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A new paradigm is emerging at the intersection of artificial intelligence and exper-
imental biology, where cells are no longer merely observed, but comprehensively 
modeled, queried, and predicted in silico. New measurement technologies and the 
ability to genetically manipulate cells precisely have opened the way to measure cells 
in extraordinary detail under tens of thousands of perturbations. Concomitantly, 
AI foundation models are learning to represent, simulate, and even anticipate cel-
lular behavior. This essay traces the convergence of these revolutions, showing how 
they are giving rise to “virtual cells”: integrative models that unify diverse molecular 
and spatial data into coherent, functional representations that can generalize across 
biological contexts and conditions. Beyond representing and interpreting biological 
lab measurements, virtual cells aim to predict unseen outcomes, imagine new con-
texts, and guide discovery. In closing the loop between data generation and hypothesis 
testing, AI is transforming biology into a self-refining, interactive science, resulting 
in a profound shift: from observing life to actively modeling it, with implications for 
precision medicine, biotechnology, and the scientific method. 

Understanding the immense complexity of biology requires characterizing life 
at its fundamental units–cells–in all their diversity of molecules, behaviors, 
and contexts. Humans are composed of an estimated thirty-seven trillion 

cells spanning many thousands of specialized types and dynamic states, each influ-
enced by its genetics, current environment, and lived history. While cells within an 
individual all carry approximately the same set of instructions in their DNA, they 
operate by using (“expressing”) only specific components at a time (transcribing 
into RNA and translating the RNA into protein), as needed for their specific role and 
temporal context in the body, and thus vary substantially in their molecular char-
acteristics and the functions they can execute across types, times, and conditions.

Deciphering this cellular kaleidoscope is essential for both basic science and 
medicine. Every process of human life, from brain activity to immune defense, 
emerges from the collective actions of diverse cells. Errors in these processes under-
lie disease: autoimmune conditions reflect immune cells turning against self-tissues, 
cancers emerge from a single cell with a mutated genome that ignores regula-
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tory signals, and neurodegeneration occurs when vulnerable neuronal subtypes 
die because of the accumulation of toxic molecular aggregates and inappropriate 
immune cell activity. Understanding the molecular programs and interactions of 
cells is therefore the foundation for diagnosing disease, identifying therapeutic 
targets, and designing effective interventions.

Despite this cellular variation and its importance, molecular studies of cells have 
historically averaged across many of them at once, largely due to the limitations of 
measurement technologies. RNA levels, for example, were typically measured from 
cell cultures or tissues (and thus from many cells and not individual single cells) 
ground up into a molecular “smoothie.” While powerful, these bulk approaches 
hid the rich cell-to-cell heterogeneity that defines cells in both health and disease. 
Thus, a tumor sample’s average gene readout might miss a rare drug-resistant cell 
subpopulation; likewise, an immune organ’s bulk profile might overlook a few 
critical regulatory cells amid thousands of others.

Groundbreaking technological advances over the past decade–combining new 
lab measurements with powerful AI algorithms–have led to a historic shift from 
this aggregate view to a single-cell resolution of life. Innovations in single-cell 
sequencing and cytometry now allow researchers to profile millions of individual 
cells for their genomes, transcripts, proteins, and more–one cell at a time.1 Early 
single-cell RNA sequencing (scRNA-seq) experiments revealed astonishing diversity 
even in what were thought to be uniform cell populations, overturning more cat-
egorical classifications of cell “types” and uncovering new cell states (for instance, 
previously unrecognized subtypes of neurons or complex, continuous immune cell 
states).2 This laid the foundation for the Human Cell Atlas (HCA) initiative launched 
in 2016, which set out to create comprehensive reference maps of all human cells 
as a basis for both understanding human health and diagnosing, monitoring, and 
treating disease.3 Like a “Google Maps of the human body” that chart diverse land-
scapes at multiple levels of resolution and across different modalities (topography, 
street map, traffic patterns, and more), the Human Cell Atlas maps the multitude of 
cell types and states across tissues, organs, and systems in terms of different molec-
ular and visual properties. By 2017, the HCA and similar efforts had demonstrated 
that it was possible to discover and catalog myriad cell types across the body using 
large-scale single-cell profiling; as of 2025, “version 1” atlases of eighteen organs 
and systems are near-complete.4 This massive data-gathering phase proved that 
a “census of cells” in the human body was within reach. In parallel, experimental 
strategies such as Perturb-seq began to extend the atlas concept beyond descrip-
tion: Perturb-seq couples pooled CRISPR-based gene perturbations with single-cell 
RNA-seq so that the effect of turning genes off or on can be read out for thousands 
of cells at once.5 In this way, Perturb-seq systematically links genetic changes to 
complex cellular responses, producing causal datasets that complement the obser-
vational maps of the atlas.6
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Moving to single-cell genomic resolution fundamentally changed how we think 
about and interrogate biological systems and led to a plethora of basic scientific dis-
coveries and medically relevant advances.7 We now focus on tissues as ecosystems 
of distinct cells interacting and changing over time within their native contexts. In 
cancer, for example, single-cell studies revealed a tumor and its microenvironment 
as an evolving mosaic of malignant and infiltrating immune cells, each with its own 
gene expression patterns. In neuroscience, single-neuron analyses have exposed 
hundreds of new subclasses of brain cells that were invisible in bulk measurements.8 
In human development, the continuous processes by which the fertilized egg leads 
to thousands of different cell types could be recovered, showing far less discrete 
determinism than previously assumed. Across many organs, cell types as rare as 
1 percent or 0.1 percent of the tissue cells have emerged as crucial nodes in their 
functioning, from the rare ionocytes in the lung and airways to enteric neurons in 
the gut.9 These insights also have direct medical implications: Single-cell atlases 
that link disease-associated genes to the specific cell types and contexts in which 
they act are clarifying mechanisms and guiding intervention. This enables more 
precise diagnostics, the discovery of novel drug targets, and the development of 
therapies across cancer and infectious, rare, and degenerative diseases.10

However, early single-cell methods typically captured only one layer of infor-
mation at a time (most typically, RNA transcripts), dissociated cells from their 
native tissue context, and focused on the observed cells rather than the biological 
mechanisms that give rise to and control them. To fully understand cellular func-
tion, scientists have had to push further, combining multiple modalities per cell, 
deciphering the underlying causes of their actions, and putting them back into the 
spatial context from which they come.

Biology is inherently multidimensional, multimodal, and dynamic. A cell’s 
identity is not defined by only one feature (say, a specific gene) or one cat-
egory or modality of features (say, its mRNA levels) but by a constellation 

of many features (multidimensional) or many categories (multimodal)–DNA 
sequence and epigenetic marks, RNA transcripts, proteins, metabolites, physical 
shape at multiple length scales, location in a tissue, and interactions with neigh-
bors–all of which change in time and space.11

Recognizing this, the field has rapidly progressed through advances in technolog-
ical measurements and computational algorithms from “snapshot” single-modality 
single-cell measurements to multimodal assays in cells, including dynamic ones. 
Today, it is feasible to profile multiple molecular layers from the same cell, for exam-
ple, simultaneously capturing a cell’s transcriptome (which genes are active) and 
its epigenome (how the DNA is marked and organized), or measuring both RNA 
and proteins.12 Both experimental approaches and computational algorithms help 
recover dynamics, either by tracking live cells directly or by inferring dynamics from 
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static snapshots or molecular recorders and lineage tracers.13 These multimodal 
methods provide a more holistic view of each cell, linking gene regulation to gene 
expression to protein output. Instead of a one-dimensional profile, we get a richer 

“fingerprint” of each cell’s state, its location, and even its history and potential future.
In parallel, a revolution in spatial biology is recovering the two- and three-

dimensional (2D/3D) context that traditional single-cell profiling lost. New spatial 
transcriptomics technologies allow us to map molecular information in 2D tissue 
sections and even 3D whole organs.14 Lab methods can now pinpoint individual 
RNA or protein molecules in cells at micron-scale resolution, whereas other tech-
niques can recover the 2D location of a cell prior to profiling.15 The result is a tissue 
map showing what cell types are present and what they express, how they relate 
to histological images, and what tissue structures and other cells they touch. This 
information is crucial because cells’ behaviors and identity are profoundly influ-
enced by their neighbors and proximal (micro) environment: a T cell nestled next 
to and precisely recognizing a tumor cell as “non-self” may act differently than the 
same T cell elsewhere; a neuron’s role in a circuit depends on its location and con-
nections. Notably, profiling methods now span multiple scales, from subcellular 
imaging of organelles to cellular-resolution tissue maps to whole-organ scans. Thus, 
the rise of spatial profiling and advanced imaging enables us to fulfill the vision of 
the Human Cell Atlas not just through a cell census, but in a 3D, multiscale map of 
cells in the body.16

Moving from one-dimensional catalogs to multimodal, spatially resolved maps 
also shifts us from a cell biology centered on how cells are organized and function 
to a tissue biology focused on the holistic and integrated organization and function 
of tissues. We can begin to ask questions that were previously far less accessible: 
How do cells arrange into niches and communities? Which cell-to-cell interactions 
drive responses to injury or infection? How do signals propagate through the spatial 
architecture of a tissue, and how are they coordinated to perform the tissue’s and 
organ’s ultimate function? However, to address each of these questions requires 
generating, analyzing, and reasoning over enormous volumes of complex data. 
Indeed, it demands more than traditional analysis by calling for a partner that can 
navigate immense dimensionality, link disparate measurements, and surface hid-
den patterns and their underlying causes at scale.

This partner is artificial intelligence, which now serves as an essential component 
for making sense of the vast, multidimensional datasets produced by modern single-
cell and spatial profiling. As experimental methods have scaled, from bulk assays 
to high-throughput and multi-omic measurements, machine-learning algorithms 
have matured. Indeed, this was not merely a fortunate coincidence but a mutually 
reinforcing dynamic: large volumes of rich, heterogeneous data fuel advances in 
AI architectures, while more capable AI tools in turn inspire and enable ever more 
ambitious experimental designs. Techniques such as representation learning com-
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press tens of thousands of cellular features into biologically meaningful embeddings, 
enabling the discovery of hidden subpopulations and trajectories. Droplet-based 
single-cell RNA-seq, for instance, captures only 5 to 20 percent of each cell’s tran-
scripts, producing sparse and noisy profiles.17 Here, representation learning was 
essential to recover structure and make the method transformative.18 In parallel, 
integration frameworks aim to align disparate modalities–transcriptomics, prote
omics, epigenomics, and imaging. These algorithms reconcile technical noise, 
resolve batch effects, and synthesize partial measurements so that each cell’s com-
posite profile emerges more coherently than any single assay could provide. They 
can also perform cross-modal inference: for example, predicting gene-expression 
patterns directly from histological images, thereby extending molecular insight 
to routine clinical specimens.19 Beyond these applications, AI contributes through 
predictive and generative modeling, allowing annotation of complex datasets 
and forecasting of cellular behavior under unseen conditions. Such models can 
anticipate how cells respond to perturbations or therapies or reconstruct dynamic 
processes from destructive measurements.20

One of the most significant developments of the convergence of AI and 
biology is the emergence of foundation models for cell biology. In AI, 
“foundation models” are very large models trained on massive unlabeled 

datasets to perform a wide range of tasks that extend well beyond those used for 
pretraining.21 At the core of these foundation models lies the principle of self-
supervised learning, a training approach that leverages inherent patterns in the 
data without relying on explicit labels provided by researchers. The first successful 
demonstration of foundation models was in natural language processing, where 
self-supervised methods train models by predicting masked or omitted compo-
nents of text or by generating the next syllable in a sentence.22 The performance 
of the resulting large language models (LLMs) has been astonishing, transform-
ing countless professional workflows–from writing, summarizing, and coding to 
research and customer service–and reshaping how individuals engage with and 
consume information in everyday life. Extending this paradigm to cell biology fol-
lows naturally, as large-scale experimental biology provides precisely the kind of 
data environment in which self-supervised AI thrives. High-throughput single-cell 
and spatial experiments routinely generate datasets of millions of cell profiles, each 
with thousands of molecular and spatial features, creating exactly the rich and 
diverse input that cell atlas foundation models need to learn robust, generalizable 
biological representations.23 With this approach, scientists aim to mirror the success 
of LLMs, which derive powerful predictive capabilities by ingesting vast quantities 
of text data. Thus, where early single-cell genomics representation learning com-
pressed noisy measurements into descriptive embeddings, foundation models 
are now trained on diverse, heterogeneous inputs across scales and modalities to 
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capture the underlying grammar of cellular systems: representations that should 
support prediction, querying, and generation well beyond the measured data.24 

However, biological datasets present distinct challenges. They are inherently 
multimodal (integrating transcriptomics, proteomics, epigenomics, and visual 
measurements) and multiscale (bridging molecular details to tissue-level orga-
nization and spanning nano, micro, and macro scales). Moreover, they represent 
dynamic biological systems captured through static snapshots, and they are gov-
erned by genetic and molecular causes. Addressing this complexity requires new 
computational architectures and training strategies specifically tailored to biolog-
ical data types. 

First, operationalizing large-scale foundation models within a cellular context 
requires reformatting raw experimental data into representations that algorithms 
can readily process. Experimental measurements are decomposed into standard-
ized units, analogous to the “tokens” (basic units of text) in language models, that 
capture molecular features, spatial coordinates, and other cellular attributes. These 
tokenized profiles, derived from transcriptomic, proteomic, epigenomic, and spa-
tial assays, are then processed by transformer-based architectures.25 Such models 
learn statistical relationships–or a “grammar”–among these biological tokens 
across large cohorts of cells. 

Next, the way in which these models are trained determines what kinds of patterns 
they capture. One family of self-supervised approaches uses masking, whereby a sub-
set of features within a profile is hidden and the model must reconstruct them from 
the remaining context. This forces the model to capture covariation among genes and 
molecules and has proven highly effective in large single-cell and tissue foundation 
models.26 A second strategy is integration-based alignment, whereby paired measure-
ment types are co-embedded so that consistent structure across modalities reinforces 
a unified cellular representation. This allows, for instance, protein-localization pat-
terns observed in imaging to be aligned with protein-interaction measurements.27

A third novel strategy is cross-modal prediction, wherein the model is given one 
modality and asked to generate another. Tasks such as predicting protein abun-
dance from RNA levels or inferring gene expression from histology images force 
the model to learn systematic correspondences across measurement spaces and 
enable translation between them.28 In two other approaches, contrastive learning 
methods bring together representations of identical states and separate those of 
distinct states, structuring the embedding space so that distance reflects biologi-
cal similarity rather than technical variation, while generative objectives require 
them to produce realistic new profiles that obey biological constraints.29 Together, 
these objectives provide strong training signals, though it remains an open ques-
tion whether they fully capture the biological rules at play, leaving room for the 
discovery of new learning objectives to train multiscale and multimodal founda-
tion models for cellular biology.
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Like other foundation models, once trained, these models can be applied to var-
ious downstream tasks distinct from those used for training. Using simple (linear) 
classification or regression models trained on the learned representations, they can 
distinguish subtle cellular states or predict quantitative responses, such as estimat-
ing how strongly a cell will activate under a given stimulus.30 In retrieval tasks, their 
embeddings enable efficient matching, such as linking a rare or poorly character-
ized cell in a new dataset to its closest counterparts across large reference atlases, or 
identifying similar patients whose profiles can inform clinical decision-making.31 

Beyond tokenization and learning objectives, the development of foundation 
models for cell biology has driven the design of novel architectures that move 
beyond the standard transformers used in language and vision. Whereas language 
models operate on sequential tokens and vision models on grid-structured pixels, 
biological data inhabit irregular, high-dimensional spaces: genes interact through 
complex regulatory networks, cells reside in continuous spatial and temporal con-
texts, and measurements are frequently sparse or missing. Meeting these demands 
has, for example, led to specialized attention modules, such as operators that extend 
context windows to capture long-range genomic interactions across millions of 
bases, and mechanisms that scale to the extreme dimensionality of spatial omics. 
In parallel, hierarchical transformer designs represent tissues across multiple levels 
of organization, linking molecules within cells, cells within microenvironments, 
and microenvironments within tissues. Another direction develops architectures 
that operate directly on sets of cells or continuous spatial and temporal coordinates, 
enabling models to capture local neighborhoods and smooth dynamics without 
imposing artificial sequence or grid structures. Strategies have also been introduced 
to ensure robustness across heterogeneous assays, such as technologies that capture 
thousands of RNA molecular species but only a limited number of protein species.

Advances in the design of foundation models for cell biology have already yielded 
practical scientific benefits. Models trained in a self-supervised manner on hun-
dreds of millions of single-cell profiles–a scale of data integration across cell types, 
tissues, and organs not previously attempted in computational biology–outperform 
classical tools in recognizing cell types, identifying gene functions, and recon-
structing gene interaction networks.32 Their embeddings also make it easier to 
pinpoint rare subtypes.33 Another striking capability comes from models that inte-
grate microscopy images with molecular profiles. Traditionally, pathologists could 
only qualitatively infer cellular activity from a tissue slide, but AI is changing that. 
Recently developed foundation models link histology to gene expression: by train-
ing on over 2.2 million paired images and RNA measurements from the same tissue 

“pixel,” the model learned to predict which genes are active in a section directly from 
an H&E (Hematoxylin and Eosin)-stained image.34 In practice, this means we can 
take an ordinary histopathology slide of a patient’s biopsy and approximate the 
spatial pattern of gene activity–without any specialized measurement. 
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Foundation models are also beginning to address causality: For example, by 
identifying genes whose action controls the cellular phenotypes, like RNA levels. 
Lab experiments typically rely on genetic manipulations, changing genes one at a 
time (knockout or overexpression) and observing the effect. Single-cell genomics 
methods combined with CRISPR-based perturbations, as in Perturb-seq, allow 
thousands of genetic changes to be tested simultaneously, each cell carrying a dif-
ferent edit and being read out at single-cell resolution.35 Even so, the combinatorial 
space of possible perturbations remains far larger than what can be experimentally 
tested. Foundation models offer a path forward by predicting perturbation out-
comes, a key step toward true virtual experiments. In recent studies, models trained 
on large compendia of unperturbed cells were fine-tuned to anticipate how those 
cells’ transcriptomes would shift after specific interventions (such as a drug or a 
CRISPR-based gene knockout).36 These models generalized to new, unseen pertur-
bations with partial success, effectively performing zero-shot predictions.37 For 
example, without ever having observed a particular drug in training data, a model 
could predict with reasonable accuracy which genes increase or decrease because 
of it, and by how much, in a given cell type, extrapolating from patterns learned 
during broad pretraining. While still evolving, early results show that these models 
often match or exceed the accuracy of simpler predictive methods. Moreover, they 
do so in a mechanism-agnostic way: the model is not explicitly told about molecu-
lar pathways or networks; it infers likely cascades of change from data. This ability 
to successfully model causal effects in a cell or, essentially, to perform in silico per-
turbation experiments would represent a fundamental advance in computational  
biology.

Beyond foundation models, the convergence of AI and high-throughput cell 
biology is now entering a transformative new phase in which artificial intel-
ligence moves past passive analysis to actively participate in, and even drive, 

the scientific discovery process. The next frontier involves developing AI agents: 
autonomous systems that can actively orchestrate entire research workflows. Unlike 
traditional AI models that passively analyze data or make predictions based on a 
user’s prompt, an AI agent is a system that can perceive its environment, make deci-
sions, and take actions to achieve specific goals. In the context of biological research, 
these agents can act as intelligent intermediaries between computational models 
and laboratory experiments, essentially becoming digital research assistants that 
can propose hypotheses, design experiments, and learn from results.38

AI agents are beginning to transform the traditional scientific method through 
a lab-in-the-loop approach–a paradigm in which the agent integrates AI models, 
multiple analysis tools, and experimental platforms in a closed-loop cycle. Using this 
approach, it might propose a hypothesis or drug candidate based on computational 
predictions from a model, instruct robotic lab instruments to execute the experi-
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ment, analyze the results, and then use those findings to refine its next hypothesis, 
all with minimal human intervention. This creates a highly iterative and adaptive 
workflow that has the potential to dramatically accelerate the pace of discovery. 
Rather than the traditional linear progression of design→experiment→analysis, 
the lab-in-the-loop paradigm enables massively parallel experimentation with 
continuous feedback loops, in which computational predictions and experimental 
results are seamlessly integrated at unprecedented scales.

Central to achieving this integration are sophisticated AI technologies that 
enable both virtual experimentation and intelligent decision-making. First, the 
AI agents need to be powered by effective generative models: machine-learning 
systems trained to learn the underlying patterns and distributions of complex bio-
logical data, enabling them to generate new, realistic biological scenarios that have 
never been observed.39 Unlike traditional predictive models that merely classify or 
forecast outcomes, generative models can create entirely novel molecular structures, 
cellular behaviors, or experimental designs by sampling from learned biologi-
cal distributions. In the lab-in-the-loop context, these models serve as powerful 
hypothesis-generating engines, simulating thousands of potential experiments in sil-
ico before any physical resources are consumed. For instance, an AI agent might use 
a generative model to explore how modifying specific nucleic acids in a regulatory 
DNA sequence could enhance or repress the expression of a gene, effectively run-
ning virtual experiments across a vast design space to identify the most promising 
candidates for laboratory validation.40 Importantly, such closed-loop experimenta-
tion can be pursued with two distinct goals: either to address a concrete biological 
question, such as identifying a more stable protein variant, or to broaden and refine 
the generative model itself so that it captures biological principles more universally. 
Once the agent’s suggested experiment is executed in the lab, the outcome data are 
immediately fed back into the system, enabling the generative model to refine its 
understanding of the biological landscape and improve future predictions.

Second, to fully realize the potential of autonomous scientific discovery, 
future lab-in-the-loop systems will need to incorporate reinforcement learning, a 
machine-learning paradigm in which agents learn optimal strategies through trial 
and error, receiving rewards or penalties based on the outcomes of their actions.41 
Unlike supervised learning that requires labeled examples, reinforcement learn-
ing excels in sequential decision-making scenarios in which the best path forward 
must be discovered through exploration. In the envisioned framework, such sys-
tems would treat each experiment as an “action” and assign feedback based on the 
experimental outcome. An experiment yielding results that confirm a hypothesis or 
improve a target metric–such as enhanced enzyme activity or drug efficacy–would 
generate a positive reward, prompting the agent to update its strategy accordingly. 
This approach could enable AI agents to systematically navigate the vast experimen-
tal landscape (which cannot ever be fully tested in a lab), gradually learning optimal 
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experimentation policies that maximize scientific insight while minimizing time 
and resources. Maximizing the potential of reinforcement learning in this setting 
will require shifts in biological experimentation. Increased automation, miniatur-
ization, and continuous monitoring and measurements can all greatly accelerate 
the success of this scientific process. Moreover, while large-scale experimental 
investments in biology were historically conducted in batch mode (one large exper-
iment conducted to completeness prior to analysis), in a reinforcement learning 
setting, it is preferable to use the same experimental resources gradually across 
iterations. Finally, to reap the broader benefit for the model, scientists may need 
to accept that a given cycle may not provide the optimal experiment to address a 
specific question of interest. 

This integration of AI agents with experimentation is particularly transforma-
tive when applied to the massive datasets generated by modern single-cell and 
multi-omics technologies. Although researchers can still design informative studies, 
systematically navigating the combinatorial space opened by datasets that profile 
millions (and more) of single cells across several molecular layers is beyond what 
unaided human reasoning can optimize efficiently. AI agents, on the other hand, 
thrive on such complexity. For instance, when analyzing a single-cell transcriptomic 
dataset from a tumor sample, an AI agent could identify rare subpopulations charac-
terized by distinctive molecular signatures based on integrated pathway databases, 
prior biological literature, and predictive modeling of gene interactions. It might 
then use generative models to simulate the functional outcomes of perturbing hun-
dreds of candidate regulatory genes in silico, selecting the most informative targets 
predicted to have the greatest impact on the cell phenotype or on the tissue niche. 
These selected targets can then be tested experimentally through high-throughput, 
multiplexed perturbation screens executed in cells in culture or in an animal model. 
Upon completion of these experiments, the AI agent could instantly integrate these 
new measurements, update its predictive models of the underlying regulatory net-
works, and refine subsequent experimental designs. By leveraging vast molecular 
knowledge, high-dimensional inference, and real-time feedback, such AI-driven 
workflows could help systematically identify critical biological insights far more 
efficiently than manual methods–either autonomously or collaboratively with a 
scientist user–maximizing the learnings achieved from a given volume of exper-
iments and resources.

These capabilities are now converging toward an ambitious vision: virtual 
cells.42 Virtual cells are computational representations that integrate diverse 
molecular, spatial, and temporal data to capture, generalize, and simulate 

cellular behavior and dynamics. A virtual cell is a digital twin of a biological cell, 
and can be probed and perturbed in the computer just as a real cell might be in the 
lab. The prospects of this approach are intriguing. If successful, scientists could 
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predict a cell’s response to virtually any change (a drug, a genetic mutation, a viral 
infection) without needing to perform every experiment in a dish. Much as LLMs 
learned to “decode” and “speak” natural language, these biological models aim to 
decode the experimental language of cells, enabling us to virtually “ask” a cellu-
lar system what would happen if we tweak a gene or expose it to a new stimulus.

The foundation models describe first steps toward but not yet realizations of the 
virtual cell approach. Their ability to capture cellular identities, predict perturba-
tion outcomes, and bridge imaging with molecular data forms the scaffold on which 
more comprehensive virtual cells will be built.43 At the same time, AI agents are 
emerging as an operational layer that can interrogate these models, generate hypoth-
eses, design targeted experiments, and orchestrate model improvements, creating 
an interactive loop between in silico insight and in vitro validation.44 Together, agents 
and foundation models hint at a future in which we can maintain computational 
mirrors of cells that behave with realistic biological fidelity and are continuously 
refined by experimental feedback. The concept of virtual cells thus encapsulates 
this momentum: with sufficient data, sophisticated learning, and agent-driven 
orchestration, we can create representations that capture a cell’s essential behav-
iors and responses. Although such pioneering efforts are still in their early stages, 
they offer a glimpse of what is coming. If realized, virtual cells would make it pos-
sible to explore biological questions at a scale that no laboratory can match, rapidly 
screening interventions, uncovering mechanisms hidden from direct measurement, 
and tailoring therapies to patient-specific cellular states.

We stand at a moment akin to the advent of the microscope, but now 
empowered by silicon, molecules, and statistics. Just as seventeenth-
century optics revealed an invisible world of cells and microbes, today’s 

single-cell and spatial multi-omics analysis combined with AI is exposing hidden 
patterns, interactions, and potentials within and between cells. The relationship 
is synergistic and catalytic; high-throughput methods generate rich, multidimen-
sional datasets, and AI transforms those data into coherent models, uncovering 
hidden patterns and pointing to the next questions to explore. Absent machine 
learning and artificial intelligence, single-cell genomics methods would have yielded 
uninterpretable data. Absent single-cell genomics, the data for learning AI models of 
molecular cell biology would not have been available at the needed scale. The notion 
of a virtual cell encapsulates this combination: a model trained on large collections 
of multiscale and multimodal measurements, so faithful and comprehensive that 
it can serve as an in silico surrogate for the real biological system.45

The consequences of this shift will extend across science and medicine. In the 
clinic, diagnostics will move from organ-level descriptions toward pinpointing 
specific cellular subpopulations and the molecular interactions underlying disease. 
With models that translate and generate across modalities, even a simple blood 
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draw might be transformed into a comprehensive multi-omic profile, revealing 
spatial and functional states of cells that previously required invasive biopsies.46 
Therapeutic strategies, from small molecules to engineered cells, will increasingly 
rely on predictive models that simulate cellular responses and generate mechanistic 
explanations in partnership with AI agents.47 Beyond medicine, similar approaches 
promise to illuminate how cellular ecosystems adapt in evolution and ecology. At a 
deeper level, these developments may alter our very conception of biology, shifting 
us from reductionist perspectives to viewing life as a complex, dynamic informa-
tion system that we can systematically decode, rationally manipulate, and predict.

Many challenges remain, and humility is essential. Biology abounds with 
context-dependent phenomena, nonlinear feedback, multiple physical and tem-
poral scales, many variables that are challenging to measure, and stochastic noise 
that confound even the most sophisticated models. Foundation models trained 
on current datasets may absorb technical artifacts or sampling biases, leading to 
predictions that fail to generalize across tissues, laboratories, or patient popula-
tions. Many molecules, structures, and interactions remain exceedingly difficult 
to measure, especially in three dimensions and over time; and in most demanding 
settings, models still cannot match laboratory experiments. Moreover, the “black 
box” character of deep architectures raises questions about interpretability and 
trust: without clear mechanistic explanations, it is hard to distinguish genuine 
insight from spurious correlation. To build confidence, models must undergo 
rigorous validation, reproducing results across cohorts, predicting outcomes of 
prospective perturbations, and withstanding real-world application.

Further, biological machine learning has so far focused primarily on prediction: 
identifying cell types, forecasting perturbation outcomes, or inferring spatial arrange-
ments. What is needed next is the ability to query models in ways that surface concepts, 
much as one might prompt a colleague by asking not only what will happen but why. 
Beyond queryability lies reasoning, where models can weigh competing causal expla-
nations, such as whether an immune response is driven by local cytokine gradients 
or by signals from distant tissues and what may be the functional reasons or conse-
quences. Finally, true transformation will require long-term thinking: systems that 
can carry a biological problem over weeks or months, continuously refining hypothe-
ses in the background, like a scientist who keeps returning to a puzzle until a unifying 
explanation emerges. Together, these capabilities would turn artificial intelligence 
from a predictive tool into a co-investigator, capable of uncovering mechanisms and 
reshaping how biology is practiced.

The path forward depends as much on advances in experimental biology as on 
algorithms. New biotechnologies are required to make the invisible measurable, 
such as molecules, states, and interactions beyond current reach, and to capture 
multiple modalities simultaneously within the same cell. Prediction alone is insuf-
ficient. True understanding demands deep knowledge of the biological system, 
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careful analysis, and often small-scale validation experiments that cannot neces-
sarily be scaled away. Experimental biology therefore remains central. In this space, 
artificial intelligence will act less as a replacement than as a co-scientist, suggest-
ing and refining experiments, exploring alternative hypotheses, and supporting 
interpretation, while experimental biology continues to provide the indispensable 
anchor for discovery.

The trajectory is unmistakable. In the coming years, we are likely to witness 
the first true AI-driven breakthroughs. In hindsight, these may seem obvious, but 
only because a new lens will have made them visible. The combination of artifi-
cial intelligence and multimodal cell biology shows that the secrets of life yield not 
only to those who look closely but also to those who can synthesize across angles, 
perspectives, levels of organization, and scales. By bringing computation into the 
very core of experimentation, we are breathing life into data, creating models that 
learn alongside our understanding. The result is a more nuanced grasp of how cells 
cooperate to create organisms and how we might wisely guide them, whether in 
treating disease or engineering biology. A new era of cellular insight is dawning 
and its defining feature is that artificial intelligence is not just studying biology, it 
is becoming part of it–an active participant in humanity’s quest to know itself.
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