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The missing data for intelligent scientific  
instruments

Henry Pinkard & Nils Norlin

Most scientific instruments currently discard 
rich streams of commands, data and metadata 
from which AI systems could learn to conduct 
experiments with expert-level decision-making 
and troubleshooting skills. Recording and 
using this data at scale requires rethinking 
what data to store, incentivizing large-scale 
cooperation, and determining how to quantify 
the reliability of such autonomous systems.

The failure to preserve researchers’ expertise in digital form results in 
a missed opportunity to create highly capable scientific instruments 
that accelerate scientific progress and enhance reproducibility. Every 
day, microscopes, flow cytometers, spectrometers and other instru-
ments across thousands of laboratories produce rich digital traces 
of experimental work: precise sequences of commands, real-time 
observations and moment-by-moment decisions that embody years 
of hard-won expertise by their operators. At the same time, artificial 
intelligence (AI) has reached unprecedented capabilities in learning 
from structured data. Modern transformer neural networks1 can learn 
statistical relationships across domains from language2 to proteins3 
and robotic actions4. This has already enabled autonomous experi-
mental systems5, for example, in chemistry6 and materials science7, 
where extensive data are available. We believe that enabling AI systems 
that can carry out complete biological experiments across a variety of 
instruments could disseminate experimental expertise broadly across 
the scientific community.

Currently, the primary way we transmit researchers’ expertise 
remains through written methods sections, which compress complex 
sequences of expert work into brief summaries. These summaries do 
not contain key knowledge and skills needed for reproducibility, such 
as the ability to recognize problems, optimize parameters and adapt 
procedures in real-time. To learn these skills, researchers often must 
visit specific laboratories or attend extensive training courses, and 
when an experienced researcher leaves a lab, their expertise often 
goes with them.

At this moment, most automated systems cannot perform 
general-purpose, adaptive decision making. For example, current 
smart microscopy systems8 rely on hard-coded rules or are designed 
for specific situations. Although they can already operate at scales 
and speeds beyond human capabilities, they lack the ability to plan, 
troubleshoot and adapt to unexpected real-time observations9.

Despite the limitations of current automated systems, AI technolo-
gies show potential, particularly when trained on larger, higher-quality 
datasets. Recent AI breakthroughs in scientific applications have 

consistently emerged in domains with extensive data availability10, 
reflecting the predictable relationship between transformer perfor-
mance and data volume2. This pattern suggests that AI systems could 
potentially learn the adaptive decision-making capabilities that current 
automation lacks. To take advantage of these scaling relationships for 
scientific applications, AI development could benefit from new sources 
of domain-specific, high-quality training data. Such data would be par-
ticularly valuable for training since the conventional source, publicly 
available text, is approaching exhaustion11, thereby limiting further 
progress along traditional scaling curves.

We propose that systematically capturing digital traces of 
expert work could transform scientific instruments from rule-based 
automation systems into intelligent research partners. By record-
ing complete sequences of commands, observations and real-time 
decisions across multiple experiments, instruments and operators, 
we could train AI systems that surpass current hard-coded automa-
tion. Such systems could progress from copilot-style assistance to 
fully autonomous agents capable of planning, troubleshooting and 
real-time adaptation.

Beyond enabling more capable instruments, we envision this 
approach transforming how scientific expertise spreads, allowing 
researchers to rapidly adopt new methodologies while providing a 
rigorous new standard for reproducibility.

To illustrate how workflow data could enhance scientific instru-
ments, we examine a concrete example: a transformer neural network 
that learns to focus a microscope (Fig. 1). This example illustrates the 
broader potential for AI to learn from the rich streams of data generated 
during scientific experiments.

Transformers: a common tool in modern AI
Transformer-based systems excel at finding patterns in sequential, 
heterogeneous data, such as that produced by instruments during 
experiments. Unlike traditional automation that requires explicit pro-
gramming for each scenario, transformers learn by discovering relation-
ships between elements in their input, enabling them to process diverse 
data types, from commands to images, all within a unified framework.

Many transformers (for example, GPT-3 and GPT-4) use a 
‘decoder-only’ autoregressive architecture, which predicts the next 
‘token’ in a sequence given the previous ones. Tokens are fundamen-
tal units of data: characters or words in language, pixels or patches 
in images12. Figure 1a illustrates this next-token prediction process, 
where a transformer model repeatedly predicts each subsequent 
token on the basis of the accumulated context, gradually building up 
complex sequences.

Training these models on large datasets creates rich internal rep-
resentations, whose knowledge can be elicited through fine-tuning 
to perform specific tasks. The resulting systems can perform vari-
ous applications, such as engaging in conversations or suggesting 
code completions.
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actions as text tokens that can be converted into precise control com-
mands. Unlike in robotics applications that must bridge the physical–
digital gap through complex demonstrations or teleoperation, many 
scientific instruments are already operated digitally. Their software 
interfaces already generate structured data during normal operation 
(for example, commands, responses and state changes), making them 
ideal candidates for AI control.

Tokenizing scientific workflows. Scientific instrument control can 
be framed as a sequence modeling problem, just like language genera-
tion. The digital nature of these instruments means that controlling 
them is much like speaking with a chatbot, only with different data 
types: rather than text being tokenized for questions and answers, 
commands and instrument responses (data and metadata) can be con-
verted into their respective tokens. Figure 1b illustrates this structure 
in microscopy, where an operator issues commands such as “capture 
image” and “move focus” (normally triggering a series of low-level API 
calls) and the instrument responds with images and text descriptions 
of state changes.

These sequences of actions, observations and metadata tokens 
collectively capture information about the instrument’s state, the 

Neural networks derive their power from transforming raw data 
into learned representations — numerical encodings that capture key 
relationships. As information flows through the model’s layers, these 
representations become increasingly context-aware and abstract, 
providing a way to process different types of data while preserving 
meaningful relationships between concepts.

The model’s capabilities scale with its complexity: more sophisti-
cated models can recognize nuanced features such as specific behav-
iors or contexts, encoding these distinctions within different parts of 
their vector space.

Access to these representations simplifies complex recognition 
tasks. Training a vision system to identify, for example, fibroblasts, 
would require relatively few examples when built on existing embed-
dings. This is in stark contrast to writing explicit rules for every vari-
ation in shape, illumination and cell subtype, or having to learn such 
rules from scratch.

From language to action. Recent advances in vision–language–action 
models4 demonstrate how AI systems can successfully move beyond 
language and vision to control physical systems. These systems lever-
age pretrained vision and language models while encoding physical 
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Fig. 1 | Training an autoregressive model from scientific instrument usage. 
a, Autoregressive models predict the next token in a sequence on the basis 
of previous context. b, Scientific instruments naturally generate structured 
sequences through the interaction between operator and instrument — operators 
take actions (green) and the instrument responds with ‘observations’ consisting 
of data and state changes (blue). c, To enable learning from these heterogeneous 

data types (commands, images, metadata), all tokens are embedded into vectors. 
d, A database of these vector sequences from many experiments captures the 
diverse ways that instruments are used to accomplish experimental tasks.  
e, Example of action prediction: given an out-of-focus image, the model can 
predict the appropriate stage movements needed to achieve focus, just as it could 
learn to predict actions for more complex experimental tasks.
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experimental progress and facets of the operator’s intent. This infor-
mation is embedded in the statistical relationships between tokens, 
much as letters combine into words and words into meaningful phrases 
to capture complex meaning in text. Through these relationships, 
tokens can be composed to represent experimental tasks of increas-
ing complexity, from basic instrument operations to sophisticated 
experimental protocols.

Existing transformer architectures provide a direct path to  
capturing and using this knowledge of experimental execution.  
All tokens are first embedded as vectors (Fig. 1c) and then collected 
in a database, ideally including a diversity of experimental action 
sequences across different operators, instruments and samples 
(Fig. 1d). Training on these sequences enables models to learn patterns 
of experimental execution, just as language models learn to predict the 
next word in a sentence.

Figure 1e illustrates a simple example: given an out-of-focus image, 
the model learns to generate appropriate stage movements to achieve 
focus, just as a human operator would. This capability would naturally 
generalize across instruments; learning to focus one microscope is 
quite similar to focusing others.

In our view, the most efficient path to implementing these systems 
is likely to be to leverage existing frontier models rather than train new 
ones from scratch. Pretrained vision models could process experimen-
tal images while language models handle commands and metadata, 
creating powerful systems with relatively small instrument-specific 
training datasets. This approach would capture the essential patterns 
of experimental workflows while minimizing both data requirements 
and computational costs of training.

Open challenges
While the potential for learning from experimental workflows is clear, 
we expect that several practical challenges must be addressed before 
this vision can be realized. These range from technical hurdles around 
data volumes and infrastructure to social challenges around incentives 
and reliability standards.

Storing and sharing data. Experiments can routinely generate sub-
stantially more data than goes into final analyzed results, making 
complete workflow capture impractical. Smart strategies for down-
sampling and selecting the most informative interactions will be crucial 
for making this approach tractable. Effective data sharing presents an 
additional challenge. The greatest benefits will emerge when many 
laboratories pool data together for training, but this requires technical 
standards, data repositories, community guidelines13 and new incentive 
structures, for example, for data curation.

Software limitations. Most existing scientific instruments were not 
designed with comprehensive data capture in mind and typically save 
only the final results, not the complete workflows that produced them. 
However, emerging software frameworks that wrap existing device con-
trol systems could enable workflow capture without rebuilding software 
infrastructure from scratch (https://exengine.readthedocs.io/en/latest/).

Incomplete digitalization. Furthermore, many life science workflows 
still include manual steps outside digital systems. However, an increas-
ing number of devices syncing with electronic lab notebooks, digital-
ized pipettes and automated liquid handlers are creating increasingly 
complete digital records. This digitization is likely to accelerate14, 
incentivized by the potential of autonomous workflow control.

Decentralized AI training. While many contemporary frontier models 
are trained with thousands of high-end GPUs running for months at 
a time, algorithmic improvements continue to lessen these require-
ments. Rather than requiring massive centralized GPU clusters, emerg-
ing approaches15 suggest that highly capable AI models could be trained 
across networks of modest laboratory computers. This would shift the 
challenge from acquiring expensive computing resources to coordinat-
ing access to existing infrastructures and even personal computers. 
Future systems might allow scientists to access models in proportion 
to their contributed resources (data and computing) or offer ways to 
establish citizen science projects for AI development. Such implemen-
tations are likely to require new incentive structures, technical stand-
ards, and support from funding agencies and scientific institutions.

Reliability. Modern AI systems, while powerful, can produce 
hallucination-based errors that pose unique challenges for scientific 
applications. Hallucinations cannot be completely prevented in cur-
rent deep learning systems, making empirical quality control essential 
for scientific instruments that incorporate AI. Practical approaches to 
address this include developing benchmarks that test performance 
across different experimental scenarios, implementing consistency 
checks to validate results against known physical constraints, and 
maintaining oversight mechanisms for system decisions during opera-
tion. A graduated deployment — that is, starting with simple tasks and 
expanding autonomy only as reliability is demonstrated — will allow 
researchers to build trust while learning the system’s capabilities and 
limitations.

Outlook
Regardless of which AI approach ultimately proves the most effective, 
the quality and comprehensiveness of the training data are likely to 
remain the fundamental determinant of system performance for the 
foreseeable future. While future architectural advances will certainly 
surpass current approaches and mitigate some of the current limita-
tions, collecting rich workflow data now creates lasting value for sci-
entific instrument automation as data quality is likely to continue to 
constrain the upper bounds of model capabilities. Despite challenges, 
the promise of AI appears capable of unlocking a new era of accelerated 
scientific discovery, where the boundaries between human expertise 
and machine capabilities become increasingly blurred.
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