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Philosophy of Autonomous Science: 
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of Artificial Scientists
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Artificial intelligence is beginning to make remarkable contributions in science, from 
protein design to materials discovery and experiment design. Yet we believe that 
moving from powerful tools to autonomous scientists is not just a technical challenge 
but also a deep philosophical and conceptual one. For that reason, we argue for a 
Philosophy of Autonomous Science (PAS): a program that translates core epistemic 
aims, including understanding, curiosity, surprise, interest, creativity, and novelty, 
into computable, nonanthropocentric objectives, while ensuring the safe and suc-
cessful deployment of artificial scientists. Drawing on our own research experience, 
we show how insights from the philosophy of science can directly inform the design 
of AI systems for scientific discovery; outline ten inaugural questions that define the 
agenda of PAS; and invite philosophers, scientists, and AI researchers to collaborate 
in shaping the principles of the coming era of artificial scientists.

A rtificial intelligence has started to contribute significantly to science. Let’s 
consider biology, where Google DeepMind’s AlphaFold program has solved 
one of the most significant challenges in structural biology–the protein 

prediction problem–leading to the 2024 Nobel Prize in Chemistry being awarded 
to DeepMind’s John Jumper and Demis Hassabis (shared with biochemist David 
Baker for his work on computational protein design).1 Similarly, in materials science, 
intelligent programs exploring the vast space of functional materials are beginning 
to discover molecules with exceptional properties.2 In physics, AI algorithms have 
enabled, for the first time, the prediction of the sky location of neutron star merg-
ers from gravitational wave signals before the mergers occur, opening the door to 
unprecedented multimessenger astronomy in the near future.3

Unquestionably, these are exciting achievements. However, if we aim to progress 
from AI being a useful scientific tool toward it being capable of autonomously con-
ducting science, we must first recognize that this is not merely a technical challenge 
and it cannot be solved just by technical advances. Rather, it requires understanding 
how the best scientists perform science. For example, why and how are humans 
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creative? What constitutes scientific creativity? Why are humans curious, and what 
fundamental inner drives motivate scientists to deepen their understanding of the 
world? How do humans achieve understanding, and what precisely does scientific 
understanding entail? We believe that answering these questions and artificially 
recreating these traits is essential to the success of autonomous science (that is, sci-
ence conducted by autonomous machine systems), even if not all of these human 
traits are replicable.

We strongly believe that the philosophy of science community can help answer 
these questions and thereby make significant contributions to the future of fully 
autonomous science. We propose a focused research program that studies how to 
translate traits of successful human researchers to autonomous machine scientists. 
The answers should be formulated in a nonanthropocentric way in the sense that 
they should be applicable to both biological and artificial scientists. We also encour-
age the study of the potential consequences of autonomous science, for example, 
on scientific understanding, one of the main aims of science.

To explain why we are so convinced that insights from philosophy could advance 
the automation of science, we offer our first personal anecdote. One main direc-
tion of our research (namely, that of Mario Krenn) is the automated discovery of 
new physics experiments.4 Our AI programs have discovered experimental setups 
that no human physicists could find (such as the generation of complex quantum 
entanglement or new quantum transformations, or the design of extremely sensitive 
gravitational wave detectors), and numerous experiments have been implemented 
in laboratories. Whenever a machine finds a solution to a question that humans 
cannot answer, that solution must contain new ideas and tricks that humans 
can learn from. The problem is that learning from and understanding computer- 
designed solutions can be extremely challenging. While it has recently been possi-
ble to do so–for example, with our 2017 discovery of a new way to generate photon 
entanglement–it usually takes weeks to understand the underlying physical pro-
cesses.5 Around the year 2019, we started to think more deeply about how we can 
better gain new understanding with artificial intelligence–both for our particular 
questions and in general. We soon realized that because we could not consistently 
spell out what scientific understanding is, we couldn’t even begin to answer the 
question. At this point, we discovered the work of Dutch philosopher Henk W. de 
Regt, who, in his 2017 book Understanding Scientific Understanding (which earned him 
the 2019 Lakatos Award for outstanding contribution to the philosophy of science), 
elucidated exactly what we were searching for: clear-cut and nonanthropocentric 
criteria to identify what scientific understanding is.6 De Regt’s insight that a core 
principle of scientific understanding is the ability to apply new insights in different 
scenarios–that is, to generalize without full computation–helped us to develop 
an entirely new algorithm. We built the algorithm, Theseus, to enable humans to 
use the computer-designed solutions to quantum physics problems in different 
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contexts.7 We translated this goal into the application of a very abstract represen-
tation of quantum optics: based on graphs, together with highly efficient pruning 
and simplification techniques that produce solutions that conventionally can be 
understood immediately. Theseus allowed us to gain new insights into the princi-
ples of quantum entanglement generation and quantum interference. For example, 
by solving a question about the generation of heralded quantum entanglement for 
qubits, we immediately recognized the underlying structure that made the solution 
work and were able to generalize it to high-dimensional heralded entanglement 
generation that could be important in future quantum networks. We introduced 
Theseus in 2021 and still use the algorithm’s generalizations for most quantum-
optics design tasks today.8

This anecdote demonstrates that insights from the philosophy of science can 
directly contribute to the advancement and automation of physics. We are con-
vinced that this was not a singular exception but that more insights from the 
philosophy of science could in the near future enable progress in AI for science 
and for autonomous science.

In this essay, we describe how the philosophy of science might change and 
expand its focus toward a new discipline, the philosophy of autonomous science (PAS), 
and how PAS could and should emerge, directly contributing to the design of artifi-
cial scientists to explore the universe, from its smallest to largest structures. While 
philosophers have discussed related issues, we believe their importance for autono-
mous science warrants far greater, sustained attention. For that reason, we propose 
ten crucial, initial research questions for this new field.

1 Scientific understanding. Imagine an oracle that correctly predicts the out-
come of every particle physics experiment, the products of every chemical 
reaction, or the function of every protein. Such an oracle would revolution-

ize science and technology as we know them. However, as scientists, we would not 
be satisfied with the oracle alone. We desire more. We would want to comprehend 
how the oracle arrived at these predictions. This capability, known as scientific under-
standing, is frequently recognized as the essential goal of science.9 But what exactly 
does scientific understanding mean? How could artificial intelligence contribute to 
it? How could we recognize that an AI system possesses scientific understanding? 
And, finally, as AI systems become increasingly advanced, how can we continue to 
comprehend their superhuman solutions, concepts, and ideas?

Interestingly, notable philosophers in the early twentieth century developed 
comprehensive theories about scientific explanation while arguing that philoso-
phers should disregard “understanding,” since these concepts are psychological and 
pragmatic rather than logical. Not all scientists agreed with this viewpoint. Physi-
cists including Lord Kelvin, Erwin Schrödinger, and Richard Feynman developed 
their own models of scientific understanding.
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In 2005, philosophers of science Henk W. de Regt and Dennis Dieks developed 
a new theory on what might constitute “scientific understanding,” foreshadowing 
de Regt’s work in Understanding Scientific Understanding.10 The de Regt-Dieks theory 
is contextual and pragmatic; it refers to observable properties rather than psycho-
logical states of mind. They regard previous concepts like mechanical models or 
visualizations as “tools for understanding” within a broader general framework. 
Their model, particularly in de Regt’s book, is strongly driven by the principle that 
a “satisfactory conception of scientific understanding should reflect the actual 
(contemporary and historical) practice of science.”

Their view is that “a phenomenon can be understood if there exists an intel-
ligible theory T, such that scientists can qualitatively recognize characteristic 
consequences of T without performing exact calculations.” They explicitly define 
two interrelated criteria explaining what it means to understand a phenomenon 
and what constitutes an intelligible theory.

This theory is defined independently of humans; thus, it can–in principle–be 
applied to entities beyond humans, including machines. As such, it was a great 
inspiration for us to develop new algorithms and to classify scientific under-
standing through AI in general. However, one of the most powerful ideas in the 
definition–“without performing exact calculations”–makes a direct application 
to AI algorithms difficult. For that reason, we have transformed their definition into 
a criterion for teaching (see question eight), related to a Turing test. Unfortunately, 
this method cannot be scaled. Thus, large-scale exploration of AI-understanding 
cannot be tested. For that reason, one critical question is whether we can find one 
(or even more) nonanthropocentric and computable approximation of scientific 
understanding. And if so, what is its relation to de Regt’s criteria? Is it possible to 
maximize the new computable notion of scientific understanding?

2 Scientific motivations. What drives human researchers, such that they 
get up every day and work tirelessly to explore the world? At the core of 
this drive lie epistemic emotions, which are directly connected to knowledge, 

learning, and understanding. For example, curiosity motivates us to explore, scien-
tific interest guides the direction of exploration, and surprise and wonder sustain 
engagement and attention when we encounter the unexpected or unknown, while 
transforming uncertainty into fascination that keeps our mind open to new possi-
bilities and deeper understanding. (We will discuss curiosity, surprise, and interest 
in subsequent questions.)

What are other motivations for scientists, and how can those be recreated artifi-
cially? For example, the epistemic emotion of awe and wonder is intertwined with 
cultural practices.11 What could constitute an AI “culture” that leads to related emer-
gent phenomena? Another motivation comes from direct competition between 
scientists–often at the verge of an (expected) breakthrough. How could one recre-
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ate true competitive behavior between artificial systems? Another motivation for 
some scientists comes from the awareness of our own mortality and the reality that 
each discovery is made against the backdrop of a finite life. Could the introduction 
of artificial finiteness in machines lead to more motivation to explore the world?

These questions (and the questions in the subsequent three sections) are closely 
related to emotions, albeit epistemic ones. We essentially ask how such emotions 
could be recreated artificially. However, all current implementations of emotions 
are biological. Can their functional roles be captured in silico, or are certain forms 
of biological embodiment indispensable for (epistemic) emotions? 

3 Scientific curiosity. Scientists are curious about the world, and this curi-
osity shapes what they research. But what does curiosity actually mean? In 
AI research, the term “curiosity” is used for exploring complex environments 

with sparse rewards. Think about a Super Mario game: to finish a level–the goal of 
the game–a large number of actions must be performed, and it is not immediately 
clear how or whether a specific action brings the player closer to the goal. This is 
troublesome not only for human players but also for AI agents playing similar games. 
To overcome the problem of sparse rewards, researchers introduced a different 
form of reward that is intrinsic to the agent.12 Artificial agents are developed such 
that they want to be able to predict the consequences of their own actions in an 
environment. A good way for them to learn to do so is by taking actions for which 
they cannot predict the consequences well. The agents seem to mimic a simple form 
of curiosity; thus, researchers call this intrinsic reward a “curiosity-based” reward. 
Surprisingly, this intrinsic curiosity-based reward leads to agents that can play 
many computer games without relying on the scores provided by the game itself.13

This raises a number of important questions: How close is this form of artificial 
curiosity to human curiosity? Can human curiosity be described as motivation to 
act when the consequences are difficult to predict, or do we have entirely different 
forms of curiosity? An interest in knowing the unknown seems universally relevant. 
But perhaps curiosity should be distinguished from richer emotional experiences 
such as wonder, in which the unknowing agent also experiences a sense of admira-
tion (for a variety of possible aesthetics).

Helen De Cruz, a philosopher of science, argued that awe and wonder have a 
defamiliarizing effect, allowing us to escape existing patterns of thought.14 This 
makes them extremely useful for science; for example, in prompting revolutionary 
changes. Nonetheless, as some scientific discoveries have accidental triggers, both 
fleeting interests in novel features of an environment as well as deeper desires for 
elating new knowledge seem relevant. Can we find models of curiosity that range 
in degree and kind, closer to the complex forms experienced by humans but that 
we can measure in a variety of arbitrary entities, including humans, animals, and 
machines?
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4 Scientific surprise. Surprising insights often open new ways of thinking 
about a system. They not only help individual scientists learn unexpected 
facts but, on a collective scale, can trigger unforeseen breakthroughs. It is 

empirically demonstrated that surprising connections lead to impactful scientific 
results.15 But what does surprise mean, how can we identify and quantify it, and how 
can we maximize the surprise generated by AI agents in science?

Two computable proxies for the intuitive notion of surprise are frequently used 
in computer science: Bayesian surprise and Shannon’s surprisal. Bayesian surprise 
measures how much a new observation changes your beliefs; it quantifies the 
information gained when updating from prior to posterior. Technically, it is the 
Kullback-Leibler divergence from the posterior to the prior, so it is always nonneg-
ative and is zero only when the observation leaves your beliefs unchanged. Unlike 
Shannon’s surprisal, which measures how unlikely the new data are under your 
current model, Bayesian surprise measures the size of the belief update. Bayesian 
surprise has previously been used in an influential experiment on computational 
creativity, as we will discuss in question six.

Quite clearly, these two information-theoretical interpretations of surprise do 
not capture the epistemic emotion described by philosophers and psychologists. 
But there are other ways to approximate surprise. For example, an empirical study 
of over two hundred scientists found that surprise often carries an aesthetic com-
ponent, a feeling of beauty or elegance in the unexpected coherence of a new insight.16 
Could and should this aesthetic component be recreated to capture the notion of 
surprise? Could surprise naturally emerge as a consequence of the maximization 
of other qualities, or do we need artificial surprise to build truly powerful artificial 
scientists?

5 Scientific interest. Humans put much effort, money, and brainpower into 
things that interest them. In science, interest is one of the main drivers of 
research direction and is thereby responsible for scientific progress on both 

the individual and global scale. But what does interest mean? What interests humans, 
and in particular scientists? And how could we recreate scientific interest in an 
automated way and build machines that are intrinsically interested in exploring 
the universe?

In psychology, “interest” is often considered an epistemic emotion, along with 
surprise, confusion, and awe.17 A standard psychological way of describing interest 
combines two concepts. First, the artifact needs to have high novelty-complexity. 
But novelty is not enough; it also needs to have high comprehensibility. That is, 
humans need to have the impression that they could understand the underlying idea.

Many AI researchers are attempting to build systems capable of drawing from 
millions of scientific papers to help scientists create new and exciting research ideas. 
But are those ideas actually interesting? In a number of these projects, researchers 
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have evaluated how experienced scientists rank the interest of AI-generated ideas. In 
one of our own projects, called SciMuse, we asked more than one hundred research 
group leaders in the Max Planck Society to help us evaluate how interesting the 
AI-generated ideas are.18 While we now have more than four thousand human-
evaluated ideas, we cannot yet explain what makes an idea or discovery interesting.

This leaves us with several critical questions again: How can comprehensi-
bility be approximated computationally? Can we achieve true scientific interest 
by maximizing complexity and comprehensibility? What are other computable 
criteria that generate interest? Does interest emerge from other intrinsic motiva-
tions such as surprise or curiosity? Is scientific interest domain-dependent or are 
there universal, field-independent criteria? And how can a definition of scientific 
interest be informed by large-scale sociological experiments that involve many 
successful scientists?

6 Scientific creativity. Creativity is one of humanity’s highest achievements; 
it is the driving force behind our most remarkable innovations. Although 
it is often celebrated in the arts–in paintings, poetry, or music–creativity 

is equally crucial in science and technology, where imaginative thinking paves the 
way for groundbreaking discoveries. But what is creativity? Does it require a spe-
cial process like intentional reasoning, and, if so, can this be approximated with 
computational methods? How can we evaluate and potentially automate it in the 
scientific context?

Philosophers and scientists have long identified creativity using two crucial 
properties: novelty and usefulness. (Sometimes the closely related properties 
of originality and effectiveness are used, together with surprise, which has been 
advocated as a third criterion, to emphasize nontrivial forms of novelty.) This cat-
egorization is sometimes called the “standard definition of creativity.”19 In 2013, 
this abstract idea inspired a computational creativity experiment at IBM called 
Chef Watson. The goal was to develop an algorithm that could produce creative 
artifacts–in Chef Watson’s case, creative culinary recipes and menus.20 Through 
this experiment, the IBM team, in collaboration with chefs at the Institute of 
Culinary Education, worked to demonstrate how the two criteria of novelty and 
usefulness could be automatically evaluated and thus optimized. Toward these 
aims, the team collected a large dataset of ingredients, large datasets of interna-
tional recipes of various dishes, and large datasets of experimental psychophysics 
data (human pleasantness ratings) and physicochemical features of flavor com-
pounds. Novelty was estimated by a Bayesian surprise function–a Kullback-Leibler 
divergence that estimated how much a previously unseen dish changes the general 
recipe distribution. Usefulness was approximated by a score that estimated the 
pleasantness of the new dish computed from the large database of experimen-
tal pleasantness and flavors. The team then maximized combinations of the two 
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approximated concepts and indeed found numerous novel and pleasant recipes, as 
ranked by human experts (chefs).

This groundbreaking demonstration shows that complex ideas such as creativity 
can be approximated and maximized. Thus, the question of how we can approxi-
mate creativity in the natural science domain becomes crucial. Are there different 
forms of computable creativity, and what distinguishes artifacts that maximize 
one or the other approximation of creativity? Can different modes and qualities 
of creativity, such as those described by philosopher and cognitive scientist Mar-
garet Boden–exploration of, association within, or transformation of a conceptual 
space–be computationally approximated?21 Additionally, could creativity emerge 
as a side effect of a more general optimization strategy, such as surprise maximiza-
tion or uncertainty minimization?

7 Scientific novelty. As scientists, we strive for novel results. This sounds 
simple–but what is novel, and what is novelty in science? Sometimes, a tiny 
modification of a system has severe consequences. Sometimes, in hindsight, 

a discovery looks obvious, even if it was overlooked for a long time. This question 
of novelty is not only useful by itself, but as a key component of other crucial traits 
such as creativity or interest; we need to understand it well.

There are many metrics that capture some notions of scientific novelty. For 
example, in information theory, the number of bits that are required to encode a 
new artifact under the current model approximates novelty. In knowledge graphs 
or latent spaces of large neural networks, the distance of the new artifact to other 
known artifacts is used to approximate novelty. In AI-driven idea generation, novelty 
is sometimes captured by the nonexistence of links between concepts in knowl-
edge graphs. These notions clearly only capture a small aspect of novelty in science. 
Recently, large language models (LLMs) have been used to automatically evaluate 
whether findings, ideas, or hypotheses are new–a process that clearly introduces 
new biases by prioritizing a particular concept of novelty.

In scientific exploration, researchers seek to discover new phenomena that are 
not specifically predicted by theory, emergent phenomena that are not directly vis-
ible from their discipline’s governing equations (for instance, superconductivity 
and the whole idea of quantum computing from Schrödinger’s equation), or new 
equations and models that describe experimental data. So what types of novelty 
exist and how do they indicate success? One of us (Heather Champion) recently 
proposed several types of “strong novelty” for science that demonstrate key learn-
ing outcomes, and showed how current AI algorithms are already achieving many 
of them by generating surprise, reducing utility blindness, and eliminating deep 
ignorance, while potentially changing scientific concepts.22

In general terms, we ask: How can one identify novelty independent of the 
domain? And can general notions of scientific novelty be computable?
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8Machine-to-human pedagogy and AI teachers. In 2000, science fiction 
writer Ted Chiang wrote a prophetic one-page fiction story in Nature titled 

“Catching Crumbs from the Table.” In this story, Chiang describes the emer-
gence of “metahumans”: genetically modified humans with enormous brain 
capacities. He portrays a world in which the last original human-authored research 
was submitted for publication twenty-five years prior, with humans unlikely ever to 
make any original scientific contributions again. In Chiang’s scenario, some human 
scientists “left the field altogether, but those who stayed shifted their attentions 
away from original research and toward hermeneutics: interpreting the scientific 
work of metahumans.”23

We believe we are on the verge of entering such a world. We observe it in our 
own research into using intelligent algorithms to design new physics experiments. 
Traditionally, creative and experienced human researchers devise such experimental 
designs. However, given the enormous number of possible experimental setups, it is 
questionable whether humans have already discovered all designs with exceptional 
properties (our own research indicates they have not). As our human-machine 
team competes against the best human-created designs–crafted through careful, 
rational design decisions–we know that if machine solutions outperform human 
creations, those solutions must contain new ideas and concepts from which humans 
can learn. (The machine solutions can be directly verified by external tools that are 
not dependent on the algorithm that discovered them.) And indeed, in many cases, 
we have discovered new generalizable concepts and ideas in quantum physics by 
analyzing what the machines have discovered (we describe one such instance in 
the introduction to this essay).24 However, this is not always the case. With phys-
ics researcher Yehonathan Drori and experimental physicist Rana Adhikari, we 
recently used AI algorithms to design new gravitational wave detectors, some of the 
most sensitive measurement devices ever conceived by humanity. These detectors 
have, so far, been designed by a collaboration of hundreds of researchers over the 
last twenty to thirty years. Our AI system has discovered more than a dozen new 
and at least theoretically more sensitive detector designs.25 However, even after 
analyzing them for half a year, we were not able to understand the underlying big 
picture of the idea. One can compute the designs by hand and with software, but 
we failed to understand why they worked.

It seems inevitable that this dynamic will increasingly occur in physics and 
other sciences: Machines will invent solutions from which humans could learn. If 
we are fortunate (as in the first quantum optics example), we will grasp the under-
lying principles and thereby enhance our scientific understanding.26 However, we 
anticipate that we will increasingly encounter scenarios similar to the gravitational 
wave detectors, where we can confirm but not fully comprehend the principles 
behind AI-discovered improvements. This raises the critical question: What should 
we do? Perhaps “we need not be intimidated by the accomplishments of metahuman 
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science,” as Chiang concludes in his prophetic text. Rather “we should always 
remember that the technologies that made metahumans possible were originally 
invented by humans, and they were no smarter than we.”

What else could be done to solve this gap in understanding AI-discovered solu-
tions? One powerful option would be developing AI systems capable of explaining 
the underlying concepts and ideas to us. Such systems would go far beyond the 
current scope of interpretable AI or explainable AI (XAI). In XAI, the goal is for 
humans to understand the decision-making processes of advanced AI, which is 
crucial for AI safety and ethics.

However, it is unclear whether looking inside the “machine’s brain” is the most 
effective way for us to gain new understanding. Even if we can comprehend its 
internal workings, it remains uncertain whether humans will ever fully understand 
solutions in the same way as a system with superhuman intelligence. Our limited 
mental capacities in terms of memory and computational speed compel us to seek 
simplified models to understand phenomena. Conversely, an advanced system 
with access to different computational resources could develop scientific models 
beyond our capabilities.

Instead of examining the internal workings of powerful AI, we might look at 
how we learn from each other. When we want to learn what another human knows, 
we do not look into their neural circuits; rather, we communicate and learn from 
the teachings of other people. We might need to do the same for artificial systems: 
develop AI algorithms that can explain new physics models, concepts, and ideas at a 
level comprehensible to us. This capability closely aligns with the test for scientific 
understanding described in question one. In short, we should focus on building a 
Teacher AI (TAI) for science.

We can envision a TAI that either develops solutions or uses solutions from other 
AIs and explains them to humans. It could resemble a student-teacher dynamic, 
in which students ask questions for clarification and details, and the teacher pro-
vides insights. Likely, the TAI would need access to advanced scientific tools similar 
to those that humans use for visualization, simplification, or generalization. The 
TAI could generate exercises to test our knowledge and track our understanding and 
its progression during teaching.

Developing such a system also requires the TAI to have access to the same math-
ematical and physical tools used by human scientists. For example, in quantum 
mechanics, it would benefit from autonomous access to open-source programs 
like Qiskit (IBM’s quantum circuit simulator), NetKet (physicist Giuseppe Carleo’s 
toolbox for simulating many-body quantum systems), QuTiP (a quantum optics 
simulator developed by scientist Franco Nori’s research group at the RIKEN insti-
tute), and PyTheus (a quantum physics experiment discovery framework developed 
by our Krenn Research Group then-hosted at the Max Planck Institute for the Sci-
ence of Light).27 The TAI should not only provide verbal explanations but also fully 
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leverage the numerous “tools for understanding,” as described by de Regt.28 For 
instance, regarding visualization, the TAI should determine how concepts and ideas 
can be visually represented through graphs, diagrams, or potentially videos and 3D 
animations. It should use unification by generating new examples that employ the 
same concepts and create practical exercises to help us grasp the application of these 
concepts. We have not seen practical effort in this direction, but in order to avoid 
Chiang’s dystopian future, such systems will be essential in the forthcoming years.

This potential raises numerous questions: How could machine-to-human peda-
gogy advance to ease human understanding of alien concepts? And what motivates 
human scientists to understand the universe when their role is degraded from active 
explorer to passive student? 

9Automating the philosophy of science. The philosophy of science has long 
shaped the rules of research, from Karl Popper’s theory of falsification and 
Imre Lakatos’s research programs on falsificationism to Paul Feyerabend’s 

pluralism and methodological anarchism.29 If we reason about autonomous sci-
ence, we must think about the underlying foundations and rules of science, and 
should consider the possibility of automating the philosophy of science itself. But 
what does that mean?

One potential way to automate some aspects of the philosophy of science would 
be to approximate “the rules of doing science” as policies that describe ways of gen-
erating hypotheses, developing overthrowing theories, or designing experiments. 
Through simulated worlds, these policies could be evaluated on the quality of the 
systems’ discoveries about the (simulated) worlds. The evaluation metrics could 
be formalized as objective functions to select high-performing policies–or, in the 
pluralistic spirit of Feyerabend, a diverse set of them–and thereby drive the discov-
ery of new rules for exploring the world. Yet, as always, many questions arise here: 
What are good metrics for evaluating different policies, such as different rules of 
science? How can we guard against Goodhart’s law (policies that game the metric) 
and ensure that this autophilosophy preserves desirable traits such as methodolog-
ical pluralism?30 How can these policies be modeled and parametrized? And can 
large surveys of the beliefs of working philosophers and scientists help to model 
and emulate their decision processes?31

10 The role of humans in a future of autonomous science. Let us assume 
a world with successful artificial scientists that can explore the uni-
verse independently, without human input. What, then, is our role in 

such a world? Humans will remain the strategic leaders, setting the grand direc-
tions and determining how resources are allocated. These decisions will not be 
purely scientific; they will also be guided by societal goals, ethical considerations, 
and collective needs. Developing effective and transparent mechanisms for such 
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high-level decision-making will be one of the central challenges for the future gov-
ernance of science.

At the same time, it will be essential to establish rigorous methods that allow 
humans to verify, interpret, and safely validate the discoveries proposed by artifi-
cial scientists. Is this possible if we cannot genuinely understand the AI-generated 
ideas? How can we maximize the benefits of autonomous scientific discovery while 
mitigating the risks of potentially catastrophic outcomes (for instance, the acci-
dental discovery of an easily reproducible bioweapon or an algorithm capable of 
breaking modern encryption schemes)? Equally important will be ensuring that 
artificial scientists do not develop systematic blind spots: regions of the scientific 
search space left unexplored not because they are uninteresting but because of hid-
den architectural biases or misaligned objectives. 

As the era of artificial scientists approaches, we must now begin to identify which 
human roles, values, and forms of oversight will remain indispensable in guiding, 
interpreting, and safeguarding the future of knowledge itself.

W e have proposed ten questions that could–and should–form the foun-
dation of a new field: the philosophy of autonomous science. The goal 
of this field should be to help develop and guide the emerging era of 

artificial scientists by translating fundamental epistemic traits and values (such 
as curiosity, creativity, motivation, surprise, interest, understanding, and novelty) 
into nonanthropocentric, computable objectives, and by establishing norms, gov-
ernance frameworks, and control mechanisms for autonomous scientific systems.

If we build them with care, artificial scientists will extend our capabilities for 
curing diseases, solving mathematical mysteries, and exploring the cosmos at a 
speed beyond imagination.
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