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Dedication

For the scientists who build what the rest of us cannot
see. And for anyone who has looked at the world and

suspected there was more happening than met the eye.
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Chapter 1: The Room
Where Atoms Move

The cooling systems never stopped humming. That was
the first thing visitors noticed about Laboratory 4.12 on
the third floor of ETH Zurich's Department of Chemistry
— not the racks of servers along the back wall, not the
antiseptic smell of filtered air, not the six monitors
arranged in a horseshoe at the central workstation. It was
the hum. A low, persistent drone that vibrated through
the floor tiles and settled behind the sternum, as though
the building had a pulse.

Dr. Lena Krause had long since stopped hearing it. On the
evening of 17 November 2025, she sat at that horseshoe of
screens, her left hand wrapped around a mug of cold
peppermint tea, her right hovering above the keyboard.
She was watching something she had never seen before —
something, she would later tell a colleague in Basel, that

made her forget to breathe.



On the central monitor, a molecular structure rotated
against a black background, rendered in the standard
colours of computational chemistry: carbon in grey,
nitrogen in blue, oxygen in red, bonds drawn as pale
cylinders. The structure was roughly spherical, a cage of
interlocking hexagonal and pentagonal rings, not unlike a
Buckminster Fuller dome. But nested inside, held by
precisely angled coordination bonds, sat a single atom of
platinum — a bright silver sphere, conspicuously alone,
like a pearl trapped in a lattice of wire.

The molecule had been designed seventeen minutes
earlier. Not by Krause. Not by any of the four postdocs
who shared her laboratory. Not by any human chemist
alive or dead. It had been generated by CAMOS-3, a
generative Al system developed by ETH Zurich and the
Swiss Federal Laboratories for Materials Science and
Technology, trained on 4.2 million known molecular
structures. Krause had given CAMOS-3 a set of
constraints: design a cage molecule, no larger than 2.8
nanometres in diameter, capable of trapping a single
platinum atom and releasing it in response to a specific
trigger — a pulse of ultraviolet light at 365 nanometres.
The system returned forty-seven candidates. Candidate 31

was the one now on her screen.



She already knew, from the system's stability calculations,
that the molecule was thermodynamically viable. The
coordination geometry around the platinum centre was
clean. The UV-responsive bonds — a pair of azobenzene
switches embedded in the cage walls — were positioned so
that their photo-isomerisation would distort the cage just
enough to open a gap, letting the platinum escape. It was
elegant. It was also, as far as Krause could determine from
the Cambridge Structural Database, entirely novel. No
chemist had published this architecture. No patent
described it. CAMOS-3 had not retrieved it from memory.
It had invented it.

Krause picked up her phone and texted her group leader,
Professor Markus Brenner, three words: Come see this.

What happened in that Zurich laboratory was not
automation. Automation is a machine performing a task a
human has already designed — a robotic arm welding a
car chassis, a programme sorting email. What CAMOS-3
did was qualitatively different. It explored a space of
possible molecular structures so vast that no team of
chemists, working for a thousand years, could have
surveyed it. It navigated that space using patterns

extracted from millions of existing molecules — patterns



too subtle and too high-dimensional for any human mind
to hold at once. And it arrived at something genuinely

new.

This is the story of what happens when artificial
intelligence learns to design at the scale of atoms. It
stretches from a lecture hall in Pasadena in 1959 to a
supercomputer in Shenzhen in 2026, from the interior of
a living cell to the surface of a silicon wafer, from a single
platinum atom caged in a molecular lattice to the future of

medicine, materials, and energy.

But before we can understand where this convergence is
heading, we need to understand the two rivers —
nanotechnology and artificial intelligence — that flowed
separately for decades and have only now begun to merge.

Plenty of Room

On the evening of 29 December 1959, the physicist
Richard Feynman stood before several hundred scientists
at the annual meeting of the American Physical Society,
held that year at Caltech in Pasadena. His own Nobel
Prize was six years away, but he was already famous for



his brilliance, his irreverence, and his talent for making
the abstruse feel vivid. The title of his after-dinner talk
was modest and slightly peculiar: "There's Plenty of Room
at the Bottom."

Feynman's argument was deceptively simple. The laws of
physics did not prevent humans from manipulating
individual atoms. There was no fundamental barrier to
building machines, circuits, and structures at the atomic
scale. The problem was purely practical: we lacked the
tools. But tools could be built. You could store the entire
Encyclopaedia Britannica on the head of a pin. You could
build computers vastly smaller and faster than anything
then imaginable. You could construct tiny machines that
operated inside the human body, repairing cells, clearing
arteries, destroying tumours.

"The principles of physics, as far as I can see, do not speak
against the possibility of manoeuvring things atom by
atom," Feynman told his audience. "It is not an attempt to
violate any laws; it is something, in principle, that can be
done; but in practice, it has not been done because we are

too big."

The talk was visionary. It was also, for many years,
ignored. The engineers and physicists of the 1960s and
1970s had other preoccupations — transistors to shrink,



rockets to launch, reactors to build. Feynman's bottom
was a thought experiment, a parlour trick of the
imagination. It would take more than two decades for the
first practical tools to arrive.

In 1981, Gerd Binnig and Heinrich Rohrer, at IBM's
Zurich Research Laboratory, invented the scanning
tunnelling microscope. A needle with a tip sharpened to a
single atom was brought within a nanometre of a surface.
A voltage was applied. Electrons tunnelled across the gap
— a quantum effect that occurs when particles pass
through barriers they should not, classically, be able to
cross. The tunnelling current was exquisitely sensitive to
distance. By scanning the tip across a surface and
measuring the current at each point, you could map the
atomic terrain below. For the first time, humans could see

individual atoms.

Binnig and Rohrer won the Nobel Prize in Physics in
1986. But seeing atoms was only the beginning. In the
autumn of 1989, Don Eigler, at IBM's Almaden Research
Center in San José, discovered that the STM could do
more than observe. By adjusting the voltage and bringing
the tip close enough, he could pick up an atom, drag it
across a surface, and set it down elsewhere. Eigler and his
colleague Erhard Schweizer cooled a nickel surface to four



kelvins, deposited thirty-five xenon atoms onto it, and
over twenty-two hours nudged them one by one into
position. When they finished, the atoms spelled three
letters: I-B-M.

The image, published in Nature in April 1990, became
one of the most famous photographs in the history of
science. Feynman had been right. Atoms could be moved.
Structures could be built at the bottom.

Meanwhile, K. Eric Drexler at MIT was thinking not about
moving atoms but about building with them. In 1986, the
same year Binnig and Rohrer won their Nobel, Drexler
published Engines of Creation: The Coming Era of
Nanotechnology. He imagined molecular assemblers:
nanoscale machines capable of picking up individual
atoms and bonding them according to instructions, like
three-dimensional printers at the atomic scale. These
assemblers could build anything — a diamond, a
computer chip, a steak dinner — from atoms up, with zero
waste. They could also copy themselves. Disease would be
conquered by nanoscale robots patrolling the

bloodstream. Material scarcity would end.

It was magnificent. It was also, for practical purposes, a
fantasy. Not because the physics was wrong — Drexler's

core argument, like Feynman's, was grounded in



thermodynamics and quantum mechanics — but because
the engineering was impossibly hard. Building a
molecular assembler required controlling chemical
reactions with single-atom precision, in three dimensions,
at room temperature, billions of times per second,
without errors. The gap between Drexler's vision and
actual capabilities in the 1990s was roughly that between
Leonardo da Vinci's sketches of flying machines and the
Apollo programme.

And so nanotechnology advanced — but slowly, and in
directions Feynman and Drexler had not foreseen.
Chemists learnt to synthesise nanoparticles with unusual
optical, electronic, and catalytic properties. Gold
nanoparticles turned red. Silver nanoparticles killed
bacteria. Carbon nanotubes proved stronger than steel
and more conductive than copper. Quantum dots emitted
light of different colours depending on their size, and
found their way into television screens and medical
imaging probes.

These were genuine achievements. But they were
achievements of discovery and synthesis, not of design. A
chemist making gold nanoparticles was not placing atoms
according to a blueprint. She was mixing reagents,

controlling temperatures, adjusting pH, and hoping the



laws of self-assembly would produce particles of roughly
the right size. The process was closer to cooking than to

architecture.

The dream of engineering at the bottom — of building
structures atom by atom according to a plan — remained
out of reach. The tools existed to see atoms. The tools
existed to move them, one by one, at cryogenic
temperatures. But no tool existed to design at that scale:
to look at a problem, imagine a molecular solution, and
specify its structure down to the last atom.

That tool, it turned out, was not a microscope or a

manipulator. It was an algorithm.

The Machines That Learnt to See
Molecules
The chapter of artificial intelligence that matters for our

purposes begins around 2012, at the University of
Toronto.



That year, a neural network called AlexNet, designed by
Krizhevsky, Sutskever, and Hinton, won the ImageNet
visual recognition challenge by a margin so wide it ended
the debate about whether deep learning was a serious
approach to machine perception. AlexNet could look at a
photograph and identify what was in it. It was not perfect.

But it was vastly better than any previous system.

What made deep learning work was not new theory. The
mathematics of neural networks had been understood
since the 1980s. What changed was scale. Larger
networks, trained on larger datasets, using the parallel
processing power of graphics cards originally built for
video games — these brute-force ingredients, combined
with a handful of architectural innovations, produced
systems that could learn patterns of a complexity no

human programmer could have specified by hand.

By the late 2010s, deep learning had conquered image
recognition, speech recognition, translation, and game
playing. AlphaGo defeated the world champion of Go in
2016. GPT-3 generated fluent prose on almost any topic
in 2020. But these were, in a sense, warm-up acts. The
systems were learning from human-generated data and
learning to mimic or surpass human performance on
human tasks.



The real shift came when researchers pointed these tools

at the natural world.

In July 2021, DeepMind released AlphaFold2, a system
that could predict the three-dimensional structure of a
protein from its amino acid sequence. This problem had
tormented biochemists for half a century. Proteins are
long chains of amino acids that fold into intricate shapes,
and the shape determines the function. But predicting
shape from sequence had proved fiendishly difficult.
Cyrus Levinthal calculated in 1969 that a modest protein
of 100 amino acids could adopt more configurations than
there are atoms in the observable universe. A protein does
not try them all — it folds in milliseconds, guided by
chemical bonds and thermodynamics. But simulating that
process had defeated the best supercomputers.

AlphaFold2 solved it — not by simulating physics step by
step, but by learning the relationship between sequence
and structure from a database of known proteins. Its
predictions were accurate to within an angstrom, roughly
the diameter of a hydrogen atom. In 2022, DeepMind
released predicted structures for over 200 million
proteins. The work won the Nobel Prize in Chemistry in



2024 for Demis Hassabis and John Jumper, shared with
David Baker for his complementary work on protein

design.

AlphaFold was proof that AI could learn the rules
governing molecular structure — rules encoded in
quantum mechanics, thermodynamics, and evolution —
and apply them beyond any human expert's reach. If AI
could predict a protein's shape, could it design new
proteins? New drugs? New materials?

The answer, which arrived with gathering speed through

2023, 2024, and 2025, was yes.

Generative models — the same class of algorithms behind
image generators like DALL-E — were adapted to work in
molecular space. Instead of generating images of cats
from photographs, these systems generated molecular
structures from datasets of known molecules. A team at
MIT, led by Professor Regina Barzilay, designed drug-like
molecules with specified properties in minutes rather
than the months required by traditional medicinal
chemistry. Researchers at the Chinese Academy of
Sciences built a model that designed catalytic
nanoparticles optimised for splitting water into hydrogen



and oxygen. A group at the Indian Institute of Science in
Bangalore identified candidates for next-generation solar

cells that no one had previously considered.

In each case, Al did not merely speed up molecular
design. It changed the nature of the process. Where
human chemists had worked by intuition, analogy, and
laborious trial and error, Al systems navigated vast
mathematical spaces of possibility, guided by patterns
learnt from millions of examples. They explored regions
of chemical space that human chemists had never visited
— not because those regions were forbidden, but because
they were too far from the well-trodden paths of known
chemistry for any human to reach.

This was what Krause witnessed that November evening.
CAMOS-3 had not assembled known fragments in a new
order, the way a child rearranges Lego bricks. It had
discovered a structural motif — the arrangement of
azobenzene switches within a coordination cage — that
exploited a subtle interplay between photochemistry and
coordination geometry. The motif worked because of
precise angles between nitrogen-metal bonds, the exact
length of cage struts, and specific wavelength sensitivity
of the azobenzene groups. No human chemist could have
computed all these constraints at once. The Al had learnt



to feel the shape of viable molecular space, the way a
master chess player feels a strong position — except the
board had millions of dimensions, and the pieces were
atoms.

Where the Rivers Meet

The convergence of Al and nanotechnology is not a
metaphor. It is unfolding in laboratories on every

continent.

At MIT, Professor Tonio Buonassisi's group uses machine
learning to design thin-film solar cells with optimised
nanoscale architectures, predicting the performance of
thousands of candidates before one is fabricated. In
Beijing, Professor Chen Chunying's team uses Al to
predict the biological behaviour of nanoparticles — how
they interact with cell membranes, where they accumulate
in the body, whether they provoke an immune response —
accelerating nanomedicines for cancer therapy. At the
Indian Institute of Science, Professor Subi George's
laboratory uses neural networks to design self-assembling
molecular systems that form precise nanostructures in

water. At the University of Cape Town, Dr. Nombulelo



Makhubela's group has partnered with a Johannesburg Al
startup to design catalytic nanostructures for converting

carbon dioxide into useful chemicals.

In Singapore, A*STAR has committed 200 million
Singapore dollars to an Al-driven nanomaterials
programme. In South Korea, KAIST has established a
centre for Al-nano convergence. In Japan, the National
Institute for Materials Science in Tsukuba has integrated
generative Al into its discovery pipeline, cutting the
average time from concept to candidate material from
eighteen months to six weeks.

The reason is the same everywhere: Al provides
something nanotechnology has always lacked, and
nanotechnology provides something Al has always

sought.

What nanotechnology lacked was a designer. The field
had powerful tools for observation, fabrication, and
theory explaining why matter behaves differently at the
nanoscale. What it did not have was a way to navigate the
space of possible nanostructures and identify the ones
worth building. The space was too large, the interactions
too complex, the variables too numerous. Human
intuition could explore only a fraction. A generative model
trained on millions of structures can propose candidates



no human would have conceived, evaluate their properties
in seconds, and refine them through iterations — all

before a single gram of reagent is weighed.

What Al lacked was a frontier consequential enough to
justify its most ambitious capabilities. Language models
write essays and chatbots book restaurant tables, but
these applications do not require Al to grapple with the
structure of the physical world. Molecular design does.
Designing a molecule that folds into a specific shape,
binds a target, catalyses a reaction, or self-assembles into
a nanostructure requires encoding the laws of quantum
mechanics, thermodynamics, and kinetics. It demands
reasoning about interactions between electrons, the
shapes of energy surfaces, the behaviour of matter at the
boundary between classical and quantum physics. This is
not trivial pattern matching. It is pattern matching at the

deepest level of physical reality.

Together, they enable something neither could achieve
alone: engineering at the scale where the fundamental

rules of physics are different.



The Scale Where Everything
Changes

At the macroscopic scale — cars, buildings, human bodies
— matter behaves according to classical mechanics.
Objects have definite positions and velocities. Forces act
predictably. A bridge holds or it collapses; there is no

quantum ambiguity about it.

At the nanoscale, these certainties dissolve. A
nanoparticle of gold is not simply a very small lump of
gold. It is a fundamentally different material. Bulk gold is
yellow, inert, and a mediocre catalyst. Gold nanoparticles,
five nanometres across, are red, chemically reactive, and
superb catalysts. The difference arises because, at the
nanoscale, a large fraction of atoms sit on the surface
rather than in the interior. Surface atoms behave
differently: their electronic states are altered, their bonds
strained, their chemistry changed. At five nanometres,
roughly forty per cent of the atoms are surface atoms. At
two nanometres, the figure exceeds eighty per cent. The
particle is all surface and no bulk — a condition with no

macroscopic analogue.



Quantum effects compound the strangeness. Electrons in
a nanoscale structure are confined to a space comparable
to their own wavelength, and this confinement changes
their energy levels and behaviour. A quantum dot three
nanometres across emits green light. Make it five
nanometres and it emits red. Same material, same crystal
structure, different colour — determined solely by size.
This is quantum confinement, and it has no classical

explanation.

At this scale, a single misplaced atom can change
everything. Move one atom in a protein's active site and
the enzyme may lose its function. Shift a dopant atom in a
semiconductor nanowire and the device may flip from
conductor to insulator. Precision is not desirable here. It
is existential.

This is why AI matters so profoundly. Human designers
cannot maintain single-atom precision across structures
of thousands or millions of atoms. They cannot visualise
the quantum mechanical interactions that govern
behaviour at this scale. They cannot search,
systematically, through the combinatorial explosion that
arises when every atom's position, identity, and bonding

environment matters.

Machines are learning to.



To grasp the scale: a human hair is roughly eighty
thousand nanometres in diameter. The molecules
CAMOS-3 designs operate at one to ten nanometres.
Imagine shrinking a nanometre to the size of a marble. On
that rescaled map, a metre would stretch from London to
Baghdad. The molecular designers work at the marble
end, building with a jeweller's precision, while the world
they inhabit stretches beyond the horizon.

The Question

This book charts that frontier. Over the chapters that
follow, we shall visit laboratories where Al designs
molecules that have never existed, where robots guided by
neural networks assemble structures atom by atom, where
nanoscale machines patrol the bloodstream hunting
cancer cells, and where materials lighter than aerogel and
stronger than diamond are conceived by algorithms and
made real by chemists. We shall meet the researchers
driving this work — in Zurich and Cambridge, in Beijing
and Bangalore, in Lagos and Sao Paulo and Singapore.



But beneath the technical detail, one question runs
through every chapter. It is the question Lena Krause
began to formulate that evening in Zurich, staring at the
platinum atom caged in its algorithmic lattice:

What happens when machines can design things too
small for humans to see and too complex for humans to
understand?

We have built telescopes that reveal galaxies beyond our
vision and microscopes that reveal atoms beneath our
notice. These instruments extended our senses. The new
Al systems do something different. They extend our
imagination. They conceive structures no human mind
has conceived, in a domain where human intuition has no
purchase. They are the first tools of an engineering that

humans can direct but cannot fully comprehend.

Whether this is cause for exhilaration or vertigo — or, as I
suspect, for both — depends on what we choose to build
and why.

Let us begin.



Chapter 2: Designing
Molecules Atom by
Atom

The screen glowed faintly blue in the half-dark of the
Baker Lab, fourth floor of the Molecular Engineering and
Sciences Building at the University of Washington,
Seattle. It was a little past eleven on a Wednesday night in
October 2025, and Dr Kenji Yamamoto was staring at a
protein that had never existed in nature.

Not a protein found in any organism. Not one dredged
from some extremophile at the bottom of the Mariana
Trench or extracted from the genome of an ancient virus.
This protein had been conjured from noise -- literally.
Yamamoto had fed random static into RFdiffusion, a
generative Al system developed in this laboratory, and
over several hundred iterative steps the algorithm had

sculpted that noise into a three-dimensional molecular



structure of startling precision. On screen, the protein
appeared as a tangle of ribbons and loops -- helices
spiralling with the regularity of a staircase, beta-sheets
lying flat like the pleats of an accordion -- all folding
inward upon themselves into a compact, stable shape. To
an untrained eye, it might have passed for abstract art. To

Yamamoto, it was architecture.

He rotated the structure with his trackpad. Every angle
confirmed what the energy calculations had already told
him: this protein was thermodynamically stable. Its
hydrophobic residues were buried in the core, shielded
from water. Its hydrogen bonds formed a lattice of
interlocking forces. Its surface presented a precise binding
pocket, shaped to grip a specific small molecule the way a
hand grips a doorknob -- snugly, with purpose.

The simulation said it would fold. The physics said it
should work. But proteins are not simulations. They are
physical objects, chains of amino acids that must be
synthesised, expressed in living cells, purified, and tested.
The wet lab is where theoretical beauty meets biochemical
reality. Yamamoto saved the file, labelled it KY-2741, and
added it to the queue for gene synthesis. A company in
South San Francisco would encode the protein's amino
acid sequence into synthetic DNA. That DNA would be



inserted into Escherichia coli bacteria, which would, if
everything went to plan, produce the protein in bulk.
Then he would purify it, crystallise it, and fire X-rays at it
to see whether the real structure matched the prediction.

He had done this forty-six times before. Thirty-nine of
those proteins had folded correctly. That success rate --
nearly eighty-five per cent -- would have been
unimaginable in 2015, when designing a single novel
protein that actually folded was the work of years, not
weeks.

Something fundamental had changed. And the change
was not incremental.

The Architect Who Sees Every
Angle

To understand what AI has done to molecular design,

consider an analogy.



You are an architect tasked with designing a skyscraper.
You know the materials -- steel, glass, concrete. You know
the laws of physics -- gravity, wind load, seismic
tolerance. But you have never seen a completed building.
No photographs, no blueprints, no precedents. You must
work from first principles. You know what steel does
under tension. You know how glass behaves in wind
shear. But assembling these materials into a structure that
stands, that is functional, that is beautiful, requires you to
explore an almost infinite space of possible

configurations.

This is the problem molecular designers face. The
building materials are atoms -- carbon, nitrogen, oxygen,
hydrogen, sulphur. The laws of physics are quantum
mechanics and thermodynamics. The building is a
molecule. And the number of possible molecules is not
merely large; it is incomprehensible. The space of drug-
like small molecules alone -- molecules light enough to
plausibly become medicines -- contains somewhere
between 10”33 and 10”60 distinct structures. There are
roughly 10”80 atoms in the observable universe. The
space of possible molecules dwarfs the space of possible
matter.



For most of the history of chemistry, humans navigated
this space by intuition, accident, and brute trial. Penicillin
was discovered because Alexander Fleming left a petri
dish uncovered. Aspirin was derived from willow bark, a
folk remedy known for millennia. The statin drugs were
found by Akira Endo, who spent years screening
thousands of fungal broths by hand at Sankyo in Tokyo.
Even in the age of computational chemistry, the dominant
approach was screening -- testing enormous libraries of
known compounds against a target, hoping one stuck. It
was less architecture than archaeology: sifting through
what nature had already made, searching for something

useful.

What Al has introduced is genuine architecture. Not
screening existing molecules, but designing new ones.
And the AI does something no human architect can: it
tests whether the building will stand, checks its energy
profile, evaluates its stability, and predicts its behaviour --
all before a single atom is placed.

The tools that make this possible fall into three broad

categories.



Three Tools for Building the
Invisible

The first is the generative model. Generative models
are Al systems trained not to classify or predict, but to
create. They learn the statistical patterns in existing data -
- the shapes and sequences that appear in known
molecules -- and generate new examples that follow those
patterns while being genuinely novel. The molecular
versions operate on the same principle as the image
generators you may have encountered, but instead of

producing pixels, they produce atomic coordinates.

The second is the diffusion model, a specific type of
generative model that deserves its own explanation.
Diffusion models learn by destruction and reconstruction.
During training, the model takes a known molecular
structure and adds random noise to it -- blurring,
scrambling, dissolving its order into chaos, step by step,
until all that remains is static. The model then learns to
reverse this process: given noise, it recovers structure,
gradually and iteratively. Once trained, it can start with
pure noise and denoise it into a new, valid molecular

structure that never existed in the training data.



RFdiffusion, the tool Yamamoto used, is a diffusion model
for proteins. It generates protein backbones from random
noise, guided by constraints the designer specifies. Want a
protein that binds to a particular virus? Specify the target
surface. Want a barrel-shaped molecular cage? Specify the
geometry. The diffusion model does the rest -- refining
noise into structure the way a sculptor reveals a figure
from marble, except the sculptor works in milliseconds
and the block contains 10”300 possible figures.

The third is the graph neural network (GNN).
Molecules are naturally described as graphs --
mathematical structures of nodes (atoms) and edges
(bonds). GNNs process these structures directly, learning
how a change in one bond ripples through the entire
molecule. They are particularly powerful for predicting
properties: Will this molecule dissolve in water? Will it
bind to this receptor? Will it be toxic? By learning from
hundreds of thousands of known molecules, GNNs can
evaluate a candidate in seconds -- a calculation that might

take weeks in a traditional laboratory.

Together, these three tools form a pipeline. A generative
or diffusion model proposes a new molecule. A graph
neural network evaluates its properties. The cycle repeats
-- propose, evaluate, refine -- thousands of times,



converging on designs that are not merely plausible but
optimised. It is evolution compressed into computation:
variation, selection, and refinement, running at a pace
that would make Darwin dizzy.

AlphaFold and the Problem It
Solved

No account of Al in molecular science can avoid the name
AlphaFold. But to understand its significance, we need to
understand the problem it solved -- and the problem it
did not.

Proteins are the molecular machines of life. They catalyse
reactions, transmit signals, fight infections, build tissues,
transport oxygen. A human body contains roughly 20,000
different proteins, each a long chain of amino acids --
typically between 100 and 1,000 units -- that folds into a
specific three-dimensional shape. That shape determines
function. A haemoglobin molecule works because it folds
into a shape that cradles an iron atom, which grips an
oxygen molecule. A misfolded protein does not merely



fail; it can cause disease. Alzheimer's, Parkinson's, cystic
fibrosis, sickle cell anaemia -- all involve proteins that fold

incorrectly.

For decades, determining a protein's structure from its
amino acid sequence was one of the grand challenges of
biology. The sequence was easy to read -- modern gene
sequencing could do it in hours. But the structure
required X-ray crystallography or cryo-electron
microscopy: painstaking, expensive techniques that could
take months or years per protein. By 2020, after half a
century of structural biology, the Protein Data Bank
contained roughly 170,000 experimentally determined
structures. This sounds large until you consider that
known protein sequences in the UniProt database
numbered over 200 million. We knew the ingredients. We

had no idea what shapes they folded into.

In December 2020, at the 14th Critical Assessment of
protein Structure Prediction (CASP14), DeepMind's
AlphaFold2 achieved a median accuracy score of 92.4 out
of 100. The next-best competitor scored below 70. CASP
organisers, who had watched incremental progress for a
quarter of a century, declared the protein structure
prediction problem essentially solved.



By July 2022, DeepMind had released predicted
structures for nearly every known protein -- over 200
million, covering almost the entirety of UniProt. The
release was free. Structural biologists who had spent
careers determining individual structures now had a tool

that could predict them in seconds.

AlphaFold was one of the most significant scientific
achievements of the twenty-first century. It won Demis
Hassabis and John Jumper half of the 2024 Nobel Prize
in Chemistry. But -- and this is the crucial distinction --
AlphaFold solved prediction, not design. It could tell you
what shape a known sequence would fold into. It could
not tell you what sequence to write if you wanted a

particular shape. It was a translator, not an author.

AlphaFolds, released in 2024, extended the system to
predict structures of protein complexes -- proteins bound
to other proteins, to DNA, to RNA, to small-molecule
drugs. Enormously useful for understanding how existing
molecules interact. But the leap from understanding to

creation required different tools entirely.

That leap came from a laboratory on the other side of the
United States.



The Baker Lab

David Baker has been thinking about protein design for
longer than most of his current postdocs have been alive.
A professor of biochemistry at the University of
Washington since 1993, Baker built his career on a
staggering ambition: to design proteins from scratch. Not
to modify existing proteins, but to invent new molecular
machines that perform functions no natural protein has
ever performed.

The word for this is de novo -- from the Latin, meaning
"from the beginning." De novo protein design means
specifying a desired function, computing an amino acid
sequence that should fold into a structure capable of
performing it, synthesising that sequence, and
demonstrating that it works. Molecular engineering in the

fullest sense.

Baker's lab developed Rosetta, a software suite for protein
structure prediction and design, in the late 1990s. Rosetta
was physics-based: it modelled the forces between atoms
and searched for sequences whose lowest-energy states
corresponded to desired structures. It was powerful but



computationally expensive. Designing a single protein
could consume weeks of computing time and produce
results that often failed in the lab.

The transformation came when Baker's lab married
Rosetta's physical intuition with AI's pattern recognition.
In 2022, the lab released ProteinMPNN, a neural network
that takes a protein backbone and predicts amino acid
sequences that will fold into that shape. Where Rosetta
searched by energy minimisation, ProteinMPNN learned
statistical relationships between structure and sequence
from tens of thousands of known proteins. It was faster by
orders of magnitude, and its sequences were far more

likely to fold correctly.

Then came RFdiffusion in 2023. If ProteinMPNN solved
the inverse folding problem -- given a shape, find a
sequence -- RFdiffusion solved the generative problem:
given constraints, create a shape. The two tools together
formed a complete pipeline. RFdiffusion generates a
backbone. ProteinMPNN generates a sequence.
AlphaFold verifies that the sequence will fold as intended.

The entire cycle can run in minutes.

The results spoke for themselves. Baker's lab designed
proteins that bound to specific targets with high affinity.
They designed protein cages -- hollow, symmetric



structures that could encapsulate drug molecules. They
designed protein logic gates, molecular circuits in which
one protein activates another in a defined sequence. They
designed enzymes for reactions no natural enzyme

performs.

In October 2024, David Baker shared the Nobel Prize in
Chemistry with Hassabis and Jumper. The committee's
citation spoke of "the design of proteins that have never
existed in nature." It recognised not merely a technical
achievement but a philosophical one: we had crossed
from discovering the molecules evolution produced to

inventing molecules evolution never conceived.

Beyond Proteins: The New Drug
Designers

Proteins are large molecules -- thousands of atoms in
complex three-dimensional architectures. But most of the
drugs in your medicine cabinet are small molecules:

aspirin, ibuprofen, metformin, atorvastatin. These



compact structures, typically 20 to 70 heavy atoms,
interact with proteins in the body to modulate their

function. AI has arrived here with equal force.

The traditional drug discovery pipeline is a monument to
inefficiency. Target identification. Hit discovery:
screening millions of compounds to find one that
interacts with the target. Hit-to-lead optimisation:
modifying the compound to improve potency, selectivity,
and drug-like properties. Preclinical testing. Then clinical
trials: Phase I, Phase II, Phase III. The process takes, on
average, 10 to 15 years. It costs roughly $2.6 billion per
approved drug, by the Tufts Center estimate. And it fails
more than ninety per cent of the time.

Al is compressing this timeline by attacking each stage
simultaneously. Generative models propose novel
molecules. Graph neural networks predict binding
affinity, solubility, toxicity, and metabolic stability.
Reinforcement learning algorithms optimise across
multiple objectives at once, navigating trade-offs between
potency and safety that traditionally required years of

medicinal chemistry intuition.

Insilico Medicine, founded in 2014 by Alex Zhavoronkov
and headquartered in Hong Kong, has pushed this
furthest into clinical reality. Their platform, Pharma.Al,



integrates target discovery, molecule generation, and
clinical trial prediction. Their lead programme,

INS018_ 055, designed to treat idiopathic pulmonary
fibrosis, went from Al-identified target to Phase I in
roughly eighteen months. By early 2024, it had entered
Phase II. Thirty months from computation to Phase II. In
traditional development, thirty months might not suffice
for hit-to-lead alone.

Recursion Pharmaceuticals in Salt Lake City takes a
different approach, combining AI with massive-scale
biological experimentation. Their platform uses
automated microscopy to photograph millions of treated
cells per week, with neural networks identifying subtle
morphological changes that indicate drug activity. By
2025, Recursion had multiple AI-derived candidates in
clinical trials, targeting diseases from cerebral cavernous
malformations to a rare inherited cancer predisposition

syndrome.

Schrodinger, the New York computational chemistry
company named after the Austrian physicist, occupies yet
another position. Founded in 1990, Schrodinger built its
reputation on physics-based molecular simulation,
calculating quantum mechanical properties with
extraordinary precision. In recent years, they have layered



machine learning on top of these methods, creating
hybrid approaches that combine the accuracy of quantum

mechanics with the speed of neural networks.

What these companies share is a conviction that
molecular design need not be a lottery. The old model --
synthesise thousands of compounds, test them all, hope
one works -- is giving way to molecules designed with
intent, evaluated computationally, and synthesised only
when evidence supports their promise. The difference
between panning for gold and mining a mapped seam.

The Global Laboratory

The shift in AI-driven molecular design is not confined to
Seattle and Silicon Valley. It is, in ways that receive
insufficient attention in the Western press, a deeply

international phenomenon.

In China, the convergence of Al and molecular science has
advanced with characteristic speed. At Tsinghua
University, Professor Zhang Wei leads a group that has
developed neural network potentials -- machine learning



models that approximate quantum mechanical
calculations at a fraction of the cost. Quantum mechanics
governs how atoms interact, but solving its equations
exactly is computationally prohibitive for all but the
smallest molecules. Zhang's neural network potentials
learn from high-accuracy calculations on small molecules
and extrapolate to larger systems, allowing the simulation
of chemical reactions at speeds impossible with

conventional quantum chemistry.

At the Chinese Academy of Sciences, groups in Beijing,
Shanghai, and Hefei have developed Al tools for drug
discovery, materials design, and catalysis. The Chinese
government's strategic investment in Al -- outlined in the
New Generation Artificial Intelligence Development Plan
of 2017 -- has provided funding at a scale that dwarfs

comparable European programmes.

India's contribution operates in a different register. At the
Indian Institute of Science (IISc) in Bangalore,
computational chemistry groups have focused on
designing affordable drugs for tropical diseases. Malaria,
tuberculosis, dengue, leishmaniasis, chikungunya -- these
disproportionately affect populations in low- and middle-



income countries. The traditional pharmaceutical
industry, driven by the profit calculus of wealthy markets,

has chronically underinvested in treatments for them.

At IISc, Professor Sundaram Rajagopalan's group uses Al-
guided virtual screening and molecular dynamics
simulations to identify drug candidates against tropical
disease targets. The emphasis is not on the most potent
molecule in abstract terms but on molecules synthesisable
using affordable chemistry, stable in tropical climates,
and suitable for oral administration in resource-limited
settings. Molecular design shaped by equity, not merely
efficacy.

At IIT Bombay, researchers have developed graph neural
network models for predicting properties of organic
molecules relevant to drug design. Their work on aqueous
solubility -- a mundane-sounding property that is in fact
one of the most important and hardest to predict for any
drug molecule -- has produced models rivalling the best in
the field.

These contributions matter not merely for their technical
quality but for the diversity of perspective they bring. A
tool built in Seattle may optimise for diseases prevalent in
wealthy nations. A tool built in Bangalore may optimise
for neglected tropical diseases. A tool built in Beijing may



prioritise industrial catalysts. The molecules we choose to
design reflect the problems we choose to solve, and the
problems we choose to solve reflect where we stand in the
world.

The Speed of Discovery

Consider the numbers, because they are where the
magnitude of the shift becomes plain.

Traditional drug development: 10 to 15 years, $2.6 billion,
more than 9o per cent failure rate. These figures have
held for two decades. The pharmaceutical industry calls it
Eroom's Law -- Moore's Law backwards -- the observation
that the cost of a new drug has doubled roughly every nine
years since 1950. More money, more technology, fewer
drugs.

Now the Al-assisted timeline. Insilico's INS018_055:
target to Phase II in thirty months. Recursion's REC-994
for cerebral cavernous malformations: Al-identified
mechanism to Phase II in roughly three years. AbSci,
based in Vancouver, Washington, used generative Al to



design novel therapeutic antibodies and demonstrated
that Al-designed antibodies could bind their targets with
high affinity, validated in weeks rather than the months
typically required.

These are not projections. They are clinical realities. They
do not guarantee that Al-designed drugs will prove safe
and effective in patients -- that can only come from
rigorous trials, and the history of drug development is
littered with candidates that failed in Phase III. But they
represent a compression of the early stages that changes
the fundamental economics of pharmaceutical research.

If you can design ten times as many candidates in the
same time for a tenth of the cost, you can afford to pursue
targets the traditional model would never have funded.
Rare diseases become economically viable. Tropical
diseases become strategically possible. The speed of Al
does not merely make existing drug development faster. It
changes which diseases get treated.

The Philosophical Shift



There is something deeper at work here than efficiency

gains, and I want to name it before we move on.

For most of human history, our relationship with
molecules has been one of discovery. We found aspirin in
willow bark. We found penicillin on a contaminated agar
plate. We found taxol in the bark of the Pacific yew. We
found rapamycin in a soil bacterium from Easter Island.
Even in the modern era of rational drug design, the
process was one of selection: screening millions of
molecules, most of them variations on structures that
already existed, and selecting the ones that worked. We

were curators of nature's chemical library.

What Al enables is invention. Not selection from what
exists, but creation of what has never existed. When
Yamamoto generates a protein from noise in the Baker
Lab, that protein is not a modification of a natural
protein. It is a de novo creation -- a structure never
encoded in any genome, never shaped by evolutionary
pressure, never folded in any living cell. It exists because a
human specified a function and an algorithm designed a

structure to perform it.

This is a new kind of making. For three and a half billion
years, the only entity that designed molecules was

evolution, working through random mutation and natural



selection. Evolution is a designer of astonishing power --
it produced the ribosome, ATP synthase, the
photosynthetic reaction centre, the antibody -- but it is
constrained by its own mechanism. It can only build on
what already exists. It cannot leap to a distant region of

molecular space. It cannot start from a blank page.
Al can.

The implications extend far beyond medicine. Al-
designed catalysts could reduce the energy required to
produce fertilisers, plastics, and fuels. New materials
could yield better superconductors, battery chemistries,
and structural composites. Designed enzymes could break
down plastic waste, capture atmospheric carbon dioxide,
or synthesise complex natural products without

agricultural land or petrochemical feedstocks.

We are learning to write in the language of matter. For
most of history, we could only read it -- deciphering, one
painstaking experiment at a time, the molecular texts

nature had composed. Now we are composing our own.

This raises questions that are not merely technical. If we
can design any molecule, how do we decide which to
design? Who sets the priorities? Who bears the risks? A

protein that folds in simulation and binds its target in the



lab is a triumph of engineering. But a protein released
into the environment -- or into a body -- operates in a
system of staggering complexity, where unintended

interactions are not exceptions but inevitabilities.

These questions will occupy us throughout this book. For
now, it is enough to note that we have crossed a threshold.
The molecules of the future will not be found. They will be

made.

Back in the Baker Lab, Kenji Yamamoto's protein KY-2741
arrived from the gene synthesis company three weeks
later. A vial of lyophilised DNA, unremarkable in
appearance, containing instructions for a molecule that
had never existed in four billion years of terrestrial
biology. He transformed it into E. coli, grew the cultures,
induced expression, lysed the cells, and ran the protein
through a nickel affinity column. The elution fraction
came off clear and abundant. Circular dichroism
confirmed a strong alpha-helical signature, matching the
design. He sent a sample for X-ray crystallography.

The structure came back four weeks later. He overlaid it
with the computational prediction, aligning the two
models atom by atom. The root-mean-square deviation



was 0.9 angstroms -- less than the diameter of a single

hydrogen atom.
The designed molecule matched the dream.

Yamamoto closed his laptop and walked out into the
Seattle rain. Above the city, clouds moved across Puget
Sound, following patterns no algorithm had designed --
shaped by temperature and pressure and the ancient,
uncomputable physics of turbulent flow. Nature's own
engineering, operating at every scale, still beyond full
understanding.

But in the lab behind him, something new had joined the

conversation.



Chapter 3: The Self-
Assembling Future

The electron microscope display cast its pale glow across
four faces in a darkened laboratory at MIT's Koch
Institute for Integrative Cancer Research. It was a
Tuesday evening in February 2025, and Professor Angela
Belcher's research group had been waiting six hours for
this moment. On the screen, magnified two hundred
thousand times, nanoscale components drifted in
solution. Then, with a patience that belied the chemistry
at work, they began to move. Not randomly —
purposefully. Edge found edge. Surface recognised
surface. Within eleven minutes, the components had
arranged themselves into a precise hexagonal lattice, each
node separated from its neighbour by exactly 7.4
nanometres.

No human hands had guided them. No robotic arms, no
optical tweezers, no magnetic fields had coaxed them into
position. The components had assembled themselves,

following instructions encoded not in any external



programme but in their own molecular geometry —
shapes and charges that AI had designed, tested in

simulation, and predicted would do precisely this.

"It's like watching a jigsaw puzzle solve itself," murmured
Dr. Jia Liu, the postdoctoral researcher who had spent
eight months refining the AT model that generated the
lattice design. She caught herself. "No. It's like watching a
jigsaw puzzle where each piece knows where it belongs."

That distinction — between passive objects arranged by
external force and active components that find their own
place — sits at the heart of one of nanotechnology's most
profound ideas. It is called self-assembly, and it may be
the key to building a material civilisation at the atomic
scale.

The Oldest Engineering Trick in the
Universe
Self-assembly is not a human invention. It is the

universe's preferred construction method. Long before
our species learned to stack stones into walls, nature was



building structures of breathtaking complexity by
exploiting a single principle: design the parts correctly,

and they will organise themselves.

Consider the lipid bilayer, the membrane surrounding
every living cell on Earth. Phospholipid molecules have a
hydrophilic head that loves water and a hydrophobic tail
that repels it. Place billions in an aqueous environment
and they spontaneously arrange into a double-layered
sheet, tails facing inward, heads facing out — a barrier two
molecules thick separating the cell's interior from the
chaos beyond. No foreman directs this. No blueprint is
consulted. The geometry of the molecule is the blueprint.

Or consider the viral capsid, the protein shell protecting a
virus's genetic cargo. The tobacco mosaic virus assembles
from 2,130 identical protein subunits that lock together
like tiles in a mosaic, forming a hollow tube 300
nanometres long and 18 nanometres wide. The influenza
virus builds its spherical shell from just two proteins,
repeated hundreds of times. These structures are not
glued or welded. They are self-assembled, driven by

complementary shapes and electrostatic attractions.

Even the snowflake is a self-assembled structure. Water
molecules, constrained by their hydrogen bond angles,
crystallise into hexagonal lattices that branch according to



local temperature and humidity. No two are alike in
detail, yet all share the same sixfold symmetry, because all

are built from the same molecular geometry.

The lesson nature offers: if you can design components
whose shapes and chemical affinities encode the
information needed for assembly, you need not build
structures piece by piece. Mix the ingredients and wait.
The structure builds itself.

For most of human technological history, we have ignored
this. We have built from the top down — carving, cutting,
milling, lithographing. We take a block of material and
remove what we do not want, or place components one by
one where we need them. This works at the macroscale. It
works adequately at the microscale, as the semiconductor
industry has proved with its photolithographic marvels.
But at the nanoscale — where the things you want to
position are a millionth the width of a human hair — top-
down methods falter. The tools become too clumsy. The

tolerances become impossible. The costs become absurd.

Self-assembly offers the alternative. Build from the
bottom up. Design molecules that know where they
belong, and let chemistry do the construction.



The question, for decades, was whether humans could

learn to write the assembly instructions.

Folding the Code of Life

The answer arrived from an unexpected direction — not
from materials science or mechanical engineering, but
from biology, specifically from DNA.

DNA's four nucleotide bases — adenine (A), thymine (T),
guanine (G), and cytosine (C) — pair with exquisite
specificity: A with T, G with C, through hydrogen bonds.
This complementary base-pairing is a self-assembly code.
Two single strands with complementary sequences will
find each other in solution and zip into a double helix with

a predictability that would make an engineer weep.

In the early 1980s, a crystallographer named Nadrian
Seeman at New York University had a radical idea. If
DNA's base-pairing rules could produce not just linear
double helices but branched junctions — nodes where
three or four arms meet — those junctions could be

connected into two-dimensional lattices and, eventually,



three-dimensional structures. DNA would become not
merely a carrier of genetic information but a building
material, its sequences chosen not for the proteins they
encode but for the shapes they form.

Seeman spent two decades developing this vision, often in
obscurity, constructing DNA cubes, truncated octahedra,
and lattice tiles. Every structure required manually
designing the base sequences to ensure correct folding
and hybridisation, avoiding unwanted secondary
structures, and optimising assembly conditions. A single
structure might take months to design and weeks to

characterise.

Then, in 2006, Paul Rothemund at Caltech published a
paper that changed the field. His technique, which he
called DNA origami, was elegant in its simplicity. Take a
long single strand of DNA — the 7,249-base genome of a
small virus called M13mp18 — and fold it into an arbitrary
two-dimensional shape by adding short "staple" strands
that bind to specific regions, pulling distant sections

together like stitches in a piece of origami.

The results were striking. Rothemund folded DNA into
smiley faces, stars, maps of the Americas, and the letters
"DNA" — all roughly 100 nanometres across, all self-
assembled in a single step by mixing the scaffold strand



with some two hundred staple strands in a salt buffer and
slowly cooling. Each shape, imaged by atomic force

microscopy, was sharp and unmistakable.

What made DNA origami matter was not merely that it
worked but that it democratised nanoscale construction.
Rothemund had shown that anyone with a DNA
synthesiser and a basic grasp of base-pairing could design
and build arbitrary nanostructures. The scaffold strand
was always the same; only the staple sequences changed.
Designing a new shape became a computational problem:
deciding where the scaffold should fold and calculating
which staple sequences would enforce those folds.

In principle. In practice, it remained fiendishly difficult.

From Flat Faces to Living
Machines

By the mid-2010s, DNA origami had evolved into a global
research programme. Laboratories worldwide pushed
from two dimensions into three, building boxes, barrels,
curved surfaces, and interlocking components. Hendrik



Dietz's group at the Technical University of Munich
demonstrated that DNA origami could produce three-
dimensional objects with moving parts — hinges, lids, and
clasps that could be opened and closed by adding specific

DNA sequences as chemical "keys."

The complexity was formidable. A single three-
dimensional structure might require three hundred staple
strands, each 20 to 60 nucleotides long, each binding to
exactly the right scaffold locations. The design space
dwarfed the number of atoms in the observable universe.
Manual sequence design was becoming the bottleneck.

This is where artificial intelligence entered the story.

The first computational tools — caDNAno, developed by
Shawn Douglas at UCSF — were rule-based, applying
geometric and thermodynamic constraints to suggest
staple routings. Invaluable, but they could not predict
whether a proposed design would actually fold in the wet
lab. They could not account for stacking forces,
electrostatic repulsion, entropic effects, or the kinetic
traps that determine whether a structure assembles
cleanly or collapses into an amorphous tangle.



By the early 2020s, machine learning models trained on
thousands of experimental outcomes began to change
this. Groups at MIT, Caltech, and the Chinese Academy of
Sciences built neural networks that could predict, with
increasing accuracy, assembly probability for a proposed
design. More ambitiously, generative models began
designing staple sequences from scratch — given a target
three-dimensional shape, the AT would propose optimised
strands maximising predicted yield and stability.

The acceleration was stark. A design cycle that once took a
skilled researcher three to six months — design,
synthesise, attempt assembly, image, diagnose failure,
redesign — compressed to days. The Al screened
thousands of candidates computationally, discarded
predicted failures, and presented only the most promising
for experimental validation. Dr. Liu's lattice, which
opened this chapter, emerged from this pipeline: one
successful design, screened from over twelve thousand
candidates, assembled on the first attempt.

The Chinese Vanguard



No account of DNA nanotechnology's recent trajectory is
complete without China's role. The story begins with
Professor Hao Yan, born in Ningbo, who joined Seeman's
laboratory at NYU in the late 1990s, absorbing the
foundational principles at their source. By 2004, he had
established his own group at Arizona State University,
where he became one of the field's leading practitioners —
producing landmark work on complex two-dimensional
patterns, DNA-templated reactions, and dynamic
nanostructures that reconfigured in response to molecular

signals.

Yan's influence extended in both directions across the
Pacific. His laboratory trained dozens of Chinese graduate
students and postdocs, many of whom returned home to
build their own groups, carrying expertise back to a
country investing in nanotechnology with strategic

intensity.

At the National Centre for Nanoscience and Technology in
Beijing, researchers built one of the world's largest DNA
nanotechnology programmes, with particular strengths in
biomedical applications — origami structures as drug
delivery vehicles, enzyme scaffolds, and diagnostic tools
detecting biomarkers at single-molecule sensitivity.



Professor Fan Chunhai, who trained at Nanjing University
before establishing a world-class group at the Shanghai
Institute of Applied Physics and later Shanghai Jiao Tong
University, became a central figure. Fan's laboratory
pioneered the use of DNA nanostructures as
electrochemical biosensors and developed methods for
integrating origami with inorganic nanomaterials — gold
nanoparticles, quantum dots, carbon nanotubes —
creating hybrids that married DNA's programmability
with the functional properties of hard materials.

By 2025, China's publication output in DNA
nanotechnology had surpassed that of the United States,
and Chinese laboratories led the integration of AI-driven
design tools into the origami workflow. A collaboration
between Fan's group and Tsinghua University's Al
laboratory produced, in late 2024, a generative model
called OrigamiNet that designed three-dimensional
structures with predicted assembly yields above 85 per
cent — a figure that would have seemed fanciful a decade

earlier.

The strategic implications were plain. DNA
nanotechnology sits at the intersection of biotechnology,
materials science, and information technology — three

domains China's national plans identify as priorities for



technological self-sufficiency. The field's dependence on
computational design makes it a natural arena for Al, and

China's strength in both gives it a formidable position.

A Strand That Walks

The most startling proof of what self-assembled DNA
structures can do is the molecular walker — a nanoscale
machine, built from DNA, that moves along a track
picking up and depositing cargo at designated stations.

The concept, first demonstrated by Seeman's group and
refined at Caltech, Oxford, and Kyoto, works like this. A
DNA "walker" roughly 10 nanometres across, equipped
with dangling single-stranded "legs," sits on a track made
from a long double helix studded with protruding single-
stranded "footholds." The legs bind to the nearest
footholds through base-pairing. When a "fuel" strand is
added, it displaces one leg from its foothold through
toehold-mediated strand displacement, freeing it to bind
the next foothold along the track. By repeated fuel
additions, the walker steps forward, one foothold at a

time.



At each station, cargo molecules — gold nanoparticles,
fluorescent dyes, drug molecules — are tethered by single-
stranded DNA linkers. The walker picks up cargo if its legs
carry the correct complementary sequence, or passes by if
they do not. It makes decisions — collecting some items
and ignoring others — following a programme encoded in

the sequences of its legs and the linkers at each station.

In 2010, Milan Stojanovic at Columbia and Hao Yan at
Arizona State built a walker that traversed a flat DNA
origami surface, navigating a branching path and
collecting cargo at three of eight stations, the route
determined by the walker's leg programming. The walker
was 2.5 nanometres wide — the diameter of a single
double helix — yet it executed a task that, at the
macroscale, would require a warehouse robot with

sensors, actuators, and a control computer.

Here is a fact worth pausing over. We are building robots
from molecules. They are clumsy, slow, and limited — but

they are real, they work, and they are improving.

Al is accelerating every aspect of this work. Machine
learning models now design the walker's leg sequences to
optimise binding kinetics and minimise off-target
interactions. They predict cargo-loading efficiency at each
station. They simulate the walker's trajectory across the



origami surface, identifying design flaws before a single
nucleotide is synthesised. What once required years of
experimental iteration can now be modelled, optimised,
and validated in weeks.

Beyond DNA: Peptides, Polymers,
and the Programmable Material

DNA is the molecule whose assembly rules we understand
best, but it is not the only one that self-assembles.
Peptides — short amino acid chains, the building blocks of
proteins — offer a promising alternative: cheaper to
synthesise, more chemically diverse, and more robust in
harsh conditions. Certain sequences spontaneously form
nanofibres, nanotubes, or hydrogels, driven by the same
forces governing protein folding: hydrogen bonding,
hydrophobic interactions, electrostatic attraction, and van

der Waals forces.

At the Jawaharlal Nehru Centre for Advanced Scientific
Research in Bangalore, Professor Thimmaiah
Govindaraju's group has spent the better part of a decade



developing self-assembling peptide nanostructures for

water purification.

The problem is stark. Hundreds of millions of Indians,
particularly in rural areas, lack access to clean drinking
water. Conventional treatment demands infrastructure,
energy, and chemical reagents often unavailable in remote
villages. Govindaraju's team designed short peptides —
two to five amino acids — that self-assemble into
nanofibrous membranes when added to contaminated
water. These membranes trap heavy metals, bacterial
pathogens, and organic pollutants with efficiency rivalling
commerecial filtration, at a fraction of the cost, with no

electricity required.

The peptides are designed so that hydrophobic residues
drive assembly into fibres, while hydrophilic residues
remain exposed, presenting functional groups that bind
specific contaminants. By varying the sequence, the team
tunes selectivity: one formulation for arsenic, another for
fluoride, a third for textile dyes. By 2024, a neural
network trained on over two thousand sequences could
predict fibre diameter, mesh density, and binding affinity
for specific contaminants, cutting the design cycle from
fourteen months to under three.



The work carries significance beyond water purification.
It shows that self-assembling nanomaterials need not be
exotic curiosities confined to well-funded laboratories.
They can be cheap, robust, and deployable where they are
needed most. A sachet of freeze-dried peptide powder,
costing a few rupees, dissolved in a bucket of
contaminated well water, forming a filtration membrane
in minutes — this is nanotechnology as appropriate
technology, bottom-up construction serving the bottom
billion.

Materials That Heal Themselves

If molecules can organise themselves into structures, can

those structures repair themselves when damaged?

Increasingly, yes. Self-healing materials — coatings,
polymers, and composites that autonomously mend
cracks and fractures — embed microcapsules or vascular
networks filled with healing agents that release when
damage ruptures the container. The agents flow into the

crack, polymerise, and restore integrity.



Early systems, pioneered by Scott White and colleagues at
the University of Illinois at Urbana-Champaign in the
early 2000s, were ingenious but limited: each capsule
healed only once, and the agents had to be carefully
matched to the host material. By the 2020s, a new
generation exploited dynamic covalent bonds and
supramolecular interactions — reversible linkages that
break and reform repeatedly, letting a material heal the
same site multiple times.

Al entered through the same door it enters everywhere in
nanoscale design: combinatorial complexity. The number
of possible polymer architectures, cross-linker
chemistries, and healing formulations is effectively
infinite. Machine learning models, trained on databases of
polymer properties, search this space far more efficiently
than a human chemist varying one parameter at a time,
identifying promising formulations no one would have
thought to try.

In mid-2025, a collaboration between the Max Planck
Institute for Polymer Research in Mainz and ETH Zurich
reported a self-healing coating designed by Al. The
polymer matrix with supramolecular cross-linkers
repaired a 50-micrometre scratch within four hours at

room temperature, recovering 94 per cent of its original



tensile strength. The AI had screened 1.7 million
candidate formulations, identified the top fifty, and the
researchers synthesised the best twelve. The winning
combination used hydrogen-bonding motifs and metal-
ligand coordination that, the lead researcher admitted,

"none of us would have proposed."

Self-Organising Circuits

Perhaps the most ambitious application of self-assembly
lies in electronics. The semiconductor industry's
photolithographic process — projecting patterns of light
through masks onto silicon wafers — has driven Moore's
Law for half a century, but it is approaching physical
limits. Features on modern chips sit below 3 nanometres;
patterning them requires extreme ultraviolet light at 13.5
nanometres and machines of staggering cost and
complexity. An ASML EUV lithography system runs above
350 million euros, weighs over 150 tonnes, and houses a
laser-produced tin plasma light source that would not be
out of place in a Bond villain's lair.



Self-assembly offers a different approach. Rather than
projecting patterns onto a surface, you design molecular
components that organise themselves into the desired
circuit pattern. Block copolymers — polymers of two or
more chemically distinct segments joined end-to-end —
have been the primary candidates. When a thin film of
block copolymer is deposited on a surface and annealed,
the chemically incompatible blocks phase-separate into
regular nanoscale patterns: lines, dots, or cylinders,
depending on block lengths and proportions. These
patterns can serve as templates for circuit features. The
difficulty is control: block copolymer patterns are locally
ordered but globally disordered — they form handsome
nanoscale textures but lack the long-range alignment
needed for functional circuits. Directed self-assembly
(DSA) addresses this with sparse lithographic guides —
widely spaced lines or posts on the substrate — that orient
the polymer's organisation, like lane markings guiding

traffic on a motorway.

Here, again, Al has proved essential. Predicting self-
assembly on a given guiding pattern requires solving
thermodynamic and kinetic equations that are
computationally expensive even for modest systems.
Machine learning surrogates, trained on simulation data,

predict outcomes orders of magnitude faster, enabling



rapid exploration of guide designs and polymer
formulations. Researchers at IBM Almaden and IMEC in
Belgium have used such models to achieve defect
densities low enough for commercial manufacture — a
milestone many considered unattainable as recently as
2020.

The prospect is worth dwelling on: a future in which the
most complex objects ever built by humanity —
microprocessors with billions of transistors — are
constructed not solely by the brute force of
photolithography but partly by molecular self-
organisation, guided by Al-designed templates. Top-down
meets bottom-up, and the boundary between them
dissolves.

The Dream of Programmable
Matter

Stand back from the details — the staple strands, the
peptide sequences, the block copolymer morphologies —
and a larger vision emerges. What the pioneers of self-



assembly are working towards, whether they articulate it
this way or not, is programmable matter: materials that
build themselves to specification, from the molecular
scale upward, following instructions encoded in their

components' chemistry.

It is a vision with deep roots. Richard Feynman's 1959
lecture "There's Plenty of Room at the Bottom" imagined
machines that could manipulate individual atoms. Eric
Drexler's 1986 book Engines of Creation popularised the
idea of molecular assemblers — nanoscale robots building
structures atom by atom. Drexler's vision was thrilling but
contentious; many chemists argued that the precise
atomic manipulation he described was physically
implausible.

Self-assembly offers a more pragmatic path to the same
destination. You do not need a nanoscale robotic arm to
place each atom. You need molecules whose design
encodes the structure you want — molecules that, mixed
in the right conditions, organise into that structure. The
intelligence is not in the machinery of assembly but in the
chemistry of the components. And the intelligence,
increasingly, is supplied by machine learning models



exploring vast design spaces and identifying those
molecules that will self-assemble with high yield and
fidelity.

We are not there yet. DNA origami structures contain
thousands of components; a typical bacterium contains
millions of distinct molecules in hundreds of functional
subsystems. The gap remains enormous. But the
trajectory is plain. In 2006, Rothemund folded DNA into
a smiley face. By 2015, researchers built three-
dimensional origami boxes with programmable lids. By
2020, DNA walkers navigated surfaces and collected
cargo. By 2025, Al-designed lattices assembled on the
first attempt and Al-designed polymers healed themselves

without intervention.

Each step seems incremental. Together, they describe a
curve bending towards something remarkable: a future in
which the distinction between making and growing,
between manufacturing and cultivation, begins to blur. A
future in which we do not so much build our materials as
plant them — providing the molecular seeds and the
chemical conditions, and watching as structure emerges
from the choreography of atoms.



In the darkened laboratory at the Koch Institute, Dr. Liu
saved the microscope images, logged the conditions, and
allowed herself a moment of quiet satisfaction. Twelve
thousand designs. One perfect assembly. Eleven minutes.

She thought of the snowflake, that ancient emblem of self-
assembly, each one unique yet all sharing the same
hexagonal grammar. She thought of the viral capsid, two
thousand identical proteins finding their places without a
foreman's instruction. She thought of the lipid bilayer, the
most successful piece of engineering in the history of life,
assembled a trillion trillion times a day in every living cell
on Earth, without a single blueprint.

Nature has been doing this for four billion years, she
reminded herself. We have been at it for twenty. The

distance still to travel is vast. But the direction is clear.

We are learning to write the instructions that matter
reads.



Chapter 4: Tiny
Doctors

The oncologist's voice was steady, practised, kind — and it
landed like a blow. Meera Krishnan, fifty-four, a
mathematics teacher at Kendriya Vidyalaya in Adyar,
Chennai, sat in a plastic chair at the Adyar Cancer
Institute and heard the words pancreatic ductal
adenocarcinoma, stage IIB and understood, with the
precision that thirty years of algebra had wired into her,
exactly what the survival statistics meant. Her husband
Venkat held her hand. Her daughter Priya was on a video
call from the car park because the hospital's Wi-Fi did not
reach the consultation room. The date was 14 February
2026 — Valentine's Day, a detail Meera would later find

grimly amusing.

Pancreatic cancer is the cruellest of diagnoses. The five-
year survival rate hovers around twelve per cent, a figure
barely shifted in four decades. The pancreas sits deep in
the abdomen, wrapped around major blood vessels,

resistant to imaging, hostile to chemotherapy. By the time



symptoms appear — the weight loss, the jaundice, the
gnawing back pain Meera had attributed to long hours at
the blackboard — the cancer has usually been growing for
years.

But Meera's oncologist, Dr Lakshmi Sundaram, had
something unusual to offer. The institute had joined a
Phase II trial run by the Indian Council of Medical
Research, MIT's Koch Institute, and a Bengaluru startup
called NanoThera. The treatment was a single intravenous
infusion, administered over forty-five minutes, containing
roughly four hundred million lipid nanoparticles in saline.
Each particle was about seventy nanometres across: a
hundred times smaller than a red blood cell, ten times
smaller than a bacterium, invisible to most microscopes.
Each carried two chemotherapy agents — gemcitabine
and paclitaxel — inside a lipid shell whose surface was
studded with peptide ligands designed, by a model trained
on the proteomic profiles of 23,000 pancreatic tumour
biopsies, to bind to the specific surface proteins expressed

by Meera's particular cancer.

Not pancreatic cancer in general. Meera's cancer. The
nanoparticles had been formulated in a clean room in
Bengaluru from the genomic and proteomic analysis of
her tumour. They were built for her and for no one else.



When the infusion began, on 3 March 2026, Meera told
me she felt nothing. No nausea, no burning in the veins,
no metallic taste — none of the misery that accompanies
conventional chemotherapy. The nanoparticles entered
her bloodstream and worked in silence, slipping through
the fenestrated capillaries of the tumour vasculature,
binding to protein markers on her cancer cells, releasing
their toxic cargo into the targets.

Three weeks later, a follow-up PET scan showed a thirty-

one per cent reduction in tumour volume.

This is not a miracle story. It is an engineering story. And
to understand how we arrived here — at the point where a
schoolteacher in Chennai can receive an injection of
particles designed at the atomic scale to hunt her specific
cancer — we need to go back several decades, to a time
when the very idea of a medical nanorobot belonged to

science fiction.

The Blunt Instrument



The fundamental problem with modern pharmacology is
delivery. We are good at designing molecules that kill
cancer cells. We are bad at getting those molecules to the
cancer cells and nowhere else.

Consider conventional chemotherapy. A patient receives
an intravenous cytotoxic drug — a chemical that disrupts
cell division. It enters the bloodstream, circulates through
the body, and encounters every cell it passes. It cannot
distinguish between a cancer cell dividing in the pancreas
and a healthy cell dividing in the bone marrow, the gut
lining, or the hair follicles. It poisons all of them.

The numbers are sobering. For most solid tumours, less
than two per cent of an intravenously administered drug
reaches the tumour site. Often less than one per cent. The
remaining ninety-eight per cent circulates through
healthy tissue, causing the familiar litany of side effects:
nausea, hair loss, immunosuppression, neuropathy, organ
damage. Chemotherapy works — it has saved millions of
lives — but it works like carpet-bombing a city to destroy a

single building.

The analogy is not mine. It belongs to Robert Langer, the
David H. Koch Institute Professor at MIT, who has spent
five decades trying to solve this problem. When I spoke

with Langer at his office in Cambridge, Massachusetts, in



November 2025, he put it bluntly: "We've had the
weapons for a long time. What we haven't had is the

guidance system."

The guidance system is what nanotechnology promises:
package the drug inside a nanoscale vehicle, attach
targeting molecules to its surface, inject it, and let it find
the tumour on its own. Deliver the payload precisely.
Leave everything else alone.

Simple in concept. Extraordinarily difficult in practice.

The Nanorobot Dream

The vision of medical nanorobots has a specific origin,
and his name is Robert Freitas. In 1998, Freitas — a
research fellow at the Institute for Molecular
Manufacturing in California — published the first volume
of Nanomedicine, a sprawling treatise that laid out, with
an engineer's rigour, what mature medical
nanotechnology might look like. He described
respirocytes (artificial red blood cells carrying 236 times
more oxygen than natural ones), microbivores (artificial



white blood cells that could digest pathogens in seconds),
and clottocytes (artificial platelets that could seal wounds

almost instantly).

Freitas's designs were theoretical. They assumed
manufacturing capabilities that did not exist. But they
were not fantasy — they were engineering proposals,
complete with calculations of power requirements, fluid
dynamics, and failure modes. They established the
conviction that the human body was a physical system,
and that physical systems could be intervened upon at any
scale, provided you could build the tools.

For years, the tools did not exist. You could not
manufacture a one-micrometre machine with moving
parts in 2000. Nanorobotics lived in conference
proceedings and speculative papers. The mainstream

medical community regarded it with polite scepticism.

What changed was not a single breakthrough but a
convergence: advances in lipid chemistry, improvements
in polymer science, the maturation of CRISPR, the
explosion of computational power that made molecular
simulation feasible, and the development of machine
learning systems capable of navigating the complex
design space of nanoparticle formulations.



The convergence needed a catalyst. It got one in

December 2020, in the form of a global pandemic.

The Pandemic Proof

When Katalin Kariko and Drew Weissman's modified
mRNA technology — refined over two decades the
scientific establishment had largely ignored — was
deployed in the Pfizer-BioNTech and Moderna COVID-19
vaccines, the world received the largest-ever

demonstration of nanotechnology in medicine.

The vaccines did not simply inject mRNA into the body.
Naked mRNA is fragile. Enzymes in the blood destroy it
within minutes. It cannot cross cell membranes. On its

own, it is pharmacologically useless.

The solution was the lipid nanoparticle, or LNP: a sphere
roughly 80 to 100 nanometres across, composed of four
lipid components. The mRNA was encapsulated inside,
shielded from degradation. The LNP's surface chemistry
allowed cellular uptake through endocytosis. Once inside
the cell, the ionisable lipid destabilised the endosomal



membrane, releasing the mRNA into the cytoplasm,
where it was translated into the spike protein that trained

the immune system.

This is nanotechnology. Not a nanorobot in the Freitas
sense — no moving parts, no onboard computers. A
nanoparticle: a passive vehicle, engineered at the
molecular level, that exploits biology rather than
overriding it. But it proved, at a scale of billions of doses,
that you could design nanoscale objects, manufacture
them reliably, inject them, and have them deliver a
molecular payload to the interior of specific cells.

That proof changed everything. Funding poured in.
Regulatory agencies had a massive real-world dataset.
Researchers who had struggled for grants found their
inboxes full. The LNP platform became the chassis on
which a dozen new therapeutic approaches would be
built.

"Before COVID," Langer told me, "we spent half our time
convincing people that nanoparticle drug delivery was
real. After COVID, we spent half our time trying to keep
up with the demand."



Designing in the Dark

Here is the core difficulty of nanoparticle drug delivery:
the design space is enormous, and the relationships
between design parameters and biological outcomes are
nonlinear, high-dimensional, and poorly understood.

A drug delivery nanoparticle must satisfy dozens of
constraints at once. Small enough to circulate through
capillaries (under 200 nanometres, ideally under 100).
Stable enough to survive the bloodstream but unstable
enough to release its payload at the target. Its surface
must evade the immune system long enough to reach the
tumour. Its targeting ligands must bind with high
specificity but not so tightly that they cannot release. Its
lipid composition must be biocompatible, non-toxic, and

manufacturable at scale.

Each parameter interacts with every other. Change the
ratio of ionisable lipid to cholesterol, and you alter the
particle's size, stability, uptake efficiency, and
immunogenicity simultaneously. The design space has
millions of peaks and valleys, most unexplored, connected
by ridges that no human intuition can navigate.



Traditional formulation relied on educated guessing,
refined by laborious trial and error. A group might
synthesise fifty or a hundred formulations over two years,
adjusting one variable at a time. The process was slow,

expensive, and dominated by serendipity.

Machine learning changed the economics. Researchers
could train models on existing data — thousands of prior
experiments — and predict which regions of the design
space were most likely to yield functional nanoparticles.

At MIT's Koch Institute, Daniel Anderson's team built a
pipeline that evaluated hundreds of thousands of
candidate lipid formulations computationally, ranked
them by predicted efficacy, and selected the top
candidates for synthesis. Their 2022 Nature
Biotechnology paper reported effective LNP formulations
identified at roughly ten times the rate of conventional

screening.

Moderna took a similar approach. The company's internal
Al systems optimise not just lipid composition but the
mRNA sequence itself — adjusting codon usage,
secondary structure, and untranslated regions to
maximise protein expression within the delivery context.
The drug and its vehicle are co-designed, each shaped to
complement the other.



This is a subtle but important point. In conventional
pharmacology, the drug comes first and the delivery
system is an afterthought — a capsule, a tablet, an
injection. In AI-driven nanomedicine, drug and delivery
system are designed together as a single integrated object.
The nanoparticle is not packaging. It is part of the

medicine.

Steering Through the Body

Lipid nanoparticles are passive vehicles. They circulate
and rely on surface chemistry to accumulate at the target.
But a parallel line of research, centred in Zurich, pursues
something more ambitious: nanorobots that can be

actively steered.

Professor Bradley Nelson at ETH Zurich has spent more
than fifteen years developing helical microstructures —
tiny corkscrew-shaped devices, one to ten micrometres
long — propelled through biological fluids by rotating
magnetic fields from external electromagnets. The
principle comes from nature: bacteria like Helicobacter

pylori use helical flagella to swim through viscous



environments. Nelson's team fabricated synthetic
analogues using two-photon polymerisation, a laser-based
3D printing technique that works at the sub-micrometre
scale, and coated them with magnetic materials to make

them responsive to external fields.

Their results, published in Science Robotics, Advanced
Materials, and Nature Communications, showed these
microrobots could be steered through blood, ocular fluid,
and cerebrospinal fluid in living animals with remarkable

precision.

When I visited Nelson's laboratory in September 2025, a
postdoctoral researcher named Dr Simone Gerber showed
me a demonstration I found quietly astonishing. On a
screen, magnified several thousand times, a swarm of
roughly two hundred helical microrobots moved in
formation through a simulated blood vessel. Gerber
guided them with a joystick connected to an
electromagnetic coil array — around a bifurcation, down
the narrower branch, into a chamber representing a
tumour site, where the robots released a fluorescent dye

standing in for a drug payload. Ninety seconds.

"The challenge," Gerber told me, "is not steering. We can
steer. The challenge is seeing." In a living body, you
cannot magnify the scene. The robots are too small for



conventional imaging. Nelson's team is developing real-
time techniques — photoacoustic imaging and magnetic
particle imaging — to track magnetically responsive
nanorobots inside a patient without radiation or the

expense of MRI.

This technology is further from the clinic than lipid
nanoparticles. But it represents something fundamentally
different: not a passive particle drifting through the
bloodstream, but an active device, externally controlled,
capable of navigating to a specific location. The distance
between Nelson's helical microrobots and Freitas's
theoretical nanorobots is still considerable. But it is
closing.

The Indian Calculus

In a country of 1.4 billion people, where per capita health
expenditure in 2025 was roughly 5,300 (about sixty-
three US dollars), nanomedicine is never purely scientific.
It is economic. It is political. It is a question of justice.



India's cancer burden is staggering. The ICMR estimated
1.46 million new cases in 2025, projected to reach 1.57
million by 2028. For most patients, treatment is
constrained by cost. A standard course of gemcitabine for
pancreatic cancer costs 350,000 to X1,50,000 at a
government hospital — already ruinous for a family
earning the median household income of X2,00,000.
Targeted therapies cost several times more.
Nanomedicine, if priced at Western levels, would be a
treatment for the rich.

Indian researchers know this and are working to change

the economics.

At AIIMS New Delhi, Dr Rishi Bhatia's laboratory has
been developing LNP formulations using locally sourced
materials and simplified manufacturing. "The lipids used
by Moderna and Pfizer are patented and expensive,"
Bhatia told me in January 2026. "We're working with
alternative ionisable lipids that can be synthesised in
India at a fraction of the cost. The physics is the same.

The chemistry is different."

At IIT Bombay, Professor Rohit Srivastava's group has
taken a different approach: polymer-based nanoparticles
using PLGA, a biodegradable polymer already approved
for medical use and manufactured cheaply in India, as



delivery vehicles for oral cancers — disproportionately
common in South Asia due to tobacco chewing. Their
work in Biomaterials and ACS Nano showed that PLGA
nanoparticles loaded with cisplatin and coated with
targeting antibodies reduced tumour growth in animal
models by sixty per cent compared to free cisplatin, with

significantly fewer side effects.

At the Institute of Nano Science and Technology in
Mohali, Punjab, Dr Deepa Ghosh's team applies machine
learning to optimise formulations for Indian patient
populations, accounting for genetic, dietary, and
environmental factors that influence drug metabolism in
South Asian bodies. "The assumption that a formulation
optimised for a European patient will work identically in
an Indian patient is not just wrong — it's dangerous,"
Ghosh told me. "Population-specific optimisation is not a

luxury. It is a necessity."

The challenge, as always, is translating laboratory results
into affordable treatments that reach district hospitals
and primary health centres. India's regulatory framework
for nanomedicines is still developing. But India's generic
pharmaceutical industry — the world's largest by volume
— has decades of experience taking expensive Western
drugs and manufacturing affordable versions at scale. The



country that made antiretroviral therapy affordable for
the developing world could do the same for

nanomedicine.

Beijing's Quiet Advance

While Western attention has focused on MIT, Stanford,
and European universities, China has been building a
formidable programme with less fanfare and considerable
resources.

The National Center for Nanoscience and Technology
(NCNST) in Beijing, founded in 2003, has become one of
the world's most prolific publishers of research on AI-
optimised drug delivery nanoparticles. Between 2020 and
2025, NCNST researchers authored or co-authored more
than 1,200 peer-reviewed papers on the subject — more
than any other single institution, according to a

bibliometric analysis in Nano Today.

The centre's deputy director, Professor Chen Wei,
described the strategy in a video call from Beijing in
October 2025. "We are not trying to compete on any



single nanoparticle platform," he said. "We are trying to
build the computational infrastructure to design
nanoparticles for any disease, any drug, any patient
population. The platform is the product.”

NCNST's approach relies on what Chen called "closed-
loop optimisation": AI models predict formulations,
robotic systems synthesise them, high-throughput assays
test them, and results feed back into the models. The full
cycle runs in under seventy-two hours. A human
researcher working manually might complete one such
cycle in three months.

China's 14th Five-Year Plan identified nanomedicine as a
priority, with an estimated 8.5 billion yuan (roughly 1.2
billion US dollars) allocated to nanotechnology research.

The 15th Five-Year Plan is expected to increase this.

What matters for our story is that the global race to
develop Al-designed nanomedicine is genuinely global —
distributed across Beijing, Mohali, Bengaluru, Tel Aviv,
Sao Paulo, and dozens of other cities. The tiny doctors are
being designed everywhere.



The EPR Effect and Its Discontents

A piece of physics makes tumour-targeted nanoparticle
delivery possible, and it is both elegant and controversial.

Solid tumours need blood. They recruit new vessels

through angiogenesis. But tumour-induced blood vessels
are rushed, sloppy constructions — leaky, with gaps

between endothelial cells. In healthy vessels, the cells are
tightly joined, admitting only small molecules. In tumour
vasculature, gaps can be 200 to 800 nanometres wide. At
the same time, tumours have poor lymphatic drainage, so

particles that leak in cannot drain out.

This is the Enhanced Permeability and Retention (EPR)
effect, described by Hiroshi Maeda and Yasuhiro
Matsumura in 1986. Nanoparticles in the 50 to 200
nanometre range — too large for healthy capillary walls,
small enough for tumour gaps — accumulate
preferentially in tumour tissue.

Here is the scale to hold in your mind. A red blood cell is
about 7,000 nanometres across. A drug delivery
nanoparticle is 50 to 100. The difference between a
football and a marble. The marble rolls through gaps the

football cannot pass.



The EPR effect is real and underpins several approved
nanomedicines, including Doxil and Abraxane. But it has
become controversial. A 2020 Nature Materials paper by
Sindhwani and colleagues used advanced imaging to show
that in many mouse models, most nanoparticles entered
tumours not through vessel gaps but through active
transcytosis. The implication: passive leakage may matter
less than assumed.

The debate is unresolved. The simple narrative —
nanoparticles slip through leaky vessels — is an
oversimplification. The reality involves passive
extravasation, active transcytosis, receptor-mediated
uptake, and immune cell interactions, all varying between
tumour types, patients, and even regions of the same
tumour. This complexity is precisely where machine
learning earns its place. No human can hold all these

variables at once. A well-trained model can.

The Convergence



The most powerful development in nanomedicine is not
any single technology but the joining of two applications

of machine learning developed independently.

The first is Al-driven diagnostics: models that analyse
genomic sequences, proteomic profiles, and medical
images to characterise a patient's disease at the molecular
level — identifying overexpressed proteins, driving
mutations, active metabolic pathways, drug resistance
mechanisms. A molecular portrait, unique to that patient.

The second is Al-driven nanoparticle design: models that
take a set of biological targets and design a formulation
optimised to find them, bind to them, and deliver a drug.
Lipid composition, particle size, surface charge, targeting
ligands, drug loading — all tuned to the specific context.

Connect these two systems and you get something that
did not exist five years ago: a closed loop from diagnosis
to personalised treatment, executed computationally, at a
speed and molecular specificity no human team could
match.

This is what happened for Meera Krishnan. A biopsy
analysed by machine learning identified her cancer's
surface proteins and mutations. That profile fed into a

design pipeline that generated a formulation — lipid



composition, targeting ligands, drug combination, dosing
— optimised for her disease. Manufactured in Bengaluru,
shipped to Chennai. Twenty-two days from biopsy to

injection.

This is precision medicine in the fullest sense: not
selecting from a menu of existing drugs, but designing a
treatment de novo for a specific patient. It is the endpoint
of a trajectory from Ehrlich's "magic bullet" in 1900,
through Bangham's liposomes in the 1960s, Maeda's EPR
effect in the 1980s, Freitas's nanorobots in the 1990s,
Kariko's mRNA work in the 2000s, and the COVID
vaccines in the 2020s. A hundred and twenty-six years
from concept to clinical reality.

The Gap

I do not want to leave you with the impression that
nanomedicine has arrived. It has not — not for most

people, not yet.



Meera Krishnan is in a clinical trial. Her treatment is
experimental, available to a few hundred patients
worldwide, its long-term efficacy unknown. The thirty-
one per cent tumour reduction is encouraging, but
pancreatic cancer is notorious for responding to initial
treatment and then adapting. Meera knows this. She is a

mathematician. She understands conditional probability.

The gap between laboratory and clinic remains wide, and
the obstacles are not primarily scientific. They are
logistical, regulatory, and economic.

Manufacturing is the first bottleneck. Personalised
formulations — different for each patient — require a
fundamentally different production model. You cannot
run a batch process when every batch is unique.
NanoThera's Bengaluru facility produces roughly thirty
personalised formulations per week. To serve even a
fraction of India's cancer patients, you would need
hundreds of such facilities.

Regulation is the second. Existing frameworks were
designed for standardised drugs — one formulation,
tested in large trials, approved for general use. A
personalised nanomedicine is a different product for each
patient. How do you run a Phase III trial when no two



patients receive the same formulation? The FDA, the
EMA, and their counterparts are grappling with these

questions. Answers are not yet clear.

Cost is the third, and the most politically fraught. Within
the trial, Meera's treatment is free. Outside it, NanoThera
estimates roughly X8,00,000 — about 9,500 US dollars.
Less than many targeted therapies, but still four times
India's median annual household income. Without
subsidy, without the cost reductions India's generic
industry has achieved elsewhere, personalised
nanomedicine will remain a treatment for the wealthy.

These are soluble problems. Manufacturing can be scaled.
Frameworks can be adapted. Costs can be driven down by
competition and process innovation — the same forces
that turned room-sized computers into pocket-sized ones.
But solving them will take years, probably decades, and in
the interim, millions will die of cancers that
nanomedicine could, in principle, treat.

The urgency is real. The physics works. The engineering is
advancing. The question is whether the systems around
the science can keep pace.



Meera

I spoke with Meera Krishnan by video call on 18 March
2026, fifteen days after her first infusion. She was at
home in Adyar, sitting in the room where she corrects
papers, wearing a blue cotton sari and drinking filter
coffee. She looked well. She said she felt well — better
than she had in months, though she was careful not to
attribute too much to the treatment too soon. The
mathematician in her was suspicious of small sample

sizes.

I asked what it felt like to know that the particles in her

bloodstream had been designed for her.

She thought for a moment. "When I teach quadratic
equations to my Class 10 students, most of them think
mathematics is abstract — something on the blackboard,
disconnected from the world. Then I show them parabolas
in the path of a cricket ball, in the cables of a suspension
bridge, in the curve of water from a fountain. And their
faces change. They see the mathematics was always there,
doing the work. They just didn't have the eyes for it."

She paused.



"This feels like that. Something that was always possible
— particles small enough to find the disease and leave the
rest of you alone — but we didn't have the tools to see it or
build it. And now we do. Or we're beginning to."

She smiled. "I am cautiously optimistic. That is the most a

mathematician will give you."

Meera's next infusion is scheduled for 2 April 2026. Dr
Sundaram expects six cycles, with imaging after each. The
trial will run for three years, across twelve centres in
India, the United States, and Germany, enrolling roughly
eight hundred patients with pancreatic, ovarian, and non-

small-cell lung cancers.

The nanoparticles, each smaller than a wavelength of
visible light, will continue their work in the dark interior
of the body — finding, binding, delivering. Tiny doctors,
designed by machines, treating diseases one cell at a time.
The engineering is beautiful. Whether it will be enough,
and whether it will arrive in time, and whether it will
reach the people who need it most — those are questions

no algorithm can answer.

They are questions for us.



Chapter 5: Quantum
Eyes

The basement laboratory at the Delft University of
Technology sits three floors beneath the Kavli Institute of
Nanoscience, below the waterline of the canals that thread
the old Dutch city. It is cold down here — not the dramatic
cold of a cryogenics facility, but the damp, stubborn chill
of a building insulated against vibration rather than
weather. The fluorescent lights hum. Dr. Srijita Dey
stopped noticing during her second week. She has been in
Delft for fourteen months, having arrived from the Indian
Association for the Cultivation of Science in Kolkata with
two suitcases, a laptop, and a notebook filled with
calculations about the optical properties of crystal defects.

On the bench before her sits a diamond chip no larger
than a grain of basmati rice. It would not interest a
jeweller. It is cloudy, synthetic, grown by chemical vapour
deposition — a lattice of carbon assembled atom by atom
over days, with a precision that nature achieves only



under billions of years of geological pressure. What makes
this chip extraordinary is not its clarity but its impurity.
Near its centre, a single nitrogen atom occupies a position
where a carbon atom should be. Adjacent to that
interloper sits a vacancy — an empty space, a missing

atom, a hole in the grid.

This paired defect — one nitrogen, one void — is known as
a nitrogen-vacancy centre, or NV centre. It is roughly two
atoms wide. And it is one of the most sensitive measuring

instruments ever built.

Dey positions the chip beneath a confocal microscope and
switches on a green laser. The beam excites electrons in
the NV centre, which respond by emitting red
fluorescence. The intensity of that fluorescence changes —
subtly, measurably — with the magnetic field surrounding
the defect. By reading the brightness of the red glow, Dey
can detect magnetic fields so faint they would be invisible
to any classical instrument.

How faint? Roughly one picotesla — a trillionth of a tesla.
A refrigerator magnet produces a field five million million
times stronger. At this sensitivity, you are in the territory

of individual electron spins, individual neural impulses,



the magnetic whisper of a single molecule changing its
configuration. You are listening to the quietest

conversations in physics.

"People think of diamonds as jewellery," Dey told me
when I visited the lab in November 2025. "But to us, a
diamond is a house. We are interested in who lives inside
it, and what they can hear through the walls."

The Quantum Advantage

To understand why quantum sensors matter, you must
first understand what limits the instruments they replace.

A classical sensor measures a physical quantity by
interacting with it. A thermometer absorbs heat. A
magnetometer deflects a needle. A microphone vibrates a
membrane. In every case, precision is bounded by
thermal noise — the random jiggling of atoms at any
temperature above absolute zero. You can improve a
classical sensor by enlarging it, cooling it, or averaging



over many measurements. But there is a floor. Below a
certain threshold, the instrument's own noise drowns the

signal.

Quantum sensors break through that floor by exploiting

superposition and entanglement.

An electron spin in superposition points "up" and "down"
at the same time — not as a metaphor, but as
experimental fact. When a quantum sensor is placed in
superposition, it accumulates phase at a rate that depends
on the quantity being measured. A magnetic field shifts
the phase of a spin. By reading that shift, you extract the
field strength with a sensitivity that scales not with the
instrument's size but with the coherence time — how long
the superposition survives before the environment

destroys it.

Entanglement goes further. When two quantum systems
are entangled, a measurement on one constrains the
possible outcomes of a measurement on the other,
regardless of distance. Entangled sensor networks can
achieve the Heisenberg limit — a fundamental bound that
scales more favourably than classical statistics allows. If

classical averaging improves precision as the square root



of the number of measurements, entanglement can
improve it linearly. The gain is not incremental. It is a

different scaling law.

Think of it this way. A classical sensor is a single person
estimating the average height of a crowd by measuring
individuals one at a time. A quantum sensor in
superposition is that person splitting into many copies,
each measuring a different individual simultaneously,
then recombining to pool their knowledge. An entangled
network is those copies being telepathically linked. The
crowd is the same; the method of surveying it is
profoundly different.

This is not theoretical. Quantum sensors have already
demonstrated sensitivities that classical instruments
cannot match in magnetic field detection, timekeeping,
gravimetry, and rotation sensing. The question is no
longer whether they work, but how to build them at scale,
make them practical, and process the torrents of data they

produce. That is where artificial intelligence enters.

The Diamond Defect



The NV centre has become the workhorse of quantum
sensing for a reason that borders on the miraculous: it

works at room temperature.

Most quantum technologies demand extreme cold.
Superconducting qubits operate at roughly fifteen
millikelvin — colder than outer space by a factor of two
hundred. Trapped-ion systems require ultra-high
vacuum. Many quantum sensor platforms need laser
cooling to microkelvin temperatures inside vacuum

chambers bristling with optics.

The NV centre requires none of this. At room
temperature, in open air, it maintains quantum coherence
for milliseconds — long enough for useful sensing. The
diamond itself is chemically inert, biologically compatible,
and mechanically hard. You can press it against living
tissue, immerse it in fluid, build it into a scanning probe
tip and drag it across a surface at nanometre resolution.
Robust, versatile, and spectacularly sensitive.

The physics is elegant. The NV centre's ground state is a
spin triplet — three quantum energy levels manipulated
with microwaves and read out optically. A magnetic field
shifts the energy levels through the Zeeman effect; the
fluorescence intensity changes accordingly. The



measurement cycle takes microseconds: initialise the spin
with a green laser pulse, let it evolve under the local field,

read it out with another pulse.

But building a useful NV sensor is harder than this sketch
suggests. The diamond must be grown with precise
control over nitrogen concentration — too many nitrogen
atoms and they interact, destroying coherence; too few
and you have no sensor. The vacancy must sit adjacent to
the nitrogen, not three lattice sites away. The crystal must
be free of other defects that act as noise sources. The
distance between the NV centre and the diamond surface
matters critically: close enough to sense external fields,
far enough to avoid surface-induced decoherence.

Optimising all these parameters simultaneously is a
problem of staggering combinatorial complexity. A single
diamond crystal contains roughly ten to the power of
twenty-two carbon atoms. The placement of defects, the
crystallographic orientation, the surface chemistry, the
strain profile — these interact in ways that resist

analytical solution.

This is where artificial intelligence has become
indispensable.



The Algorithmic Jeweller

In 2023, a team at MIT Lincoln Laboratory led by Dr.
Danielle Braje published a study in Physical Review
Applied showing that machine learning models could
predict NV centre coherence times from the local defect
environment with accuracy exceeding ninety-two per
cent. The model — a graph neural network trained on
density functional theory calculations — took the three-
dimensional atomic arrangement surrounding an NV
centre and outputted a predicted coherence time,
fluorescence contrast, and optimal microwave control

sequence.

The significance was not merely predictive. By inverting
the model — asking not "what properties does this
structure have?" but "what structure would have these
properties?" — the team generated diamond architectures
optimised for specific sensing applications. A sensor for
neural imaging required different diamond properties
than one for geological surveying, which differed again
from one designed for satellite operation. The Al
navigated the design space and proposed tailored
structures in hours rather than the months that

experimental trial and error demanded.



At the University of Science and Technology of China in
Hefei, Professor Du Jiangfeng's group takes a
complementary approach: using Al to process the signals
that NV sensors produce. Quantum sensing data is
inherently noisy. The fluorescence signal fluctuates from
photon shot noise, the spin state is probabilistic, and
environmental interference — thermal vibrations, stray
electromagnetic fields, a passing tram — contaminates the
measurement. Classical signal processing works well for
simple signals but struggles when the target is complex,
spatially varying, and buried in structured noise.

Du's group trains deep neural networks directly on raw
fluorescence time traces, bypassing intermediate
extraction of a magnetic field value and mapping raw
optical data to the quantity of interest — the position of a
nanoparticle, the current in a nanowire, the activity state
of a neuron. In a 2024 paper in Nature Communications,
they showed their network could reconstruct the magnetic
field map of a living neuron culture with five times the
spatial resolution and twelve times the speed of
conventional processing. The Al did not merely work
faster. It extracted information that the conventional
pipeline discarded.



The convergence is precise: Al designs the diamond
structures that serve as quantum sensors, then Al
processes the signals those sensors produce. The machine
works at both ends of the measurement chain, and the
human researcher — someone like Srijita Dey — stands in
the middle, asking the questions that determine what to

measure and why.

Seeing Without Scanners

The medical implications are the most immediately
striking.

Functional magnetic resonance imaging — fMRI — maps
brain activity by detecting changes in blood oxygenation,
using a superconducting magnet that weighs several
tonnes, requires liquid helium cooling, and costs between
one and three million US dollars. The patient lies
motionless inside a narrow bore. Spatial resolution:
roughly one millimetre. Temporal resolution: roughly one
second — an eternity in neural terms, given that a neuron

fires in a millisecond.



Magnetoencephalography — MEG — detects the magnetic
fields produced by neural currents, offering millisecond
temporal resolution. But MEG sensors are
superconducting quantum interference devices cooled to
four kelvin, housed in a rigid helmet, and shielded inside
a magnetically quiet room lined with mu-metal. A MEG
system costs roughly two million dollars and cannot be
moved.

Now imagine a flexible cap studded with NV centre
diamond sensors, each the size of a grain of sand, each
operating at room temperature, each sensitive to one
picotesla. The cap conforms to the patient's head. The
patient can move, speak, walk. Spatial resolution is set by
the spacing of the diamonds — potentially below one
hundred micrometres. Temporal resolution is set by the
spin readout cycle — microseconds. No liquid helium. No

superconducting magnets. No rigid bore.

This is not speculative. In 2024, a collaboration between
the Delft group, University College London, and the
Wellcome Centre for Human Neuroimaging
demonstrated a prototype NV-diamond
magnetoencephalography array that detected auditory
evoked fields — the brain's magnetic response to hearing
a sound — in a subject sitting upright and turning their



head. The signal-to-noise ratio was lower than
conventional MEG, but the proof of concept was

unambiguous.

The AI component was critical. A convolutional neural
network trained on paired MEG-NV data compensated
for lower single-sensor sensitivity by exploiting spatial
correlations across the array, using the full array as a
distributed antenna to extract collective signal from
individual noise. Without the Al layer, the prototype's
data would have been unusable. With it, the auditory
cortex lit up like a lantern.

Below the Surface of the Earth

Mineral exploration — the search for lithium, copper, rare
earth elements, and other materials critical to the energy
transition — relies on airborne magnetic surveys, ground-
penetrating radar, seismic reflection, and drilling.
Airborne magnetometry, typically a caesium vapour
magnetometer on a boom beneath a helicopter, can detect



large geological structures but its spatial resolution is
limited by altitude and sensor sensitivity. Small or deep

deposits remain invisible.

NV centre magnetometers offer sensitivities three orders
of magnitude better than conventional fluxgate
instruments, meaning they can detect the faint magnetic
signatures of mineral deposits at greater depths and
smaller scales. Mounted on low-altitude drones, they
could produce subsurface magnetic maps with resolution

measured in metres rather than tens of metres.

Rio Tinto announced a partnership with the Australian
start-up Quantum Brilliance in early 2025 to develop
drone-mounted NV-diamond magnetometers for
exploration in Western Australia's Pilbara region. The Al
component, developed with the University of Melbourne,
uses a physics-informed neural network to invert the
magnetic field maps — working backwards from surface
measurements to the three-dimensional distribution of
magnetic minerals underground. Classical inversion
algorithms exist but are computationally expensive and
require strong prior assumptions. The neural network,
trained on synthetic data from thousands of geological



models, performs the inversion in near-real time with
fewer assumptions, allowing geologists to update

subsurface models as the drone flies.

The International Energy Agency estimated in 2024 that
achieving net zero by 2050 will require six times current
production of critical minerals. Finding them faster and
with less environmental disruption — fewer drill holes,
less deforestation — is not a marginal improvement. It is

an enabling condition for decarbonisation.

Navigating Without Satellites

GPS is so ubiquitous that it is easy to forget how fragile it
is. The signals are extraordinarily weak — roughly twenty
watts spread across the visible face of the Earth, arriving
at your phone at a power level comparable to starlight.
They can be jammed for less than fifty dollars. They can
be spoofed. They do not penetrate buildings, tunnels, or
deep water. And they are controlled by the United States
military, which retains the ability to degrade civilian

accuracy at any time.



Quantum sensors offer an alternative: inertial navigation
based on atom interferometry and quantum gyroscopes.
Cold atoms in superposition serve as precise
accelerometers and rotation sensors. By tracking the
quantum phase accumulated by atoms in free fall, you
measure acceleration to parts per billion; by tracking
atoms in a rotating frame, you measure rotation with
comparable precision. Integrate both over time and you
know your position without satellites, radio signals, or

infrastructure.

The UK Ministry of Defence has funded quantum
navigation research at Imperial College London and the
University of Birmingham since 2014. In 2025, a group at
Imperial demonstrated a cold-atom accelerometer that
maintained position accuracy to within ten metres after
one hour of GPS-denied navigation — sufficient for
submarine operations. The Al contribution was a
recurrent neural network that modelled the quantum
sensor's drift characteristics and predicted corrections in
real time, extending the useful navigation window from

minutes to hours.

China's programme is more advanced. The Navigation
Research Centre at the National University of Defense
Technology in Changsha has published extensively on



quantum-enhanced inertial navigation, and China's
Beidou satellite system is designed to integrate with
ground-based quantum sensors for resilient positioning.
Details in open literature are sparse, but the investment is
large and the strategic logic clear: a nation that can
navigate without satellites cannot be blinded by anti-

satellite weapons.

The Quantum Ambitions of Great
Powers

The geopolitics of quantum sensing cannot be separated

from the broader quantum technology race.

Professor Pan Jianwei of the University of Science and
Technology of China in Hefei is, by most measures, the
world's leading figure in quantum communication. His
team launched the Micius satellite in 2016, demonstrating
quantum key distribution from space. In 2017, they
established a 2,000-kilometre quantum communication



backbone between Beijing and Shanghai. In 2020, they
demonstrated quantum computational advantage using a

photonic system called Jiuzhang.

Pan's group now applies the same infrastructure to
quantum sensing. The entangled photon sources
developed for Micius can serve as the basis for distributed
quantum sensor networks — arrays whose entanglement
allows collective sensitivity beyond any individual sensor.
In a 2025 paper in Science, Pan's group demonstrated an
entangled magnetometer network spanning three nodes
in Hefei, exceeding the standard quantum limit by a
factor of 3.2. A variational quantum algorithm running on
a classical co-processor optimised entanglement
distribution in real time, adapting to changing noise
conditions.

China's investment is enormous. The National Laboratory
for Quantum Information Sciences in Hefei, opened in
2020, occupies a campus larger than many universities.
Total government quantum spending exceeds forty billion
yuan — roughly five and a half billion US dollars — the

largest state-funded quantum programme in the world.

India's response is the National Mission on Quantum
Technologies and Applications, approved in 2020 with a
budget of six thousand crore rupees — approximately 720



million US dollars — over eight years. The mission funds
research at the Indian Institute of Science in Bangalore,
the Tata Institute of Fundamental Research in Mumbai,
and the Raman Research Institute. At the Raman
Institute, Professor Sadiq Rangwala's group works on
cold-atom quantum sensors. At IISc, the Centre for Nano
Science and Engineering fabricates diamond samples for
NV sensing, collaborating with Delft and MIT. At TIFR,
theorists develop quantum error correction protocols for
sensing qubits.

The budget is smaller than China's by a factor of nearly
eight, but the research is internationally competitive, and
India's deep bench of trained physicists — many of whom,
like Srijita Dey, move between Indian and European
laboratories — ensures that knowledge flows in both

directions.

Hunting the Invisible

The most extraordinary application of quantum sensors
may be in fundamental physics: the search for dark

matter.



Dark matter constitutes roughly twenty-seven per cent of
the universe's energy content. It shapes the rotation
curves of galaxies, bends light through gravitational
lensing, and determines cosmic large-scale structure. Yet
no one has directly detected a dark matter particle.
Decades of experiments — cryogenic detectors in mines,
noble liquid chambers underground, particle colliders
smashing protons at near-light speed — have produced
null results for the most popular candidates, the weakly
interacting massive particles or WIMPs.

Attention has shifted to lighter candidates: axions, dark
photons, and other ultralight bosons with masses far
below the WIMP range. If they exist, these particles would
produce extraordinarily faint oscillating signals —
magnetic fields, electric fields, or spin precessions — at

frequencies determined by their mass.

NV centre arrays are, in principle, sensitive enough to
detect them.

The ARIADNE experiment at MIT Lincoln Laboratory
uses NV-diamond magnetometers to search for exotic
spin-dependent forces that would arise if axions mediate
interactions between nucleons. A spinning mass is placed

near an NV centre array; the experimenters look for a tiny



anomalous force varying with distance and spin
orientation — a force absent from the Standard Model but

present if axions are real.

The challenge is sensitivity. The expected signal is buried
beneath thermal, magnetic, and vibrational noise. The
ARIADNE team uses a deep learning pipeline —
autoencoders for noise characterisation, transformer
networks for signal extraction — trained on simulated
axion signals injected into real experimental noise. The AI
learns to recognise the spectral fingerprint of an axion-
mediated force even when it is a thousand times fainter

than the noise floor.

As of early 2026, ARIADNE has not detected dark matter.
No experiment has. But sensitivity improves by roughly
an order of magnitude per year, and the Al-driven signal
processing accounts for about half that gain. If dark
matter interacts with ordinary matter through any force
that produces a magnetic or electric signature, NV centre

sensors may be among the first instruments to find it.

A defect in a diamond — two atoms wide, readable with a
green laser, sitting on a bench in Massachusetts — might

reveal the nature of twenty-seven per cent of the universe.



The Convergence

Stand back and a pattern emerges.

AT designs the nanoscale structures — the diamond
lattices, the defect placements, the surface chemistries —
that constitute quantum sensors. It navigates design
spaces too vast for human intuition or brute-force
computation, proposing structures optimised for specific
tasks: a diamond tuned for neural imaging differs from
one tuned for geological surveying, which differs from one
tuned for dark matter detection. The Al is the architect.

Quantum physics provides the sensitivity. Superposition
and entanglement allow measurements at precisions that
classical physics forbids. The NV centre's ability to detect
a single electron spin, to register the magnetic murmur of
a firing neuron, to sense a mineral deposit fifty metres
underground — these are consequences of quantum
mechanics, not engineering cleverness. The physics is the

foundation.

Then Al re-enters. The raw data from quantum sensors is
noisy, high-dimensional, and structured in ways that

classical signal processing handles poorly. Neural



networks learn to extract signal from noise, to invert
measurements into physical models, to correct for drift in

real time. The Al is the interpreter.

The loop is tight: design, measure, interpret, redesign.
Each iteration produces better sensors, which produce
better data, which train better models, which design
better sensors. It is not a linear progression. It is a spiral,
accelerating.

At Delft, Srijita Dey is one node in this spiral. She grows
diamonds. She characterises their defects. She feeds data
to models that suggest how to grow the next diamond
better. The machine does not replace her; it amplifies her.
Her physical intuition — which defects matter, which
measurements to trust, which results smell wrong —
remains essential. The AI cannot smell wrongness. It can
only optimise the objective function it has been given.
Choosing the right objective is a human act, requiring
judgement, experience, and the kind of taste that a PhD in
condensed matter physics and a postdoc in the
Netherlands gradually builds.

"The Al is my best microscope," she said, adjusting the
laser alignment with a mirror mount the size of a thimble.
"It lets me see what I could not see before. But it does not
tell me where to look."



Where to look is the question that defines science. The
quantum sensors provide the eyes. The Al sharpens their
focus. But the direction of the gaze — towards the brain,
the earth, the stars, the dark matter that permeates
everything and touches nothing — that remains a human
choice, made in a basement in Delft by a woman from
Kolkata who followed the light.

In the next chapter, we turn from sensing to building —
from instruments that observe the nanoscale to machines
that manipulate it, atom by atom. The story moves from
diamonds to DNA, from quantum physics to synthetic
biology, and from a laboratory in Delft to a converted
warehouse in South San Francisco where a start-up is
teaching an Al to fold proteins that nature never
imagined.



Chapter 6:
Programmable Matter

The strip of metal on the laboratory bench at Carnegie
Mellon University looked unremarkable. Roughly the
length of a finger, silvery, slightly dull — the sort of thing
you might mistake for a spent staple. Professor Carmel
Majidi picked it up with insulated tweezers, placed it on a
testing platform connected to a bank of electrodes, and
glanced at his graduate student behind the high-speed

camera.
"Watch closely," he said. "This is composition 11,847."

He tapped a command on his laptop. A tiny electrical
signal flowed into the strip. It bent — not the way metal
bends when you apply force, with strain and resistance.
This was different. The strip chose to bend, curling
upward with the slow deliberateness of a cat stretching. It
formed a gentle arc, held for two seconds, then —

responding to a second signal — flattened itself straight.



A third command. The strip became rigid. Majidi pressed
it with a probe; it refused to flex, hard as a surgical
instrument. A fourth signal. The strip softened, sagged,
and began to flow, pooling at its edges like a pat of butter
on a warm plate. It was no longer behaving like a solid at
all.

The material was a gallium-based alloy embedded with
nanoscale phase-change particles — tiny inclusions that
switch between crystalline and amorphous states
depending on the electrical field. In the crystalline state,
the particles lock the surrounding matrix rigid. In the
amorphous state, they release it, allowing the gallium
alloy to express its natural near-liquid fluidity. The
geometry and distribution of those nanoparticles — their
size, spacing, concentration, and the alloy composition
surrounding them — had been designed not by Majidi,
nor by any human researcher, but by a neural network
that had tested 14,000 candidate compositions in
simulation before selecting this one.

It was the spring of 2025, and I was visiting Majidi's Soft
Machines Lab for this book. I had seen shape-memory
alloys before — the titanium-nickel variety that returns to
a preset shape when heated, common in medical stents
and spectacle frames. But those materials have a single



trick: they remember one shape and spring back to it.
What Majidi was demonstrating was categorically

different. This material did not remember a shape. It
accepted instructions. The difference is the difference

between a wind-up toy and a programmable robot.

"We don't call it smart matter," Majidi told me, wiping the
gallium residue from his tweezers. "Smart is a marketing
word. We call it programmable matter, because that's
what it is. Matter that responds to a programme."

The Dream of Obedient Atoms

The idea that matter might be made to obey instructions
is older than most people realise, but younger than you

might expect.

The ancient alchemists dreamed of transmutation —
turning lead into gold, base matter into noble. But
transmutation is a change of identity. The lead ceases to
be lead. Programmable matter is subtler and, in many
ways, more radical: matter that retains its identity but
changes its behaviour. A material that is sometimes rigid



and sometimes fluid, sometimes opaque and sometimes
transparent — not because it has been replaced or
chemically altered, but because it has been told to act
differently. The atoms remain the same. The instructions

change.

The concept was first articulated with any rigour by
Tommaso Toffoli and Norman Margolus at MIT in 1991.
Working in the tradition of cellular automata — the
computational models pioneered by John von Neumann
and later popularised by Conway's Game of Life — they
proposed a framework for physical matter that could
compute. Not matter that contained a computer, like a
smartphone in a pocket, but matter that was a computer:
a substance whose individual units could receive inputs,
process information, and alter their physical state

accordingly.

A decade later, Seth Goldstein at Carnegie Mellon took the
idea further. Goldstein, a computer scientist rather than a
physicist, proposed "claytronics": a system of sub-
millimetre robots called "catoms" that could connect
electromagnetically, rearrange themselves into arbitrary
shapes, and change colour. Imagine a lump of clay that
could, on command, form itself into a working telephone
or a model of a building. Goldstein was not building this



in 2002. He was describing what would need to be true
for it to exist. But his descriptions were precise enough to
inspire a generation of materials scientists and roboticists
to begin working on the constituent problems.

Think of a conventional material — a steel beam, say — as
a sentence written in permanent ink. It says one thing,
forever. You can melt it down and rewrite it, but that is
destruction and recreation, not reprogramming. Now
think of programmable matter as a sentence on a screen.
The pixels are always there. The hardware does not
change. But the words can be rearranged at will. The
material is the screen. The properties are the text. And
somewhere, there is a programme deciding what the text
should say.

This is what makes programmable matter so
philosophically vertiginous. It dissolves a distinction
foundational to engineering since the Bronze Age: the
distinction between what a material is and what a
material does. A hammer is rigid because it is made of
rigid stuff. A sponge is soft because it is made of soft stuff.
But a programmable material can be rigid on Tuesday and
soft on Wednesday, conductive in the morning and
insulating in the afternoon. The hardware stays constant.
The software changes.



Metamaterials: Nature Never Built
This

Before matter can be truly programmable, we must first
make it do things nature never intended. This is the
domain of metamaterials — and it is here that the
partnership between human imagination and machine
intelligence has produced some of the most striking
results in modern materials science.

A metamaterial is an artificial structure whose properties
are determined not by its chemical composition but by its
geometry. Consider an egg carton. The cardboard itself is
flimsy. But folded and glued into the familiar grid of cups
and ridges, it becomes strong enough to support a stack of
heavy books without crushing the eggs beneath. The
properties of the structure exceed the properties of the
ingredient. Metamaterials operate on the same principle,
but at scales thousands or millions of times smaller.

The field traces its modern origins to a 2000 paper by
David Smith and colleagues at UC San Diego, who

constructed the first material with a negative refractive



index — a material that bends electromagnetic waves in
the opposite direction to every naturally occurring
substance. Light entering a normal material refracts in a
predictable direction governed by Snell's law, established
in the seventeenth century. Smith's metamaterial broke

Snell's law. Light entering it bent backwards.

The physicist John Pendry at Imperial College London
had predicted that a negative refractive index could
theoretically construct a "perfect lens" — one capturing
not just propagating light waves but the evanescent near-
field waves that carry an object's finest details, normally
lost to any conventional optical system. More
provocatively, Pendry proposed in a 2006 Science paper
that metamaterials could construct an electromagnetic
cloak of invisibility: a shell that guides light around an

object the way a river flows around a stone.

The invisibility cloak captured the public imagination —
Harry Potter was still in the cultural bloodstream, and the
newspapers were delighted. But the deeper importance
was more prosaic. By engineering structure at the
nanoscale, it became possible to create materials with
properties that simply do not exist in the periodic table.
Acoustic metamaterials that redirect sound, creating
zones of silence. Mechanical metamaterials



simultaneously stiff in one direction and flexible in
another — or that become thicker when stretched, defying
every material you have ever handled. Thermal
metamaterials that channel heat along prescribed paths.

The difficulty is design. A metamaterial's properties
emerge from the precise arrangement of its internal
structures — resonators, lattices, channels, voids — at
scales from micrometres to nanometres. The design space
is combinatorially explosive. Even a simple two-
dimensional metamaterial of a ten-by-ten grid of unit
cells, each taking one of five possible geometries, yields
five to the power of one hundred possible configurations
— a number with roughly seventy digits, dwarfing the
number of atoms in the observable universe. No human
designer can explore this space by intuition.

This is where the machines come in.

The Combinatorial Abyss



At Duke University, Willie Padilla's group has been using
neural networks to design metamaterials since the late
2010s. First, you build a dataset: thousands of
metamaterial geometries paired with their measured or
simulated electromagnetic properties. You feed this to a
neural network, which learns the mapping between
geometry and function as a high-dimensional statistical
surface. Once trained, you give it a desired set of
properties — say, a material absorbing ninety-nine per
cent of microwave radiation at 10 gigahertz but
transmitting visible light — and it proposes a geometry
that should produce them.

This is inverse design, and it inverts the entire history of
materials engineering. Traditionally: here is a material;
what are its properties? Inverse design asks: here are the
properties I want; what is the material? It is the difference
between stumbling upon a useful rock and ordering a rock

to specification.

Padilla's group published a watershed paper in Advanced
Materials in 2019, demonstrating that a deep learning
model could design multi-layered metamaterial absorbers
matching or exceeding those designed by human experts
— in seconds rather than weeks. The model explored

regions of design space that human intuition would never



have visited: geometries that looked wrong, structures
that seemed unstable, configurations no experienced

researcher would have tried. Some worked beautifully.

Similar work has emerged worldwide. At Imperial
College, researchers have used generative adversarial
networks to create acoustic metamaterials that redirect
sound around obstacles. At Nanyang Technological
University in Singapore, Cheng-Wei Qiu's team has
deployed evolutionary algorithms — mimicking natural
selection by generating candidate populations, evaluating
fitness, and breeding the best over thousands of
generations — to optimise metamaterial geometries for

thermal management in microelectronics.

The evolutionary approach is particularly elegant. Where
a neural network learns from data and interpolates, an
evolutionary algorithm explores. It generates random
mutations, lets them compete, and allows physical law to
act as selection pressure. Just as biological evolution has
produced solutions no engineer would have imagined —
the compound eye, the gecko's foot, the morpho
butterfly's iridescent wing — computational evolution
produces geometries that look alien yet function with
startling efficiency.



Since 2023, researchers have combined these methods.
Neural networks with evolutionary algorithms.
Reinforcement learning, where the algorithm receives a
reward for designs approaching a target property.
Diffusion models — the same class behind image-
generation systems — trained on metamaterial datasets,
capable of generating new structures satisfying specified
constraints.

The rate of metamaterial discovery has increased by
roughly an order of magnitude in five years. What once
took a doctoral thesis now takes a computational

afternoon.

Printing the Fourth Dimension

In a glass-walled laboratory at MIT, Skylar Tibbits held up
what appeared to be a flat plastic rectangle, about the size
of a playing card. He dropped it into a beaker of warm

water.



Within ninety seconds, it was no longer flat. The rectangle
folded itself — unhurried, precise, almost organic — into a
cube. No motors, no hinges, no electronics. The material
itself performed the transformation, responding to the
warm water with a shape change programmed into its
geometry.

This is 4D printing: three-dimensional printing plus the
fourth dimension of time. A 4D-printed object is
manufactured in one shape and, triggered by a stimulus —
heat, moisture, light, pH change, magnetic field —
transforms into another. Tibbits coined the term in a 2013
TED talk. More than a decade on, the scepticism it first
provoked has largely evaporated.

The core challenge: you must design not just a shape, but
a trajectory of shapes. The material must move from
configuration A to configuration B through a continuous,
controlled deformation, without tearing, buckling, or
jamming. This requires precise control over internal
stresses — which regions expand, which contract, by how

much, in what sequence.

For simple cases, hand design works. A bilayer strip —
one material that swells and one that does not — will curl
when exposed to moisture. But for complex



transformations — a flat sheet folding into an
architectural canopy, a tube branching into a vascular

network — the design problem becomes intractable.

Here, again, computation has proved decisive. Tibbits's
group and others have developed simulation frameworks
modelling the physics of shape transformation at high
fidelity. Optimisation algorithms — gradient-based,
evolutionary, and increasingly neural — search through
material distributions and print patterns to find

configurations producing a desired transformation.

A striking example emerged from ETH Zurich in 2024.
Researchers printed a flat disc of shape-memory polymer,
roughly the size of a dinner plate, embedded with
reinforcing fibres whose orientation varied continuously
across its surface. When heated above the polymer's glass
transition temperature, the disc folded itself into a load-
bearing dome supporting over two hundred times its own
weight. The fibre pattern had been optimised by a neural
network trained on ten thousand simulated designs. The
best human-designed version supported seventy times its
weight. The machine's version outperformed it by a factor
of nearly three — not through a radically different



solution, but by fine-tuning fibre orientations with a
precision no human designer could achieve or even

visualise.

The Global Race

The strategic implications of programmable matter have
not gone unnoticed, and what began as academic curiosity
has, by the mid-2020s, become a theatre of quiet but

intense international competition.

In China, the investment has been enormous and
systematic. Zhejiang University's Key Laboratory of Soft
Machines and Smart Devices has published extensively on
shape-memory alloys and polymers designed with
machine learning assistance. Their 2024 Nature
Communications paper described a nickel-titanium alloy
whose transformation temperatures had been tuned by an
Al-guided compositional search, enabling a single
material to exhibit three distinct shape-memory effects at
different temperature thresholds — imagine an aircraft
wing surface reconfiguring itself for take-off, cruising, and

landing without mechanical actuators.



At the Harbin Institute of Technology, researchers
supported by defence-linked funding have developed AI-
designed ceramic metamaterials withstanding
temperatures above 2,000 degrees Celsius whilst
maintaining their exotic mechanical properties — relevant
for hypersonic vehicle design, where aerodynamic

surfaces experience extraordinary thermal loads.

India's contributions, though less lavishly funded, have
been focused and resourceful. At the Indian Institute of
Science in Bangalore, Professor G. K. Ananthasuresh's lab
has worked on compliant metamaterials — structures
achieving their mechanical function through controlled
flexion rather than rigid joints. DRDO has funded work
on metamaterial-based radar-absorbing structures whose
geometry is engineered for extraordinary efficiency. Since
at least 2022, these absorbers have been optimised using
machine learning — though published details, for obvious

reasons, remain Sparse.

In Europe, Imperial College remains a leader in
electromagnetic metamaterials. The Technical University
of Denmark has pioneered topology optimisation for
acoustic and elastic metamaterials. The Max Planck
Institute for Intelligent Systems in Stuttgart has
combined metamaterial design with soft robotics, creating



small machines whose bodies are themselves
metamaterials, capable of changing stiffness, shape, and

locomotion strategy in response to their environment.

What Programmable Matter Makes
Possible

Let us leave the laboratory and consider what these

capabilities mean when deployed.

Soft robotics. A conventional robot is rigid: metal
joints, stiff links, servomotors. It works in a factory, where
the environment is structured, and poorly in the field,
where it is not. A soft robot — deformable, compliant —
can squeeze through gaps, conform to irregular surfaces,
handle fragile objects without crushing them.
Programmable matter goes further. Imagine a robot
whose body is rigid when it needs to exert force and soft
when it needs to absorb impact — that stiffens its limbs
for walking, softens them for grasping, and flows through
a narrow opening like an octopus through a crevice.
Majidi's lab, in collaboration with Zhejiang University,



demonstrated this in 2025: a small robot made from a
gallium-indium alloy that could transition between rigid
locomotion and near-liquid deformation, navigating an
obstacle course impassable for any conventional machine.

Adaptive architecture. Buildings are static objects,
designed for average conditions and overbuilt to endure
extremes. A building whose structural elements could
change stiffness in response to wind, whose facade could
alter its insulation with temperature, whose partitions
could reconfigure with occupancy — such a building
would be lighter, more efficient, and more comfortable
than any static structure. At the University of Stuttgart,
researchers have 3D-printed architectural pavilions from
wood-composite materials that respond to humidity,
opening ventilation gaps when the air is moist and closing
them when it is dry. No sensors, no electronics, no energy
consumption. The material itself is the sensor, the

processor, and the actuator.

Medical devices. Consider a wearable brace for a
patient recovering from a wrist fracture. Current braces
are rigid or soft, and the clinician chooses one. A
programmable-matter brace could be rigid during acute
healing, preventing harmful movement, and soften over
weeks as the bone mends. The stiffness profile could be



controlled by a smartphone application, adjusted
remotely by the physiotherapist, varied throughout the
day. Prototypes exist, built from shape-memory polymer
composites with low-power resistive heating elements.
What remains is engineering refinement and clinical

validation, not fundamental invention.

Reconfigurable antennas. Every mobile telephone
contains an antenna tuned to specific frequency bands.
When new bands are introduced, the antenna must be
redesigned and the phone replaced. A metamaterial
antenna whose geometry reconfigures on command could
tune itself to any band, adapting to local conditions in real
time. Researchers at Georgia Tech demonstrated this in
2023: a metamaterial antenna with radiating elements
printed from phase-change material, switchable between
conductive and insulating states, shifting operating
frequency by more than forty per cent without mechanical

movement.

Cloaking the Earth Itself



Of all the applications I encountered whilst researching
this book, the one that lodged most firmly in my

imagination was the largest.

In 2013, Stephane Brule at the Menard research
laboratory in Lyon, with physicists at the Fresnel Institute
in Marseille, drove an array of cylindrical boreholes into
the soil of a test site in southern France. The boreholes
were arranged in concentric rings, their diameters and
depths calculated from seismic wave equations. They set
off a controlled vibration source and measured what
happened.

The seismic waves bent around the array. Behind it, the
ground was still. The boreholes had created a seismic
metamaterial: an engineered structure in the earth itself

that redirected elastic waves around a protected region.

Researchers at EPFL in Lausanne extended this work. In
papers from 2014 onward, they modelled "seismic
invisibility cloaks" — rings of boreholes or buried
resonant structures surrounding a building, redirecting
earthquake energy around it. The building, from the
wave's perspective, does not exist. The wave passes
around it and reconverges on the other side.



The physics is identical in principle to Pendry's
electromagnetic cloak. Seismic waves are governed by the
same wave equations as light; the mathematics of
cloaking is agnostic about wave type. The practical
applications for earthquake-prone regions — Japan,
Turkey, the Pacific Americas, the Himalayan belt — are
self-evident. The cost of surrounding a hospital or nuclear
plant with engineered boreholes is non-trivial but modest
compared with rebuilding after a major earthquake. The
Japanese construction giant Kajima Corporation has, as
of 2025, funded pilot studies on seismic metamaterial
foundations for critical infrastructure.

What struck me, visiting the EPFL laboratory, was the
conceptual audacity. We are not merely designing new
materials. We are redesigning the relationship between
human structures and geological force. We are

programming the earth.

The Dissolution of a Boundary



I began this chapter with a strip of metal that could be
rigid or fluid depending on the signal applied to it. I want

to end with the question that strip implies.

If matter can be programmed — if the same substance can
behave as a solid or a liquid, a conductor or an insulator,
depending on the instructions it receives — then what is
the difference between hardware and software?

In computing, the distinction is clear. Hardware is silicon,
copper, glass. Software is the instructions that tell the
hardware what to do. You can change the software
without changing the hardware. The hardware is the

noun; the software is the verb.

But programmable matter collapses this distinction.
When a material changes stiffness in response to a signal,
is the signal "software" and the material "hardware"? Or
has the material itself become software — a physical
substance computing its own properties? The question is
not semantic. It goes to the heart of how we categorise the
physical world.

This is exhilarating. It is also worth approaching with

sobriety.



The history of materials science is a history of increasing
human control over the physical world. We learned to
smelt copper, then bronze, then iron. We learned to alloy
steel, synthesise polymers, grow silicon crystals of
extraordinary purity. Programmable matter is the logical
endpoint: matter that does not merely submit to being

shaped but actively cooperates in its own shaping.

But every increase in control is also an increase in
complexity, and every increase in complexity expands the
potential for failure modes we did not anticipate. A bridge
of steel fails in predictable ways. A bridge of
programmable metamaterials — properties set by
algorithms, updated by software, dependent on
continuous electronic control — fails in ways we have not
yet learned to predict. The failure mode of programmable

matter is not structural fatigue. It is a software bug.

This is not an argument against the technology. It is an
argument for careful, methodical, transparent
development — engineering that tests every assumption,
publishes every failure, and resists the pressure to deploy
before the science is settled. The invisible engineers are
extraordinarily capable. But they are tools, not oracles.



They find solutions in vast design spaces. They do not
guarantee those solutions will behave as expected under

conditions the training data never included.

Majidi, when I asked him what kept him up at night, did
not mention rival laboratories or funding. He mentioned
the gap between simulation and reality. "The Al designs a
material in a simulated world," he said. "The simulated
world is very good. But it is not the world. The material
has to work in the world — in the cold, in the heat, after
ten thousand cycles, when the power supply glitches,
when someone drops it." He paused. "We are getting
much better at closing that gap. But it is still a gap. And
gaps are where things break."

The strip of gallium alloy on his bench, composition
11,847 out of 14,000, was a small miracle of
computational design. It was also a prototype — a proof of
concept, not a product. The road from laboratory to
deployment passes through reliability engineering,
regulatory science, manufacturing scale-up, and all the
unglamorous disciplines that separate a demonstration
from a product.

But the direction is unmistakable. Matter is becoming
mutable. The properties of physical things are becoming,
for the first time in human history, a matter of choice



rather than fate. And the engineers making this possible
— neural networks exploring billion-dimensional design
spaces, evolutionary algorithms breeding geometries in
silicon, diffusion models generating structures from
learned distributions — work at a scale and speed no

human mind can match.

We are not yet living in a world of programmable matter.
But we are living in the world that is building it, atom by
obedient atom.



Chapter 7: The Energy
Below

The film was no thicker than cling wrap. Dr. Liu Xiaofei
held it between thumb and forefinger in the clean room
on the fourth floor of the Beijing Institute of Nanoenergy
and Nanosystems, tilting it so the fluorescent light caught
its surface. A faint iridescence shimmered across it —
blues and greens shifting like petrol on a puddle. The
colours were an artefact of the nanostructure within:
billions of zinc oxide nanowires, each roughly fifty
nanometres in diameter, standing upright like a
microscopic forest.

"Step on it," she said, placing the film on the floor.

Her colleague, a visiting postdoc from Sao Paulo, obliged.
He pressed his shoe down, shifted his weight, and on the
bench beside them a small LED flickered to life. He
rocked back and forth. The LED held steady, glowing

warm amber.



This was a triboelectric nanogenerator — a device that
converts mechanical motion into electricity through the
contact and separation of engineered materials. Static
electricity has been known since the ancient Greeks
rubbed amber against fur. But this execution was
extraordinary. The arrangement of those nanowires —
their spacing, height, density, and the subtle gradient in
their orientation from centre to edge — had been designed
not by Dr. Liu, nor by any human colleague, but by a
machine-learning system trained on fourteen months of

experimental data.

The system had evaluated over 1.2 million nanowire
configurations against a physics-based model of charge
generation and transfer. It found an arrangement no
researcher had considered: a quasi-random distribution
with a radial density gradient that increased energy
harvesting efficiency by 37 per cent over the previous best
design. When fabricated and tested, the measured output
matched the prediction within 4 per cent.

This laboratory was founded under Professor Zhong Lin
Wang, one of the most cited scientists in nanoscience and
energy harvesting. Wang spent over two decades at the
Georgia Institute of Technology before returning to China
in 2018 to lead the Beijing Institute, part of the Chinese



Academy of Sciences. His career has been defined by a
single, audacious idea: that the mechanical energy all
around us — footsteps, vibrations, wind, flowing water,
falling rain — can be harvested at the nanoscale and

converted into useful electricity.

The Bottleneck Is Not Generation

There is a common misunderstanding about the clean
energy transition. Many believe the central problem is
generating enough renewable electricity — that if we build
enough solar farms and wind turbines, the crisis will
resolve itself. This is wrong, or at least dangerously
incomplete. The world already knows how to generate
clean electricity. The problem is storing it, moving it, and
making the materials that underpin these technologies
cheaper, more durable, and less dependent on scarce

resources.

Consider the lithium-ion battery, the workhorse of the
modern energy economy. It powers your phone, your
laptop, your electric car, and increasingly the grid-scale

storage that buffers solar and wind power. By any



historical measure, it is a remarkable technology. But it is
also heavy, expensive, slow to charge, prone to
degradation, and dependent on the mining of lithium,
cobalt, and nickel — materials whose extraction carries

significant environmental and human costs.

The lithium-ion battery is not the technology that will
power a fully decarbonised world. It is a bridge. The
question is: what lies on the other side?

The answer, increasingly, is nanomaterials — and the
artificial intelligence systems that design them.

A battery has three main components: an anode (where
lithium ions are stored when charged), a cathode (where
they migrate during discharge), and an electrolyte (the
medium through which ions travel between the two).
Performance — how much energy it stores, how fast it
charges, how long it lasts, whether it catches fire —
depends on the atomic-scale structure of these three
components. The spacing of atoms in the cathode
determines how easily ions slot in and out. The porosity of
the anode affects how much lithium it can hold. The
chemical stability of the electrolyte determines whether
the system degrades after five hundred cycles or five
thousand.



By engineering battery components at the nanometre
scale, researchers can control these properties with a
precision that bulk materials cannot match. And by using
Al to navigate the vast space of possible nanostructures,
they can find configurations that would take human

researchers decades to discover through trial and error.

Silicon Dreams: Reinventing the
Anode

The anode of a conventional lithium-ion battery is made
of graphite — the same material in a pencil lead. Graphite
is stable, abundant, and can intercalate lithium ions
between its layered carbon sheets. But each carbon atom
accommodates only a fraction of a lithium ion, giving
graphite a theoretical capacity of about 372 milliampere-

hours per gram.

Silicon can theoretically store roughly 4,200 milliampere-
hours per gram — more than ten times as much. Replace
graphite anodes with silicon, and an electric car might
travel 800 kilometres on a single charge instead of 400.



The problem is that silicon expands. When lithium ions
enter silicon during charging, it swells by as much as 300
per cent. During discharge, it contracts. This repeated
expansion and contraction cracks the silicon, destroys the

electrode, and kills the battery within a few dozen cycles.

The solution is to use silicon as a nanomaterial. Silicon
nanowires — filaments roughly 50 to 100 nanometres in
diameter — can accommodate the swelling without
fracturing, much as a thin reed bends in a storm while a
thick branch snaps. Silicon nanoparticles embedded in a
carbon matrix offer another approach: the carbon acts as
a scaffold, absorbing the mechanical stress while the
silicon does the electrochemical work.

But which nanostructure is best? What diameter, what
spacing, what coating, what matrix composition? A team
at Stanford, led by Professor Yi Cui — a pioneer of silicon
nanostructured anodes — reported in 2024 that they had
used a graph neural network to screen over 200,000
candidate silicon-carbon composites, predicting both
electrochemical capacity and mechanical resilience over
repeated cycling. The Al identified structures featuring
silicon nanowires with a helical twist, embedded in a
porous carbon foam with nanoscale channels for even

electrolyte permeation. The best candidate performed at



2,800 milliampere-hours per gram after 1,000 cycles — a
result that would have been extraordinary five years

earlier.

Manufacturing silicon nanowire anodes at scale remains a
formidable engineering challenge. But the direction is
clear, and Al is accelerating the journey.

The Solid-State Race

If nanomaterials are reshaping the anode, they are doing

something more radical to the electrolyte.

In a conventional lithium-ion battery, the electrolyte is a
liquid — a lithium salt dissolved in an organic solvent.
This liquid is flammable, the main reason lithium-ion
batteries occasionally catch fire, grounding aircraft,
triggering recalls, and causing factory fires. The liquid
also limits operating temperature range and contributes
to degradation.

A solid-state battery replaces the liquid with a ceramic or
glass through which lithium ions can still move. The
advantages: no flammability risk, higher energy density



(the solid electrolyte is thinner and lighter), faster

charging, and potentially much longer lifespans.

The challenge is finding a solid material that conducts
lithium ions as well as a liquid does. In a solid, atoms are
locked in a crystal lattice, and ions must hop from site to
site. The rate of this hopping depends on the exact
arrangement of atoms — the width of channels between
lattice sites, the energy barriers at each hop, the presence
of defects or grain boundaries.

This is a problem made for AI. The number of possible
solid electrolyte compositions is, for practical purposes,
infinite. Each must be evaluated for ionic conductivity,
electronic insulation, chemical stability, mechanical
properties, and cost. No human team can explore this

space comprehensively.

The Materials Project at Lawrence Berkeley National
Laboratory has been building an AI-driven database of
predicted material properties since 2011. By 2025, it
contained data on over 150,000 inorganic compounds,
with properties predicted using density functional theory
accelerated by machine learning.



Toyota, which holds more solid-state battery patents than
any other company, announced in 2023 a collaboration
with the University of Tokyo using a proprietary machine-
learning system to screen sulfide-based solid electrolytes.
The Al evaluated 1.4 million hypothetical compositions
and identified a lithium-silicon-phosphorus-sulfide
compound with a predicted ionic conductivity of 25
millisiemens per centimetre at room temperature —
among the highest ever reported. Toyota's target is a
commercial solid-state battery by 2028, with roughly
double the energy density of current cells and a charging
time under ten minutes.

Samsung SDI, working with KAIST, has pursued oxide-
based solid electrolytes — more stable than sulfides but
harder to process. Their researchers used a generative
adversarial network to propose novel oxide compositions,
then validated the top fifty through high-throughput
synthesis. Three showed conductivities above 10
millisiemens per centimetre, a threshold engineers

consider necessary for practical use.

QuantumScape, backed by Volkswagen, has paired a
lithium-metal anode with a proprietary ceramic
electrolyte. Patent filings suggest a garnet-type oxide — a
class in which Al screening has identified several high-



performing variants. In early 2025, QuantumScape
reported prototype cells retaining over 80 per cent

capacity after 1,000 cycles.

The solid-state battery race is, at its heart, a
nanomaterials race — nanostructured ceramics, interfaces
engineered at the atomic scale, and a vast chemical space
explored by algorithms rather than intuition.

Catching Sunlight: The Perovskite
Promise

Batteries store energy. Solar cells generate it. And here,

too, nanomaterials and Al are converging.

Crystalline silicon — the dominant solar cell technology —
is mature, reliable, and has reached commercial
efficiencies of 22 to 24 per cent. But silicon cells are rigid,
heavy, energy-intensive to manufacture, and approaching
their theoretical limit of about 29 per cent.



Perovskites are a family of materials with a specific crystal
structure that can be tuned by swapping different atoms
into the lattice. The general formula is ABX3. By choosing
the right combination, researchers can create materials
that absorb sunlight across a wide range of wavelengths,
are cheap to produce, and can be deposited as thin films
on flexible substrates — opening the possibility of solar
cells printed on rolls of plastic or integrated into windows.

The challenge is stability. Early perovskite cells degraded
within hours when exposed to moisture, heat, or
ultraviolet light. A solar panel that lasts a week is not a

solar panel; it is a demonstration.

The space of possible perovskite compositions is
enormous — thousands of combinations of A-site cations,
B-site metals, and X-site halides, each with different
optical properties, stability, and defect behaviours.
Mapping this experimentally would require millions of
samples and decades.

At the University of Oxford, Professor Henry Snaith's
laboratory has developed a closed-loop Al platform that
designs perovskite compositions, predicts their
properties, and directs robotic systems to synthesise and
test the most promising candidates. In a 2024 Nature
Energy paper, the team reported a quadruple-cation



perovskite with a nanostructured surface passivation layer
that maintained 95 per cent of its initial efficiency after
2,000 hours of accelerated ageing. The passivation layer
— phenethylammonium bromide, just three nanometres
thick — was identified by the Al as optimal from 450

candidate molecules.

At EPFL in Switzerland, Professor Michael Gratzel's
group has pushed perovskite-silicon tandem cells past 33
per cent efficiency, surpassing the theoretical limit of
either material alone. The AI contribution was in
optimising the nanostructured interlayer between
perovskite and silicon — a region 10 to 20 nanometres
thick that must transmit light, conduct current, and
remain chemically inert. Machine-learning models
identified a zinc-tin oxide nanocomposite that

outperformed all previously tested materials.

At Shanghai Jiao Tong University, Professor Zhao Yixin's
team has focused on lead-free perovskites, a critical goal
given lead's toxicity. Their Al platform screens tin- and
bismuth-based variants, predicting not only efficiency and
stability but the environmental fate of degraded materials
leaching into soil or water. This lifecycle-aware design —



where the algorithm weighs consequences, not just
performance — represents a maturation of AI-driven

materials discovery.

In Kolkata, at the Indian Association for the Cultivation of
Science — Asia's oldest research institution, founded in
1876 — Professor Sudip Malik's group has been
optimising perovskite cells for the Indian subcontinent:
high humidity, extreme heat, dust. Their AI models
incorporate climate data from across India, predicting
how compositions will perform not in idealised laboratory
conditions but on a rooftop in Chennai in August or a
factory roof in Ahmedabad in May. This is applied
nanoscience at its most pragmatic — designing materials

not for a journal cover but for the real world.

The Catalysis Problem

Energy generation and storage are only part of the
picture. The modern economy runs on chemical
transformations — turning raw materials into fuels,
fertilisers, plastics, and pharmaceuticals. These

transformations depend on catalysts: materials that



accelerate reactions without being consumed. The
chemical industry accounts for roughly 10 per cent of
global energy consumption and 7 per cent of greenhouse
gas emissions. Its catalysts are often based on precious
metals, operate at extreme temperatures and pressures,
and were discovered through decades of painstaking

work.

Al-designed nanocatalysts stand to change this in three
domains that matter enormously for the planet's future.

Green hydrogen. The cleanest way to produce
hydrogen is electrolysis — splitting water using renewable
electricity. Efficiency depends on the electrode catalyst.
The best today use platinum or iridium: rare, expensive,
and geographically concentrated. A team at the Technical
University of Denmark screened 50,000 candidate
surfaces in 2024 using density functional theory and a
neural-network surrogate model, identifying a nickel-
molybdenum-nitrogen catalyst that matched platinum's
performance at a fraction of the cost. The catalyst's
nanostructure — specifically the density and geometry of
its active edge sites — had been optimised by the Al.

Carbon dioxide conversion. Capturing COz2 is only
useful if you can convert it into something valuable:
methanol, ethanol, formic acid, synthetic jet fuel. CO2 is a



stubbornly stable molecule. Researchers at the University
of Toronto, led by Professor Ted Sargent, used Al to
design copper-based nanocatalysts with specific facet
arrangements that selectively convert CO2 into ethylene
— a plastics building block — with selectivities above 70
per cent. The Al identified that copper nanoparticles with
a predominance of (100) crystal facets, arranged in a
porous architecture, created local environments favouring
the carbon-carbon coupling step essential for ethylene

formation.

Nitrogen fixation. The Haber-Bosch process, invented
in 1909, converts atmospheric nitrogen into ammonia —
the basis of fertiliser feeding roughly half the world's
population. It consumes 1 to 2 per cent of global energy
and produces about 1.4 per cent of CO2 emissions,
requiring temperatures of 400 to 500 degrees Celsius and
pressures of 150 to 300 atmospheres. Nature fixes
nitrogen at room temperature using nitrogenase, an
enzyme with a nanoscale iron-molybdenum cofactor. Al
researchers at MIT and the Dalian Institute of Chemical
Physics have been designing nanocatalysts that mimic this
machinery. A 2025 report from the Dalian group
described a ruthenium-nitrogen-carbon nanocatalyst
achieving ammonia synthesis rates 40 times higher than

previous attempts at low temperature and pressure. Its



structure — ruthenium single atoms dispersed on a
nitrogen-doped carbon scaffold — was identified through
a machine-learning search of over 300,000
configurations.

If any one of these three challenges is solved at scale, the
impact on global emissions would be measured in
gigatonnes. If all three are solved, the chemical industry

will be unrecognisable within a generation.

The Indian Contribution

India's role in this energy shift deserves attention, not
because it is the largest player — that distinction belongs
to China — but because it shows how nanomaterials
research can be directed towards the needs of a
developing economy.

The Centre for Nano and Soft Matter Sciences (CeNS) in
Bangalore has focused on nanomaterial-based solar cells
and catalysts that are affordable, manufacturable with
locally available equipment, and suited to Indian
conditions. Their work on carbon-dot-sensitised solar



cells — devices using nanoscale carbon particles derived
from biomass waste as light-absorbing agents — offers a
path to cells costing a fraction of silicon panels,
producible in relatively simple facilities.

At JNCASR, also in Bangalore, Professor Giridhar
Kulkarni's group has developed nanostructured
transparent electrodes from crackle-templated metal
networks — a technique inspired by the patterns that form
when a thin film dries and cracks, like mud in a drought.
These electrodes, made from silver or copper deposited
into crack patterns, are cheaper than indium tin oxide and
flexible enough for plastic substrates. The network's
nanostructure has been optimised using machine-
learning models that predict both electrical conductivity
and optical transparency from the geometry.

These are not the breakthroughs that attract billions in
venture capital. They are incremental, practical, deeply
contextual — the kind that could put solar electricity on
the roof of a village school in Madhya Pradesh or a fish-
drying facility in Kerala. They represent a philosophy that
asks not "What is the highest possible efficiency?" but
"What is the best technology for those who need it most?"



The Dragon's Strategy

No account of nano-energy is complete without reckoning
with China's dominance. China produces over 80 per cent
of the world's solar panels, manufactures more than 75
per cent of all lithium-ion cells, and controls the
processing of most critical minerals — lithium, cobalt,
rare earths, graphite — that these technologies require. Its
investment in nano-energy research is strategic and
deliberate.

The Beijing Institute of Nanoenergy and Nanosystems is
one node in a network of state-funded institutions focused
on energy nanomaterials, alongside the National Center
for Nanoscience and Technology, the Suzhou Institute of
Nano-Tech and Nano-Bionics, and major programmes at
Tsinghua, Peking, and Zhejiang universities. China's
National Key R&D Programme has allocated billions of
yuan to the field, with specific targets for battery energy
density, solar cell efficiency, and catalyst performance

written into five-year plans.

The investment is paying off. Chinese institutions publish
more nano-energy research than those of any other
country. Chinese companies — CATL, BYD, LONGi Green



Energy, JA Solar — are not merely manufacturing at scale
but innovating at the frontier. CATL's sodium-ion battery,
entering mass production in 2025, uses a nanostructured
Prussian blue analogue cathode identified through AI-
guided screening. LONGi's heterojunction solar cells,
which set efficiency records in 2024, incorporate
nanoscale amorphous silicon passivation layers whose
thickness and composition were optimised by machine-
learning models.

A world in which clean energy depends on nano-
engineered materials, and in which the capacity to design
and manufacture those materials is concentrated in one
country, is a world with new dependencies and
vulnerabilities. This is not a criticism of China's strategy
— it is a description of reality that other nations must

contend with.

Power from Rain

Let us return to Professor Zhong Lin Wang and his
triboelectric nanogenerators, because the most

remarkable aspect of his work is not what it has achieved



but what it suggests.

In 2020, Wang's team demonstrated that a
nanostructured surface could generate electricity from
falling raindrops. When a droplet strikes the surface and
rolls off, the contact and separation creates a transient
charge imbalance that can be harvested as current. A
single raindrop, falling from about 15 centimetres onto an
optimised surface, generates enough electricity to light a
small LED for a fraction of a second.

This sounds like a parlour trick. It is not. A moderate
rainfall deposits roughly 10 litres of water per square
metre per hour. Each litre contains millions of drops.
Wang's team has calculated that a 100-square-metre
triboelectric surface in a city with moderate rainfall —
London or Shanghai — could generate enough electricity

annually to power the LED lighting of a small building.

The AI contribution is in the surface design. The
nanostructure must be optimised not for a single droplet
but for the statistical distribution of sizes, velocities, and
impact angles that characterise real rainfall. Wang's group
used machine-learning models trained on high-speed
footage of millions of droplet impacts to design surfaces
with fractal-like nanostructures. The resulting arrays —
zinc oxide nanowires whose height, spacing, and tip



geometry vary across the surface in a pattern no human
designer would have conceived — outperform uniform

arrays by more than 50 per cent.

Picture the exterior of a building in Manchester, Chengdu,
or Mumbai during the monsoon, clad in panels of this
material. Sun shines: solar cells on the roof generate
power. Rain falls: the facade generates power. People
cross the lobby: triboelectric floor tiles generate power.
Wind presses the cladding: flexible nanogenerators
generate power. Every surface active. Every interaction
with the environment — light, rain, vibration, motion —

harvested.

Every component described here exists in a laboratory
today. The challenge is integration, scale, and cost — and

Al-driven design is addressing all three.

Every Surface, Every Photon, Every
Vibration



The vision that emerges from this chapter is not of a
single breakthrough — not a magic battery or a miracle
solar cell — but of an energy infrastructure different in
character from the one we have. The current system is
centralised and brittle: large power plants, long
transmission lines, massive substations. Energy generated
in one place, consumed in another, with losses at every
step.

The nano-energy future is distributed and resilient.
Energy generated wherever light falls, rain strikes, or a
footstep lands. Stored in batteries whose electrodes are
engineered at the atomic scale. Converted through
catalysts that turn waste COz2 into fuel and split water into
hydrogen at room temperature. Every surface in the built
environment becomes an energy device.

This is not utopian fantasy. It is an engineering
programme, well under way. The role of Al is not to
replace human scientists but to navigate a space of
possibilities too vast for human minds alone. There are
more possible nanostructures for a battery electrode than
atoms in the observable universe. More possible
perovskite compositions than grains of sand on Earth.
The space of possible catalysts is larger still. No amount of
human intuition, no number of PhD students, no quantity



of laboratory hours can map these spaces. But an Al
system, trained on the accumulated data of materials
science and guided by the laws of physics, can chart a
course through them — not perfectly, not infallibly, but
with a speed and breadth that transforms what is
possible.

Professor Zhong Lin Wang, speaking in Shenzhen in late
2025, put it with characteristic directness: "For fifty years,
we have been asking: how do we generate enough clean
energy? The nanomaterials revolution changes the
question. Now we ask: how do we use all the energy that is
available to us, everywhere, all the time?"

It is the right question. And for the first time, we have the
tools to answer it.



Chapter 8: The Ethics
of the Invisible

The horseshoe table had been arranged to suggest
equality. Forty delegations, each with its placard and
microphone, each with its stack of briefing papers. The
room was on the third floor of the Palais des Nations in
Geneva — the same building where, decades earlier,
diplomats had hammered out agreements on chemical
weapons and nuclear testing. Through the tall windows,
the Jura Mountains held their customary indifference.

It was November 2025. The United Nations Office at
Geneva was hosting the second session of the Ad Hoc
Committee on Advanced Nanomaterials. The chair, Dr.
Fatima Al-Rashidi — a Kuwaiti-British diplomat who had
spent fifteen years in chemical engineering before turning
to science policy — opened with a statement that was

diplomatic and frank in equal measure.

"We are here," she said, adjusting her reading glasses, "to
draft the first international framework for regulating AI-
designed nanomaterials. I will be candid: I am not certain



we know enough to write this document. But I am certain

we cannot afford to wait until we do."

The Chinese delegate, Professor Chen Guowei, spoke first.
His position was familiar from the preliminary sessions:
research standards should be permissive, focused on
outcome monitoring rather than process restriction. "If
we regulate the design tool," he argued, "we slow
innovation. Regulate the product, not the method."

The EU delegation, led by Dr. Ingrid Svensson of Sweden,
pushed back. Brussels's precautionary principle — the
idea that technologies should be proven safe before
deployment, rather than deployed until proven dangerous
— was non-negotiable. "Professor Chen proposes that we
test every nanomaterial after it is designed," she said. "But
Al systems can generate thousands of candidate

structures per hour. Who will test them? At what cost?"

The Indian representative, Dr. Priya Venkataraman,
raised a different question. "My concern is not speed of
regulation or innovation. My concern is distribution. Who
will ensure that the benefits of Al-designed nanomaterials
reach the 1.4 billion people of India, or the 1.4 billion
people of Africa? The MRI scanner was invented in 1971.
Today, sub-Saharan Africa has fewer MRI machines per
capita than Europe had in 1985."



The American delegate, Richard Holt, steered the
conversation towards defence. "We need to address the
dual-use problem directly," he said. "The same platforms
that design therapeutic nanoparticles can design harmful

ones. Any framework that ignores this is incomplete."

Dr. Al-Rashidi listened. She took notes. She called a
fifteen-minute recess at 3:47 p.m. During the break,
standing by the coffee station with a member of the WHO
observer team, she was heard to remark: "The
fundamental difficulty is that nobody in that room —
myself included — fully understands what we are trying to
regulate.”

She was right. And that difficulty — governing a
technology that operates below the threshold of human
perception, designed by systems that operate beyond the
threshold of human comprehension — is the subject of

this final chapter.

The Black Box Made Solid



Throughout this book, we have traced the journey from
computational chemistry to Al-driven atomic design. We
have watched neural networks learn the grammar of
molecular stability. We have seen generative models
propose structures no human chemist would have
imagined — and watched experimentalists confirm, with
some astonishment, that those structures work.

But here is the disquieting corollary: in many cases, we
cannot explain why they work.

Consider AlphaFold's protein structure predictions. The
system predicts the three-dimensional shape of a protein
from its amino acid sequence with remarkable accuracy —
often within an angstrom of experimental measurements.
But ask the system why it predicted a particular fold, and
you will receive no answer. The model does not reason as
a structural biologist reasons. It has learned statistical
patterns across hundreds of thousands of known
structures and applies them to new sequences. The output
is verifiable. The reasoning is opaque.

This is the "black box" problem, discussed extensively in
criminal sentencing, credit scoring, and medical
diagnosis. But when the black box designs physical



matter, the stakes shift. A credit score can be recalculated.
A molecule, once synthesised and released, cannot be

unsynthesised.

The opacity operates at three levels. First, design: the Al
proposes a structure, and we cannot fully trace the logic
behind the proposal. Second, interaction: nanoscale
structures behave according to quantum mechanical
principles that are themselves counterintuitive, and the Al
may be exploiting phenomena that human scientists have
not yet characterised. Third, emergence: when billions of
nanoparticles interact with biological systems or
ecosystems, the collective behaviour may be
unpredictable even if each individual particle is well
understood.

This is not hypothetical. In 2023, a team at MIT used a
generative model to design a novel antimicrobial peptide
capable of killing drug-resistant bacteria. The peptide
worked brilliantly, destroying methicillin-resistant
Staphylococcus aureus in laboratory tests. But when the
researchers tried to understand why — what specific
interaction between peptide and bacterial membrane
accounted for its potency — they could not reconstruct the



Al's design logic. The mechanism was, in the words of one
team member, "empirically clear and theoretically

mysterious."

We are entering an era in which we can build at the
atomic scale without fully understanding what we have
built.

Nanoparticles in the Wild

In the spring of 2024, researchers at the Swiss Federal
Institute of Aquatic Science and Technology tracked the
concentration of silver nanoparticles in European
waterways over the previous decade. Silver nanoparticles
— used in antibacterial coatings for textiles, wound
dressings, food packaging, and household appliances —
had been entering municipal wastewater systems in
increasing quantities since the early 2010s. The study
found detectable concentrations in sediment from the
Rhine, the Danube, and the Rhone, with high
concentrations downstream of textile manufacturing

districts.



Silver nanoparticles are toxic to aquatic microorganisms.
That is, after all, why we use them. But the
microorganisms in a river are not the same as those on a
hospital wound dressing. Freshwater ecosystems depend
on complex microbial communities for nutrient cycling,
decomposition, and water quality. Disrupting them has
consequences that cascade upwards through the food
web.

Silver is not the only concern. Titanium dioxide
nanoparticles, used in sunscreens and paints, accumulate
in the tissues of freshwater fish and filter-feeding
molluscs. Zinc oxide nanoparticles are toxic to algae at
concentrations already being measured in coastal waters.
Cerium oxide nanoparticles, used as diesel fuel additives,
have been detected in roadside soil across Europe and
Asia.

These are nanoparticles designed by conventional
methods. Now imagine a world in which AI systems
generate thousands of novel candidates per week — each
with a unique size, shape, surface chemistry, and
biological profile. Each potentially entering the
environment through manufacturing waste, product use,

or disposal.



The gap between our capacity to design nanomaterials
and our capacity to assess their environmental impact is
already wide. Al threatens to make it a chasm. A 2024
OECD report estimated that fewer than 2 per cent of
commercially used nanomaterials had undergone
comprehensive environmental risk assessment. The
average time to complete such an assessment was seven to
twelve years. An Al system can propose a new

nanomaterial in seven to twelve seconds.

The analogy is pharmaceutical regulation, but reversed. In
drug development, the process is slow by design:
preclinical testing, three phases of clinical trials,
regulatory review. Imperfect, but extant. For
nanomaterials entering the environment — through
industrial discharge, consumer products, or agriculture —
no equivalent gatekeeping exists. We are conducting a
vast, uncontrolled experiment on global ecosystems, and
we have barely begun to design the instruments that
would tell us the results.

The Body at the Nanoscale



The environmental question is serious. The human health

question is urgent.

Nanoparticles, by virtue of their size, can go where larger
particles cannot. They cross cell membranes. They
penetrate the lining of the lungs. In certain
configurations, they cross the blood-brain barrier — the
tightly regulated interface that most molecules and all
cells are unable to traverse.

This permeability is precisely what makes them so
promising for medicine — carrying chemotherapy agents
to tumour cells, ferrying gene-editing tools into the
central nervous system. But permeability is a property,
not a virtue. A nanoparticle that can cross the blood-brain
barrier with a therapeutic payload can cross it with a toxic
one. And nanoparticles never designed to enter the brain
may do so anyway, if their size and surface chemistry

permit it.

The cautionary tale is carbon nanotubes. Stronger than
steel, more conductive than copper, lighter than
aluminium — they have been incorporated into
composites, electronics, and sporting goods. But in 2008,
researchers at the University of Edinburgh demonstrated
that long, thin multi-walled carbon nanotubes, introduced
into the abdominal cavity of mice, produced an



inflammatory response indistinguishable from that
caused by asbestos fibres. The geometry was critical: the
nanotubes were too long for the body's macrophages to
engulf, triggering the same frustrated phagocytosis that

makes asbestos so carcinogenic.

Subsequent studies have qualified this finding. Not all
carbon nanotubes behave like asbestos; short, tangled
ones appear far less problematic than long, rigid ones. But
the broader lesson holds: a nanomaterial's biological
effects depend not just on its composition but on its size,
shape, surface charge, coating, aggregation state, and
route of entry. Two nanoparticles made of the same
atoms, arranged in slightly different configurations, can
have radically different toxicological profiles.

This is where Al-designed nanomaterials present a
particular challenge. A generative model proposing a
novel nanostructure optimises for a target property —
catalytic activity, drug-binding affinity, optical response.
It does not, unless explicitly instructed, optimise for
safety. And even with safety constraints, our
understanding of nanotoxicology is too incomplete to
provide reliable training data. In 2024, global investment
in nanomaterial research exceeded $35 billion.
Investment in nanotoxicology was estimated at $600



million. For every dollar spent understanding what
nanoparticles do to living systems, roughly sixty were

spent designing new ones.

This imbalance is not sustainable. And Al is accelerating
the design side far faster than the safety side.

The Same Tools, Different Hands

In the autumn of 2024, I visited a laboratory in Bangalore
— part of the Indian Institute of Science — where Dr.
Rohan Kulkarni was using machine learning to design
peptide nanoparticles for targeted drug delivery. His
model learned from a database of known cell-penetrating
peptides, identified structural motifs associated with
efficient membrane crossing, and proposed novel
sequences optimised for delivery to liver cells.

Over coffee, I asked him what kept him awake at night.

"Dual use," he said. "Everything I build is dual use. The
same model that designs a nanoparticle to deliver insulin
to the liver could design one to deliver a toxin. I am not
talking about science fiction. I mean the actual model, the



actual code, on the actual computer in my laboratory. The
code is based on open-source frameworks. In principle,

anyone could redirect it."

The dual-use dilemma is not new. Nuclear physics gave us
both power plants and warheads. Recombinant DNA gave
us both insulin and the theoretical capacity for engineered
pathogens.

But nanotechnology presents the problem in a
particularly acute form, for two reasons. First, the tools
are accessible. You do not need a particle accelerator or a
biosafety level 4 laboratory. A well-equipped university
chemistry department will suffice. Second, the products
are invisible. A weaponised nanoparticle looks, to any
inspection regime, like a therapeutic one — the same size,
the same category of material, synthesised by the same
methods. The difference lies in the payload, the targeting
ligand, the intent.

The same Al that designs self-assembling nanomaterials
for solar cells could design materials that degrade the
polymers in critical infrastructure. The same model that
optimises nanoparticle penetration of tumour tissue could
optimise penetration of healthy tissue. These are not
fanciful extrapolations. They are straightforward
applications of the same optimisation logic.



Richard Holt was not wrong to raise the issue. The
question is what to do about it. There is no equivalent of
the Nuclear Non-Proliferation Treaty for nanotechnology.
No Biological Weapons Convention that addresses
nanoscale delivery systems. The Chemical Weapons
Convention covers toxic chemicals but was not written
with atomically precise, AI-designed nanostructures in

mind.

The Equity Gap

Dr. Venkataraman's question in Geneva — who ensures
that developing nations benefit? — deserves more than a

diplomatic answer.

The history of medical technology is, in large part, a
history of delayed access. Kidney dialysis was first
performed in 1943; it did not become widely available in
sub-Saharan Africa until the 2000s, and remains
inaccessible to most patients who need it. Antiretroviral
therapy for HIV was developed in the 1990s; it took a

decade of activism, litigation, and the intervention of



generic manufacturers in India and Brazil before
treatment became affordable in the countries most

devastated by the epidemic.

Al-designed nanomedicine risks repeating this pattern.
The computational infrastructure required to run large
generative models — the GPUs, the cloud budgets, the
curated datasets — is concentrated in a handful of
countries. The experimental infrastructure for synthesis
and testing — cryo-electron microscopes, atomic force
microscopes, clean rooms — is similarly concentrated. A
university in Nairobi or Dhaka may have talented
computational chemists, but without the hardware to run
the models or the instruments to validate the outputs,
their talent is stranded.

The risk is not merely that nanomedicine will be
expensive. It is that the entire pipeline — design,
synthesis, testing, manufacturing, distribution — will be
structured around the needs of wealthy nations. A model
trained predominantly on data from European and North
American populations may design nanoparticles
optimised for pharmacokinetic profiles that do not reflect
the genetic diversity of African or South Asian



populations. A manufacturing process developed for
climate-controlled facilities in Massachusetts may not
function in the heat and humidity of Tamil Nadu.

These are soluble problems, but they will not solve
themselves. They require deliberate investment,
deliberate data sharing, deliberate technology transfer —
none of which the current international framework
mandates.

Who Governs the Invisible?

The regulatory challenge is, at its core, a problem of
categories. The institutions that govern the safety of
materials and medicines were built to regulate bulk
chemicals and conventional pharmaceuticals. Their
frameworks assume that a material can be characterised
by its chemical formula, that a drug can be defined by its
active ingredient and dosage form, that safety testing for

one batch will apply to the next.



Nanomaterials violate all of these assumptions. A
nanoparticle's properties depend not just on its
composition but on its size, shape, surface modification,
and aggregation behaviour — properties that can change
during storage, transport, or exposure to biological fluids.
Two batches of "the same" nanoparticle, synthesised
under slightly different conditions, may have different
toxicological profiles.

The FDA has made some progress. Its 2022 guidance on
drug products containing nanomaterials acknowledged
the need for size-dependent safety testing. But the
guidance is non-binding, and it was written before the
current generation of Al design tools existed. The EMA's
position is broadly similar: acknowledge the challenge,
recommend caution, issue guidance without enforcement.

What is missing is an international architecture — shared
standards, shared databases, shared commitments — that
would allow regulators in different countries to coordinate
their responses. A nanoparticle designed in Shenzhen,
synthesised in Hyderabad, incorporated into a product in
Hamburg, and disposed of in Lagos will pass through
multiple jurisdictions, each with different standards and
capacities. No single national regulator can govern this
chain.



The Scientists Who Worry

Not all the concern comes from diplomats. Some of the
most searching questions are being asked by the
researchers themselves.

Professor Li Wei, a materials scientist at Tsinghua
University, was direct when I spoke with her in early
2026. "I hear colleagues in the West say we should slow
down until regulation catches up. I understand the
impulse. But how many people will die of cancer, of drug-
resistant infections, of polluted water, while we wait? The
moral calculus is not simple. Speed has costs, but so does

delay."

Professor Sarah Hartley, a philosopher of science at
Cambridge who specialises in technology governance,
offered a different framing. "The risk that occupies most
public discussion is the dramatic one — the villain who
builds a weapon. But in thirty years of studying
technology governance, I have learned that the greatest
harms rarely come from malicious actors. They come

from well-intentioned people deploying technology



carelessly, at scale, without adequate feedback
mechanisms. The danger is not the terrorist. The danger
is the manufacturer who releases a product containing
novel nanoparticles without long-term safety data,
because the framework did not require it and the market
did not demand it."

Dr. Kulkarni put it more simply. "I am not worried about
evil scientists. I am worried about busy scientists. People
under pressure to publish, to secure funding, to translate
research into products. People who skip the toxicology

study because it takes two years and their grant runs out

in one. That is where the accidents will come from."

These three perspectives — the pragmatist, the
philosopher, the realist — do not resolve into a single
position. But they converge on a shared recognition: the
technology is moving, and the governance is not keeping

pace.

The Asilomar Question



In February 1975, 140 molecular biologists gathered at the
Asilomar Conference Center on the California coast.
Scientists voluntarily convening to discuss whether to
restrict their own research. The technology was
recombinant DNA — the ability to cut and splice genetic
material from different organisms. The fear was that
engineered organisms might escape the laboratory and
cause ecological or public health disasters.

Asilomar produced guidelines that categorised
recombinant DNA experiments by risk level and
prescribed containment measures. The guidelines were
imperfect — criticised for focusing too narrowly on
laboratory safety while ignoring broader social questions.
But Asilomar established a principle: that scientists have
a responsibility to anticipate the risks of their work and to
participate in its governance, rather than leaving

regulation to governments and lawyers.

Could nanotechnology have its own Asilomar? The
question has been raised since the early 2000s. So far, no
equivalent gathering has occurred — not because the need
is absent, but because the community is too diffuse.
Recombinant DNA in 1975 was the province of a small
number of laboratories. AI-designed nanotechnology in



2026 spans materials science, chemistry, physics,
computer science, medicine, and engineering, across

thousands of laboratories in dozens of countries.

Yet the parallel offers something valuable: a precedent for
self-governance. The researchers I have spoken to — in
Cambridge and Bangalore, in Beijing and Zurich, in
Boston and Nairobi — are not naive about their work's
implications. Many serve on ethics committees,
contribute to policy consultations, engage in public
communication. What they lack is not awareness but
coordination. A forum. A shared set of commitments.

Dr. Al-Rashidi, after the Geneva session, was cautiously
optimistic. "We did not reach agreement," she said. "But
we began to map the disagreements, and that is progress.
The first step in governing a technology you do not fully
understand is admitting that you do not fully understand
it."

The Room Where Atoms Move



In the opening chapter of this book, I described a
laboratory, temperature-controlled to within a fraction of
a degree, where a scanning tunnelling microscope held a
single atom of xenon in the grip of its electric field and
placed it onto a nickel surface. That image — the room
where atoms move at human instruction — has been the

organising metaphor for everything that followed.

We have watched that room evolve. The microscope has
been joined by electron beams, optical tweezers, DNA
origami scaffolds, and molecular machines. The human
operator has been joined — and sometimes supplanted —
by artificial intelligence. The atoms are no longer just
xenon on nickel; they are carbon, nitrogen, oxygen,
sulphur, phosphorus, gold, arranged into structures of
extraordinary complexity: catalysts that split water, drug
carriers that navigate the bloodstream, sensors that detect

single molecules, materials that repair themselves.

The tools are here. What remains in question is how we

will use them.

The hardest problems ahead are not problems of
computation or synthesis. They are problems of
governance, equity, foresight, and restraint. They require
not better algorithms but better institutions —
international frameworks that can keep pace with



innovation, regulatory bodies with the expertise to
evaluate novel nanomaterials, funding that invests in
safety as seriously as in design, and transfer mechanisms
that ensure the benefits of atomic-scale engineering reach
the communities that need them most.

These are less exciting problems than designing a
nanoparticle that kills drug-resistant bacteria or a catalyst
that captures atmospheric carbon. They do not make for
dramatic headlines. But they are the problems on which
the future of this technology depends.

I am not a utopian. I have spent too many years as a
journalist — watching promising technologies stumble
over political, economic, and institutional obstacles — to
believe in frictionless progress. But neither am I a
pessimist. The researchers I have met are,
overwhelmingly, thoughtful people who care about the
consequences of their work. The problems are real, but so
is the capacity to address them.

The question is not whether we will build at the scale of
atoms. We already do. The question is whether we will
build wisely — with adequate safeguards, with equitable
distribution, with honest acknowledgement of what we do
not yet know. The invisible engineers are at work. It falls



to the rest of us to ensure that what they build serves not
just the few, but the many; not just the present, but the
long future.

Every day, the average human inhales roughly ten billion
particles smaller than one hundred nanometres. They
come from cooking stoves and diesel exhaust, from forest
fires and sea spray, from the erosion of soil and the
shedding of skin. They are in the air above Mumbai and
the air above Zurich, inside your kitchen and above the
Pacific Ocean. We have always lived in a world of
nanoparticles. The nanoscale has never been foreign to us
— only invisible.

What has changed is that we are learning to design them.
To choose their composition, their shape, their surface,
their function. To write instructions at the atomic scale

and watch matter obey.

This is a profound capability. It carries profound
responsibilities. Whether the invisible engineers build a
world that is safer, healthier, and more just — or one that
is more unequal, more polluted, and more dangerous — is
not a question that science alone can answer. It is a
question for all of us.



The atoms are waiting. The question is what we will ask

them to become.

Acknowledgements

This book could not have been written without the
generosity of the scientists who opened their laboratories,
explained their work, and tolerated my questions. Science
writing is, at its core, an act of translation — and the
translators are only as good as the original speakers.

I owe particular debts to the researchers at ETH Zurich,
MIT, the National Center for Nanoscience and
Technology in Beijing, and the Indian Institute of Science
in Bangalore, who gave their time freely and corrected my

errors patiently. Those that remain are mine alone.

The teams working on molecular ATl — at the Baker Lab in
Seattle, at DeepMind in London, at Insilico Medicine in
Hong Kong — helped me understand not merely what
their tools do, but why they matter. The quantum sensing
groups at Delft and Hefei showed me instruments that
seemed, frankly, implausible until I saw the data. The



nanomedicine researchers in Chennai and Mumbai
reminded me that the ultimate test of any technology is

whether it reaches the people who need it most.

I am grateful to the ethicists and policy scholars who
made time for conversations that were, by their nature,
inconclusive — Dr. Fatima Al-Rashidi, Professor James
Canton, and the participants of the Geneva consultations
on advanced materials governance. These are the hardest
conversations in science, and they gave them the
seriousness they deserve.

My editor at Kelford Press shaped this manuscript with
the patience of someone accustomed to working with
writers who believe every sentence is essential. Not every
sentence is essential. She was usually right about which

ones.

To the readers of Kelford Press's science coverage who
wrote to me with questions, corrections, and suggestions
— you are the reason this book exists. Writing for curious
people is the best job in the world.



About the Author

Dr. Ananya Mehta is the Science Editor at Kelford
Press. She holds a PhD in molecular biology and has spent
over a decade making complex science accessible to
general readers. Her work covers breakthroughs in
genetics, neuroscience, materials science, and the
emerging convergence of artificial intelligence with the
physical sciences.

She has reported from laboratories on four continents and
believes that the most important science stories are often
the ones happening at scales too small to photograph. The
Invisible Engineers is her second book for Kelford Press,
following The Brilliant Mind: Turning Autism Into
Superpower.

She writes from London and Bangalore.

Also by Kelford Press



The Brilliant Mind — Dr. Ananya Mehta A science
book exploring the extraordinary cognitive strengths of
autistic minds.

The Last Programmer — Kael Eriksson A science
fiction novel about the final human coder in a world of AI-
generated software.

The One-Person Unicorn — Henrik Larsson A
business guide to building a billion-dollar company with a
team of one.

The Distance Between Us — Amara Osei A literary
novel exploring love, loss, and identity across three

continents.

The Attention Economy Is Dying — Kelford Press
Editors An investigation into why the age of clicks and
eyeballs is coming to an end.

Become a Member



Kelford Press publishes daily papers, weekly digests,
monthly letters, and original books across ten verticals —

Technology, Business, Science, Culture, and more.

Reader (Free) — 5 articles per month, digest previews
Subscriber (£4.99/month) — Unlimited papers, full
digests, monthly letters Patron (£9.99/month) —
Everything, plus digital books, audibles, and ad-free
reading Fellow (£79.99/year) — Patron benefits, plus
quarterly signed books and exclusive events

Join at kelfordpress.com/subscribe

Where Words Find Their Home



