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Figure 1. What AI for Science can access versus what happens in an exploratory physical laboratory. AI4S systems train on curated
artifacts (papers, public datasets, code, and reviews) that represent only the fraction of laboratory work that survives to publication. The
exploratory intent, hands-on adjustments, and material observations behind those artifacts mostly remain unrecorded, along with the many

attempts that were tried and abandoned along the way.

Abstract
In exploratory research in physical laboratories,
much of what guides discovery forms through
direct work with materials and is only partly avail-
able to formal records. AI systems built on pub-
lished literature and structured data have no way
of knowing what these records do not carry. AI
systems fill these gaps without recognizing them
and produce output that only the researcher can
evaluate. As researchers in a biomaterials and bio-
engineering laboratory, we demonstrate through a
sustained collaboration with LLM-based AI sys-
tems how these difficulties compound in practice:
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judgment from handling materials did not trans-
fer through the files AI received, and the reason-
ing that trained researchers apply by default was
absent from AI’s output. Correcting these gaps
surfaced this judgment and reasoning, which had
been invisible to both sides. We argue that bring-
ing AI systems into exploratory research in physi-
cal laboratories beyond these fragments requires
co-adaptation: as the researcher becomes better
at recording what would otherwise stay invisible
to AI, and AI becomes better at recognizing what
records do not carry, both adapt through sustained
interaction.

1. Introduction
AI for Science has advanced rapidly in computational do-
mains and in physical laboratories with well-defined op-
timization targets. But much of laboratory science is ex-
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ploratory: researchers vary conditions without a settled the-
ory (Steinle, 1997), and the judgment they develop through
direct work with materials is only partly available to formal
records (Polanyi, 1966). Researchers may document what
they did and observed, but not all of the practical judgment
that made those observations meaningful can be fully stated
in a record. Current AI for Science systems, built primarily
on published literature and structured data, have not yet
extended to reach exploratory research in physical laborato-
ries, where such judgment remains only partly available in
formal records. AI built on these records can still produce
output, but verifying it requires the same expertise as the
research itself, so the researcher’s effort goes to checking
AI rather than advancing the work. Reaching this kind of
research means AI’s output is grounded enough in such
judgment that the researcher can build on it instead.

We argue that AI for Science cannot reach exploratory re-
search in physical laboratories without co-adaptation be-
tween researchers and AI systems through sustained inter-
action. Neither the researcher nor the AI system can close
this gap independently; both must change while working
together. We write from a biomaterials and bioengineer-
ing laboratory where this kind of research is part of our
daily work. Drawing on a sustained collaboration with
LLM-based AI systems, this paper describes where this gap
appears, why it persists, and how these difficulties arose in
practice and what the interaction began to surface.

2. Problem Setting
Much of science advances not through executing a fixed
plan, but through ongoing exploration in which researchers
vary conditions to discover how materials or processes be-
have, often without a settled theory. Philosophers of science
call this exploratory experimentation (Steinle, 1997). Exper-
imentation has been involved in 75% of all major scientific
discoveries cataloged since 1900 (Krauss, 2024), and across
physical laboratory sciences, much of that experimentation
takes this exploratory form (Knorr Cetina, 1999), for exam-
ple in biomaterials, tissue engineering, soft-matter chem-
istry, and many other fields. Yet in practice, this research
rarely proceeds directly from design to data to publication.
A researcher may try a condition, find that it fails, and re-
turn to exploring a different approach before any data are
collected. Many experimental branches stop before they are
ever measured because the researcher can tell from handling
the material that a condition is not worth pursuing further.
Only a fraction of attempts survive long enough to produce
formal results.

AI for Science has made progress in physical laboratories
when research goals are well defined. Self-driving laborato-
ries can autonomously synthesize predefined target materi-
als by proposing, executing, and refining experiments in a

closed loop (Szymanski et al., 2023; Tom et al., 2024; Volk
et al., 2023). AI has also begun to support exploratory re-
search, but so far primarily in computational domains where
the entire process exists in digital form (Lu et al., 2024).

When research is both exploratory and physical, the situa-
tion is different. AI has not yet reached this kind of work,
where what guides the research forms through direct engage-
ment with materials and only partly enters formal records.
Researchers who do this kind of bench work report the
same gap: AI remains contextually disconnected from their
day-to-day work in the laboratory (Hou et al., 2026).

3. Why the Gap Persists
We believe the reason lies in how knowledge is obtained and
transferred between the researcher and the AI when working
on exploratory research in physical laboratories.

The researcher gains knowledge through direct sensory in-
teraction with materials (Polanyi, 1966; Pickering, 1995).
Much of this knowledge is bodily and sensory, resisting
articulation in words. The observations that could be articu-
lated face a different problem. In exploratory research, the
significance of a given attempt is often not apparent at the
time it occurs. A failed condition or an abandoned branch
may turn out to matter only in light of what the researcher
discovers next (Rheinberger, 1997). By the time the research
direction settles enough to know what was important, many
attempts have already passed without record. It is through
these unrecorded attempts that the researcher’s judgment
forms: what is worth pursuing, what a result can support,
and when something is going wrong. This judgment largely
disappears from view before formal results are produced
(Collins, 1985).

AI systems built on language models are now widely used
by researchers (Liao et al., 2024; Liang et al., 2024). These
systems acquire knowledge from formal records such as
published text, structured databases, and documented proto-
cols that have already been filtered and compressed. When
a language model works with this text, it searches for simi-
larities between what it encounters and patterns it has seen
during training (Mirzadeh et al., 2025). This can be effec-
tive when the material fits familiar patterns. But when the
material is novel or when the text contains gaps, the model
does not recognize the boundary of what it can support. It
fills the gap with a statistically likely completion, producing
output that resembles structured reasoning but is governed
by learned regularities rather than by access to what the text
describes (Bender et al., 2021; Floridi et al., 2025). Studies
show that language models consistently overestimate the
probability that their outputs are correct (Kadavath et al.,
2022; Tian et al., 2023; Sun et al., 2025).

In exploratory research, these two difficulties compound.
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Much of what the researcher knows never enters any formal
record and therefore never reaches AI. This is a fundamental
property of this kind of research. Even between humans,
this knowledge has never transferred through records alone.
It has required sustained work at the bench, learning by
doing experiments alongside someone more experienced
(Collins, 1985). Between the researcher and AI, there is
no shared practice. The researcher can offer records, but
these carry conclusions without the experiential basis that
formed them. AI receives these records and has no way
of knowing that they are incomplete. It was never trained
on the kind of knowledge that is missing (Collins, 2018;
Lu, 2025; Li et al., 2026a). It processes the researcher’s
partial account as if it were the whole picture. The output it
produces follows the conventions of scientific text (Kobak
et al., 2025), and its hedging looks the same whether AI
has sufficient basis or not (Yona et al., 2024). Only the
researcher can judge whether AI’s output is trustworthy
because doing so requires the embodied judgment that AI
never received. But verifying AI’s work demands the same
expertise as doing the research itself, so the researcher’s
effort goes to checking AI rather than advancing the work.

4. What Happens in Practice
The Collaboration. The observations that follow come
from exploratory research in a physical laboratory in bio-
materials and bioengineering, where the primary object of
work is materials being designed, fabricated, and tested. In
any given week, the researcher may be making samples,
examining the properties they exhibit, and deciding whether
those properties can support an intended application. In-
strument readings rarely function as self-sufficient data to
be analyzed. They confirm or challenge a judgment that is
already forming through direct work with the material.

To prepare research writing from this prior work, the re-
searcher worked with LLM-based AI systems over more
than 130 conversation sessions. Whatever the researcher
could access in the project record, AI could access. All
working knowledge was maintained in a structured file sys-
tem organized in multiple layers: source materials were
processed into Markdown and JSON, organized through
a navigation layer, and linked to writing process artifacts,
including handoff documents that carried forward progress
and decisions between sessions, and conversation records
where the researcher supplied experimental context, cor-
rected misinterpretations, and explained constraints that the
files alone did not convey.

The collaboration remained difficult throughout, but the
interaction itself gradually surfaced knowledge that neither
side could have reached alone. The two episodes that follow
show how these difficulties appeared in practice.

Case 1: Reading a Temperature. While preparing a sec-
tion on how the gel behaved at different temperatures, AI
worked with data from earlier experiments. The data file
carried a stiffness measurement alongside a temperature of
90°C. To produce that measurement, a thin layer of gel had
been placed on a heated plate that controlled the temperature
while the instrument recorded how the material responded.
AI read the 90°C label from the instrument-generated file
and treated it as the sample’s temperature. Nothing in the
file suggested otherwise.

The researcher questioned it. The gel was mostly water, and
if the sample reached 90°C, water would boil out, ruining
the experiment. Following the instrument protocol, the re-
searcher had sealed the sample under an oil layer to prevent
evaporation. This kept the water in, but the oil layer also sat
between the heating plate and the sample, blocking direct
heat transfer. The researcher knew this from comparing two
preparations: gels heated in a simple oven, where no oil
layer sat between the heat and the sample, felt noticeably
stiffer than gels heated on the instrument under the same
intended conditions. The 90°C label in the file was the plate
setting, not the sample temperature. The researcher carried
this distinction by feel, along with dozens of similar aware-
nesses about what each label in each file actually referred
to. AI arrived with the files but without these awarenesses.

When AI asked about this concern, the researcher explained
the comparison, and AI recorded it as an acknowledged
limitation. From that point, AI treated the temperature as
unverified, and the writing reflected this. But the caveat
by itself was thin. A colleague who had worked with this
material at the same bench would have known from shared
experience how much weight to give ”it felt stiffer.” AI
received the sentence without that shared experience and
could only treat it as a stated caveat. Throughout the task,
similar losses appeared in protocol timing, washing proce-
dures, instrument settings, and many other details where
the record preserved what was done but not what it meant.
Each loss was small on its own. Together, they shaped how
the researcher read every result in the dataset, the same way
most researchers with similar bench training would read it,
because the same kind of experience tends to produce the
same kind of judgment.

Case 2: A Sentence That Looked Like Reasoning. A
different kind of gap appeared while preparing a discussion
section that needed to explain a result. Two methods of
making the same material had been compared (Li et al.,
2026b), and one retained far less of a key component than
the other. AI wrote a sentence explaining why:

”The substantial DNA loss likely occurred during the inter-
mediate nanoparticle formation step, where incomplete NP
solidification and DNA leaching into the ethanol collection
bath would reduce the mass of DNA available for secondary
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encapsulation.”

However, no experiment had measured where the loss ac-
tually occurred. Words like ”likely” and ”would” carry
meaning in scientific writing: they signal that the writer has
weighed evidence and is offering an inference, not stating a
fact. AI used the same language without having done that
weighing, and the sentence looked like careful reasoning
because the language of careful reasoning is what AI had
learned to produce.

The researcher caught it immediately. AI did not reason
about evidence the way a trained researcher does. For any-
one with research training, sorting claims by what stands be-
hind them is part of how thinking works: knowing whether
a claim rests on a measurement, a published finding, an
inference, or nothing at all. But AI produced the sentence
without that discipline because generating text in the form
of scientific reasoning does not require performing the rea-
soning itself. The researcher had never needed to state this
sorting before because, among trained colleagues, it oper-
ates by default. Explaining this reasoning to AI pushed the
researcher to put it into an explicit rule AI could apply to its
outputs. Once stated that way, AI applied the sorting retroac-
tively across the chapter and caught several prior sentences
that made claims without evidence. The sorting became a
working rule for subsequent sessions, though AI’s compli-
ance remained inconsistent, because rules in the context do
not reliably constrain how language models generate text.
Throughout the collaboration, similar patterns accumulated
across evidence handling, procedural description, and data
interpretation. Each pattern shaped how the research moved
from data to claim, the same way most trained researchers
would handle it, because the same kind of training produces
the same kind of evidential discipline.

What Both Sides Would Need to Change. The first case
surfaced small judgments that were never written down,
which shaped how every measurement was read; the second
surfaced reasoning disciplines that trained researchers ap-
ply without stating, shaping how results become claims. In
exploratory research in physical laboratories, both are sub-
stantial. They are how the research moves, and the record
does not carry them. However, this evidence comes from
a single researcher at the end of the research cycle. The
writing task was close to what AI already handles, and even
there, the interaction could only recover small parts of what
the researcher knew. Earlier in the cycle, where the research
is more exploratory and less of it reaches any record, the
gap is likely wider. If sustained interaction with AI had been
present from those earlier stages, the knowledge available
to both sides would have been richer.

If more researchers in these fields worked with AI through-
out their research cycles, the knowledge that currently dis-
appears between the bench and publication would begin to

accumulate.

But this collaboration showed that reaching that point re-
quires change on both sides. On the researcher’s side, inter-
action with AI throughout the research cycle could change
how knowledge is recorded, preserving what currently dis-
appears before reaching any record. Researchers would also
need to learn how to work with AI through sustained conver-
sation, a skill that remained difficult even after 130 sessions
in this collaboration, and that most researchers outside the
AI field have had little occasion to build (Zamfirescu-Pereira
et al., 2023; Tankelevitch et al., 2024). On the AI side, the
researcher’s effort was repeatedly directed toward showing
AI what the research context required, rather than advancing
the research itself.

If AI systems could seek information from the researcher
when encountering gaps rather than filling them silently, that
burden would shift. Further, exploratory research in physical
laboratories relies on many instruments and examinations
whose data currently reaches AI only after passing through
the researcher’s handling. Connecting them directly would
reduce that dependency across the full scope of laboratory
work.

5. Conclusion
Exploratory research in physical laboratories produces
knowledge that is substantial but largely invisible to AI.
This paper describes why, from within this kind of research,
and shows through a sustained collaboration what the in-
teraction between a researcher and AI could and could not
surface. The gap follows from how knowledge works in
this kind of research, and the cases suggest that narrowing
it requires both sides to change through working together.
As the researcher becomes better at working with AI and AI
becomes better at reaching what the researcher knows, both
adapt. That co-adaptation, through sustained interaction, is
where this work points.

Impact Statement
This paper presents work whose goal is to advance respon-
sible AI for Science. We highlight that AI systems for
physical laboratory research should be developed and used
with attention to the experimental context and judgment that
formal records often do not preserve. We do not identify ad-
ditional ethical concerns beyond those generally associated
with deploying AI systems in scientific research.
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