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ABSTRACT

Scientific discovery has traditionally relied on human-led iterative loops of observation, modeling,

and intervention. This thesis explores the possibility of automating components of this loop using

artificial intelligence (AI), particularly in systems characterized by non-equilibrium dynamics, high

dimensionality, and emergent behaviors. Two foundational challenges are addressed: automating

physical modeling and enabling adaptive interaction with dynamic experimental systems, and

generalizing agent behavior across tasks and contexts without retraining.

To address the first challenge, we introduce a hierarchical AI framework for controlling active

biomolecular matter, exemplified by microtubule–kinesin networks driven by light-activated mo-

tors. At the foundation are predictive models that learn the system’s response to static light patterns,

enabling inverse design by selecting inputs that yield desired structural outcomes. Building on this,

dynamic models construct low-dimensional representations of the system’s evolving state under

time-varying stimuli, supporting forward simulation and real-time tracking. At the highest level,

reinforcement learning agents—trained in simulation—discover and execute closed-loop control

policies that achieve fine-grained manipulation objectives. These agents are deployed across �100

parallel experimental setups, demonstrating autonomous operation with robustness, scalability, and

reliable transfer.

To address the second challenge, we investigate how generalist reinforcement learning agents can

be constructed by leveraging the geometry of policy parameter space. We show that agents trained

on distinct tasks self-organize into functionally segregated regions of weight space that encode both

task identity and strategic variability. This insight enables the design of a hypernetwork—a network

that generates the weights of other networks—that can interpolate smoothly between tasks and

strategies via a single scalar input. Combined with a meta-controller, this architecture enables real-

time modulation of agent behavior—ranging from conservative to risk-seeking—without retraining.

Together, these contributions demonstrate that intelligent systems can both design and control
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physical experiments in real time, and adapt cognitive strategies across tasks through principled

representations in policy space. This work establishes a foundation for closed-loop scientific

autonomy, programmable biomaterials, and generalist AI agents, converging at the intersection of

machine learning, biophysics, and automation.
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C h a p t e r 1

INTRODUCTION

Figure 1.1: Conceptual analogy between reinforcement learning and the scienti�c method.
The left panel illustrates the standard reinforcement learning (RL) loop, where anagentinteracts
with anenvironmentby taking an action0C. In response, the environment returns a new stateBÇ 1
and a rewardAÇ 1, which the agent uses to update its policy and improve future behavior. The
right panel depicts the analogous structure in the scienti�c method. Here, ascientistperforms
an experimenton thenatural world, which yieldsexperimental evidenceand information gain.
This feedback is used to re�ne hypotheses and inform future experiments. The �gure highlights
the shared core dynamic: an iterative cycle of intervention, observation, and adaptation aimed at
improving predictive or explanatory models.

1.1 Can We Automate the Scienti�c Process?

Scienti�c discovery has long been understood as an iterative loop of observation, modeling, and

intervention. Researchers observe phenomena in the natural world, extract patterns from data,

formulate models to explain these patterns, and then design interventions�such as experiments

or perturbations�to test hypotheses and uncover deeper causal structure. This cycle has been

foundational across disciplines, from physics and chemistry to biology and neuroscience, and
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remains the central engine of scienti�c progress.

Traditionally, this loop has been entirely human-driven, requiring a combination of domain ex-

pertise, experimental skill, and conceptual abstraction. The process is often slow, expensive,

and subject to cognitive limitations, especially in systems that are nonlinear, high-dimensional,

or stochastic. As scienti�c questions become increasingly complex�often involving emergent

behaviors, intricate feedback mechanisms, or parameter spaces that are too large to explore exhaus-

tively�there is growing interest in whether aspects of this cycle can be delegated to machines.

Recent advances in arti�cial intelligence (AI) have introduced the possibility of automating compo-

nents of the scienti�c process. Machine learning models have been applied to analyze experimental

data (Reddy and Shojaee, 2025), infer physical laws (Cranmer et al., 2020), and accelerate simula-

tion (Sanchez-Gonzalez et al., 2020; Thuerey et al., 2021). In materials science, robotic platforms

now autonomously explore synthesis spaces using active learning (Burger et al., 2020; MacLeod

et al., 2020). In synthetic biology, real-time feedback systems have been developed to modu-

late gene circuits using optogenetic inputs (Grosenick, Marshel, and Deisseroth, 2015; Lugagne,

Sosa Carrillo, et al., 2017). These e�orts suggest that the core loop of science�observe, model,

intervene�can be at least partially operationalized by AI systems.

Yet most existing systems focus on static optimization or �xed pipelines, automating isolated tasks

such as hyperparameter tuning in robotic chemists (Burger et al., 2020), candidate ranking in drug

discovery (Zhavoronkov et al., 2019), or classi�cation of microscopy images (Christiansen et al.,

2018). These systems typically operate in an open-loop fashion, where model training and decision-

making are decoupled from experimental feedback. For instance, active learning frameworks often

rely on batch retraining between experimental rounds rather than updating models online (MacLeod

et al., 2020; Häse, Roch, and Aspuru-Guzik, 2019); similarly, many optogenetic control systems use

precomputed stimulation protocols or simple rule-based feedback rather than adaptively modulating

input based on real-time cellular response (Grosenick, Marshel, and Deisseroth, 2015; Lugagne,

Sosa Carrillo, et al., 2017). As a result, these approaches lack the closed-loop adaptivity required
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for genuine scienti�c reasoning. A true scienti�c agent would need to build internal models of

the system it interacts with, re�ne them through continuous observation, and use them to guide

interventions in real time under uncertainty�selecting actions not only for outcome optimization

but also to test hypotheses, reduce ambiguity, and explore the structure of the system itself.

1.2 Two Foundational Challenges in Scienti�c Autonomy

For intelligent agents to truly contribute to science�not just as tools, but as autonomous partici-

pants helping steer the research�they need to go far beyond simply making inferences. Two such

demands are especially critical. First, agents must be able to interact in real time with physical

systems that are dynamic, noisy, and often only partially observed. Second, they must be capable

of generalizing across tasks, adapting internal models and strategies to new goals, contexts, or

experimental regimes without manual reprogramming. These challenges are not incidental�they

re�ect the essential character of scienti�c systems. Scienti�c environments rarely conform to �xed

protocols or stationary distributions. Instead, they shift as questions evolve, measurements accumu-

late, and interventions perturb the system. The agent's role is not just to interpret data or optimize

outcomes, but to operate under uncertainty, update its understanding on the �y, and choose actions

that are informative, e�ective, and adaptable.

A. Real-Time Interaction with Dynamical Systems

Many experimental systems evolve on timescales where sensing, inference, and control must occur

continuously and with minimal delay. For instance, adaptive optics in microscopy require real-time

feedback to maintain focus in biological tissues (Häse, Roch, and Aspuru-Guzik, 2019), while brain-

computer interfaces use streaming neural signals to drive motor output with sub-second latency

(Booth, 2014). These domains demand not just prediction, but online control policies capable

of adapting to system dynamics as they unfold. Real-time experimental agents must be able to

�lter noisy, partial observations, infer latent states, and intervene before the system drifts beyond

recoverable regimes. Recent examples include adaptive electrophysiological stimulation systems

that maintain neural responses under �uctuating noise (Pandarinath et al., 2017), and closed-loop
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platforms for stabilizing synthetic gene circuits (Milias-Argeitis et al., 2016). These applications

illustrate the critical need for fast, adaptive control mechanisms that go beyond o�ine retraining or

open-loop optimization.

B. Generalization Across Tasks and Experimental Contexts

Agents operating in scienti�c domains often face not a single task, but a continuum of related

tasks that di�er in system parameters, control goals, or environmental context. For example, in

multi-robot manipulation, control policies that succeed on one object geometry may fail entirely on

another without explicit retraining (James et al., 2022). Similarly, in automated experimentation,

changes in chemical composition or temperature regimes often invalidate previously learned models

(Coley et al., 2019).

Approaches based on meta-learning and unsupervised task inference have shown promise in

addressing these issues (Zintgraf et al., 2019), but signi�cant challenges remain in transferring

structure across systems. Large-scale generalist models like Gato (Reed et al., 2022) and PaLM-

E (Driess et al., 2023) highlight architectural pathways for integrating perceptual, language, and

control modalities across domains, yet these models remain far from achieving robust generalization

in settings where feedback, latency, and experimental stakes are high.

These limitations become even more pronounced when agents are expected to not only adapt,

but do so in ways that are interpretable, e�cient, and minimally disruptive to ongoing work.

Meeting these demands requires abilities like composing behaviors from modular building blocks,

identifying tasks on the �y, and adjusting exploration strategies based on uncertainty. Yet, these

capabilities remain largely out of reach for current reinforcement learning systems, highlighting the

gap between promising architectures and real-world generalization.

1.3 Organization of the thesis

This thesis is organized into two main parts, each addressing a foundational challenge in the devel-

opment of intelligent systems for scienti�c discovery. The �rst part focuses on enabling real-time,
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adaptive control of dynamic experimental systems, speci�cally reconstituted microtubule�kinesin

networks in which kinesin motors are activated by light-induced dimerization, allowing precise

spatiotemporal regulation of activity. This control is implemented through a structured hierarchy

of machine learning models designed to address increasingly complex tasks. The hierarchy begins

with models that predict the system's response to static, time-invariant optical inputs and support

inverse design, enabling the selection of input patterns that produce desired structural outcomes.

It then advances to dynamic models that simulate system trajectories in response to arbitrary,

time-varying light inputs by encoding behavior in a learned latent space. Finally, goal-directed,

closed-loop control is achieved through reinforcement learning agents trained in simulation and

deployed across 96 parallel experiments, autonomously discovering optical control policies to ac-

complish high-level transport objectives. This progression�from static prediction and inverse

design, to dynamic modeling, to autonomous control�demonstrates how AI systems can be sys-

tematically developed to manipulate complex physical systems in an automated, scalable, and

increasingly generalizable manner.

The second part focuses on the challenge of generalization in reinforcement learning. By analyz-

ing the geometry of policy weight space, it is shown that agents trained on distinct tasks naturally

form structured, segregated regions that encode both task identity and strategic variability. Build-

ing on this insight, a hypernetwork is introduced that enables smooth interpolation across these

regions, generating agents capable of tunable behavior across multiple tasks without retraining.

When combined with a meta-controller, this architecture allows for real-time modulation of strat-

egy�ranging from conservative to risk-seeking�demonstrating �exibility and adaptability across

13 Atari games. Together, these two parts illustrate how AI can both autonomously control physical

experiments and generalize cognitive strategies, laying groundwork for future systems that integrate

automation, learning, and decision-making across physical and computational domains.
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C h a p t e r 2

MASSIVELY PARALLEL AI-DRIVEN CLOSED-LOOP OPTICAL
CONTROL OF MICROTUBULE NETWORKS
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ABSTRACT

Intracellular transport relies on microtubules and kinesin motors, which operate e�ectively at the

micron scale with a precision that exceeds current technological capabilities. These cytoskele-

tal systems exhibit complex, non-equilibrium dynamics that are di�cult to model, predict, and

externally control�limiting their potential for use in programmable materials and microscale ma-

nipulation. A central challenge has been developing scalable methods for real-time prediction and

control of self-organizing microtubule networks in reconstituted systems. Here, we present a high-

throughput optical platform and a family of neural network models that enable accurate prediction,

optimization, and closed-loop control of microtubule network self-organization driven by light-

activated kinesin motors. On the modeling side, our TraPhIC (Trajectory in Phase Space Inference

via Compression) framework enables precise prediction and inverse design of light patterns by

modeling experimental dynamics as trajectories in a learned latent space. For real-time control, we

deploy~100 trained Deep Q-learning agents in parallel, each using real-time feedback to control

local microtubule network dynamics toward user-de�ned goals. Direct transfer of simulation-

trained agents to physical experiments resulted in successful control of over 90% of microtubule

networks, demonstrating the robustness and scalability of our approach. This integrated platform

and modeling framework establishes a powerful paradigm for predictive and autonomous control

of active matter systems, marking a signi�cant step toward intelligent, self-organizing materials

with programmable functionalities.
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2.1 Introduction

Cells exert remarkable spatiotemporal control over their internal architecture through dynamic

cytoskeletal networks composed of �laments and motor proteins. These adaptive structures en-

able complex functions like intracellular transport, division, and morphogenesis (Shelley, 2016).

Inspired by this complexity, reconstituted microtubule-kinesin systems have emerged as platforms

for engineering active materials, where molecular components consume energy to produce motion

and organization (Stein et al., 2021; Suzuki et al., 2017). However, unlike cells, these systems lack

endogenous regulation, making real-time external control challenging.

Recent experimental advances have enabled the regulation of activity across a range of engineered

systems�including bacteria, colloids, and reconstituted cytoskeletal networks. While the speci�cs

vary, these platforms commonly use optical methods to modulate activity with spatial and temporal

precision (Ross et al., 2019; R. Zhang et al., 2021; Volpe et al., 2011; Buttinoni et al., 2012; Palacci

et al., 2013). Light-responsive motors o�er spatiotemporal control over microtubule dynamics

through patterned illumination, suggesting a route to programmable self-organization (Ross et al.,

2019). Yet, microtubule network responses remain unpredictable due to nonlinear interactions,

emergent collective behaviors, and sensitivity to initial conditions, complicating the design of

control strategies in reconstituted systems (Wu et al., 2017). This challenge is worsened by the

current use of preprogrammed, open-loop illumination protocols that lack the adaptive feedback

mechanisms found in living cells. Overcoming these limitations requires the development of

predictive models, real-time feedback control, and scalable automation.

Recent advances in arti�cial intelligence (AI), particularly deep and reinforcement learning (RL),

o�er tools for real-time control of biological systems (Floreano and Mattiussi, 2008). In synthetic

biology, deep learning has enabled optogenetic control of gene expression in thousands of cells

(Lugagne, Blassick, and Dunlop, 2024), while RL frameworks have begun to manipulate neural

dynamics in culture andin vivo (Pohlmeyer et al., 2014; Wül�ng et al., 2019). Despite this

progress, closed-loop control of self-organizing physical matter�where complex spatiotemporal

patterns emerge from local interactions�remains largely unexplored (Falk et al., 2021).
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We address this challenge by developing a general framework combining deep learning, RL, and

high-throughput experimentation for closed-loop control of cytoskeletal active matter. We intro-

duce two predictive deep learning models�Linear and Flexible variants of Trajectory in Phase

Space Inference via Compression (TraPhIC)�that encode microtubule morphology as trajectories

in a learned phase space, enabling prediction and inverse design under static and dynamic illumi-

nation. To achieve closed-loop control, we deploy deep Q-learning agents trained in simulation to

dynamically guide microtubule network evolution via microscopy feedback. Unlike �xed-pattern

approaches, our agents adapt actions based on continuous system observation. Finally, we scale

this to~100 parallel experiments, all autonomously guided by a shared pretrained agent.

This work establishes a new paradigm for adaptive control of active matter, combining optical

precision with AI �exibility. By enabling real-time intervention in self-organizing systems, our

approach opens pathways to programmable living materials, intelligent biomaterials, and control

of non-equilibrium systems.

2.2 Results

Linear TraPhIC Predicts and Optimizes Microtubule Network Geometry in Static Light via

Linear Latent Paths.

To model the temporal evolution of microtubule networks under constant light, we �rst developed

the Linear Trajectory in Phase Space Inference via Compression (Linear TraPhIC) model. Trained

on simulation data, Linear TraPhIC encodes the initial con�guration of a microtubule network

into a compact latent representationI 0 = � ¹- 0º, where� ¹�º is the state encoder. Future network

states are predicted by translating this point along a straight-line trajectory in latent space using the

linear phase-space propagator� lin, which is a neural network that maps a scalar time shift� Cto a

displacement vector:

-̂ � C= � ¹I 0 ¸ � lin ¹� Cºº (2.1)

where � ¹�º is the state decoder. This formulation enables temporally coherent and spatially
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accurate predictions at arbitrary future timepoints from a single input frame. By modeling time as

a geometric shift in phase space, Linear TraPhIC compresses microtubule network contraction into

a low-dimensional, interpretable latent path (Fig. 2.1A).
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Figure 2.1: Simulation-trained Linear TraPhIC accurately predicts microtubule network
contraction and optimizes light inputs for experimentally validated network bending. A.
Top: Time-lapse microscopy images of microtubule contraction and matching simulation frames.
Bottom: Linear TraPhIC schematic encoding initial state- 0, shifting by � Cin latent space, and
decoding to- 0¸ � C. B. Left: 3Ö3 grids comparing ground truth (GT) and predicted (Pred) images at
� C= 0–50–100across experiments. Right: Plots of microtubule network area over time (GT: gray,
Pred: blue).C. Schematic of optimization mapping experimental conditions to physical properties.
D. Framework with a 4Ö4 light grid upsampled, input to a model predicting- �nal , and compared to
a scaled target shape via bending loss.E. Gradient ascent runs optimizing bending loss at varying
learning rates ([ ). Rows show independent experiments; columns show progression.F. Left: Bar
plot of bending loss across conditions (error bars: std. dev.). Right: Microscopy images (top) and
segmented masks with target shapes (bottom) for di�erent experiments.



12

We evaluated the predictive performance of Linear TraPhIC on test simulations not seen during

training, using both qualitative and quantitative benchmarks. As a �rst check, we visualized

predictions at time shifts� C= 0–50–100from a single initial frame- 0. These comparisons showed

that the model accurately captured the spatial contraction dynamics of microtubule networks across

diverse, nontrivial geometries (Fig. 2.1B, left). To quantify perceptual �delity, we computed

the Feature Similarity Index (FSIM) across input�target pairs¹- C–� Cº from the test set. The

model achieved a mean FSIM of0•92 � 0•03, indicating high structural correspondence with the

ground truth images. Finally, to assess predictive accuracy using physically relevant metrics,

we predicted full contraction dynamics by varying� C 2 »0–169¼from each initial frame- 0,

and compared the resulting microtubule network area dynamics to ground truth. Predicted area

evolution closely followed the experimental measurements, with a mean absolute percentage error

(MAPE) of 6•8 � 1•2%across the test set (Fig. 2.1B, right).

We leveraged the di�erentiable structure of the Linear TraPhIC model to formulate an inverse

design strategy for generating microtubule networks with targeted deformation pro�les. We de�ne

a constrained experimental space consisting of a4 � 4 light activation grid, which is transformed

through upsampling to produce a spatial input compatible with the model (Fig. 2.1C�D). Using

this representation, we de�ned a bending loss that quanti�es deviation from uniform contraction:

L bend= min
\

MSE¹( \ ¹- 0º–-̂ � Cº– (2.2)

where( \ ¹�º applies isotropic scaling and translation, and-̂ � C is the predicted �nal state from

Linear TraPhIC. This loss re�ects how much the �nal microtubule network deviates from a uni-

formly contracted version of its initial shape, thereby serving as a proxy for bending or asymmetry.

Gradient-based optimization was performed over the 4Ö4 activation pattern space, propagating gra-

dients through the full model to identify input conditions that maximized non-uniform microtubule

network deformation.

Optimization consistently converged to distinct geometric motifs that induced pronounced bending

(Fig. 2.1E). Experimental validation con�rmed these predictions: optimized patterns produced
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signi�cantly higher bending loss values (22500� 3500) than control patterns (4400� 520, ? Ÿ

0•001), corresponding to a 5.1-fold increase in targeted deformation (Fig. 2.1F). These results

demonstrate that Linear TraPhIC can serve not only as a predictive model but also as a di�erentiable

engine for the inverse design of programmable cytoskeletal architectures.

Flexible TraPhIC Predicts Microtubule Network Dynamics in Static and Dynamic Light via

Latent Trajectories of Stimulus History

Building on the latent phase space trajectory framework introduced in Linear TraPhIC, we devel-

oped the Flexible Trajectory in Phase Space Inference via Compression (Flexible TraPhIC) model to

capture microtubule network dynamics under spatially and temporally varying light. While Linear

TraPhIC relies on a �xed latent trajectory parameterized only by time, this assumption constrains

it to static illumination settings. Flexible TraPhIC generalizes the approach by replacing the linear

shift with a stimulus-dependent latent path, enabling accurate predictions of microtubule network

evolution in response to dynamic illumination sequences.

The model constructs a latent trajectory from the history of external light inputs. At each time step

C, we compute a temporally weighted light pattern,�� C, by combining prior stimulif � 1–� 2– • • • –� Cg
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