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Remaking the landscape of scientific
expertise: The emergent research
program of total automation in science

David Peterson1 , Bernard Koch2, Ramya Natarajan3 and Aaron Panofsky4

Abstract
This article examines an emergent research program aimed at the complete automation of science, analyzing how various
automation projects funded by DARPA and others are working to replicate traditionally human scientific competencies.
Rather than directly attempting to create fully autonomous robot scientists, these projects break down complex scien-
tific work into discrete, automatable “tasks.” While individual projects often preserve some role for human scientists,
collectively they reveal a comprehensive blueprint for scientific automation. Through interviews with 26 DARPA contrac-
tors, program managers, and others involved in scientific automation, the authors demonstrate how automation efforts
target three key domains of human scientific expertise: insight (hypothesis generation and pattern recognition), embodied
knowledge (experimental procedures and techniques), and judgment (evaluation of scientific claims). Instead of simply
trying to replicate human capabilities, these initiatives are actively reshaping scientific practice to be more amenable
to machine intervention through initiatives like standardized ontologies and machine-readable data formats. Although
full automation faces significant technical and institutional challenges, this emergent program portends major changes
in scientific practice and careers while raising important questions about the future role of human knowledge in scientific
discovery. The article contributes to ongoing debates about artificial intelligence in science while challenging existing
sociological accounts about purportedly uniquely human scientific abilities.
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Introduction
Recent developments in artificial intelligence and robotics
have fueled new hopes that one of the pinnacles of human
achievement—science—could be done faster, more accur-
ately, and in hitherto unforeseen ways by machines.
This project involves many disparate technologies and goals,
yet they share the ambition of automating what have been
considered uniquely human areas of scientific competence
like experimental “touch,” insight, and collective judgment.

In an article detailing the evolution of the relationship be-
tween the “domain” knowledge of experts and the purportedly
“domain general” knowledge of software engineers and AI re-
searchers, Ribes et al. (2019) point out that a chief selling point
of automation has been the idea that the integration between
computer scientists and domain scientists will be a rising tide
that will lift all boats. Computer scientists extend their reach
while domain scientists harness new computational powers.
Yet, there is a different rising tide metaphor that presents a

more pessimistic view of the relationship between automation
and domain experts. Futurist Hans Moravec proposed a meta-
phorical “landscapeof humancompetence” inwhich all human
skills are represented as a mountainous topography:

Advancing computer performance is like water slowly flooding
the landscape. A half century ago it began to drown the
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lowlands, driving out human calculators and record clerks, but
leaving most of us dry. Now the flood has reached the foothills,
and our outposts there are contemplating retreat. We feel safe
on our peaks, but, at the present rate, those too will be sub-
merged within another half century. (Cited in Tegmark [2017])

Rather than being safe aboard their individual boats collect-
ively enjoying rising waters, this metaphor frames the expan-
sion of machine intelligence as a creeping threat to the
authority of the scientist. If scientific practice is simply an as-
semblage of skills which can be isolated, mapped out, and
automated, will any peak remain above water?

In this article, we suggest a reimagining of Moravec’s
metaphor. Along with creeping up the peaks of human com-
petence, automation in science is also occurring by translat-
ing amorphous and ambiguous skills like embodied
knowledge, insight, and judgment into narrowly defined
tasks which can then be “hill-climbed” in ways that mirrors
progress in the field of machine learning more broadly
(Koch and Peterson, 2024). Instead of the daunting effort
of building a robot scientist in toto, researchers are building
systems that can do highly specified tasks like synthesizing
literature on a specific form of cancer. The reduced com-
plexity of the task provides a “doable problem”
(Fujimura, 1992) for researchers engaged with automation
projects while also providing clear metrics for comparison
and progress.

Thus, rather than the static landscape of human skills and
a creeping tide threatening to overtake those peaks as
Moravec envisioned, the future is more likely to be charac-
terized by a transformed landscape in which scientific work
is reimagined and redesigned to benefit machine learning al-
gorithms and robots.

Of course, machines are such an essential part of science
that some have advocated for the term “technoscience”
(e.g., Haraway, 1997; Latour, 1987). However, the use of
automation has been accelerating in many areas including,
most notably, high-throughput genomics (Arribas-Ayllon
et al., 2019; Leonelli, 2016). And, across both the syn-
chronic field of fields that compose science and across the
diachronic phases of scientific research, roboticists and
computer scientists are busy working on diverse projects
seeking to automate everything from running experiments
to synthesizing literature.

In isolation, these projects can be interpreted as attempts
to improve science in limited ways. However, viewed to-
gether, they point toward the most complete attempt to reori-
ent the sciences since they were disentangled from the
church. In this article, we describe a set of automation pro-
jects animated by an intellectual ambition that is greater
than the sum of its parts. Each individual project is narrowly
focused on automating a specific research task, and its project
leaders readily admit that certain other tasks remain areas of
uniquely human competence. Yet, another set of projects
seeks to automate precisely those tasks the first treats as

inviolable. If we rise above the particulars of each project
and imagine how they might be integrated, an emergent re-
search program comes into view.

The intuition animating this emergent research program
can be traced back to Francis Bacon’s Novum Organum.
His argument for inductive empiricism directed by a set
of explicit rules helped popularize the concept of the
Scientific Method. Bacon’s formulation contains a radical
idea that is only now reaching a point where it can be rea-
lized. Biologist Ahmed Alkhateeb (2017) has argued that
Bacon’s work “revealed an important hidden truth: the dis-
covery process is inherently algorithmic…. If science is al-
gorithmic, then it must have the potential for automation.”
If science can be carried out as a series of steps capable
of explication, we should be able to invent a rule following
system to carry it out.

Although only human beings have been capable of fol-
lowing the scientific method so far, proponents argue that
the growth of machine intelligence offers a pathway to a
new future. Increasingly, it is a future that is viewed as
both desirable and inevitable. As a commentary on the use
of artificial intelligence in science notes, “Technological in-
novations are penetrating all areas of science, making pre-
dominantly human activities a principal bottleneck in
scientific progress while also making scientific advancement
more subject to error and harder to reproduce” (Gil et al.,
2014: 171). These advocates argue that the human mind is
poorly suited to tasks like trying to find patterns in massive
amounts of data yet artificial minds are perfectly suited to
this task. In fact, computer scientist Judea Pearl has made
the case that Big Data produces the fertile soil out of which
a robot scientist could grow. Specifically, once we get a han-
dle on how to effectively extract information from these huge
datasets, we could, he writes, “create an ‘artificial scientist.’
This smart robot would discover yet unknown phenomena,
find explanations to pending scientific dilemmas, design
new experiments, and continually extract more causal knowl-
edge from the environment” (Pearl, 2018: 2).1

In this article, we will not go into detail about automation
efforts in any particular domain of science. Rather, our aim
is to bring attention to a research program that, while dimly
perceivable when we began this project, has now become a
transformative force in science. Our term “emergent re-
search program” owes a debt to Lakatos’ work on “research
programs,” although the “emergent” aspect represents a sig-
nificant revision.

Like a Lakatosian research program, it integrates a field
through a “hard core” of theories. In this case, the theories
involve scientific work being reducible to specific tasks
which can then be asymptotically improved. However, un-
like a Lakatosian research program, the researchers them-
selves may be unaware of or uninterested in the larger
project. This is because individual researchers working on
automation are mostly focused on narrowly defined tasks.
This “taskification,” which we will describe later, translates
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ambiguous concepts like “insight” into structured projects
that can be measured. The actual, integrated program only
becomes visible at a meta level. In our case, the emergent
research program of automation of science is composed
of many narrowly defined tasks but comes into relief
when viewed, for instance, through the portfolio of pro-
grams funded by DARPA. Significantly, the pursuit of a ro-
bot scientist is still a fringe effort with few explicitly
acknowledging this goal. Yet, taken together, the project
becomes undeniable.

Because of the variety of projects involved, it should be
clarified at the outset that by “automation” we are not refer-
ring to any specific technology. Our respondents’ projects
involve a variety of approaches including natural language
processing, information retrieval, research synthesis, and
robotics. Yet, they are unified by a shared goal of making
inroads into aspects of scientific practice that only humans
have been able to master. For the purposes of this argument,
we will focus on three skills identified in the science studies
literature. First, there is the domain of individual or small
group cognition in which creativity and insight shape re-
search projects (Ellis, 2011; Kounios and Beeman, 2009).
Second, there are domains of individual physical perform-
ance—the embodied, tacit, or craft knowledge—that is of-
ten required to get experiments to work (Collins, 1992;
Delamont and Atkinson, 2001; Polanyi, 2012). Lastly, there
is the domain of collective intelligence which is concerned
with how fields as a whole metabolize knowledge, deciding
which claims to enshrine and which become buried in the
onslaught of new research (Hull, 2001; Polanyi, 1962;
Ylikoski, 1995). This categorization is not meant to be de-
finitive. Rather, it represents a useful overlap between the
operationalization of these challenges in these automation
projects and existing literature in science studies about the
less explicable aspects of scientific practice. The fact that
these various projects cross boundaries necessitates a
wide net and, thus, we will use the umbrella term “automa-
tors” to describe the computer scientists, bioinformaticians,
and roboticists we interview.

What follows is not meant to criticize automation, though
a certain queasiness seems unavoidable. In truth, each of
these projects faces enormous challenges, and the whole
may never indeed coalesce. Attempts to automate the more
complex aspects of scientific cognition and practice are
fueled as much by hope as actual progress. However, view-
ing these disparate projects as an emergent research program
is necessary to understand some current trends in science pol-
icy and funding. Moreover, it presents significant challenges
to accounts in the philosophy and sociology of science that
emphasize the irreducibilty of human skills like tacit knowl-
edge, insight, creativity, judgment, and culture in science. If
scientific fields are amenable to being automated, it portends
a future that few scholars are currently addressing.
Additionally, we challenge historical discourse within AI re-
search suggesting that the automation of science will be

primarily driven by technological improvements. Instead,
we argue that significant efforts are seeking to transform sci-
ence to make machine intervention more successful similar
to what Jordan (2018) has called “intelligent infrastructure.”

Methods
Our article is empirically grounded in 26 interviews with
DARPA contractors, program managers, and others in-
volved with the automation of science. This work stems
from an earlier project looking at the science reform move-
ment (Peterson and Panofsky, 2023). During that research,
interviewees from diverse backgrounds suggested that the
future of science was going to be in automation. We draw
on four of those interviews. When we decided to pursue
this as an independent project, we focused on DARPA’s ef-
forts to automate science.

DARPA was chosen as a central focus for two reasons.
First, DARPA was an early and consistent funder of AI re-
search since the field emerged in the middle of the last cen-
tury (Nilsson, 2010). As we argue later, many of the
strategies used by the field to organize the field, evaluate
work, and make progress were innovated by DARPA.
Taskification—reducing complex problems to doable, bite-
sized tasks—and benchmarking—using quantitative tests to
evaluate progress and allocate resources—were becoming in-
tegrated into DARPA’s portfolio of AI research in the 1990s
and 2000s before becoming widely adopted by the field at
large (Koch and Peterson, 2024). Second, although it is an
agency within the Department of Defense and, thus,
shrouded in relative secrecy, DARPA maintains a public
face describing its portfolio of projects, making them more
open for scrutiny than science automation efforts at startups
and Big Tech firms.

The 26 interviewees for this project were selected on the
basis of their participation in projects dedicated to automat-
ing some aspect of scientific practice. Because DARPA pro-
vides many grants in this area, we began by reaching out to
prominent researchers associated with Big Mechanism,
SCORE, ASKE, and other programs they have funded fo-
cused on automating various aspects of science.2 From
these initial interviews, we snowballed and interviewed
non-DARPA-funded researchers doing automation research
and critics of such projects.

Interviewees were spread across academia and industry
with many having experience in both domains. Among the
firms represented, we interviewed employees of Microsoft,
IBM, and Philips Engineering. We also spoke with a re-
searcher at the Chan-Zuckerberg Initiative and an analyst at
the Organization for Economic Co-operation and
Development focused on science policy. We spoke with re-
searchers at universities across the United States and
Europe including Harvard, University of Chicago, MIT,
University of Amsterdam, and Goldsmiths University.
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Interviews were focused on general questions regarding
the automation of science, their projects, and the tensions
between automators and field experts. The interviews aver-
aged 55 min.

Dreams of a robot scientist and the reality
In their lauded laboratory ethnography, Latour andWoolgar
(1979) famously conceptualized the neurobiology labora-
tory of Roger Guillemin as an engineering diagram in which
research animals, chemicals, energy, and communications
were input and academic articles were output (Figure 1).

Rather than a mere heuristic, it is easy to reimagine the dia-
gramas theblueprint for an actual robot scientist. Sucha system
would input communication, energy, and research materials,
and it would output articles and data. However, rather than hu-
mansperforming the various tasks of reading, synthesizing, hy-
pothesizing, planning, experimenting, analyzing, and
communicating, they would all be done by a unified system.

Such a system could be the progeny of the work we de-
scribe below, one that manages to fuse together systems
automating judgment, insight, and embodied knowledge.
The system would read every published article and down-
load every available dataset relevant to its topic. It would
evaluate these pieces of evidence and create a massive
graph representing the structure of knowledge its field.
Nodes would represent entities connected by edges repre-
senting causal relations. Places where evidence is incom-
plete, ambiguous, or contradictory would represent areas
of potential interest. Based upon some automated

evaluation of the relative importance of the contribution,
the system would decide what to pursue. Then it would
run, all day and night, hundreds or thousands of experi-
ments, continuously aggregating and analyzing data and
periodically tweaking the experiment to refine the research
question or address ambiguities arising during the experi-
ments. Once sufficient data had been gathered to firmly
fill in a gap or resolve a conflict in the literature, a simple
article would be prepared describing what was accom-
plished in plain language for human audiences while data
would be uploaded to a public repository for other robot
scientists to integrate, updating their knowledge graphs.
This is the dream of the robot scientist: An autonomous, in-
defatigable, knowledge-generating machine capable of
superhuman feats of ingenuity, insight, and effort.

Such a system would have three obvious benefits over hu-
man scientists. First, it could work continuously and tire-
lessly and without the suite of human cognitive biases.
Second, rather than become siloed into a narrow area of spe-
cialization, a problem recognized for half a century (Price,
1975), such a machine could survey the entirely of the scien-
tific landscape, potentially making connections and integrat-
ing fields in unpredictable ways. Lastly, rather than undergo
the lengthy evaluation process by which fields decide which
claims to accept and which to reject (Cole, 1992), evaluation
and integration of new knowledge would happen almost in-
stantaneously while false claims would be extirpated rather
than linger (Smaldino and McElreath, 2016).

Given the advantages of automating science, it is not sur-
prising that this ambitious research program should take

Figure 1. The laboratory as article-producing system (Latour and Woolgar, 1979: 46).
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hold at DARPA, an important source of innovation in sci-
ence since the Cold War.

DARPA and the automators of science
The US government founded DARPA after being blind-
sided by Sputnik. The new agency was tasked with invest-
ing in and steering cutting-edge research with military and
economic significance. While other government funders
supported broad portfolios of mainstream research,
DARPA was charged with pursuing riskier projects with
potentially transformative outcomes (Weinberger, 2017).
Some of the technologies that DARPA incubated include
global positioning satellites, drones, and the internet.

Most germane to the current discussion, however, is the
role DARPA played in the integration and steering of AI re-
search in the 1980s and 1990s. As the amount of intelli-
gence information grew explosively in the second half of
the last century, DARPA turned toward computer technolo-
gies to help intelligence analysts deal with the deluge
(Roland and Shiman, 2002). One branch of this research in-
volved funding AI projects.

A recent account demonstrates the significant role that
DARPA played in creating the modern field of artificial in-
telligence (Koch and Peterson, 2024). After a period of
laissez faire funding in the field, DARPA began demand-
ing more accountability. By designing “common tasks”
like optical character recognition, automated translation,
or fingerprint analysis, DARPA used their purse strings
to organize the field around doable projects with clear me-
trics of progress. The common task structure provided a
format for comparison and, thus, competition. As simple
tasks were “solved,” more complex tasks were designed
in a process known colloquially as “hill climbing.” For ex-
ample, computer vision tasks were narrowly focused on
recognizing numbers before expanding to other symbols
and, eventually, objects. Many of the AI technologies
we use today including image recognition, automated
translation, and personal assistants began as DARPA pro-
jects that followed this trajectory. Given DARPA’s suc-
cess in AI funding, it is unsurprising that they would
adopt a similar strategy for their $2 billion “AI Next
Campaign” launched in 2018.3

Hill-climbing the peaks of scientific skill
Returning to Moravec’s metaphor of the rising tide of ma-
chine competence, previous literature in science and tech-
nology studies has identified three “peaks” representing
uniquely human competences that have, thus far, stood
above the rising tide of automation: scientific insight, em-
bodied knowledge, and collective judgment. This list is
not meant to be exhaustive. Certainly, human contributions
to science run through the gamut of research practice in
complex ways. Yet, these skills represent both areas of

significant research in science studies and have clear ana-
logs within the DARPA projects we detail. That the projects
described below imperfectly map onto these peaks of hu-
man competence is a result of the taskification process.
While automating an abstract skill like “judgment” repre-
sents too steep a hill to climb, designing a specific task
that is designed to represent an aspect of judgment allows
for progress to be made in a way similar to progress in other
areas of machine learning.

The taskification of insight
Our first domain of supposedly unique human accomplish-
ment is what we broadly label insight. These are forms of
intelligence tied to individual or interpersonal cognition.
Insight is the largely unconscious ability that scientists
have to synthesize complex and heterogeneous data, iden-
tify gaps, and plan novel interventions (Polanyi, 2009).
While machines are unparalleled in their ability to solve de-
limited problems in domains with fixed rules, in many areas
of science, the boundaries of the domains and the rules
themselves are unclear and require human ingenuity to
find analogies across disparate domains, exploit chance oc-
currences, and innovate (Dunbar, 1997; Simonton, 1999).

Throughout the history of science, data and articles have
been navigated by humans using typically human forms of in-
formation processing. Data are condensed into summary statis-
tics or displayed graphically to make them legible to human
audiences. Narratives are then crafted to highlight what the evi-
dence is supposed to mean in the context of previous research.
Individual scientists develop cognitive models of how the sys-
tems they study function and draw on those models when mak-
ing decisions. Individual biases or gaps in knowledge are, in
theory, overcome institutionally through collective decision-
making (e.g., peer review, committees, etc.).

Beyond simply organizing masses of data, new approaches
in machine learning provide a means to colonize a role that
has always been occupied by a human scientist. Atif Khan,
a DARPA-funded computational biologist from the
University of Chicago, detailed how they were attempting
to “automate this discovery thing, rather than our [human] col-
laborator feeding us questions.”Rather than be at the mercy of
the domain experts, he asked, “Why not automate the discov-
ery phase? Why not automate the AI things within the data-
base so that machine can give us the interesting pattern on
its own, rather than asking any particular question?”

Harvard computer scientist Benjamin Gyori led curation
efforts on the DARPA program Communicating with
Computers. He explained that the more that science estab-
lishes an “automated pipeline going from publications to
models,” the more the entire system can be treated as a sin-
gle, evolving entity:

For instance, we have a model for COVID-19 that reads the
new literature generated every day in that space. Through
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machine reading and knowledge assembly, it picks up specific
new pieces of knowledge that are reported and assembles those
pieces of knowledge against everything else that we already
know. And it figures out whether a given piece of knowledge
was already known, so there was already evidence for it,
whether it’s more general than what we already knew, whether
it’s more specific than what we already knew, or whether it
contradicts what we knew before. And that’s immediately help-
ful in figuring out how a new publication and what it reports
relates to previous publications.

Natural language processing tools are being developed to
allow machines to do two, daisy-chained tasks. First, to
“read” the published literature and, second, to organize it
into a network of established relationships. Such a system
would not only passively “crunch the numbers,” but would
find structural holes or areas of conflict that could represent
promising areas of future research.

As one commentary notes, such a system would produce
an “intelligent science assistant” that could

identify and summarize relevant research described across the
worldwide multilingual spectrum of blogs, preprint archives,
and discussion forums; find or generate new hypotheses that
might confirm or conflict with ongoing work; and even rerun
old analyses when a new computational method becomes avail-
able. Aided by such a system, the scientist will focus on more
of the creative aspects of research, with a larger fraction of the
routine work left to the artificially intelligent assistant. (Gil
et al., 2014: 171)

As they note, the robot “assistant”would take over the com-
putationally intensive work of aggregating evidence and
generating new hypotheses while leaving the scientist
more time for the “creative aspects of research.” Again,
the system only usurps a narrow band of current scientific
expertise. One notable area left to the scientist under this
scenario is actually conducting experiments.

Beyond simply providing assistance to humans, how-
ever, researchers on these projects suggest they may help
overcome a limitation of human cognition. Nancy J. Cox,
a quantitative geneticist who was a contractor on
DARPA’s Big Mechanism, explained that the problem of
complexity has become a qualitative barrier. “When you
have these huge jumps in the volume of information, there’s
much more information there than we know how to model,
and we know how to even begin to understand.”Machines,
however, do not share this limitation. Thus, the hope is not
simply to replicate human insight, but expand the bounds of
what is possible.

The taskification of embodied knowledge
The second skill which it has been argued that humans are
uniquely capable is the domain of embodied knowledge.

This includes forms of intelligence tied to the physical per-
formance of tasks. A foundational topic in STS (Collins,
2010; Polanyi, 2012), embodied knowledge is the dimension
of scientific practice concerned with the physical aspects of
getting experiments to work. Tasks that are unstandardized
and require sensitive reactions to changing conditions cannot
be laid out as an explicit set of rules (Lynch, 2002) and, thus,
are not amenable to automation. Although there are reasons
to suspect this hurdle is not insurmountable (i.e., Feest,
2016), the ability to function in a lab is still often tied to phys-
ical performance (Doing, 2004; Peterson, 2015, 2025).

For decades, commentators have argued that “robotic
automation is poised to revolutionize laboratory practices”
(Boyd, 2002: 517). In targeted ways, gene sequencing,
high-throughput proteomics, and microarray technology
have already extended the reach of human scientists.
However, although these represent significant aids to re-
search, they are relatively contained tasks or, as one com-
mentary puts it, “They did not fully ‘close the loop’ in the
sense of examining the results of their actions, deciding
what to try next, potentially cycling forever” (Waltz and
Buchanan, 2009: 43).

Beyond these more modular approaches to automation,
there have been more ambitious attempts to create fully,
“closed loop” systems that can operate an ongoing series
of experiments with minimal human intervention. This
goal motivated the creation of “Adam,” the first robot scien-
tist who “physically runs the experiments by using labora-
tory robotics, interprets the results, and then repeats the
cycle” (King et al., 2009: 85). Specifically, the system con-
ducted functional genomics experiments whereby specific
genes of yeast were removed systematically to see if the
phenotype displayed dysfunction in aromatic amino acid
synthesis (King et al., 2004).

Its creators argue that Adam is useful for doing many of
the routine and dull laboratory jobs, freeing the scientist for
the more intellectual aspects of the work. When we asked
Larisa Soldatova, one of the team members on the Adam
project, what motivated the project she pointed to the errors
that stem from having humans do repetitive actions:

Looking how people are doing the same thing again and again,
getting tired and just making errors, or something that they
don’t want to do. If you talk to any scientist, I’m sure anyone
will tell that the actual creative work, when they can think and
do what they enjoy, it’s only a fraction of what they have to
spend their time on. They have to spend so much time on some-
thing which they just have to do and don’t want to do. Usually,
it’s amenable to automation.

In this way, the “task” that can be automated is relegated to
the machine which preserves more time of the “skills” of the
human scientist. Thus, despite the end-to-end structure of
Adam, the human scientist remains in an important pos-
ition. When we asked King what role the human scientist
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would have if robot scientists became common, he ex-
plained that the “human being would be doing the clever
stuff. The general strategy; they understand what they’re
trying to achieve, what the goals are. The computer doesn’t
understand the big picture.” Despite mastering the physical
aspects of experimentation and some low-level hypothesis
generation and analytic tasks, the human is still conceived
of as necessary to provide goals and strategize.

The robot scientist offers several advantages over the hu-
man. First, unlike the human scientist who is constrained to
acting in a serial way, engaging in a string of individual ac-
tions, the machine can operate in a parallel fashion—prepar-
ing, experimenting, analyzing, and planning at the same
time. Second, whereas even the most obsessed scientist
must take periodic breaks to tend to their biological needs,
robot scientists can operate with minimal breaks.

The taskification of judgment
Although scientific expertise is involved across the gamut
of scientific practice from the minutely technical to the ab-
stractly theoretical, a key element is the ability to judge the
quality of work in a field. DARPA has funded several pro-
jects with the goal of automating this faculty including the
ambitious Systematizing Confidence in Open Research and
Evidence (SCORE) project. The motivation for SCORE is
the reproducibility crisis in social and behavioral sciences
(SBS) producing an unreliable literature for political and
military strategists who utilize this literature for decision-
making. Thus, the project attempts to

develop and deploy automated tools to assign “confidence
scores” to different SBS research results and claims.
Confidence scores are quantitative measures that should enable
a [Department of Defense] consumer of SBS research to under-
stand the degree to which a particular claim or result is likely to
be reproducible or replicable. These tools will assign explainable
confidence scores with a reliability that is equal to, or better than,
the best current human expert methods. (DARPA, 2021)

Broadly, the project consists of three phases. In the first,
domain experts participate in “prediction markets” (Liu
et al., 2020) or focus groups and predict the replicability
of specific articles. In the second phase, a sample of these
articles are selected and replicated. This allows researchers
to (1) evaluate the accuracy of domain expert judgment and
(2) produce a dataset that supports phase three. Finally,
automated systems are developed which are designed to mi-
mic the most accurate expert’s judgment using specific fea-
tures of the published articles (for instance, the presence or
absence of certain phrases [Yang et al., 2020]).

Sarah Rajtmajer, computer scientist and one of the con-
tractors on DARPA’s SCORE program explained that
“what we are trying to do is approximate groups of experts.”

She went on to explain the impetus for automating expert
judgment:

A very successful approach is prediction markets. But then you
have to have weeks or months to run the prediction market.
You have to assemble the correct people. You have to be run-
ning a replication study in parallel so that they have something
to bet on […] That’s not really scalable […] We’re developing
artificial markets. But all the teams are essentially trying to get
as close as possible to the human expert’s wisdom.

Rather than have to wait for the outcome of a prediction
market, the ability to create a fully automated, artificial mar-
ket provides instant access to “expert opinion” on any piece
of social science.

This system would allow decisionmakers to evaluate the
social and behavioral science literature in real time without
having to consult a cadre of experts. Yet, it is entirely de-
pendent on a published literature still being directed by hu-
man scientists. However, another set of projects seeks to
automate the direction of scientific research itself.

The shell game of uniquely human skill
In isolation, the projects designed to automate the three
tasks detailed above—judgment, insight, and embodied
knowledge—each promise to absorb some task amenable
to automation freeing the human scientist up for some other
specifically human work. Thus, these projects are pitched as
providing a “intelligent science assistant” (Gil et al., 2014)
rather than something aimed at replacing the human scien-
tist. In the case of hypothesis generation, for instance, the
assistant simply weeds through vast amounts of data in or-
der to provide the human scientist with a manageable list of
experimental possibilities. But both the selection and the
experiments actually conducted still require a trained hu-
man hand. This was the way that several interviewees
framed their work. However, the tasks considered to be
the unique dominion of the human scientist differ from pro-
ject to project. For instance, Benjamin Gyori, computer sci-
entist at Harvard Medical School, explains how the
“Automated Scientific Discovery Framework” he created
could aid the human by creating a system to

quickly sift through that data and highlight surprising and yet
unexplained observations, to separate the things that are either
not interesting or have already been explained and therefore are
not scientifically novel, and provide a kind of rank list and a
report to the human scientist to draw their attention to specific
experimental observations that they should follow up on.

By organizing data, synthesizing it, and locating open ques-
tions, the machine has taken over some of the tasks we have
labeled insight. Moreover, the “ranked list” provided by the
system encroaches into the domain of scientific judgment
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by suggesting that some experiments are more potentially
fruitful than others. Yet, the human scientist is still ultim-
ately deciding what experiments to do and actually carrying
them out.

However, for those seeking to automate experimenta-
tion, the embodied tasks considered the unique domain of
the human scientist are precisely the ones they seek to off-
load onto a machine. In this case, though, the unique pos-
ition of the human again shifts. For instance, King et al.
(2004: 251) suggest the automation of experimentation
would aid progress because “it frees scientists to make the
high-level creative leaps at which they excel.” Thus, rather
than embodied knowledge, the task left for the human sci-
entist is that of insightfully synthesizing and interpreting
the experimental products of the robot experimenter.

What should be clear is that the assertions that humans
have some role in the evolving system of science made
by automators has more to do with the limited focus of their
current projects than any theoretical belief in some insur-
mountable peak of human performance. Attributing an on-
going role to a human is simply about delimiting the scope
of their system. By their construction, concepts like em-
bodied knowledge, insight, and collective judgment are
amorphous whereas these tasks are narrowly defined. Yet,
when you look at all these various projects as an emergent
research program, it is clear there is no uniquely human do-
main. While each individual project preserves some space
for human skill, in another automation project, that very
skill is being taskified and automated.

Of course, by calling this an emergent research program,
we do not mean to suggest that no one is thinking in terms
of the full automation of science. While such ambitions
were rarely stated in the early days of this project, it has
since become much more common. Program managers at
DARPA have been funding projects across the spectrum
of automation. And, although nearly all of our interviewees
framed automation in narrow terms, leaving room for hu-
man expertise, there were, early on, hints at this more am-
bitious agenda. King, whose robot scientist attempts to
automate both embodied knowledge and (to a lesser degree)
insight, was most explicit about this goal. Although he
made several comments regarding the ongoing role of hu-
mans in science, he made clear that, ultimately, this was a
role that was destined to disappear: “There’s nothing which
in general I think a human being can do which a computer
won’t be able to do. If you could describe exactly what a
computer can’t do, then the computer can do it.” It was
this belief that motivated the funding of the “Nobel
Turing Challenge”with the goal of building a robot scientist
that would make “Nobel quality scientific discoveries” by
2050 (Kitano, 2020).

As progress ismade automating individual tasks, there is rea-
son to believe that this emergent programwill becomemore ex-
plicit and coherent. Yet, in the interim, it faces significant
challenges. In the following section, we leave the individual

tasks and automation projects to ask the question, what would
need to happen to make the automation of science possible?

Remaking the landscape to facilitate the
automation of science
In a provocative book, Pasquinelli (2023) has argued that, ra-
ther than reflect human intelligence, artificial intelligence mir-
rors the social logic of industrial production. Translating this
to Moravec’s rising sea metaphor, the approach taken by
DARPA and others investing in the automation of science
suggest a strategy that resembles Taylorism. Rather than
creeping up the peaks of human competence, the strategy of
taskification—with its reduction of complexity, the creation
of doable tasks, and hill-climbing—suggests that the land-
scape itself is being remade to benefit machines for the pur-
poses of making production more efficient.

As it’s currently constituted, science is made by humans
for humans. On the one hand, this is simply because it often
involves complex and underspecified practices. Human
skills like flexibility and metacognition are often necessary
in conditions where the natural world doesn’t provide us
with objects that behave in fully predictable ways. As an ex-
ample, Ross King told us that despite intentionally choosing
yeast—a relatively simple organism—as a research object
for the proof-of-concept robot scientist, problems still
emerged: “Sometimes for several weeks, the experiments
wouldn’t work anymore. And you’d think, ‘What on earth
has happened? It’s robot and yeast, what could have chan-
ged?’ […] It became very clear to us that it’s quite hard to
reproduce even the simplest type of biology.”

On the other hand, science is largely produced by and for
humans because that is the way it has always been. For in-
stance, Harvard genomics researcher Heidi Rehm described
“the biggest barrier to actually enabling these approaches”
which is data contained within “unstructured manuscripts
with graphics and text that’s hard to compute on” can be
understood and integrated by a “professional brain” yet is
often unreadable by a deep learning system.

Although the problems faced by automators are unique
to their specific projects, they share a common origin: sci-
ence has been, and continues to be, a profoundly human en-
deavor. Materials and machinery are standardized enough
for experiments to “travel” across scientific networks, but
only under the stewardship of a skilled human experi-
menter. Machine scientists require a far greater degree of
standardization. Articles are written for the benefit of hu-
man readers. Data are condensed into graphs and tables
which are more easily digested by human minds and these
data visualizations are used to support a narrative filled with
colloquial language. For the machine scientist, this presen-
tation only simplifies and obfuscates.

There are, however, efforts to make science more amen-
able to machine intervention in ways that mirror changes
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in other sectors of the economy. For the last decade, indus-
tries like ride sharing and package delivery have been en-
gaging in a process of “pre-automation” which involves
transforming a domain to be both logistically and economic-
ally amenable to future automation innovations (Vertesi
et al., 2020). Services like Uber rideshare and Amazon’s
package fulfillment have followed a logic in which they rap-
idly increase their scale through massive hiring of gig work-
ers, make the work as data-centric and algorithmic as
possible and, simultaneously, heavily invest in automating
technologies that they hope will eventually replace the hu-
man workers.4

This period of preautomation in science is not following
the same script as ridesharing and package delivery. A ma-
jor reason is that scientists have significantly more ability to
resist the reorganization of their workplace than taxi or de-
livery drivers. However, the essential logic of remaking a
profession to be amenable to automation is visible in a num-
ber of science reform projects. These range from subtle rule
and policy changes being advocated under the banner of
“research integrity” to more ambitious attempts to remake
science at a more granular level.

Making science machine-readable
Discussions of “openness” and “transparency” in science
are largely motivated by discussions about a “reproducibil-
ity crisis” in science (Peterson and Panofsky, 2023). Under
this framework, the move toward open science—especially,
open data, methods, and materials—is supposed to improve
the integrity of the scientific literature by making claims
easier to evaluate and replicate (Freese and Peterson,
2017). For instance, making it a requirement to deposit
raw data with an article submission encourages competing
scientists to check the claims and discover errors.

In contrast to the arguments of open science advocates,
Historian PhilipMirowski has claimed that “the open science
movement is an artifact of the current neoliberal regime of
science, one that reconfigures both the institutions and the
nature of knowledge so as to better conform to market im-
perative” (2018: 172). Setting aside the question of the de-
gree to which open science can claim to genuinely improve
knowledge outcomes, themove to open science has obvious,
tangible benefits for automation projects whose value is in
direct proportionwith the amount of data they have access to.

Advocating open science and then pushing to make data,
datasets, and repositories more machine-friendly have be-
come central goals of large, institutional funders. In 2019,
the NSF launched an initiative called “Harnessing the Data
Revolution” to begin supporting this transition. Arthur
Lupia, Assistant Director for the Social, Behavioral, and
Economic Science Directorate at the NSF explained that
“we have a lot of discussions now about what data looks
like in the future” with an eye toward innovations in “ma-
chine learning and the ability to scrape data.”

For the librarians who build, organize, and maintain the
infrastructure that open science requires, the potential for
the exploitation of data is a clear motivation. For instance,
Eloy Rodrigues, board member for the Coalition of Open
Access Repositories, told us, “I think it’s really clear that
there is a lot of things that could be enabled, if you really
have an open ecosystem where all the data and publications
can be available to be mined and be used by algorithm. That
will offer a lot of new possibilities for research and for the
advancement of knowledge.” He went on to describe the
next generation of repositories which will be designed
with the knowledge that “users of repositories and of this
ecosystem will not only be humans, but it will be also ma-
chines […] We need to build systems that are planned since
the beginning to be used by machines and are machine
friendly and allow new exploration of things.”

Beyond data that support published articles (and, thus,
support the mission of increasing research integrity), there
is recognition that machines will benefit most when all
data are available. This includes data from experiments
that, for whatever reason, do not end up getting published
and, thus, do not face data hosting mandates. Jake
Yeston, an editor at Science, told us about a workshop he
attended on the application of artificial intelligence in syn-
thetic chemistry. The speakers highlighted how growth in
the field has been hampered by the so-called “file drawer
problem.” Simply put, the file drawer problem is a form
of bias that results from the fact that studies that fail or do
not produce novel findings tend not to get published. This
skews the published literature toward successful and inter-
esting findings and gives a distorted picture of the universe
of studies. In scientific cultures, this bias can be somewhat
corrected through back-channel communication about
which findings or experimental procedures are “fragile” or
“robust” (Peterson, 2016). There are debates about whether
this is an efficient system of communication for human
scientists (Peterson and Panofsky, 2023). What is clear,
however, is that such bias is deeply problematic for machine
learning systems that are deaf to such water cooler conver-
sations. Yeston explains,

What they do is they basically teach the system to go look at a
million reactions that have been published somewhere. And so
it kind of figures out this is how to do things. And then, based
on however it’s programmed, it looks for similarities and so
forth. And once in a while it comes up with something that
looks really outlandish and a human being will say “Oh that
wouldn’t work.” But the reason for that is that it doesn’t
have a database of “this doesn’t work.”

Although there have long been arguments that there should
be venues to publish negative results, the need becomes
pointed as machines become more active participants in sci-
entific research.
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Producing data explicitly for machines
Although reformers have been successful in advocating for
a number of policy changes mandating more open science
practices, automators still face significant problems. For in-
stance, simply having access to, say, clinical data is not en-
ough to make a deep learning model useful. Ezequiel
Lopez-Rubio, an artificial intelligence researcher working
on automating clinical science, detailed, “When you talk
to doctors they tell you that when they collect the data there
are many inconsistencies, and that means that the variables
that they are measuring are not exactly the same depending
on the doctor who is collecting the data.” This hamstrings
deep learning systems because “if the variables are not con-
sistent then that answer is useless.”

Similarly, having access to databases of articles is useful for
systems that seek to synthesize knowledge infields, but the cur-
rent abilities of natural language processing limit what can be
done. Gyori notes that even a seemingly simple task like entity
recognition is “a huge challenge because people use widely
varying nomenclature and synonyms and alternative spellings,
andnames changeover time.”But evenonce the hurdles of get-
ting the algorithm to correctly identify entities are overcome,
discovering what is actually said about them presents an even
more daunting problem: “Then, all of these entities are embed-
ded in very complicated sentences, and these sentences often
describe really intricate points aboutmethods andexperimenta-
tion and so on. The current state-of-the-art NLP systems don’t
actually recognize much of that.”

These issues underscore the essentially different ways that
humans and machines process information. While human
scientists pale in comparison tomachines in the ability to ana-
lyze masses of curated data, they best the machine when data
are heterogenous, ambiguous, or incomplete. And, while a
machine can absorb and organize scores of articles, humans
are far superior at understanding the meaning of sentences
written in natural language. Returning to the rising water
metaphor, there are many automation projects seeking to re-
structure science itself to benefit machine integration.

The establishment of an international system of institu-
tional and disciplinary repositories is already setting the
groundwork for one possibility: moving away from the
journal system based upon article-length narratives to-
ward a system based upon individual experiments.
Neuroscientist and creator of the MindMap system for
synthesizing biomedical data, Alcino Silva told us that
the future of science “won’t be about human judgments”
where scientists think, “Cell and Nature, wow! Science,
that’s where the good stuff is.” Instead, we transition to
a system in which the unit of contribution and evaluation
is the single experiment. According to Silva, an evolving,
self-updating system based around individual experi-
ments would allow funders and universities to evaluate
studies based on what they lead to rather than the brand
name of where they appeared.

These changes would be aided by another set of projects
dedicated to formalizing scientific terminology and lan-
guage. As the creators of Adam argue, “The use of compu-
ters is also changing the way that science is described and
reported. Scientific knowledge is best expressed in formal
logical languages. Only formal languages provide sufficient
semantic clarity to ensure reproducibility and the free ex-
change of scientific knowledge” (King et al., 2009: 85).
Fulfilling this long dormant project of logical positivism
would provide machines with data in a digestible form.

One concrete outcome of this project has been the devel-
opment of “ontologies” in biomedical research: a formal,
codified naming system and sets of technical concepts la-
beled as incongruous. These issues are not disastrous for
human scientists who can navigate heterogeneous informa-
tion spaces, but they create deep problems for machine
learning systems. The goal of developing biological ontol-
ogies, therefore, is to harmonize these vocabularies and cre-
ate a homogeneous information space better suited to deep
learning.

Discussion
Of all domains of intelligent human activity that could be
automated, few would have more significance to the fate
of our world and our species than science. Yet, in contrast
to Moravec’s rising water metaphor, AI is not simply ap-
proaching the peaks of scientific competence. Rather, skills
are being taskified and then hill-climbed while scientific in-
frastructure is remade to better integrate with machines.

The total automation of science represents an emergent
research program. Although, historically, few funders or re-
searchers explicitly espouse such an ambitious goal, survey-
ing the landscape of automation efforts in science makes the
shape of this project clear. Scientific robotics, natural lan-
guage processing, information retrieval and synthesis, and
hypothesis generation are independent and parallel areas
of research. Yet, if these projects mature and are integrated,
they have the potential to transform science dramatically.

There is evidence that this is happening. For instance, in a
recent report on a Silicon Valley startup promising to revolu-
tionize materials science (Bort, 2025), a researcher at Google
Brain specifically argued that advances along several discrete
tasks (LLM reasoning, robotics, and ability to simulate com-
plex reactions) make the time ripe for automation. The author
concluded, “Stitched together, the picture was clear: A simu-
lation would theoretically discover new compounds a robot
could mix the materials, and an LLM could analyze the results
and suggest course corrections. AI-automated material science
was ready to be built.” The implicit view is of a science bro-
ken down into tasks which have been independently hill-
climbed to the point where they might be joined together to
create an autonomous robot scientist.

Since the proof-of-concept labs “Adam” and “Eve” were
created (Tobias and Wahab, 2025), “closed loop” or “self-
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driving” labs have gained steam in relatively structured sci-
entific pursuits like materials science (Abolhasani and
Kumacheva, 2023; Wahl et al., 2021) and some areas of
biomedicine (Collins et al. 2025). Yet, the heterodox condi-
tions and unclear objectives of much laboratory research
make these models too simplistic to generalize (Musslick
et al., 2025). The path forward is, as it has been for AI
for decades, hill-climbing narrowly defined skills in the
hopes that they will eventually join at the mountain peak
of scientific expertise.

Of course, from its beginnings, artificial intelligence has
always been accompanied by wild-eyed predictions and a
spotty record of accomplishment (Mitchell, 2019). This art-
icle is not meant to suggest that there is an impending take-
over of science by machines. Although most of the
researchers we interviewed painted an optimistic picture of
the future of machine intelligence in science, there were notes
of caution as well. That this remains an uncertain bet on the
future can be gleaned from the fact that many of the people
we interviewed and many of the projects and institutes on
which and at which they were employed were being sus-
tained by grant money making their positions unreliable.
Funders and universities want to see concrete developments
before committing themselves more permanently to funding
ongoing automation projects.

There are good reasons for caution. The end-to-end robot
scientist Adam was designed to work on yeast because of its
simplicity and still struggled with reproducibility. What does
this portend for the move into more complex areas of biol-
ogy? And, variations in terminology across fields have pro-
moted efforts to standardize ontologies. Yet, creating a
common ontology requires the harmonization of domains
that have evolved separately and there are reasons to suspect
that differences in technical argot may reflect theoretical dis-
putes rather than mere terminological styles (Leonelli, 2019).
Moreover, in an age where the management of labor and
technology are increasingly intertwined (Jarrahi et al.,
2021) and the integration of technology seems to do little
but increase burdens on researchers (Watermeyer et al.,
2024), such efforts seem to portend the deskilling and impov-
erishment of scientific labor in ways that mirror other fields
(Casilli, 2021; Pasquinelli 2023). Thus, some internal resist-
ance may be expected.

Despite these obstacles, it would be shortsighted to dis-
miss the total automation of science as an irrelevant, fringe
fantasy. In addition to the projects outlined above, research-
ers have been making progress automating protein structure
prediction (Jumper et al., 2021), chemical structure identifi-
cation (Rajan et al., 2023), hypothesis generation (Spangler
et al., 2014), and solving symbolic regression problems
(Udrescu and Tegmark, 2020). One researcher argued in
Nature that machines should claim prizes in science for
their contributions to discovery (Wang, 2025).

Sure to accelerate these trends, many of the significant
changes happeningwithin global science over the last decade

ease the way for increased automation. If the water cannot
rise to the peaks, make the peaks easier to reach.
Specifically, efforts to “open science” provide masses of
data on which to train deep learning models. Replication in-
itiatives help to standardize practices in ways that benefit ex-
perimental robots. And the move toward bigger and more
networked science creates conditions in which “tacit knowl-
edge” and “cultural judgments” must be made explicit. In a
period of pre-automation, scientists around the world are,
knowingly or not, laying the groundwork for machines.

It is hard to predict what influence any of these individ-
ual automation projects will have, let alone their combina-
torial possibilities. The reason why it is important to
attend to the entire shape of the project is that it foresha-
dows significant changes in experimental practice, scientific
communication, and research careers. Even if Ross King’s
dream of having a computer win a Nobel Prize by 2050
does not come to pass, by preparing for that future by chan-
ging scientific practice and institutions in ways designed to
spur machine advancement, they are having an important
effect on science.

In a recent report on the state of science in the age of AI,
the Royal Society (2024) detailed a litany of justified con-
cerns of AI-driven science like access, bias, and transpar-
ency. But one significant aspect missing from the report is
how AI may threaten the social structure and institutions
of science. Even if the projects detailed above only lead
to success in overtaking relative “lowlands” like automating
limited aspects of laboratory practice, they portend signifi-
cant changes in the nature of scientific work. If machines
are as good as (if not far superior to) humans in most tasks
currently performed by graduate students and postdocs, it is
fair to wonder what tasks will be left for them.

Beyond these institutional effects, however, the automa-
tion of science represents a challenge to prevailing ideas in
the philosophy and sociology of science. For nearly two
decades, some have argued that we are entering a new epi-
stemic era in which prediction overruns understanding as
the primary goal of science (Anderson, 2008; Kitchin,
2014). While some have suggested that machines may pro-
duce better science because they lack our cognitive limita-
tions and biases, an increasingly pressing question is,
what biases do the machines have (Messeri and Crockett,
2024)? And will we be content to simply to cede expertise
to machines in ways that impoverish us mentally and poten-
tially results in epistemic monocultures (Bergstrom and
Bak-Coleman, 2025; Evans and Duede, 2025; Koch and
Peterson, 2024)?

Machine learning methods pose even more theoretically
difficult issues. Although current systems are more adapt-
able than their rule-based forebears, they gain their flexibil-
ity at the cost of opaqueness. In the area of expert judgment,
this means that demands for reasons cannot be meaning-
fully answered and raises questions of judgment and evalu-
ation. If no one can reasonably understand how a machine

Peterson et al. 11



produced a piece of analysis, how are we to understand its
quality?

Beyond seeking to automate physical and analytic prac-
tices, another set of issues when thinking about automating
the acculturated knowledge of the scientist. While most of
the people we interviewed seemed to hold out hope that
this would be the final peak where humans will make their
stand against the rising tide of machine automation, projects
seeking to automate expert judgment suggest that that too is
in the automators’ crosshairs. Yet, deciding what needs to
be studied and what counts as a significant advance is where
the technical side of science intersects more directly with
the social and political side. This has profound implications
for the role of human knowledge in a post-human science.
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Notes
1. Pearl’s idea is not new. As early as the 1960s, artificial intelli-

gence researchers developed the DENDRAL project in an at-
tempt to automate hypothesis formation and discovery in
organic chemistry.

2. These projects represent the types of well-defined, doable tasks
that are ideal for the measurement, comparison, and hill climb-
ing. Although some details of the projects will be described la-
ter, here are the projects we recruited from: ASKE (Automating
Scientific Knowledge Extraction): funding projects through a
two-stage process which (1) will automatically curate and syn-
thesize a research literature and (2) inferring from these synthe-
ses to generate new hypotheses. Big Mechanism: funds group
working to automate the extraction of causal information in
the literature on a specific form of cancer and then assemble
these pieces into more complete causal models. SCORE
(Systematizing Confidence in Open Research and Evidence):
funds projects designed to create automated systems which
can read studies in behavioral and social science in order to
automatically evaluate them based upon “clues” to their repro-
ducibility and reliability.

3. Of course, DARPA is not alone in pursuing automation in sci-
ence. All the Big Tech companies are now investing in this pro-
ject. Although Google’s AlphaFold program, which effectively

solved one of the most challenging problems in structural biol-
ogy, is perhaps the most famous, META, Amazon, and other
companies have made similar investments. However, among
science funders, DARPA has the most publicly visible program
pushing forward the cutting edge of science automation along
multiple domains. Because of the scope and diversity of their
funding portfolio, and the availability of their scientific contrac-
tors, we developed this project around DARPA’s efforts in this
science automation.

4. The fact that both Uber and Amazon have just recently reduced
investment in their automation projects highlights the ongoing
challenges of automating even relatively unsophisticated tasks.
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