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Executive summary

AI for science is a strategic investment priority across the European Union, the United Kingdom,
and the United States. These large funding commitments are essential to sustain scientific pro‐

gress. But realising the value of AI for science investments will depend on two key factors that
existing strategies sometimes miss. First, “AI for science” is not just one thing. The term covers at
least two distinct layers of the scientific research ecosystem, which solve different problems and
depend on different types of  inputs and investment.  Second,  because frontier  AI  capabilities
change so fast,  where they create value in science will  keep shifting; and these opportunities
cannot be identified by an investment strategy that is set once and designed to run for years.
Instead, investment strategy needs to be agile, offering capacity to try new tools, placing early
bets, and re-targeting investment as the landscape shifts. 

These two factors point in a clear direction. AI for science investment should identify the distinct
layers where AI creates value and target each one specifically, guided by a dynamic roadmap that
concentrates resources on the highest-value capabilities and the bottlenecks blocking them. If
investments are not targeted this way, we risk spreading resources too thin instead of building
lasting, flexible scientific capacity – especially in Europe, where research funding is closely tied to
competitiveness and strategic autonomy. 

Today, two high-impact opportunities occupy distinct but complementary layers of the scientific
AI  stack.  They  are  often  discussed  together,  but  they  solve  different  problems,  depend  on
different inputs, and mature on different timelines.

The first layer, scientific foundation models, are designed to model natural phenomena directly.
For example, AlphaFold can predict protein structures at scale, and GraphCast can generate high-
resolution weather forecasts in seconds. These models unlock capabilities that simply did not
exist before, often at dramatically lower cost, and once built, they function like shared scientific
infrastructure. 

The second layer is AI scientist systems. Rather than modelling nature, they aim to organise and
run  parts  of  the  scientific  process.  These  systems  are  typically  built  on  general-purpose  AI
models, with additional structure that allows multiple agents to work on scientific questions in
parallel. They run structured workflows where literature review, hypothesis generation, and digital
tools are used to refine the model’s final output; and they are designed to keep human scientists
in the loop. Some are offered by specialised developers, such as Kosmos by Edison Scientific,
while others are built by frontier AI companies who offer general-purpose models as well, such as
Google DeepMind's Co-Scientist and OpenAI's GPT-Rosalind. AI scientist systems’ promise lies
not in depth, but in breadth: they enable scientists to explore ideas faster and more systematic‐

ally.  If  successful,  they could compress research timelines from years to months,  a shift large
enough that only institutions with access to such systems would remain competitive in producing
scientific knowledge. 

Bengüsu Özcan

3 | 



These two layers of “AI for science” are complementary but require fundamentally different in‐

vestment strategies. Scientific foundation models depend on large volumes of domain-specific
data,  typically generated by national  observatories or long-running research programmes. The
bottlenecks for these models tend to be coordination problems, such as building structured data
pipelines. AI scientist systems face a different constraint: there is very little structured data on
how science is actually done, including how scientists make judgements under uncertainty or
learn from failed attempts. Because scientists publish final outputs, such as papers and datasets,
rather than the reasoning and iteration behind them, this kind of workflow data that AI scientist
models need to learn from is largely missing.

These two layers call  for different investment approaches. The data needed to build or adapt
each layer is fundamentally different. AI scientist systems in particular risk being overlooked: they
are newer, and scientists do not typically collect and share the data that they need. Investment
strategies also have to enable both development and procurement. Some leading AI systems are
developed by private companies, so securing access to them matters as much as developing new
capabilities at home. As the boundary between the layers shifts and frontier capabilities advance
rapidly, AI for science investment strategy will need to be revisited as a living roadmap: it should
provide  funding  across  both  layers,  identify  and  target  bottlenecks  precisely,  and  build  in  a
mechanism to collect ongoing evidence in order to adjust the strategy.

This is especially pressing for Europe right now: a large EU commitment through the Resource for
AI Science initiative is already in place, and Framework Programme 10, Europe's flagship research
and  development  investment,  is  still  being  shaped.  We  recommend  that  science  and  R&D
investors, and EU policymakers in particular, should:

Distinguish the distinct layers in AI for science, and develop funding mechanisms suited to
each. These layers depend on different data, expertise, and infrastructure, so the binding bottle‐

necks will differ between them and should be targeted directly. Some funding mechanisms will
mean building capability at home, others securing access to leading systems developed else‐

where, and they should stay flexible enough to do both. Public funders could also explore alternat‐
ives  for  cases  where  conventional  landscape  assessment  and  funding  application  processes
move too slowly,  such as partnering with faster intermediaries like philanthropic organisations
that scout opportunities in specific areas.

Treat the strategy as a living roadmap, not a one-off allocation. The AI frontier moves fast, so
where it  adds value will  keep shifting.  In practice,  this means reviewing the portfolio regularly,
letting promising bets scale, and sunsetting stalling initiatives as new evidence comes in.

Monitor and test the scientific capabilities of general-purpose AI. These capabilities are built
both  by  specialised  developers  and,  increasingly,  by  frontier  AI  companies.  Scientific  AI  and
general-purpose AI are not separate worlds, and strategy should track how advances in frontier
models reshape what is possible in science.

Give scientists a structured way to test these systems. Most researchers have little experience
judging  where  AI  scientist  systems work  or  fail.  In  practice,  this  means creating  capacity  for
scientists to run experiments with new tools. These experiments should generate clear audit trails
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and lessons learned should be shared, so that findings feed back into the broader AI for science
strategy.

Recognise that access will be as decisive as capability. Some scientific AI systems are offered
only by private companies or require in-house engineering to build, so access depends heavily on
procurement conditions and available resources. Europe should build its own AI for science cap‐

abilities while ensuring researchers can access leading existing systems through smart procure‐

ment,  interoperability  standards,  and  partnership  terms  that  avoid  lock-in.  Falling  behind  in
access can be as damaging as falling behind in development.

AI is not a silver bullet for scientific discovery today. Different fields face unique bottlenecks that
AI advancements alone cannot resolve, from foundational limits to regulatory hurdles. However,
scientific AI capabilities pose one of the most consequential open questions about how the sci‐
entific process itself might change. Scientific foundation models are already a proven pillar of AI-
enabled science. AI scientists, by contrast, are first-generation systems whose value can only be
determined by deliberate experimentation and learning by building. The more precisely and dy‐

namically Europe targets its AI for science investments across these layers, the more likely it is to
remain a leading contributor to global scientific progress.

Introduction

AI for science has emerged as a policy priority across the world, reflecting a broader recognition
that advances in AI could alter the pace, structure, and direction of scientific discovery itself. In
Europe, the momentum was visible in 2025 with the launch of Resource for AI Science in Europe
(RAISE) [1]. Announced by the European Commission, with an initial €107 million allocation from
the Horizon Programme for 2026–27, RAISE aims to enable AI-driven scientific research, with stra‐

tegic enablers such as providing researchers access to substantial compute as a fundamental
need for training and deploying advanced models. 

Looking beyond Europe helps clarify what is at stake. While RAISE emphasises coordination and
capacity-building within an existing research framework, developments in the United States imply
that the U.S. has a more explicit ambition to use AI to reshape the scientific process itself. This is
most clearly expressed in the U.S. Genesis Mission [2], launched in November 2025. Framed as a
new  “Apollo  Project”  for  science,  Genesis  positions  AI  as  core  scientific  infrastructure,  and
focuses on integrating national laboratory data with shared, AI-enabled platforms across labs,
universities, and industry. 

These two initiatives are not directly comparable in terms of scale, mandate, or intended scope.
However, as RAISE infrastructure continues under FP10 – the next multi-year European Union re‐

search and innovation Framework Programme following Horizon Europe – AI for science is likely to
become a structural component of Europe’s research strategy over the coming decade.

“How to  do science better”  is  a  well-established policy  priority:  few public  investments  rival
science in their long-term economic [3] and social [4] returns. Knowledge generated in one field
or country spills [5] across sectors, borders, and time, making science and research and develop‐
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ment (R&D) one of the few policy levers with consistently high payoffs [6]. So far, AI has been one
of the enablers of this logic: AlphaFold’s Nobel-recognised breakthrough in protein folding is the
canonical example of AI accelerating [7] drug discovery, but AI also has a visible track record [8]
of enabling more creative,  cross-disciplinary science in other areas.  Today,  this pattern is not
changing, but AI’s reach could be expanding. If AI can compress research cycles and uncover pat‐
terns beyond human cognitive limits, problems that have resisted decades of effort – from room-
temperature superconductors to drugs that extend healthy lifespans – could become far more
tractable. In this case, AI would act as a powerful amplifier of one of the most socially valuable
activities that governments already support: scientific research and discovery.

The challenge is  that the rapidly evolving AI-in-science landscape is  outpacing policymakers’
shared understanding of the area. New models, infrastructures, and institutional arrangements are
emerging, often faster than policy frameworks and scientific best practices can adapt. When set‐
ting policy and funding priorities, clarity about which AI systems meaningfully advance science is
just as important as technical progress. 

This report offers a structured way to think about where strategic investments in AI for science
should be targeted. First, it explores two high-stakes types of AI systems in science – scientific
foundation models and AI scientist systems – and shows how they differ in architecture, data re‐

quirements, cost, and their role in the research ecosystem. Second, it examines whether frontier
general-purpose models are likely to absorb these capabilities, drawing on recent evidence. Third,
it  translates  these  distinctions  into  policy  implications,  with  particular  attention  to  where
European investment and coordination can be most precisely targeted.

AI for science means different things

“AI for science” is often discussed, but it refers to a wide range of systems with very different
roles, requirements, and implications. This has made the term imprecise, particularly for funders
and policymakers who need to assess different AI for science pathways and decide which ones
warrant long-term investment.

To address this ambiguity, a growing body of work has proposed taxonomies to map how AI is be‐

ing used across scientific fields and practices. These frameworks do not claim to point to strict
boundaries,  but  they help  surface patterns,  showing where AI  is  already delivering  value and
where it remains experimental.

These taxonomies are useful for capturing the breadth of activity grouped under “AI for science”,
but they do not translate into strategic judgement for policy and public investment. Such de‐

cisions require a big-picture view of how AI systems shape scientific capacity over time and
create long-term dependencies, which is shaped by both public and private initiatives.

Among recent public initiatives, the EU’s RAISE [17] and the U.S. Genesis Mission [18] are two prom‐

inent  examples.  Both are multi-layered programmes that  fund and coordinate many different
things at once — dataset creation, infrastructure, partnerships — so neither maps neatly onto a
single approach. But in their current shape, both lean heavily toward creating and enabling the use
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How the research literature maps “AI for science”

One class of taxonomies organises AI by scientific domain and task. Frameworks such as Nature AI
for Science 2025 [9] and the Royal Society’s discipline-oriented mappings [10] classify systems
by fields they support (e.g. chemistry, biology, materials…) and by use cases such as reaction
prediction or climate downscaling. These maps are useful for identifying discipline-based best
practices and needs, such as where AI adoption is fastest, or where bottlenecks persist due to
infrastructure gaps or data scarcity.

A second class of frameworks maps AI onto the scientific process itself. The Royal Society’s
Science in the Age of AI report [11] charts how AI interacts with core methodological pillars of the
scientific process, including modelling and simulation, experiment design, or reproducibility. This
framework treats AI less as a collection of domain-specific tools and more as an infrastructure
layer reshaping scientific practice. It also discusses how systemic issues in science intersect with
AI, for example reproducibility challenges, widening skill gaps, and shifting incentives where “being
good at AI” risks overshadowing “being good at science”. Some studies [12] offer more integrated
mappings between the two classes of taxonomies mentioned so far, such as classifying AI
applications per discipline, but also identifying cross-cutting tasks that similar AI capabilities are
used for across disciplines.

A third, more recent strand of research focuses on AI systems that attempt scientific reasoning
and autonomous research. Surveys [13] of LLM-based agentic systems (e.g. Google’s Co-Scientist,
Sakana AI's AI Scientist) and hybrid human–AI workflows examine their scientific capabilities from
generating hypotheses to planning experiments. Other studies help chart this new territory by
clustering [14] models based on how much human oversight is required, or by their design
foundations [15]. These studies reveal a mixed picture: AI scientists can accelerate experimental
design and propose research directions at scale, yet they can still show weaknesses, such as
producing shallow hypotheses or performing unevenly across disciplines. As the field evolves
rapidly, systematic studies lag behind, since newer models [16] may not fit neatly into existing
classifications.



of large, domain-specific datasets that require immense amounts of institutional coordination,
public-private partnerships, and large amounts of compute access. This is typically the type of
data  and  infrastructure  needed  for  scientific  foundation  models,  which  we  describe  in  the
following section.

In contrast, industry tends to emphasise a different scientific AI capability. Companies such as
OpenAI [20], Anthropic [21],  and Google  DeepMind [22]  which  develop large  general-purpose
models all target scientific discovery as a core use case they want their models to get better at,
while companies such as FutureHouse [23] focus solely on scientific discovery capabilities via
building dedicated AI  scientist  systems.  The goal  here is  not  just  to  model  the world  but  to
support the scientific discovery process itself. This ambition shows up in U.S. public framing [19]
too, but it is far more pronounced in the private sector than in existing public initiatives.

If we look at where sustained public and private commitments are already concentrating, we see
that investments focus on two dominant, high-stakes categories of AI: scientific foundation mod‐

els,  which are designed to model  natural  phenomena,  and AI  scientist  systems,  which aim to
automate and coordinate parts of the scientific research process. Automated laboratories also
have clear potential to reshape scientific capacity and are also highlighted in the taxonomies we
examined, but their physical nature introduces a distinct set of dependencies to analyse. For the
purposes of this report, we leave them aside and focus on these two software-based layers. 

These layers share close similarities and, as such, are the most prone to conceptual confusion.
Both will require highly resource-intensive investments, and they are among the approaches most
likely to reshape how scientific knowledge is produced and used across fields.

Figure1: Even though they are both AI models typically trained on large data sets, scientific foundation models and AI scientists have different
underlying working mechanisms.
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A strategic distinction: Modelling nature vs.
automating discovery

Scientific foundation models are oriented towards representing the natural world itself, whereas
AI scientist systems aim to organise and accelerate the process of discovery. Focusing on these
two strands makes the strategic trade-offs clearer: both types of AI function as shared scientific
capacity – capabilities that extend beyond individual projects and shape entire research ecosys‐
tems – but they do so in fundamentally different ways. Understanding how these approaches dif‐
fer,  and  how  they  interact,  is  essential  for  assessing  where  investment,  governance,  and
coordination matter most.

Modelling nature: Scientific foundation models

WHAT THEY ARE

Scientific foundation models [24] are designed to model natural phenomena and physical pro‐

cesses. Typically domain-specific, they learn the underlying dynamics of complex systems, en‐

abling insights that would be computationally intractable or experimentally impossible through
traditional methods. Rather than making research workflows faster and more efficient, they open
new doors to natural phenomena at scales and resolutions inaccessible to human perception or
existing instruments.

FourCastNet [25] was initially released in 2021 and continuously developed by NVIDIA in collabora‐

tion with public research institutions such as Lawrence Berkeley National Laboratory. It is a
weather forecasting model that learns atmospheric dynamics directly from decades of historical
weather data. It generates short-term forecasts efficiently, supporting rapid decisions that need to
be made under high uncertainty.

GraphCast [26], developed by Google DeepMind in 2023, addresses the same core task of global
weather prediction and produces accurate 10-day forecasts in under a minute, outperforming the
European Centre for Medium-Range Weather Forecasts (ECMWF), the long-standing gold stand‐

ard. It is part of a broader set of publicly available scientific foundation models from DeepMind,
including AlphaFold in protein structure prediction and GNoME in materials discovery.Comparative
studies [27] find that GraphCast performs better at longer forecast horizons, enabling earlier
warnings for extreme events, while FourCastNet performs particularly well at rapidly generating
weather scenarios (ensembles) for shorter time frames. These complementary AI systems, optim‐

ised for different operational needs, thus expand meteorological agencies’ toolbox

THE DATA THEY NEED

These models are trained on specialised scientific data – molecular graphs, spatiotemporal fields,
structured experimental measurements, or high-dimensional sensor outputs. These datasets dif‐
fer fundamentally from the text or multimodal corpora used to train LLMs. Such data is often ex‐
pensive to generate, as it can only be obtained by specific experimental setups or observational
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instruments, such as the Large Hadron Collider at CERN or the James Webb Space Telescope.
Converting large, messy bodies of raw observations into structured and labelled datasets requires
substantial domain expertise and can be highly labour-intensive. While this data can sometimes
be made public, availability often depends on sensitivity and ownership. Even when public, these
datasets can be fragmented across institutions, so coordination is required to plug them into AI
pipelines.

AlphaFold [28] was trained on approximately 170,000 protein structures from the Protein Data
Bank and billions of protein sequences via databases like UniProt. While this data is fully open to
the public, it was accumulated through decades of scientific effort across the world.

Morpheus [29], an AI model that automatically identifies and labels galaxies and their structures,
was built using data from the James Webb Space Telescope, developed through a federal research
programme that cost at least $1.6 million. In comparison, the James Webb Space Telescope [30] it‐
self cost roughly $10 billion and took over 25 years to develop, generating [31] about 235 GB of
space imagery that cannot be replicated without this unique infrastructure. This data becomes
public after a 12-month proprietary period, and processing it requires substantial computational
resources, effectively limiting the training of models like Morpheus to well-resourced institutions.

HOW THEY ARE TRAINED

The underlying architecture of scientific foundation models varies widely, reflecting the structure
of their training data and the systems they study. For example, molecules are often represented
[32] as graphs, so AI models trained on this data for the purpose of new material discovery often
use graph neural networks, which are related to but distinct from the transformer architecture
used in LLMs. Scientific foundation models1 are trained and evaluated using methods grounded in
established scientific theories, which check whether outputs obey physical laws and match ex‐
perimental  observations.  While  these  models  are  not  perfectly  accurate,  this  grounding  in
verifiable principles offers [33] more validation than is available for most general-purpose model
use cases, which tend to be inherently messier and more context-dependent. These scientific
models also require collaboration between domain scientists, who define what “correct” means in
their field, and machine learning researchers, who translate that knowledge into model architec‐

tures.

AlphaFold uses its novel Evoformer architecture: 48 stacked processing layers that learn from
patterns across thousands of related protein sequences. 2

GraphCast employs a graph neural network with 36.7 million parameters that reads in weather
conditions, refines them through internal computations, and outputs predictions across a multi-
layered representation of Earth's surface.3

1. While “foundation model” is often used to describe general-purpose systems such as large language models, the term is
also used in the literature for models that learn broadly reusable representations within a given domain (e.g. astronomy, gen‐

omics, climate). This report adopts the latter usage when referring to scientific foundation models.
2. The description of the Evoformer architecture and its 48 stacked blocks comes from the “Methods and architecture”
overview in Jumper et al. (2021), which details how multiple sequence alignments are iteratively processed to predict protein
structure.
3. The encode–process–decode GNN design, parameter count (36.7M), and multi-mesh Earth representation are reported in 
Lam et al. (2023), which outlines the model architecture used for medium-range global weather forecasting.
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WHAT IT TAKES TO ACCESS AND USE THEM

Scientific foundation models generally require significant compute resources to train, but far less
than  frontier  general-purpose  models,  which  dominate  public  discourse.  Models  such  as  Al‐
phaFold and  GraphCast were trained over days or weeks using large supercomputing facilities
comparable to those under EuroHPC [34], representing a meaningful but contained infrastructure
investment. Once trained, they are inexpensive to run: AlphaFold2, for example, typically takes 5–
30 minutes and costs roughly $0.25–1.50 per run4 – versus tens of thousands of dollars and
months of lab work for traditional experimental  methods [35]. This low inference cost substan‐

tially lowers barriers to use, allowing many institutions to run these models via cloud services
without owning large compute clusters.

Most scientific foundation models today are open-weight or broadly accessible5, sometimes with
restrictions due to dual-use concerns, reflecting the longstanding open-science norms of many
research communities. Whether this openness will persist amid growing geopolitical competition
– particularly around strategically important AI models – remains an open question.

Automating discovery: AI scientist systems

WHAT THEY ARE

AI scientist systems [36] are an emerging class of systems designed to coordinate and automate
parts of the scientific research process. Their aim is to support or scale activities such as literat‐
ure synthesis, hypothesis generation, experimental planning, tool selection, code execution, and
evidence integration across multiple steps of inquiry. 

Google DeepMind’s AI Co-Scientist [37], built on their general-purpose LLM Gemini 2.0, has a
multi-agent architecture with specialised agents (Generation, Reflection, Ranking, Evolution, and
Proximity agents) coordinated by a Supervisor agent. It enables “test-time compute scaling”,
where more inference-time computation improves output quality.

ChemCrow [38], developed in an academic research setting, integrates GPT-4 with expert-de‐

signed chemistry tools, combining step-by-step reasoning with direct interaction with chemical
databases and simulators.

HOW THEY ARE BUILT

The questions of data and architecture for AI scientist models are intertwined, because these
systems are built on top of general-purpose, often multimodal LLMs, accessed either through
proprietary APIs or as open-weight models. What distinguishes them is not so much the underly‐

ing model, but how the system is structured to perform scientific tasks.

In practice, these systems are constructed as agentic workflows in which an LLM coordinates
multiple specialised sub-agents that search literature, run analyses, and test hypotheses. Rather

4. Cost estimated by multiplying typical runtime (5–30 minutes for proteins with 200–300 amino acids, per NVIDIA docu‐

mentation and NIH benchmarks) by NVIDIA A100 GPU cloud pricing ($3.06/hour per AWS EC2 pricing) on the date.
5. This assessment is based on a brief survey of Epoch AI's database of notable AI models.
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than merely calling external tools when convenient, the system is designed to run these agents
and integrate their outputs into a shared workflow. Much like a scientist in a lab setting, the model
cannot advance by reasoning alone: it must gather evidence, run analyses, and update its under‐
standing before proceeding. This approach can be enhanced by integrating scientific tools and
databases,  and more advanced configurations could connect to automated laboratory equip‐

ment for physical experimentation, similar to placing the model within a well-resourced digital
research facility.

AI scientist systems’ architecture varies with each new model, therefore no single system is rep‐

resentative of the entire class. One example from 2025 is Edison Scientific’s Kosmos [39]. When
Kosmos is tasked with explaining a scientific phenomenon, it does not immediately generate an
answer based on plausibility. Instead, it runs dedicated literature-search and data-analysis agents
whose outputs populate a shared internal record. This record updates iteratively as new evidence
is  gathered,  and the final  explanation includes only claims that  are linked to this  evidence.  If
evidence is missing, the system continues searching and analysing, rather than proceeding. To
date, the system’s reported case studies and the composition of its development team point to a
focused interest in biology and biomedicine; however, the model is being launched for general-
purpose scientific use across all disciplines.

The  core  innovation  in  AI  scientists  therefore  lies  in  the  scaffolding:  how scientific  tasks  are
decomposed, how and when agents are triggered, how intermediate results are evaluated and ac‐

cumulated, and where human oversight is required. These are scientific design choices as much
as engineering ones, which means that building AI scientist systems requires close collaboration
between AI developers and domain experts. Scientists are needed not just to evaluate the system
outputs, but to shape how it works, from selecting tools it should use to deciding what the system
should and should not do on its own.

WHAT IT TAKES TO ACCESS AND USE THEM

Because AI scientist systems are built on top of frontier LLMs – whose training costs can reach
[40] tens to hundreds of millions of dollars – their development cost is often shaped by how the
base model is accessed: whether it  is trained in-house,  used via proprietary APIs,  or built  on
open-weight models. For example, Google DeepMind built Co-Scientist directly on their existing
Gemini models, avoiding API costs entirely and making engineering and domain expert design the
primary development costs.

Running AI scientist systems can be costly, with inference expenses varying widely depending on
design. Open source systems such as ChemCrow typically cost around $1–10+ per query6. More
complex  proprietary  systems  like  Kosmos  run  queries  for  many  hours,  which  brings  a  high
inference cost; monthly subscriptions currently cost $2007. The high inference cost reflects the
cost of orchestrating thousands of agents in parallel: if AI scientists are understood as conduct‐
ors, the price depends on how large the orchestra is. These costs are far higher than those of

6. Estimated based on ChemCrow's architecture and API pricing. ChemCrow integrates GPT-4 with 18 expert-designed chem‐

istry tools, typically requiring 10–50 LLM API calls per task. At GPT-4 API pricing, a typical task using ~60K input and ~10K out‐
put tokens costs approximately $2.40, with the range depending on task complexity. Costs may be lower with more recent
model variants.
7. Based on Edison Scientific’s pricing website as of February 2026.
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scientific foundation models, but they play a different role in the research pipeline. If they can
shorten research timelines by weeks or months, or if their systemic use leads to scientific discov‐
eries, their cost will be negligible compared to the cost of traditional scientific workflows.

These cost differences between systems intersect with a second, equally important issue: ac‐

cess, which also depends on the system and the provider. Some are open source, such as Chem‐

Crow and Sakana AI’s AI Scientist,  while some remain proprietary, sometimes with limited free
credits for academic use. Beyond the open-versus-closed distinction, access is tightly coupled
to privacy, data governance, and compute requirements, all of which influence institutional pro‐

curement decisions. In practice, AI scientist systems require scientists to input sensitive, unpub‐

lished material such as early hypotheses, proprietary datasets, or clinical observations. Uncer‐
tainty about where this data is stored, whether it is retained, and whether it may be reused for
model training can deter individual use or lead institutions to restrict adoption. Fully self-hosted
deployments of  open source alternatives could mitigate these concerns,  but they require in-
house compute capacity and at least an initial  deployment effort to make systems usable at
scale.

As a result, the access and the cost are intertwined with the privacy and deployment conditions
of these systems. If AI scientist systems meaningfully affect scientific productivity in the long run,
the ability to deploy them with a clear governance framework to clarify these conditions will
become a strategic differentiator across institutions.

Do we need all three? Scientific foundation models, AI
scientists, and frontier LLMs

Two  high-stakes  model  classes  now  shape  the  strategic  AI-in-science  landscape,  raising  a
practical question: can AI scientist systems make scientific foundation models redundant, or
do they remain distinct and necessary investments? This question leads to another: given that
AI scientists are built on general-purpose LLMs, will these frontier models eventually be‐
come capable enough to render specialised AI scientists obsolete?

Today, scientific foundation models, AI scientist systems, and frontier general-purpose models
are distinctly different. But as frontier AI companies intentionally build scientific capabilities into
their general-purpose models, these boundaries may blur. This dynamic means companies who
develop these models gain outsized influence. Their partnership choices, open source strategy,
pricing, and development priorities could quietly shape which research questions advance, which
domains receive investment, and which institutions remain competitive. 

This is something that science policy should prepare for. Being able to adjust procurement de‐

cisions and investment strategies as capabilities shift will be more important than getting every
choice right today. If  policymakers actively monitor where scientific capabilities are emerging,
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build domestic capacity, and regularly reassess which systems European researchers depend on,
this will help avoid locking in dependencies that are difficult to reverse.

A layered, complementary scientific AI stack

The key distinction between scientific foundation models and AI scientist systems lies in what
they are designed for.  Scientific foundation models are built to model the natural world itself.
They are  trained on specialised scientific  data,  and rely  on architectures  tailored to  specific
physical or biological systems. Once trained, these models tend to function as stable, reusable
scientific infrastructure.

AI scientist systems operate at a different layer. Built on large language models, they are designed
to organise the scientific process rather than to model natural systems directly. They coordinate
tasks such as searching and synthesising literature,  planning investigations,  invoking tools and
models, writing and executing code, and integrating evidence across sources. 

These systems occupy different and complementary positions in the scientific value chain, ad‐

dressing distinct bottlenecks. Scientific foundation models provide depth and reliability by learn‐

ing structured representations of the natural world, enabling new forms of measurement, simula‐

tion, and prediction within specific domains. AI scientist systems, by contrast, provide breadth
and coordination across the research process, linking literature, data analysis, hypothesis genera‐

tion, and validation into coherent workflows that help scientists navigate and organise complex
discovery processes. For example, when an AI scientist system generates a novel materials hypo‐

thesis from the literature, it can invoke a scientific foundation model to simulate the material’s
properties  before  proposing  this  for  a  physical  experiment  run.  In  this  setup,  the  foundation
model acts as the precision instrument, while the AI scientist coordinates when and how it is
used, running the hypothesis validation.

Today, these systems clearly each play a unique role. Does that mean that science needs, and will
continue to need, both? Scientific foundation models already have a clear footprint in science
because they created capabilities that simply did not exist before.  Systems like AlphaFold or
GraphCast opened new doors to science, from predicting protein structures at scale to produ‐

cing high-resolution weather forecasts in seconds. It is also pragmatic to keep these as stan‐

dalone models, rather than folding them into a bigger AI system. A researcher who needs a pro‐

tein  structure  prediction  does  not  need  to  spin  up  an  entire  AI  scientist  session  to  get  it.
Compared to the value they generate, these models are light and cheap to run.

AI  scientist  systems,  by  contrast,  operate  in  territory  already  occupied  by  human scientists,
which makes their value harder to assess. Because they are built on general-purpose models,
they raise concerns about hallucinations [41], which can compromise research quality or lead sci‐
entists down wrong paths. But it would be a mistake to dismiss them on that basis alone. These
are  not  general-purpose  chatbots  applied  to  science.  They  are  deliberately  designed  to  act
through structured workflows, updating their outputs via feedback loops that involve tools, data,
and human oversight. They warrant more nuanced assessment than they currently receive.
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The first  generation of  AI  scientist  systems should be read as signals  of  future progress.  For
example, in early evaluations of Kosmos, one recent AI scientist system, experts judged roughly
80%8 of a reviewed subset of Kosmos outputs as plausible and supported by evidence. This sug‐

gests that even early systems can identify useful and sometimes novel research directions when
used carefully in real workflows. However, these results also show that these systems are best
utilised with human oversight, not on their own.

For that oversight to work, researchers need to be able to see how the system retrieved evidence
and  linked  it  to  conclusions.  Without  that,  unsupported  claims  can  quietly  enter  research
workflows. This is not hypothetical: there are already published examples [42] in machine learning
research where AI-generated citations passed peer review despite being entirely fabricated. If
scientists cannot properly verify what these systems produce, they will eventually stop trusting
them. As  Nature Machine Intelligence has  argued [43],  emergent AI scientists are a potentially
transformative direction for science, but only if supported by mechanisms of traceability and re‐

producibility, where the AI's reasoning can be documented, referenced, and verified. This is essen‐

tial if these systems are to evolve and be adopted without compromising scientific integrity.

At their current stage, AI scientist systems cannot automate end-to-end discovery cycles. How‐

ever, these systems could genuinely transform how science is done, and if broader AI progress is
any indication, the next generation of AI scientists will be substantially more capable. Together
with scientific foundation models,  they point at a layered scientific AI  stack:  one set of  tools
expanding what can be known, the other changing how knowledge is generated. These are at dif‐
ferent levels of maturity, but together they offer European science something it has not had be‐

fore.

Figure2: Scientific foundation models and AI scientist systems play different but complimentary roles in the end to end scientific workflows

8. Across three biological case studies published in the study, domain experts reviewed a subset of Kosmos’s generated con‐

clusions and judged roughly 80% of them to be scientifically plausible and supported by linked literature or executed ana‐

lyses.
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Frontier LLMs to AI scientists: The role of tacit knowledge and scientific

scaffolding

Given that current AI scientists are built on LLMs, a natural question is whether scientific capabil‐
ity is simply a low-hanging extension of increasingly powerful general-purpose models: will con‐

tinued scaling [44] and algorithmic progress [45] cause these general-purpose models to develop
scientific capabilities, or will  the emerging class of AI scientists stay relevant? This intuition is
appealing: as models improve in reasoning, planning, and tool use, scientific competence might
seem likely to emerge as a by-product. However, most recent evidence suggests that such gener‐
alisation is unlikely without intentional design. In particular, progress in AI for science depends on
addressing  two  key  constraints:  (1)  systematic  gaps  in  training  data,  and  (2)  the  need  for
deliberate scaffolding to enable sustained, productive exploration.

First,  tacit scientific knowledge exists in forms that current training approaches systematically
miss.  While there is no single definition,  “tacit  knowledge” here refers to the judgements that
scientists make when formal rules fall short: how to act under uncertainty, distinguish noise from
discovery, decide whether to rerun or abandon an experiment, or assess that a result is implaus‐
ible despite looking correct on paper. This expertise shapes scientific outcomes, but it is difficult
to explicitly record, or even encode in the first place.

Song et al.  [46] provide concrete evidence of this gap.  Evaluating frontier models – including
GPT-5, DeepSeek-R1, Claude Sonnet 4.5, and Grok-4 – across computational scientific discovery
tasks, they find shared failure modes in areas such as spectroscopic interpretation, experimental
protocol design, and predicting materials’ properties. These failures are consistent across models
and are not primarily explained by limits in their general reasoning capabilities. Instead, they point
to missing exposure to the kinds of judgement, context, and domain-specific decision-making
that guide scientific work in practice.

This reflects the day-to-day, real-life practice of science. Published papers record outcomes, not
the trial-and-error, troubleshooting, and informal reasoning that lead to them. As a result, models
trained mainly on literature and curated datasets inherit the formal record of science, but miss a
substantial portion of the practical knowledge that scientists rely on when doing research.

The same study confirms this pattern empirically. Where training data exists – for example mo‐

lecular property calculations, or materials with computational validators – models perform well.
Where success requires models to interpret ambiguous signals,  troubleshoot based on subtle
cues,  or  recognise contamination patterns,  performance declines sharply.  The bottleneck isn't
reasoning capability but a dearth of examples of expert judgement in the models’ training data. 

Song et al. reveals a second critical finding, which further distinguishes AI scientist systems from
frontier LLMs: AI scientists greatly benefit from infrastructure connecting them to scientific tools.
They found that models can achieve high performances in experimental tasks if they are linked to
computational validators for that task, where they can try proposals, get immediate feedback, and
refine  iteratively.  The  study  calls  this  “serendipitous  exploration”  –  finding  solutions  through
structured trial-and-error rather than pure reasoning.
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Scientists  already use computational  tools  to  evaluate  their  results  extensively:  chemists  run
validity  checkers  and  quantum  calculators,  biologists  query  protein  databases,  materials  re‐

searchers use energy simulators. Song et al.'s study finds that if such tools are properly connec‐

ted to AI scientist systems, these systems can dramatically boost performance compared to tra‐

ditional  methods,  essentially  supercharging scientists'  capacity.  For  example,  crystal  structure
generation improved from 3.34% via legacy models up to 55% with LLMs and tool scaffolding, a
16× improvement.

This illustrates how the level and rigour of scaffolding largely determine performance in AI scient‐
ist systems, and where the line falls between “an LLM with many integrations” and a deliberately
engineered AI scientist. At one end of the spectrum are lightweight setups, such as platforms like
ToolUniverse [47], where scientists can simply integrate general-purpose language models with
specific scientific tools  or  databases.  At  the other  end are more fully  developed AI  scientist
systems – such as those from Sakana, Google’s Co-Scientist, or Edison Scientific’s Kosmos – de‐

signed around structured workflows, iterative feedback loops, and multi-agent coordination. What
belongs where on this spectrum is still evolving, and the boundaries remain fluid. 

Simple integrations of LLMs into scientific tools can support experimentation, but they are un‐

likely to deliver transformative gains on their own. Systems designed as AI scientists differ in kind,
not degree: they are built around multi-agent coordination, feedback loops, and human oversight
to support end-to-end research workflows. While evidence from analyses that compare AI sci‐
entists to frontier LLMs systematically is still limited, studies like Song et al. suggest that scientific
performance improves when models are deliberately scaffolded. This indicates that in the near
term, AI scientist capabilities will require dedicated development.

Efforts in this direction are already underway. As mentioned earlier, companies such as OpenAI,
Anthropic, and Google DeepMind now describe scientific discovery as a core use case for gener‐
al-purpose models, and they are actively hiring for specialists in these domains. However, this
should not be confused with product strategy. Whether AI scientist capabilities are embedded
within a general-purpose model or developed as a dedicated, domain-specific system does not
alter the underlying technical challenge, and frontier developers are increasingly pursuing both
paths in parallel. Throughout 2025, OpenAI provided scientific reasoning capabilities through its
flagship GPT models. Recently in 2026, they released a reasoning model purpose-built for biology,
drug discovery, and translational medicine called GPT-Rosalind [48], currently restricted to a trus‐
ted-access programme due to dual-use safety considerations. Google has been on this path for
longer, launching a dedicated Co-Scientist as a distinct system layered on Gemini in early 2025: it
is currently in beta phase. Regardless of the launch strategy, what developers concretely need for
building these capabilities  is  the same:  deliberate system design,  model  scaffolding,  targeted
data, and infrastructure integration to make scientific outputs reliable.

Current evidence suggests that frontier models will not simply become AI scientists through scal‐
ing alone. Progress in scientific capability depends on building infrastructure that enables iterat‐
ive  validation,  structured tool  use,  and domain-specific  judgement.  Larger  and more  capable
models may have better performance,  but these system-level  components remain necessary.
The central question for advancing scientific capabilities is where the main bottlenecks lie, from
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specific datasets to workflow design, and how to identify them in order to direct investment ef‐
fectively.

Strategic coordination: Matching investment to the distinct data needs of

each layer

While scientific foundation models and AI scientist systems are distinct layers of a scientific AI
stack, a shared bottleneck shaping their progress is data. However, the two paradigms require
fundamentally different types of data and data strategies.

For scientific foundation models, the data challenge is primarily one of scale and coverage. The
type  of  large-volume  scientific  data  required  for  scientific  foundational  models  is  typically
produced by national laboratories, observatories, and major research institutes. Expanding, stand‐

ardising, and maintaining these data pipelines will  require coordinated action. AI scientist sys‐
tems, by contrast, are constrained by a different absence: missing data about how science actu‐

ally happens.  The reasoning,  iteration,  and judgement guiding discovery exists mostly as tacit
knowledge  –  things  like  experimental  troubleshooting,  informal  decisions,  and  interpretation
under  uncertainty.  This  knowledge  is  passed  on  through  on-the-job  learning  but  rarely
documented as data. As the Institute for Progress has argued [49], this type of data requires cap‐

turing reasoning patterns, workflows, iterative trial-and-error, and both successes and failures in
research, none of which have been typically represented in the datasets used for AI training. They
propose  creating  “unstructured  data  generation  labs”  that  would  comprehensively  record
everything about how scientists do science: bodycam footage, keystroke logs, experimental pro‐

tocols, and failed attempts. This approach raises concerns about surveillance and privacy, and
more targeted methods might prove more efficient. But the core insight holds: AI systems need
systematic  data  on  scientific  processes,  and  we  lack  the  frameworks  and  infrastructure  to
capture this data at scale.

Scientific foundation models and AI scientist systems require different kinds of infrastructure.
Without  clearly  distinguishing  which  layer  is  being  targeted,  even  well-funded  initiatives  risk
missing the bottlenecks that actually constrain progress. The same logic applies one level deeper:
investors should ask themselves not only whether AI capabilities can resolve a binding scientific
constraint, but also which capability specifically. 

For example, clinical-trial timelines are a bottleneck [50] in cancer research. One way of address‐
ing this bottleneck is regulatory or procedural, where AI plays no role; another potential path is
developing [51]  AI-driven  digital  twins  for  trial  simulation  and  coordinating  the  patient  data
needed to make them reliable. This level of problem identification is what reveals whether and
which AI capability is needed, and helps direct effort toward the bottlenecks AI is best suited to
resolve.

Current public initiatives on AI for science show both promise and clear limits along these lines.
Both the EU’s RAISE and the U.S. Genesis Mission place strong emphasis on coordinating data and
resources across public and private actors, within their respective scopes and mandates. This
focus on coordination is valuable - but it becomes far more effective when it is informed by how

Bengüsu Özcan

17 | 

https://ifp.org/teaching-ai-how-science-actually-works/
https://curecancer.ai/
https://www.nature.com/articles/s41746-026-02464-1


science is actually practiced: where models succeed or fail, which workflows benefit from auto‐

mation, and what kinds of data are genuinely missing. Scientists therefore play a critical role, not
just as users, but as evaluators whose feedback can help steer coordination toward real needs
rather than assumed ones. 

RAISE's explicit intent to mobilise the private sector and global partners – including philanthropic
organisations – through a  planned pledging exercise is  particularly  valuable.  Scientific philan‐

thropy is increasingly recognising that funding shared data and workflow infrastructure can be as
impactful as funding individual labs. For example, Renaissance Philanthropy's AI for Science Data‐

set call [52], launched with the UK Department for Science, Innovation & Technology, targets data‐

sets that could become foundational infrastructure in domains that are UK science policy priorit‐
ies, from fusion energy to medical research. These areas align closely with RAISE's focal domains,
creating opportunities for  shared learning and complementary investment.  Meanwhile,  the UK
ARIA’s new AI Scientist programme [53] experiments with what scientific processes AI can help
automate, directly informing where workflow infrastructure gaps exist. The private sector can play
a similar role: DeepMind's recent proposal [54] on AI data stocktakes for fusion energy used struc‐

tured expert consultation to map a field's data gaps and translate them into fundable projects.

Together, these initiatives address the two distinct layers of AI for science: foundation models
that  require  large,  standardised datasets,  and  AI  scientist  systems that  depend on  scientific
workflow learnings. While private companies and philanthropy can accelerate progress, they are
less likely to sustain easily accessible,  interoperable infrastructure for scientists over the long
term. Public investment can be better positioned to coordinate standards and fund shared data
and workflow systems as scientific infrastructure. Without this systemic investment, AI for sci‐
ence  will  advance  unevenly,  with  capability  concentrated  in  a  few  institutions  rather  than
embedded across the broader research system.

Key policy takeaways

“AI for science” is not a single category, and different aspects require different investment
strategies

“AI  for  science”  covers  at  least  two  strategically  distinct  classes  of  AI:  scientific  foundation
models and AI scientist systems. Scientific foundation models create entirely new scientific tools
– systems that can simulate proteins, climate systems, or materials with a level of fidelity that did
not previously exist. AI scientist systems, on the other hand, accelerate scientific progress itself
by running many structured lines of inquiry in parallel, learning from each iteration and feeding
that learning back into the next. While complementary, they depend on different forms of data,
expertise, and technical infrastructure, and they contribute to scientific progress in distinct ways.
For decision-makers, this means they cannot be treated as interchangeable or evaluated through
a single lens: each occupies a different place in the scientific value chain and requires tailored
assessment and investment strategies.
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The AI for science roadmap should be designed for a fast-moving frontier, not a fixed alloca‐
tion

What "AI for science" even encompasses has changed in just a couple of years. Not long ago it
mostly meant large models specialised in a single task, such as protein structure prediction; now
it also covers systems built for end-to-end scientific discovery workflows, and the line between
"scientific AI" and "frontier AI" will keep moving. Funding decisions locked into one paradigm would
already have missed an entire layer that has since emerged. The right response is not to predict
the next shift but to stay able to act on it: testing and funding existing tools to learn what actually
works,  backing early bets and scaling the ones that pay off,  and winding down what stalls.  In
practice, this means AI for science roadmaps should be updated on an ongoing basis rather than
set once, with funders willing to move faster than a standard multi-year programme allows.

AI scientist systems are early-stage, but have transformative potential

Evidence on how robust AI scientists are across disciplines is still limited. Many current systems
are built on general-purpose language models and inherit their constraints, including reliability
issues. Even so, these systems represent one of the first attempts to restructure how research is
conducted, not just through automating individual tasks, but organising scalable, repeatable sci‐
entific workflows.  If  they mature,  they could shorten experimental  cycles,  run parallel  lines of
inquiry, and increase research productivity in institutions that integrate them effectively. Since
many are skeptical about AI scientists, there’s a risk that we will  fail  to anticipate how quickly
these capabilities can mature. A measured policy stance here is to support experimentation and
development of AI scientist systems with scientists firmly in the loop, acknowledging that failures
are valuable learnings that can help us improve AI’s  science capabilities.  This  support  should
extend  beyond  funding:  frameworks  on  intellectual  property,  data  governance,  and  research
integrity must be updated in parallel. 

Current frontier LLMs are unlikely to act as AI scientists, but this could change

Today’s general-purpose frontier models exhibit systematic failures on scientific tasks, suggesting
that scaling alone might not deliver reliable, generalisable scientific capability. General-purpose
models lack targeted data, validation, and tool integration. AI scientist systems respond to this
gap  through  deliberate  scaffolding:  structured  workflows,  external  tools,  and  feedback  loops
tailored to  scientific  use.  However,  with  sufficient  engineering  effort  to  build  the  right  model
infrastructure, and targeted data, frontier model developers may be able to incorporate these
capabilities into general-purpose models over time. There is evidence that this is a priority for
leading frontier AI developers.

Data is the central constraint for AI for science – but different layers need different types of
data

Scientific foundation models rely on large-scale, domain-specific data, mostly acquired through
labs and observatories. This makes them a natural focus for coordination-heavy public initiatives
such as the EU’s RAISE programme or the U.S. Genesis Mission. These efforts are important and
necessary, but they address only part of the data challenge. AI scientist systems are constrained
by a different gap: the absence of data about how science is actually done – workflow practices,
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troubleshooting, failed experiments, and expert judgement. To address this, one organisation has
proposed [49] setting up laboratories where end-to-end research processes are recorded (com‐

pare embodied robotic systems, which are trained using hours of video of people performing
household tasks). . Recording research this way raises legitimate concerns about norms around
privacy and credit. But if such efforts lead to a differential leap in scientific productivity, this is a
bottleneck that investment and coordination initiatives should aim to address deliberately.

Scientists must act as evaluators, not just end usersScientists are essential for guiding stra‐

tegic AI-in-science investment. As AI capabilities evolve rapidly, hands-on experience and struc‐

tured feedback from scientists – on where models fail, which workflows benefit from automation,
what  data is  missing,  and what  reliability  means in  practice – are critical.  At  the same time,
scientists operate under strong incentives to preserve rigour, reproducibility, and research quality,
which can make experimentation with  immature tools  risky or  costly.  With many researchers
already overstretched, dedicated mechanisms and intermediaries are needed to lower the cost of
safe experimentation and shared learning. Organisations such as SCIANCE [55] can play a key role
in bridging scientific practice and EU AI-in-science policy by enabling faster, more systematic
feedback loops.

Investment should target capability gaps, not only scale

Given the vast  scope of  AI  for  science,  effective investments in  the field could look less like
traditional grants and more like targeted capability-building: specific datasets that fill a missing
gap, workflows and infrastructure, and even negative results that generate learnings can be mean‐

ingful, which rarely fit standard publication-based metrics of scientific excellence. A recent U.S.
federal medical research funding  initiative [56] reflects this by adopting a “scouting” approach
and enabling re-granting mechanisms, recognising that the government cannot always identify
the most critical gaps. Intermediaries such as philanthropic initiatives can move faster, take risks,
and target under-funded capabilities, translating coordination into real performance gains across
the scientific AI stack.

Access and governance will shape who benefits, not just model quality.

Access and governance, and not just how good models are, will determine who benefits from AI
for science. Science has traditionally been built on openness – shared data, methods, and results
– but as AI becomes more capable and more strategic, this openness may come under pressure:
the most capable scientific AI systems released in 2025 and 2026 launched [57] with restricted,
vetted access rather than broad availability,  often justified by dual-use safety considerations.
Whether  AI-enabled scientific  capability  spreads  widely  or  concentrates  in  a  few places  will
depend on the terms of  public–private  partnerships,  access frameworks,  and interoperability
choices, such as lightweight tool-based approaches versus expensive, managed systems. Policy
decisions in these areas can quietly create long-lasting advantages for some research ecosys‐
tems over others. In a changing geopolitical context, maintaining broad access while developing
reliable,  sovereign  AI-in-science capabilities  may become an  increasingly  important  strategic
consideration.
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Conclusion

AI has the potential to reshape how scientific knowledge is produced, not only by accelerating
analysis but by changing how hypotheses are generated, experiments are designed, and results
are validated. To respond effectively, AI for science should be understood as a layered capability
rather than a single technology.  One layer consists of  scientific foundation models – large AI
systems trained on extensive scientific datasets that can model natural phenomena across do‐

mains. The second layer consists of AI scientist systems that orchestrate the research process
itself, from generating hypotheses to designing and validating experiments. 

As funding under RAISE and Framework Programme 10 takes shape, Europe’s public investments
should  treat  AI  for  science  as  a  stack  of  scientific  infrastructure,  with  distinct  and  targeted
initiatives to address the data and platform needs of each layer. Public funding should build both
layers of this stack: expanding the large scientific datasets needed for foundation models while
also supporting the experimental platforms and workflow infrastructure required for AI scientist
systems.  Developers  and  evaluators  should  centre  real  research  practice:  working  scientists
should be directly involved in testing and iteration. Access rules, data standards, and governance
frameworks should likewise be designed with long-term capability in mind,  as they will  shape
which institutions remain able to develop and apply these systems. 

If these foundations are not built early, AI-enabled discovery may concentrate in a small number
of companies and countries that control the necessary data, infrastructure, and experimentation
platforms. This applies to Europe very concretely. Despite its world-leading research base, it lags
behind the US and China in homegrown AI models and compute resources that increasingly un‐

derpin AI-driven science. Matching investment to the distinct needs of each layer of the scientific
AI stack should therefore be core to Europe's AI for science strategy — and to its ambition of
staying at the forefront of global scientific progress.
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