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We investigate whether large language models can perform the creative hypothesis generation that
human researchers regularly do. While the error rate is high, generative Al seems to be able to effectively
structure vast amounts of scientific knowledge and provide interesting and testable hypotheses. The
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In a university or research institute, a significant portion of fresh
ideas arises out of discussions. Can talking to GPT-4, OpenAl's latest
chatbot, create genuinely interesting scientific hypotheses?

In the past, only humans generated interesting hypotheses.
Computers have been used to perform numerical simulations or
even to prove theorems, like the four-color theorem in 1976 [1]. But
making interesting laboratory-testable hypotheses with artificial
intelligence (Al) seems far-fetched, until recently. In 2022, Krenn
et al. [2] analyzed over 100,000 research papers to “predict the
future research directions of Al itself’, and built an Al-based
research suggestion tool. This comes close to constructing
hypothesis-driven scientific research.

We are a collaborative group of experimental and theoretical
researchers in physical sciences and engineering. Generative Pre-
trained Transformer (GPT-4), released on March 14, 2023, is a
large language model (LLM) significantly more powerful than its
predecessor GPT-3 released in 2020 (already with 1.75 x 10! pa-
rameters). GPT-4 neural network was trained on a text corpus of

* Corresponding author. Department of Nuclear Science and Engineering and
Department of Materials Science and Engineering, Massachusetts Institute of
Technology, Cambridge, MA, 02139, USA.

E-mail address: liju@mit.edu (J. Li).
Peer review under responsibility of The Chinese Ceramic Society.

https://doi.org/10.1016/j.jmat.2023.08.007

books, webpages, academic papers from various disciplines, dis-
cussion forums, etc., up to September 2021. After experimenting
with GPT-4 in our own research domains in materials chemistry,
physics and quantum information, we find that GPT-4 is knowl-
edgeable, frequently wrong, and interesting to talk to. In other
words, not unlike a college professor or a colleague. Chatbots seem
to show much higher accessibility and usability than graph-based
methods used in the past [2].

To make everything concrete, our operative definition of
“genuinely interesting scientific hypotheses” is (a) whether, after a
conversation, some experienced practitioner of a field can feel
motivated to do a new experiment/simulation/theoretical investi-
gation with the associated time and budgetary burdens, in the
particular direction pointed out by the generative Al. We also need
to make sure GPT-4 is not (b) mirroring the human prompter, or (c)
copying verbatim from the previous human-generated corpus. For
(b), an inspection of the conversations (Supplementary
Information, SI) shows this is not the case, because GPT-4 gives
a lot richer and more specific information than the prompts. For (c),
it is more challenging to check, and we have done our best to scour
the literature. Overall, it appears to us that GPT-4's responses
closely resemble the current literature developments and academic
trends, sometimes to an uncanny degree. But, it also hybridizes
disciplines and ideas (as GPT-4 “reads” much more broadly than
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any individual human) and mutates the meaning of nomenclature
and concepts. This creates a number of obvious factual and con-
ceptual errors caught by us, but it also seems to engender some true
sparks of creativity, making interesting statements that we cannot
refute out of hand. An analogy seems to be how cosmic rays drive
evolution: radiations break DNA strands and cause cancer and
deaths, but can also drive mutations and evolutions of the
biosphere. In the “space of ideas”, it seems that ChatGPT can pro-
vide mutations/guided variations in the latent space of scientific
thoughts. With rapid progress in standardized tests from the Uni-
form Bar Exam to Medical Knowledge Exam to computer coding [3],
it appears that Al's rate of making obvious errors about how the
physical world works will decrease with time [4], hopefully
without a concomitant reduction in creativity and the ability to
hold exploratory scientific conversations.

Prior to driving GPT-4 toward making hypotheses, we did some
basics. For example, we asked.

Q: What is the shape of the interaction potential between two free
neutrons?

GPT-4: The interaction potential between two free neutrons is a
complex function of distance and angular momentum. In general
terms, the interaction potential can be described as a combination of
several different components, including the strong nuclear force, the
electromagnetic force, and the weak force. The strong nuclear force is
the dominant interaction at short distances, while the electromagnetic
and weak forces become relevant at longer distances. The shape of the
interaction potential between two free neutrons is often represented
using a potential energy curve as a function of the distance between
the neutrons. The curve typically features a short-range repulsive core
due to the strong nuclear force, which prevents the neutrons from
coming too close together. At slightly longer distances, the potential
energy curve displays an attractive well, also caused by the strong
nuclear force. This attractive well facilitates the formation of nuclear
bound states, such as those found in atomic nuclei.

At even longer distances, the weak and electromagnetic forces
come into play, but their effects are relatively small compared to the
strong force. Electromagnetic forces are essentially negligible between
two neutrons, as neutrons do not have an electric charge. The weak
force contributes to processes like beta decay but has a limited impact
on the interaction potential.

In summary, the shape of the interaction potential between two
free neutrons is characterized by a short-range repulsive core and an
attractive well at slightly longer distances, primarily due to the strong
nuclear force. The weak force has a minor effect, while the electro-
magnetic force is essentially negligible.

The generative Al seems to “get it”. In fact, the same question
was asked to a previous version (ChatGPT-3.5) on January 2023, and
the answer then was less satisfactory:

GPT-3.5: The interaction potential between two free neutrons is
not well understood as it is a challenging task to measure the inter-
action between two neutral particles. However, it is believed to be of
short-range, attractive nature with a roughly exponential decay. The
exact shape of the interaction potential is still an area of ongoing
research in nuclear physics.

Hypothesis-driven research is at the heart of the scientific en-
terprise. Scientists propose unambiguous statements about the
world that can be experimentally tested. A good hypothesis can
have a very high “return on investment”. The investment includes
the time spent clearly articulating the hypothesis and the experi-
mentations needed to falsify or conditionally prove the assertion.
The “return” is the range of applications that such an assertion, if
true, may be able to assist the predictions of the dynamics, the
design of devices, etc. Newtonian mechanics was a great hypothesis
because its applicability ranges up to celestial bodies and down to
molecules, and the investment by Copernicus, Kepler, Newton, etc.
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was largely observational and monetarily cheap. At this point, we
do not expect GPT-4 will make such broad, high-return hypotheses
yet. But, can it make reasonably new and interesting hypotheses
that scientists make day-to-day? We have performed a range of
tests in materials chemistry and physics (see SI), prompting with
the likes of “Can you make some really novel scientific hypotheses
in ..., which can be validated or falsified relatively easily by
experimentation, but are also quite interesting and important?”
The outcomes are varied and intriguing. It seems that in materials
science, at least, where significant microscopic complexities is a
hallmark of the field, chatbots can make interesting hypotheses
worthy of tests.

LLMs and other generative Al models learn the distribution of
training data, so they generate samples that are more likely to fall
within the distribution of the training data set. To use a generative
model as a scientific hypothesis machine, it is important to deter-
mine whether a new scientific hypothesis falls outside the distri-
bution of training data points. Humanity has amassed a vast
amount of knowledge and information, but many missing links still
remain. Historically, knowledge graph reasoning has been exten-
sively studied to identify undiscovered truths, utilizing machine
learning to infer relationships between entities. One way to fill
these knowledge missing-links is knowledge graph completion,
also called link prediction, which infers unknown truths based on
existing triples [5]. It has recently been argued that LLMs can
eliminate the need for knowledge graphs by providing similar
functionality [6]. We posit that the distribution of undiscovered
scientific truths and reasonable scientific hypotheses to test might
be similar. From this perspective, we believe LLMs have potential as
hypothesis machines. While LLMs offer functionalities akin to
knowledge graphs, their advantage lies in their much more intui-
tive user interface, positioning them with greater potential and far-
reaching impact.

SI-A addresses materials chemistry for rechargeable batteries.
We first prompted GPT-4 to summarize the design principles for
liquid electrolytes (SI-A1). Although the answers generated
centered around existing carbonate electrolytes that were flam-
mable and less stable, GPT-4 did provide the correct criteria for a
liquid electrolyte, which are solvation, electrochemical stability,
viscosity and ionic conductivity. So we asked GPT-4 to combine
recent findings in fluorinated ether and sulfonamide with the
design principles it provided. GPT-4 was able to build on the sug-
gestion and extend to the idea of (1) introducing chain cyclicity vs
linearity; (2) combination of two functionalities (SI-A2). Then we
asked GPT-4 to give five examples based on the new functionalities,
it proposed and was able to give quite interesting and seemingly
legitimate candidates (SI-A3), and also provided detailed plans that
can leverage robotic high-throughput screening [4] (SI-A4). Finally,
we asked GPT-4 to propose a new design principle that has not
been considered before. It gave a “dual functional” functionality
that aims to connect solvent and salt. Firstly, it gave hydroxyl
groups and amine groups (SI-A5&6): we corrected GPT-4 that
protic functionalities are less likely. Then it was able to give five
other seemingly legitimate candidate functionalities (SI-A7). It was
also able to give a good reasoning for picking the precursor
chemicals with good prices to compete against current liquid
electrolyte (SI-A8). We consider this conversation to be a success in
the sense that GPT-4 provided nontrivial predictions that some of
us are motivated enough to test out in the lab.

SI-B gives an example of adversarial conversations, like in oral
qualifying exams. We asked GPT about the hypothesis that “lan-
guage models like GPT can generate scientific hypotheses” and how
to verify it (SI-B1:B3). Since LLMs are inherently probabilistic
models trained to predict the next word, we think it is important to
confirm whether the proposed hypothesis is truly innovative. GPT-
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4 offers various ways for validating such hypotheses and un-
derscores the importance of human experts' involvement. When
asked about limitations in its proposed evaluation method, GPT-4
logically explains challenges such as domain knowledge availabil-
ity, long-term evaluation difficulty, and intellectual property issues
that make actual evaluations challenging. When asked to redesign
an experiment that could overcome the stated limitations, the
proposed experimental test appears much improved. Additionally,
we instructed GPT to become an expert in batteries (SI-B4:B16) and
propose scientific hypotheses and verification methods. Upon
response, we instructed it to form another persona and refuted the
previously proposed hypothesis. In this adversarial dialogue para-
digm, GPT-4 allows for better contextualization by repeatedly
refuting the hypotheses raised and providing a stronger motivation
for the critical experiments to be performed. This paradigm seems
more useful to practitioners in fields where there is greater concern
about the cost of conducting experiments, when the sunk cost of
incorrectly formulated hypotheses will be greater.

SI-C addresses magnons and topological materials. We ask about
magnons in magnetic topological materials (SI-C1), which is a
relatively narrow and specific topic. GPT-4 outputs some hypoth-
eses that look very interesting. Particularly, GPT-4 is adept at
making connections between different concepts from various
(sub)-fields, such as “magnon”, “magnetic topological materials”
and “superconductivity”. Such bold connections often serve as
sources of new ideas in scientific research. Nevertheless, we need to
be cautious that sometimes GPT-4 is making up connections be-
tween certain concepts solely because they have similar or related
nomenclature. For example, it makes a potentially spurious
connection between “magnons in topological materials” and “to-
pological magnons” (SI-C1). Furthermore, GPT-4 can be easily
influenced by the prompts and can produce different and even
opposite responses. For example, we asked the same question, “Do
you think the magnon-mediated superconductivity in magnetic
topological materials is stronger or weaker?” three times, and it
gave three different answers each time (“weaker”, “stronger”, and
“either weaker or stronger”, SI-C5, C7 and C9) - it was clearly biased
by the previous question-and-answer (SI-C4, C6 and C8). For this
reason, we believe human curating is essential when using GPT-4 as
a hypothesis machine, at least at the current stage.

SI-D addresses quantum sensors and computing algorithms. The
conversation starts with prompting for “crazy” quantum sensing
hypotheses that might be tested experimentally, as shown in SI-D1.
GPT-4 gives several directions, including cutting-edge research
ideas such as quantum sensing for gravitational fields and dark
matter detection. When prompted, it can give a very brief one-
sentence summary of the status quo of these fields, and most of
these descriptions are physically motivated. When asked about
opinions on near future implementations, GPT-4 outputs results
that might make sense to many researchers in the field. It might be
due to the fact that it finds the most frequently mentioned words
when researchers discuss “near-future” experiments in the litera-
ture. We further focus on a more specific field, using diamond de-
fects to design quantum sensors (SI-D2). The hypotheses on
quantum sensing with diamond defects generated do highlight
some of the most important questions in the field. It is interesting
to note that the hypotheses are generated in the order of impor-
tance, which should be attributed to the model of GPT-4. Hypoth-
eses 1—2 are about enhancing quantum sensitivity using advanced
control techniques and improving spatial resolution with material
design. Quantum sensitivity and spatial resolution are usually
considered the two most important figures-of-merit of diamond
defect quantum sensors for applications such as sensing local
magnetic fields; Hypotheses 3—4 talk about improved sensing with
hybrid quantum systems and incorporating quantum error
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correction techniques into diamond sensing protocols, which are
less studied than the previous two metrics in Hypothesis 1-2 but do
have promising applications as outlined in, for example, Andrich
et al. [7] and Layden et al. [8] When asked about the details of
experimental implementation and test of these ideas, GPT-4 can
output the procedures, but they are rather general and provide less
useful information for real experiments. The last hypothesis,
however, is about diamond spin defects for quantum communica-
tion instead of quantum sensing. To this end, if one wants to find
the most inspiring but less studied ideas, focusing the hypothesis in
the middle of those generated by GPT-4 might be a good choice. We
then dive into an even more specific field, i.e., using diamond de-
fects to detect biological or chemical signals (SI-D3). GPT-4 yields
several experimental protocols, and we find that some similar ideas
have been demonstrated or are indeed being explored actively. The
first experiment it proposes would inspire future work of using
diamond defect and surface engineering techniques to detect nitric
oxide gas. Similar to quantum sensing, GPT-4 can output ongoing as
well as less-explored but interesting directions in the field of
quantum algorithms (SI-D4 and D5).

We oriented GPT-4 in the domain of human interest and
demanded specificity and verifiability. Coming to the criterion (a)
for genuinely interesting scientific hypotheses, we find that A, C
exceed the criterion, while D is on the borderline. In the case of C,
for example, we never thought about magnon-mediated super-
conductivity in magnetic topological materials (actually, we never
knew magnons could mediate superconductivity). We think the
weakness of GPT-4 in C is that it still does not know very well
whether these hypotheses are reasonable or not, it just boldly or
even recklessly dumps the hypotheses from a human point of view.
Thus we draw the analogy to how radiation mutates the genes,
although GPT-4 should already be much more circumspect in its
mutations/guided drifts of ideas by the language prompt than the
truly random cosmic radiations.

Evaluating the level of informativeness inherent in the gener-
ated hypotheses presents a formidable challenge. It is imperative to
establish a clear demarcation between hypotheses that rely solely
on probabilistic word lists and those rooted in the emergent
reasoning capabilities inherent within LLMs. The development of
suitable metrics for assessing LLMs' performance as a hypothesis
machine requires substantial effort. However, even when these
statistically useful metrics are developed, the informativeness of
hypotheses in individual use cases still depends on individual sci-
entists. Approaches to evaluate the usefulness and informativeness
of scientific hypotheses generated to promote competition and
advances in this field must be studied. SI depicts an intuition for
one of the possible approaches. One plausible methodology could
involve the following steps.

1. The selection of a representative set of published papers,
ensuring comprehensive coverage across various fields of study.
Eliciting the principal hypothesis from the abstracts of each
paper.

. Verifying supporting evidence for the principal hypothesis
within the introduction of each paper.

. Establishing a hypotheses-evidence pair dataset.

. Quantifying the cosine similarity between the hypotheses
generated by the target model and the provided labeled
hypotheses.

2.

[S2IN

It is noteworthy to consider that the selection of papers for
assessment must be confined to those published after September
2021 to forestall any risk of contamination of information. This
evaluation framework (SI-F) serves to facilitate the LLM's compre-
hension of how the human scholarly community propels novel
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insights from preexisting knowledge.

To become a better “hypothesis machine”, future Als need to (1)
eliminate more factual errors by improving logical deduction and
mathematical derivation abilities, thus restricting the latent space
of viable ideas, (2) be able to test these hypotheses rapidly and
automatically by experiments and/or simulations [9], and learn
from the mistakes. In the paradigm of active learning [4], one needs
to achieve a balance between exploration, i.e. uncertainty reduction
by sampling regions of idea space further out from existing
experimental supports, with exploitation that attempts to achieve
returns quickly by smaller-step mutations. No one has a monopoly
on truth, so before a definitive experiment is carried out, no one
knows for sure whether a hypothesis is correct or not. But one can
model the risk-and-reward probabilities based on Bayesian statis-
tical concepts and determine whether it is worth one's while to dig
for the “gold” [10] in idea space. Historically, science's development
can be considered a multi-agent swarm effort in active learning [4],
where peer scientists and competing schools of thought debated
verbally and sought out critical experiments in order to repudiate
or further refine hypotheses, and mine for the truths. Inherently, it
was an evolutionary, multi-agent process. In order for the scientific
enterprise to function, participants should acknowledge that no
single agent (scientist) can be error-free, and even intuitively
obvious and immutable concepts (such as the notion of time in
Newtonian mechanics) can be wrong when exceeding their range
of applicability. Thus, creativity might necessarily be associated
with making errors, even “obvious” errors. In the history of science,
conflicting “facts” and paradoxies soon led to new hypotheses. The
same essential principles underlying the success of scientific en-
deavors so far, which are open data and open conversations and
debates — hypothesis making — critical experiments — peer re-
views (often adversarial) — hypothesis modifications, that over
time evolve to filter out all the errors, should still be applicable to
Al-driven scientific investigations.

Bubeck et al. conducted several preliminary experiments to test
GPT-4 as an artificial general intelligence [3]. Firstly, they demon-
strated the ability to generate correct proofs for university-level
math problems and an understanding of graduate-level graph
theory concepts. While successful in combining number theory and
probability theory, it made errors when counting integers, ulti-
mately resulting in an incorrect answer. Additionally, they pre-
sented a problem requiring the model to count how many prime
numbers exist between 150 and 250 to demonstrate its discrimi-
native capability. Although it provided an incorrect response when
asked directly about the count, it produced the correct result upon
being instructed to list and then count them [3]. Drori et al. also
created an Al model that solves mathematical problems [11], ex-
plains solutions step-by-step akin to a teacher, and generates new
math problems, which can act as automated instructors showing
the necessary steps for undergraduates to solve math problems or
helping teachers craft new courses. This technique supports natural
language commands across 12 programming languages pre-trained
on GitHub's open-source codes, achieving over 80% accuracy
compared to earlier models' 8%, while also generating novel
questions [11]; this demonstrates its potential in developing a
closed-loop system between two Als by hypothesizing and
numerically proving it through adversarial conversation-based
problem-solving.

While there are many unsatisfactory aspects about generative
Als today, one needs to recognize that they are still evolving, fast.
More rigorous logical deduction and mathematical capabilities are
upcoming, which will reduce the “obvious error” rates in
hypothesis-making. Also, from the conversations in SI, we still
question the true level of understanding of GPT-4 about physics,
and emphasize a need for multimodal learning to enhance
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understanding in materials research. This may be achieved by
developing a materials-space (processing-structure-properties-
performance relationships) version of CLIP [12] that has shown
remarkable advancement recently in text-to-image tasks. Multi-
modal models such as CLIP and LLaVa [13] are trained by arranging
embeddings to form identical semantics from different types of
inputs. If the text embedding and embedding of a graph neural
network, which is widely used in materials research, can be trained
to align, it is possible to create a model that understands the
inherent structure and characteristics of a material instead of
simply understanding it as a combination of tokens. This method
may be naturally expanded to the general scientific hypothesis
machines.

In the long run, inorganics-based Als will be limited by dataset
and energy. Recent studies have shown that training LLMs, such as
the BLOOM model with a similar number of parameters as GPT-3.5,
are associated with significant energy consumption, with one
training session amounting to 1,287 MW:-h of electrical energy and
approximately 552 tons of CO, emitted when accounting for
operational overheads [14]. Newer analog neuromorphic
computing [15,16] or quantum computing [17] may alleviate the
power requirements and ultimately enable many orders of
magnitude further improvements in training and inference capa-
bilities. There are also algorithmic attempts toward more sustain-
able LLMs, for example, the ALPACA neural network which achieved
similar performance as GPT3.5 with just 7 x 10° parameters [18].

On the limitation of the dataset, while GPT-4 “primarily relies on
publicly available information on the internet” (SI-G2) as well as
some academic journals behind paywalls, this dataset is bound to
still enlarge in the future to include the entire up-to-date human
corpus, and the degree of absorption of the multimodal information
(charts, illustrations, mathematical equations, simulation data,
supplementary videos) and quality of “understanding” will likely
be enhanced still. Even more interesting is the aspect of active
learning [4] and experimenting [19]. That is, the Al may direct new
experiments and/or simulations [9] to be done in the future, vali-
dating the hypothesis and learning from the outcome of these new
experiments and simulations. This may be particularly useful for
many chemicals and materials development tasks required to
tackle global climate change [20], such as electrolyte development
and materials recycling in rechargeable batteries. Such optimiza-
tion tasks are often in high-dimensional input (multi-component)
and high-dimensional output (objectives like performance, cost,
safety, etc.) spaces, and that is where online-learning algorithms
like active learning [4] can greatly outperform human intuition.
Such experiments will likely be carried out more and more by ro-
bots [4,21] in the future. This new cyber-physical reality is what the
scientific community needs to face today [4,21].

High-throughput screening [22], automated experimentation
[19] and even fully robotic cloud laboratories [4, 23] were already
with us prior to the emergence of LLMs. With the demonstrated
ability of GPT-4 to author its own code snippets and design path-
ways and processes (i.e., planning a cooking recipe), Als not only
can describe the broader research vision (“big picture”) and clearly
articulate the hypothesis (and competing hypotheses), but can also
drive the details of the implementation, which are the leaves on the
innovation tree shown in Fig. 1a. Therefore, the scenario of
prompted Al hypothesis generation — human curating — auto-
mated experimentation loop (e.g. active-learning [19]) — peer re-
views (often adversarial) — hypothesis adjustments, could become
an imminent reality and become the next stage of the scientific
enterprise. Boiko et al. [24] introduced an Intelligent Agent system
that autonomously devises, plans, and conducts intricate scientific
experiments, demonstrating remarkable problem-solving and
design skills. Jablonka et al. developed various prototypes for
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Fig. 1. a) A systematic diagram of using ChatGPT as a hypothesis machine to achieve scientific innovations. ChatGPT's creativity is used to derive new hypotheses from existing
literature. Then generated hypotheses are curated, tested and accepted. b) The scenario of Al-generated hypothesis generation, human curating, automated experimentation, and
adversarial peer reviews. It may become a multi-agent swarm effort with built-in diversity of hyperparameters in an evolutionary setting. Part of the figure was drawn using Stable

Diffusion v1.4 from HuggingFace.

application in materials engineering and chemistry. Our lab has
recently developed CRESt, a copilot for real-world experimental
scientists based on Large Multimodal Model (LMM) [4,21].

Plenty of caveats exist. Commercial technology development
often requires proprietary data, and thus the information-sharing
practice would be different from the global scientific enterprise
that emphasizes Open Science. We also observed that ChatGPT
sometimes hesitated to mention methods for synthesizing certain
chemicals and materials. This may be in part due to blocking efforts
to synthesize banned or dangerous substances. ChatGPT was
trained as a reinforcement learning algorithm that takes human
feedback as a reward and has also been specifically designed to
avoid potential threats to humans. Utilizing generative Al for sci-
entific investigations but not for other nefarious purposes requires
the imbuement of ethics with specialized guidelines and policies.
Chemical and operational safety concerns for the scientific com-
munity will have to be addressed, similar to Environment, Health &
Safety (EHS) concerns in human-conducted experiments. More-
over, there needs to be an awareness and debates within the sci-
entific communities on how far fully autonomous operations [4,21]
should be allowed. Also, from a security perspective, stakeholders
should be vigilant about preventing leaks of immaturely trained
language models, as well as the integrity of LLMs against tampering
and hacking. The incident of LLaMA's leak highlights the need for
stronger cybersecurity.

To mitigate the risks of large-scale resource wastage, safety, and
security, it is imperative to adopt a systematic approach to devel-
oping Al-based scientific explorations. One such approach involves
the use of a network of multiple hypothesis machines, each
designed to perform specific roles in an iterative learning process.
The first hypothesis machine generates hypotheses based on
existing literature, which are then scrutinized by the second hy-
pothesis machine, tasked with logically refuting suggested hy-
potheses and raising relevant questions. If both machines agree on
a proposed hypothesis, a third machine could construct experi-
mental protocols or numerical simulations that will be examined
by human experts. Once the experiments are completed, the results
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will be analyzed by the hypothesis machines again, perhaps also
with round-robin tests on the physical samples generated - this
feedback cycle repeats until acceptable accuracy levels are ach-
ieved, similar to the collaborative processes at research institutions
and the peer-review system in academia. This loop should rely
upon human monitoring [4,21] throughout, ensuring ethical con-
siderations are continuously prioritized while avoiding hazards
present in unfettered autonomous explorations. Scientific in-
teractions between many competing hypothesis machines
(perhaps with collaborative or adversarial roles, see SI-B) with
human experts' supervision would drive a swarm evolution of
scientific hypotheses. This approach may require a structure with
an overarching goal and subgoals, to drive the mutations + guided
drifts of ideas. Significant challenges for managing such complex
systems’ behavior and ensuring data transparency alongside
continuously optimizing results accuracy are required. A multi-
agent swarm effort with built-in diversity of adjustable hyper-
parameters for exploration and exploitation, in an evolutionary
ecosystem setting, could be desirable. The principles of trans-
parency, verification, and checks and balances may be used to
prevent many of the potential hazards.

ChatGPT can already summarize the current state of research
and distinguish between what will be accomplished in the near
future and what may be accomplished much later. Because Al can
read and process the published literature much faster than any
human, it should be able to perform “technology forecasting”,
similar to the weather forecasting of today, on what scientific and
technological progress will likely be achieved in the next year or
next three years. This will be a tremendous boon to the problem of
combating global climate change, for example, since policymakers
and venture capital firms want to know which technologies are
likely to be ready at what time frame [20].

The world and the scientific enterprise will change dramatically
with the emergence of Al If properly planned, Al hypothesis ma-
chines and automated experimental workflows could be used to
accelerate scientific discoveries and enhance the common good.
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