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Decoding complexity through machine
learning is redefining scientific discovery

Check for updates

Ricardo Vinuesa 1,2,3 , Paola Cinnella4, Jean Rabault5, Hossein Azizpour3,6, Stefan Bauer7,8,
Bingni W. Brunton9, Arne Elofsson3,10, Elias Jarlebring3,11, Hedvig Kjellström3,6, Stefano Markidis3,12,
David Marlevi13,14, Javier García-Martínez 15 & Steven L. Brunton 16

As scientific instruments and the literature generate ever larger volumes of data,machine learning (ML)
hasbecomeessential for organizing, analyzingand interpreting complex information. ThisPerspective
examineshowMLacceleratesdiscovery acrossdisciplines,with examples suchasbrainmapping and
exoplanet detection. It also considers situations with different levels of prior knowledge about the
underlying phenomenon, outlining strategies to address limitations and exploit ML effectively.
Although growing reliance onML raises challenges for research practice and validation, it is reshaping
scientific methods and expanding what can be studied. We also highlight foundation models as a
promising route to faster, broader scientific discovery.

Machines have played a critical role in scientific discovery (i.e. to obtain
fundamental and formalized knowledge about Nature) by providing the
tools to observe, measure, and analyze natural phenomena. Scientific
instruments, such as telescopes and microscopes, have historically
enabled groundbreaking discoveries by revealing details invisible to the
naked eye, expanding our understanding of the universe and the
microscopic world1. With the advent of modern scientific instruments,
including DNA sequencers, astronomical observatories, and high-
resolution imaging devices, research facilities are producing terabytes
or even petabytes of information. As data volumes grow, computers play
a critical role in organizing, analyzing, and interpreting this information.
Advanced computational methods help to reduce the complexity of the
data, making it possible to extract meaningful insights2,3. However, even
with the most advanced computers, the sheer volume of data generated
by large-scale projects such as the Large Hadron Collider (LHC)4 and the
Square Kilometer Array (SKA)5, and the vast amount of information
available in the scientific literature, make traditional analysis methods
impractical. Complex problems such as weather forecasting, drug dis-
covery, and genomic analysis often involve highly complex data sets and
processes that cannot be efficiently managed without the assistance of

machine learning (ML), which can help sift through massive data
streams, identify patterns, and extract valuable insights that would be
impossible for humans or traditional computational methods alone.
Complexity in these problems arises from non-linearity, high dimen-
sionality, and multiscale dynamics, posing significant challenges for
traditional mathematical tools and even recent simulation-based
approaches. Despite advancements in simulations and big data, we still
struggle to fully understand phenomena like turbulence or biological
processes at a deeper level. Advanced ML tools are also improving
decision-making, enabling faster and more accurate interpretations of
complex phenomena, and addressing challenges in numerous scientific
fields6. However, it also introduces some challenges and the need for
ethical guidelines to ensure the appropriate use of ML for scientific
research7. A key issue is algorithmic bias, which can distort outcomes and
lead to incorrect conclusions, particularly in areas like health care, where
biased predictions can impact patient care or drug development. Addi-
tionally, the black-box nature of ML models complicates transparency,
making it hard for researchers to verify decisions. Lastly, data ownership
and privacy concerns arise, especially with sensitive data like genetic or
health records. These issues require the development of robust ethical
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guidelines to ensure that ML contributes to science in a fair, transparent,
and socially responsible way8.

This Perspective advances three main messages: first, that machine
learning is transforming scientific discovery by enabling researchers to
address complexity across different levels of prior knowledge; second, that
the form and limits of ML-driven discovery depend critically on the avail-
ability of mechanistic understanding; and third, that realizing the full
potential of ML in science requires addressing challenges related to data,
bias, interpretability and validation. In this work, we explore the potential of
ML and artificial intelligence (AI) in three types of scientific problems: (i)
those where all governing equations are known, (ii) those with partial
knowledge and (iii) those where little is known. We illustrate this with
examples from the physical and life sciences, including turbulentflows, dark
matter, drug discovery, and brain research. Figure 1 summarizes how dif-
ferent uses of ML help address complexity in these areas. As discussed
below, as system complexity increases, the distinction between full, partial,
andnoknowledge of the governing equations becomes increasingly blurred,
butMLplays a crucial role in tackling these challenges. A good example of a
complex system with vast amounts of data that traditional tools cannot
process efficiently is brain research. ML enables the reconstruction of
countless brain slices into highly accurate three-dimensional (3D)maps. In
a recent study9, Google researchers used AI to process 300 million brain
images from Harvard, creating the largest-ever interactive 3D brain tissue
model, now available online (the database is available here: https://h01-
release.storage.googleapis.com/landing.html). This innovation is crucial for
understanding neurological disorders, as ML can detect patterns that tra-
ditional methods might miss, supporting early diagnosis and treatment
planning10. One of the most widespread applications of ML is in drug
discovery, addressing the time and cost challenges of traditional methods.
Thedrug-development process can take over a decade andbillions of dollars
due to the complexity of identifying viable candidates. ML is transforming
this by rapidly analyzing vast biological and chemical data, uncovering
patterns that might remain hidden, and streamlining the identification of
promising candidates. Additionally, ML enhances predictive modeling,
allowing researchers to forecast drug efficacy and safety earlier in the pro-
cess. By enabling virtual screening of drug-target interactions, ML reduces
the need for costly lab experiments and helps design more efficient clinical
trials, accelerating development and optimizing resources11. Figure 2 pro-
vides a comprehensive visualization of the key themes discussed in this
paper, focusing on the role ofML in scientific discovery and the challenges it

presents, particularly with respect to data. The top-left panel illustrates the
significant increase in data generated by modern scientific instrumentation
over time. Initially, humans organized and interpreted the data through
manual analysis and generalization. Since then, computational methods
have facilitated the management of large amounts of data, contributing
significantly to fields such as genomics, chemistry and mathematics. More
recently, with the advent of large-scale scientific facilities such as CERN’s
LHC4,ML techniques have become essential for processing vast amounts of
data. This shift has reduced human involvement in direct observation and
interpretation, raising concerns about our diminishingunderstandingof the
discoveries made by these technologies. The top-right panel outlines four
key challenges related to ML in science: data quality and availability,
inherent biases, explainability, and the risk of overfitting. The bottom-left
panel highlights a conceptual dilemma: while ML accelerates discovery,
there is growing debate about what constitutes a true scientific break-
through, and whether ML can only “rediscover” existing concepts rather
than uncover new insights. Finally, the bottom-right panel emphasizes the
increasing need for high-quality data to enable newdiscoveries throughML,
while highlighting the limitations imposed by our current gaps in scientific
knowledge.All of these issues are discussed indetail in the following sections
of this paper.

Recent applications of AI/ML providing scientific
breakthroughs
Artificial Intelligence is playing a transformative role in physics by
improving data analysis, model development, and experimental inter-
pretation. In astronomy, ML is improving the search for exoplanets by
boosting the accuracy and efficiency of data analysis12. AI-powered algo-
rithms, particularly convolutional neural networks, can process massive
data sets from telescopes to detect Earth-like exoplanets in noisy signals
more precisely than traditionalmethods. The transit method, which detects
exoplanets by observingmini-eclipses as they pass in front of their stars, can
be complicated byplanetary interactions that disrupt periodicity. To address
this, researchers from the University of Geneva, University of Bern, and
Disaitek applied ML and image recognition techniques to predict these
interactions. By training a neural network onnumerous examples, they built
a model capable of detecting subtle exoplanet signals that might be missed
by traditional methods. Their work led to the discovery of exoplanets
Kepler-1705b andKepler-1705c, advancing our understanding of planetary
systems13. ML is also crucial in areas like the Standard Model of particle

Fig. 1 | Conceptual framework illustrating how
machine learning (ML) and artificial intelligence
(AI) contribute to scientific discovery as a func-
tion of the amount of prior theoretical knowledge
available. The horizontal axis represents increasing
understanding of the governing equations, from
a limited knowledge, through b partial knowledge,
c to significant knowledge. Each column shows d a
representative scientific domain, e the correspond-
ing state of knowledge and f the primary role of ML.
When few or no governing equations are known, as
in brain research, ML is primarily used for repre-
sentation learning, manifold learning, and pattern
discovery from high-dimensional data. In systems
with partial knowledge, such as drug discovery, ML
complements incomplete or effective theories
through generative modeling, learning effective
equations, and hypothesis generation. When the
governing equations are well established, as in tur-
bulent fluid flows, ML is mainly applied to surrogate
modeling, explainable AI, and control and
optimization.
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physics14. Automated algorithms were central to the discovery of the Higgs
boson15, and future experiments will need to operate at higher energies and
intensities, generating data volumes too large for traditional methods to
handle. For instance, it is expected that the Large-Hadron Collider (LHC)
will increase proton collision rates by an order of magnitude in the next
decade, requiring data analysis tools such asML, to identify trends, uncover
hidden relationships, and design more effective experiments.

Another scientific area inwhichML is increasingly assisting research is
mathematics, in this case by improving the process of theorem proving,
mathematical method development and discovery. ML systems have
already demonstrated their ability to automate aspects of theorem proving,
where they naturally complement existing formal theorem provers such as
LEAN16: an AI can be used to formulate a proof, which can be verified by a
formal proving tool, giving absolute trust in the validity of the result. For
example, Meta AI’s neural theorem prover17 successfully solved 10 Inter-
national Math Olympiad (IMO) problems, far exceeding the performance
of previous ML systems18. More recently, DeepMind’s AlphaProof 18 com-
bined large language models with symbolic reasoning to generate and for-
mally verify mathematical proofs, achieving performance at the level of top
human competitors in advanced benchmark problems. Beyond automated
proving, ML is also contributing to the discovery of new mathematical
insights. Systems such as DeepMind’s AlphaEvolve19 illustrate howML can
go beyond proof verification by iteratively refining mathematical ideas and
conjectures in interaction with symbolic reasoning tools. DeepMind’s col-
laborations with mathematicians have led to ML-assisted advances in knot
theory and representation theory. In particular, ML has been used in a
constructive way to suggest proof strategies and uncover previously
unknown connections, such as in the study of Kazhdan-Lusztig poly-
nomials. Similarly, formal results can be obtained in quantumphysics using
Logical AI as a way to derive formally provable results20.More generally, the
development of these more advanced and autonomous systemsmirrors the
rise of Agentic AI, which has recently become prominent in advanced
question answering, coding tasks, and is now being applied to all categories
of problem solving21,22. Agentic AI is, in particular, diffusing into scientific
applications,whichgivesAI systems the autonomyand “agency” toclose the
loop between hypothesis formulation, the design of strategies and experi-
ments to test these, the implementation of such hypothesis testing and the
analysis of the obtained results. This would lead to the confirmation or

falsification of the hypothesis to test, possibly resulting in successive loops of
hypothesis formulation and testing23. These results illustrate how AI can
complement human intuition, accelerate mathematical research, and open
new frontiers24.

Embracing complexity
Machine learning comprises a growing set of algorithms25,26, enabled by
increasingly vast amounts of data and computing power27, that show
incredible promise for handling complexity spanning virtually all aspects of
human endeavors, as we discuss in the following. Neural networks in par-
ticular, despite being governed by simple rules, can perform complex tasks
for which no traditional algorithms exist. Although they are fully observable
and deterministic, we often cannot explain their decisions. However, they
have led to groundbreaking discoveries, such as a newclass of antibiotics28,29.
This creates challenges, such as the need for explainable AI (XAI)30–32.
Symbolic approaches, such as gene-expression programming, sparse
regression, and sparse Bayesian learning33–35, have been successful, but their
complexity grows exponentially with the search-space size. Recent efforts to
combine symbolic and deep-learning approaches have enabled advances,
such as discovering new materials36. This raises fundamental questions
about the limits of ML in scientific discovery; for example, can a complex
system understand its own complexity? And how much can AI discover
beyond its training data37? These issues highlight the opportunities and
challenges that data-driven methods bring to science. Some believe in the
“unreasonable effectiveness of data”38, particularly indeep learning39, but the
practical implications for future discoveries remain uncertain. A key ques-
tion is whether ML can provide not only computational solutions but also
fundamental scientific understanding. Note that ML’s applications in sci-
ence are not limited to discovery. For example, AI is revolutionizing opti-
mization, laboratory automation, and solving governing equations, such as
partial differential equations (PDEs). Recent studies40 have focused on the
potential of self-supervised learning in experiments and simulations
(including representations of scientific data), while others41 are exploring
AI’s role in formulating scientific questions. Note that the unique con-
tribution of this work is the study of howML can tackle complexity to reach
scientific discoveries, acknowledging that different levels of knowledge of
the governing equations (see Fig. 1) will require completely different ML
approaches. Thismay constitute a revolution in howweorganizedisciplines

Fig. 2 | Visual summary of the main concepts
discussed in this paper. a Growth in the volume of
data produced by scientific instrumentation over
time, accompanied by a transition from human-led
data organization to computer-assisted methods
and, more recently, to machine-learning-driven
approaches. This shift is associated with a pro-
gressive reduction in direct human observation,
intervention, and interpretability in the discovery
process. b The four key challenges identified in
applying machine learning (ML) to scientific dis-
covery: data quality and availability, bias, explain-
ability, and overfitting. c Conceptual distinction
between genuine scientific discovery and redis-
covery, highlighting the question of whetherML can
generate fundamentally new ideas, concepts, or
laws, or primarily recovers existing knowledge.
d The inverse relationship between prior domain
knowledge and data requirements, emphasizing the
need for larger and higher-quality datasets when
existing theoretical understanding is limited.
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when using ML for scientific discovery, where apparently different com-
munities may share many similarities in terms of how much is known
regarding the governing equations and therefore in terms of the ML
methods to be developed.

The emergence of scientific foundation models (SFMs) and large
languagemodels (LLMs) is further pushing the boundaries ofMLmethods.
Foundationmodels are large machine-learning or deep-learning generative
models trained on vast amounts of data so they can be applied on a wide
range of cases. They predict masked data regions to learn associations,
excelling in multiple tasks without large, labeled datasets. Despite risks like
bias and transparency issues42, foundation models have revolutionized AI,
especially through chatbots like ChatGPT43. LLMs are now able to assist
with tasks from writing44 and coding45, to generating creative ideas and
guiding scientific experiments46–51. Foundationmodels also showpromise in
non-text-focused areas, such as protein-structure prediction52, protein
design53 and climate simulations54. An interesting feature of foundation
models, and particularly LLMs, is that they demostrate so-called “emergent
abilities”55,56. The term refers to unexpected, not explicitly programmed,
capabilities that arise as model scale increases, and do not consist in mere
extrapolations of smaller models’ performance. Such abilities were first
observed in complex natural systems, e.g. phase changes in materials,
complex behavior in flocks of birds or fishes, as well as in computational
systems suchas cellular automata andagent-basedmodels, and the termwas
originally popularized by the Nobel-prize winner P.W. Anderson57.
Examples of LLM emergent abilities include in-context learning, complex
reasoning, and multi-step problem-solving, which are highly valuable for
scientific research. Thanks to this, LLMs are found to generalize to new tasks
without prior examples (zero-shot learning) orwithminimal data (few-shot
learning), making them particularly useful in domains where data is scarce
or highly specialized. More generally, they have the potential to aid
hypothesis generation, automate literature reviews, predict protein struc-
tures, and accelerate scientific discovery, especially when combined with
reinforcement learning (RL) and a suitable system of rewards/penalties to
optimize specific scientific tasks, suchasdesigning experiments or iteratively
refining hypotheses based on feedback. Synergywith scientistsmay allow to
exploit the reasoning capabilities of the models in dynamic, real-world
scenarios, enabling more efficient exploration of complex scientific pro-
blems. On the other hand, these abilities are often unpredictable and non-
linear, raising challenges in reliability, interpretability, and ethical use.
Careful oversight is then needed to ensure that these models align with the
scientific goals and produce trustworthy results. Risks include the potential
for generatingmisleading or incorrect outputs, amplifying biases present in
training data, and over-reliance on automated systems without sufficient
human validation. Additionally, the opacity of how these models arrive at
their conclusions can hinder their adoption in critical scientific applications,
raising important questions about their benefits and risks in science58.
Fajardo-Fontiveros et al.59 discuss when it is possible to learn models from
data and the acceptable noise levels for accurate learning.

Discovery versus re-discovery by machine learning
While ML has proven invaluable in refining existing knowledge, its real
potential lies in detecting patterns and correlations that may not be
immediately apparent due to the vast amounts of data involved. This raises
the question of whether ML is truly discovering new insights or merely
reinterpreting existing knowledge.Historically, scientific discovery has been
rooted in inquiry, observation, and experimentation, with creativity playing
a crucial role in generating new insights into phenomena or theories60,61.
While ML excels at analyzing large datasets, identifying patterns, and
generating hypotheses (which are key components of discovery), its ability
to make truly autonomous, original discoveries is still debated. Ground-
breaking discoveries usually require creativity, broader contextual under-
standing and sometimes leaps beyond available data. ML is revolutionizing
research by uncovering complex trends, and its potential to independently
produce original scientific discoveries is a topic of active research in several
studies62, and workshops, such as the one organized by the National

Academies on How ML Is Shaping Scientific Discovery63. Furthermore, a
recent AAAI overview64 has synthesized progress and gaps for discovery
with generative AI, calling for science-focused agents and better bench-
marks/evaluations that test long-horizon reasoning and novelty. It is
important to observe, from the examples listed throughout this letter, that
ML has already contributed to significant scientific breakthroughs: this
highlights AI’s potential to navigate uncharted scientific territory, and the
value there is in leveraging AI to enable scientific discovery65.

One of the most significant advancements in AI-driven scientific dis-
covery is AI-Hilbert. Developed by IBM researchers, AI-Hilbert acts as an
“AI scientist” that transforms existing theories and data into new, consistent
mathematical models. Its goal is to accelerate scientific discovery by auto-
mating hypothesis generation and testing. AI-Hilbert helps scientists
uncover new knowledge by analyzing large scientific datasets and revealing
patterns overlooked by traditional methods. It also refines theories by
managing conflicting data66. Furthermore, Cornelio et al.67 have developed a
newML tool which combines axiomatic knowledge with experimental data
to derive scientific models. By integrating logical reasoning and symbolic
regression, it has rediscovered laws like Kepler’s third law and Einstein’s
time-dilation law. This tool can distinguish between competing formulas,
even with limited data. While efficient at replicating human discoveries,
these tools often confirm known theories rather than offering new insights.
ML can be biased towards existing patterns, limiting its ability to generate
new hypotheses. In these cases, AI’s role is more supportive, validating
established knowledge rather than challenging it68. ML holds immense
potential for making groundbreaking discoveries, particularly in fields like
drug development and astrophysics. However, for ML to drive new
knowledge, it must evolve beyond confirming human findings. This will
require developing ML models with an intrinsic understanding of the
mechanisms it analyzes, where causality is key69. ML discoveries can com-
plement human expertise, relying onhuman interpretation and creativity to
fully appreciate and exploit the insights gained. Explainability tools will be
key for this32,70,71.

Machine-learning-driven scientific discovery when
complete information is available
There are several applications within Physical Sciences where the under-
lying governing equations are known perfectly but the high-level global
dynamics are still not well understood. For instance, while we know the
quantum equations behind biomolecular dynamics, complexity makes
biology a partial-knowledge problem since only limited biological systems
can be measured or simulated, and simulating the full human brain is
impossible. Similarly, turbulent flows, described by the Navier–Stokes
equations, are only partially understood due to their chaotic nature as the
Reynolds number increases72. While the large scales in the flow can be
simulated, the smaller scales are much more difficult to simulate, making
turbulence a major challenge73. However, some ML techniques, such as
symbolic regression and reduced-order modeling, can help uncover
unknownflow features andphysical properties from largedirect-numerical-
simulation (DNS) datasets71,74, as indicated in Fig. 3, as well as reveal hidden
biases and structures present in experiments75. Advances in turbulence
modeling using supervised ML have also improved closure models for
Reynolds-averaged Navier–Stokes (RANS) and large-eddy-simulation
(LES) turbulence models76,77. In astrophysics, the supervised classifier
SPOCKpredicts long-term stability inmulti-planet systems (which requires
integration of the laws of gravitation over billions of orbital periods) using
short-term simulations and effectively generalizing to larger systems78.

Optimal control of complex physical and biological systems is another
challenging area where ML, particularly deep reinforcement learning
(DRL), shows promise. DRL has led to breakthroughs in quantum physics,
astronomy, turbulence control, and tokamak-instability control, offering
insights into complex systems and discovering new strategies79–84. DRL has
even uncovered previously unknown thermodynamic cycles85. ML can
dramatically accelerate simulations of complex systems with known equa-
tions. Autoencoders can be used to discover latent-space representations
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that enable faster time integrators and simulations, leading to better opti-
mization and systematic studies86,87. For instance, high-energy physics relies
on comparing observed particle detector data with simulations, which are
computationally intensive. Fast generative models like generative adver-
sarial networks (GANs) and variational autoencoders (VAEs) offer a faster
alternative, although on-going research aims at ensuring that the required
accuracy is achieved88,89. In quantum computing, AI is envisioned as a
possible tool to tame some of the complexity that makes designing and
operating a real-world quantum computer challenging90. In climate science,
foundation models for weather forecasting are revolutionizing climate
studies, offering potential breakthroughs in understanding climate change
and paleoclimates91. In applied mathematics, DRL and large language
models (LLMs) are generating new algorithms and optimizations. Notable
examples include matrix operations92 and combinatorial problems, where
AI aids in discovering new strategies that can be validated with classical
algorithms93. In these cases, AI provides valuable heuristic methods,
although itmust be highlighted that finding adequate solutions still remains
challenging.

When governing equations are known, ML primarily acts as an
enabling and revealing tool: it accelerates simulations, explores large para-
meter spaces, uncovers latent structures, and identifies effective control
strategies. In this regime, ML does not replace physical laws, but enhances
our ability to exploit them, providing computational efficiency, improved
modeling, and new heuristic insights into complex dynamics.

Machine-learning-driven scientific discovery when
only partial information is available
In contrast to systems with well-understood governing equations, in some
scientific problems we only have access to partial knowledge of the under-
lyingmechanisms, as seen in complexmaterials (e.g., composites or textured
materials) and certain fluids (e.g., granular or multiphase flows). These
systems can exhibit simple microscopic behaviors yet result in complex
macroscopic phenomena, such as the spread of infectious diseases or “active
turbulence” in biological matter94,95. In these cases, inductive biases, like
frame invariance or symmetry constraints, can be incorporated into ML
models to improve the discovery process70,96. Physical constraints (e.g.,
thermodynamics) help create more generalizable models. For example,
Moya et al.97 proposed a neural network constrained by known thermo-
dynamic properties, enabling broader applications across physical systems.
It is also important to highlight digital twins, where only some data are
available, and they combine data-driven aspects with simulations while
preserving generalization properties98. Another example of taking advan-
tage of knownphysical properties of the system is embedding symmetries in

autoencoders, intending to develop reduced-order models (ROMs) in
physical systems invariant to input transformations99,100. These data-driven
and physics-informed techniques are crucial for scientific discovery; for
instance, ML is helping to derive constitutive laws for materials with com-
plex rheologies. De Lorenzis and collaborators101 introduced a hybrid fra-
mework (EUCLID) to learn constitutive equations for hyperelastic solids,
and the SpaRTA framework for data-driven turbulence modeling102 has
been adapted tomodel elastic solids103. Such approaches have also been used
to infer constitutive equations from crystal structures and rheology of
complex fluids104. (see Fig. 4).

In the context ofLife Sciences, structural biology is afieldwhereMLhas
made significant advances despite partial knowledge of the phenomena.
AlphaFold105, for instance, folds proteins into their three-dimensional (3D)
native form from a one-dimensional(1D) amino acid sequence using deep
learningwith embeddedbiases likemultiple sequencealignment (MSA)and
3D equivariance. AlphaFold has also spurred innovations inML, including
single-sequence methods like ESMfold and generative models for protein
design106,107. Diffusion models are also being used to generate protein-
backbone structures and molecular ensembles, bypassing the need for
simulations108,109. Furthermore, generative models have also been used to
discover physical models, integrating prior knowledge with data to gen-
eralize to new scenarios110. Transformers, for instance, are now used in
Chemistry to complete chemical reactions and predict reaction yields111. In
quantum technologies, ML methods, particularly reinforcement learning,
are increasingly used for closed-loop quantum control and automated
experiment design, enabling data-driven protocols for quantum-state pre-
paration and stabilization20,90,112–114. ML is also being explored for device
calibration, noise characterization and errormitigation to reduce the impact
of hardware noise in near-term processors90,115,116. In addition, quantum
computing has been proposed as a platform that could accelerate specific
ML primitives (quantum ML), but whether this yields practical advantage
for real-world workloads remains an open question90,117,118. In climate
modeling, ML has developed new LES models to ensure stable long-term
forecasts119. ML has also been shown to enhance traditional weather-
prediction systems120.

Machine-learning-driven scientific discovery when lit-
tle information is available
There are numerous phenomena across scientific disciplines whose origins
and underlying principles remain elusive. In these cases, the absence ofwell-
established governing equations or foundational physical models makes it
difficult to fully capture and understand their critical dynamics. For
example, neuroscience has no first-principle equations, as there are no

Fig. 3 | Schematic representation ofML directions
to enable scientific discoveries when complete
information about the governing equations is
available. In such a case, both supervised, unsu-
pervised, and reinforcement-learning methodolo-
gies can be used. Supervised and unsupervised
methodologies are made possible by generating
large datasets of synthetic data simulated from the
governing equations. This allows the deployment of
a variety of ML techniques that can discover com-
plex hidden relations, nonlinear coordinate systems,
hidden dynamics or solve otherwise intractable
problems. Reinforcement learning can also be used
by coupling it to the physics simulator, which has
already proven successful at discovering previously
unknown control strategies and regimes of complex
systems or generating high-quality heuristic guesses
that can be tested in the case of problems where
solution verification is easy, but the suggestion of
good candidate solutions is hard.
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known conservation laws or symmetries to derive generalizable differential
equations. Evenwith equations describingmolecules or cells, the complexity
of the brainmakes full-scale simulation unfeasible.Despite this, advances in
neural data acquisition, such as large-scale neural recordings and con-
nectomics, produce alternative datasets, promising a new era of ML-driven
discovery in neuroscience and behavior121,122. Although full-brain simula-
tions remain beyond reach, data-driven models can replicate key input-
output relationships, generating predictions vital for discovery. In neu-
roscience, perturbation experiments (such as activating neuron populations
during visual tasks) provide insights into visual perception. Data-driven
models can generate testable hypotheses and refine their predictions itera-
tively through experiments. ML also synthesizes diverse experimental data,
such as the MICrONS dataset, which links functional imaging with struc-
tural reconstructions of cortical neurons123.

ML can learn dynamics where no a-priori knowledge exists, as seen in
the Hodgkin–Huxley equations modeling neural dynamics124. Approaches
like SINDy (sparse identification of nonlinear dynamics)35, genetic
algorithms125 and reinforcement learning126 can help uncover system
dynamics. Neural ordinary differential equations (NODEs)127 are another
method for modeling continuous dynamics, although they often lack sci-
entific insight. Hybridmodels relying on transformers128 or SINDy-inspired
architectures129 aim to bridge this gap. Interpretable-ML models can also
discover biomarkers for diseases or predict treatment outcomes from
patient data130. In systems lacking governing equations, interventional data
like CRISPR-Ko experiments in single-cell biology131 are enabling ML to
identify some of the underlying mechanisms. Automated setups are
advancing132, leading to research in designing experiments for system
identification, especially for non-linear models like NODEs133. These cap-
abilities are increasingly integrated into closed-loop, agentic systems that
propose experiments, execute them and update hypotheses64,134.
Representation-learning techniques, suchas variational autoencoders135, are
essential for simplifying the characterization of complex systems by iden-
tifying latent spaces that reduce dimensionality and reveal causal
structures136. Causality and its application to dynamical systems have gained
prominence137, especially in Earth sciences138 andmolecular biology139, with
some studies using invariance from heterogeneous experiments as a signal
to identify causal ODEs140. Learning structured latent spaces is of crucial
importance since it provides an effective coordinate system in which the
dynamics have a simple representation, which is a key requirement for
generalization and interpretability141. In Fig. 5 we provide a schematic
representation of the identification of an underlying causal structure from
observations where the variables of interest are not directly observed.

Recent research has also explored improving diffusion models and
solvers142, which are useful for generating state-of-the-art results in areas
like image generation143, protein modeling144 and materials science145.
Despite their success, large pre-trained models provide limited scientific
insights146, and therefore constitute an opportunity for future research.
Machine learning has also enhanced data collection and processing in
systems with indirect or incomplete measurements. ML imputation and
generative modeling can complete time-series data, improving down-
stream applications147. Furthermore, computer-vision techniques have
also automated previously manual tasks, such as segmentation in
microscopy, enabling large-scale analysis of cell populations148. In
ethology, ML has transformed video data into animal kinematics and
poses, linking behavior to underlying neural computations149. Notably,
large language models (LLMs) and scientific foundation models
(SFMs)150 are opening new avenues for extracting scientific insights
directly from data, in particular when combined with agentic AI32,151.
Genome-scale language models (GenSLMs), for instance, are helping to
learn the evolutionary landscape of SARS-CoV-2 genomes152, while
LLMs are enhancing neuroscience research by integrating different
datasets and summarizing insights across isolated subfields153.

Some agentic systems are being used to coordinate the full discovery
loop: hypothesis → code/experiment → analysis → write up. Early
demonstrations include “The AI Scientist”134, which auto-generates ideas,
runs experiments and drafts papers, and an AI co-scientist that proposes
and iteratively improves hypotheses with multi-agent debate and different
validations in biomedicine48.

In the absence of governing equations, ML enables discovery by
identifying structure in data itself, through representation learning, causal
inference, and hypothesis generation. Rather than uncovering explicit laws,
ML provides testable models and organizing principles that guide experi-
mentation and theory development, making it possible to explore systems
that are otherwise beyond current mechanistic understanding.

In sum, it is hard to overstate the ongoing impact of machine learning
as a critical tool that, when used in conjunction with other approaches (e.g.
experiments, causality analysis, development of an adequate coordinate
system, etc.), catalyzes advances in scientific fields where no information on
the phenomenon under study is available.

The drawbacks, limitations and challenges of machine
learning for scientific discovery
Despite the significant advances thatMLhas brought to scientific discovery,
there are key areas that need to be addressed to accelerate its contributions

Fig. 4 | Example of machine learning applied to a
case where partial knowledge is available.Here we
illustrate a model (for instance a flow with complex
rheology or a flow through a porous medium, top
right of the picture) which depends on a set of
known inputs x (e.g. geometry, boundary condi-
tions, etc.) as well as on a set of hidden (unobser-
vable) variables α describing, e.g., the fluid
constitutive behavior. The latter may involve small-
scale phenomena that can be difficult or impossible
to describe. In such conditions, experimental or
numerical data for observable quantities (e.g. velo-
city fields or stresses y) can be used to infer the
unknown field by training amachine learningmodel
(here represented as a neural network, although
other ML approaches are possible), subjected to
physical constraints (e.g. positivity, symmetries or
invariances). The whole process allows, on the one
hand, to train a data-driven closure model for the
hidden variables α and, on the other hand, to gain
a-posteriori physical knowledge of the fluid con-
stitutive properties.
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and realize its full potential while minimizing some clear risks, as dis-
cussed below:

• Data-related challenges: the success of ML in scientific discovery relies
on large high-quality, structured datasets, but scientific data is often
incomplete, noisy, or imbalanced, leading to biased models. Unstruc-
tured data, especially in fields like biology, chemistry, and geology,
complicate the use of ML applications, since these algorithms are not
inherently designed to handle such data. However, it was recently
shown that foundationmodels could help for prediction tasks in small
general datasets154. Note that the absence of labeled data complicates
the use of supervised-ML techniques155.

• Bias and ethical issues: ML models are prone to data bias, distorting
results and hindering scientific discovery. Bias in data collection or
model training can reinforce existing assumptions instead of revealing
true insights156. This is especially concerning in fields such as drug
discovery, where existingmodelsmight overlook demographic groups,
making the discoveries less generalizable157. Ethical concerns, especially
in medicine, highlight risks in applying ML to decisions affecting
human life158. It is important to note that the policy implications159

extend beyond research integrity: economic models of AI-assisted
discovery predict faster, more profitable search only with parallel
investment in hypothesis-testing infrastructure (laboratories, compute
for simulation and data governance). Regulators and funders should
therefore couple support for AI agents with capacity-building and
auditing of closed-loop pipelines.

• Explainability and interpretability:MLmodels, particularly thosebased
on deep learning, often function as “black boxes”, making accurate
predictions without revealing their decision-making processes and
introducing significant challenge for the extraction of scientific
understanding for example in drug discovery, where understanding
why a model predicts a certain interaction is crucial160, medical
applications in general, where decisions need to be communicatedwith
the patient161, and more generally for any attempt at gaining
fundamental understanding about a given system162. Advances in
explainable AI (XAI) have improved interpretability in areas like
materials science163, chemistry164, and medicine165.

• Overfitting and generalization: ML models often overfit their training
data, performing poorly onunseendata, a fact that limits their ability to
generalize. In scientific contexts, this can produce misleading results
and fail to capture complex, nonlinear relationships, as seen in

chemistry, biology, and astronomy166–168. Overfitting restricts the
potential of ML to develop universal theories essential for broad sci-
entific understanding169.

• Evaluation and governance of agentic discovery systems: it is essential
to develop task-grounded benchmarks64, as well as policy that matches
AI-driven hypothesis generation159 with sufficient testing capacity;
otherwise any potential gains will not materialize. This complements
economic models of prioritized search showing that AI raises success
probability only if experimentation capacity scales alongside it.

Improving data quality and diversity is critical for ML models to
generalize across disciplines. Initiatives like the Open Reaction Database170

and the Crystallography Open Database171,172 aim to enhance data man-
agement under the FAIR (findability, accessibility, interoperability and
reusability) principles173. Incorporating bias detection and fairness-aware
algorithms can reduce biased data impacts174. XAI methods are being
developed to improve the transparency of ML models, particularly in
healthcare applications like brain-tumor segmentation175. Hybrid approa-
ches that combineMLwith physics-basedmodels yield promising results by
ensuring that the predictions adhere to known scientific principles176,177. It is
also important to note that ethical frameworks are also needed to ensure
fairness, transparency, and accountability, especially in medicine178,179.

While AI has shown great potential in scientific discovery, significant
challenges remain. Issues related to data quality, bias, interpretability, and
overfittingmust be addressed to harness the full potential ofAI in advancing
science. By improving data access, enhancing model transparency, and
developing hybrid models, the scientific community can overcome these
obstacles anddrivemeaningful, trustworthydiscoveries usingAIwhichmay
play an instrumental role in areas as far-reaching as gravitational waves180,
space exploration181 or even the discovery of extraterrestrial life182.

Outlook
Karl Popper famously stated in The Open Universe: An Argument for
Indeterminism from the Postscript to The Logic of Scientific Discovery that
“science can be described as the art of systematic oversimplification”183 and
this remains true due to the historical limitations in processing and ana-
lyzing vast amounts of data. As a result, scientists have long been forced to
simplify their objects of study by focusing on isolated phenomena or simple
models. While simplification has clear benefits, for example in the teaching
and the systematization of science, oversimplification carries significant
risks, as essential information and key aspects of problemsmay be lost in the

Fig. 5 | Schematic of amodel where the behavior as
observed in data depends on unknown structure.
The observed behavior or dynamics might occur on
several different spatial and temporal scales, and the
observed data might reflect more or fewer aspects of
the underlying system. In such conditions,
representation-learning methods can be employed
to distill out an explanation of the observed data in
the form of a system of ODEs or as a causal-graph
representation.
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process. For example, in ecological research, studies often focus on indivi-
dual species interactions without considering the broader dynamics of
ecosystems or other effects, such as climate change184.

ML methods have already enabled several scientific and technological
advancements, from solving image classification to strategic decision-
making, to winning at Go. This article has highlighted how modern data-
drivenmethods are enabling breakthroughs in scientific discovery, focusing
on state-of-the-art techniques that push beyond previous limitations. We
have cathegorized these approaches by how much knowledge about the

underlyingmechanisms is available, ranging fromwell-understood systems
to thosewith unknown governing principles. As summarized inTable 1, the
potential of ML spans a wide spectrum of applications, including dis-
covering physical laws, evaluating complex systems, inferring unknown
behaviors, and uncovering multiscale mechanisms. These advances apply
across fields like Physics, Mathematics, Chemistry, and Life Sciences, pro-
mising faster scientific progress than ever before. At the same time, using
ML for scientific discovery raises important challenges. A key advantage of
ML is its ability tomodel complex systems, but this often requires extensive

Table 1 | Summarizing overview of the opportunities for machine learning in scientific discovery

LEVEL OF KNOWLEDGE MODE OF DISCOVERY METHODS APPLICATIONS
Domain  (examples) Activity (examples)

SIGNIFICANT 
Systems with pre-
existing deterministic 
governing equations

Enabling Supervised ML
- Symbolic regression
- Autoencoders
- Reduced order 

models
- Foundation models
- Surrogate modelling

Unsupervised ML

Fluid mechanics Surrogate modelling, 
computational speed-up, 
and data generation

Control and quantum physics Control and optimization

Mathematics Computational speed

Chemistry Parametric compound 
sweeps

Climate science Forecasting and surrogate 
modelling

Revealing Explainable ML

Deep Reinforcement 
Learning

Material science Stability prediction, 
compound discovery, and 
self-correcting process 
identification

Fluid mechanics Turbulence dynamics, and 
flow control

Quantum physics Ground state predictions. 
Chemical reactivity

Mathematics Algorithmic optimization

Life science Molecular dynamics

PARTIAL 
Systems with known 
input behaviour, but 
where model 
complexity prohibits 
complete knowledge 

Enabling Generative modelling

Deep Reinforcement 
Learning

Biology Drug discovery, including 
protein and structural design

Chemistry Reaction prediction and 
synthesis planning

Physics Shifting known equations 
into unknown settings 
(multiscale; 
multidimensional)

Revealing Explainable ML

Physics-constrained learning 

Biology Unveiling analytical 
equations of complex 
systems (multiscale; 
multidimensional)

Material science Constitutive material 
discovery

Inducing Reduced order models

Physics- constrained learning

Biology Drug development through 
digital twinning of known 
systems 

Quantym physics and 
quantym chemistry

Material and compound 
discovery through digital 
twinning

LIMITED
Systems with 
complex multiscale 
nature going beyond 
current deterministic 
knowledge

Causal inference and 
induction

Interpretable ML

Explainable ML

Deep Reinforcement 
Learning

Multidisciplinary Multiorgan, multiscale, or 
multidomain systems

Systems biology Biomarker and pattern 
discovery

Based on the notion of decoding complexity, the level of prior deterministic knowledge (left) can be used to differentiate methods (second right) and applications (right) through which machine learning is
fueling scientific discovery. Notably, this includes various modes of discovery (second left), ranging from cases where machine learning enables discovery by allowing for efficient computational usage,
parametric sweeps, etc., to caseswheremachine learning is used to causally infer underlyingmechanistic behaviors in complexmultidisciplinary systems.We also note a cross-cutting agenticmode (end-
to-end discovery agents) spanning all knowledge regimes by orchestrating hypothesis generation, experiment design/execution and reporting48,134.
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training data. In areas like astrophysics, rare diseases, or new pharmaceu-
ticals, data scarcity is a frequent obstacle. Fortunately, complementary ML
methods can either generate needed data or bypass large datasets through
techniques like self-supervised learning. Even when ML does not directly
result in discoveries, it can facilitate breakthroughs where data are limited.
Validation is another challenge, especially in cases where the governing
principles are unknown. ButML-driven discoveries can be confirmed using
traditional scientific methods, such as hypothesis testing, observational
confirmation and benchmarking. Additionally, ML models often function
as “black boxes”, making it hard to derive formal knowledge from their
results. This is a significant issue for science, where understanding is key.
However, explainable- and interpretable-ML methods offer solutions,
helping to achieve discoveries in the context of established scientific
principles71. Despite these challenges, ML is becoming an essential tool
across disciplines, and its continued evolution promises even more
opportunities for scientific discovery. With further refinement, ML tech-
niques are likely to address the current limitations, enabling even greater
advancements.

The recent Nobel Prizes in Physics185 and Chemistry186 highlight the
transformative impact of machine learning, demonstrating its ability to
revolutionize scientific discovery. ML is accelerating breakthroughs
across disciplines and enabling researchers to tackle levels of complexity
that were previously inaccessible through powerful tools for data analysis
and pattern discovery. Embracing this complexity is essential: only by
doing so can science capture the complicated interdependencies of nat-
ural systems and enable additional discoveries. The real challenge (and
opportunity) of AI-driven scientific discovery lies in moving beyond
solving narrow, well-defined problems to tackling complex, open-ended
questions. In this broader context, debates surrounding artificial general
intelligence (AGI) and artificial superintelligence (ASI)187,188, although
not the focus of this article, provide a useful conceptual backdrop for
current developments in AI-assisted science. One prominent trajectory
towards greater generality relies on increasingly large foundation models
trained on massive, heterogeneous datasets189. Scaling up the number of
parameters (and the amount of training data) is then supposed to cause
the appearence of so-called “emergent abilities”55, i.e. complex, often
unexpected, behaviors or phenomena that arise from the interaction of
components within the model, making it able to perform tasks well
beyond those for which it has been trained. While some of the existing
large foundation models exhibit impressive versatility, they also expose
fundamental limitations related to interpretability, causal reasoning, and
robustness under distributional shifts, which are properties that are
central to scientific reasoning and discovery. In addition, their training
requires substantial amounts of data that are yet far from being available
in a number of scientific disciplines. A complementary trajectory
emphasizes the development of world models190,191, in which learning
systems aim to build structured, predictive representations of their
environment through a combination of unsupervised and reinforcement
deep learning. This approach is more naturally aligned with the goals of
scientific modeling, as it seeks to capture dynamics, constraints and latent
structure rather than purely input-output correlations. However, world
models also introduce new risks, including implicit modeling assump-
tions, accumulated biases and challenges in validating the learned
representations against physical reality192.

From the standpoint of scientific discovery, neither scaling alone nor
increasing model autonomy is sufficient. Progress will depend on striking a
careful balance between expressiveness and structure, data-driven learning
and physical priors, predictive accuracy and falsifiability. Framed in this
way, AGI and ASI should be seen less as imminent objectives than as
conceptual limits that help clarify the challenges involved in integrating AI
meaningfully into the scientific process. The real opportunity of AI-driven
scientificdiscovery lies not in replacinghuman inquiry, but in augmenting it
by enabling connections across scales, disciplines, and representations that
would otherwise remain inaccessible, while preserving the epistemic foun-
dations on which science ultimately depends.
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