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to the future after four-plus years
of language in chemistry

Glen M. Hocky *a and Andrew D. White *b

Four years ago we wrote an article predicting the disruptive effect of large language models in the fields of

chemical education and research. Here we review and grade our past predictions, give our perspective on

some of the progress that has been made in the intervening years, and finally give some forecasts of what

might be coming next.
While the topic may well be of interest to chemists in the future, and
there will obviously be some benets for scientists and educators,
the benets for chemists and chemistry specically are not suffi-
ciently clear and we're not convinced that it would have such
a broad audience amongst our readership at the moment.—Journal
Editor, August 18, 2021.
Introduction

Today, Articial Intelligence (AI) models that we can interact
with through the use of plain text, voice, and images are
completely pervasive. These tools exist thanks to rapid devel-
opment in Large LanguageModels (LLMs), which are amachine
learning paradigm whose goal is to take in a series of infor-
mation and predict the most likely information that would
follow. Under the hood, these LLMs are “large” because they
contain billions or trillions of adjustable parameters, and
through training on an enormous corpus of data, they are able
to effectively compress a large fraction of human-generated
textual information in such a way that they can have
a human-like conversation about nearly any topic. These
models are all currently based on the ‘attention’ mechanism or
‘transformer’ architecture introduced by researchers at Google
in 2017,1 which seeks to learn the importance of a particular
piece of text in the context of preceding pieces of text, and in
that way be able to generate another set of text that is highly
probable.

For scientists, the existence of LLMs poses a range of
opportunities and challenges, both for teaching and research.
Tuned chat bots may serve as our next generation of interactive
tutors that greatly enhance student understanding, but at the
same time, standard LLMs that are available to anyone for free
can solve a wide range of chemistry homework problems that we
might otherwise assign in our class, potentially short circuiting
learning. For research, LLMs are being used to parse the
er for Computational Physical Chemistry,

-mail: hockyg@nyu.edu

ail: andrew@futurehouse.org

y the Royal Society of Chemistry
literature and automate tasks and generate code in such ways
that they greatly accelerate productivity; on the other hand, they
are also being used to generate text (and images?) going into
future peer reviewed publications and also being used in the
peer review process in ways that could reduce condence in
published results. These examples exemplify ways in which
LLMs are exacerbating existing tensions in how we do science,
in some ways alleviating pressures by simplifying tasks but in
other ways creating a range of new complexities.

Now that these models are here, it is becoming increasingly
hard to imagine a time where people did not see the appreciable
impact such models could have on the job of a scientist. In our
experiences as young educators, it is not unusual to have non-
scientist neighbors or relatives asking us if we use ChatGPT at
work. Four years ago we were amongst the rst who noticed that
there was an inection point in language models that made
them suddenly very powerful tools for chemistry. Aer per-
forming some preliminary studies on our own, we were
extremely excited and quickly wrote an article discussing where
things might go.2 At that time, most people were not aware that
such models even existed, and it was hard to convince other
scientists or journal editors that there was a coming sea change
in the way we do research (see above). Looking back, many
things we predicted came true, some did not, and some that are
now a big part of how these models are used we did not predict
at all. Below, we briey summarize the state of LLMs for
chemistry in 2021, then we grade our predictions, and nally,
we take some stabs at what might be coming next.

LLMs for chemistry pre-ChatGPT

While earlier LLMs existed, a major inection point occurred
when OpenAI released the GPT3 model in June 2020. This
model was capable of generating human-acceptable text on
many topics. It also permitted complex text parsing tasks to be
performed simply by giving a few example cases, rather than
training a very sophisticated model for each separate task. GPT3
is an example of a so-called ‘foundation model’, where massive
effort is spent to train without a specic task in mind, and then
Digital Discovery
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Fig. 1 (A) Older GPT models (here, davinci-002, run in July 2025) do
not “solve” problems given vague prompts, and response quality
quickly degrades. (B) In contrast, ChatGPT (GPT-4.1 queried in July
2025) both solves chemistry problems and provides helpful context.
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that model can either be ‘ne-tuned’ to a specic task by
providing additional examples, or tasks can be implied by the
prompt by providing a few examples to the model (‘in context
learning’). GPT3 and other such models could be accessed
through an Application Programming Interface (API) or through
a “sandbox” on the OpenAI developer web portal.

LLM inputs in the form of prompts are converted into
a sequence of ‘tokens’, which are encoded representations of
already encountered sequences of text. Use of an LLM in
a programmatic way through an API for example was charged on
a per-token basis for the input and output. The need to request
access, develop one's own soware, and pay per query were all
limitations that seemed to prevent wide-scale adoption. We had
developer access to this platform and were experimenting with
its use in converting plain text into programmatic tasks. For
example, we created a voice controlled interface to the molec-
ular visualization soware VMD in May 2021.† Up to that point,
there does not appear to have been any published use of GPT-
family models for molecular sciences, although we should
note that prior transformer-based models were applied to
molecular problems as early as 2018.3,4

In July 2021, OpenAI released a ne-tuned version of GPT3
termed Codex which was specically tailored towards code
generation tasks.5 This model demonstrated a large leap in
success of solving coding problems. As reported, we immedi-
ately noticed that this model could generate code that ‘solved’
chemistry problems as well, such as computing the dissociation
curve of a molecule using a soware library (and the code
generated also plotted the result without additional prompt-
ing).2 While our interest was initially informed by our expertise
in computational chemistry, in July 2022 we reported a more
rigorous analysis of the general chemical knowledge of this
model as well as other available LLMs by encoding different
questions as simple programming tasks (e.g. suggesting that the
model write a function that, given a volume, temperature, and
number of moles of a gas returns the ideal gas pressure).6 At
that time, the Codex model was able to give mostly correct
results for most problems, but required careful wording of the
query (‘prompt engineering’). By the time the paper was pub-
lished, OpenAI released ChatGPT and newer versions of the
models that alleviated much of the need for those ne adjust-
ments and we already felt that LLMs had a fairly advanced
knowledge of chemistry baked in.

Starting from November 30, 2022, ChatGPT provided an easy
way for anyone to interact with the most advanced (or nearly so)
available OpenAI language models for free. Moreover, in some
sense, this model was ne-tuned to be helpful, meaning that in
addition to producing short strings of text that follow a prompt,
it would now provide context (see e.g. Fig. 1). Over time, this
conversational mode of working with AI models has become the
most common paradigm, although research projects still take
advantage of the ability to include LLMs programmatically
within a workow. Besides ChatGPT and other capabilities
introduced by OpenAI, there are now a number of competing
† https://github.com/whitead/marvis/.
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products from other companies and research groups, too many
to review here. Below, we will discuss some of the changes these
manymodels have wrought in our eld, and how they are in line
with, exceeded, or deed our previous expectations.
Predictions and misses
The right

� LLMs offer the promise of “greatly increasing the scope of what
a single research group can accomplish”. We expected LLMs to
greatly accelerate research, and in particular we were thinking
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 2 Prompt, solution, and output for a relatively complex
biochemistry task. Output was generated in ChatGPT using GPT-4o
and tested in GoogleColab in July 2025.
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of lowering the barrier to writing code, either for computational
research or for automating repetitive experimental tasks. This
has certainly proved true, and we and our peers have all expe-
rienced the extreme speed with which ideas can be prototyped
and put into practice. However, this has proved even more true
than expected due to the development of AI “agents” or “co-
scientists” which we did not predict at that time (see below).

� LLMs will disrupt chemical education: “we should rethink how
these assignments are structured.” We foresaw that LLMs would
enable cheating given the knowledge contained within the
models even in 2021, and this has only increased as
a problem.7–9 We still feel that we were correct to state that we
must change the way we are assessing students, since they will
have access to these tools in the real world, we need to challenge
them to use what resources and knowledge they have available
to solve even more complex problems within the scope of their
assignments. Also, while the latest LLMs or similar models are
able to solve even very complex problems,10 we must also chal-
lenge students to explain/check whether the answers they are
getting are correct or not.

� AI models can solve problems with tools. This was an implicit
prediction of our paper, since our examples illustrated that
LLMs could solve problems by writing code that used soware
packages directly or produced input les, for example to
perform electronic structure calculations. Frequently in the last
four years, we have encountered the statement that “LLMs are
bad at.”, but we do not feel that the LLMs themselves need to
be able to do everything (for example, perform oating point
arithmetic) when they can easily write code that does that task
correctly, or call a tool that does that task correctly. We still feel
this is true, and at the same time, some weaknesses in LLMs for
working with molecular data directly have also been improved
by training models with chemistry in mind.11 At the time, the
models oen produced a correct idea but incorrect execution.
Over time, newer models (e.g. with reasoning, see below) have
resulted in much more accurate solutions. For example, Fig. 2
shows one failure in our benchmark paper6 that ChatGPT can
now solve correctly even with a very vague problem
specication.

� Use of LLMs could lead to a narrowing of programming
languages or specic tools that are used in chemistry. While this
has not fully borne out yet, we feel comfortable asserting that
LLM usage is pushing scientic code in the direction of Python
and certain approaches (see Fig. 1 where Python is assumed to
be the default). As one anecdotal example, LLMs frequently use
the Pandas library to load and parse les in cases where this is
overkill.

At the time of our previous article, we weremerely focused on
specic programming tools/libraries. But now taking a broader
view, one could similarly imagine that automating experiments
will result in a narrowing of approaches that are taken to tackle
a particular kind of problem.

� Code generated may not perform a task correctly or in the best
way. This prediction, which is still correct, encompasses two
problems. The rst is what is now known as a common problem
in LLMs, that of ‘hallucination’. LLMs can produce seemingly
reasonable text but it may invent things that do not exist. In the
© 2026 The Author(s). Published by the Royal Society of Chemistry
case of programming, this is mitigated when the model is given
access to all of the code within a project, but it could also invent
incorrect algorithms to solve a problem, etc. It is therefore
incumbent on scientists to do what they have always done and
nd good sanity checks to conrm that LLM output does what is
intended in a way that can be validated. The second problem,
that the results might be correct but non-optimal (less efficient,
or less numerically accurate) requires a deeper knowledge of the
topic to catch and correct, and is one reason—at last for now—
Digital Discovery
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that subject experts should continue to be involved in any
project.

� LLMs will reduce barriers for non-English speakers. It is
possible to interact with an LLM in other languages besides
English, and LLMs are excellent at translations, at least within
some sets of languages. LLMs are certainly being used by
English and non-English speakers alike in all forms of scientic
writing; they are certainly excellent at rewriting text in gram-
matically correct ways and nding errors in writing. However,
we do note that to our knowledge, the corpus of knowledge
upon which major LLMs are trained is primarily in English, so
this will likely to continue to be a limitation.

The partially right

� LLMs will make scientists better programmers: “the process of
creating a prompt string, mentally checking whether it seems
reasonable, testing that code on a sample input, and then iterating
by breaking down the prompt string into simpler tasks will result in
better algorithmic thinking by chemists.”While this may be true to
some extent, especially for scientists who are already experts, it
is not fully true. LLMs are so good at generating code to do what
is requested that we observe people are mostly just copying and
pasting from the output without much introspection. There is
also a new trend of “vibe-coding” where full applications can be
developed without writing any code at all, and only having
a discussion with an LLM.

�LLMs can be used to build tools to parse the literature. In 2021,
we saw that it would be easy to build tools that do a specic
language task, for example to extract reaction conditions from
plain text. However, we only predicted a very limited view of
what would soon be possible. Among other examples, White
introduced the PaperQA tool that answers questions by nding
and summarizing papers.12,13 The NotebookLM tool from Goo-
gle offers a simple way to synthesize information in papers (or
other data formats) by simply uploading them and then asking
questions in plain language; and this tool even allows for the
generation of audio “podcasts” summarizing the information.

� Open source models will eventually play a big role: “models
developed by the open source community currently lag commercial
ones in performance, but are freely usable, and will likely be the
solution taken up in many areas of academia”. So far, closed
source LLMs still play a much bigger role than open source
ones. One notable example to mention though is the DeepSeek
model released in January 2025, which, while developed by
a commercial enterprise, gained signicant attention for
reaching performance similar to the best OpenAI model at the
time while being much smaller and fully open source, such that
users can ne tune their own versions with computing
resources available to an academic lab or small company.

The wrong

� Prompt engineering will become a vital skill. The chat interface
introduced in ChatGPT and available in other models greatly
reduces the urgent need to be an expert at prompt engineering.
Instead, if an output does not seem correct, one can simply
continue to ask the model to update its response. In contrast,
Digital Discovery
we previously spent extensive time changing the phrasing of the
prompt to produce high quality results, and also introduced
additional text such as “I am an expert chemist and
programmer”. The improvement of model quality and the
introduction of reasoning models greatly smooths out the
fragility in outputs we observed four years ago. However, we do
note that the way that models are queried can still result in
drastically different results in some cases, and so users should
still be made aware of the concept of prompt engineering and of
carefully considering what information is provided to the model
and what is assumed or omitted.14

� Cost of the model will limit uptake: “pricing from the GPT-3
model by OpenAI indicates a per-query cost that is directly
proportional to the length of the input prompt, typically on the
order of 1–3 cents per query. This model may of course change, but
it is reasonable to expect that Codex will not be free until either
there are competing open-source models or the hardware required
for inference drops in price”. Likely as a consequence of compe-
tition between large companies, models from OpenAI, Google,
Meta, etc. became free to use far faster than we predicted and
with almost no pressure from open-source models. While there
is still a cost to use these models using an API, that has also
dropped greatly. Of course, there is still a cost to have higher-
level access to the best models, and this still introduces some
disparity between wealthier and resource-poor individuals/
institutions. Going forward, some power users or institutions
will still have more resources to access higher levels of
computing and hence deeper and more accurate results.
However, for now, the freemodels are so good that this seems to
be far less of an issue than we predicted.
The unexpected

� LLMs as correlation models. LLMs can be adapted to perform
a number of unexpected tasks, well beyond the scope of what
one might expect. For example, it was shown that GPT models
can be ne tuned (or used in zero-shot learning) on many
different A:B pairs of chemical data to predict properties of
molecules or to perform inverse design.15,16 The reason for this
is still a bit opaque, but evidently the architecture of such
models allows them to perform complex regression and classi-
cation tasks.

� Introduction of ‘agents’ and ‘co-scientists’. Agents are AI
models that combine LLMs and other tools to perform tasks
autonomously. These agents take the output of one model or an
experiment, and then must choose what to do next to continue
the experiment. Agents enable the automated parsing of the
literature to answer a question mentioned earlier.12 Moreover,
agents can be used to automate experimental campaigns by
taking a task in plain text, nding experimental protocols,
either executing those experiments with a robot or through
human intervention, and then rening experimental design to
iterate towards a solution.13,17–20 Agents also enable what is
colloquially termed “deep research” searches, where models
seek to produce an extensive report to a question by continually
querying different resources (e.g. websites, scientic papers)
until they feel that a satisfactory answer has been generated.
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 3 ChatGPT reasoning model GPT-o3 writes correct answers for
five midterm short-answer questions in under one minute, given only
a low quality picture of an exam.

‡ https://www.crossref.org/06members/53status.html.
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One of us recently demonstrated that, combining many ideas
and introducing additional persistence of prior ndings, an
agentic system can make novel scientic discoveries.20

� Reasoning models. One downside of LLMs as described is
that they continue to generate text based on previously gener-
ated text, and do not have a way to correct themselves. Within
chat models, people found success asking LLMs to check their
own results, which xed some subset of these problems. Start-
ing in late 2024, so-called reasoning models have been intro-
duced which use this paradigm natively.

These models address many of the criticisms leveled at LLMs
such that they are bad at math or logic puzzles. These models
also are much better for scientic research purposes as they
answer in a way more akin to how a human does, which is to
check their own work and not say the rst thing that comes to
the top of their mind (metaphorically). It is worth noting that it
is possible to view the process of the reasoning model, and this
‘chain-of-thought’ typically has little resemblance to how
a human would reason through the same problem.

� Multimodal models. LLMs, as the name implies, were
originally focused on language and textual data. Yet, newer
models can be ‘multimodal’ meaning that they can take as
inputs or produce as outputs other forms of data, including
images, audio, and even video. While some of this is done
through tools, some of this functionality can also be baked
directly into the models through training. Multimodal inputs,
in particular images, can certainly have an impact on science.
From the education side, combining image analysis with
reasoning models results in a model that can solve whole pages
of an exam with just a quick snapshot (see Fig. 3). From
a research perspective, multimodal models promise to help
unlock data in papers that is only contained in plots and
molecular images (e.g. ref. 21). So far, limited benchmarks exist
for multimodal chemistry tasks (e.g. 22–24) but no doubt those
will be developed going forward.

Outlook

LLMs have had a nearly immediate impact in the molecular
sciences, just as they are affecting large swaths of our workforce
and culture; they have also introduced a number of possible
concerns e.g. with data privacy, ownership, safety, reproduc-
ibility, etc. that are beyond the scope of this study but have been
discussed extensively by experts in AI ethics. While LLMs have
demonstrated strong performance on a wide range of tasks in
chemistry and related areas,10 different disciplines have felt this
impact to greater or lesser degrees. By our observation, teaching
and writing have had the largest impact, where chat bots are
being used pervasively. Computational and theoretical chem-
istry research has also been strongly impacted, due to the role
programming plays in our eld, and we expect nearly all
researchers are taking advantage of code generating tools to
greater or lesser extents. Computational and data-driven elds,
especially biological subdisciplines, stand to change due to
domain specic language models,25–27 but those are distinct
from the general LLMs we are discussing in this article. LLMs
are starting to show promise in the area of chemical synthesis
© 2026 The Author(s). Published by the Royal Society of Chemistry
(e.g. ref. 28–31), but this progress is recent and has not to our
knowledge been widely adopted. While we have discussed the
promise of co-scientist and automated laboratory research,
these remain research topics and are for now limited to a few
examples.

Looking beyond the current state of affairs, the future is
murky and it is hard for us to predict what comes next. Some
few small things look certain though, and we can entertain
some speculation.

The amount of academic literature is dramatically
increasing. We have exceeded 1 M indexed scientic papers per
month in 2025 according to Crossref.‡ The way scientists
approach searching the literature must necessarily change to
rely more on language models. Some have a cynical view that
the explosion of publications is due to a bad incentive structure
which prioritizes more papers over deeper science. On the other
hand, we can see this as evidence of the democratization of
tools that make performing scientic tasks and writing easier.

Given this enormous increase in the amount of published
work, it has until now become more and more difficult to take
into account all relevant literature on a topic. However, with the
combination of language model tools for searching and parsing
and distilling textual work, we may currently be passing the
Digital Discovery

https://www.crossref.org/06members/53status.html
http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5dd00550g


Digital Discovery Perspective

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

9 
M

ar
ch

 2
02

6.
 D

ow
nl

oa
de

d 
on

 4
/7

/2
02

6 
7:

49
:2

9 
A

M
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n-
N

on
C

om
m

er
ci

al
 3

.0
 U

np
or

te
d 

L
ic

en
ce

.
View Article Online
peak in difficulty in this task, with future effort to nd and
synthesize research becoming easier and more automated.

While this could be the case, we also foresee two challenges
for those developing these tools and perhaps in the model
architecture themselves. In order for this task to be solved, the
models must be able to determine if the information being
parsed is scientically sound, or at least express differential
amounts of skepticism when synthesizing different viewpoints
based on some notion of trustworthiness. If this trustworthi-
ness metric is biased towards high citations and journal name
(as with human evaluations!) then this could be a limitation for
giving appropriately balanced weight to the vastly growing
corpus of information. On the other hand, if LLMs can be
trained to have or ideally have an emergent ability to grasp the
rigorousness of a study and the quality of the data, this may take
us beyond what is possible in human-only literature studies.

This leads to a related question of whether LLMs can tell
what is interesting or novel. The answer to this question will
have a major impact on performing, funding, and publishing
science. Focusing for a moment on proposals and papers, we
are aware that LLMs are already being used by a large number of
scientists in writing papers and proposals, reviewing papers and
proposals, and even writing responses to those AI-generated
reviews. While we don't have insider knowledge, we would be
shocked if granting agencies (public and private) as well as
publishers are not using LLMs to at least screen papers and
proposals, if not to participate directly in the review process.
Granting agencies and publishers are taking steps to try to
prevent this practice from the submission side, but there is no
guarantee they will not be used on the review side (which of
course raises copyright and intellectual property leakage
issues). So given all of this AI-generated text fed into the next
generation of models' training corpus, can we expect models to
inherently detect, or generate, things that are actually novel?
Our prediction is yes, in the short term these types of models
will actually have enough inherent knowledge and ability to
access and parse the literature that they will be more capable
than a typical scientist at detecting whether an idea is novel,
and probably whether it is feasible. Certainly they will be able to
poke holes in the arguments of the proposals as acutely as
a human reviewer, and will not get tired aer reading dozens or
hundreds of pages of text in a batch.

If these models can detect novelty, can they also produce
novel ideas? If a human feeds in a topic with several sources and
asks for new ways to combine ideas from those topics, we
certainly feel the ideas generated will seem reasonable. We have
tried and recommend the exercise of uploading some of your
own papers and asking what would be some interesting future
directions, as the results are already quite impressive. The
secondary question is whether an agentic model can perform
this task on its own, given a request for a new hypothesis in
a certain area, can a model iterate and even test some of its own
ideas to produce ideas that are completely original and cannot
have been only obtained through knowledge synthesis. Recent
studies show a few examples of this working (see e.g. ref. 20),
and we expect this to become common. As researchers incor-
porate more and more tools into their workow, will we have to
Digital Discovery
rethink what it means to “do research,” as the tasks that
primarily occupied scientists are obviated? For the moment, in
our own groups we see heavy users of LLMs still shaping the
direction of their own scientic research, simply with the
addition of very powerful tools; however, the balance could shi
drastically towards the role of humans being to come up with
questions and away from the tactile process of checking
hypotheses, with as yet unknown consequences.

One can debate whether distilling and regurgitating other
knowledge through an LLM counts as novel, but our opinion is
that, especially combined with human input and automated
experiment, this is not substantively different from human
knowledge generation. So then the question becomes, can
LLMs on their own (without any new model architectures)
generate ideas that are truly paradigm shis (e.g. quantum
mechanics, theory of relativity, inferring existence of black
holes, etc.). We speculate that, if this comes to pass, it will take
far longer given the way that AI model performance decays over
the course of longer and longer tasks, while certain scientic
advances have so far required continuous effort over years or
decades. Yet at the same time, the existence of even the
currently existing tools combined with human ingenuity will
vastly shrink the time lag between large discoveries versus what
it would have been otherwise. That is of course assuming that
human scientists do not lose their inherent curiosity, tenacity,
and access to stable funding and resources, none of which we
take as a given.
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