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To advance the computational simulation of cellular life, we propose a virtual yeast,
an artificial intelligence (Al)-driven agent that models eukaryotic cellular behaviours
by integrating multimodal biological data, mechanistic reasoning and active
experimentation using Saccharomyces cerevisiae as a genetically tractable and data-
richmodel system. Cellular complexity isdecomposed into eight function-centred
modules, spanning genetic, metabolic and structural systems, each realized
asadomain-specific Al tool coordinated through a large language model-based
orchestration layer. Built on three data pillars, namely, mechanistic knowledge,
subcellular architecture and dynamic states, the system integrates representation
learning and generative modelling within a closed-loop learning pipeline that
autonomously designs and executes experiments. The virtual yeast serves asboth a
conceptual and an operational platform to optimize biosynthetic pathways, support
the generation and prioritization of hypotheses across diverse cellular processes,
and accelerate target discovery. By coupling biological realism with autonomous
Alreasoning, the virtual yeast establishes a generalizable blueprint for constructing
virtual eukaryotic cells and advancing synthetic biology.

Recentadvancesin Al arereshaping thelife sciences. Landmark achieve-
ments such as AlphaFold, now extended to biomolecular interaction
mapping’, together with models such as Geneformer?, Evo*and Alpha-
Genome*, illustrate how learning from large-scale biological dataenables
extrapolationintouncharted spaces. Yet, individual molecules studied
inisolation cannot capture the complexity of life, because the cell is
its fundamental unit. Constructing predictive virtual cells is therefore
a critical frontier for simulating disease, revealing mechanisms and
accelerating therapeutic discovery and bioengineering®. Whole-cell
modelling began with minimal organisms such as Mycoplasma geni-
talium®and later extended to Escherichia coli’, using hybrid frameworks
that combine constraint-based metabolism with mechanistic, stochastic
andrule-based description of cellular processes. In yeast, genome-scale
metabolic models (GEMs) provided stoichiometric reconstructions of
biochemical networks?, initially enabling predictions of gene essen-
tiality, nutrient utilization and growth phenotypes. Contemporary
GEMs integrate multi-omics data with enzymatic and thermodynamic
constraints, to predict metabolic fluxes and growth phenotypes® ™. How-
ever, classical rule-based approaches struggle to integrate fragmented
datasets and often generalize poorly across diverse cellular states.

Predictive Al frameworks and machine learning offer a transforma-
tive path forward and already constitute early forms of Al-driven
virtual cells by learning cellular state transitions directly from large-
scale data and forecasting responses to perturbations. Emerging Al
systems, including large-scale transformers trained on single-cell
atlases™, neural ordinary differential equation models of perturbation
proteomics®, genome-to-proteome predictive maps™ and language-
model approaches for transcriptomic interpretation’, demonstrate
that data-driven models can infer cellular dynamics and forecast
responses to genetic and chemical perturbations across contexts.
Despite these advances, current models remain constrained by reli-
ance on a few environmental conditions, single modalities, limited
spatial resolution and insufficient incorporation of perturbational
time-series datato capture transient dynamics. Addressing these limi-
tations requires three data pillars: a priori biochemical and genetic
knowledge, spatially resolved cell architecture and dynamic multi-
omics perturbation datasets, resources that remain comparatively
scarce',

Mass spectrometry-based proteomics and metabolomics now enable
high-sensitivity, high-throughput measurements of spatiotemporal
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Box 1

Why S. cerevisiae provides a strategic foundation for virtual cell

development

S. cerevisiae offers a uniquely tractable eukaryotic platform for
developing and validating AIVC architectures. This choice reflects a
staged strategy.

(1) Compact yet fully eukaryotic architecture

« Encapsulates core eukaryotic compartmentalization
(the nucleus, mitochondria, endoplasmic reticulum, Golgi,
vacuole and stress-responsive organelles) in a 3-10-um cell
(Fig. 1).

- Exhibits pronounced subcellular spatial heterogeneity,
including polarized growth, asymmetric budding'®®'?, organelle
inheritance and dynamic membrane remodelling (Fig. 1).

« Provides accessible modelling of cross-organelle coordination
and spatiotemporal cellular functions, which are foundational
elements of any virtual cell.

Although lacking tissue organization, yeast forms structured
colonies, flocculent aggregates and biofilms under defined
conditions, allowing controlled analysis of cell-cell coordination.

l87

(2) Systematic genetic toolkit

» Possesses extensive, community-developed resources
including gene deletion libraries (YKO) covering essentially
all non-essential genes®®'°®and their prototrophic strains'®,
overexpression libraries (GAL-GST)"™, proteome-scale GFP-
tagged localization collections’""2", multiplexed precision
genome-editing libraries™ and extensive genetic interaction
maps generated by SGA and related platforms™", phenomics
(more than 14,500 genome-wide phenotypic screens)"™ and
large-scale genotype-proteome-fitness mapping in controlled
meiotic populations™, revealing genetic interactions, networks
and buffering pathways.
Benefits from comprehensive genomic resources including
the SGD3°"9'%°, genome evolution across 1,011 S. cerevisiae
isolates®®, well-characterized reference strains (for example,
S288C/BY series)'” and near-complete telomere-to-telomere
assemblies*?1212,
Although mammalian systems now support powerful CRISPR-
based perturbation platforms, few provide comparably dense
genetic interaction maps or systematically standardized
perturbation-to-phenotype landscapes within a single species.
Yeast uniquely integrates scalable perturbation tools, from gene
deletions to multiplexed precision editing and high-throughput

molecular dynamics™®, while Alis advancing towards multimodal foun-

dation models pretrained on integrated omics datasets to represent
cellular states®”. Together, these developments enable experimentally
grounded virtual cells capable of simulating molecular and cellular
behaviours across physiological contexts. A pivotal question is which
organism should serve as the inaugural platform. The budding yeast
S. cerevisiae, withitsrapid life cycle,compact yet fully eukaryotic cellular
architecture, genetic tractability and extensive multi-omics resources,
remains a premier system for eukaryotic biology (Box 1). Building on
existing resources while systematically generating new spatiotemporal
datasets, ayeast Al-driven virtual cell (AIVC) could serve asamechanis-
tically grounded and experimentally verifiable prototype for a family
of transferable virtual cell systems. In this Perspective, we outline the
data, modelling and experimental foundations required to constructa
virtualyeast, and describe anintegrated framework that unifies spatial
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variant effect assays, with comprehensive interaction networks,
offering a coherent foundation for mechanistic modelling.

(3) Conserved eukaryotic cellular logic
« Overall sequence conservation between yeast and humans

is limited'?*'?, and yeast does not model multicellular
organismal complexity. However, core cellular processes,
including cell cycle regulation, DNA repair, vesicle trafficking
and metabolic control, are largely conserved at pathway
and functional module levels'”. Yeast thus serves as a
controlled eukaryotic baseline for validating architectural and
perturbation-driven modelling principles.

(4) Versatile synthetic biology chassis
» Proven platform for engineering biofuels, pharmaceuticals
and metabolites due to genetic tractability, rapid growth and
well-characterized metabolism'®,
- Drives synthetic genomics (Sc2.0/SCRaMbLE, Sc3.0)'**™° and
pathway reconstruction'"'2,
» Enables synergistic integration of computational modelling
(GEMs) with synthetic biology for predictive design™®.
A virtual yeast therefore has immediate value as a closed-loop

optimization system.

(5) Extensive multi-omics integration

» Supported by curated multiscale databases such as
genomics (SGD and ScRAPdb)**™**, metabolomics (YMDB)*,
proteomics and interactomics (Yeast interactome®®, 5k Yeast
Proteome®* and Yeast PeptideAtlas™), knowledge-based
functional network (YEASTNET)*? and imaging (LoQAtE and
CYCLoPs)%34,
Subject of landmark integrative studies including near-saturation
genetic and protein interaction maps®*"; genome, proteome
or metabolome profiling across genetic perturbations*-’;
pangenome analyses®*“'; and metal ion homeostasis studies*.
Among eukaryotes, yeast remains one of the most systematically
perturbed and quantitatively profiled organisms across molecular
scales. Establishing architectural principles within this controlled
single-species framework enables clear attribution of predictive
advances and provides a transferable blueprint for progressively
more complex systems.

architecture, dynamic perturbation responses and a priori biological
knowledge. Together, these position virtual yeast as a blueprint for
predictive, experimentally testable virtual cells across eukaryotes.

Virtual yeast as an Al agent

Ourvirtual yeast project aims to establish a predictive, multiscale model
of S. cerevisiae with unprecedented spatial and temporal resolution. To
render cellular complexity computationally tractable, we decompose
the cell into eight interconnected functional modules, implemented
asspecialized Al'tools or functional skills coordinated within a unified
agent framework (Fig.1). These comprise: (1) membrane systems, coor-
dinatingendomembrane architecture, trafficking and lipid synthesis
across organelles; (2) genetic hubs, integrating nuclear organization,
genome stability, transcriptional control and cell cycle progression
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Fig.1| Conceptual roadmap of the virtual yeast Al agent. The virtual yeast
integrates biological modularization, multimodal datarepresentation and
mechanisticreasoning into a unified Alagent framework thatemulates cellular
regulatory and information-processing dynamics. Eight functional modules,
including membrane systems, genetic hubs, mitochondrial energetics,
cytosolic metabolism, biosynthetic networks, cytoskeletal framework, stress
processors and degradation machinery, areimplemented as specialized Al
toolstrained on module-specific datasets. These tools are coordinated by an
LLM-based planning and reasoning layer that aligns heterogeneousinputs
through multimodal encoder-decoder bridges and lightweight alignment
networks, embedding theminto a unified multimodal context adapted to yeast
biology. The agent dynamically decomposes complex biological queriesinto
subtasks routed to relevant tools, enabling cooperative reasoning across

within a regulatory context; (3) mitochondrial energetics, governing
oxidative phosphorylation, redox balance and ageing-associated meta-
bolic dynamics; (4) cytosolic metabolism, encompassing central carbon
metabolism, amino acid and nucleotide biosynthesis, nutrient sens-
ing and metabolic storage; (5) biosynthetic networks, managing pro-
tein synthesis, folding, post-translational modification and turnover
through endoplasmic reticulum-Golgi and cytosolic quality-control
pathways; (6) cytoskeletal framework, integrating actin, microtubules
and cellwallremodelling to support morphogenesis, intracellular trans-
port and spatial organization; (7) stress processors, including stress
granules, processing bodies and oxidative stress detoxification systems
that mediate adaptive reprogramming and RNA quality control; and
(8) degradation machinery, comprising proteasomal and vacuolar
pathways executing autophagy, proteolysis and organelle recycling.
These modules operate as execution units within anintegrated virtual
cell that mirrors eukaryotic organization: specialized compartments
performdistinct processes while exchanging state information through
constrained interfaces. This function-centred modularization com-
plements recent virtual-cell frameworks that organize models across
biological scales (molecular-cellular-multicellular) and integrate
interconnected foundation models spanning molecular networks

biological functions and datamodalities. In addition to architectural strategies
such as sparse expertactivation (forexample, MoE) used within the underlying
language model to support scalable computation, the system’s routing
primarily reflects task-dependent tool selection based on the biological query.
Mechanistic groundingis achieved through knowledge graph constraints

and external mechanistic verifiers that provide verifiable rewards during
reinforcement learning, forming a feedback loop that refines predictions and
preserves biological consistency. The resulting Al agent supports predictive
and generative tasks, producing experimentally testable hypotheses

thatare validated and iteratively incorporated, establishing a closed loop
between modelling and biological experimentation. PTM, post-translational
modification.

to higher-level cellular and tissue states>*°. Beyond representation
learning, this architecture supports perception, reasoning and adap-
tive intervention simulation through iterative refinement. Aligning
model boundaries with functional execution units enhances biologi-
cal interpretability and computational tractability: many genetic,
environmental and pharmacological perturbations originate within
specific functions before propagating across scales. This architecture
therefore enables attribution of perturbation effects, temporal order-
ing of responses and identification of compensatory cross-organelle
coupling, which are challenges for monolithic models.

Eachmoduleis trained primarily on measurements most relevant to
its biological role, while leveraging shared datasets whenappropriate.
Thisensures that representations are grounded in functionally informa-
tive evidencerather thanimposed architectural assumptions. Accord-
ingly, each module operates as a data-driven, domain-specific Al tool
builtusing representation learning and generative algorithms tailored
toits context (Fig.1). Forexample, membrane trafficking models learn
from dynamic imaging and vesicle-tracking data, whereas nuclear
function modelsrely on sequence-based and transcriptomic represen-
tations. Experimental design is modularized to minimize redundancy
while preserving cross-module dependencies for integrative reasoning.

Nature | Vol 655 | 2July2026 | 61



Perspective

Module-specific data generation

Generative Al

(1) Knowledge inference

a9 W &%
= it I ? Literature, Suenl/agle Generative
S N | t datasets nowledge hypothesis
. graphs
A priori Static Dynamic
knowledge architecture states (2) Cross-modal molecular-state ;:»redictioni"mge
e ~
Cross-modal  Cndd |« o, o%@e < eede
Representation E DNA RNA  Protein  Metabolite
Text ————> o (3) Spatial distribution generation
DNA o Spatially Lig spatially Spatially
- sparse —> 3 imputed — imputed
A " in2D T ina2p i
Omics — Protein > oo | % in 3D
Metabolite (4) Temporal dynamics simulation
Lipid t
Perturbation—: _z—<"
Image e to/ \tgs*ti

Fig.2|Architectural framework for each functional module of the virtual
yeastagent. Functional module-specific data, including a priori knowledge,
static architectural information and dynamic molecular states, are integrated
into a unified multimodal embedding space through representation learning,
which supports downstream generative modelling. Fragmented literature and
curated databases are structuredinto queryable knowledge graphs that support
mechanisticinference. Multimodal inputs (text, omics and image) can be used
to support cross-omics prediction and molecular-state translation across
scales. Sparse spatial omics and images are reconstructed into 3D molecular

To maintain physical plausibility, each moduleis further regularized by
biophysical constraints, including stoichiometric balance, kinetic laws
and topological connectivity, derived from mechanistic frameworks
such as GEMs and force-balance models.

All modules integrate three information sources into a coordi-
nated modelling framework: a priori biological knowledge, spatial
architecture and temporal evolution' (Fig. 2). To operationalize
this integration, a multi-layered alignment strategy is required, in
which specialized encoders process diverse data types and align
representations as structured context for the orchestration layer?.
Sequence foundation models such as Evo® or ESM?%, fine-tuned on
yeast-specific corpora (Box 2), embed DNA and protein sequences,
whereas omics datamatrices are encoded using variational autoencod-
ers or self-supervised models that capture statistical dependencies
and gene or pathway-level relationships. Relational priors and inter-
action networks are incorporated as relation-aware conditioning or
graph-structured priors to preserve biological context. Generative
models then reconstruct cellular organization and dynamics, infer
state transitions, and predict unobserved configurations. Diffusion
models? and flow-matching approaches® infer state transitions
from discrete experimental snapshots. Together, these representa-
tion learning and generative layers enable modular intelligence that
learns both cellular state and its evolution. Module-specific models
(typically approximately 10108 parameters each) are coordinated
by ahigher-level orchestration layer based on large language models
(LLMs), forming anintegrated Alagent that orchestrates tasks across
specialized tools via tool calling (Fig. 1). Rather than operating as a
monolithic model, the system dynamically invokes module-specific
capabilities depending on the biological query, enabling adaptive
reasoning across cellular functions and data modalities. In addition,
architectural strategies such as mixture of experts (MoE)*%* or related
sparse-computation schemes may be used within the underlyinglan-
guage model to improve scalability (Fig. 1). This design parallels mul-
timodal scientific foundation models such as Intern-S1 (ref. 27) and
may be fine-tuned from pretrained systems or trained de novo using
adapter-based alignment.

Task routing is performed through an adaptive planning layer that
selects relevant modules based on modality, task structure and inter-
mediate representations® (Fig.1). In practice, this may be implemented
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and organelle-scale architectures viageometry-aware modelling. Unpaired
endpoint measurements inform constrained dynamical simulations, whereas
conditional generative models extrapolate responses to unseen perturbations.
Although the framework is comprehensive, practical virtual yeast models need
notinclude allcomponents. Instead, selected modules can be developed for
specificapplications, enabling experimentally tractable, function-oriented
virtual cells rather than full digital twins. The framework therefore providesa
flexible basis for building predictive and controllable modules.

through explicit planning, semantic routing or tool-selection policies.
Selective module invocation activates only a subset of capabilities
and computational paths per query, enabling efficient specialization
across omics, imaging, structural dataand functional modules. Routing
decisions arelogged during inference, providing transparency regard-
ing which tools and biological modalities were engaged and enabling
empirical validation through activation statistics and modality-tool
associations.

To ensure biological fidelity, planning and routing are further con-
strained by ontologies and knowledge graphs encoding causal rela-
tionships among genes, pathways and organelles (Fig. 1). The system
isoptimized through reinforcement learning from verifiable rewards,
in which mechanistic models serve as external validators providing
objective feedback?. This feedback allows the system to iteratively
refine predictions against experimental constraints, transforming
pretrained representations into an adaptive, hypothesis-generating
agent. To further disentangle causal mechanisms from statistical cor-
relations, we plan toincorporate a causality-oriented framework that
formulates regulatory structure discovery as a continuous optimiza-
tion problem. This approach may improve causal inference beyond
directly perturbed genes and enable counterfactual prediction across
molecular layers and functional modules.

Building functionalintelligence

Bridging modular design and implementation, the computational
infrastructure of the virtual yeast defines how each functional module
is instantiated through specific data sources and algorithmic back-
bones. Eachmodule comprises two tiers: non-generative embeddings
encoding biological knowledge, and generative models that impute
missing information, extrapolate beyond training distributions, infer
transitions and synthesize unseen cellular states. Together, these layers
translate heterogeneous biological data into acoherent computational
organism capable of predictive reasoning across scales.

Non-generative representation backbone

The development of a virtual yeast requires systematic integration
of decades of biological knowledge within modern Al frameworks'®.
Cellular information processing spans both the vertical logic of



central dogma flow and horizontal networks of molecular interactions.
Although existing models capture many horizontal relationships, they
struggle with vertical integration across scales, for example, linking
transcriptional regulation to metabolic flux or metabolite binding to
protein conformational change, limitations not resolved by single-scale
tools such as AlphaFold".

This phased strategy anchors the AIVC architecture in pretrained
models selected for their capacity to address distinct hierarchical gaps,
from genomic-level to systems-level scales. Rather than merely cata-
loguing existing architectures, the framework adapts and fine-tunes
general-purpose foundation models for S. cerevisiae (Box 2), creating
aninterconnected knowledge scaffold that supports multidimensional
inference.

To bridge biological scales, hybrid neural networks incorporate
dual coordination hubs: one capturing within-type relationships (for
example, gene-gene interactions) and another linking across types
(for example, gene-protein regulatory cascades). These hierarchies
integrate nucleic acids, proteins and metabolic pathways within uni-
fied training frameworks that use instruction tags to encode modality,
condition and task, enabling cross-scale prediction and perturbation
modelling within a shared backbone”. This design enhances biologi-
cal fidelity while balancing complexity and scalability in whole-cell
modelling.

Harnessing biological knowledge

Yeast benefits from deeply curated multi-omics resources, includ-
ing the Saccharomyces Genome Database (SGD) for genomic anno-
tation®®, YMDB for metabolism®, YeastNET for protein interaction
networks* and imaging repositories such as LoQAtE and CYCLoPs®>*,
Large-scale efforts have produced a global genetic interaction map
comprising approximately 1 millioninteractions across 23 million dou-
ble mutants®~¢, integrative structural insights from geneticinteraction
profiles” and comprehensive interactome maps>. Multi-omics studies
span pangenome diversity, growth phenotypes and molecular traits
across1,011isolates® *?, knockout adaptation signatures* to proteomic
response atlases**, mitochondrial assemblies with approximately 90%
coverage® and evolutionary metabolomic landscapes*®*.

Multiple datasets reveal pervasive context dependence: aneuploidy
tolerance varies across strains*, 18.5% of knockout phenotypes dif-
fer among genetic backgrounds*s, and the role of metal ion biology
remains a major gap in genotype-phenotype prediction®. Such plei-
otropy and environmental modulation necessitate genotype-aware
integration frameworks that account for background effects on
variant penetrance and expressivity. The breadth of available knowl-
edge, fromsubcellular architecture to population variation, demands
generative approaches that are capable of synthesizing fragmented,
context-contingent evidence into predictive simulation of cellular
behaviours and phenotypes.

Knowledge-guided generative modelling

Knowledge resources and generative models jointly support two
complementary functions: structured knowledge assembly and
cross-modal prediction (Fig. 2). Knowledge assembly systems such
as BioGPT*’integrate dispersed literature into structured knowledge
graphs, whereas INDRA combines machine-read evidence with curated
databases to generate mechanistic pathways®. Although not directly
embedded within the yeast AIVC, these systems could provide struc-
tured biological priors that enhance interpretability and support
hypothesis generation®. When coupled with experimental validation
(forexample, targeted assays to test model-predicted kinase-substrate
interactions), this closes the iterative discovery loop.

Cross-modal predictors, including SPIDER® and scLinear*, enable
transcriptome-to-proteome or modality-to-modality inference, extend-
ing constraint-aware metabolome-proteome translation frameworks®.
True generative architecturesinstead learnjoint distributions, enabling

the synthesis of biologically plausible cellular states. For example, con-
ditional diffusion models such as Stem generate full gene expression
profiles from histology images while preserving stochastic variability*®.
Thisrepresents a paradigm shift: regression models interpolate within
observed data, whereas generative systems such as Stem synthesize
novel, biologically consistent configurations®, preserving variation
that matches empirical data.

Static architecture of virtual yeast

Thestaticarchitecture pillar establishes a spatial blueprint by integrat-
ing structural knowledge across scales (micron to Angstrom) into a
unified computational atlas. Leveraging the multimodal resources
of S. cerevisiae, including morphological atlases, spatial omics and
near-atomic cryo-electron tomography (cryo-ET), this framework pre-
serves spatial hierarchies essential for modelling cellular logic (Fig. 2).

Sequencing and mass spectrometry-based spatial omics
Sequencing-based and mass spectrometry-based spatial omics extend
this hierarchy by enabling in situ mapping of dozens to thousands of
biomolecules across scales”. Given the small size of yeast cells (3-10 pm
indiameter), high spatial resolution is essential. At the RNA level, Ste-
reo-seq combines DNA nanoball-patterned arrays with in situ capture to
achieve large-fieldimaging at cellular resolution®®, potentially resolving
organelle-specific mRNA localization during stress. For proteins and
lipids, proximity labelling (BiolD and APEX) and organelle purification
have resolved compartmentalized networks***°. Photo-biotinylation
enables spatially resolved proteomics without genetic engineering®.
Related photocatalytic and light-activatable labelling strategies extend
spatial proteomics to primary samples and controlled manipulation of
organelle-localized interactions®>®*, These imaging-integrated strate-
gies enable interrogation of organelle-specific or stress-responsive
proteomes without labour-intensive construction of endogenously
tagged libraries.

Expansion microscopy further bridges resolution gaps. Methods
such as ExXPRESSO and TEMI enable multiplexed imaging of proteins,
lipids and metabolites at subcellular and single-cell resolution®*,
GAMSI further improves MALDI resolution for nanoscale lipid map-
ping®®. For discovery proteomics, FAXP combined with laser capture
microdissection allows quantitative profiling of approximately 2,368
proteins from single nuclei®. Together, these approaches enable
high-resolution quantification of organelle-specific proteoforms and
lipid distributions.

Morphology and fluorescence microscopy

Multiscale imaging defines the structural constraints on molecular
interactions. Differential interference contrast microscopy has docu-
mented phenotypes across more than 5,000 deletion mutants®® and
natural isolates®. Fluorescence microscopy of over 4,000 haploid
deletion strains has mapped subcellular organization”. Time-resolved
high-contentimaging combined with deep learning profiled autophagy
dynamics genome wide across 5,919 mutants’.

For molecular mapping, spatial transcriptomics approaches such
as SeqFISH+ enable simultaneous imaging of thousands of chromo-
somal loci, chromatin marks and RNA transcripts within individual
nuclei’. GFP-tagged strain libraries have resolved localization of 4,156
proteins”and 400 lipid regulators™, whereas dynamic analyses using
CycleNET and DeepLoc link proteome reorganization to cell cycle
stages™. Super-resolution methods including STED and PALM achieve
nanoscale visualization of spindle pole body duplication and contrac-
tilering formation’. DNA-PAINT approaches such as SUM-PAINT extend
multiplexing to less than 15-nm resolution, enabling single-molecule
spatial proteomics and discovery of new structures””. Collectively,
these techniques enable dissection of spatial regulation of cellular
processes, and adapting them to the smaller dimensions of yeast will
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Box 2

Representative foundation models and their adaptation for yeast

AIVC

A diverse set of Al models and methods provides the computational
backbone for constructing AlVCs, spanning genomic, transcriptomic,
proteomic, metabolic, chemical and imaging modalities. Their
application to yeast requires varying degrees of domain adaptation
and integration with organism-specific datasets.

At the genomic level, models such as Nucleotide Transformer™®,
Evo®, DeepSEA™, AlphaGenome®* and Enformer'® capture regulatory
grammars and long-range chromatin interactions. As these models
are predominantly trained on non-yeast genomes, adaptation to
yeast requires fine-tuning using yeast-specific resources, including
genome sequences, chromatin immunoprecipitation followed
by sequencing, assay for transposase-accessible chromatin
using sequencing, and transcription factor-binding profiles from
databases such as the SGD, YEASTRACT+ and YeasTSS, as well as
comprehensive interaction maps in Schizosaccharomyces pombe

Transcriptome-focused models, including Geneformer?,
scFoundation™®, scGPT" and GET'?, encode gene expression
patterns, gene-gene interactions and transcriptional dynamics.
Although trained mainly on human data, these models benefit
from domain adaptation using yeast transcriptomic datasets, such
as those from the 1002 Genomes Project, SCRAPdDb, YeastNet and
stress-response studies.

Protein-level modelling is enabled by frameworks such as
AlphaFold', ESM?, DiffDock™?, EquiBind™* and PIPR'*°, which
predict protein structures, complexes and molecular interactions.
These models are largely transferable across species but require
validation and contextualization using yeast-specific data, including
protein-protein interactions from BioGRID and yeast interactome
studies, structural and imaging evidence from EMPIAR, proteomics

139

require continued methodological innovation to achieve comparable
spatial resolution and throughput.

Cryo-ET and volume electron microscopy

Complementing optical imaging, cryo-ET visualizes native ultras-
tructure at near-atomic resolution, providing ground-truth data on
molecular organization within crowded cellular environments’.
Advances in focused ion beam milling and subtomogram averaging
enable sub-nanometre reconstructions of chromatin organization,
autophagy and ribosome assembly’”. However, cryo-ET remains techni-
cally demanding and low throughput, and is therefore predominantly
applied to targeted validation or high-impact structural discoveries.

Volume electron microscopy reconstructs mesoscale architectures
across larger volumes at nanometre resolution®, contextualizing
cryo-ET insights within whole-cell organization®. Gigavoxel-scale
segmentation quantifies organelle relationships across hundreds of
yeast cells®2,

These datasets exhibit inverse scaling: higher spatial resolution
oftenlimits throughput but yields more precise structuralinformation.
Such precisionanchors quantitative models, whereas structural priors
derived fromhigh-resolution data help to deconvolute lower-resolution
datasets. Sub-organelle maps therefore refine single-cell profiles, estab-
lishing a closed knowledge loop across spatial scales.

Compartmentalization and cell states
Cellular organization is constrained by finite physical volumes that
dynamically synchronize with cell cycle progression and stress
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evidence from PaxDb and Yeast PeptideAtlas, and kinase annotation
from YeastKinome.

For small-molecule representation, models such as MolCLR™® and
Uni-Mol'® encode chemical properties and conformations. These
approaches are generally transferable and typically require minimal
fine-tuning, but their application benefits from yeast-relevant
compound datasets, including metabolites, stressors and inhibitors
curated in YMDB, MOSAIC, the HIP HOP database and the Metabolic
Atlas.

GEMs' provide a complementary mechanistic framework,
linking genes to metabolic reactions through gene-protein-reaction
associations, while constraining metabolic fluxes based on
reaction stoichiometry. This framework involves light parameter
refinement to account for strain-specific flux distributions and the
incorporation of newly characterized reactions. This refinement
leverages strain-resolved genomic, proteomic, metabolomic and
fluxomic datasets from resources such as the Metabolic Atlas,
PaxDb, the 5k Yeast Proteome project, YMDB, the 1002 Genomes
Project and the SGD.

Finally, imaging-based architectures and models, including
U-Net', Cellpose™®, CytoSelf"*® and IMPA™, can segment cells and
encode cellular morphology and protein localization patterns from
microscopy data. These models require adaptation to yeast-specific
imaging features, particularly those associated with cell wall
structure and morphology, using datasets from TheCellVision,
YeastGFP, SCMD2, LoQAtE, PARPAL and EMPIAR.

Together, these complementary model classes enable multiscale
representation and integration, forming the foundation for yeast
AIVC construction.

responses. Examples include endoplasmic reticulum expansion dur-
ing the unfolded protein response and peroxisome proliferation dur-
ing fatty acid metabolism. Compartmentalization enables functional
specialization via vesicular trafficking and membrane contact sites,
wherelocalization dictates activity. Rapid structural remodelling, such
as minute-scale Golgi turnover, requires that virtual yeast modelling
integrates static architecture with trafficking networks and compart-
mental states. Emerging modalities such as expansion microscopy and
Al-driven multimodal analysis further enhance real-time, label-free
structural mapping.

Generative Al for spatial modelling

Although non-generative models encode spatial priors, generative
approachesreconstruct holisticarchitectures from fragmentedinputs
(Fig.2).Spatially aware transformers, inspired by masked autoencod-
ers®, may predict molecular distributions from sparse spatial omics
or partial cryo-ET lamellae. Diffusion models may probabilistically
reconstruct protein localization from sparse expansion proteomics
data, generating more complete cellular spatial maps. PLATO similarly
integrates microfluidic strip sampling with transfer learning to recon-
structapproximately 25-pm-resolved proteomic maps acrosstissue sec-
tions®. More recently, Al-empowered expansion proteomics has further
advanced this concept by combining expansion-based strip-resolved
proteome measurements with convolutional neural network-based
spatial inference to enable whole-slide, single-cell-resolved spatial
proteomics®. Although specific to mammalian tissues, these examples
illustrate how Al can bridge sparse measurements with high-resolution



atlases and suggest that analogous strategies could be developed for
yeast at finer scales. Together, these advances help to address a critical
constraint in yeast AIVC development: the relatively low throughput
of mass spectrometry-based spatial proteomics.

Dimensional lifting approaches, such as depth-aware neural radi-
ance fields, convert two-dimensional (2D) fluorescence images into
volumetric reconstructions®. Beyond visualization, three-dimensional
(3D) synthesis enables functional prediction, as protein complexes
operate within defined geometric constraints®. Reconstructing their
3D organization supports mechanistic inference of biosynthetic effi-
ciency and metabolic state. Together, these advances anchor the virtual
yeast spatial blueprint as a quantitatively resolved scaffold on which
subsequent dynamic modules can operate with structural fidelity.

Dynamic states of cellular life

If static architecture defines the spatial grammar, dynamic states
encode the temporal logic through which cells interpret internal and
external signals. This pillar links structural blueprints to functional
plasticity by mapping how perturbations rewire molecular networks
across timescales. Central to this effortis an active-learning strategy in
whichthe AIVC predicts cellular responses and prioritizes high-impact
perturbations, forming a self-reinforcing experiment cycle. Coupled
with automation, this framework enables efficient exploration of per-
turbational landscapes.

Genetic perturbation dynamics
S. cerevisiaeremains uniquely suited for systematic perturbation biol-
ogy, offering unmatched density of genotype-phenotype measure-
ments, which have revealed deep cellular interdependencies across
scales. High-resolutionimaging of deletion mutants has demonstrated
how geneloss reshapes morphology: 673 homozygous deletions were
classified into 7 morphological categories using differential interfer-
ence contrast microscopy, linking shape abnormalities to disrupted
processes®, Automated fluorescence imaging of cellular structures
across 4,718 haploid mutants quantified 254 morphological param-
eters, enabling functional gene annotation by phenotypic similarity.
Perturbation of 5,919 mutants under nitrogen shifts further uncovered
a hierarchical autophagy network, with deep learning distinguishing
ultrasensitive, hyposensitive and hyperactive dynamic responses’.
These phenotypic signatures are complemented by molecular dis-
section. Transcriptomicanalyses of 1,484 regulator deletions®, 3,500
knockouts under osmotic stress®® and natural isolates* revealed coor-
dinated gene expression programs shaping cell states. Genome-wide
deletion proteomics has shown how gene loss reconfigures protein
abundance and interaction networks, exposing pathway interdepend-
ence and compensatory mechanisms**°°, Metabolomic profiling of
approximately 5,000 mutants has demonstrated that one-third of
yeast genes reshape the amino acid metabolome, particularly those
governing chromatin, translation and transport”. Integrative genetic
interaction mapping of 700,000 double mutants delineated functional
hierarchiesamong1,471 genes and highlighted RNA-processing path-
ways in translational control®. Together, these multi-omic perturba-
tion datasets chart the dynamic cellular wiring that links genotype to
phenotype.

Chemical perturbation dynamics

Chemical perturbations add complementary dimensionality, prob-
ing small-molecule-gene-environment interactions through bioac-
tive compounds, metabolites and nutrient shifts. Screens of mutant
libraries have revealed therapeutic targets and metabolic adapta-
tions®. For example, targets of over 80 bioactive compounds were
identified through chemogenomic profiling®. Phosphoproteomic
analyses across 101 stress conditions mapped stress-responsive sig-
nalling circuits®, whereas high-flow scanning SWATH profiling of 16

drugs has distinguished mechanistic signatures for azoles, statins
and antifolates®. Expansion to 3,250 compounds resolved 45 major
response patterns linking genes, chemicals and biological processes®.
Such studies define a multidimensional chemical response atlas for
the virtual yeast.

Environmental perturbation dynamics

Physical perturbations further illuminate adaptive logic. A conserved
environmental stress response underscores network interconnected-
ness”. Genome-wide screens under ionizing radiation have uncovered
over 100 loci influencing tolerance, many involved in conserved DNA
repair, chromatin remodelling and checkpoint functions, with paral-
lels to human cancer genes®®. These findings situate yeast within a
conserved framework of stress adaptation while reinforcing its utility
asasystems-level testbed.

Despite this progress, challenges remain. Current perturbation
maps are constructed solely under standard laboratory conditions,
lack full combinatorial coverage and sufficient temporal resolution
to resolve intermediate states. Multi-omics integration across per-
turbations remains computationally demanding, and most datasets
average population responses, obscuring single-cell heterogeneity.
Future advances will require higher-throughput temporal sampling,
single-cell resolution and machine learning models that are capable of
predicting cellular plasticity under unseen perturbations®. Ultimately,
incorporating experimental evolution data may allow prediction of
long-term adaptive trajectories, with implications for biomedicine
and bioengineering.

Active learning experimentation

To address combinatorial complexity, an autonomous closed-loop
framework coupling large-scale yeast perturbation profiling withactive
learning is required (Fig. 3a). This system grounds the ‘Al flywheel’ in
an experimental pipeline that iteratively improves virtual modelling
through data-guided experimental design (Fig. 3a).

In Data v0.1, perturbations were selected to maximize genotype-
environment diversity (Fig. 3b). From 969 natural strains with paired
genomic and transcriptomic profiles, a diverse core set was chosen
usingacore-setalgorithminafusedlatent spaceintegrating evolution-
ary (Evo 2 embeddings®) and transcriptional features. Each strain was
profiled under varied carbon and nitrogen sources, temperatures and
chemical stressors. The dataset comprises over 15,000 time-resolved
proteomic profiles across 6 time points per perturbation, paired with
early and late metabolomic measurements and growth curves, estab-
lishing a multimodal foundation for AIVC training.

Data acquisition integrates automated perturbation handling,
growth monitoring and standardized multi-omics processing (Fig.3b),
including robotics-assisted proteomics and metabolomics analysis.
Future iterations will incorporate sensor-guided and vision-guided
feedback, with LLM-driven Al agents coordinating real-time monitor-
ing, troubleshooting and experimental iteration, moving towards a
fully autonomous pipeline.

On this foundation, the WAY Active Learning framework (WAY-AL
v0.1) integrates probabilistic modelling, generative modelling and
adaptive experiment selection (Fig. 3b). Generative models, includ-
ing variational autoencoders, diffusion models, flow-based models
and generative transformers, act as virtual experimenters to simulate
probabilistic cellular trajectories. To identify gaps in current knowl-
edge ofthemodel, these predictions are coupled with ensemble-based
or dropout-based uncertainty quantification methods that evaluate
predictive reliability across conditions. Advanced acquisition strate-
gies, driven by reinforcement learning'® or Bayesian optimization'”,
then select perturbations maximizing expected information gain for
subsequent rounds (Data v0.2). By prioritizing high-uncertainty or
information-rich conditions, the system maximizes model improve-
ment under limited experimental budgets, paralleling autonomous
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A
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Experimental designer
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Fig.3|Closed-loop activelearning drivesiterative refinement of virtual
yeast models. a, Schematic of the Al flywheel that enables autonomous model
refinement. Initial multi-omics datasets (Data v0.1) establish abaseline virtual
yeast model (WAY-AL v0.1), whichidentifies high-impact perturbations
predicted to maximize information gain about poorly characterized biological
processes. Automated platforms execute these targeted perturbations
through robotic multi-omics profiling, generating updated datasets that
refine the model. Iterative cycles progressively improve both the virtual
model and the experimental design, forming a self-reinforcing framework
thataccelerates mapping of cellular plasticity while compressing discovery
timelines. b, Implementation of the metabolic and synthetic biology module
inS. cerevisiae (DatavO0.1). Twelve genetically and functionally diverse strains
areselected fromapanel of 969 based onintegrated evolutionary and

chemical platforms such as Chem0S'%2'%, but extending them to cel-
lular biology. This closed-loop structure progressively enhances model
accuracy and experimental informativeness, creating a self-reinforcing
discovery cycle (Fig. 3a).

Metabolic and synthetic biology tool

Toillustrate how the eight functional modules of the virtual yeast
operate, we highlight the metabolic and synthetic biology tool as a
prototype implementation. This module integrates targeted pertur-
bation experiments with representation learning and generative Al
models to capture and predict dynamic metabolic regulation. Its goal
isto explain how genetic and environmental variables jointly reshape
metabolic fluxes and compound synthesis, thereby enabling rational
strain design for optimized metabolite production.

The metabolic core provides the energetic and biochemical foun-
dation of the virtual yeast, integrating cytosolic, mitochondrial and
peroxisomal pathways governing energy conversion, redox balance
and small-molecule metabolism. Its construction rests on three pillars:
a priori knowledge, spatial architecture and dynamic state'. Mecha-
nistic priors derive from yeast-GEM'*, YMDB 2.0 (ref. 31) and SGD*°,
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transcriptionalembeddings, and subjected to over 200 environmental and
chemical perturbations. Across these conditions, over 15,000 time-resolved
proteomic profiles, over 5,000 metabolomic measurements and paired growth
curves have beengenerated. The schematicillustrates the level of automation
across experimental steps: the light brown boxes indicate fully or semi-
automated procedures, whereas the dark grey boxes denote processes
pending automation. These datasets form the training foundation for WAY-AL
v0.1, whichintegrates probabilistic modelling, generative learning and
adaptive experiment selection to guide subsequent perturbations (DatavO0.2)
throughaclosed model-experiment feedback loop. C/N, carbon/nitrogen;
IAA,iodoacetamide; LC-MS/MS, liquid chromatography-tandem mass
spectrometry; TCEP, tris(2-carboxyethyl)phosphine; TFA, trifluoroaceticacid.

forming a multimodal scaffold of reaction stoichiometry, pathway
topology and regulatory logic. Spatial information from cryo-ET,
expansion-based spatial proteomics and fluorescenceimaging anchors
reactions within organelles, capturing compartment-specific fluxes and
contact-dependentregulation. Dynamic states are iteratively refined
through the Al flywheel (Data v0.1-v1.0), which uses active learning
to design perturbations under nutrient and stress conditions (Fig. 3).

Computationally, the module adopts a hybrid architecture (Fig. 2).
Genomic embeddings derived from Evo 2 (ref. 3) and fine-tuned on
S.cerevisiae population data (Box 2) encode genetic capacity and regu-
latory structure. Environmental contexts are represented through
nutrient and compound embeddings analogous to Uni-Mol'®, whereas
proteomic and metabolomic embeddings summarize molecular states.
Conditional generative models, including variational autoencoders,
diffusion models and transformer-based architectures, map genotype
and perturbationinputs to proteomic and metabolomic outputs. GEMs
constrain flux distributions within this learned latent space, ensuring
biochemical plausibility.

Performance canbe benchmarked against GEMs™*, whichaccurately
recapitulate growth phenotypes across genetic and environmental
conditions (mean R~ 0.84), yet primarily operate at the level of flux

104



optimization and do not quantitatively resolve intracellular metabolite
concentrations or dynamic biomass composition. Data-driven models
based on enzyme abundance provide partial resolution at the metabo-
litelevel. For instance, amachine-learning model trained on proteomics
data from 97 kinase knockout strains achieved cross-validated R* = 0.55
in predicting metabolite concentrations®. By integrating environ-
mental embeddings and dynamic modelling with paired proteomic-
metabolomic perturbation datasets, the AIVC framework aims to
extend these approaches towards more generalizable and quantita-
tive prediction of metabolite responses, with particular relevance to
high-value and industrially relevant metabolites. This module thus
exemplifies how domain-specific Al components can translate struc-
tured perturbation data into actionable synthetic biology strategies.

Predictive deliverables of virtual yeast

The virtual yeast is both a conceptual framework and an operational
prediction platform. It generates quantitative, testable outputs across
synthetic and fundamental biology, linking in silico design and auto-
mated validation. In synthetic biology, metabolic and biosynthetic
tools simulate flux redistribution under genetic and environmental
perturbations toidentify yield bottlenecks and optimal design strate-
gies. Benchmarked against GEMs'®* and enzyme-expression-based pre-
dictors®, the AIVC framework is expected to enhance metabolite-level
inference and support inverse strain design. In fundamental biology,
the coordinated agent models spatiotemporal dynamics during cell
cycle progression, meiosis and ageing, generating testable hypotheses
on lifespan trade-offs and conserved regulatory nodes. In compound
screening and target validation, the platform treats yeast as an exper-
imentally tractable eukaryotic system for systematic evaluation of
chemicallibraries, identifying synthetic-lethal interactions, pathway
vulnerabilities and resistance circuits.

The metabolicand synthetic biology tool represents the first opera-
tional milestone. Large-scale perturbation datasets integrating pro-
teomes, metabolomes and growth curves under systematically varied
conditions (Fig. 3) are being generated to model growth and metabolite
yields. This will establish abenchmarked predictive layer in the phase
Istudy.

Subsequent milestones include horizontal integration of mod-
ules (for example, lipid metabolism and trafficking to capture
cross-compartment coupling) and vertical expansion towards ageing
and compound screening. These developments will advance itera-
tively, with each moduleinheriting shared embeddings and evaluation
frameworks established in the metabolic prototype. In the phase I
study, validated agents for 2-3 organelle systems are envisioned. The
phase Il study will be focused on development and integration of all
functional modules into a unified whole-cell Al agent. With sustained
support, development of virtual yeast may span 5-10 years.

Consortium architecture

The virtual yeast initiative is organized around four interdependent
cores enabling end-to-end development of predictive Al agents. The
biology core establishes mechanistic ground truth and validates pre-
dictions. The data and technology core coordinates multimodal data
generation, including but not limited to omics and imaging upon per-
turbations. The Al core develops hybrid computational frameworks
integrating embeddings and generative models. The applications core
translates predictions into synthetic biology (for example, metabolic
flux optimization), fundamental biology (such as meiotic dynamics)
and compound discovery.

Module-specific working groupsintegrate biological vignettesinto
model design. For example, the stress processors group constructs
nutrient-specific, temperature-specific and genotype-specific inter-
vention matrices, generates time-resolved multi-omics data, and trains

the agent to simulate stress responses across organelles, including
mitochondrial-nuclear-vacuolar coupling. Comparable workflows
support metabolic flux rerouting under nutrient limitation and predic-
tion of age-associated trafficking defects arising from organelle dys-
function. These scenarios serve as executable testbeds for evaluating
perception, routing and causal simulation beyond static phenotype
prediction, and enable comparison with existing models>?°. Evaluation
relies on expert-defined benchmarks using experimentally tractable
phenotypes, assessing generalization, recovery of regulatory relation-
ships and generation of testable hypotheses.

Conclusion and outlook

S. cerevisiae provides a practical and useful entry point for developing
predictive virtual cells with relevance to biomedicine and biotechnol-
ogy. As a eukaryote, it shares many conserved cellular components
and processes with human systems, yet remains atractable single-cell
organismsupported by extensive datasets and experimental resources.
Here we outlined a biological framework and technical path towards a
virtual yeast that integrates a priori knowledge, spatial organization
and perturbation-driven dynamics. Although many emerging AIVC
efforts are led primarily by advances in Al and large-scale modelling,
our perspective emphasizes starting from cellular function, experi-
mental dataand testable hypotheses, with Al serving as anintegrating
engine. We emphasize not only a biology-first perspective but also
biology-driven active learning that continuously refines data genera-
tion and computational reasoning strategies.

Several principles shape this effort. First, a virtual yeast is not
equivalent to an ideal digital twin of the cell. Rather than attempting
exhaustive representation of all molecules and modalities, practical
virtual yeast models can focus on defined goals, such as predicting
metabolite production or understanding processes such as stress
responses or membrane trafficking, while remaining experimentally
testable. Second, we propose organizing virtual-cellintelligence around
function-centred Almodules that together form anintegrated agent.
Compared with models structured mainly by molecular type or scale,
functional modules align more naturally with cellular operations
and perturbations, although integrating multimodal datasets across
modules remains challenging. Third, biological complexity must be
acknowledged: interactions among modules, links across data modal-
ities, genetic background effects among yeast strains, incomplete
variant-level phenotypic coverage, and the integration of experimental
measurements with knowledge bases all introduce uncertainty and
demand interpretable modelling.

Looking ahead, initial generations of virtual yeast models may
emerge within the next 5-10 years. These systems are unlikely to be
digital twins of yeast, and the gap between models and living cells
will remain substantial. During the project, rapid advances in Al and
lab-in-a-loop architectures are likely to reshape both methods and
implementation strategies, therefore the approaches discussed in this
roadmap may evolve. Even so, pursuing virtual yeast is expected toyield
experimentally useful Al tools, for example, in synthetic biology and
mechanistic discovery, and provide a transferable blueprint for more
complex eukaryotic systems.
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