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Recent advances in machine learning and AI, including Generative AI and

LLMs, are disrupting technological innovation, product development, and so-

ciety as a whole. AI’s contribution to technology can come from multiple

approaches that require access to large training data sets and clear perfor-

mance evaluation criteria, ranging from pattern recognition and classification

to generative models. Yet, AI has contributed less to fundamental science in

part because large data sets of high-quality data for scientific practice and

model discovery are more difficult to access. Generative AI, in general, and

Large Language Models in particular, may represent an opportunity to aug-

ment and accelerate the scientific discovery of fundamental deep science with

quantitative models. Here we explore and investigate aspects of an AI-driven,

automated, closed-loop approach to scientific discovery, including self-driven

hypothesis generation and open-ended autonomous exploration of the hypoth-

esis space. Integrating AI-driven automation into the practice of science would

mitigate current problems, including the replication of findings, systematic

production of data, and ultimately democratisation of the scientific process.

Realising these possibilities requires a vision for augmented AI coupled with a

diversity of AI approaches able to deal with fundamental aspects of causality

analysis and model discovery while enabling unbiased search across the space

of putative explanations. These advances hold the promise to unleash AI’s po-

tential for searching and discovering the fundamental structure of our world

beyond what human scientists have been able to achieve. Such a vision would

push the boundaries of new fundamental science rather than automatize cur-

rent workflows and instead open doors for technological innovation to tackle

some of the greatest challenges facing humanity today.
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Introduction

With the scientific revolution in the seventeenth century, the notion of mathematical modeling

using equations became the efficient language of choice to understand and predict events in the

natural world. Four hundred years later, we have vast amounts of data and increasing access

to computational power. Recently, we have witnessed an ever-increasing comprehensive ap-

plication of machine learning accelerating science in unprecedented ways with many questions

around quantifying the speed up of discovery (Fig. 1). One consequence of this increase in sci-

entific production that the digital revolution enabled, it is becoming more and more challenging

for individual scientists to keep abreast of their fields and digest the relevant literature. To ad-

vance science and perform end-to-end high-quality scientific investigations, scientists require

one or two orders of magnitude more hypothesis-led experiments than are currently humanly

possible. Laboratories are under pressure to perform an increasing number of experiments

needed to replicate results. This makes collaborations more challenging, given all the associ-

ated overheads in particular for interdisciplinary research. It may be that science will be too

difficult for humans to continue to perform by themselves and will need AI at the driving seat

of knowledge discovery to continue the endeavour of human science.

To conceptualise how AI can augment science, we like to distinguish between the follow-

ing levels. First, AI and machine learning can operate as extractors of information. This in-

cludes text mining of scientific literature to find relevant papers and, in the best case, extract

knowledge and synthesise a body of research from vast sources. A more “modern” use of AI

has made existing workflows or procedures more efficient such as being faster and more au-

tomatic. This includes augmented computations and simulations in physics. Alternatively, to

make an analysis workflow more automatic by constructing a loss function that incorporates

several parameter-dependent steps into a single (complex) optimisation problem. The first ver-
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sion of AlphaFold is one example. Yet, in these two levels, AI primarily supports and augments

current scientific practice. A third level is where AI could potentially discover something novel

by learning, not only a useful but a ”true” representation of a given process in nature. For

example, a useful compressed latent representation could be learned by training an AI system

on data. Alternatively, the scientist could impose soft priors such that certain symmetries and

invariants exist in the problem, thus forcing the AI system to discover interpretable structures

in the physical process. For example, recent work on flow-related problems in physics and

chemistry, using physics-inspired neural networks (PINNs), demonstrated the feasibility of AI

for science beyond a black-box model (1). This line of work is similar to the “classical” model-

based analysis of nature initiated by the scientific revolution. Here in this review, we focus on

the prospect of not only augmenting science, by finding useful, interpretable representations but

finding representations leading to new scientific discoveries by involving AI in what we refer to

as a closed-loop-science-AI iterative cycle.

Here we suggest a next level of applying AI to science and leading science by developing

such closed-loop science: AI systems integrated with laboratory automation to execute cycles of

planned experiments (2,3). Such systems fully automate simple forms of scientific research and

can facilitate collaboration across disciplines and between partners - humans or AI systems. AI

can speed up the scientific discovery process and has the potential to advance AI itself in areas

relevant to fundamental science, such as causal discovery, automation of experimental science,

and the expansion of scientific knowledge. One current bottleneck is knowledge representation

which, by nature, is biased toward the limited understanding of the human (scientific) mind.

Here we can either use soft priors exploiting deep structures in the scientific area of interest or,

better, actually develop AI systems that will discover effective interpretable representations of

the scientific area in question. This is another inspiring direction in which science may move,

and scientists will have to decide (if they have the option) to let machines build their internal
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Figure 1: A quantitative framework of domain-agnostic acceleration of scientific discovery
with AI, its relationship with human-carried science, and the combination of human and ma-
chine. AI time T ′ to conduct certain tasks is traditionally taken to be faster than T by orders of
magnitude (2) as it is also more scalable. Still, its domain-dependency and relationship to T ′′

(human-machine hybrid) are likely highly domain-specific.

languages and representations to do their science. This will not happen all of a sudden,it is most

likely happening already, even if such language is in some way rudimentary. Here we refer

to them as black boxes in areas such as deep learning, where scientists often struggle to make

sense of it and increasingly use AI tools to guide and decipher AI results.

Applications of AI have so far been successful, but their success has been largely limited

to industrial applications, problems of classification, and data science. A recipe for success has

been to pick a problem, that has a well-defined metric for performance. The problems should

preferentially have a history of previously increasingly successful attempts to solve them. Ex-

amples include board games (Chess, GO) and bioinformatics workflows (transcription factor

binding, protein folding, antibiotics). Yet, despite impressive, the success of these examples,
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hinges upon clever search algorithms and efficient implementation of end-to-end workflows.

But, in the end, no new fundamental laws of nature are being discovered. Furthermore, as a re-

flection of the lack of fundamental laws, the success of these AI systems remains challenging to

disentangle. To advance beyond this state of affairs, we argue that we need AI systems that can

discover new representations and generative laws of the scientific problem at hand. The notion

of an iterative closed-loop discovery scheme constitutes one putative path forward. Yet, only a

limited number of successful examples have closed the full loop of scientific discovery (4).

Human scientists today need to think about how to create AI systems that can partner with

scientists and take on responsibilities over the complete arc of scientific discovery, from the

process of observation and intervention to hypothesis generation from a domain knowledge base

to conducting experiments and evaluating results and rejecting or validating the assumptions,

to integrating them into the current knowledge base and filing them with the relevant existing

literature (5). Thus, the question is how to make substantial and meaningful advances in AI

to enable us to go even further in accelerating science, hitherto driven exclusively by humans,

to not only rapidly expand human knowledge and improve the impact of scientific practice,

but also to increase its reliability, availability, reproducibility, verifiability, transparency, and

trustworthiness as the processes involved in scientific discovery become more automated.

In Fig. 1, we propose some quantitative measures that will not apply to all cases but rather

instances where a combination of AI and human approaches can further accelerate science.

Nevertheless, the expectation is that AI will provide a real gain on most fronts and domains.

AI in Scientific Discovery

Challenges

Humans are traditionally biased and prone to very well-known cognitive fallacies or biases,

which science is hardly a stranger to (6–8). One common and increasingly discussed issue is
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reproducibility across all domains (9, 10). Humans are ill-equipped to deal with the repetitive

tasks that reproducibility entails, and there are all sorts of inducements for consciously or uncon-

sciously making dubious moves, particularly when it comes to the game of funding and high-

impact publishing (11). Confirmation bias, fake rigour, prior assumptions/hypotheses omission,

ad hoc methodologies, cherry-picking experimentation, selective data, hype and overstatement

of results, network community effects, “rich-get-richer” phenomena widening the inequality

gap in science, and poor reporting are examples (7, 8, 12–16).

We used to think that science was entirely objective, but history has taught us that it is also

driven by community choices and groups, where it becomes clear that political and social pref-

erences and underlying cognitive biases can interfere with scientific progress (17,18). All these

problems are leading to a crisis impacting scientific networks, putting collaborative networks at

a disadvantage and favouring competitive ones, and often compromising the very principles of

scientific practice.

Closed-loop-AI-led science has the potential to mitigate all these problems because it can

bootstrap itself with the right mechanisms to detach itself from human-led science and its own

biases, even if human scientists initially transfer them. Furthermore, this invites scientists with

the task of initially guiding AI as to the type of meaningful research that should be conducted

but then letting it explore regions of the scientific space that may never be reachable by human

scientists while having the option to keep what human scientists believe is of greatest interest

but letting the close-loop-AI system to potentially continue using less human-relevant content

searching for novelty in terms of what is potentially interesting to go after. That is to have AI

bootstrap itself out of and above the loop-AI-science without human guidance.

One challenge in this direction is that automation can easily fall into the over-fitting trap

without human input and mechanisms to avoid this have to be in place. However, it has been

found that simplicity and randomness are powerful mechanisms to avoid local minima and
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maxima when iterating over searching algorithms (19). A striking feature of supervised machine

learning is its propensity for over-parametrisation (20). Deep networks contain millions of

parameters, often exceeding the number of data points by orders of magnitude, so often, the

model starts to over-fit right at the beginning (21). Broadly speaking, networks are designed to

interpolate the data, learning/constructing an associated manifold by driving the training error

to zero. Deep neural networks in particular are widely regarded as black-box approaches, ill-

equipped to offer explanations of the produced models for classification, often with superhuman

ability (22, 23). One strategy that has enabled researchers to make progress in understanding

the workings and limitations of deep learning is the use of what has been called ‘generative

models’ (24). This involves training adversarial algorithms represented by neural networks

that systematically tamper with data while asking it to generate novel examples (25, 26). By

observing the resulting examples and how the classifier fails, they can understand the model’s

limitations and improve the classifier.

However, current approaches in science (see Fig. 2), including most machine and deep

learning methods, rely heavily on traditional statistics and information theory. Consequently,

such models are insufficient to capture certain fundamental properties of data and the world re-

lated to recursive and computable phenomena, and they are ill-equipped to deal with high-level

functions such as inference, abstraction, modelling, and causation, being fragile and easily de-

ceived (27–30).

Most of these algorithms fail to be scalable in domains outside the training set. Such algo-

rithms lack mechanisms for abstraction and logical inference, they fail at generalisation (31).

For example, in the case of driverless cars, one does not want a car to crash millions of times

to learn how not to crash, so current techniques such as adversarial networks offer a way to

produce examples in which not driving appropriately can lead to an event that is labelled a

crash (32). However, driving and crashing are events where cause and effect need to be learned,
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Figure 2: Bubble landscape of current approaches to AI from and for science. Bubbles may
occur more than once when related to several larger domains. Some approaches may have
alternative names or have been re-branded in certain contexts. Neuro-symbolic models have
sometimes been referred to as ’intuitive’ while some statistical-driven approaches have been
labelled as ‘cognitive computing’. Generative AI (GenAI) has made little to no contributions
to fundamental science so far but has great potential. Large Language Models (LLMs) may
significantly tap into and contribute to the exploratory capabilities of the scientific hypothesis
space, given their capabilities to process human language in which all human science has been
written. GenAI and LLMs are approaches of statistical nature, but it remains unexplored to
what extent they may develop symbolic capabilities from statistical (e.g. linguistic) patterns.
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which current approaches cannot do.

When AI leads science so that laboratory experiments are automated to execute cycles of

planned experiments, AI frees humans from repetitive, tedious, and error-prone tasks and can

deal with vast amounts of data that no human could handle (33). These human scientists, in turn,

can feed the AI systems back with new insights and novel theories. Thus, such an emerging

feedback loop of AI-human collaboration will synergistically boost scientific discovery toward

previously unattainable results, rigour, and dissemination. To overcome the above limitations

and challenges, we claim that it will require the fostering of new theories and methods, as well

as human and technological resources in AI, data science, and interdisciplinarity, so scientists

become capable of dealing with this AI-human interplay both at an infrastructural and a metas-

tructural level. One of these methods may involve AI that guides AI, and translates results to

humans, and this intermediate AI may not be of the same type. For example, causal and model-

driven AI may be required to disentangle other AI systems to which human scientists cannot

relate if they do not have a mechanistic explicative component, whether there is one or not. This

may lead to some sort of meta-AI that may not require Artificial general Intelligence but would

require a different set of skills than purely statistical machine learning approaches.

Historical Context

Applications of AI in science are quite broad and cover many fields. The idea of automating

reasoning goes back to Leibniz, where the modern incarnation can be traced back to efforts to

build computing machines in Europe. In particular, the heroic efforts of Alan Turing’s work at

Bletchley to automate the problem of code breaking and his ideas of an imitation game (34,35).

It can also be traced back to Joshua Lederberg (Nobel laureate) (36), Ed. Feigenbaum (Turing

award winner) (37), Karl Djerassi (co-inventor of the contraceptive pill) (38), and colleagues

at Stanford in the 1960s, who worked on automating mass-spectroscopy for the Viking Mars
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lander (39, 40). AI has long been a tradition of taking scientific discovery as an area of study.

In the 1970s the Nobel Prize laureate and Turing prize winner Herbert Simon developed Ba-

con, an AI system for science (41). Since this pioneering work, much has been achieved, and

there are now many convincing examples of AI systems making clear contributions to scientific

knowledge (e.g. the very recent (42, 43)).

Eurisko (44) and Cyrano (45) are two examples of other attempts to perform automated

discovery from basic principles in a variety of technical fields, in particular in mathematics,

chemistry, and a few other domains. These are systems that can be viewed as heuristic search

systems, with the additional advantage that they can reconfigure their own search space.

Some commercial products are specifically designed to be applied to knowledge and sci-

entific discovery. For example, DataRobot (46) promotes Eureqa (47), having acquired Nu-

tonian (48–50). Eureqa was designed to create models from time series data and is based on

creating random equations from mathematical building blocks through evolutionary search to

explain the data (49). It has been called a “Virtual Data Scientist” (47).

A team of researchers from Google DeepMind launched a machine learning project called

AlphaFold in 2018 to participate in the Critical Assessment of Techniques for Protein Struc-

ture Prediction or CASP (51). CASP is a biennial competition that assesses state-of-the-art in

three-dimensional protein structure modelling. In its first version, AlphaFold was particularly

successful at predicting the most accurate structure for targets rated as the most difficult by the

competition’s organisers, but it was not until the second program, AlphaFold 2, in 2020, when

the team achieved a level of accuracy much higher than any other group before and scored

above 90 for around two-thirds of the proteins in CASP’s global distance test (GDT), a test

that measures the degree to which a structure predicted by a computational program is similar

to the structure validated experimentally, with 100 being a complete match. AlphaFold relied

on a lot of human knowledge already generated in the years before, especially in areas such as
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molecular dynamics. The program was designed to include the expert domain in the form of

the training data. How much molecular biological knowledge was introduced is still not known,

but while it required a team that did draw heavily on domain expertise to tune it, most of the

predictive power came from the AlphaFold 2 tool itself (43, 52).

A precursor of AI in physics is the project GALILEO (Guided Analysis of Logical Inconsis-

tencies Leads to Evolved Ontologies) (53). The GALILEO project tried to model the repair of

faulty theories of Physics whose predictions were contradicted by empirical evidence. One area

of successful application of machine learning from climate data, for example, was the discovery

of climate dipoles through machine learning (53). Physics-driven AI has the potential to impact

how we approach science, on our current predominantly data-reliant—as opposed to the model-

centred—scientific method, by placing the mechanistic model at the centre of modelling itself.

Paradoxically, current physics-led AI and machine learning research have distracted researchers

from more fundamental research, even though the discussion has started, and researchers will

hopefully eventually get around to the first principles they claim to care about.

On the knowledge side, there are many applications of knowledge extraction of interest,

such as for drug re-purposing by pharmaceutical companies (54,55). On task-oriented problem

solving, we can find an increasing number of workflow systems that understand scientific tasks

and carry them out. There have been some success stories demonstrating that by collecting and

integrating available molecular data into computational models, accurate predictions of inter-

ventions in the system can actually be made. An example is the Robot Scientist program (2)

that was able to autonomously execute high-throughput hypothesis-led research investigating

yeast-based functional genomics, with the next-generation scientific program later using the

same principles for drug screening. In another example, a computational model of Halobac-

terium salinarum NRC-1 was first constructed through massive data integration and machine

learning-driven inference of the regulatory network (56).
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Another example was the ambitious whole-cell computational model of the life cycle of the

human pathogen Mycoplasma genitalium (57). The model accounted for all annotated gene

functions and was validated against a broad range of data. Now, the model encompasses ap-

proximately 500 genes and their interactions.

In the area of neural networks, there has been, for example, an effort to make them ‘under-

stand’ cause and effect by algorithmic training. While more research is needed, fundamental

research is aware that alternative approaches are required to capture the complexities of hypoth-

esis and model generation or selection (19, 29, 58). In this sense, the research in this type of

higher-order AI, such as deconvolution from searching for generative processes from the entire

algorithmic space (59), will also be crucial to advance current research.

To present a summary of the current state of AI applications to each scientific domain, Ta-

ble 1 displays an organisation of scientific domains1 and the applicable AI algorithms’ classes

and approaches. Scientific domains are approximately ordered from smallest physical scales to

largest. Overlapping areas are not reflected in this high-level table (e.g., semi-supervised RL

methods, or the representation of neural networks (NNs) that conflates various deep learning

types like LSTM and Transformers), not to mention complex, context-dependent multidisci-

plinarity. Table 1’s content was the consensus and understanding of a subset of this paper

authors. While supervised statistical methods have made contributions to almost every area of

knowledge, these are of very different type mostly ranging from identification to classification.

Some areas are more difficult than others across all approaches, such as mathematics, philoso-

phy and epistemology. In general, statistical approaches rank poorly at finding first principles

or adding new mechanistic knowledge to scientific domains.

Generative AI (GenAI) and Large Language Models (LLMs) are promising to advance sci-

1Note that: Complexity includes systems and intelligence as defined by the Santa Fe Institute; Manufacturing
notably includes ML-based design of sensors and chips; and Earth systems includes oceans, land, air, and near
space (see earthdna.org).
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ence by assimilating and synthesising the vast corpus of human knowledge embedded in scien-

tific literature. Through this synthesis, LLMs can interconnect disparate ideas, construct unique

hypotheses, and venture into uncharted areas of scientific knowledge. However, this exploration

is bound by the data they have been trained on, creating a theoretical bubble that could lead to

model collapse through excessive training on the same data.

To burst this bubble, it is essential to supplement LLMs with other methods and multiple

sources. For instance, active learning could serve to maximise information gain, challenging

the model with fresh data and different viewpoints cross-pollinating from different scientific

domains. Hybrid models blending AI with symbolic reasoning could tackle scientific problems

requiring high-level abstraction, thus broadening LLMs’ capabilities. This approach would

therefore fall into the neuro-symbolic category for purposes of scientific discovery.

Indeed, an area where LLMs could be especially impactful is in scientific model discovery.

By analysing patterns and correlations in vast datasets, LLMs could help identify mathematical

relations and possibly reveal new potential (physical, or computational) laws just as it learns

language grammar from natural language statistics. This could expedite the scientific process,

enabling more rapid breakthroughs.

Furthermore, LLMs could make a significant contribution to causal analysis. By process-

ing extensive scientific literature, they could draw links between causes and effects that might

be overlooked by human researchers, proposing novel causal hypotheses for testing. Pairing

this with counterfactual reasoning, where the AI predicts the outcome of modifying specific

variables, could deepen our understanding of cause-effect relationships, and help simulate al-

ternative model outcomes.

However, it is also important to acknowledge the limitations of current LLMs, and statistical

machine learning (ML) in general, which currently lack the depth needed for any breakthrough

to happen and require quality and diversity of data allowing an LLM ‘temperature’ (favouring
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less likely statistical patterns) to explore further along the potential long tails of the distribution

of scientific results with potential breakthrough science away from incremental average science.

A collaborative approach, in which human scientists guide the AI, can help harness the strengths

of both worlds mitigating the current weaknesses of LLMs and statistical ML, ensuring a more

effective utilisation of this technology today.
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Mathematics - ∼ - ∼ - ✓ - ✓ - - ∼ ∼ - - - - - -
HE Physics - theo - ∼ - ∼ - ∼ - ✓ - ∼ ∼ - - - ∼ ∼ ✓ -
HE Physics - exp ✓ ✓ ✓ ✓ - - ✓ - ✓ ∼ ∼ ✓ ∼ - - ✓ ✓ ✓
Optics & Acoustics ✓ ✓ ∼ ✓ ∼ ∼ ✓ - ∼ - ∼ ∼ - ∼ - ∼ - -
Complexity - - ∼ ✓ ∼ ✓ - ✓ ✓ ✓ ∼ ✓ ∼ ✓ ✓ - ∼ -
SynBio & Ind Biotech ✓ ✓ ∼ ✓ ✓ ∼ ∼ ✓ ✓ ∼ ∼ ✓ ∼ ✓ ∼ - ∼ ∼
Organic Chemistry ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Physical Chemistry ✓ ✓ ✓ - - - - - - - - - - - - - - -
Electrochemistry ✓ ✓ - - - - - - - - - - - - - - - -
Materials ✓ ✓ ∼ ✓ ∼ - - ✓ - ∼ ∼ ✓ ∼ ∼ ∼ - ∼ ∼
Computing ✓ ✓ - ✓ - - ∼ - - - ∼ ✓ ∼ ✓ - ∼ ✓ ✓
Medicine, molecules/proteins ✓ ✓ - ∼ - ∼ - ∼ ∼ ∼ ∼ ✓ ∼ ✓ ∼ - - ∼
Medicine, drug development ✓ ✓ ∼ ∼ - ✓ ∼ ✓ ✓ ✓ ✓ ✓ ∼ ∼ - - - -
Medicine, clinical ✓ ✓ - ✓ - ∼ ∼ ✓ ✓ ✓ ∼ ∼ - - - - - -
Botany & Zoology ✓ ✓ ∼ ∼ ∼ ∼ - - - ∼ - - - ✓ ✓ - - -
Systems bio & epidemiology ∼ ✓ ∼ ✓ - ∼ ✓ ✓ ✓ ✓ ✓ ✓ ∼ ✓ ✓ - ∼ -
Neuro and Cog sciences ✓ ✓ ∼ ✓ ∼ ∼ ✓ - ✓ ∼ ✓ ✓ ∼ ∼ ∼ ∼ ✓ ∼
Energy - nuclear (fis/fus)ion ✓ ✓ - ∼ - ∼ ∼ ✓ ✓ ∼ ∼ ✓ ∼ - ∼ ∼ ∼ ∼
Energy, generation & storage ✓ ✓ - ✓ - ∼ ∼ ✓ ✓ ∼ - ✓ ∼ ✓ ∼ ∼ - ∼
Energy, oil & gas ✓ ✓ ∼ - - - - ✓ ∼ ∼ - ✓ - - ∼ - - -
Manufacturing ✓ ✓ - - ∼ - - ✓ - - ∼ ∼ - ∼ - - - -
Engineering & Industrials ✓ ✓ - ∼ ✓ - ∼ ✓ ✓ ∼ ∼ ✓ - - ∼ - - ∼
Energy Systems ✓ ✓ - ∼ ✓ - ✓ ✓ ✓ ∼ ∼ ∼ - - ∼ - - -
Transp. & Infrastructure ∼ ✓ - - ∼ - - ✓ ✓ ∼ - ∼ - - ∼ - - -
Agriculture ∼ ✓ ∼ ✓ ∼ - ∼ ✓ ✓ ✓ ∼ ✓ - ∼ ∼ - - -
Ecology ✓ ✓ ∼ ✓ ∼ - ∼ ✓ ✓ ✓ ∼ ∼ ∼ ✓ ✓ - - -
Socioeconomics & Markets ✓ ✓ ∼ - - ∼ ∼ ✓ ✓ ∼ ∼ ✓ ∼ ✓ ∼ - - -
Finance ✓ ✓ - - - - - ✓ ✓ ∼ ∼ ✓ - ✓ - - - -
Politics & Geopolitics - ∼ - ∼ ∼ - ∼ ✓ ∼ ∼ - ∼ - ∼ ∼ - - -
Defense, aerospace ✓ ✓ ✓ - - ✓ ✓ ✓ ∼ ∼ ∼ ∼ ∼ ∼ - - - -
Climate, weather ∼ ✓ ✓ ✓ ∼ - - ∼ ✓ ∼ ✓ ∼ ∼ ✓ ✓ - ∼ ∼
Earth Systems ∼ ✓ ∼ ∼ ∼ ∼ ∼ ∼ ✓ ∼ ✓ ∼ ∼ ∼ ∼ - ∼ -
Astrophysics & Cosmology ✓ ✓ ✓ ✓ ✓ ✓ - - ∼ ∼ - - ∼ ∼ ∼ ∼ ∼ ∼
Philosophy, Epistemology - - - - - ✓ - ∼ - ∼ - - - ∼ ✓ - - -

Table 1: Scientific domains and the applicable AI algorithms’ classes and approaches. ’-’ and
✓means simply no (or unknown) and yes, respectively; ∼ implies the ML application is likely
but not yet done nor sufficiently validated. This table is very dynamic and requires an update
every quarter given the speed of developments impossible to keep up with without considerable
effort or help from AI.
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Aspects of AI-Led Closed-Loop Science

The ability to predict and design (inverse design), while exceptionally useful, will not necessar-

ily lead to new fundamental discoveries (new theories) unless AI and human goals in scientific

discovery are aligned and synergistically intertwined to impose the similar objectives quantified

and introduced into, for example, a loss function .

This is because scientific discovery cycles, such as those illustrated in Figs. 3, are not iso-

lated parts but belong within a greater cycle of scientific inquiry spanning an entire topic or field

comprised of a community of scientists.

It is the larger learning cycle that fuels the questions in the smaller learning cycles. The

larger cycle is fuelled by human curiosity and human challenges and has a strong historical and

social component, but the shorter cycles, being more well-defined, they are more prone to be

automated. Nevertheless, the larger cycles may be needed to kick-start the discovery process of

the smaller learning cycles.

In this sense, one option to integrate human scientists and AI-driven science is for humans

to build the context of the greater cycle (for example, fulfilling the role of the ‘Final Theory’ and

‘Background knowledge’ steps at the leftmost smaller cycle in Fig. 3), feeding the AI with new

insights, and leave the AI to independently deal with the smaller cycles (such as the rightmost

smaller cycle in Fig. 3), guided by the greater ones. The LLM’s could for example, be very

useful as a technical interface and translation of human high-level larger cycle aspirations and

their respective ”divide-and-conquer” breakdown into smaller cycles. If one aims at the highest

degree of automation of the discovery cycle, more sophisticated forms of AI should include

automation of the validation, dissemination, refereeing, and other aspects of human science and

its practice.

To tackle such challenges, we propose in the following sections the steps and technology
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suggested to conduct an entire cycle of AI-led scientific discovery (60), as in Fig. 3.

Figure 3: Visual representation of closed-loop full experimentation cycle for scientific discovery
pathways, adapted and combining ideas from (33) and (2). LLMs can now facilitate closing this
loop but require help to connect each module and process in a causal rather than only a statistical
fashion.

Hypothesis Generation

One of the central components of the scientific practice is the ‘hypothetico-deductive’ method

(61,62). An additional set of epistemological tools is induction (63), abduction (3) and counter-

factual reasoning (64). To automate those knowledge processes, a deduction can be combined

with simulation to infer the experimental consequences of hypotheses. Matching simulation

with experimental output will be a reliable basis for an AI to accept or reject a hypothesis. Such

experimental output is tested with multiple interventions in the automated series of perturba-

tion analyses (65). However, while one traditional approach to automate induction may follow,

for example, new methods for clustering and regression, automating abduction and the creation
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of counterfactual scenarios may pose an even more challenging problem. For this purpose, it

would require the AI algorithm to explore irreducibly novel possibilities that are emergent to

the current state of knowledge in which the AI is situated (66).

In this sense, neural networks are unlikely to be useful in the process of hypothesis genera-

tion, nor is any statistical machine learning. This is because they need training, and not only is

training over hypothesis generation exactly the problem to be solved in the first place, but train-

ing over previous hypotheses, dividing them into rejected or valid, may undermine the freedom

and the unbiased exploration that is desired of regions of interest in the hypothesis space. For

hypothesis generation, what is needed is a bottom-up approach (e.g., a model-driven AI) or a

hybrid one able to conduct cycles of systematic hypothesizing, from either partial or exhaustive

enumerations (even if redundant though universal) (67, 68).

A bottom-up approach that deals with this open-endedness concerning the role of novelty

is the field of algorithmic information dynamics (AID) (65), a framework for causal discovery

and causal analysis based on algorithmic information theory and perturbation analysis.

Open-ended innovation in hypothesis generation and how to create and search over un-

bounded hypothesis spaces in less well-specified domains is an open challenge in itself, where

research on the topics of this document can help make progress. These spaces and the methods

exploring them usually have to deal with problems of intractability or uncomputability (69,70).

Each method has its advantages and drawbacks and lies at different extremes of the causal

inference spectrum. Guiding heuristics based on first principles are needed to explore the hy-

pothesis space (71). Dovetailing partial results is necessary to avoid infinitely long cycles run-

ning the search. Here aspects of computability and tractability will be in play at every step,

which we will need measures to deal with unless less powerful techniques are implemented

(e.g. propositional logic or domain-restricted spaces such as a set of genetic circuits). At one

extreme are the statistical tools that confound correlation and causation but can help scientists
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make a call and guide their experiments, viz. graphical models that combine probability with

symbolic logic, reasoning, and interventional calculus. The statistical approach often leads to

less computationally expensive methods and, although in general, they may present distortions

or biases toward some selected features (28, 72), it returns sound results in cases one knows

a priori that the underlying generative processes are purely stochastic, stationary and ergodic.

At the other extreme is AID, which searches for sets of agnostic generative models compati-

ble with observations, and exploits these models as testable underlying mechanisms and causal

first principles (69, 70), regardless of those being stochastic, computable, or mixed processes.

In addition to offering less constrained methods, for example deconvolution algorithms (59)

and optimisation in non-differential spaces (19), this approach offers results in direction to

tackling the abduction and counterfactual problem, as for example shown in new methods for

open-ended evolutionary computation (73,74), and synergistic distributed computation (75,76).

However, bottom-up approaches like AID may not be humanly understandable, or when they

are, scrutinising them may require great computational effort, as is the case in other areas such

as automatic theorem proving (e.g., the four-colour theorem). LLMs may here again provide

an advantage to interface between these model spaces as natural language processors integrat-

ing otherwise disparate systems translating among different domain databases and knowledge

bases.

Experimentation and Sensing

One key task is to create AI systems for scientific discovery able to conduct experimentation

and hypothesis testing independent of human instruction or with little to no human instruction.

This is because what is desired to take scientific discovery to the next level is not the program-

ming of algorithms able to conduct experiments, but open-ended algorithms able to set their

own goals and experiments guided by previously conducted experiments (their own or from
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the human literature). To this end, involving the machine embodiment to perform as a physi-

cal scientist, instrument-driven approaches render robotics key to making progress in physical

experimentation so that more and more of the physical execution of experiments will be done

using robotics. This will increase the productivity of science, as robots work cheaper, faster,

more accurately, and for longer than humans. Furthermore, if not embodied, the scientific ex-

periment may collapse into a problem of data analysis and inference without the hypothesis,

model, and theory testing that requires positive or negative feedback from the empirical side.

Thus only a tiny part of the scientific discovery cycle would be tackled.

Neural networks can help physical machines to embed themselves in a physical world for

representation purposes, as neural networks have proven useful in representing all sorts of im-

ages. Still, innovation in areas of robotics and mechatronics will be required to accommodate

the kind of depth and range of scientific experiments, in particular when it comes to accuracy

and precision—which should not present a problem—while also helping with the current, very

human problem of reproducibility (16). This is expected to have a significant impact on the

reproducibility of science, as automating science requires semantic precision. LLMs will also

interface between human and robot instructions making it easier to create tools to automate ex-

periments in natural language effectively instantiating a robot assistant able to process human

instructions for scientific experimentation.

Rejection, Validation and Model Selection

Model selection and reduction have been a recurring theme across several sub-fields of areas,

such as computational biology and neuroscience, with special reference to dynamical forward

models. The idea is that if a complex nonlinear model can be reduced in complexity (fewer

state variables and parameters), the investigator can more readily discern which parameters

and state variables are more crucial to the model’s behaviour, facilitating model analysis and
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understanding. One example is the reduction of the four-dimensional Hodgkin–Huxley model

to a two-dimensional FitzHugh–Nagumo (FHN) system (77). The core idea was to perform

a time-scale separation into fast and slow subsystems. This has been used in a number of

model reduction studies, including the cell cycle. Techniques for dimension reduction, feature,

and model selection will be helpful at this stage, from statistical approaches such as principal

component analysis to more sophisticated ones such as minimal information loss techniques.

Another core idea for model selection is that each hypothesis formed will have a predicted

probability of being correct, possibly along with the associated cost of the respective experi-

ment. This may be the monetary cost of executing the experiment, plus a temporal discount

rate to value finding results more quickly. It has been empirically shown that using a Bayesian

approach to experiment selection is sound and outperforms experiments chosen manually (2).

Current AI has shown the ability to yield valuable insights from noisy or incomplete data,

optimise procedure design, and learn notions of structure amongst heterogeneous observations.

Neural networks have shown utility in isolating proper signals from noisy datasets spanning dis-

ciplines from physics to biology; such capabilities could be critical to establishing scientific con-

clusions as we reach the practical limit of experimental data quality (78, 79). Approaches from

optimisation have demonstrated an ability to reduce the expense of experimental campaigns by

optimising sampling patterns using, for instance, bandit-style methods to more rapidly design

electric batteries or iteratively specify experimental conditions in biology. Structure learning

techniques from the graphical model literature could find use in identifying statistically mean-

ingful relationships from large amounts of unannotated data (78).

Knowledge Representation and Natural Language Processing

Ingested knowledge may no longer be machine-readable, either rule-based or probabilistic given

that LLMs can interface between them but its possible caveats, such as low-level hidden mis-
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alignments, are difficult to unveil, making difficult traceability and liability. LLMs can allow

machines to read, interpret, and exploit the current knowledge from a scientific domain in hu-

man natural language and digest the relevant literature in the target area. An AI-led scientific

discovery approach will require at least access to the space of interest needed for the system

to be able to validate or reject a hypothesis based on contradiction or confirmation of previous

knowledge which may be difficult in a black box like an LLM. So, the LLM will need to be

self-explanatory with the caveat that the output explanation may not fit the internal statistical

derivation of what the LLM ends up producing. An independent system and a more explain-

able mechanistic process may need to verify the output. Without LLMs, this task would have

required massive databases and curation efforts for domains that are not already significantly

represented in a computable fashion. Although all sorts of languages can be used to represent

knowledge, some domains will be aptly represented by propositional-logic rules, such as sim-

plified genetic circuits, to avoid these potential misalignments from LLMs or statistical ML in

general. Other domains will require more sophisticated representations, either to encompass the

greater complexity of an extended domain or to deal with the greater sophistication of, e.g., a

domain such as biomedicine, where system-expert rules with ifs, dos, and whiles are required,

hence the full power of first-order logic and Turing-completeness.

For example, knowledge representation systems/ontologies are well developed in biology:

The Gene Ontology (GO), nascent Causal Activity Models with the GO, Human Phenotype On-

tology, Chemical Entities of Biological Interest, Ontology of Biomedical Investigation, among

others (80, 81). So are integration efforts built on these ontologies, e.g., Monarch (82). The

JST MIRAI ‘Robotic Biology’ project can also provide technologies to help adoption, such as

LabCode, a common formal language for experimental protocols, LabLive, a laboratory infor-

mation IoT platform, and real-time parallel workflow scheduling software that can decompose

processes in a given protocol and assign each to different robots/equipment so these are exe-
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cuted considering dependencies and concurrency between them.

Another example is statistical relational learning (SRL), which combines relational learning

and probability theory and is an area of ML research (e.g. (83)), enabling the representation of

beliefs about relational data using probabilistic models. Relational Learning (RL) is a general

representation language based on first-order predicate logic (83). Such probabilistic logic mod-

els enable the specification of graphical models (Bayesian networks, Markov networks, etc.)

over large relational domains. One of the fundamental design goals of the representation for-

malisms developed in SRL is to abstract away from concrete entities and to represent instead

general principles that are intended to be universally applicable. A key advantage of RL is that it

can easily incorporate background scientific knowledge, and learn about structured objects such

as scientific models particularly appropriate for utilising background bioinformatic data (84).

These approaches can be further enhanced or complemented by the do-calculus (64, 85) or al-

gorithmic information dynamics (65).

Deep neural networks are also good at capturing the apparent granularity and complexity

of natural phenomena in a computable form (in weighted vectors of numerical matrices). The

success of neural networks implies that once one captures an object in an optimal way, classi-

fication is trivial, as it was for deep learning in the protein-folding challenge (43, 51) with its

limitations.

Assuming that an appropriate formalism to record observation could be found for any do-

main, a modeller may be faced with a severe feature selection problem, which translates into

a question of the identity of the relevant state variables of the systems of interest, e.g., drug

docking dynamics for drug discovery or cytokines for cell dynamics. On the one hand, all the

entities of the system that are measured could define the set of state variables to be represented,

e.g. drugs or proteins, augmented with the set of rules to which the entities may be subjected,

such as thermodynamics or collisions. However, this type of representation could quickly be-
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come very complex (86). On the other hand, a certain subset of combinations of measured state

variables may be a useful representation of the governing dynamics driving a possible system,

and this is a question that needs to be asked and resolved for scientific domains on a case-

by-case basis. Such a feature selection problem in computably representable objects is often

found in analyses in which one is assuming a pure stochastic nature of the system’s genera-

tive processes, although the system also comprises deterministic, mechanistic, or computable

subprocesses (72). In addition, even in cases the whole algorithmic space of possibilities is

covered, analyzing the information content carried by a network highly depends on the mul-

tidimensional space into which it is embedded (87), where distortions may be exponential for

multidimensionality-agnostic encodings.

Thus, developing expressive and efficient frameworks to computationally represent and cap-

ture a wide range of scientific knowledge about processes, models, observations and hypotheses

is key. Capturing scientific knowledge will push the limits of the state of the art.

In the opposite direction of knowledge representation by machines, the AI for scientific

discovery may need to communicate in the form of a publication or other scientific means

to explain the innovation and methods behind the discovery to humans and to articulate its

significance and impact. A choice that has to be made, on a case-by-case basis, is whether it

is required that AI conducts the experiments without much human understanding or whether it

is acceptable not to have a sophisticated translation of both the hypotheses generated and the

process arriving at a conclusion. In cases where there is a requirement for human understanding,

and even for the most general case, at least partial interpretation by human scientists may be

required.

Thus, knowledge representation and natural language processing techniques will be needed

to be jointly developed to both: feed the system with the current knowledge relevant to the

hypothesis space; and guide the search (in cases of human-machine interaction) or be able to
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follow up the inference process and interpret the results (88,89). These requirements will force

us to make progress on humanly readable and interpretable machine-human translation.

Integration, Interpretation and Interfacing

One of the most challenging aspects of scientific discovery is integrating a new piece of informa-

tion with the corpus of existing human knowledge. Analysing the data will require moving to the

larger learning loop where there is a broader view of the results for possible (re-)interpretation.

This is because while the specific objective for the target hypothesis may have been rejected,

one of the main serendipity checkpoints is the reinterpretation of results in a broader context.

Machine learning systems have proven incredibly useful for automated knowledge base con-

struction. They have recently contributed to the creation of multiple large databases describing,

for instance, genome-wide association studies and drug-disease interactions directly from the

published literature (90). This ability to create massive knowledge bases that rapidly and effec-

tively contextualise new findings could substantially accelerate scientific discovery by ensuring

that seemingly disparate dots are more rapidly connected.

However, exploring and understanding user context requires automating certain social, po-

litical, and economic aspects of interconnected knowledge that are intrinsic to science (13).

The AI systems’ interactions with scientists must be guided by a knowledge-rich user model

that enables the AI systems to act as colleagues like LLMs now may allow.

This constitutes an inextricable loop in which human scientists and AI-scientists are parts of

a whole system, which the AI algorithm should try to optimise. A striking example of such an

optimal interplay has been the evolution of machine-human chess collaboration. After the defeat

of Gary Kasparov, it became standard to have human chess players practice with computers, and

for champions, it became impossible to reach the level of playing demanded without intensive

computer training (92). To this day, the strongest freestyle chess teams have been those able to
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strike a perfect balance between machine and computer training and playing.

Again, neural networks and statistical machine learning will not help in this process, at least

not on their own or in their traditional architectures. What is most likely needed here is first

an inference engine able to extract knowledge readable by humans as well, especially under

human-machine schemes. Classical logical inference engines are key, but so are hybrid ap-

proaches combining statistical learning and symbolic computation. Techniques such as feature

selection and data dimension reduction will be helpful. Secondly, an AI algorithm that can

simulate the network topological properties of scientific production (12) and perform the first

five steps of the full cycle of AI-led scientific discovery, while taking into account the rela-

tional structures and biases that emerge when the AI-human relationship is analysed as a single

system.

The application of AI to science will confer multiple advantages, and eliminate some of

the disadvantages of having a human in the loop, such as biases and lack of reproducibility.

Yet, if humans rely on automated scientific discovery, verifiability and transparency are crucial

because the coupled AI-human system has to be able to be formally verified to ensure that it

matches the goals and that the results match the process. In this manner, the AI algorithm

should be designed to continuously reiterate its data gathering from the outputs and behaviours

of the whole system the AI is part of. The same for the human scientist, which needs to be

able to perform, evaluate, and produce analytical reasoning while participating in this coupled

computational-social system.

Closing the Loop

Finally, connecting all the steps will require a meta-algorithm that will need to systematically

manage each cycle and even decide when to break or restart the cycles (see Fig. 3), if human

intervention is taking place. The whole cycle should be open to human intervention, and the
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AI algorithm should both reiterate the new insights and data given by humans and counter any

bias that these may introduce. Therefore, the “grand challenge” that we propose ranges over

automating not only laboratory practices and theory making, but also writing a paper, refereeing,

and disseminating achievements.

Technology for remote web control and monitoring of full-cycle scientific discovery may

require technologies such as TypeScript, React, GraphQL, Jest, and Redux to create a web-

based beamline control system. Techniques such as optimisation and anomaly detection can be

used to find possible gaps and even glitches (found or promoted). These gaps can be exploited

to reinterpret data, explore other regions of the hypothesis space and kick-start the process of

hypothesis generation again, thus closing and restarting the discovery cycle.

Conclusion: the Future of AI in Scientific Discovery

Academic fields are disrupted to such an extent that future progress has become almost unthink-

able without the involvement of some machine learning. We have explored some of the chal-

lenges and opportunities in utilising and exploiting AI. We argue that a closed-loop formulation

not only augments and accelerates scientific discovery but also leads science in new directions,

thus disrupting the future of human science. Such AI-led, closed-loop experimentation, may

also mitigate current challenges, such as the production and replication of data.

The application of AI in scientific discovery presents us with very different challenges com-

pared to the application of AI to games such as chess, shogi, or Go. However, recent develop-

ments surprisingly suggest that some scientific challenges may not be that different from these

games (94–96).

To make contributions to fundamental science, of the kind that goes into textbooks of first

principles of major fields, do we require AI equipped with sufficient intelligence and autonomy

to render it capable of sensing and making observations to ask novel and relevant questions?

29



Do we want AI in scientific discovery to be hand to remain guard-railed, unsupervised, or semi-

supervised? By humans or other tertiary systems that we may trust? These are questions that

scientists and policymakers will have to face and answer soon, if not now.

We envision future AI systems to have the potential to transform scientific discovery and

enable an unprecedented expansion of knowledge while keeping some open questions unan-

swered, such as to what extent we want to exert full control over what is explored or experi-

mented on, or to what extent do we want to be able to understand or at what moment we are

willing to let human scientist understanding be left behind as it is in some ways with no single

scientist able to know or catch up with their fields. Certainly, for some questions, limits are

desirable, but for others, how much humans are willing to sacrifice, such as understanding, in

exchange for possibly solving problems such as cancer, or climate change.
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