessibility. The impact

these environments have had on advancing research is undeniable.

Throughout this chapter, we introduce BrainDance, a modular interface for

exploring, training, and evaluating biological in vitro neuronal experiments. We

begin with a hardware interface module which interacts directly with the experi-
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mental hardware, enabling recording and interaction with the biological cultures.

The primary use case is through electrical stimulation and recording, however

other forms of interaction are possible to automate and control (optogenetics,

pharmacology, etc.). We provide three methods of interacting with the cultures.

First is through pre-built phases which facilitate experiments with automated

phase-specific analysis. Examples of phases include: a raw recording which yields

neural footprints, repetitive stimulation yielding evoked responses, or gamified

closed-loop tasks which yield performance metrics. The second interaction method

is through direct interaction, where electrical reading occurs as fast as hardware

allows and custom methods can be created for real-time processing. The third

interaction is through a easy-to-use GUI which allows for piecing phases together

in order to run experiments and analysis.

7.2 Architecture Overview

BrainDance is a modular, extensible framework for designing, running, and

analyzing neural electrophysiology experiments. The architecture follows a hier-

archical design with three levels of abstraction:

• At the lowest level, direct hardware interfaces for recording and stimulating

with precise timing.
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• The middle level consists of a phase system which has parameterizable com-

mon experimental procedures as pre-defined phases.

• The top level provides a GUI for easy construction of phases and analysis.

This approach enables all levels of accessibility from high-school students to expert

researchers while maintaining reproducibility and standardization. Figure 7.1 il-

lustrates the overall architecture. At the physical level (Figure 7.1a), analog neural

signals are converted to digital signals by the recording hardware and streamed to

the host computer, which in turn dispatches stimulation commands back to the de-

vice. The software stack (Figure 7.1b) is organized into loosely coupled optional

modules including feature engineering, spike sorting, experiment management,

real-time phases, analysis phases, and a hardware interface. They communicate

through a shared data context. This modular design allows individual components

to be swapped, extended, or reused across experiments without altering the rest

of the pipeline.
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Figure 7.1: Architecture of the BrainDance framework.
a Data flow between the biological culture, recording hardware, and host com-
puter. The hardware converts raw neural signals to digital signals and streams
them to the computer, which issues hardware commands and stimulation pat-
terns back to the device. b Software architecture of BrainDance. Incoming
data passes through a Feature Engineering module (artifact removal, filtering,
LFP band extraction) and a Spike Sorter (RT-Sort or thresholding). The Exper-
imenter manages session control, data saving, and timing. Pre-built Real-time
Phases implement closed-loop tasks and stimulation logic, while Analysis Phases
provide post-hoc plot generation and connectivity analysis. A Hardware Interface
layer handles low-level command generation, waveform construction, and precise
timing. All modules communicate through a shared data context and are coordi-
nated by the experiment manager.

7.2.1 Electrical Stimulation

BrainDance provides a flexible interface for delivering electrical stimulation

through the array’s digital-to-analog converter (DAC). The fundamental stim-
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ulation primitive is a charge-balanced, negative-first biphasic square wave pulse.

Each pulse consists of a cathodic (negative) phase followed by an anodic (positive)

phase of equal amplitude and duration, returning to a neutral baseline afterward.

The biphasic waveform ensures charge balance across the electrode–electrolyte

interface, preventing electrode degradation and tissue damage from net charge

accumulation [216, 217, 232, 233].

The pulse is parameterized by two values: the amplitude A (in mV), which sets

the peak voltage of each phase, and the phase duration τ (in µs), which sets the

length of each half of the waveform. The amplitude is converted from millivolts

to DAC units (least significant bits) via the hardware-specific scaling factor, and

the phase duration is converted to sample counts at the corresponding sampling

rate.

These pulses can be delivered individually or composed into sequences for more

complex stimulation paradigms. The sequence interface supports three command

types:

stim: Delivers a biphasic pulse to a specified set of electrodes with given ampli-

tude and phase duration. Multiple electrodes can be stimulated in a single

command by powering up each corresponding stimulation unit before emit-

ting the pulse.

delay: Inserts a programmable delay (in sample counts) between successive com-
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mands, enabling precise control of inter-pulse intervals.

next: Acts as a delimiter, marking the boundary of a stimulation pattern when

sequences are triggered periodically or at externally determined timepoints.

By composing these commands, experimenters can construct arbitrary stim-

ulation protocols starting from single-electrode probing pulses and paired-pulse

paradigms to multi-electrode sequential patterns delivered at controlled frequen-

cies. BrainDance also supports alternative waveforms including sinusoidal stimu-

lation (parameterized by amplitude and frequency) and direct DC voltage control

through the DAC, although the biphasic pulse remains the default for its well-

characterized ability to evoke action potentials.

7.2.2 Phases

The phase system forms the backbone for building intricate experiments with

BrainDance. Phases are self-contained, reusable modules which perform specific

experimental features. They have a standard interface for initialization, execution,

data collection, and cleanup.

Each phase inherits either (a) the DataPhase class which interfaces with ex-

perimental portions that occur on one of the supported devices and yields raw

data or (b) the AnalysisPhase class which provides analysis that builds off of

recorded data and yields derived data.
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7.2.2.1 Pre-built Phases

RecordPhase: Allows for a timed recording of neural activity without any stimula-

tion. Typically used for baseline measurements and initial characterization.

Provides: baseline data.

NeuralSweepPhase: Systematically stimulates each set stimulation electrode at

a chosen frequency. A static amplitude can be used, or a range can be

provided. The order of electrodes, amplitudes, and repetitions can be config-

ured. Requires: stim electrodes. Provides: neuralsweep data, stim log.

FrequencyStimPhase: Delivers stimulations at specified frequencies. The stim-

ulations can either be single-pulse stimulations on any number of stimula-

tion electrodes, or complex patterns as defined in Section 7.2.1. Requires:

stim electrodes. Provides: stim data, stim log.

ActivityPhase: Identifies a per-electrode activity metric based on detected spikes

via thresholding. The default metric is (1+firing rate)(1+amplitude), or a

custom metric can be specified. Calculates local maxima to identify activity

hotspots. Requires: baseline data. Provides: selected electrodes.

FootprintPhase: Determines spatial footprints of neurons across electrodes from

selected electrodes. Removes duplicates which are part of the same foot-

print in favor of the largest amplitude, which indicates the location with
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the best chance of evoking a spike [234, 232]. Requires: baseline data,

selected electrodes. Provides: stim electrodes.

CausalAnalysisPhase: Analyzes evoked responses by identifying all stimulation

patterns in a file, creating windows post-stimulation, and removing the stim-

ulation artifact (see Section 7.2.5). For spike detection, parameters allow us-

ing either thresholding or RT-Sort (Section 7.2.6.2). For an experiment with

10 stimulation patterns (or electrodes if using single-pulse, single-electrode),

20 reaction channels, 100 repetitions each, and 200ms (4000 frames at a

sampling rate of 20 frames/ms), we compute:

• clean data— shape (stim repetitions, stim patterns, react channels, timesteps)

or (100, 10, 20, 4000): an np.ndarray of data with stimulation artifacts

removed.

• spikes — shape (100, 10, 20): an np.ndarray of lists, where indexing

yields a list of spike times for that repetition, stimulation pattern, and

reaction channel.

Requires: stim data, stim electrodes, react channels. Provides: clean data,

spikes.

RTSortPhase: Runs RT-Sort on baseline data, creates an RT-Sort object, and

spike sorts the data file (see Section 7.2.6.2). This RT-Sort object can be
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used later for spike sorting in real-time experiments if a sufficient GPU is

available. Requires: baseline data. Provides: rt sort object, spike data.

7.2.3 Hardware Interface

BrainDance abstracts the interface between experimental logic and recording

hardware through a two-layer environment design. At the base layer, a BaseEnv

class defines the minimal contract that any hardware backend must satisfy: a

step() method that returns observations and optionally delivers stimulation, a

reset() method for reinitializing state between experimental runs, internal time

management, and a maximum experiment duration after which the environment

terminates. This base class tracks wall-clock time so that all higher-level code

can query elapsed time and inter-step intervals without depending on hardware-

specific timing. This base class is extensible to support other hardware platforms.

The primary concrete implementation is MaxwellEnv, which interfaces with the

MaxWell CMOS microelectrode array. On initialization, it loads an electrode con-

figuration file that specifies which of the array’s electrodes are routed for recording

and which are designated for stimulation (up to 32). The environment then ini-

tializes the hardware: setting amplifier gain, configuring the on-chip high-pass

filter, connecting stimulation units to their respective electrodes, power-cycling

the stimulation buffers, and computing voltage offsets. A ZeroMQ subscriber
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connects to the MaxWell data server to receive streaming frames of voltage data

and spike events at the 20 kHz sampling rate.

Each call to step() receives the latest data packet from the hardware, parses

spike events from the binary stream, and optionally delivers a stimulation com-

mand. Stimulation commands are constructed as sequences of DAC operations as

described in Section 7.2.1, supporting single biphasic pulses, multi-electrode pulse

sequences, or manually constructed waveforms. All stimulations are timestamped

and logged to a CSV file for post-hoc analysis. The environment supports two

observation modes: (1) a spikes mode that returns parsed spike events (filtered

to reject frames where artifact-like activity spans more than 15% of channels),

and (2) a raw mode that returns the raw voltage trace across all routed channels,

optionally buffered across multiple frames.

For experiments requiring low-latency stimulation in parallel with data ac-

quisition, BrainDance supports a multiprocess architecture where data reception

and stimulation delivery run in separate processes communicating through shared

memory and event flags. This decoupling prevents stimulation timing from being

blocked by data processing and vice versa. A dummy server mode is also pro-

vided, which can either replay recorded data or generate synthetic signals over

the same ZeroMQ interface, acting as a test harness and enabling experimental

development without needing the physical hardware.
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7.2.4 Experiment Management

The experiment manager orchestrates multi-phase experimental protocols with

automatic data flow between phases. An Experiment object is initialized with a

name, a parameter dictionary (or path to a JSON file), and a save directory.

Phases are added sequentially, and the manager validates the dependency chain

before execution: each phase declares the data keys it requires and the keys it pro-

vides, and the validator ensures that every requirement is satisfied by a preceding

phase or by pre-loaded data.

During execution, the manager iterates through phases in order. For each

phase, it configures the hardware environment (creating or reusing a BaseEnv as

needed), inputs the references to the shared data context, runs the phase, and

merges the returned data into the shared context. Phase groups allow multiple

phases to share a single hardware environment instance and save-file. All results

(including timing, success, or errors)are recorded and saved as a JSON summary

alongside the data files.

The data context acts similarly to a python dictionary that persists across

phases and supports saving to and loading from disk. This enables experiments

to be resumed from intermediate checkpoints: on initialization, the manager can

automatically detect and reload previously saved data, allowing new phases to

build on prior results without re-running earlier steps. Data from separate exper-
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iments can also be loaded, enabling cross-experiment analysis pipelines.

Custom phases can be defined either by subclassing the phase base class or by

using a decorator that enables easy in-line phase creation. This lightweight mech-

anism allows experimenters to inject custom analysis or selection logic between

pre-built phases without modifying the framework. Listing 7.1 demonstrates a

complete closed-loop experiment defined in this manner.

Listing 7.1: A closed-loop plasticity experiment constructed from pre-built and
custom phases. The @phase decorator wraps a function into a phase object.
Each phase’s outputs are automatically available to subsequent phases through
the shared data context.
1 exp = Experiment("closed -loop", params=params)

2
3 @phase("SelectRandomPair")

4 def select_random_pair(exp):

5 C = exp.data.connectivity_matrix

6 for _ in range (500):

7 i, j = np.random.randint(0, C.shape[0], 2)

8 if 0.3 < C[i, j] < 0.6:

9 return {’selected_pair ’: (i, j)}

10 raise ValueError("No␣suitable␣pair␣found")

11
12 exp.add_phase(RecordPhase(duration =300))

13 exp.add_phase(RTSortPhase(sorter=’rt_sort ’))

14 exp.add_phase(ConnectivityPhase(window_ms =20.0))

15 exp.add_phase(select_random_pair)

16 exp.add_phase(ClosedLoopPhase(duration =300))

17 exp.add_phase(RecordPhase(duration =300))

18
19 exp.run()

7.2.5 Artifact Removal

Using electrical stimulations with CMOS arrays generates electrical artifacts

that fall off spatially with distance from the electrode. We specifically show elec-

trodes labeled “close,” “near,” and “far.” These artifacts pose a problem when
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analyzing data after experiments and especially during experiments when timing

is important for closed-loop paradigms. This can be seen in deep brain stimu-

lation using template subtraction [235] or principal component projections post

hoc [236]. In order to remove these artifacts, we implemented real-time artifact

removal using the SALPA algorithm [237]. This algorithm fits a third-order Tay-

lor polynomial and has a recursive formulation which is conducive to real-time

processing. This algorithm enables us to read spikes within 2ms from the elec-

trode stimulation post-saturation. We include an implementation which translates

Python to optimized machine code via Numba [238]. This could only handle a

few hundred channels, so we extended it to a simpler method which iteratively

estimates a linear fit over a sufficiently large time window, yielding similar results

with significantly higher throughput.

7.2.6 Spike Detection

7.2.6.1 Thresholding

BrainDance implements flexible thresholding approaches for spike detection

which do not require extra hardware and can be tailored to experimental needs.

The framework supports both fixed voltage thresholds and adaptive thresholds

calculated from baseline activity on a per-channel basis. For adaptive thresh-

olding, users can specify multipliers of the standard deviation (σ) of the baseline
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signal, with thresholds typically set between −3σ and −5σ for reliable spike detec-

tion. Importantly, threshold scaling can be applied either before or after artifact

removal using the SALPA algorithm (Section 7.2.5), allowing experimenters to op-

timize detection sensitivity in stimulation experiments where artifacts may affect

signal statistics.

7.2.6.2 RT-Sort

BrainDance natively supports RT-Sort [29], a novel spike sorting algorithm

that enables real-time detection and sorting of action potentials based on their

propagation patterns rather than template matching. RT-Sort requires a sufficient

GPU, which is model-dependent. RT-Sort achieves sorting latencies of ∼7.5ms

from spike detection to sorted assignment, making it ideal for closed-loop ex-

periments. The algorithm uses a convolutional neural network for initial spike

detection followed by tracking of consistent spatiotemporal propagation patterns

across multiple electrodes.

Key features of RT-Sort in BrainDance include:

• Real-time processing of streaming data from multiple hardware platforms

(MaxWell, Neuropixels)

• Built-in tools for training custom spike detection models optimized for spe-

cific experimental setups
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• Integration with both online and offline analysis pipelines

• High precision in spike assignment (> 97%) while maintaining millisecond-

scale latencies

• Robust handling of overlapping spikes and waveform variations

RT-Sort complements BrainDance’s broader capabilities by enabling true closed-

loop experiments with single-neuron resolution and synaptic-scale temporal pre-

cision. This allows for sophisticated experimental paradigms like neural feedback

control and adaptive stimulation based on specific cellular activity patterns.

7.2.7 Real-Time Implementation

The difficulties of real-time dense CMOS electrophysiology lie in two separate

parts. First, the hardware chosen has set limitations. For our primary use case,

we work with the MaxWell MaxOne. Thus, we have to build around the current

hardware and software bottlenecks, although others have created systems with

shorter steps—the time between reading data in and enacting a stimulation. Other

similar programs have had less than 20ms lag time [224], or even lower when using

FPGAs. However, for our experiments, less than 15ms should be sufficient.

The second difficulty is spike detection and data processing. Since we are re-

ceiving up to 1024 channels of data sampled at 20 kHz, the storage, manipulation,

and processing of data needs to be heavily optimized, as any computationally
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heavy process compounds. As a primary goal of this software is ease of use, we

keep the implementations in Python where possible. Our implementation uses

multiple threads for layers of processing.

For managing the data, we first read the data off of the MaxWell server and

fill a queue. Next, we pull the data from the queue and move it into a circular

buffer. A second thread is then launched, implementing the SALPA algorithm

(Section 7.2.5) to act as an artifact filter. A third thread thresholds the activity

and maintains a spike rate for each channel.

7.2.8 Coding Framework

We build and release this software to enable similar capabilities across labs.

This software provides a framework for conducting experiments of arbitrary com-

plexity, where experimental algorithms and analyses can be shared between exper-

imenters. We also aim to enhance the replicability of experiments by providing

straightforward mechanisms for sharing experimental protocols. Scheduling of

experiments provides a means to conduct longitudinal experiments as well.

Since the experiments are designed through code and not through expensive

proprietary software, they can be created anywhere. This allows for remote ex-

perimentation which can provide accessible experiments, enabling uses in remote

learning or at locations which do not have the funding or resources to run exper-
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iments on their own.

7.3 Experimental Overview

We demonstrate the utility of BrainDance for running in vitro neural exper-

iments through three experimental paradigms, showcasing the ability to craft

complicated experimental designs at a high level. The experiments are as follows:

1. Longitudinal Stimulation Frequency Sweeps (“busy-bee”)

• Type: Open-loop. Phases: recording, causal stimulation.

• Demonstrates alternating between spontaneous recording phases and

neural stimulation phases. The stimulation phases explore how neu-

rons respond to differing stimulation frequencies, while the baseline

recordings are used to interpret temporal consistency.

2. Cartpole Balancing Task (“cartpole”)

• Type: Closed-loop. Phases: recording, heatmap, causal, causal con-

nectivity, cartpole.

• Uses phases to sequentially characterize putative neurons, firing rates,

and stimulus responses in order to select units to interface with for the

traditional control task of balancing an inverted pendulum on a moving

cart.
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3. Rapid Spike Response Pairing (“rapid”)

• Type: Closed-loop. Phases: recording, RT-Sort baseline, functional

connectivity, rapid response.

• Employs RT-Sort to first identify spikes and create an RT-sorter, then

identifies a unit pair with a desired functional connectivity. A pair of

neurons A and B are identified. Whenever A fires, a stimulation is

delivered to B. Finally, we observe how the functional connectivity

changes in a concluding spontaneous recording.

7.3.1 Longitudinal Stimulation Frequency Sweeps

This experimental design can be seen in Figure 7.2a, where recording phases

and stimulation phases alternate over the course of the experiment. The recording

phases and stimulation phases have set durations, with stimulus rotating between

0.5, 1, 2, 4, and 8Hz, repeating throughout the length of the experiment. The

stimulation pulses were set to the default stimulation pulse. From a first recording

phase, neurons were identified to stimulate. We prepared the stimulation phases

to deliver the stimulations in the following order: neuron 1 repetition 1, neuron 1

repetition 2, . . . , neuron N repetition 1, neuron N repetition 2, . . . , neuron N

repetition R. The working code for constructing this experiment is shown in Fig-

ure 7.2a, illustrating how BrainDance’s phase system enables concise specification

185



of complex longitudinal protocols.

We first examine the evoked responses at the single-trial level. Figure 7.2b

shows a spike raster from a single recording during 0.5Hz stimulation (electrode

11565, neuron 73), revealing short-latency responses concentrated within approx-

imately 25ms of stimulus onset. To assess whether these evoked responses re-

main stable across the longitudinal experiment, we condense all repetitions from

each recording into a peri-stimulus time histogram (PSTH). Figure 7.2c displays

this PSTH across all 13 recordings at 0.5Hz for the same neuron, where each

row corresponds to one recording session. Crucially, these 13 recordings are not

consecutive—they are interspersed throughout the full experiment, separated by

spontaneous recording phases and stimulation phases at other frequencies (1, 2,

4, and 8Hz). Despite this interleaving, the evoked response timing remains con-

sistent across recordings, while overall excitability varies, indicating that causal

pathways are preserved even as network-wide activity fluctuates.

Beyond single-neuron spike responses, we observe that stimulation synchro-

nizes network-level burst activity. Figure 7.2d shows burst events from an in-

put electrode over 100 stimulation repetitions, demonstrating that bursts become

entrained to the stimulus timing across trials. To examine whether this burst

entrainment persists throughout the experiment, Figure 7.2e presents a burst ac-

tivity density map at 1Hz stimulation, where each row represents one recording
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session. The consistent peak in burst density near stimulus onset across all ses-

sions confirms temporal stability of the evoked burst response over the longitudinal

timescale.

7.3.2 Cartpole Balancing Task

The inverted pendulum control task, denoted “cartpole,” serves as a closed-

loop demonstration of BrainDance’s phase system. The experiment uses sequen-

tial phases—baseline recording, heatmap analysis, causal stimulation, neural con-

figuration selection, and closed-loop training—to automatically characterize the

network and select encoding, decoding, and training units without human input.

Each phase’s outputs feed directly into subsequent phases through the shared

data context, and all parameters (encoding/decoding method, training signal se-

lection, time windows) are configurable, enabling easy and automated iterative

experimentation. The full experimental design, results, and in-depth analysis of

the cartpole task are presented in Chapter 5.

7.3.3 Rapid Spike Response Pairing

RT-Sort enables higher-quality experimentation due to its ability to provide

real-time spike identities [29]. This is a substantial improvement over thresholded

spike events, yet requires a sufficient GPU to run. First, we run a baseline record-
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ing phase, then an RT-Sort baseline phase to instantiate our RT-sorter object.

Next, an RT-Sort offline analysis phase is used on the baseline recording to iden-

tify spike trains, and a functional connectivity phase is used to determine the

spike-time tiling coefficient.

A pair of neurons A and B are then selected based on a target connectivity

range (spike-time tiling coefficient between 0.3 and 0.6), chosen to identify pairs

with moderate but not saturated functional connectivity. During the closed-loop

phase, whenever neuron A fires, a stimulation is delivered to neuron B as fast as

possible given the hardware and RT-sort latency. This spike-triggered stimulation

paradigm is designed to strengthen the functional connection from A to B through

repeated temporally precise pairing similar to the fundamental principles of spike-

timing-dependent plasticity [220, 221]. A concluding spontaneous recording phase

is then used to assess whether the functional connectivity between the pair has

changed as a result of the pairing. The full working code for this experiment

is shown in Listing 7.1, demonstrating how a multi-phase closed-loop plasticity

experiment can be specified in under 20 lines using BrainDance’s phase system

and custom phase decorator.
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7.4 Discussion

BrainDance addresses a structural problem in the field of biological neural

learning: the absence of a shared experimental framework. By providing a mod-

ular architecture that can integrate with varying hardware interfaces, reusable

experimental phases, and an experiment manager with automatic data manage-

ment, the framework turns complicated experiments into a short script. The three

experiments presented in this chapter illustrate this concretely. The longitudinal

frequency sweep, cartpole task, and rapid spike response pairing each combine

multiple phases in distinct configurations, yet all are built from similar base com-

ponents and run through the same experiment manager.

The phase system’s requires/provides contract enforces that data dependencies

are satisfied before execution, catching configuration errors early rather than mid-

experiment when the data is being accessed. This is particularly valuable for

longitudinal or overnight experiments where failures ruin both experiments and

potentially even the biology. The shared data context and checkpoint system

further allow experiments to be paused and resumed, or for analysis phases to be

re-run on previously collected data.

There are clear limitations. The hardware interface is currently implemented

stably only for the MaxWell CMOS array, and extending to other platforms re-

quires writing a new environment class. The GUI is functional but early in de-
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velopment. RT-Sort requires a dedicated GPU, which limits its accessibility. The

framework also inherits the constraints of the hardware: latency, channel count,

and stimulation electrode limits are set by the array, not by the software.

Despite these limitations, BrainDance provides a foundation that can grow

with the field. Experimental protocols built with the framework are shareable as

code, enabling other labs to reproduce experiments or build on them directly. As

the field moves toward larger-scale studies with more replicates and longer time

horizons, this kind of infrastructure will be necessary to make progress cumula-

tive.
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Figure 7.2: Longitudinal stimulation frequency sweep experiment
(busy-bee).
a Experimental workflow and working code for constructing the busy-bee exper-
iment. After a baseline recording to locate neurons, the experiment alternates be-
tween spontaneous recording phases and stimulation phases at increasing frequen-
cies (0.5, 1, 2, 4, and 8Hz), repeating this cycle over the full duration. b Evoked
spike raster from a single recording during 0.5Hz stimulation (electrode 11565,
neuron 73), showing short-latency responses concentrated within approximately
25ms of stimulus onset. c Peri-stimulus time histogram (PSTH) across all
13 recordings at 0.5Hz for the same neuron. Each row condenses all repetitions
from one recording session into a single firing-rate estimate. These recordings
are not consecutive but are interspersed throughout the experiment, separated
by spontaneous and other-frequency stimulation phases. Evoked response timing
remains consistent across recordings while overall excitability varies. d Burst
raster from an input electrode (electrode 11565) over 100 stimulation repetitions,
showing synchronization of burst events to the stimulation input across trials.
Bin: 50ms. e Burst activity density over time at 1Hz stimulation, where each
row represents one recording session. The persistent peak in burst density near
stimulus onset demonstrates temporal consistency of the evoked burst response
across the longitudinal experiment.
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Chapter 8

Conclusion

This dissertation asked whether cortical organoids can be systematically trained

to perform goal-directed tasks, and what infrastructure is needed to make that

investigation reproducible and accessible. The work began with a hybrid soft-

rigid robotic system where model-free reinforcement learning outperformed clas-

sical control on complex, nonlinear dynamics, establishing a software interface

for mapping reinforcement learning to a ”messy” system. Next, we progressed

toward applying closed-loop learning paradigms to living neural tissue. Contri-

butions to closed-loop optogenetic modulation of epileptiform activity in human

brain slices and an internet-connected platform for organoid-based neuroscience

education provided foundational software and early validation that high-density

microelectrode arrays, combined with real-time control software, could accessibly
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and reliably interface with biological tissue.

The central result is the first demonstration of goal-directed learning in brain

organoids. We embodied cortical organoids in the inverted pendulum task “Cart-

pole” through closed-loop electrophysiology and showed that an adaptive training

paradigm, in which reinforcement learning optimizes the selection of electrical

training signals, significantly outperforms both random stimulation and unstim-

ulated controls. Pharmacological blockade of glutamatergic transmission abol-

ished the learned improvements, and washout restored them, confirming that the

adaptation depends on synaptic transmission rather than artifacts of electrical

stimulation. Causal connectivity analysis revealed that the strength of direct

stimulus-evoked pathways predicts learning performance, providing a basis for

selecting electrode configurations before training.

For experiments requiring real-time spike sorting, we contributed to RT-Sort,

which uses machine learning detection to achieve sorted spike assignment within

approximately 7.5 ms, enabling closed-loop paradigms at single-neuron resolution.

As a final contribution, we built BrainDance, an open-source Python framework

to orchestrate reproducible biological learning experiments. We demonstrate the

framework through three example experiments: (1) a longitudinal stimulation

frequency sweep, (2) the cartpole balancing task, and (3) a rapid spike response

pairing task. Together, these tools bring the rapid-iteration paradigm of OpenAI’s
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Gym to biological neural learning. Any laboratory with compatible hardware (or

the will to write a driver for their hardware) can design, run, and share repro-

ducible experiments without rebuilding infrastructure from scratch. This work is

available at https://braingeneers.github.io/braindance.
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Chapter 9

Future Work

The work presented in this dissertation should be seen as a foundation, not a

final answer. Translating these results into a deeper understanding of biological

learning requires effort across several directions.

The most immediate priority is expanding BrainDance. The framework needs

a comprehensive test harness and support for hardware modalities beyond elec-

trical stimulation, including optogenetics, pharmacological delivery, and imaging.

The setup to make these modalities available within the existing design is there,

but the implementation needs to be completed. This will let experimenters com-

bine perturbation types within a single protocol, enabling substantially richer

experimental designs.

The encoding and decoding schemes used in this work, rate coding and simple
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thresholding, represent a small region of the design space. Future work should

move toward learned input-output mappings. The space of possible strategies is

too large to search exhaustively through reinforcement learning alone, and pre-

trained or foundational models that capture the structure of neural data could

provide a scaffold for faster convergence on effective mappings for the chosen

task.

The volume of data generated by high-density arrays and longitudinal exper-

iments is well suited to large-scale machine learning. Models trained on neural

dynamics could capture long-term adaptations, identify latent structure in net-

work activity, and help design experiments by acting as a surrogate (or simulation)

of the biological network.

The broader goal is to understand what kinds of computation different biolog-

ical substrates are best equipped to perform. Systematic studies across organoid

developmental stages, regional specifications, cell-type compositions, and activity

profiles could reveal which tissue properties have the capacity to solve a given

task. BrainDance makes this exploration feasible by making it easier to build a

field-wide library of tasks. This will result in easier sharing of tissue properties,

the methods for encoding/decoding information, and the methods for training.

We can take insights from behavioral neuroscience and begin exploring the broad

space of tasks that biological neural networks can learn. BrainDance is built to
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make that accessible.
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[134] D. K. Cullen, W. J. Gordián-Vélez, L. A. Struzyna, D. Jgamadze, J. Lim,
K. L. Wofford, K. D. Browne, and H. I. Chen. Bundled three-dimensional
human axon tracts derived from brain organoids. iScience, 21:57–67, 2019.

[135] T. Kirihara, Z. Luo, S. Y. A. Chow, R. Misawa, J. Kawada, S. Shibata,
F. Khoyratee, C. A. Vollette, V. Volz, T. Levi, T. Fujii, and Y. Ikeuchi.
A human induced pluripotent stem cell-derived tissue model of a cerebral
tract connecting two cortical regions. iScience, 14:301–311, 2019.

[136] D. O. Adewole, L. A. Struzyna, J. C. Burrell, J. P. Harris, A. D. Nemes,
D. Petrov, R. H. Kraft, H. I. Chen, M. D. Serruya, J. A. Wolf, and D. K.
Cullen. Development of optically controlled “living electrodes” with long-
projecting axon tracts for a synaptic brain-machine interface. Science Ad-
vances, 7:eaay5347, 2021.

[137] S. Colmar, G. A. D. Liem, J. Connor, and A. J. Martin. Exploring the rela-
tionships between academic buoyancy, academic self-concept, and academic
performance: a study of mathematics and reading among primary school
students. Educational Psychology, 39:1068–1089, 2019.

[138] J. Cribbs, X. Huang, and K. Piatek-Jimenez. Relations of mathematics
mindset, mathematics anxiety, mathematics identity, and mathematics self-
efficacy to STEM career choice: a structural equation modeling approach.
School Science and Mathematics, 121:275–287, 2021.
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[180] Milos Radivojevic, David Jäckel, Michael Altermatt, Jan Müller, Vijay
Viswam, Andreas Hierlemann, and Douglas J. Bakkum. Electrical Identifi-
cation and Selective Microstimulation of Neuronal Compartments Based on
Features of Extracellular Action Potentials. Scientific Reports, 6(1):31332,
August 2016.

[181] Ranulfo Romo, Adrián Hernández, Anótonio Zainos, and Emilio Salinas.
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