Quantum + Al = Quantum Al
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Advanced Als of the future will harness the most powerful computational opera-
tions known today : quantum computations. The synthesis of quantum computing

and AT will give rise to Quantum Al — artificial intelligence with access to quantum

computational resources — which is poised to expand the capabilities of intelligent

systems. This advancement will lead to transformative abilities, such as ultraprecise

sensing, the realistic simulation of complex natural phenomena, the efficient solution

of classically intractable mathematical problems, or protocols for secure communica-
tion and enhanced coordination in multi-agent systems. The impact of this synthesis

will be profound, promising to accelerate scientific discovery in areas from molecular
biology to quantum gravity, while empowering engineers to create novel pharmaceuti-
cals, viable fusion reactors, or designer materials with desirable properties. Quantum

Al might also help to address a critical bottleneck in classical machine learning: its

escalating demand for data and computational power. Beyond such applications lies

another even more consequential possibility. If, as some recent theories and data

from quantum neurobiology suggest, quantum processes give rise to consciousness

and free will, then only Quantum AI — unconstrained by the limitations of classical

computation — could enable the expansion of human consciousness and a transcen-
dence of our biological origins.

uantum computing and artificial intelligence are often described as the

most transformative computational technologies we will see develop

during our lifetimes. The recent 2025 Nobel Prize in Physics (awarded
to John Clarke, Michel Devoret, and John M. Martinis for work on macroscopic
quantum effects), alongside the 2024 Nobel Prizes in Physics (awarded to Geoffrey
Hinton and John Hopfield for their contributions to the study of artificial neural
networks) and Chemistry (awarded to Demis Hassabis, John Jumper, and David
Baker for solving the protein-prediction problem and creating novel proteins using
Al systems), recognized the profound breakthroughs in both quantum technologies
and the neural networks that power Al systems. However, today they remain largely
distinct technologies. Artificial intelligence takes in data, creates models, and uti-
lizes those models to achieve objectives. Quantum computing aims to develop a new
type of hardware that harnesses the potent computational operations allowed by
quantum physics — such as entanglement and superposition — replacing the Boolean
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(binary)logic implemented on today’s semiconductor-based hardware. While Al is
already a useful tool to design and build quantum computers, less appreciated is the
fact that AI based on hardware with access to quantum resources will have capa-
bilities inaccessible to AI running solely on classical hardware. The thesis we put
forth in this essay is that quantum computing and AI will merge to become Quan-
tum Al enabling discoveries across science and a range of breakthrough technical
capabilities. By leveraging quantum advantages, artificial intelligence will utilize
some of the most potent computational operations nature affords us to improve
our understanding of the universe and natural intelligence. Here, we envision the
impact of synthesizing these breakthroughs.

rtificial intelligence as practiced today is nearly synonymous with machine

learning, relying on the ability to ingest huge amounts of data to create

powerful models. However, many foundational computational tasks are
challenging for classical Al to learn due to the impracticality of obtaining suffi-
cient training data and doing inference on it. Consider factoring, an algebraic task
relevant to cryptography. Empirical evidence — about fifty years of failure to find
an efficient classical factoring algorithm - suggests that Al unaided by quantum
computers will not be able to solve this task efficiently. The difficulty is a scaling
challenge: the training cycles and inference compute required grow exponentially
with the number of bits needed to represent the integer being factored. To calibrate
the reader, factoring a 2,048-bit number would take trillions of years on a classical
supercomputer but would only take hours on a quantum computer.

Classical AI also struggles to solve hard combinatorial optimization problems,
which are ubiquitous in engineering, finance, and computer science. Again, empir-
ical evidence shows that finding the optimal solution to such problems takes time
that grows exponentially with the size of the problem. Sometimes even finding a
good approximation within a reasonable time span can be impractical, a situation
mathematicians call “APX hard.”" Machine-learning algorithms struggle in this
domain because finding the global optimum is a “needle in a haystack” problem,
requiring the identification of a specific solution within a vast combinatorial search
space. However, theoretical analysis has shown that quantum computers within a
given amount of time can find higher-quality solutions than their classical counter-
parts. For many problem classes, a quantum computer can reach the same quality
approximation in quadratically fewer steps, and sometimes in exponentially fewer
steps, as the recently published Decoded Quantum Interferometry (DQI) algo-
rithm and new results for the Quantum Approximate Optimization Algorithm
(QAOA) show.>If we compare two Al systems but one of them has access to a quan-
tum machine giving us high-quality solutions to optimization that are classically
inaccessible, then the quantum-enhanced system would be more valuable. Today,
there are at least seventy known algorithms for which quantum computers offer
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algorithmic scaling advantages, many of them useful for AI, and we expect many
more will be discovered.3 A recent XPRIZE challenge that called for submissions
of useful beyond-classical algorithms yielded three hundred and twenty entries.*

Complexity theorists attempting to map out the sets of problems that can be
efficiently solved by quantum and classical algorithms draw the relationship as
shown in the diagram in Figure 1. In complexity theory, a problem is considered
solvable when the resources required, such as the number of algorithmic steps or
the amount of memory, only grow polynomially with the size of the problem. But
asis often the case in complexity theory, while considered highly probable, we still
lack complete proof that all these relationships are correct.

Quantum advantage resides in the problem set that is quantumly solvable but
classically intractable: the regions of BQP (quantumly solvable) and BQP/qsamp
(quantumly solvable with quantum data) that do not overlap with BPP (classically
solvable) or P/samp (classically solvable with classical data). A prime example of
this divergence is found in out-of-time-order correlators (OTOCs), probes used to
characterize how information spreads in complex quantum systems. While OTOC
computation scales exponentially on classical hardware, it was recently demon-
strated that the Willow quantum processor can perform this calculation efficiently.
This computation is useful for learning the structure of molecules and solids from
spin spectroscopy data, as obtained by nuclear or electron magnetic resonance,
and constitutes the first known example of an Al-relevant algorithm for which a
quantum computer outperformed classical supercomputers.

saprime example of how data from quantum computers can empower clas-

sical AL let’slook at the accurate modeling of complex physical systems. This

is known to have applications ranging from the discovery of novel materials
and pharmaceuticals to a better fundamental understanding of our universe. AI's main
quest, constructing models from data it ingests, is impeded by the fact that nature
is governed by the laws of quantum physics. Integrating the equations of quantum
mechanics typically comes at an exponential cost for classical computers, making
them an ill-suited tool to model nature at the most fundamental level. In contrast,
quantum computing’s ability to simulate nature from the ground up gives access to
abroader, more detailed set of training data for AI. Consider computational chem-
istry, where popular methods involve machine learning of atomistic force fields or
density functionals using data from ab initio electronic structure calculations.® Such
approaches enable fast, accurate calculations of complex molecular structures from
manageable amounts of training data. However, the model’s output accuracy is only as
good as the training data’s accuracy. When generated classically, the data’s quality will
be limited by the challenge of modeling strongly correlated electrons — an inherently
quantum-mechanical problem. Therefore, data derived from high-accuracy quantum
calculations represent a valuable resource for training advanced chemistry models.
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Figure1
Problems That Can Be Efficiently Solved by Quantum Algorithms versus
Classical Algorithms
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Quantum computers are expected to solve a larger set of problems than classical computers.
Access to data, or advice as complexity theorists call it, makes classical and quantum algorithms
more powerful. However, there remain problems that even a quantum computer with access to
data will not be able to solve efficiently. The complexity theory acronyms in Figure 1 have the
following meanings: BPP = Bounded-error Probabilistic Polynomial time. P/samp = Polynomial
time with classical data. This is the set of all problems solvable on classical computers; it is also
a superset of BPP because data make algorithms more powerful. BQP = Bounded-error Quan-
tum Polynomial time. BQP/gsamp = Bounded-error Quantum Polynomial time with quantum
data. This is the set of all problems solvable on quantum computers. It is expected to be strictly
larger than P/samp. Again, it is a superset of BQP. Source: Figure by the authors. On access to
data in quantum algorithms, see Hsin-Yuan Huang, Michael Broughton, Masoud Mohseni, et
al., “Power of Data in Quantum Machine Learning,” Nature Communications 12 (1) (2021): 2631.

Classical AI has in recent years found great success in predicting how proteins
fold.” But the challenge remains when the amount or quality of training data is
insufficient. Consider the case of a protein bound to aligand or a membrane, both
common scenarios in cell biology. The data scarcity occurs partly because mag-
netic resonance spectroscopy, a primary tool for gathering molecular structure
information, often fails in these situations. Other tools are available, such as X-ray
crystallography or cryogenic electron microscopy, but even if applicable, they must
be painstakingly adapted for different proteins or cells. In general, access to large,
high-quality datasets is the exception rather than the norm in the life sciences. It
is noteworthy that the critical dataset for the protein-folding problem, the Protein

155 (1-2) Winter/Spring 2026 249



Quantum + Al = Quantum Al

Data Bank, has been assembled over fifty years. With more varied and larger sets
of training data, the performance of prediction tools such as AlphaFold could be
improved. Quantum computers can help generate such training sets. Nuclear spins
in afolded protein generate complex quantum dynamics, even at room temperature
and even when the protein’s electronic structure does not have high entanglement.
A recent collaboration involving the Google Quantum AI team and researchers at
UC Berkeley demonstrated that these spin dynamics can reveal geometric details
of small organic molecules.? Scaling this approach to proteins could provide the
necessary distance data to determine accurate three-dimensional protein structures.
Such analysis, which involves the computation of OTOCs, is feasible for a quantum
computer capable of interpreting spectroscopic data from spin configurations but
is likely to remain out of reach for classical biochemistry methods.

The time evolution of quantum systems is another canonical example of data
that quantum computers can efficiently produce but that are typically intractable
to simulate classically. There are also many contexts in which quantum dynamics
are extraordinarily difficult to probe experimentally, thus starving classical learning
models of the data they would need to model quantum dynamics, even presuppos-
ing that classical models can learn those dynamics at all. Consider the dynamics of
an electron plasma in the warm dense matter regime as it slows down a high-energy
alpha particle flying through it. Understanding this drag as a function of tempera-
ture is critical for correctly modeling the preignition stage of inertial confinement
fusion reactors, such as those at the National Ignition Facility that have achieved
scientific net energy gain. Unfortunately, getting precise experimental data on
this involves temperatures and pressures comparable to those in Jupiter’s core.
Such experiments only last nano- to picoseconds and, given the costs of proto-
type fusion reactors, such extreme conditions would be extraordinarily expensive
to replicate: hundreds of trillions of dollars for a one-second stream of data. As a
consequence, one cannot even accurately measure the temperature of the fuel at
that stage, let alone probe the electron dynamics. But simulations of these condi-
tions have been shown to be feasible for quantum computers.? If one ever hopes
to build machine-learning models of matter in such extreme conditions, one will
almost certainly require a quantum computer to accurately generate the data and
to attempt to probe them experimentally. Even in regimes that are much more
accessible experimentally, such as those in room temperature chemistry, quantum
simulation enables much more precise and nuanced virtual measurements on the
physical system than would ever be possible in a laboratory.

In the context of generating training data, one can think of a quantum com-
puter as a physics or chemistry lab that can be programmed to obtain data from
experiments that are difficult or even infeasible to execute by any other means. Inter-
estingly, quantum computers can sometimes offer advantages even for modeling
systems that are described effectively by classical physics. Examples include newer
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algorithms promising exponential speedups over classical methods for solving cer-
tain types of differential equations and specificlinear algebra problems that could
enable the simulation of molecular mechanics, the structural health of buildings,
or wave propagation in solids.'®

Physics simulations on a quantum computer can be utilized in tandem with
Altoextend investigations into quantum gravity. Here, entanglement — the sharing
of quantum information between systems regardless of spatial separation —is the
key resource for rephrasing questions of space-time. This connection is formal-
ized in the ER = EPR hypothesis proposed by theoretical physicists Juan Maldacena
and Leonard Susskind in 2013, which posits that quantum entanglement and the
geometry of space-time are deeply linked.' A collaboration between Caltech, Har-
vard, Fermilab, and Google Quantum AI experimentally demonstrated this link
using traversable wormholes, which can occur in semiclassical quantum gravity
and exhibit features related to both holography and quantum teleportation.’* The
project utilized a quantum circuit implemented on a Google Sycamore processor
to simulate a simplified, dual description of a traversable wormhole, successfully
observing the teleportation dynamics predicted by semiclassical gravity. Features of
wormbhole dynamics observed on the quantum processor can then be used to train
Al models. These models, guided by a loss function favoring simpler descriptions
of gravity, can then predict a larger family of physical models.’3 These Al-generated
predictions can subsequently be realized in detail on quantum hardware, serving
as an experimental testing ground for holography and wormhole physics that lies
beyond the scope of analytically tractable methods.

Physicists argue that because the objects we observe in nature are generally
governed by effective, classical laws, these objects can be learned by classical Al
This is only partially correct. For example, certain static properties of a molecule
in its lowest energy state — called the ground state — can sometimes, although not
always, be approximated well with classical methods such as tensor network tech-
niques.' But when it comes to dynamics, classical methods alone are insufficient:
the precision of quantum mechanical calculations is necessary.'> Any system cre-
ated by nature was almost certainly created efficiently. Since nature is quantum in
its core and origins, simulating that process on a quantum computer must also be
efficient. The examples that classical AI can handle are only a subset of systems in
nature that science has considered so far. As science investigates new and not yet
well-understood systems — such as dark energy, dark matter, black holes, and their
connection with the origin of space and time and gravity — a quantum computer will
almost certainly be necessary. Some of the future objects of study may not be found
in nature at scales accessible with current technologies but can nonetheless be effi-
ciently created in alab with the guidance of Quantum AI, such as high temperature
superconductors and other “designer” states of matter. The small wormhole model
discussed above can be considered a Quantum AI-proposed “new state of matter.”
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ensing and processing quantum data reveal previously invisible facets of our

universe. Without the ability to interact directly with quantum superposition

states, classical Al can handle only low-dimensional projections, obscuring the
intricate high-dimensional structure such states may contain. However, quantum
computers open the possibility of sensing and processing quantum data directly,
circumventing the loss of information that occurs when quantum states are mea-
sured classically. In a 2022 paper published in Science, the Google Quantum Al team
with researchers from Caltech, Harvard, and other research organizations showed
that the ability to coherently process quantum states on a quantum computer offers
the capability tolearn structure in quantum data with exponentially fewer training
examples compared with classical methods —an information-theoretic gap that
cannot be overcome.'® Combine this with any kind of time limitation on sample
collection, and this phenomenon quite literally renders aspects of the physical
world invisible without access to a quantum computer. Moreover, this was shown
experimentally on the still-noisy quantum processors we have today, meaning this
type of processing could be integrated with quantum sensors in the future with-
out many algorithmic changes. To make this a practical reality, quantum sensing
that uses entangled probes as well as transduction of the quantum information
to the processor are still required. Google recently funded a program in quantum
transduction to bring this exciting technology pathway to fruition."” Recent work
has shown that quantum processing of even classical signals is required to achieve
optimal detection.'®

Historically, until around the early 2000s, scientific observations were exclu-
sively recorded as classical data, such as hand-drawn sketches or photographic
images from telescopes and microscopes. Quantum sensing offers an alternative
paradigm: incoming particles or fields directly alter the quantum state of a set of
qubits (short for quantum bit, the fundamental unit of information in quantum
computing).'® This quantum information is then processed by a quantum computer,
a setup that can convey exponential advantages: for instance, to learn properties
of the system under observation from exponentially fewer training examples than
required by a learner that ingests classical data.

The ability to process quantum-sensing data directly could lead to extraordinary
advances in many areas of experimental science. For example, laboratory detection
of axion dark matter may require sensor arrays with noise reduction orders of mag-
nitude better than the standard quantum limit, the fundamental limit of precision
in a continuous quantum measurement when using classical resources. Prototype
systems have demonstrated this via quantum nondemolition readout of the sensors
using superconducting qubits, which in turn would allow additional processing
with quantum circuits.>® Another example is quantum sensor arrays deployed at a
tuture particle collider, such as the Future Circular Collider under consideration at
CERN. The combined requirements of high intensity for the colliding beams and
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extraordinary precision in determining position and timing of produced particles
will be made even more challenging when searching for exotic new particles that
interact very weakly with detector components. Quantum sensor arrays embed-
ded in larger collider detectors offer uniquely low energy-detection thresholds,
nanoscale position resolution, and picosecond timing resolution.*' Such future
particle colliders will serve as a scaled-up platform for discovery by generating
massive amounts of quantum-native data that can only be fully distilled through
end-to-end Al and quantum workflows. By utilizing quantum sensor arrays to cap-
ture entanglement data, they will provide the high-fidelity training sets necessary
for Quantum Al workflows to construct the ultimate digital twin of nature and the
universe. Integrating quantum computing as the engine for processing these enor-
mous data streams, scientists can overcome the standard quantum limit, enabling
detection of processes that are currently invisible to classical observation. The syn-
ergistic investment on quantum-native Al is essential for unraveling fundamental
mysteries, from the Higgs boson’s interactions to the origins of space-time.

eam quantum has an edge when playing games. Games have long been an

important training ground for Al In 1997, for instance, the Deep Blue super-

computer made history when it beat the human world champion in chess.**
Throughout the 2010s, the Google DeepMind lab became known for training an
Al to master Atari games by only giving it input to the pixels and the game score.?3
In 2016, DeepMind’s AlphaGo computer program beat the world’s highest ranked
Go player.>4 Selecting the best move in a game is a form of optimization. Given the
steady progress in quantum-enhanced optimization, it’s plausible that in a future
matchup, a Quantum AI would defeat a purely classical Al in games like chess or
Go. Beyond optimization, quantum operations offer other intriguing advantages
rooted in the fundamental physics of entanglement. Entanglement is a form of cor-
relation. We say that two events are correlated when they co-occur together more
often than one would expect from the frequency of their individual occurrence.
This calculation employs standard probability theory, in which we use positive
real-valued numbers in the interval of zero to one to describe the probability of an
event occurring. The probabilities for different outcomes add up to one because by
convention we assign a probability of one to an outcome that is certain to occur.
Quantum physics can be seen as a generalization of standard probability theory, in
which we assign probability amplitudes, complex-valued numbers, to the possible
outcomes, and the sum of their probability amplitudes squared is normalized to one.
Two states are entangled if they are correlated according to these rules of quantum
probability. This is nicely explained in computer scientist Scott Aaronson’s book
Quantum Computing Since Democritus.*S Two players who exchange entangled qubits
can coordinate their moves in ways that are impossible with classical information
alone, enabling coordination strategies that don’t require direct communication
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or rely on classical information shared in real time. This has applications not only
in games involving coordination between players, such as bridge or blackjack, but
also in certain types of stock trades across geographically distant exchanges requir-
ing synchronized actions without communication delays, as well as coordinated
information processing in large-scale distributed neural networks.

he trajectory of artificial intelligence, as highlighted by Turing Award lau-

reate Richard Sutton in his influential 2019 essay “The Bitter Lesson,” has

largely been a story of escalating scale.?” Progress has been consistently
driven by employing ever-larger models and datasets, coupled with the applica-
tion of general-purpose, distributed algorithmslike gradient descent to train these
models. This relentless pursuit of scale places enormous demands on computa-
tional resources, spurring significant investments in specialized hardware and even
necessitating the fundamental redesign of data centers to manage these intensive
workloads. Quantum processors offer an alternative computational paradigm that
may help address this challenge. They operate by manipulating vectors within a
mathematical realm known as Hilbert space. This space, central to quantum phys-
ics, represents all possible states of a quantum system. Hilbert space is vast; its
vectors have an exponential number of elements. For a quantum computer with
n qubits, the corresponding vector in Hilbert space can represent 2" distinct val-
ues simultaneously. Remarkably, all these values can be processed or updated in a
single operational step. However, a critical constraint exists: to control or read the
vector, only a comparatively small, polynomial number of input and output bits
can be exchanged with the quantum computer. This input/output bottleneck has
led to the common perception that early quantum computers will be best suited
for small data, big compute tasks.

Much less research has been devoted to figuring out how we might employ future
large-scale quantum computers capable of handling the big data tasks underlying
most of machinelearning. But in a sign of things to come, a quantum algorithm has
been proposed that can train certain wide and deep neural networks exponentially
faster than classical methods.?8 This algorithm leverages quantum techniques for
matrix operations, a core component of neural-network training. It achieves train-
ing times that scale logarithmically with the size of the training dataset, denoted
as n. Such logarithmic scaling offers an exponential advantage over classical gradi-
ent descent. A crucial caveat, however, is the prerequisite of encoding the training
data into a quantum state, a process requiring what is known as quantum random
access memory (QRAM). Creating a QRAM state is an intensive step, taking order
noperations. Yet once this quantum representation of the data is established, it can
be used repeatedly to train multiple neural-network models with a significantly
reduced computational cost, proportional to log(n) (meaning the cost increases
very slowly as the dataset grows) for each subsequent training. To illustrate the
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difference: training a neural network in a classical data center demands effort that
scalesast - n*. This is because the number of training samples is typically chosen to
be proportional to the number of weights in the neural network. Therefore, in each
of the t training epochs we have to push n training examples through a neural net-
work with n weights, hence the n* term. In contrast, the quantum approach would
require an effort scaling as n + t - log(n). For datasets where n reaches into the tril-
lions, the resultant savings in time and resources could be monumental. While the
realization of large-scale QRAM is still aspirational, the cost and efficiency benefits
it promises would ultimately favor quantum methodologies. One might envision a
future when vast repositories of data and human knowledge are compactly encoded
into quantum states, empowering quantum machine-learning algorithms to train
models using a fraction of the current energy and hardware costs. We should note
thatitis still an open research question how QRAM that allows neural networks to
perform a query in log(n) time steps can be engineered in a fault-tolerant manner
at a computational cost.?9

There are additional quantum advantages relevant to the regime of large-scale
computation and big-data tasks underpinning modern Al that do not require QRAM.
Encoding classical data in quantum states can lead to exponential savings in com-
munication for problems like inference with distributed graph neural networks and
gradient-based training.3° For some natural graph problems, quantum algorithms
provide exponential memory savings over any classical algorithm.3' Specifically,
such discrete optimization problems and associated results in quantum commu-
nication complexity, which provide exponential savings in storage, suggest that
more non-QRAM examples of quantum advantage exist for big data tasks. In many
Al problems, memory, not computation, is the bottleneck. These types of advantages
leverage the ability to represent information in quantum states that is in some sense
a form of exponential compression yet crucially can still be used for computation.
They make full use of the physical substrate of storage or communication that is
allowed by quantum mechanics and that classical algorithms cannot take advan-
tage of. A recent example is “quantum oracle sketching,” which ingests massive
sequences of classical data by mapping them onto small rotations of a quantum state.
This state can then be used for classification or dimensionality reduction, offering
exponential advantages over classical systems that lack the memory capacity to
process such vast data streams.3> Whenever computers communicate optically,
they do not leverage the fact that one could instead send a quantum superposition
of different configurations of light over the same communication channel, which
can be used, for example, to solve classification problems that would otherwise
require exponentially larger bandwidth. Large language models such as Google’s
Gemini require multiple distant data centers to communicate during training, and
thus communication bottlenecks are a constraint on such computation that could
be alleviated with the help of quantum computers.33
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ecently, the term “agentic AI” has gained prominence, describing systems

capable of effecting actions in the real world, such as booking a flight. This

technical usage, however, is not intended to imply that artificial intelligence
has agency or free will in a philosophical sense. Indeed, it is difficult to reconcile the
concept of free will with a hardware substrate governed by the deterministic laws
of classical mechanics and electrodynamics. Within such a framework, genuine
choice and the emergence of agency — free will - become impossible to concep-
tualize. Everything proceeds on rails, and there is never truly a choice, a moment
when agency could manifest. This does not fundamentally change when we add a
source of randomness; if the decision between two alternatives is decided by the
throw of a digital die, true agency remains absent.

Similarly, the computer science underlying today’s Al has yet to provide a widely
accepted explanation for what implements human consciousness. Humans have
feelings and enjoy experiences; many of us would argue that this is what life is
all about. Likewise, many of us have a sense of agency, believing we are at least
partially in control of our destiny. Yet artificial intelligence is entirely stumped
when challenged with explaining these experiential features associated with bio-
logical intelligence, a dilemma philosopher David Chalmers dubbed the “hard
problem.” To accurately predict the future of AI, we cannot dismiss these profound
aspects of the human mind as mere epiphenomena and leave the discussion solely
to philosophers.

Addressing these challenges, a recent article in Entropy coauthored by one of us
puts forth a proposal drawing directly from the ontology of quantum mechanics,
particularly aligning with the many-worlds formulation.34 It suggests that con-
sciousness is how we experience the emergence of a definite, classical world from
the multitude of coexisting realities that, according to the many-worlds interpre-
tation, the equations of quantum mechanics describe at any given moment. More
specifically, the article suggests that a moment of consciousness arises whenever
a quantum mechanical state enters into a superposition of two or more configura-
tions. This moment of superposition, the authors argue in the article, is precisely
the moment of choice when agency can manifest.

To our knowledge, this is the first proposal for the physical substance of con-
sciousness that is amenable to experimental testing. This challenging but, in
principle, feasible test consists of coherently linking quantum degrees of freedom
in a human brain to a quantum computer, with the aim of investigating whether
such a link allows for a controlled expansion of human conscious experience. To
study how such a coherent link between qubits and neural tissue could be estab-
lished, the article proposes experiments with xenon isotopes on brain organoids
and fruit flies. Intriguingly, early (still unpublished) experimental data show that
different xenon isotopes exhibit different anesthetic potencies. If this isotope effect
is confirmed, then it would provide strong evidence that quantum processes need
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to be considered when modeling the action of anesthetics or more generally when
formulating a theory of consciousness.

uantum generalizations have been proposed for most classical machine-

learning methods. Take any acronym for a popular machine-learning (ML)

method, puta Qin front of it, and a Google search will point you to a paper
describing the quantum version (QML). Often such generalizations come with a
theoretical argument about why they should be superior. For instance, quantum
kernel methods can access large feature spaces inaccessible to their classical coun-
terparts, quantum GANs (Generative Adversarial Networks) or quantum diffusion
networks can work with probability distributions that can’t be represented on classi-
cal computers. But do such theoretical advantages really matter in machine-learning
practice? We don’t know yet. This is because machine learning is manifestly a
heuristic discipline. Whether a task is learnable or whether the architecture of a
neural network is well suited for alearning task is typically found by trial and error.
Indeed, classical neural networks were discovered experimentally, and it remains a
major open research problem to analytically and rigorously explain why they are so
effective. Similarly, it remains to be empirically tested whether the quantum gen-
eralizations of machine learning deliver better results. But the testing of heuristic
QML algorithms will have to wait until quantum computers reach the size at which
they can handle datasets big enough to be of practical relevance. Table 1 explores
why different QML algorithms may have an advantage.

While most QML algorithms today have only theoretical advantages, there exists
an early empirical foundation built on smaller-scale quantum processors: early
Nuclear Magnetic Resonance platforms provided experimental proof-of-principle
demonstrations for classifying quantum states and testing elementary QML proto-
cols, bridging the gap between theoretical algorithms and physical realization. As
hardware scales, these early results provide confidence that the theoretical speed-
ups will manifest empirically.

hile quantum computing holds promise for advancing artificial intel-

ligence in the future, Al is already accelerating quantum technology

today. This synergy is likely to create a virtuous cycle, leading to the
emergence of new capabilities. Where is Al boosting quantum computing and
where might its impact be greatest?

Quantum error correction — the technology that ensures that quantum infor-
mation does not leak into the environment and that all operations necessary to
execute a quantum algorithm are executed with high precision - is crucial for scal-
able quantum computing, but the hardware overhead to achieve it remains high.
Machine learning is being deployed to discover more efficient methods for encod-
ing quantum information stably and for decoding the error syndromes reported by
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Table 1
Advantages of Various Quantum Machine Learning Algorithms
Classical AL/ Underlying Quantum Potential Challenges/
ML Task Computation | Algorithm(s) &uantum Caveats
vantage
Model Parameter QAOA, VQE, Faster conver- | Superquadratic
training optimization | DQI, quan- gence, escape | speedups are
tum Gibbs local minima, | only established
sampling, find local for very specific
quantum minima optimization
streaming problems, less
memory
Generative Sampling QBMs, Higher expres- | Practical
modeling complex QGANS, quan- | sivity, better | advantage in
distributions | tum noise sample quality | generating com-
in diffusion pelling images,
networks videos, or other
patterns not yet
established
Classification Kernel compu- | QSVM (quan- | Access intrac- | Demonstrating
tation tum kernels) | table feature | advantage on
spaces real data, data
encoding
Linear Matrix inver- | HHL algo- Exponential Data1/0 over-
regression sionAx=b rithm speedupin N | head, sensitivity
(dimension) | to properties of
the Matrix A
Dimensionality | Eigenvalue QPCA (quan- | Exponential Data1/0 over-
reduction decomposition | tum phase speedupin N | head
estimation) (dimension)
Data search Unstructured | Grover’s algo- | Quadratic Oracle
search rithm speedup implementation
efficiency, qua-
dratic speedup
requires long
runtimes to
manifest
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Classical Al/ Underlying Quantum Potential Challenges/
ML Task Computation | Algorithm(s) &uantum Caveats
vantage

Pattern Finding Montanaro, Superpolyno- | Unclear wheth-

matching hidden shifts | Kuperberg mial speedup | er this is a natu-
rally occurring
problem

Anomaly Search forrare | Grover’s Quadratic Oracle im-

detection events algorithm speedup plementation
efficiency, qua-
dratic speedup
requires long
runtimes to
manifest

Table 1 shows how quantum machine-learning algorithms have been suggested for most
classical machine-learning tasks. The quantum algorithms abbreviated above are QAOA
(Quantum Approximate Optimization Algorithm), VQE (Variational Quantum Eigensolver),
DQI (Decoded Quantum Interferometry), QBMs (Quantum Boltzmann Machines), QGANs
(Quantum Generative Adversarial Networks), QSVM (Quantum Support Vector Machine),
HHL (Harrow-Hassidim-Lloyd), and QPCA (Quantum Principal Component Analysis).
Source: Authors’ data and analysis.

qubit measurements designed to detect errors. A notable early success in this area
is AlphaQubit, developed through a collaboration between the Google DeepMind
and Quantum Al teams. This ML-based decoding system maps error syndromes
to suspected errors. This task is well suited for transformer networks, the neural
network architecture underlying large language models, because we can generate
abundant synthetic training data by injecting errors into simulated circuits and
measuring the resulting syndromes, which then enables us to fine-tune the net-
work with experimental training data from actual hardware runs. The result was
that AlphaQubit outperformed the best human-designed methods in error rate.3

Al's recent advancements in generating and refining programs for complex
problems — exemplified by DeepMind’s AlphaEvolve tackling classical optimi-
zation challenges — suggest a powerful synergy with quantum computing.3® By
expanding the search space to include quantum programs, the AlphaEvolve cod-
ing agent could be employed to discover efficient quantum circuits for classically
intractable problems.

Beyond software and algorithms, AI's potential extends to the processes of
designing and refining the quantum hardware itself, further fueling the virtuous
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cycle. For instance, in chip design, machine-learning models can be trained on
extensive databases of existing designs and their corresponding performance met-
rics. The Google Quantum Al team is actively exploring this, leveraging metrology
data to teach Al how design parameters map to chip performance, with the goal of
eventually enabling automated and optimized chip design based on a sufficiently
large and comprehensive dataset.

Beyond the initial design phase, processor calibration presents another chal-
lenge for which artificial intelligence excels. Tuning a novel quantum processor to
its optimal operational regime involves navigating a high-dimensional parameter
space — a task akin to finely tuning a complex musical instrument. Here, sophisticated
Al algorithms are indispensable for efficiently solving these intricate optimization
problems and achieving peak performance from the quantum hardware. Further-
more, maintaining the quality and integrity of quantum hardware throughout the
manufacturing process significantly benefits from Al-driven wafer inspection. Com-
puter vision techniques, powered by machine learning, automate and enhance the
classification of wafer and circuit integrity. This application is yet another example
of how Al accelerates a critical step in the hardware development pipeline.

The fundamental ways by which quantum computing and artificial intelligence
can help each other are hardware-agnostic and apply to all scalable approaches to
quantum computing, including those based on superconducting qubits, neutral
atoms, trapped ions, photons, spin qubits, or topological qubits.

o predict how quantum computing and Al will mutually enhance and evolve

toward Quantum Al it’s instructive to recall AI's history (Figure 2): Follow-

ing initial conceptual breakthroughs, significant progress has largely been
driven by the scaling of underlying hardware. This scaling enables the creation of
larger models and the ingestion of the vast datasets essential for their training. The
perceptron, the first multilayer neural network and often considered the precur-
sor to modern neural networks, was proposed by psychologist Frank Rosenblatt in
1957. The architecture of a modern deep neural network powering a large language
model is not fundamentally different. Both consist of layers of McCulloch-Pitts
neurons — a simplified computational model of a biological neuron that receives
inputs, multiplies each by a corresponding weight, sums these weighted inputs,
and generates an output if this sum exceeds a predefined threshold. A deep neural
network is trained with the backpropagation algorithm, a development that started
in the 1970s. However, it wasn’t until the mid-1980s, particularly through the joint
work of psychologist David Rumelhart and computer scientists Geoffrey Hinton
and Ronald J. Williams, that its significance for training artificial neural networks
was fully realized, becoming a cornerstone of the field. The reason we are seeing
an explosion in the performance and use of neural networks is that the underlying
classical hardware has become exponentially more performant. Moore’s law once
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ensured that the power of an individual processor doubled about every two years.
As that progress began to slow, classical parallel processing compensated, leading
to the current era in which massive data centers are filled with processors, such as
graphics processing units (GPUs) and tensor processing units (TPUs), specialized
for the tensor computations needed in neural network training and operation.
This immense compute power, coupled with vast multimodal datasets, unlocked
the potential of long-established AI concepts. Computational innovations such as
the attention mechanism of transformer networks that allowed parallelization of
the training for language models were certainly important, but the fundamental
driver enabling the AI revolution has been hardware progress and large datasets.
The machine-learning algorithms have remained remarkably unchanged.

Now the hardware powering artificial intelligence is once again running up
against limitations. Besides the costs of so many TPUs or GPUs, the energy need is
becoming substantial. Generating a single image uses about 10 watt-hours, roughly
the amount of energy to charge a cell phone; training a large language model
requires about 10 gigawatt-hours, an amount a nuclear power plant outputs in ten
hours. Can we expect that quantum hardware will help to alleviate these hurdles
and to ensure the continued progress of AI? Because of the new capabilities afforded
by quantum computers discussed in this essay, the answer seems to be “yes.” The
fact that vast amounts of training data can be stored and manipulated succinctly in
superposition is a key reason why quantum resources may one day curb the steeply
rising costs of training large neural networks.

But beyond these practical efficiencies, there’s a more fundamental argument:
Since information must be represented by configurations of matter, it is ulti-
mately the laws of physics that dictate which operations are possible within any
information-processing system. It follows that the most advanced Al systems will
eventually leverage the richest computational framework allowed by physics, per-
haps eventually even incorporating principles from yet undiscovered physics in
quantum gravity and elsewhere, should such theories yield more powerful com-
putational models. From this perspective, continued progress in Al seems to lead
inexorably toward Quantum Al Hence, we dare to predict that by the time artificial
intelligence turns one hundred years old, it will have morphed into Quantum AI.
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