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Featured Application

This perspective review outlines how Large Language Models (LLM) can be deployed as
intelligent interfaces and orchestration layers for advanced optical microscopy platforms.
A representative future application is the development of conversational LLM-driven mi-
croscope assistants capable of translating high-level experimental goals, such as optimizing
live-cell imaging conditions or autonomously exploring heterogeneous samples, into vali-
dated acquisition workflows. By integrating instrument control, real-time analysis, and
facility-level data management, such systems have the potential to lower barriers to ad-
vanced microscopy, improve reproducibility, and enable adaptive, closed-loop experiments
in both research laboratories and shared imaging facilities.

Abstract

Optical microscopy is a fundamental tool in the physical, chemical, and life sciences, en-
abling direct investigation of structure, dynamics, and function across multiple spatial
and temporal scales. Advances in optical design, detectors, and computational techniques
have greatly enhanced performance, but have also increased the complexity of modern
microscopes, which are now software-driven and embedded in data-intensive workflows.
Artificial intelligence has become an important component of this landscape, particularly
through task-specific machine learning approaches for image analysis, optimization, and
limited instrument control. While effective, these solutions are often fragmented and lack
the ability to integrate experimental intent, contextual knowledge, and multi-step reasoning.
Recent progress in large language models (LLMs) offers a new paradigm for intelligent
microscopy. As foundation models trained on large-scale text and code, LLMs exhibit
emergent capabilities in reasoning, abstraction, and tool coordination, allowing them to
act as natural interfaces between users and complex experimental systems. This perspec-
tive highlights how LLMs can function as cognitive and orchestration layers that connect
experiment design, instrument control, data analysis, and knowledge integration. Emerg-
ing applications include conversational microscope control, workflow supervision, and
scientific assistance for data exploration and hypothesis generation, alongside important
technical, ethical, and governance challenges.

Keywords: advanced optical microscopy; artificial intelligence; large language model;
Al-driven instrument

1. Introduction

Optical microscopy has undergone a continuous technological evolution over the
past several decades, establishing itself as one of the most fundamental and widely used
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research tools across the physical, chemical, and life sciences [1,2]. Its enduring impact
stems from a unique ability to provide direct, non-invasive access to structure, dynamics,
and function across a wide range of spatial and temporal scales [3]. As a result, microscopy
underpins a broad spectrum of applications, ranging from live-cell and developmental
biology to materials characterization, nanofabrication, soft-matter physics, and chemical
dynamics, serving as a unifying observational framework for both hypothesis-driven and
exploratory research [4-7]. Sustaining this central role has required continuous research
and technological development. Advances in optical design, contrast mechanisms, de-
tectors, and computational methods have repeatedly expanded what can be observed
and quantified at the microscale. Early microscopy platforms relied almost entirely on
manual operation, demanding substantial expertise to align optical components, adjust
illumination conditions, and optimize acquisition parameters. The progressive digitization
of microscopy, driven by sensitive detectors, motorized stages, and computer-controlled
hardware, enabled the automation of routine tasks and facilitated the acquisition of in-
creasingly complex datasets, including three-dimensional, time-resolved, spectral, and
multimodal measurements [8-10]. Profound innovations in optical architecture and sample
preparation have considerably broadened the bounds of microscopy. Techniques such
as super-resolution imaging [11], which overcomes the diffraction limit, correlation- and
fluorescence lifetime-based measurements [12,13], which provide access to molecular dy-
namics, interactions, and local nano-environmental properties, and light-sheet and lattice
light-sheet microscopy [14], which enable fast, gentle, and high-contrast volumetric imag-
ing, have opened access to spatial and temporal regimes that were previously inaccessible
with conventional optical microscopy. These developments have enabled systematic inves-
tigations of molecular organization, cellular dynamics, and mesoscale processes in living
and complex systems. At the same time, they have substantially increased experimental
complexity. Modern microscopes now integrate multiple illumination modalities, detection
pathways, adaptive optical elements, and computational pipelines, often exposing hun-
dreds of configurable parameters. Optimal imaging conditions, therefore, emerge from
delicate, context-dependent trade-offs among resolution, acquisition speed, phototoxicity,
photobleaching, and information content, making experimental optimization increasingly
nontrivial and expertise-intensive. Despite growing levels of automation, microscopy
remains fundamentally guided by human reasoning, as experimental design, hypothesis
formulation, and interpretation require contextual understanding that extends beyond
numerical optimization.

Alongside these developments in microscopy, the past decade has been characterized
by a rapid and sustained growth of Artificial Intelligence (AI) [15,16]. Progress in machine
learning (ML), deep learning (DL), and, more recently, large-scale foundation models have
progressively expanded the scope of what can be automated, optimized, and assisted
across complex scientific workflows [17]. In particular, large language models (LLMs) have
demonstrated unprecedented capabilities in natural language understanding, reasoning,
code generation, and tool orchestration [18]. LLMs have rapidly entered everyday life,
where they are widely used both in professional settings to support productivity, com-
munication, and decision-making, and in leisure contexts for creativity, entertainment,
and interactive experiences [19]. By enabling flexible interaction with complex software
environments and translating high-level human intent into executable actions, these mod-
els have shifted artificial intelligence from narrow, task-specific solutions toward more
general-purpose, context-aware systems capable of integrating knowledge, reasoning,
and decision-making [20].

To date, ML- and DL-based approaches have been widely adopted for microscopy
image analysis tasks such as denoising, segmentation, object detection, tracking, and
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super-resolution reconstruction, directly addressing the challenges posed by large, high-
dimensional datasets [21]. More recently, these methods have moved beyond post-
processing to selected control and optimization tasks, including autofocus, adaptive optics,
and adaptive sampling, enabling partial automation of operations that previously relied
heavily on expert intervention [22,23]. Despite these advances, current Al-driven mi-
croscopy systems remain largely task-specific and fragmented, with limited integration
across data acquisition, analysis, and experimental decision-making. In this context, LLMs
offer a complementary and transformative approach by providing a higher-level cognitive
layer capable of integrating experimental intent, contextual knowledge, and multi-step
reasoning. Rather than replacing existing ML components, LLMs can orchestrate heteroge-
neous algorithms, coordinate instrument control and data analysis, and serve as natural
language interfaces between users and complex microscopy platforms, thereby enabling
more coherent, adaptive, and human-centered experimental workflows.

In this rapidly evolving landscape, the convergence of optical microscopy and large
language models points toward a new conceptual framework for how imaging experi-
ments may be conceived and conducted in the future. Within this perspective Review,
ChatMicroscopy is introduced as a conceptual paradigm in which optical microscopy
platforms are envisioned to be augmented by large language models acting as a cognitive
interface between users, instruments, and data (Figure 1). To clarify the level of maturity
of the approaches discussed in this Review, three tiers of evidence are identified. First,
validated machine learning and deep learning applications for microscopy image analy-
sis and selected instrument optimization tasks, which are experimentally demonstrated
and widely adopted. Second, early proof-of-concept implementations of large language
models applied to instrument control or experiment design, currently limited to prototype
systems and laboratory-scale demonstrations. Third, forward-looking and conceptual
scenarios involving facility-level orchestration, FAIR-integrated infrastructures, and fully
closed-loop experimental ecosystems, which remain prospective and require substantial
further validation.
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Figure 1. A conversational Al framework for intelligent microscopy management, where researchers
interact through natural language (LLMs) with an Al system that translates dialogue into adaptive
experimental control, enabling optimized acquisition, feedback, and decision-making (ChatMicroscopy).

2. State of the Art: Current AI-Driven Approaches in Optical Microscopy

Artificial intelligence is increasingly emerging as a central enabling technology in opti-
cal microscopy, driven by the rapid growth in data volume, dimensionality, and experimen-
tal complexity that characterizes modern imaging workflows. By exploiting data-driven
models, machine learning, and in particular deep learning, enables the extraction of mean-
ingful statistical and structural information from complex, high-dimensional imaging data,
addressing long-standing challenges such as low signal-to-noise ratio, diffraction-limited
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resolution, optical aberrations, and limited photon budgets [24-26]. Convolutional neural
networks (CNNs) form the backbone of most Al-based microscopy applications, owing
to their ability to learn hierarchical spatial features and exploit local correlations intrinsic
to optical images. CNN-based architectures are widely adopted for image restoration,
classification, and reconstruction tasks across fluorescence, phase-contrast, and brightfield
microscopy modalities [27]. Encoder—decoder architectures such as U-Net further enhance
performance by combining contextual and spatial information through skip connections,
enabling accurate segmentation and pixel-wise reconstruction even in low-contrast or
noisy imaging conditions [28,29]. Residual and attention-based architectures, including
ResNet, ResU-Net, and RCAN, improve training stability and selectively emphasize in-
formative features, resulting in superior denoising and resolution enhancement [30,31].
Beyond supervised learning, self-supervised and unsupervised strategies play an increas-
ingly important role in optical microscopy by reducing reliance on large, manually an-
notated datasets, which are often difficult or impractical to obtain. Content-aware and
self-supervised approaches such as CARE, Noise2Noise, and Noise2Void enable effective
restoration of low-photon and low-SNR images without requiring paired ground-truth
data, substantially mitigating phototoxicity and photobleaching while preserving quan-
titative fidelity [32,33]. Generative models further expand the methodological landscape.
Generative adversarial networks (GANs) have been extensively applied to super-resolution,
deblurring, phase retrieval, and modality transfer tasks, including virtual staining and
label-free-to-fluorescence image translation [34-36]. In parallel, hybrid architectures that
combine CNNs with transformer-based self-attention mechanisms enable the modeling
of long-range spatial and temporal dependencies, thereby improving reconstruction fi-
delity and robustness in volumetric and time-lapse microscopy data [37-39]. More recently,
machine learning has progressed beyond post-acquisition analysis to directly influence
image formation and microscope operation. Learned autofocus metrics and ML-driven
adaptive optics strategies outperform traditional contrast-based or iterative model-based
approaches under low-signal and aberrated conditions, particularly in deep-tissue and
multiphoton fluorescence microscopy [40]. Reinforcement learning and active learning
frameworks further enable adaptive acquisition and closed-loop optimization of imaging
parameters, illumination strategies, and sampling density, maximizing information content
while minimizing phototoxicity and acquisition time, volumetric, and super-resolution
microscopy [41,42]. Together, these approaches constitute a coherent computational toolbox
that complements optical hardware and enables more efficient, quantitative, and intelligent
microscopy workflows.

Despite substantial progress, current Al-driven methods remain largely task-specific
and weakly integrated across acquisition, analysis, and experimental decision-making. This
fragmentation motivates the exploration of more general-purpose Al paradigms capable of
coordinating heterogeneous tools, incorporating prior knowledge, and supporting adaptive,
goal-directed microscopy [43]. The Al approaches currently adopted in optical microscopy,
including convolutional neural networks, generative models, and reinforcement learning
frameworks, are primarily designed to solve well-defined, task-specific problems. They
operate at the level of numerical image representations and are optimized for objectives
such as denoising, segmentation, reconstruction, or parameter tuning. Even in adaptive
or closed-loop settings, their scope typically remains confined to localized optimization
within predefined state and reward structures.

From a broader system-level perspective, two alternative trajectories can be envi-
sioned for Al-enabled microscopy. One consists of progressively expanding collections
of specialized tools, in which deep learning, reinforcement learning, and multimodal
models address individual tasks within the imaging pipeline. The other envisions fully
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autonomous platforms capable of planning and executing experiments with minimal hu-
man intervention, following the paradigm of self-driving laboratories. ChatMicroscopy is
conceptually positioned as an intermediate pathway between these two extremes. Rather
than functioning as a set of isolated computational modules or as a fully autonomous
experimental controller, it is proposed as a collaborative and conversational layer that
supports human researchers. By leveraging the semantic and reasoning capabilities of
large language models, such systems can interpret experimental intent expressed in natural
language, propose strategies, retrieve relevant data and literature, coordinate existing Al
components, and assist in optimizing experimental workflows. In this sense, LLMs are
not introduced as replacements for established AI methods or for human expertise, but as
integrative agents that enhance contextual reasoning, accessibility, and coherence across
complex microscopy processes.

3. A Focus on Large Language Models (LLMs)

Large language models (LLMs) are a class of artificial intelligence systems based
on deep neural network architectures, most commonly transformer models, trained on
large-scale corpora of text and code using self-supervised learning objectives [44-46]. This
training paradigm leverages statistical regularities in language to learn high-dimensional
representations that encode syntactic structure, semantic relationships, and long-range
contextual dependencies [47]. As a consequence, LLMs exhibit emergent capabilities that
extend beyond text generation, including multi-step reasoning, abstraction, summarization,
translation across representational domains, and the generation of executable code. A key
aspect that distinguishes large language models (LLMs) from earlier machine learning
approaches is their strong scale dependence. Empirical evidence has shown that systematic
increases in model size, training data volume and diversity, and available computational
resources lead not only to incremental improvements, but also to qualitative gains in perfor-
mance [48]. These gains include the emergence of advanced capabilities such as abstraction,
reasoning, and robust generalization to tasks that were not explicitly encountered during
training. This characteristic scaling behavior underlies the concept of LLMs as foundation
models. Rather than being optimized for a single, narrowly defined application, LLMs pro-
vide a general-purpose representational substrate that captures broad patterns in language,
code, and domain knowledge [49]. This substrate can be readily adapted and steered
through prompting or enhanced by integrating external tools and domain-specific models.
In this way, it can support a wide range of downstream tasks with little to no additional
training or fine-tuning, reducing both development time and computational costs [50,51].
As a result, LLMs can be deployed across heterogeneous domains and applications while
maintaining a coherent internal representation of knowledge, context, and user intent,
making them particularly well-suited to complex, multi-stage scientific workflows. From
an architectural perspective, transformer-based attention mechanisms enable LLMs to
flexibly integrate information across long sequences, making them particularly well suited
for tasks that require contextual reasoning, dependency tracking, and the integration of
heterogeneous information sources. When coupled with external tools, such as databases,
simulation engines, or hardware control interfaces, LLMs can act as coordinating agents
that select actions, invoke tools, and reason over intermediate results [52]. This capability
places LLMs at the intersection of symbolic reasoning and data-driven learning, helping to
bridge the long-standing divide between statistical pattern recognition and higher-level
cognitive functions.

In scientific contexts, these properties allow LLMs to operate not only as pattern-
recognition tools but also as mediators between human intent and technical systems.
Experimental goals, constraints, hypotheses, and protocols can be expressed in natural
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language, enabling LLMs to reason over scientific intent rather than purely numerical
inputs. By translating high-level conceptual descriptions into structured representations
and executable actions, LLMs support a new mode of human-machine interaction that is
iterative, contextual, and adaptive [53]. In the context of advanced optical microscopy, this
shift has important implications. As microscope platforms grow increasingly complex and
software-defined, LLMs can serve as cognitive interface layers that connect experimental
reasoning with instrument control, data analysis pipelines, and workflow orchestration [54].
Instead of replacing existing machine learning methods, LLMs complement them by acting
as an integrative layer that coordinates heterogeneous tools, incorporates prior knowledge,
and preserves coherence throughout multi-step experimental workflows. This broader
conceptual role distinguishes LLMs from task-specific AI components and supports their
recognition as enabling technologies for next-generation intelligent microscopy systems.
Within this framework, ChatMicroscopy is conceived as a functional paradigm in which
large language models act as an interpretative and coordinating layer within the microscopy
ecosystem. Rather than referring to a specific instrument, it designates a mode of interac-
tion where natural language becomes the primary interface for expressing experimental
intent, constraints, and objectives. Through this interface, LLMs can support tasks such
as experimental planning, imaging modality selection, parameter optimization, workflow
orchestration, and contextual interpretation of results. By maintaining a persistent repre-
sentation of experimental context, ChatMicroscopy may enable iterative, dialog-driven
refinement of imaging strategies and adaptive responses to outcomes, while reasoning
transparently about trade-offs among resolution, speed, phototoxicity, and information
content. In this way, it serves as a bridge between human scientific reasoning and the
increasingly software-defined, data-intensive nature of modern optical microscopy.

4. LLMs as Interfaces for Conversational Microscope Control and
Experiment Design

To date, demonstrated applications of large language models in optical microscopy
remain limited to proof-of-concept and early-stage implementations. Within this emerging
landscape, one of the most promising directions is their use as natural-language interfaces
for instrument control and experiment design [55,56]. Modern microscopes increasingly
expose their functionality through application programming interfaces (APIs), enabling
programmatic access to hardware components, acquisition routines, and analysis pipelines,
as exemplified by open microscopy frameworks and control layers [57]. However, these
interfaces remain fragmented, weakly standardized across vendors, and largely accessible
only to expert users with substantial programming experience. As a result, a persistent
gap exists between high-level experimental intent and low-level instrument configura-
tion. LLMs can help bridge this gap by translating high-level experimental descriptions
expressed in natural language into executable code or structured commands for instrument
control. This paradigm aligns with recent developments in autonomous and self-driving
laboratory systems in chemistry and materials science, where AI models combined with
robotic platforms have demonstrated goal-driven orchestration and adaptive experimenta-
tion [58,59]. These studies provide important conceptual precedents; however, they were
conducted in chemical and material synthesis contexts, and their direct extension to optical
microscopy platforms remains to be experimentally demonstrated. In materials science,
LLM-driven autonomous agents have demonstrated the ability to control microscopes, per-
form image segmentation with vision foundation models, and reason about experimental
outcomes without task-specific training, while closely related approaches are emerging in
scanning probe microscopy, where such agents orchestrate multi-step experiments and co-
ordinate integrated acquisition and analysis pipelines [60-62]. Reported examples include
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conversational interfaces that generate microscope control scripts on demand, LLM-guided
selection of imaging modalities based on sample properties and experimental constraints,
and adaptive acquisition strategies in which parameters are iteratively refined based on
intermediate results [63]. In the field of AFM microscopy, the use of large language model
agents for experiment automation has been evaluated by introducing appropriate metrics
to systematically assess their performance, reliability, and robustness [64]. In autonomous
or semi-autonomous settings, LLMs can coordinate multiple stages of an experiment,
including calibration, acquisition, quality assessment, and downstream analysis, while
maintaining a human-readable representation of experimental logic and decision pathways.
Natural language-based control paradigms enhance accessibility, training, and reproducibil-
ity. By lowering the barrier to complex microscope operation, LLMs enable non-experts
to conduct sophisticated experiments and allow experts to rapidly prototype advanced
acquisition strategies. At the same time, recording experimental intent and decisions in text
form improves transparency, reproducibility, and knowledge transfer, in line with FAIR
data principles [65]. At the same time, deploying LLMs as control interfaces introduces
critical challenges. Current models may lack detailed domain-specific knowledge and
can generate incorrect, ambiguous, or unsafe commands if unconstrained, particularly in
safety-critical experimental contexts. Robust implementations, therefore, require structured
prompting, formal representations of instrument capabilities, sandboxed execution envi-
ronments, and validation layers that enforce physical, optical, and experimental constraints.
Human-in-the-loop designs remain essential to ensure safety, reliability, and scientific
accountability as conversational control paradigms continue to mature.

5. Organization and Scientific Interaction of Data, Images,
and Knowledge

Microscopy experiments generate rich, heterogeneous datasets that extend far beyond
raw images, encompassing metadata, experimental parameters, annotations, analysis out-
puts, and contextual knowledge derived from protocols and prior studies. As imaging
modalities become increasingly multimodal and high-throughput, extracting meaning
from these complex data ecosystems poses a major challenge. LLMs can interact with
image-derived features and representations produced by computer vision and foundation
models, enabling higher-level reasoning over combined visual, numerical, and textual
information [66]. Recent work on vision-language models in microscopy has shown that
zero-shot or weakly supervised tasks, such as image classification, segmentation guidance,
and visual question answering, are increasingly feasible across biological and materials
datasets [67]. While pure LLMs operate only on text and cannot directly process raw
images, vision-language models combine visual encoders with language components to
enable multimodal reasoning. Within this ecosystem, LLMs are best understood as a high-
level coordination layer: they support workflow planning, code generation, experimental
interpretation, and integration of heterogeneous analytical tools rather than replacing
dedicated vision models. When combined with vision components, they enable interactive
data exploration, allowing users to query image collections in natural language, obtain
explanations of detected structures, and guide downstream analyses without extensive
scripting. When integrated with LLMs, these models support interactive data exploration
workflows in which users can query image collections using natural language, request ex-
planations of detected structures, or guide downstream analyses without explicit scripting.
For example, LLM-assisted interfaces can be used to navigate large microscopy datasets,
retrieve representative images based on semantic descriptions, and suggest candidate
regions of interest for further inspection or quantitative analysis. Beyond direct image
analysis, LLMs can function as knowledge organization and integration layers. By linking
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microscopy data to experimental metadata, laboratory notebooks, protocols, and relevant
literature, LLM-based systems can facilitate semantic annotation, automated report gen-
eration, and contextualization of results within broader scientific frameworks. Early case
studies in analytical chemistry and spectroscopy demonstrate how LLMs can assist in inter-
preting complex spectra, suggesting experimental adjustments, and managing knowledge
across experiments [68]. Analogous approaches in microscopy could enable automated
cross-referencing of imaging results with prior experiments, theoretical models, or external
databases, supporting cumulative and reproducible research practices. LLMs also open new
possibilities for hypothesis generation and exploratory reasoning in microscopy-driven
studies. By synthesizing information across datasets, experimental conditions, and prior
knowledge, LLM-based assistants can propose testable hypotheses, highlight unexpected
correlations, or suggest follow-up experiments. In collaborative settings, such systems
may act as scientific companions that support iterative sense-making, bridging quantitative
image analysis with qualitative interpretation. The integration of LLMs with bioimaging
foundation models therefore represents a key step toward multimodal scientific intelligence,
enabling microscopy platforms that not only acquire and process data, but also actively
support reasoning, discovery, and knowledge creation.

6. Management of Complex Microscopy Workflows: From Single
Instruments to Integrated Facilities

As microscopy infrastructures continue to evolve from single-instrument laboratories
toward shared facilities and highly integrated imaging platforms, the management of exper-
imental workflows has become a critical scientific, technical, and organizational challenge.
Modern imaging facilities routinely operate heterogeneous collections of instruments span-
ning widefield, confocal, super-resolution, light-sheet, and multimodal microscopy, while
supporting diverse user communities ranging from expert microscopists to occasional
users [69-71]. These environments generate massive, high-dimensional datasets whose
value depends not only on acquisition quality, but also on coordinated analysis pipelines,
standardized metadata capture, long-term storage, and reproducible data access [72,73].
As a result, facility-scale microscopy increasingly resembles a distributed physical system
rather than a collection of independent instruments. Within this landscape, automation and
intelligent coordination across instruments, enabled by conversational LLMs, can function
as a unifying layer connecting users, experimental platforms, and data streams (Figure 2).
By mediating interactions between humans and complex instrumentation, conversational
LLMs can simplify experimental design, orchestrate adaptive workflows in real time, and
support data-driven decision-making. This, in turn, enhances efficiency, reproducibility,
and insight generation across the entire experimental pipeline. Large language models
are particularly well-suited to this role, as they operate at a semantic level capable of
integrating experimental intent, procedural knowledge, and contextual information. Rather
than controlling individual low-level tasks, an LLM can act as a supervisory layer that
supports experiment planning, scheduling of shared resources, coordination of multimodal
and multi-instrument acquisitions, and continuous tracking of metadata and provenance.
Recent demonstrations of goal-driven orchestration and autonomous laboratory coordi-
nation have been reported primarily in chemistry and materials science contexts [74,75].
This paradigm aligns with recent developments in autonomous and self-driving labora-
tory systems, where Al models combined with domain-specific controllers and perception
models enable zero-shot or few-shot execution of complex experimental workflows [76-78].
While these demonstrations have primarily focused on chemistry and materials science,
the underlying concepts of goal-driven orchestration, adaptive decision-making, and tool
integration are directly transferable to microscopy-intensive facilities.
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Figure 2. Conceptual overview of a microscopy facility supported by LLMs. Multiple microscopes
generate heterogeneous imaging data that are centrally stored in a shared database. Researchers
jointly explore and interpret these data through a computer interface, where an LLM retrieves relevant
experimental evidence and contextual information to support grounded reasoning, data integration,
and collaborative scientific decision-making.

A key enabling factor for facility-level orchestration is integration with Laboratory
Information Management Systems (LIMS) and scientific data infrastructures. By interfacing
with structured repositories of samples, protocols, instrument logs, calibration records,
and historical experiments, LLM-driven systems can support experiment reuse, automated
documentation, provenance tracking, and compliance with FAIR data principles [65]. In mi-
croscopy, standardized data formats and metadata models further facilitate interoperability
across instruments and analysis pipelines, providing a substrate on which LLMs can reason
about datasets and workflows at scale [79,80]. At the facility level, these capabilities enable
new modes of operation, including automated experiment logging, intelligent user support,
adaptive scheduling based on experimental priorities, and continuous optimization of
resource utilization [81]. They also open the possibility of longitudinal knowledge accu-
mulation, where insights from prior experiments inform future acquisitions and analysis
strategies. LLM integration with FAIR-compliant microscopy data management systems
(OMERO, LIMS) remains a promising future research direction. However, deploying
LLMs in shared research infrastructures raises important challenges related to robustness,
accountability, transparency, and user trust. Decisions affecting experimental outcomes,
data integrity, or instrument access must remain interpretable and auditable, particularly
in multi-user environments. These considerations strongly motivate human-in-the-loop
designs, in which LLMs augment expert oversight rather than replace it, ensuring that au-
tomation enhances efficiency and reproducibility while preserving scientific responsibility
and user agency [82].

7. Challenges and Ethical Considerations

The integration of large language models into microscopy presents several technical,
methodological, and ethical challenges that must be carefully addressed. Hallucinations,
brittle reasoning, and limited robustness remain major concerns, particularly in experi-
mental settings where incorrect decisions can lead to wasted resources, damaged samples,
or misleading scientific conclusions [83-86]. Strong performance in scientific question
answering or code generation does not necessarily translate into reliable operation in real
laboratory environments. A central challenge, therefore, lies in validation and interpretabil-
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ity: model outputs must be systematically assessed against experimental ground truth, and
their reasoning processes must be transparent enough to allow human experts to evaluate
assumptions, detect potential biases, and identify conditions under which the model’s
recommendations may break down. Without robust validation frameworks and inter-
pretable decision pathways, high-performing models risk remaining powerful yet fragile
tools, unsuitable for autonomous or safety-critical laboratory applications. While LLMs
are capable of generating fluent explanations, these explanations do not always reflect
the internal decision-making processes of the model. In microscopy, where experimental
choices often involve subtle trade-offs and safety constraints, it is essential to develop
validation frameworks that go beyond output plausibility and explicitly test correctness,
consistency, and physical feasibility. Hybrid human—AlI control paradigms, in which LLMs
provide recommendations or orchestrate workflows under human supervision, represent a
pragmatic intermediate step toward greater autonomy:.

Large language models are intrinsically probabilistic systems whose outputs reflect
learned statistical patterns rather than deterministic physical laws. This fundamental char-
acteristic introduces a structural tension with the epistemic foundations of experimental
science, which rely on reproducibility, falsifiability, and physically grounded validation.
Human-in-the-loop designs mitigate, but do not fully eliminate, this tension. For LLM-
supported microscopy to remain scientifically rigorous, probabilistic suggestions must be
embedded within formal validation layers, explicit physical and instrumental constraints,
traceable logging mechanisms, and reproducible execution pipelines. In this framework,
LLM outputs can be treated initially as hypothesis-generating or strategy-suggesting pro-
posals rather than authoritative decisions. Scientific rigor is therefore preserved not by
removing probabilistic reasoning, but by ensuring that all Al-mediated recommendations
are subject to transparent verification, experimental confirmation, and accountable human
oversight. In this context, the integration of LLMs into microscopy workflows requires
systematic validation to ensure scientific reliability. Because LLM-based systems may influ-
ence experiment design, instrument configuration, and data interpretation, benchmarking
must operate at multiple levels: (i) correctness of LLM-generated workflows compared
with expert-defined protocols, (ii) quantitative evaluation of resulting image quality, and
(iii) robustness of intermediate reasoning steps. Reproducibility must account for the
stochastic nature of LLMs. Deterministic configurations can be strengthened through
temperature-zero inference, random seed control, model and version locking, and fixed
prompt templates. Safety validation is equally critical when LLMs generate instrument com-
mands, requiring independent constraint layers for parameter range checking, sequence
validation, collision avoidance, and sandboxed execution. Domain shift across microscope
vendors, laboratories, and protocols further necessitates cross-site validation. Meaningful
baselines should include comparisons against human expert performance and traditional
automation pipelines. Emerging multimodal benchmarks such as MicroVQA [87], Mi-
croVQA++ [88], and Micro-Bench [89] provide structured evaluation environments for
vision-language reasoning, although dedicated benchmarks for hardware-level LLM or-
chestration remain to be developed.

It is important to recognize that, in microscopy-specific settings, hallucination risks
may translate into concrete experimental and safety concerns. LLMs can generate non-
existent protocols or fabricated references, suggest physically invalid or unsafe parameter
combinations (e.g., laser powers exceeding photodamage thresholds), conflate imaging
modalities, or misuse domain-specific terminology such as “resolution” in its optical ver-
sus digital meaning. Such errors may compromise reproducibility, sample integrity, and
experimental validity. Moreover, LLM outputs are sensitive to prompt formulation: equiva-
lent experimental requests phrased differently may yield divergent acquisition strategies,
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posing a potential threat to reproducibility. Mitigation strategies include standardized
prompt templates, few-shot domain exemplars, structured input schemas, and constrained
generation limited to validated instrument capabilities and parameter ranges. Repro-
ducible integration into microscopy workflows further requires explicit control of stochastic
generation parameters (e.g., temperature), deterministic settings when appropriate, and
comprehensive logging infrastructures. Model versioning, prompt archiving, parameter
tracking, and decision provenance documentation are essential to ensure auditability.

Finally, in biomedical and clinical microscopy, data protection regulations (e.g., GDPR)
impose strict constraints on the handling of patient-derived imaging data. The use of
cloud-based LLM services may expose sensitive or proprietary information. Local or
on-premise model deployment, federated learning strategies, and privacy-preserving tech-
niques such as differential privacy represent viable mitigation pathways in regulated
environments.Ethical and governance considerations are particularly salient in biomedical
and clinical microscopy. Issues of data privacy, intellectual property, and regulatory com-
pliance are amplified when cloud-based or third-party LLMs are used to process sensitive
imaging data or experimental metadata [90,91]. These concerns are driving growing interest
in the local deployment of open-source models and the adoption of privacy-preserving
training strategies within secure, institutionally controlled infrastructures. In parallel, clear
guidelines will be required to define responsibility and accountability when Al-assisted
systems influence experimental decisions or interpretations. From a technological perspec-
tive, several research directions are likely to shape the future of LLM-enabled microscopy.
These include the integration of domain-specific knowledge bases and physical constraints
into LLM reasoning, the coupling of language models with multimodal perception systems
capable of operating directly on microscopy data, and the development of agent-based
architectures that can plan, execute, and revise multi-step experiments. Early demonstra-
tions of LLM-agent-based autonomous microscopy frameworks suggest the feasibility of
closed-loop experimentation in controlled research settings [92]. However, these systems
remain in an early validation phase, and their robustness, scalability, and safety in routine
microscopy practice have yet to be systematically established.

8. Future Perspectives

From a developmental perspective, the integration of large language models into
advanced microscopy should be framed as a staged and progressive trajectory rather than
as an immediately deployable solution. In the near term, achievable steps include LLM-
assisted generation of control scripts for existing microscope APIs, human-in-the-loop
conversational support for experiment planning, structured prompt templates to reduce
ambiguity, and sandboxed validation layers that constrain parameter ranges according
to physical and instrumental limits. These implementations can be layered onto current
infrastructures without requiring full experimental autonomy. Mid-term developments
may involve constraint-aware LLM agents capable of incorporating domain-specific rules
and physical priors into their reasoning processes, closer integration with vision models
to support adaptive acquisition strategies, standardized logging and audit mechanisms
to ensure traceability, and supervised closed-loop refinement of workflows. Longer-term
research directions include multi-instrument coordination at the facility scale, deep integra-
tion with FAIR-compliant data infrastructures and laboratory information systems, and the
development of robust semi-autonomous experimental platforms operating under formal
validation and accountability frameworks. Such a roadmap underscores the importance of
incremental validation, transparency, and human oversight while progressively expanding
the capabilities of LLM-supported microscopy systems.
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In this scenario, the technological maturity of LLM-assisted microscopy must be
realistically assessed. Targeted patent searches conducted in major international databases
did not identify recent dedicated patents explicitly combining large language models
with optical microscopy control or automation. This contrasts with the well-established
patent landscape of conventional Al-driven microscopy, where numerous intellectual
property filings exist for convolutional neural network-based autofocus, segmentation, and
acquisition optimization. While the absence of patents does not invalidate the conceptual
soundness of LLM-assisted approaches, it indicates that this field remains at an early
stage of technological readiness, currently closer to exploratory research and proof-of-
concept demonstrations than to standardized industrial deployment. At present, LLM-
enabled microscopy should therefore be regarded as a pre-commercial and research-driven
paradigm, whose translation into robust, validated, and vendor-integrated systems will
require further interdisciplinary development and technological consolidation.

Looking forward, the long-term vision is not one of fully replacing human scientists,
but of redefining human-machine collaboration in experimental research. LLMs may
increasingly act as co-scientists that augment human creativity, support exploratory rea-
soning, and reduce the cognitive burden associated with complex instrumentation and
data-intensive workflows. If developed responsibly, such systems have the potential to
accelerate discovery, improve reproducibility, and broaden access to advanced microscopy
techniques, ultimately reshaping how experiments are designed, executed, and interpreted
across the sciences.

9. Conclusions

This Perspective Review outlines how large language models can serve as enabling
technologies for a new generation of intelligent optical microscopy systems. By position-
ing LLMs as cognitive interface and orchestration layers, rather than as replacements
for established machine learning methods or human expertise, their unique capacity to
bridge experimental intent, instrument control, data analysis, and knowledge integration is
highlighted. This shift moves artificial intelligence in microscopy beyond task-specific opti-
mization toward systems capable of contextual reasoning and adaptive decision-making.
The convergence of advanced microscopy platforms, foundation models, and agent-based
Al-architectures opens the door to experimental workflows that are increasingly adap-
tive, interpretable, and autonomous. At the same time, realizing this vision will require
sustained interdisciplinary effort. Progress will depend not only on advances in model
architectures and computational efficiency, but also on the development of robust vali-
dation strategies, transparent Human—AI interaction paradigms, and shared standards
for data, metadata, and instrument interfaces. By addressing these challenges alongside
technological innovation, the microscopy community can harness the transformative po-
tential of LLMs while preserving scientific rigor, safety, and reproducibility. Ultimately,
the integration of language-based Al into microscopy promises not only more efficient
experiments, but a qualitative shift in how scientists interact with complex instruments,
reason about data, and explore the microscopic world.
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