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Executive Summary 
The most consequential development in chemistry and materials science is not a molecule or a 

material. It is a change in the machinery of discovery itself. A class of systems now exists that can 

design an experiment, physically execute it with robotics, measure the result, update an internal 

model, and select the next experiment — around the clock, with minimal human intervention. These 

are the self-driving laboratories (SDLs), also called autonomous laboratories or, loosely, “robot 

scientists.” They convert the act of experimentation from a serial, artisanal, human-paced craft into a 

closed-loop, machine-paced search. 

The strategic significance follows from a single property: SDLs operate on the rate of discovery rather 

than on any one result. A new catalyst is an asset; a system that finds new catalysts an order of 

magnitude faster is an asset that compounds. That distinction is why the topic belongs in a futures 

dossier rather than a chemistry journal alone. When experimental throughput rises by one to two 

orders of magnitude, the binding constraint on materials progress shifts away from human ingenuity 

and toward robotic capacity, curated data, and orchestration software — inputs that behave far more 

like national infrastructure than laboratory glassware. 

688 
experiments in 8 days by 

Liverpool’s mobile robot (2020) 

~750/day 
quantum-dot syntheses by 

Artificial Chemist (flow) 

$550M+ 
raised by Lila Sciences alone 

(2025) 

20→20× 
yr→mo discovery-time 

compression sought 

 

This paper takes the subject seriously enough to include its failures. The field is real but immature. Its 

most celebrated 2023 result — Berkeley’s A-Lab, which reported synthesizing dozens of predicted 

inorganic compounds in seventeen days — drew a substantive critique of its automated phase 

identification and received a formal correction in early 2026. Solid handling, air-sensitive chemistry, 

and slow characterization remain stubborn bottlenecks. There are still no accepted standards for what 

counts as a reproducible autonomous result. A credible forecast must hold the breakthroughs and the 

caveats in the same hand. 

The core analytic claim of this paper is fourfold. First, autonomy in the laboratory is not new 

— it dates to 2009 — what changed is the simultaneous maturing of machine learning, robotics, and 

large language models. Second, today’s systems are overwhelmingly powerful optimizers within a 

defined space rather than open-ended discoverers; whether they cross into genuine novelty is the 

central open question. Third, the binding constraint is infrastructure — reliable execution, data 

provenance, and transfer between labs and into manufacturing — not model intelligence. Fourth, 

because discovery throughput is becoming a strategic capability, the contest over who builds and 

controls these systems is best read through the lens of great-power competition and materials 

sovereignty, with commercial and consumer benefits as downstream effects. 
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Bottom line for the next five years 

Expect steady industrialization, not a singularity. Self-driving labs become standard infrastructure for 

solution-processed materials, formulations, and reaction optimization first; solids, air-sensitive chemistry, 

and characterization stay semi-automated longer. 

The decisive moats are curated experimental data and the ability to reproduce and transfer results — not 

headline model size. Watch for the first independently reproduced SDL discovery and the first SDL-found 

material to reach commercial scale. 

Treat the buildout as a national-capability race. The same logic driving compute and critical-minerals 

policy applies to discovery throughput. 

  



Applied Futures Research — The Autonomous Laboratory 

Prepared by Kevin Nussbaum   ·   5 

1. The Problem: A Discovery Bottleneck, Not an Idea 
Shortage 

Chemistry does not suffer from a shortage of hypotheses. It suffers from a throughput mismatch. The 

space of possible molecules and materials is, for practical purposes, unbounded — estimates of the 

number of synthetically accessible small molecules run far beyond the number of atoms in the visible 

universe, and the combinatorial space of inorganic compositions, stoichiometries, and processing 

histories is similarly vast. Computation has learned to survey that space at enormous speed. 

Experiments have not learned to keep up. 

The gap widened sharply over the past decade. High-throughput first-principles calculations — 

density-functional theory screening, and more recently graph-neural-network models such as 

DeepMind’s GNoME — have nominated hundreds of thousands of candidate materials predicted to be 

thermodynamically stable, feeding open repositories like the Materials Project. The rate at which a 

computer can propose a plausible new compound now vastly exceeds the rate at which a human 

laboratory can attempt to make and verify one. Closing that gap — the distance between prediction 

and physical realization — is the explicit motivation behind the autonomous laboratory. 

1.1 Why human-paced experimentation scales badly 

Three structural problems limit conventional bench work, and each is precisely what automation 

targets. 

• Combinatorial explosion. Real systems — a heterogeneous catalyst, a battery electrolyte, a 

perovskite film — are defined by mixtures and processing conditions, not single variables. 

Experimental effort scales exponentially with the number of parameters. A ten-variable 

formulation problem has more distinct conditions than a career of manual experiments can 

cover, which forces researchers to confine searches to narrow, familiar regions of the space. 

• One-factor-at-a-time bias. Traditional practice varies one parameter while holding others 

fixed. This is statistically inefficient and blind to interactions between variables — exactly the 

couplings that govern multi-component materials. Design-of-experiments methods address this 

on paper but are rarely executed at scale by hand. 

• The operator effect. Results depend on the tacit skill of the individual experimenter — how a 

powder is ground, how fast a reagent is added, how a sample is mounted. This variability is a 

documented contributor to the reproducibility crisis and is invisible in most published methods. 

The conventional pipeline from laboratory observation to a manufactured material is frequently cited 

at roughly two decades and a hundred million dollars. The Acceleration Consortium at the University 

of Toronto frames its entire mission around compressing that figure toward one year and one million 

dollars — a target that is almost certainly optimistic in the general case, but that captures the scale of 

the prize and the reason serious capital has arrived. 
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Figure 1. The stated compression goal that motivates the field. The conventional ~20-year, ~$100M materials pipeline against the 

Acceleration Consortium’s aspirational ~1-year, ~$1M target. The gap is the wager. 
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2. Intellectual Lineage: The Closed Loop Is Older Than the 
Hype 

It is tempting to treat self-driving labs as a 2023 phenomenon born of the large-language-model boom. 

They are not. The conceptual core — a machine that forms hypotheses, designs discriminating 

experiments, executes them with laboratory automation, interprets the data, and iterates — was 

demonstrated and published more than fifteen years ago. Understanding that lineage is the antidote 

to both over-excitement and dismissal. 

2.1 From design-of-experiments to high-throughput screening 

The statistical foundation is nearly a century old: R. A. Fisher’s design-of-experiments framework 

established how to vary multiple factors simultaneously and attribute effects efficiently. The industrial 

foundation arrived with pharmaceutical high-throughput screening (HTS) in the 1980s and 1990s, 

which mechanized the parallel execution of hundreds of thousands of assays. HTS proved that 

laboratories could be heavily automated; what it lacked was a decision-making loop. HTS runs a fixed 

plan at scale. It does not decide what to do next based on what it just learned. The first documented 

closed-loop reaction-optimization platform dates to 1988, pairing a robotic arm with a 

spectrophotometer to optimize reactions autonomously — a remarkable but isolated precedent. 

2.2 Adam and Eve: the first autonomous discoverers 

The decisive conceptual leap came from Ross King and colleagues at Aberystwyth and Cambridge. 

Their “Robot Scientist” Adam, reported in Science in 2009, became the first machine to autonomously 

generate and experimentally confirm novel scientific knowledge. Working in yeast functional 

genomics, Adam hypothesized which genes in Saccharomyces cerevisiae encode specific orphan 

enzymes, designed growth experiments to test those hypotheses, ran them on integrated laboratory 

automation, interpreted the results, and iterated — ultimately identifying the genes responsible for 

several previously unassigned enzyme functions, conclusions later confirmed by manual experiment. 

Its successor, Eve, targeted early-stage drug discovery for neglected tropical diseases such as malaria 

and schistosomiasis. Eve automated library screening, hit confirmation, and structure–activity 

learning, and was shown by econometric analysis to be more economical than standard screening. 

Among its results was the repositioning of an anticancer compound as an inhibitor of a parasite 

enzyme. The lesson of Adam and Eve is that autonomous discovery is not gated by a single algorithmic 

breakthrough; it is gated by how well the loop’s components — reasoning, robotics, and 

characterization — can be integrated for a given problem. 

What changed between 2009 and the present is not the idea but the maturity of its ingredients: 

machine-learning methods that turn sparse experimental data into useful predictions; cheaper, more 

capable laboratory robotics; and, since 2023, large language models that can read the literature, write 

instrument code, and orchestrate tools. The modern field is the 2009 concept finally meeting adequate 

components. 
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Figure 2. The arc from the first autonomous discoverer (2009) through the 2023 inflection to the commercial and networked 

phase. Autonomy is old; capable autonomy is recent. 
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3. Anatomy of a Self-Driving Laboratory 

Every self-driving lab, whatever its hardware, is an instance of the same closed loop. It is useful to 

name the four stages explicitly, because the field’s real difficulties live in the seams between them, not 

in any single stage. 

 
Figure 3. The design–make–test–learn cycle. Each pass updates the model that selects the next experiment; the loop runs with 

minimal human intervention. 

• Design. A decision engine proposes the next experiment — a hypothesis, a synthesis recipe, or 

a point in parameter space. This is the “brain,” and it is where machine learning lives (Section 

4). 

• Make. Robotic hardware physically executes the synthesis — dispensing liquids and solids, 

mixing, heating, running a flow reactor or a furnace. This is the “body” (Section 5). 

• Test. Automated characterization measures the relevant property — yield, activity, emission 

spectrum, crystal structure. Characterization is the most common bottleneck, because many of 

the best measurements are slow or require shared, expensive instruments. 

• Learn. The result updates the model and is recorded with its full provenance. The updated 

model then drives the next Design step, closing the loop. 

The integration challenge is the field’s defining engineering problem. As Andrew Cooper’s Liverpool 

group observed, the obstacle to widespread automation is the sheer diversity of sample types, 

operations, instruments, and measurements a real campaign requires. A platform that can dispense 

liquids beautifully but cannot weigh a powder, remove dissolved oxygen, or mount a sample for X-ray 

diffraction is not autonomous; it is a fast pipettor. An orchestration layer — a scheduler that 

coordinates modules, manages samples in transit, captures data, and enforces safety — is therefore as 

important as any single instrument, and is where much of the present engineering effort is 

concentrated. 
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4. The Decision Engine: How the Loop Chooses 

If the loop is the skeleton, the decision engine is what makes it intelligent rather than merely 

automatic. Four families of method dominate, and serious platforms increasingly combine them. A 

bench chemist will recognize the underlying statistics; what is new is their tight coupling to hardware. 

4.1 Active learning and Bayesian optimization 

The workhorse is Bayesian optimization (BO). The system maintains a surrogate model — most often 

a Gaussian process — that predicts the property of interest across the parameter space and, crucially, 

quantifies its own uncertainty. An acquisition function (expected improvement, upper confidence 

bound, and relatives) then chooses the next experiment by balancing exploitation (sampling where the 

predicted value is high) against exploration (sampling where uncertainty is high and surprises may 

lurk). After each experiment the surrogate is refit, sharpening near the new data point, and the cycle 

repeats. 

 
Figure 4. Bayesian optimization, conceptually. A surrogate model (solid) tracks the unknown response (dashed) from completed 
experiments (dots), with an uncertainty band. The acquisition rule selects the next experiment by trading off high predicted value 

against high uncertainty (star). 

This is the method behind the Liverpool mobile robot’s search of a ten-variable photocatalysis space, 

and behind a large fraction of materials-formulation SDLs. Its appeal is sample efficiency: because 

each physical experiment is expensive, BO is designed to extract maximum information per run. 

Batched variants propose several experiments at once to keep parallel hardware busy. The honest 

caveat is that BO is fundamentally an optimizer within a space the human defined; it finds the best 

point in a box, but it does not invent a new box. 

4.2 Reinforcement learning for multi-step chemistry 

When the problem is not “find the best static recipe” but “find the best sequence of operations,” 

reinforcement learning (RL) becomes relevant. Abolhasani’s AlphaFlow platform at NC State is the 

canonical example: it used RL to discover and optimize multi-step routes for shell growth on core–

shell semiconductor nanoparticles — a colloidal atomic-layer-deposition problem with more than forty 

interacting variables across the sequence. RL treats the synthesis as a series of decisions, with the 

measured property as a reward signal, and learns a policy for the whole trajectory rather than a single 
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set point. It is more data-hungry than BO, which is why it pairs naturally with high-throughput flow 

hardware that can supply the volume of trials it needs. 

4.3 Large-language-model agents 

The 2023 inflection added a qualitatively different capability: agents that operate in natural language 

and orchestrate tools. Carnegie Mellon’s Coscientist, built on GPT-4, could take a plain-English goal, 

search the internet and instrument documentation, perform the necessary calculations, write code for 

a robotic liquid handler, and execute a reaction — then interpret the analytical result. ChemCrow 

wrapped a language model with roughly eighteen specialized chemistry tools to plan and carry out 

syntheses. More recent multi-agent systems decompose the work across role-specialized agents — a 

task manager coordinating a literature reader, an experiment designer, a computation performer, and 

a robot operator. 

The strength of LLM agents is breadth and interface: they lower the barrier between human intent and 

machine execution, and they can reason over unstructured knowledge. Their weaknesses are equally 

important — they can fabricate, they inherit training-data limits, and they raise dual-use concerns 

(Section 6.3). In practice the most capable platforms now use LLMs for planning, literature ingestion, 

and code generation while delegating the actual optimization to BO or RL, which have rigorous 

uncertainty semantics that language models lack. 

A note for the experimentalist 

None of these methods relaxes the laws of chemistry or substitutes for sound characterization. They 

allocate experimental effort. The value proposition is not that the machine is smarter than a good chemist 

about any single reaction — it is that the machine never tires, applies a consistent statistical policy, runs 

continuously, and records everything. The intelligence is in the search strategy and the bookkeeping, not in 

a claim to chemical intuition. 
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5. The Physical Stack: Processes and Equipment 

The body of a self-driving lab is where ambition meets the awkward physical reality of matter. This 

section surveys the hardware in the detail the subject deserves, organized by function. Three 

architectural philosophies recur, and they imply different equipment choices: automating the 

instruments (purpose-built workstations), automating the researcher (a mobile robot working in an 

ordinary human lab), and dissolving the batch entirely (continuous flow and microfluidics). 

5.1 Liquid handling 

Liquid handling is the most mature subsystem and the entry point for most platforms. Automated 

pipetting robots — the open-source Opentrons OT-2 is ubiquitous in academic SDLs, with Chemspeed 

systems common in higher-throughput and industrial settings — aspirate and dispense precise 

volumes across multiwell plates and vials. Coscientist, for instance, controlled an OT-2 and even a 

heater–shaker module that had been released after its language model’s training cutoff, retrieving the 

new commands from documentation and correcting its own initial error. Liquid handling is reliable, 

well-characterized, and the reason solution-phase chemistry is the natural first domain for autonomy. 

5.2 Solid dispensing — the hard problem 

Powders are the recurring villain. Gravimetric dispensing of solids is far less reliable than volumetric 

dispensing of liquids: powders cake, bridge, develop static charge, and vary in flow behavior batch to 

batch. Berkeley’s A-Lab built dedicated automated weighing and dosing stations precisely because 

solid-state inorganic synthesis demands them, and even so, solid handling, air-sensitive chemistry, 

and harsh reaction conditions are repeatedly named as the frontier where low-cost modular platforms 

still struggle. Any forecast of which chemistries automate first should follow this fault line: solution-

processed materials lead; demanding solid-state and air-free work lags. 

5.3 Robotic manipulation and the two architectures 

For moving samples and operating instruments, platforms split. Fixed-station designs bolt six-axis or 

SCARA arms (Universal Robots and similar) into a bespoke enclosure with everything within reach — 

maximizing reliability at the cost of flexibility. The contrasting approach is embodied by Liverpool’s 

mobile robotic chemist: a robot built on a KUKA mobile base, human-sized so it fits an unmodified 

laboratory, navigating by laser scanners and positioning by touch sensing, capped at half a metre per 

second, able to work in total darkness. Its designers framed the choice memorably as a decision to 

automate the researcher rather than the instruments — a robot that walks between standard stations 

rather than a monolith that replaces them. The mobile design trades some speed and precision for the 

ability to use a lab’s existing, expensive instruments without rebuilding the room. 

5.4 Flow chemistry and microfluidics 

The third architecture abandons discrete vessels. In continuous flow, reagents are pumped through 

channels and reactors, with conditions controlled in space and time rather than in a sequence of pots. 

Abolhasani’s group has made this its signature: the Artificial Chemist used modular flow platforms 

(the Nanocrystal Factory and NanoRobo) to synthesize made-to-measure perovskite quantum dots, 

running on the order of five hundred to a thousand experiments per day and identifying the best 

quantum dot for any target color in under fifteen minutes. Flow brings two structural advantages: very 

high throughput with tiny reagent volumes, and a path to scale-up, because the same fluidic system 
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that explores a chemistry can, by extending run time, begin to manufacture it. That reconfigurability 

is one of the field’s more credible answers to the perennial “lab-to-factory” gap. 

 
Figure 5. Order-of-magnitude experimental throughput across representative platforms. The multiplier over manual work — not 

any single clever experiment — is the source of the field’s leverage. Figures are approximate and platform-specific. 

5.5 Characterization: the measurement bottleneck 

A loop is only as fast as its slowest measurement, and characterization is usually it. The instruments 

themselves are conventional — the novelty is integrating them into the loop and reading them 

automatically. Gas chromatography–mass spectrometry quantified hydrogen output in the Liverpool 

photocatalysis search and confirmed Coscientist’s coupling products by their characteristic retention 

times. Ultra-performance liquid chromatography–mass spectrometry, benchtop nuclear magnetic 

resonance (used by Cronin’s group for real-time feedback during the assembly of interlocked 

molecules), powder X-ray diffraction (the workhorse for phase identification in solid-state work such 

as A-Lab), Raman spectroscopy, and ultraviolet–visible and photoluminescence spectroscopy for 

optical materials all appear. Because the best measurements are often slow or require shared facilities, 

a key design tactic is the use of fast proxy metrics — a quick optical read standing in for a slow 

structural one — and accepting a human-in-the-loop step where a sample is carried to a shared 

instrument. That manual transfer is one of the quiet reasons “fully autonomous” is more aspiration 

than description in most labs today. 

5.6 Orchestration and the programming of chemistry 

Above the hardware sits software that schedules operations, tracks samples, manages data, and 

enforces safety. The most ambitious vision here is Lee Cronin’s at Glasgow, which treats synthesis as 

something to be compiled and executed like a computer program. The stack comprises a chemical 

description language (XDL) that encodes a procedure abstractly, a chemical-assembly representation 

(ChASM), and a virtual machine (the ChemPU) interpreted onto whatever robot is available via a 

“chempiler,” with the physical layout described in a graph. The payoff is portability and 

reproducibility: a procedure written once should run on different hardware in different labs and give 

the same result. Cronin’s group has demonstrated literature-to-code translation — scanning a 

published method, parsing it into XDL with human error-checking, and executing it — and has 

validated identical procedures across multiple laboratories and robots. This reframing of 

reproducibility as a software property is, for the long run, one of the most important ideas in the field. 
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6. Landmark Campaigns: What Has Actually Been Done 
Abstractions are cheap; the field earns credibility from specific campaigns, with specific numbers, 

including the ones that went wrong. Six are worth examining closely. 

6.1 Liverpool’s mobile robotic chemist (2020) 

Andrew Cooper’s team set a mobile robot loose in a conventional laboratory to improve photocatalysts 

for hydrogen production from water. Over eight days the robot ran 688 experiments — working 

roughly 172 of 192 hours, including in the dark — searching a ten-variable space under a batched 

Bayesian optimization algorithm. It physically performed the full workflow at a sequence of fixed 

stations: weighing the solid photocatalyst into vials, dispensing candidate hole-scavenger solutions, 

capping, sonicating to disperse, irradiating in a photolysis station, and quantifying evolved hydrogen 

by gas chromatography — then deciding what to do next. The search found photocatalyst formulations 

about six times more active than the starting point, selecting beneficial components and discarding 

detrimental ones. The team estimated the same investigation would take a human months to complete. 

The campaign’s lasting significance is the architecture, not the catalyst: by automating the researcher 

— a human-scale robot using ordinary instruments — rather than building a bespoke machine, the 

approach generalizes across chemistries and reuses a lab’s existing capital. 

6.2 Berkeley’s A-Lab (2023) — and its correction 

The A-Lab, from a team led by Gerbrand Ceder and Yan Zeng at Lawrence Berkeley National 

Laboratory, tackled the hard case: autonomous solid-state synthesis of inorganic powders. Targets 

were drawn from the Materials Project and DeepMind’s GNoME ab initio stability data. Natural-

language models trained on the literature proposed synthesis recipes; an active-learning strategy 

grounded in thermodynamics optimized them; robotic stations executed powder dosing, heating in 

furnaces, and powder X-ray diffraction for phase identification. The headline result — widely repeated 

— was 41 novel compounds realized from 58 targets over seventeen days of continuous operation, at 

about 21 experiments per day, spanning dozens of elements and structural prototypes. The paper 

notably treated its failures as data, analyzing why certain targets eluded synthesis. 

This is also the field’s most instructive cautionary tale, and a serious reader must engage 

it. Shortly after publication, materials chemist Robert Palgrave at University College London raised 

substantive concerns about the quality of the automated analysis — specifically whether the X-ray 

diffraction data genuinely supported the claimed phases, given that automated Rietveld-style 

refinement is far less discerning than an expert’s. Ceder’s response conceded that a human could 

perform higher-quality refinement on the samples, while arguing the point was to demonstrate what 

an autonomous system can do, not to match the best human. The dispute had real consequences: in 

early 2026  

Nature published an author correction, with the verified counts revised downward to 36 compounds 

from 57 targets. The episode does not invalidate the A-Lab; it validates the field’s critics. It 

demonstrates that the characterization-and-interpretation stage — not the robotics — is where 

autonomous claims are most fragile, and that the absence of agreed reproducibility standards lets 

headline numbers outrun what the data strictly support. 
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Why the A-Lab correction matters for the forecast 

The robots did their job; the interpretation layer was over-trusted. This is the single most important 

empirical lesson available to the field, and it points directly at where standards, not better arms, are 

needed. 

Expect a maturation in how results are reported: independent reproduction, expert-verified 

characterization, and published null results will increasingly separate credible platforms from press 

releases. 

6.3 Coscientist (2023) — the language-model agent, and dual use 

Gabe Gomes’s group at Carnegie Mellon demonstrated Coscientist, a GPT-4-driven system that 

designed and executed palladium-catalyzed Suzuki–Miyaura and Sonogashira cross-couplings — 

chemistry recognized by a Nobel Prize — from a single natural-language prompt. The system searched 

the literature for conditions, selected the correct coupling partners, calculated reagent volumes, wrote 

and ran code for an Opentrons liquid handler, self-corrected when it initially mis-used a newly released 

heater–shaker module by consulting documentation, and confirmed its products by gas 

chromatography–mass spectrometry at their expected retention times. Within months the group 

reported scaling to over a thousand reactions in a weekend. 

Coscientist also surfaced the field’s governance problem in concrete form: the same agentic capability 

that designs a cross-coupling can, absent safeguards, be steered toward dangerous or restricted 

syntheses. Gomes has been explicit that understanding these capabilities is the precondition for 

sensible policy and has advised government efforts on AI safety. For a strategic analysis this is not a 

footnote: autonomous synthesis is a textbook dual-use technology, and the controls placed on it will 

be as consequential as its capabilities. 

6.4 Cronin’s chemputer (Glasgow) — synthesis as software 

Where others optimize, Cronin’s program aims to make synthesis universal and reproducible by 

treating it as code (the stack is described in Section 5.6). The demonstrations are concrete organic 

syntheses executed without human intervention: the analgesic lidocaine, the oxidant Dess–Martin 

periodinane, and the fluorinating reagent AlkylFluor; and multi-step drug syntheses including 

diphenhydramine (the antihistamine in Nytol) at 58% yield over four steps in 77 hours, the 

anticonvulsant rufinamide at 46% over three steps — exceeding a 38% manual benchmark — and 

sildenafil at 44% over four steps. Critically, the group validated identical XDL-encoded procedures 

across two international laboratories and three different robots, attacking reproducibility head-on. 

The same platform has been extended to assemble interlocked molecular machines — rotaxanes — 

using real-time nuclear magnetic resonance and chromatography feedback to adjust conditions on the 

fly. The commercial vehicle, Chemify, has raised tens of millions to pursue on-demand synthesis. 

6.5 Abolhasani’s flow platforms (NC State) — throughput and scale-up 

Covered in part above, the Artificial Chemist and AlphaFlow lineage represents the flow-chemistry 

school. Artificial Chemist autonomously synthesized perovskite quantum dots in flow, running on the 

order of 500–1,000 experiments per day and conducting well over a thousand unassisted runs to map 

synthetic routes for any target emission. AlphaFlow then added reinforcement learning to handle 

multi-step colloidal atomic-layer-deposition chemistry across more than forty variables, cutting 

development from a multi-year to a multi-month timescale in its domain. The strategic point is scale 
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continuity: the same modular fluidic system that discovers a chemistry can be reconfigured to 

manufacture it, which is a more credible lab-to-factory story than batch platforms can usually offer. 

6.6 Networked, distributed campaigns — the shape of SDL 2.0 

The newest move is to connect laboratories. A collaboration spanning roughly nine institutions across 

three continents linked five separate self-driving labs into one decentralized campaign, with a central 

AI module designing and scheduling a multi-thread experimental plan that apportioned synthesis and 

optical characterization to whichever facility was best suited — and discovered 21 new organic solid-

state laser materials. A parallel effort built a decentralized platform for battery-electrolyte 

development across labs in several countries. These point toward what reviewers now call SDL 2.0: 

interoperable, networked discovery engines rather than isolated machines — globally distributed 

instruments coordinated as one. 
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7. The Honest Ledger: Limitations and Failure Modes 

A forecast that ignores the constraints is marketing. The following are the real boundaries of the 

technology as of mid-2026, and they shape the trajectory more than any optimistic projection. 

• Solids, air-sensitivity, and harsh conditions. Reliable solid dispensing, glovebox-grade 

air-free chemistry, and extreme temperatures or pressures remain difficult to automate robustly. 

This is why solution-processed materials lead and demanding inorganic and organometallic 

work lags. 

• The characterization bottleneck. Loop speed is gated by measurement. Slow or shared 

instruments force proxy metrics and human-in-the-loop sample transfer, so “fully autonomous” 

usually means “autonomous except for the analysis nobody could automate cheaply.” 

• Reproducibility and the standards vacuum. Most platforms report only self-validation; 

there are no agreed metrics for repeatability or reproducibility, incentives to publish them are 

weak, and null results remain underreported. NIST and others have only recently begun drafting 

standards. The A-Lab correction is the cautionary case in point. 

• Optimization versus discovery. Today’s systems are overwhelmingly powerful searchers 

within human-defined spaces — in-distribution optimizers. Whether they can make genuinely 

out-of-distribution discoveries, the kind that redraw the map rather than find the best point on 

it, is unproven and contested. 

• Capital intensity. Integrating dedicated nuclear magnetic resonance or chromatography into 

a closed loop is expensive, which concentrates capability in well-funded centers. A counter-trend 

matters here: groups have built modular SDLs that cut automation costs dramatically — one 

approach using 3D-printed components and manual sample transport to shared instruments 

reported roughly a 90% cost reduction — opening a low-cost, democratizing path alongside the 

flagship factories. 

• The data problem. Machine learning is only as good as its data, and high-quality, machine-

readable experimental data — especially failures — is scarce. The literature is biased toward 

successes, which handicaps models trained on it. This is why the ability to generate clean, 

labeled, in-house data is itself a moat. 

The infrastructure-first thesis 

A useful framing from the investment side: whether or not models ever achieve genuine out-of-distribution 

scientific reasoning, the physical and software infrastructure must come first — reliable execution, 

captured provenance, and transfer across labs and into manufacturing. 

If models remain in-distribution optimizers, better infrastructure still delivers faster cycles, higher 

reproducibility, lower costs, and compounding data advantages. If a reasoning breakthrough arrives, it is 

useless without a system underneath that can act on it. Either way, infrastructure is the binding constraint 

— which is exactly why the capital is flowing toward building it. 
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8. The Strategic and Commercial Inflection 

The right frame for this technology is not laboratory convenience. It is strategic capability. Materials 

and molecules underwrite every domain that decides national power — batteries and grid storage, 

permanent magnets, semiconductors, catalysts for fuels and fertilizer, energetics, structural alloys, 

and the precursors to advanced manufacturing. A nation or bloc that can search materials space faster 

than its rivals compounds an advantage across all of them at once. Discovery throughput is therefore 

becoming a strategic asset in the same category as compute and critical-minerals access, and it should 

be read through the lens of great-power competition — the contest with China over the materials base 

of the twenty-first century — with civilian and commercial benefits following as downstream effects 

rather than the primary motive. 

8.1 The capital signal 

The money has moved decisively, and its structure tells a strategic story. On the public side, the 

University of Toronto’s Acceleration Consortium received a C$200 million federal grant — the largest 

ever awarded to a Canadian university — plus roughly C$130 million in facilities and matching 

commitments bringing the total toward half a billion, with an explicit national ambition to make the 

region a world leader in AI-driven discovery. On the private side, two ventures stand out. Lila Sciences, 

founded inside Flagship Pioneering, emerged from stealth in March 2025 with a $200 million seed, 

added a $235 million round and a further $115 million extension that drew Nvidia’s venture arm — 

roughly $550 million raised toward a valuation above $1.3 billion, with reports of a far larger round in 

discussion — to build “AI Science Factories,” with CRISPR pioneer George Church as chief scientist. 

Periodic Labs launched in September 2025 with a $300 million seed led by Andreessen Horowitz and 

backers including Jeff Bezos, Eric Schmidt, and Nvidia; its founders are a former OpenAI research 

leader and a former DeepMind materials scientist who co-authored the A-Lab paper — a direct human 

link between the frontier model labs and the autonomous chemistry frontier. 

 
Figure 6. The funding signal, 2023–2025: a landmark public research grant alongside venture-scale bets on autonomous ‘AI 
science factories.’ The structure — public capability-building versus private platform-building — mirrors the compute race. 

 

 

 



Applied Futures Research — The Autonomous Laboratory 

Prepared by Kevin Nussbaum   ·   19 

8.2 The reality check 

Capital is not capability. Reporting from late 2025 found the flagship private labs still largely empty 

or beginning with manual synthesis guided by AI predictions, with high-throughput robotic loops 

described as coming soon. The business model is capital-intensive with long payback, and the 

commercial value of autonomously discovered materials is still being proven. The gap between the 

“scientific superintelligence” rhetoric and the half-built lab is the single most important thing to track: 

it is where the trajectory will either accelerate or disappoint. The field was named among the 

technologies to watch for 2025, which is precisely the moment at which expectations most exceed 

delivery. 

9. Trajectory: A Five-Year Forecast (2026–2031) 
Where does this go? A disciplined forecast separates the near-certain from the contingent, and anchors 

both to a single question: how fast does the infrastructure mature relative to the hype cycle? 

9.1 Where the field sits today 

Borrowing the now-common analogy to vehicle autonomy, most operating self-driving labs sit at the 

equivalent of Levels 2–3: they run closed-loop optimization within defined spaces, and a few proposal-

and-test systems reach into hypothesis exploration in narrow domains. None is a Level-5 general 

autonomous discoverer and claims to the contrary should be treated as marketing until independently 

reproduced. 

 
Figure 7. A levels-of-autonomy framework. Today’s deployed systems cluster at L2–L3 in specific domains; the leap to cross-

domain (L4) and general autonomous discovery (L5) is the contested, unproven frontier. 

9.2 Three scenarios 

Scenario A — Steady industrialization (most likely). Self-driving labs become standard 

infrastructure for the domains that automate well — solution-processed materials, formulations, 

catalysis and reaction optimization, electrolytes, optical materials. Solids, air-sensitive chemistry, and 

characterization stay semi-automated. Two market shapes coexist: capital-intensive flagship “science 

factories” concentrating frontier capability, and cheap modular SDLs democratizing routine autonomy 

across ordinary labs. Progress is real, compounding, and undramatic. 
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Scenario B — Foundation-model leap (high impact, uncertain). Generalist scientific models 

married to general-purpose lab robots push leading platforms toward cross-domain autonomy (L4), 

and genuine out-of-distribution discovery begins to appear. In this world the curated-data moat 

decides winners decisively, the link between frontier AI labs and autonomous chemistry tightens, and 

the strategic stakes escalate accordingly. This is the scenario the largest bets are underwriting; it is 

plausible but unproven. 

Scenario C — Trough of disillusionment (cyclically likely). Overclaiming meets 

reproducibility failures — more episodes in the spirit of the A-Lab correction — expectations reset, and 

capital retreats from the most speculative ventures. The underlying infrastructure survives and keeps 

improving, but the “superintelligence” framing is discredited for a cycle. Some version of this is almost 

inevitable as a phase; the question is its depth and timing, not whether it occurs. 

9.3 Second-order effects worth tracking 

• Concentration versus democratization. The same technology can centralize capability in 

a few well-capitalized factories or diffuse it through cheap modular kits. Which dominates is a 

policy and economics question as much as a technical one, with direct implications for materials 

sovereignty. 

• The data moat. Whoever generates the cleanest, labeled experimental data — including 

failures — builds a compounding advantage that is harder to replicate than any model 

architecture. 

• Reproducibility as a published artifact. If synthesis becomes code, science can be shipped 

as an executable procedure that another lab runs to identical result. That would change how 

chemistry is published and verified more profoundly than the robots themselves. 

• Lab-to-factory compression. Flow platforms that explore and then manufacture in the same 

hardware could collapse the technology-readiness gap that strands most discoveries between 

paper and product. 

• Dual-use governance. Agentic synthesis is a proliferation concern. The guardrails placed on 

these systems will shape access, export controls, and international competition. 

9.4 What to watch — concrete signals 

1. Finalization of NIST (and equivalent) standards for autonomous-experiment reproducibility — 

the precondition for trusted claims. 

2. The first SDL discovery independently reproduced at an unaffiliated laboratory — the milestone 

that separates capability from spectacle. 

3. The first autonomously discovered material to reach genuine commercial scale — proof of the 

lab-to-factory thesis. 

4. Flagship private labs moving visibly from AI-guided manual synthesis to true closed-loop 

operation — the test of whether capital has become capability. 

5. A credible demonstration of cross-domain transfer — one platform succeeding in a chemistry it 

was not built for — the signature of Level-4 autonomy. 
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10. Conclusion 

The autonomous laboratory is best understood not as a faster instrument but as a change in the rate 

constant of discovery. Its lineage runs back to 2009; its components matured only recently; its present 

systems are formidable optimizers whose claim to genuine discovery remains open; and its decisive 

constraint is infrastructure rather than intelligence. The honest verdict is that this is a real, 

compounding, strategically significant technology that is also early, oversold in parts, and gated by 

unglamorous problems — powders, measurements, and standards — rather than by any shortage of 

ambition or capital. 

For anyone trying to read the next decade of materials and chemistry, the instruction is simple: watch 

the infrastructure and the reproducibility standards, not the rhetoric. The first lab to have its 

autonomous discovery reproduced by a rival, and the first autonomously discovered material to ship 

at scale, will tell us more about the trajectory than any valuation. The machine that decides its own 

next experiment is here. Whether it merely searches faster, or genuinely discovers, is the question the 

next five years will answer. 

 

— ❖ — 
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