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Abstract

Recent advances in large-scale single-cell atlases and large language models (LLMs) have enabled the
emergence of single-cell foundation models (scFMs)-pretrained models that aim to learn transferable
representations of cellular states across tissues, conditions, and molecular modalities. These models
hold promise for moving single-cell analysis beyond task-specific pipelines towards unified, generaliz-
able and predictive frameworks, yet their biological fidelity, generalization and scaling capacity, as well
as utility for perturbation modeling remain challenging. In this review, we summarize recent progress
in scFMs across key design dimensions, including data representation, model architecture and learning
objective, and examine how these frameworks are being applied to biological discovery. We further
critically assess current challenges and opportunities from multimodal pretraining atlas, emerging
pretraining paradigms, downstream applications, and real-world barriers. This review provides a
structured guide for both computational scientists and experimental biologists seeking to understand,
develop, and apply foundation models for single-cell research.

Github: https://github.com/OmicsML/awesome-foundation-model-single-cell-papers


https://github.com/OmicsML/awesome-foundation-model-single-cell-papers
MDPI
Highlight


20f42

Keywords: single-cell foundation model; Al virtual cell; LLM for biology

1. Introduction

Single-cell technologies have transformed modern biology by resolving tissues into their con-
stituent cell states, lineages and interactions. Single-cell RNA sequencing (scRNA-seq) first enabled
transcriptome-wide measurements at cellular resolution [1,2], and this view has since expanded to
chromatin accessibility, protein abundance, and spatial organization [3-5]. In parallel, perturbational
single-cell assays have added an interventional dimension: large-scale screens such as Perturb-seq [6]
measure cellular responses to known genetic, chemical or environmental factors, providing causal
anchors that are difficult to obtain from observational atlases alone. These advances have catalysed
atlas-scale efforts to chart cellular diversity across tissues, species and disease states [7,8]. Yet the same
features that make these data powerful also make them difficult to model: measurements are large scale,
high dimensional and heterogeneous, while cellular identity is strongly shaped by developmental,
anatomical and experimental context [4,9,10].

Meanwhile, foundation models have reshaped machine learning by showing that large-scale
pretraining can yield transferable representations that generalize across diverse downstream tasks [11,
12]. This paradigm is now being adapted to single-cell biology, where models are pretrained on
millions of cells to learn contextual embeddings of genes, cells and, increasingly, multimodal cellular
states [13,14]. The appeal is clear: by taking advantage of large-scale general data to gain a fundamental
understanding of cell state regulation, foundation models could enable tasks in a broad range of
downstream settings with limited or no task-specific data through transfer learning. However, unlike
language or natural images, single-cell measurements provide sparse and incomplete snapshots
of a complex biological system. The observed molecular states offer only partial readouts of the
underlying regulatory processes, which are highly dependent on cell type, tissue, developmental state,
perturbation and experimental context. These data are further fragmented across assays, often unpaired
across modalities, and affected by sampling noise and technical variation. For many applications,
models must therefore move beyond merely descriptive correlations to learn representations that
capture transferable biological structure and encode intervention-informed regulatory relationships
using perturbational data. Progress in single-cell foundation models consequently depends not only
on scale, but also on biologically informed choices in data representation, model architecture and
training objectives.

The emergence of single-cell foundation models (scFMs) therefore reflects both an opportunity
and a challenge. On one hand, expanding cell atlases and multimodal resources provide the substrate
for increasingly general pretraining. On the other, recent work has shown that gains are uneven across
tasks, zero-shot generalization remains fragile, and progress in perturbation modeling still falls short of
the field’s broader ambitions [15,16]. The central question is no longer whether the foundation-model
paradigm can be imported into single-cell biology, but how it should be adapted to capture biological
structure faithfully and to support predictive modeling across contexts, modalities and interventions.
In the longer term, these efforts are increasingly linked to the vision of Al virtual cells: adaptive
in silico systems that can simulate and interrogate cellular behaviour under biologically meaningful
conditions [17-19].

In this review, we systematically survey scFMs across the full modeling pipeline. We first
examine how single-cell measurements are represented through tokenization strategies and backbone
architectures, then discuss the large-scale datasets and preprocessing frameworks that underpin
pretraining. We then compare the major learning objectives adopted across current model designs.
Next, we trace the use of learned representations across downstream tasks, spanning gene-, cell- and
tissue-level analyses, as well as emerging applications in experimental discovery. Finally, we highlight
the key challenges and opportunities that will shape the next generation of biologically grounded and
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predictive scFMs, and provide practical guidance for model development and experimental use for the
broader single-cell community.

SQUALL l HoloCell | xVERSE | SpatialFusion | MaxToki CellvQ*j Lingshu-Cell
STORM

ScDiva STACK

OomniCell sclinguist

SpaFoundation SCPRINT-2

CAPTAIN* L P ULSAR

e

KRONOS

TranscriptFormer*

Teddy*

SToRv*
O CLIP* STPath*

scGPT-spatial M Tabula* RegFormer*

: scLong*
CancerFoundation -

AIDO.Cell* GeneMarba
SCPRINT* scCello* | Geneformer-v2*
5 Cell-GraphCompass* =
Nicheformer* ALY pprryrpee

2023

Cel1LMIM Scimilarity* GeneCompass*

scHyena

scTranslator*

scFoundation*

XTrimoGene* ssenr

Exceiver*

&
“

2023 Unimodality
SCBERT*

scRNA-seq + Text scRNA-seq + Perturbation == SCRNA-seq
Spatial Transcriptomics scRNA-seq + sCATAC-seq SCATAC-seq
+ Text == SCRNA-seq + Proteomics * denotes peer-reviewed model.

== SCRNA-seq + sSCATAC-seq + Proteomics

= Spatial Transcriptomics
- Spatial Proteomics

Figure 1. Evolution of single-cell foundation models across modalities. Representative models are arranged as
branching lineages by modality. Blue denotes unimodal foundation models trained on scRNA-seq or scATAC-seq,
pink denotes LLM-enhanced models integrating transcriptomic or spatial data with natural language, and green
denotes multimodal models combining transcriptomic data with perturbation, spatial, chromatin accessibility or
proteomic measurements. Branches are ordered by the earliest release date of each model. Dashed horizontal
lines indicate publication year, and asterisks denote peer-reviewed models.

2. Model Architecture for Single-Cell Foundation Models

scFMs are shaped by the interplay between multiscale biological organization and multimodal
data representations, enabling cross-scale applications, as shown in Figure 2. The complexity of
modeling transcriptomic profiles together with multimodal information makes model architecture a
central design consideration. Although previous studies have summarized the major architectural
designs of scFMs [20-22], our review extends this discussion by systematically categorizing recent
advances in tokenization strategies, new model backbones, architectural design for multimodality, and
efficient, scalable model design.
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Figure 2. Conceptual framework for single-cell foundation models across biological scales. Single-cell founda-
tion models connect multiscale biological organization with multimodal data and cross-scale applications. Figure
created in BioRender.

2.1. Data Tokenization Strategy

Single-cell profiles consist of sparse, high-dimensional gene-expression measurements with no
canonical feature order. Their sparsity, technical noise and distribution shifts across platforms, species
and modalities limit the direct transfer of foundation-model designs developed for other domains.
As recent work has shown, tokenization strategy strongly influences downstream performance [23],
making it a central inductive bias in scFMs. Here, we examine how scFMs encode gene identity and
expression, construct “cell sentences”, and incorporate biological priors or additional modalities into
the input representation.

2.1.1. Cell Sentence

Existing tokenization strategies can be understood as making three choices: how to represent
gene identity, how to encode expression magnitude, and whether to impose biological structure before
learning begins. A common paradigm in scFMs treats each cell as a “cell sentence” composed of gene
tokens, analogous to words in natural language. To capture expression magnitude as a key component
of cellular state, foundation models employ distinct paradigms to build cell sentences: explicit value
encoding (discrete or continuous), implicit rank-based ordering, and discrete latent quantization.

Discrete tokenization. A common strategy is to discretize continuous expression into a small
number of bins after standard preprocessing [24,25]. Each gene token is then paired with a discrete
expression token representing its binned magnitude. This discretization can stabilize model training
under the heavy-tailed distributions typical of UMI counts and may reduce sensitivity to technical
variation, including batch- and depth-related effects. However, discretization can also sacrifice quan-
titative resolution and distort gene-specific dynamic ranges, with fixed-width or adaptive binning
schemes differing in how they redistribute expression values and in their sensitivity to small expression
changes.

Continuous tokenization. Conversely, models such as scFoundation [26] and CellFM [27] encode
expression as continuous values rather than discrete bins. Following preprocessing, each gene’s scalar
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expression value is projected into the model embedding space and combined with its gene-identity em-
bedding. scFoundation further incorporates a read-depth-aware (RDA) objective, conditioning masked
reconstruction on total-count information to account explicitly for variation in sequencing depth and
associated dropout. Continuous encoding preserves fine-grained quantitative differences that are lost
through discretization, making it suitable for tasks requiring quantitative outputs. However, direct
exposure to expression magnitudes can increase sensitivity to library size and platform-specific effects.
Objectives such as RDA provide one means of restoring robustness through explicit depth conditioning
at the training-objective level rather than through tokenization itself.

Rank-based encoding. Rather than explicitly embedding the expression value, Geneformer [28]
encodes expression implicitly by ranking genes according to their relative expression in a given
cell compared to the non-zero median expression across cells. In this method, ubiquitously highly
expressed housekeeping genes are scaled to a lower rank while genes such as transcription factors
that are generally lowly expressed will be moved to a higher rank in cells where they are relatively
overexpressed. In this formulation, expression magnitude is represented through token order rather
than explicit value embeddings, providing a nonparametric view of the transcriptome that may be more
robust to technical artifacts that affect the exact expression value while the gene rank remains more
stable. This approach is also a compressed representation that avoids computing on non-expressed
genes, learning instead from the absence of genes.

Latent tokenization. While most scFMs tokenize expression at the level of individual genes,
alternative approaches first compress high-dimensional profiles into a latent token space. CellTok [29]
uses a VQ-VAE [30] to learn a single discrete codebook of recurrent expression patterns, representing
each cell as a sequence of latent code indices. RVQ-Alpha [31] extends this idea with residual vector
quantization (RVQ) [32], compressing each cell into a short sequence of discrete tokens from multiple
residual codebooks that are directly embedded into the LLM vocabulary. Compressing cells into a
small set of latent codes decouples sequence length from gene number, enabling efficient long-context
and language-model integration. However, the learned codebook limits representational capacity
and sacrifices direct gene-level interpretability, requiring decoding for gene attribution and in silico
perturbation.

2.1.2. Prior-Informed Tokenization

Recent tokenization strategies increasingly incorporate structured biological knowledge into the
input representation, which is important for scFMs because the token meaning is strongly context-
dependent. Unlike natural language words, which often denote composable semantic entities, or
protein residues, which carry biochemical properties relevant to folding and binding, single-cell tokens
such as genes, peaks, or genomic regions derive much of their meaning from sequence, expression,
chromatin accessibility, genomic position, regulatory interactions, and functional annotations. Because
these elements operate within evolutionary, molecular, and functional constraints rather than as inde-
pendent variables, prior-informed tokenization enriches tokens with biological context, transforming
tokenization from a formatting step into a biologically grounded modeling strategy.

Content-enriched tokenization. Some foundation models redefine gene tokens as biologically
enriched representations, augmenting gene identity with molecular, genomic, regulatory or semantic
information. At the genomic level, scPRINT [33,34] incorporates features such as genomic position
into the token space, whereas SATURN [35] and TranscriptFormer [36] initialize gene representations
with embeddings from the ESM protein language model [37], introducing sequence-derived priors.
PULSAR [38] further combines ESM protein embeddings with transcriptomic representations from
UCE [39] to bridge molecular and cellular scales for donor-level modeling. GeneCompass [40] adopts
a broader strategy, enriching gene tokens with promoter-sequence embeddings from DNABert [41],
GRN-derived features, gene-family information and co-expression embeddings, which are projected
into a shared space and integrated with continuous expression values. Such priors can improve repre-
sentations when transcriptomic information is sparse or entities are poorly covered by the pretraining
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corpus, while supporting better transfer across datasets and species. However, this approach may
remains constrained by the coverage and quality of the underlying biological representation.

Relational tokenization. Given that genes operate within coordinated regulatory and functional
networks, several methods encode gene—gene relationships during tokenization, converting cells
from simple sequences into structured representations. Cell-GraphCompass [42] models each cell
as a gene interaction graph with node features and biologically defined edges, whereas scLong [43]
injects relational structure into sequence-style tokens by combining expression embeddings with gene
ontology (GO) derived gene embeddings learned by a graph neural network. Rather than specifying
what a token means, relational priors specify which tokens should influence one another, providing
biological dependency structure that would otherwise need to be inferred from expression co-variation
alone. However, externally defined relationships can be incomplete or context dependent, potentially
limiting their ability to capture gene dependencies that vary across tissues and conditions.

Text embedding as tokenization. A small class of models grounds token identities directly in
natural language, mapping genes into semantic spaces learned from biomedical text. GenePT [44] and
scELMo [45] represent genes using LLM-derived embeddings of curated or automatically generated
gene descriptions, replacing conventional learned gene ID embeddings with literature-informed
representations that are subsequently aggregated into cell-level embeddings. By injecting functional
knowledge directly into the token space, such representations can improve biological generalization
without requiring additional task-specific annotations, although their utility ultimately depends on
the quality and coverage of the underlying textual knowledge.

2.1.3. Multi-Modal Tokenization

Although scFMs are increasingly developed for multi-omics and spatial multi-modal data, most
existing tokenization strategies remain transcriptome-centric. In practice, the majority of multi-
omics models reuse RNA-based tokenization schemes and extend them to additional modalities with
minimal adaptation. As a result, transcriptomic features typically dominate the token vocabulary and
representation space, while other modalities are incorporated as auxiliary signals.

Transcriptome-centric multimodal tokenization. For RNA modalities, multi-omics models
largely follow tokenization paradigms established in unimodal scRNA-seq. Current approaches span
three main strategies: discrete tokenization, as used by scGPT-spatial [46] and Tahoe-x1 [47]; continuous
tokenization, adopted by stFormer [48] and scLinguist [49]; and rank-based encoding, implemented
in Nicheformer [50] and SToFM [51]. Nicheformer further adopts a tokenization strategy similar
to Geneformer, with the difference being that cell transcripts are normalized by technology-specific
non-zero means to account for variations across sequencing protocols. OmiCLIP [52] takes a distinct
approach by mapping omics features into a shared semantic space through text embeddings. Despite
these variations, RNA remains the primary organizing modality around which most multimodal
tokenization schemes are structured.

Modality-specific tokenization strategies. For non-transcriptomic modalities, protein expression
is most commonly represented using continuous tokenization, as in scTranslator [53] and scLin-
guist [49]. More specialized tokenization schemes emerge when models must accommodate modality-
specific structure or dimensionality. PertFormer [54] uses a multi-omics tokenization strategy in
which DNA sequences are converted into k-mer tokens and epigenetic signals are discretized into
categorical embeddings. While k-mer tokenization captures recurrent local sequence patterns, GET [55]
adopts a more biologically informed strategy for regulatory genomics by using position weight matri-
ces (PWM)/motif matching to construct peak-by-motif representations, thereby emphasizing motif
composition and regulatory context rather than exact base-level sequences. For scATAC-seq data,
CLM-X [56] adopts a tailored strategy to address ultra-high dimensionality: peaks are grouped into
contiguous patches and binarized, and each cell is represented as a sequence of patch tokens with cor-
responding binary vectors, followed by padding or truncation to a fixed length. In spatial proteomics,
KRONOS [57] proposes a marker-agnostic tokenization scheme that allows foundation models to
process variable and previously unseen marker channels. Together, these approaches illustrate how
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tokenization increasingly departs from generic expression encoding when the underlying modality
imposes distinct structural or technical constraints.

Unified cross-modal tokenization. While the above methods largely rely on modality-specific
designs, recent work has begun to explore unified and biologically structured representations across
modalities. One such effort is HoloCell [58], which introduces a gene-anchored hierarchical tokeniza-
tion framework. In this approach, genes serve as central anchors to organize related biological entities,
including regulatory elements and proteins. Each entity is encoded as a structured token capturing
its identity, relative context (e.g., genomic proximity or rank), and discretized quantitative value. By
organizing heterogeneous modalities within a shared gene-centric structure, this approach reduces
the large vocabulary induced by regulatory elements while preserving biologically meaningful rela-
tionships. It further enables coherent cross-modal representation learning without requiring separate
tokenization schemes for each modality, suggesting a shift toward more unified tokenization strategies.

LLM-oriented cell sentence. Recent studies recast single-cell profiles as language-like token
sequences for direct processing by large language models, enabling instruction-based and question-
answering frameworks over cellular states. In doing so, they treat cellular measurements as linguistic
units and harness the reasoning and generative capacities of text-pretrained models. For example,
Cell2Sentence [59] represents single-cell transcriptomes directly in natural language as a ranked list
of gene symbols ordered by expression value, a textual sequence equivalent of the "cell sentence"
that can directly be tokenized by any language model without architectural modification, and C2S-
Scale [60] further scales this paradigm to multimodal, instruction-tuned single-cell language models
with multi-cell reasoning capabilities. CellTok [29] encodes multiple cells simultaneously into discrete,
compressed VQ tokens and combines them with free-text prompts to form joint input sequences
for large language models. CellHermes [61] further encodes protein—protein interaction graphs into
language-like input sequences through graph-derived question-answer formulations.

In sum, scFMs have adopted diverse tokenization strategies to reconcile sparse, noisy and high-
dimensional omics profiles with the demands of foundation models. These span gene-level cell
sentences, latent codebooks, biologically informed relational tokens and language-aligned cellular
representations. Tokenization is thus evolving from a preprocessing step into a key mechanism for
encoding biological prior knowledge. A central challenge is to preserve informative biological variation
while suppressing technical noise, thereby enabling scalable pretraining and transferable downstream
performance. As scFMs expand toward multimodal and language-integrated settings, tokenization
will likely remain a major determinant of both model capability and biological interpretability.

2.2. Model Backbone

Backbone architectures determine the representational capacity, scalability, and interpretability of
scFMs. Because single-cell data are high-dimensional, sparse, and shaped by complex regulatory de-
pendencies, scFMs have adopted diverse architectural paradigms (see Figure 3). Transformers remain
the dominant backbone, LLM-based models extend generative and instruction-tuned capabilities, and
alternative architectures such as Hyena operators, state-space models, and graph neural networks aim
to improve scalability.

2.2.1. Transformer

Transformer and attention-based architectures constitute the dominant backbone paradigm for
current scFMs [20,62,63], owing to their flexible token-mixing mechanisms, strong contextual model-
ing capacity, and compatibility with large-scale pretraining across diverse single-cell modalities. To
mitigate the ensuing computational and memory bottlenecks, canonical backbones are increasingly
augmented with scalability-oriented attention mechanisms. These include kernel-based linear approxi-
mations such as Performer [64], as adopted by models including scFoundation [26] and scLong [43];
accelerated exact attention implementations such as FlashAttention-2 [65], utilized by scGPT [25] and
Tabula [66]; and retention-based strategies such as RetNet [67] applied by CellEM [27]. Beyond effi-
ciency, emerging scFMs incorporate structurally informed attention to impose biologically grounded
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inductive biases. STOFM [51] uses a specialized Transformer variant to encode spatial distances in
attention, enabling rotation- and translation-invariant modeling of cell-cell interactions and tissue
organization. Stack [68] instead factorizes intra- and inter-cellular attention, reframing the Transformer
as a set-structured operator over cell collections. These two lines of work extend attention in comple-
mentary directions—scaling it to increasingly large single-cell representations and shaping how tokens
interact to reflect biological organization. Both build on the flexibility of attention for single-cell data,
allowing dependencies among gene or cell tokens to be learned without requiring them to be fully
specified in advance.
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Figure 3. Comparison of neural network architectures for modeling single-cell gene-by-cell matrices. Each
row illustrates how a representative backbone encodes or generates gene-expression profiles represented by gene
identities and expression values. Transformers use self-attention for global token mixing; Hyena and state-space
models provide scalable alternatives for long-range dependency modeling; Perceiver models compress high-
dimensional inputs into latent arrays; graph neural networks incorporate relational biological structure through
message passing; and diffusion models reconstruct or generate cell profiles through iterative denoising. Figure
created in BioRender.

2.2.2. LLM-Based

Rather than training domain-specific foundation models from scratch, some scFMs adopt LLM-
derived backbones, adapting open-source large language models such as LLaMA [69], Qwen [70], and
BioGPT [71] to biological and cellular token spaces. As a result, the scale and pretraining of LLMs
endow LLM-based scFMs not only with generative and linguistic capabilities, but also with prior
knowledge acquired from natural language corpora. Such knowledge can transfer to downstream
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tasks, particularly those including language understanding such as question answering and captioning
tasks. In this paradigm, LLMs act as general-purpose generative sequence engines whose scale
and pretraining confer strong expressive and generative capacity on scFMs. Through biological
tokenization schemes and lightweight projection layers, these backbones are augmented with gene-,
cell-, or multimodal tokens, enabling unified training and instruction tuning over single-cell data
and auxiliary biological corpora. Representative examples include Cell2Sentence [59], C2S-Scale [60],
and CellTok [29], which leverage open-sourced LLM backbones for large-scale cellular generative
modeling.

2.2.3. Structured and Alternative Backbones

Beyond attention-based and LLM-derived architectures, an emerging line of work explores struc-
tured and alternative backbones, such as Hyena operators, state-space models and graph neural
networks, to efficiently capture long-range dependencies, continuous dynamics, and relational biologi-
cal structure, respectively, which are difficult to encode within purely attention-based frameworks.

Hyena operator Beyond attention-based sequence models, convolution-based architectures such
as the Hyena operator [72] explore efficient alternatives for long-context modeling. Hyena replaces
quadratic self-attention with implicitly parameterized long convolutions and data-dependent gating,
enabling subquadratic sequence modeling [72]. Building on this backbone, scLinguist [49] models
full gene set of up to 19,202 genes, efficiently capturing genome-wide gene—gene dependencies in
large-scale generative tasks.

State space model State-space models serve as another option for efficient long-context modeling.
Mambea [73] uses selective state-space layers to achieve linear-time sequence modeling without explicit
self-attention. Building on this framework, GeneMamba [74] introduces a bidirectional Bi-Mamba
architecture, whereas SCAREF [75] modifies Mamba for high-dimensional multimodal single-cell data
to better capture global gene relationships.

Perceiver The Perceiver architecture [76] addresses the scalability limits of Transformers by using
an asymmetric attention mechanism to distill high-dimensional inputs into a tight latent bottleneck.
This design decouples computational cost from input size, enabling the model to handle hundreds
of thousands of features. Building on this, GeneJepa [77] and PETRI [78] both use Perceiver-style
encoders to compress high-dimensional transcriptomic inputs into a fixed set of latent tokens for
efficient representation learning.

Graph neural network Graph-based approaches are increasingly used to capture higher-order
biological structure and relational dependencies. scLong [43] incorporates gene ontology priors
through graph convolution, while Cell-GraphCompass [42] represents each cell as a gene graph that
integrates transcriptional, textual, regulatory, co-expression, and positional information. In contrast,
scPRINT-2 [34] focuses on intercellular context, using a GNN-based multi-cell encoder to incorporate
neighboring-cell expression information.

Diffusion model Diffusion-based architectures remain relatively rare in current scEMs, but they
provide a non-autoregressive alternative for modeling sparse and unordered cellular states. ScDiVa [79]
formulates single-cell modeling as masked discrete diffusion, using a bidirectional denoiser to recover
both gene identities and expression magnitudes under dropout-like corruption. Extending this
paradigm to perturbation settings, models such as X-Cell [80] frame causal perturbation prediction
across diverse cellular contexts as a diffusion language modeling problem.

Fully connected network In contrast to structured sequence and graph-based backbones, SCim-
ilarity [81] adopts a fully connected network together with metric-learning objectives to learn cell
embeddings, offering a lightweight alternative to more complex backbone designs.

Taken together, these backbones illustrate how architecture, like tokenization, provides a means
to encode biological structure rather than leaving it entirely to be learned from data. Sequence length,
relational organization and the sparse, count-valued nature of gene expression can each be reflected
explicitly in architectural design. As single-cell datasets continue to expand in scale and modality, this
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broader design space offers complementary routes to computational efficiency and biological fidelity
beyond attention alone.

2.3. Model Efficiency and Scalability

As single-cell atlases expand toward billions of cells, efficiency and scalability have become
increasingly important for scFMs. However, early models were not always primarily optimized for
scalability, which may have constrained their predictive capacity and broader downstream applicability.
This section considers recent strategies for scalable scFMs and assesses empirical evidence on whether
scaling indeed leads to consistent performance gains.

2.3.1. Scalable Architectures

Architectural routes to efficiency—efficient attention variants, state-space and long-convolution
models, and latent-bottleneck designs—were discussed above; complementary gains come from
hardware-aware implementations such as FlashAttention and Transformer Engine[82], and from
sparse or conditional computation. Scalability can also be enhanced through sparse and conditional
computation. Graph-based architectures restrict interactions to sparse gene—gene networks derived
from co-expression or regulatory structure, thereby reducing computation while retaining biologically
meaningful dependencies. Mixture-of-Experts (MoE) architectures [83] provide a complementary
strategy by dynamically routing inputs to specialized subnetworks while retaining a shared backbone.
For example, scGPT-spatial [46] uses protocol-aware expert routing to adapt a pretrained model
across heterogeneous spatial transcriptomics platforms. OmniCell [84] introduces a gene-aware MoE
value-embedding module, in which expression values are routed to gene-conditioned experts to model
gene-specific expression distributions alongside intracellular programmes and intercellular spatial
dependencies.

Together, these strategies reduce cost from two directions: making each operation cheaper, and
ensuring that only part of the model is active for any given input. The two are complementary, and
combining them allows model capacity to grow without a proportional increase in computation per
cell.

2.3.2. Token Compression

Token compression provides another route to scalable modeling by reducing input dimensionality.
Some early approaches rely on selecting highly variable genes, but these may omit relevant signals.
More advanced methods, such as vector quantization based approaches adopted by CellTok [29] and
RVQ-Alpha [31], learn latent representations that compress inputs while preserving biological meaning.
Structural compression methods—such as graph tokens and hierarchical representations—reduce
redundancy by grouping genes into modules or relational units. Recent cross-scale architectures such
as PULSAR [38] and XPressor [85] compress gene-level representations into compact cell-state vectors
and, in the case of XPressor, decompress them back to the gene-level features, enabling joint learning
across molecular and cellular scales while reducing the cost of transferring information between
resolutions. PULSAR pushes this concept to tissue and patient level representations. These strategies
not only improve efficiency but also align with biological structure, supporting generalizable and
interpretable models across large-scale datasets.

2.3.3. Parameter-Efficient Tuning

In downstream applications, modern scFMs face several practical constraints, including large
model size, limited computational resources and the risk of catastrophic forgetting [86], whereby
task-specific fine-tuning can erode previously acquired knowledge. These challenges collectively
necessitate efficient and scalable adaptation strategies. This has motivated the adoption of parameter-
efficient tuning approaches, which treat scFMs as strong initializations and enable task adaptation with
minimal additional parameters. Concretely, these methods freeze most backbone weights and optimize
only lightweight task-specific components, such as prefix adapters [87] and low-rank adaptations [88],
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substantially reducing memory footprint and optimization cost. A representative example is the
scPEFT framework [89], which integrates low-dimensional, pluggable adapters into scFMs while
keeping the backbone frozen, enabling efficient domain adaptation with dramatically fewer trainable
parameters and lower GPU memory usage. It demonstrates that parameter-efficient designs can
mitigate catastrophic forgetting while supporting robust adaptation across disease-specific, cross-
species, and undercharacterized cell populations. Among existing techniques, Low-Rank Adaptation
(LoRA) has been widely adopted in recent scFM studies, including CellFM [27], CellTok [29], and
C2S-Scale [60]. Quantized LoRA [90] was also demonstrated to be an effective method for resource-
efficient fine-tuning and inference while retaining biological knowledge, matching performance of full
precision models [91]. Such techniques broaden the accessibility of large-scale models to researchers
with limited GPU resources.

2.4. Model Scaling Behavior

In natural language processing, large language models exhibit explicit scaling laws, with perfor-
mance improving predictably as model size, data set volume, and computational resources increase [92].
This raises the question of whether scFMs exhibit comparable scaling behaviour, and whether increases
in model size and pretraining data consistently translate into improved biological understanding and
downstream performance, particularly as increasing resources are devoted to scaling both dimensions
(see Figure 4).

The current evidence in scFMs is mixed rather than uniformly monotonic. On the one hand,
several studies report clear benefits from scaling. C25-Scale shows consistent gains with increasing
model size and compute budget [60]. Similarly, scTab reports that performance scales with both
training dataset size and model size [93], Stack observes improved validation performance across
model configurations scaling from 69 to 629 million parameters [68], and Geneformer-V2 shows that
larger pretraining corpora, increased model size, and expanded input context can improve zero-shot
predictions [91].

However, the scaling behaviors do not appear uniformly across models, tasks, or evaluation
settings. Zero-shot benchmarking studies of scGPT and Geneformer suggest that larger pretraining
datasets do not always translate into better biological performance [94]. CellFM further illustrates that
scaling effects can be task-dependent: although the full 800M-parameter model is strong after fine-
tuning, smaller variants were preferred in some zero-shot annotation settings [27]. Recent perturbation
benchmarks likewise suggest that the benefits of larger and more expressive models depend strongly
on dataset scale, heterogeneity, and fine-tuning data size, rather than emerging as a universal scaling
law [15].

Collectively, the scaling law in biological foundation models is more contingent than in natural
language models, depending not only on model and data size, but also on training objectives, biological
context, and evaluation protocol. Recent perspective work further argues that progress toward virtual
cells may depend less on scale alone than on sufficient coverage of diverse biological contexts and the
ability to generalize across them [95]. A critical report found no clear evidence of data scaling laws
for scFMs across zero-shot and fine-tuning tasks, suggesting that future model development should
emphasize a principled balance among model capacity, dataset scale and computational budget, rather
than indiscriminately increasing all three [96]. Indeed, both the original Geneformer and Geneformer-
V2 demonstrate that the largest gains are from increasing the diversity of the pretraining corpus, rather
than solely increasing the number of examples within the same context [28,91]. Consequently, scaling
in unimodal transcriptomic models may depend less on data volume alone than on the diversity of
biological contexts represented during pretraining and the model’s ability to generalize across them.
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Figure 4. Scaling of scFMs over time. Model parameter count (a, n = 50) and pretraining data scale in cells (b,
n = 61) plotted against earliest release date; only non-LLM scFMs with a documented value for the respective
quantity are included, and size-variant families are shown as a single representative model. a. Model size spans
0.25M to 4.9 B parameters, growing roughly four orders of magnitude since 2021. b. Pretraining corpora span
0.1 M to 360 M cells over the same period.

3. Pretraining Datasets and Preprocessing

As shown in Figure 2, scFMs rely on large, diverse, and systematically curated atlases that
integrate cells across tissues, conditions, technologies, and molecular modalities [8,97]. In this section,
we examine single-cell multimodal resources used for pretraining (Supplementary Table S1) and
discuss major frameworks for preprocessing and data analysis (Supplementary Table S2).

3.1. Single-Cell Transcriptomic Datasets

Human single-cell transcriptomic data is deposited primarily in long-standing repositories such
as Gene Expression Omnibus (GEO) [98] and EMBL-EBI [99], which serve as critical upstream sources
of raw data. To bridge the gap between fragmented datasets, platforms like the Human Cell Atlas [100],
UCSC Cell Browser [101], Chan Zuckerberg Initiative (CZI) CELLxGENE [102], and Broad Institute’s
Single Cell Portal [103] have emerged as major community hubs, providing resources amenable to
standardization and integration for assembling large, heterogeneous pretraining corpora. Furthermore,
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integrated atlas efforts and databases such as Tabula Sapiens [7], hECA [104], and DISCO [105] offer
deeply annotated, multi-tissue human references with standardized cell-type labels. These high-
quality, integrated resources enable structured and biologically grounded representation learning at an
unprecedented scale. Recently, scBaseCount [106] has been developed as a next-generation single-cell
data infrastructure that autonomously mines, curates, and uniformly reprocesses raw scRNA-seq
datasets directly from the Sequence Read Archive (SRA) [107] leveraging Al agents, establishing the
largest Al-agent-curated repository of single-cell transcriptomes to date. However, because public
data platforms may not enforce preprocessing standards tailored to foundation model training, careful
curation and standardized preprocessing are essential instead of relying on default matrix fields.

3.2. Multimodal Datasets

Beyond conventional transcriptomic atlases, pretraining resources are rapidly expanding across
proteomic, multi-omic, and spatial modalities. For joint chromatin accessibility and transcriptional
profiling, X-Omics [75] assembles over 2.7 million cells across multiple tissues and species for scRNA-
seq/scATAC-seq pretraining. hECA v2.0 [108] integrates 10.8 million uniformly annotated human
scRNA-seq profiles and more than 1.4 million scATAC-seq profiles across 42 organs and tissues, with
standardized expression and accessibility matrices, harmonized metadata, and manually curated
uHAF-based cell-type annotations. In single-cell proteomics, SPDB [109] integrates antibody-based,
mass spectrometry-based, and paired RNA-protein datasets at atlas scale. Spatial resources have
also reached pretraining scale: SpatialCorpus-110M [50] combines 57 million dissociated cells with 53
million spatially resolved cells, whereas SToCorpus-88M [51] provides a large high-resolution spatial
transcriptomic corpus for spatially informed foundation modeling.

3.3. Perturbational Datasets

In perturbation biology, Tahoe-100M [110] provides a 100-million-cell atlas of small-molecule
responses across diverse cancer cell lines, whereas X-Atlas/Orion [111] offers a large public genome-
wide Perturb-seq resource for dose-dependent perturbation modeling. More recently, X-Cell was
trained on X-Atlas/Pisces [80], a 25.6-million-cell genome-wide CRISPRi Perturb-seq dataset spanning
16 cellular contexts, highlighting the growing scale and contextual breadth of perturbational corpora.
Complementary repositories such as PerturBase [112] further organize and harmonize genetic and
chemical perturbation datasets across studies, while paired assays such as Perturb-multiome [113]
illustrate the emerging availability of perturbational RNA-plus-chromatin readouts. Furthermore, the
Human Cytokine Dictionary [114] extends this landscape to immune signaling perturbations, profiling
9.7 million human PBMCs stimulated with 90 cytokines to define cell-type-resolved transcriptional
response signatures. Such datasets that map causal perturbations are critical to enabling models to
understand the causality in cell state regulation and are a major focus of current data generation efforts.

3.4. Data Formats and Frameworks

scFMs are typically pretrained on corpora organized using standardized annotated matrix con-
tainers that support large-scale, heterogeneous datasets. AnnData [115] has become the dominant
in-memory data structure for single-cell matrices, with common on-disk formats including h5ad and
loom, and multimodal containers such as MuData extending this framework to paired measurements.
R packages such as Seurat [4] and Python frameworks including Scanpy [115], scvi-tools [116], and
Pertpy [117] provide unified APIs for preprocessing, integration, and dataset assembly. Tokenized
datasets are also commonly stored in the Hugging Face Datasets (.dataset) [118] structure, which
is based on the Apache Arrow format that allows processing of large datasets with zero-copy reads
without memory constraints. These frameworks facilitate scalable data management and reproducible
construction of pretraining corpora spanning multiple studies and modalities.

Taken together, these resources highlight that the value of large pretraining corpora depends not
only on scale but also on how well the data are organized and curated. Standardized annotations,
harmonized metadata and consistent reprocessing improve the extent to which heterogeneous datasets
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can be integrated and exploited. Resources that combine scale with such curation, particularly across
diverse tissues, technologies and perturbations, therefore provide a strong foundation for transferable
representation learning.

4. Pretraining Objectives

Building upon the heterogeneous input representations and tokenization strategies, diverse
pretraining objectives have been developed to optimize the reconstruction, generation, and alignment
of embeddings within and across cells. This section discusses these objectives from a modality
perspective, encompassing unimodal, multimodal, and LLM-based frameworks.

4.1. Unimodal Single-Cell Foundation Models

Recent scFMs trained within a single omic modality mainly focus on learning robust representa-
tions from large-scale single-cell RNA-seq (scRNA-seq) and ATAC-seq (scATAC-seq) data through
a variety of pretraining objectives. These objectives can be broadly categorized into reconstruction,
autoregressive generation, contrastive or relational alignment, and supervised- or conditional-based
tasks (see Table 1).

Table 1. Pretraining objectives of unimodal single-cell foundation models.

Release Autoregressive  Contrastive Relational Supervised

Model Modality date Reconstruction generation learning modeling label-informed
MaxToki [82] scRNA-seq  2026-04-01 - v - - -
Lingshu-Cell [119] scRNA-seq  2026-03-26 v - - - -
CellVQ [120] scRNA-seq  2026-03-16 v - - -

ScDiVa [79] scRNA-seq  2026-02-03 v - - - -
Stack [68] scRNA-seq  2026-01-09 v - - - -
scPRINT-2 [34] scRNA-seq  2025-12-15 v - v -

PULSAR [38] scRNA-seq  2025-11-26 v - - -
scConcept [121] scRNA-seq  2025-10-15 - - v - -
TranscriptFormer [36] scRNA-seq  2025-04-29 - - -
TEDDY [122] scRNA-seq  2025-03-05 v - -

RegFormer [123] scRNA-seq  2025-01-24 v - v -
Tabula [66] scRNA-seq  2025-01-06 v - v - -
scLong [43] scRNA-seq  2024-11-11 v - - - -
CancerFoundation [124]  scRNA-seq  2024-11-02 v - - -

AIDO.Cell [125] scRNA-seq  2024-10-13 v - - - -
GeneMamba [74] scRNA-seq  2024-09-27 - v - -
scCello [126] scRNA-seq  2024-08-22 v - v v
Geneformer-V2 [91] scRNA-seq  2024-08-19 v - - - -
scPRINT [33] scRNA-seq  2024-07-29 v - v - v
CellFM [27] scRNA-seq  2024-06-06 v - - - -
Cell-GraphCompass [42] scRNA-seq  2024-06-06 v - -
scMulan [127] scRNA-seq  2024-01-29 - - v
UCE [39] scRNA-seq  2023-11-29 v - - -
CellPLM [128] scRNA-seq  2023-10-05 v - -
GeneCompass [40] scRNA-seq  2023-09-28 v - - - -
SCimilarity [81] scRNA-seq  2023-07-19 v v - v
scFoundation [26] scRNA-seq  2023-05-31 v - - - -
scGPT [25] scRNA-seq  2023-05-01 - - - -
xTrimoGene [129] scRNA-seq  2023-03-25 v - - - -
SATURN [35] scRNA-seq  2023-02-03 v - - -
Geneformer [28] scRNA-seq  2022-09-28 v - - - -
tGPT [130] scRNA-seq  2022-02-02 - - - -
scBERT [24] scRNA-seq  2021-12-07 v - - - -
Atacformer [131] scATAC-seq 2025-11-03 - - - -

CLM-Access [132] scATAC-seq  2025-08-10 v - - - -
ChromFound [133] scATAC-seq  2025-05-19 v - - - -
EpiAgent [134] scATAC-seq  2024-12-19 v - - -
GET [55] scATAC-seq 2023-09-24 v - - - -

4.1.1. Reconstruction-Based Modeling

A large subset of scFMs relies on reconstruction-based objectives to learn robust representations
from sparse transcriptomic profiles. Many of these approaches are inspired by BERT-style masked
modeling [11], in which a subset of genes or expression values is corrupted and reconstructed from
the remaining context. Representative examples include scBERT [24] and Geneformer [28]. scFoun-
dation [26] extends masked gene modeling with a read-depth-aware denoising objective, predicting
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masked expression values in the original profile from a partially masked low-depth input conditioned
on source and target total-count indicators. In the same vein, scPRINT [33,34] adopts a denoising
reconstruction objective in which expression profiles are corrupted by downsampling transcript counts
to emulate shallow sequencing, and the model is trained to recover the full-depth profile.

Beyond within-cell reconstruction, some models broaden the objective to more general formu-
lations. SATURN [35], for example, adopts an autoencoder-style objective to reconstruct expression
profiles from macrogene (clusters of genes sharing similar protein embeddings) representations,
whereas CellPLM [128] extends reconstruction across inter-cell contexts to incorporate information
from neighboring cells. Tabula [66] further reformulates single-cell pretraining as tabular recon-
struction at the row level (gene), while emphasizing column-wise (cell) feature correlation rather
than token-level prediction. Stack [68] likewise adopts a reconstruction-based objective, but embeds
each cell within a contextual set of neighboring cells, enabling expression recovery to incorporate
inter-cellular context during pretraining. In a graph-based setting, Cell-GraphCompass [42] performs
feature-level reconstruction within a graph-structured cellular representation. Generalizing masked
modeling across a continuum of corruption levels, the recent ScDiVa [79] casts pretraining as masked
discrete diffusion, where depth-invariant time sampling and a dual denoising objective are used to
recover both gene identities and expression magnitudes across varying sparsity levels.

Across these methods, the shared recipe is to corrupt expression and learn to restore it. They differ
mainly in what is corrupted (e.g. gene tokens, expression values, or sequencing depth), the context
from which recovery is inferred (e.g. within-cell, inter-cell, or graph-structured), and the corruption
mechanism itself (e.g. discrete masking, count downsampling, or diffusion).

4.1.2. Autoregressive Generation

In contrast to reconstruction-based objectives, a smaller subset of scFMs adopts autoregressive
generation, modeling cellular profiles as sequences generated token by token in a GPT-like manner [135,
136]. tGPT [130] conceptualizes each cellular expression profile as an ordered sequence of gene tokens
and applies next-token prediction to expression-ranked gene lists. In contrast, scGPT [25] relaxes
this assumption by treating gene expression as an unordered set and introducing a tailored attention-
masking mechanism that enables autoregressive learning without imposing a fixed biological order.
On the other hand, RegFormer [123] introduces a biologically grounded order: it arranges genes
along a GRN-derived topological sort and, jointly with masked-value and cell-level reconstruction,
optimizes a next-gene-prediction objective along this ordering to encode transcriptional directionality.
TranscriptFormer [36] further extends this paradigm into a fully autoregressive generative framework
that jointly models gene identities and expression magnitudes, thereby capturing both which genes
are expressed and to what extent.

Taken together, these models differ in how they impose order on the inherently unordered tran-
scriptome and in how much they generate, ranging from gene identities alone to the joint generation
of identity and expression magnitude.

4.1.3. Contrastive Learning and Relational Modeling

Beyond reconstruction and autoregressive generation, an emerging group of scFMs learns repre-
sentations by explicitly modeling similarity structure across cells, genes, or regulatory elements. In
contrastive learning, the model is trained to align biologically related views while separating dissim-
ilar ones, thereby organizing cells in a semantically meaningful embedding space. SCimilarity [81]
combines an unsupervised reconstruction objective with annotation-informed triplet metric learning,
where positive and negative pairs are constructed from cell-type annotations harmonized through
the cell ontology, making it a hybrid label-informed contrastive paradigm rather than a purely self-
supervised one. scCello [126] similarly introduces ontology-guided contrastive alignment. By contrast,
scConcept [121] adopts a purely self-supervised cell-level contrastive objective that matches hetero-
geneous gene-panel views of the same cell, yielding panel- and technology-robust representations.
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Together, these objectives support zero-shot transfer through embedding alignment, but they are not
directly equivalent in their use of label information.

Closely related to contrastive learning, relational modeling introduces an explicit structural
inductive bias into pretraining by modeling dependencies among biological entities. Rather than only
aligning similar embeddings, these approaches directly encode interactions or structured relations
such as cell—cell, gene—gene, or cell-regulatory-element dependencies. EpiAgent [134] captures cell-
cCRE relations through a binary prediction task over regulatory accessibility, thereby aligning cellular
representations with the chromatin regulatory landscape. Two models introduced earlier also fall
under this relational view: RegFormer [123], presented above as an autoregressive model, encodes
gene—gene dependencies through its GRN-derived gene ordering, while Cell-GraphCompass [42],
pretrained with a graph-based reconstruction objective, embeds such dependencies over biologically
informed cellular graphs. Collectively, these models move beyond isolated cell reconstruction by
organizing representations according to biological similarity and structured dependency.

4.1.4. Supervised Prediction

Another group of scFMs introduces an explicit label or category as a prediction target during
pretraining, steering representations toward discrete distinctions that range from curated biological
annotations to self-generated discriminative labels. scMulan [127] performs conditional pretraining,
jointly predicting masked genes, expression values, and cell metadata, so that annotation labels are
learned alongside the reconstruction objective. scPRINT and scPRINT-2 [33,34] similarly augment
their denoising objective with hierarchical label prediction, disentangling embeddings across attributes
such as cell type, disease, and species. TEDDY [122] instead relies on annotation-oriented supervision
to encode cell-state information directly into the latent space. At the other end of the spectrum,
Atacformer [131] predicts a self-generated rather than biological label: its ELECTRA-style replaced-
token detection trains the model to discriminate corrupted from genuine regulatory tokens. Although
the supervisory signal differs—from biological annotations to artificially constructed labels—these
objectives share the use of an explicit discrete target to shape the representation space.

4.2. Multimodal Single-Cell Foundation Models

While unimodal foundation models primarily focus on learning representations within indi-
vidual omic spaces, multi-modal scFMs extend this paradigm toward integrative modeling across
heterogeneous data types, including transcriptomic, epigenomic, proteomic, and spatial imaging
modalities [13]. By jointly encoding complementary molecular and spatial information, these models
aim to construct unified cellular representations that capture both intra- and inter-modality dependen-
cies. Pretraining objectives for multi-modal FMs can be broadly categorized into modality-specific
reconstruction, cross-modality alignment, and task-informed supervision (see Table 2).

4.2.1. Modality-Specific Reconstruction

Many multi-modal foundation models retain within-modality self-reconstruction (e.g., masked
value recovery, autoregressive prediction, or denoising) while enforcing cross-modality or spatial
consistency through auxiliary losses. These objectives allow the model to preserve modality-specific
signal structures, enhancing its capacity for each modality’s distinct representation.
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Table 2. Pretraining objectives of multi-modal single-cell foundation models. ST indicates spatial transcriptomics.
H&E indicates hematoxylin and eosin.

Cross-modality
T

- Release Unimodal representation Task-specific
Models Modalities date Autoregressive Ll:lent predictive  Djstribution-level Contrastive P
R uction i 1 Al alignment learning

ScRNA-seq,
SCALE [137] Perturbation 2026-03-19 - - - v - -

scRNA-seq, Matches perturbation
X-Cell [80] Perturbation 2026-03-18 - - - v - effects via concordance

scRNA-seq,
PerturbGen [138] Perturbation 2026-03-05 v - - - - -

scRNA-seq,
Tahoe-x1 [47] Perturbation 2025-10-23 v - - - - -

scRNA-seq,
GeneJepa [77] Perturbation 2025-10-15 - - v - - -

scRNA-seq, Predicts perturbation
STATE [139] Perturbation 2025-06-26 - - - v - outcomes across experiments

scRNA-seq/snRNA-seq,

XVERSE [140] ST 2026-04-12 ' - - - - -

Multiplexed Applies self-distillation
KRONOS [57] spatial proteomics 2025-06-03 ' - - - - for representation learning
OmniCell [84] ST (Spatial location) ~ 2025-12-29 v - - - - -
AIDO.Tissue [141] ST (Spatial location) 2025-06-11 v - - - - -

Recovers pairwise cell distances after

SToFM [51] ST (Spatial location) 2025-05-01 v - - - - perturbed pairwise distances
Nicheformer [50] ST (Spatial location) 2024-04-15 v - - - - -

Intra-spot and inter-spot
scGPT-spatial [46] ST (Spatial location) 2025-02-05 - v - - - gene expression prediction
stFormer [48] ST (Spatial location) 2024-09-27 v - - - - -

Swapped assignment with
Novae [142] ST (Spatial location) 2024-09-09 - - - - - OT-regularized prototypes
ST (Spatial location,
H&E image),
SQUALL [143] H&E image 2026-06-03 v - - - - -
ST (Spatial location,
STORM [144] H&E image) 2026-04-04 v - - - - -
ST (Spatial location,
SpatialFusion [145] H&E image) 2025-03-18 v - - - - Latent alignment for paired modalities
ST (Spatial location,
SpaFoundation [146] H&E image) 2025-08-11 v - - - - Self distillation
ST (Spatial location,
OmiCLIP [52] H&E image) 2025-05-29 - - - - v -
ST (Spatial location,
STPath [147] H&E image) 2025-04-24 v - - - - -
ST (Spatial location,
ST-Align [148] H&E image) 2024-11-25 - - - - v -
scRNA-seq, scATAC-seq,
HoloCell [58] Proteomics 2026-06-11 v - - - v -
scRNA-seq,
CLM-X [56] scATAC-seq 2026-02-18 v - - - - -
scRNA-seq, Predicts binary gene
EpiFoundation [149] scATAC-seq 2026-02-05 - - - - - expression from ATAC peaks
scRNA-seq,
SCAREF [75] scATAC-seq 2025-04-13 v - - - v -
scRNA-seq, Predicts gene expression
PertFormer [54] scATAC-seq 2024-12-22 v - - - - using multi-omic data
scRNA-seq, Predicts protein abundance
scLinguist [49] Proteomics 2025-10-01 v - - - - from RNA expression data
scRNA-seq, Predicts protein abundance
CAPTAIN [150] Proteomics 2025-07-08 v - - - - from RNA expression data
scRNA-seq, Predicts protein abundance
scTranslator [53] Proteomics 2023-07-04 - - - - - from RNA expression data

Note: Novae, EpiFoundation, and scTranslator rely solely on task-specific objectives.

scRNA-seq, Perturbation. Tahoe-x1 [47] employs a masked reconstruction strategy, utilizing
remaining gene expressions and contextual metadata to recover masked values, with an objective
combining gene-level and cell-level MSE losses. PerturbGen [138] adopts a masked token predic-
tion objective, reconstructing discrete gene tokens at masked positions using a cross-entropy loss,
with conditioning provided via cross-attention. GeneJepa [77] shifts from raw-value reconstruc-
tion to latent-space prediction under a Joint-Embedding Predictive Architecture (JEPA) [151], where
masked components are predicted in embedding space and regularized by a Variance-Invariance-
Covariance Regularization (VICReg) loss to enforce variance, invariance, and decorrelation. In contrast,
SCALE [137] formulates perturbation modeling as a conditional transport objective, aligning control
and perturbed distributions in latent space under paired endpoint supervision. While both operate
in latent space, SCALE differs from JEPA by focusing on distribution-level alignment rather than
predictive representation learning. X-Cell [80] further extends this paradigm by employing a com-
posite objective centered on distribution-level alignment (MMD), supplemented with statistical and
contrastive regularization terms. In general, these approaches take advantage of the insight into
causality offered by causal perturbation data to teach models about the wiring within the cell that
regulates cell state transitions.

ST (Spatial location). scGPT-spatial [46] follows the next-token prediction paradigm of scGPT,
extending generative pretraining to spatial transcriptomics. In contrast, models such as SToFM [51]
and Nicheformer [50] focus on masked value prediction within transcriptomic embeddings. These
models use unmasked tokens as context to predict the original masked tokens and optimize for masked
reconstruction loss. Moving beyond direct value-level recovery, OmniCell [84] refines the masked
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reconstruction objective by introducing soft-rank regression. Instead of targeting absolute expression
magnitudes, OmniCell employs a symmetric transformation and Huber loss to recover the relative
ordinal relationships of genes within local semantic contexts. This formulation aims to mitigate the
impact of technical noise inherent in absolute quantification, offering a robust alternative that preserves
the intrinsic continuity and relational structure of gene expression data.

ST (Spatial location, H&E image). STPath [147] applies masked gene reconstruction while
conditioning on H&E-stained histological images, spatial metadata, and unmasked gene expressions,
following a supervised, conditional masked prediction paradigm. spaFoundation [146] instead adopts
masked image modeling (MIM), learning local tissue semantics by predicting visual tokens for masked
histology patches in a self-supervised manner. These approaches thus take advantage of histology to
better inform models of the tissue structure influencing spatial gene expression.

Multiplexed spatial proteomics KRONOS [57] treats spatially resolved protein measurements as
multiplexed images and employs a masked image modeling (MIM) objective, reconstructing masked
spatial tokens from unmasked context under a BERT-style masked modeling paradigm. Again, this
approach aims to take advantage of spatial organization to inform protein expression patterns.

scRNA-seq, scATAC-seq. SCARF [75] applies masked feature reconstruction independently to
RNA and ATAC modalities, capturing complementary patterns of gene expression and chromatin
accessibility. PertFormer [54] similarly reconstructs DNA sequence and epigenetic signals to model
gene regulation across transcriptomic and epigenomic layers. CLM-X [56] further adopts a two-stage
pretraining strategy, combining unimodal masked reconstruction for representation initialization
with cross-modal conditional reconstruction on paired data to promote multimodal alignment and
complementarity. Integrating transcriptomic and accessibility profiles enables regulatory processes to
be examined across distinct molecular layers and timescales, linking relatively stable chromatin states
with more dynamic transcriptional responses.

scRNA-seq, Proteomics. CAPTAIN [150] uses masked gene-expression prediction to learn gene
dependencies by reconstructing masked genes from the remaining transcriptomic context. Similarly,
scLinguist [49] applies masked feature reconstruction across RNA and protein modalities to learn
modality-specific representations and support RNA-to-protein translation. Although single-cell pro-
teomic measurements remain more limited in coverage, resolution and scale than transcriptomic
data, proteins are more proximal to cellular phenotype and disease mechanisms. Integrating paired
RNA-protein measurements therefore leverages the scale of transcriptomic data to improve inference
in the more functionally informative proteomic layer.

4.2.2. Cross-Modality Alignment

Beyond within-modality reconstruction, an increasing number of multi-modal foundation models
introduce explicit cross-modality alignment objectives to enforce consistency between heterogeneous
data types. These objectives aim to bridge distinct feature spaces—such as transcriptomic, epige-
nomic, and H&E imaging representations—by aligning their latent embeddings through contrastive
or correlation-based constraints. In particular, contrastive learning has emerged as the dominant
paradigm, where cross-modal alignment is achieved by pulling together positive pairs while pushing
apart negative samples. This paradigm typically relies on the availability of paired data or well-defined
cross-modal correspondences to construct reliable positive pairs, which are then contrasted against
many negative samples during training.

ST (Spatial location, H&E image). Contrastive learning has become the dominant approach
for cross-modality alignment. Inspired by the CLIP framework, models such as ST-Align [148] and
OmiCLIP [52] define positive pairs across modalities (e.g., gene-image pairs) and contrast them
against unrelated samples to maximize inter-modality similarity. ST-Align performs multi-level spatial
alignment across niche, spot, and image representations, while OmiCLIP extends the CLIP-style
image-gene-text embedding alignment to biological data. However, contrastive alignment often relies
on paired data or well-defined positive pairs. PETRI [78] instead integrates unpaired image and
transcriptomic data through perturbation-grouped joint reconstruction.
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scRNA-seq, scATAC-seq. SCARF [75] applies contrastive learning between RNA and ATAC
modalities to ensure coherent multi-omic embeddings, facilitating cross-modal integration for more
accurate biological interpretations.

4.2.3. Task-Informed Supervision

Recent advances further extend pretraining objectives to incorporate diverse forms of biologi-
cal context, including perturbation signals, spatial organization, and multi-omic structure, thereby
improving the biological realism of learned representations.

scRNA-seq, Perturbation. Models such as STATE [139] predict perturbation-induced molecular
responses by integrating unperturbed cell populations with perturbation labels. Using a transformer
and a maximum mean discrepancy (MMD) loss, STATE minimizes the difference between predicted
and observed transcriptomes of perturbed cells, thereby modeling latent state dynamics across cellular
conditions.

ST (Spatial location). scGPT-spatial [46] encodes neighborhood information through spatial
embeddings and predicts masked gene expression tokens conditioned on local spatial graphs, enabling
the learning of spatially dependent co-expression patterns. Complementarily, the STOFM method
employs a Pairwise Distance Recovery (PDR) objective, which perturbs a subset of cell coordinates
with Gaussian noise and trains the model to reconstruct original pairwise distances using an MSE loss.
This dual approach enforces spatial consistency both at local and global geometric levels, yielding
spatially aware representations that support downstream tasks such as tissue reconstruction and
spatial perturbation analysis. Novae [142] leverages a SwAV-inspired self-supervised paradigm,
assigning each cell to a set of learnable soft prototypes and using a swapped cross-entropy loss to
align representations of paired neighboring subgraphs. Prototypes are learned via optimal transport
to ensure even assignment distribution and prevent mode collapse, enabling the model to capture
meaningful spatial domains without ground-truth labels.

scRNA-seq, scATAC-seq. PertFormer [54] combines DNA sequences and open chromatin profiles
to predict gene expression levels, integrating both transcriptional and regulatory information. By
performing in silico perturbations on genomic and epigenomic regions, it not only accurately predicts
gene expression responses, but also uncovers causal regulatory relationships between regulatory
perturbations and gene expression changes.

scRNA-seq, Proteomics. Models like scTranslator [53], CAPTAIN [150], and scLinguist [49] di-
rectly infer protein abundance from transcriptomic inputs, using loss functions such as mean squared
error (MSE) or maximum mean discrepancy (MMD). These task-informed objectives enable biologi-
cally meaningful cross-modal predictions, enhancing the interpretability of multi-omic integration.
By linking RNA expression with protein abundance, these models offer valuable insights into the
molecular mechanisms underlying cellular processes.

Taken together, multimodal objectives differ mainly in how much correspondence or supervision
they assume across data types. Within-modality reconstruction can be learned independently, whereas
alignment relies on paired observations or other defined correspondences, and task-informed objectives
introduce biologically meaningful targets or conditions to guide representation learning. Because large-
scale, reliably paired multimodal data remain limited, reconstruction-based objectives are broadly
applicable, whereas alignment and task-informed objectives become particularly valuable when
stronger cross-modal or biological supervision is available.

4.3. LLM-Enabled Single-Cell Foundation Models

An emerging class of scFMs incorporates large language models (LLMs) or textual biologi-
cal knowledge into cellular representation learning. By coupling sequencing profiles with natural
language, these frameworks enable cross-modal generation, biologically informed alignment, and
semantically enriched representations. Beyond representation quality, incorporating text allows users
to interact with these models through natural-language prompts to query and extract complex biologi-
cal information that would otherwise require specialized tools or domain expertise. From a training
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standpoint, many of these models are not trained from scratch but instead build upon pretrained
LLMs, adapting them to the single-cell domain through continual pretraining or parameter-efficient
fine-tuning. Based on their dominant training objectives and representation strategies, current text-
incorporated or LLM-based scFMs can be broadly grouped into five paradigms: reconstruction,
autoregressive generation, contrastive learning, relational modeling, and text-derived representation
learning (see Table 3).

Table 3. Pretraining objectives and representation strategies of text-incorporated or LLM-based single-cell
foundation models. ST indicates spatial transcriptomics.

Release Autoregressive  Contrastive Relational — Text-derived
Model Modality date Reconstruction generation learning modeling representation
TissueNarrator [152] ST, Text 2025-11-27 - v - - -
RVQ-Alpha [31] scRNA-seq, Text  2026-04-23 v v - - -
CellHermes [61] scRNA-seq, Text  2025-11-10 v v -
CellTok [29] scRNA-seq, Text 2025-10-24 v v - -
InstructCell [153] scRNA-seq, Text  2025-06-04 v v - -
C2S-Scale [60] scRNA-seq, Text 2025-04-17 - v -
scMMGPT [154] scRNA-seq, Text  2025-03-12 v v -
CellWhisperer [155]  scRNA-seq, Text 2024-10-18 - v

CELLama [156] scRNA-seq, Text 2024-05-10 - - v
LangCell [157] scRNA-seq, Text  2024-05-09 - - -
scELMo [45] scRNA-seq, Text 2023-12-08 - - - v
GenePT [44] scRNA-seq, Text  2023-10-19 - v

N
|
|

Cell2Sentence [59] scRNA-seq, Text 2023-09-14 -

4.3.1. Reconstruction-Based Modeling

Some language-integrated scFMs retain reconstruction objectives to preserve transcriptomic infor-
mation as cellular representations are coupled to language. For example, LangCell [157] reconstructs
masked gene identities alongside cell-text alignment objectives, preserving gene-level structure during
multimodal pretraining. CellTok [29], by contrast, uses reconstruction within a VQ-VAE to learn
discrete cellular codebooks that are subsequently integrated into the LLM vocabulary. Reconstruction
therefore serves distinct roles in these frameworks: as a grounding objective alongside multimodal
alignment in LangCell, or as the objective used to train the cellular tokenizer in CellTok. In both
cases, it helps retain transcriptomic information while enabling integration with language-based
representations.

4.3.2. Autoregressive Generation

Autoregressive generation is also adopted to model biological context and natural language
within a unified sequential framework. In these models, gene or cell tokens can be generated con-
ditioned on textual prompts or metadata, or, conversely, textual descriptions can be generated from
cellular representations. This idea was first explored in Cell2Sentence [59], which cast single-cell gene
expression as autoregressive generation of natural-language “cell sentences” within a question—answer
paradigm, and was extended by C2S-Scale [60] through multi-task pretraining objectives, includ-
ing autoregressive sequence modeling and more advanced question-answer tasks. Extending this
paradigm to spatial transcriptomics, TissueNarrator [152] serializes a local tissue neighborhood into a
“spatial sentence”—a proximity-ordered sequence of cell sentences augmented with explicit numerical
coordinate tokens and cell metadata—and fine-tunes a decoder-only LLM under a next-token objective,
enabling context-aware cell generation, in silico perturbation, and natural-language querying of tissue
organization. CellWhisperer [155] instead first builds an embedding model that aligns transcriptomes
with their matched textual annotations in a shared representation space, after which a generation
model produces gene tokens autoregressively. More recently, CellHermes [61] unifies several self-
supervised objectives—including masked-token recovery and autoregressive prediction—within a
single LLM by reformulating omics inputs as language-like question—answer templates. Together,
these models extend single-cell modeling from representation learning toward cross-modal generation
and language-guided biological interpretation.
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4.3.3. Contrastive Learning and Relational Modeling

Contrastive learning provides another important paradigm for aligning single-cell data with
natural language in a shared embedding space. For example, LangCell [157] and scMMGPT [154]
incorporate cell-text contrastive objectives to improve cross-modal alignment and semantic consistency
between transcriptomic profiles and textual descriptions. CellWhisperer [155] applies CLIP-style
contrastive learning over transcriptome—text pairs in its embedding model, enabling its chat model to
perform free-text-based cell retrieval and reference-free zero-shot cell annotation. In contrast, relational
modeling introduces structured biological priors into LLM-based single-cell learning. CellHermes [61]
reformulates graph-structured omics knowledge, such as protein—protein interaction networks, into
natural-language relation statements and question-answer templates, prompting the model to learn
biological relations through node- and link-level prediction within a unified language framework.

4.3.4. Text-Derived Representation

A complementary line of work uses pretrained LLMs as semantic encoders to derive single-
cell representations from textual biological knowledge, rather than optimizing explicit cross-modal
generation or alignment objectives. GenePT [44] and scELMo [45] convert gene descriptions and
associated metadata into text embeddings from pretrained language models, which are then aggregated
into cell-level representations. CELLama [156] similarly constructs sentence-like prompts that combine
gene identities with cell-level context to obtain LLM-derived embeddings. Together, these approaches
use language models primarily as semantic feature extractors for downstream single-cell analysis.
Taken together, these models leverage pretrained LLMs rather than training from scratch, adapting
them through continual pretraining or instruction tuning, or using them directly as semantic encoders,
while exploiting natural language as a unifying interface that lowers the barrier to flexible, prompt-
based analysis. Nonetheless, considerable room for improvement remains, including ensuring the
biological fidelity of generated profiles, reliably evaluating free-form outputs, and scaling these
models to larger multimodal datasets and spatially resolved tissues, ultimately enabling universal
conversational models for cellular analysis. Collectively, this line of work points toward general-
purpose, language-driven models that can not only represent but also simulate and reason about
cellular systems.

5. Applications of Single-Cell Foundation Models

Single-cell foundation models are redefining how downstream analyses are formulated and executed.
Rather than being optimized for individual tasks, scFMs provide transferable representations and flexible
interfaces that support a broad spectrum of applications. In this section, we outline major tasks across
biological scales and highlight emerging use cases in experimental biology (see Figure 5a—d).

5.1. Cross-scale applications

Single-cell foundation models have rapidly expanded beyond conventional cell-level analyses
and now support downstream applications across multiple biological scales. At the gene level,
pretrained representations can be exploited to simulate perturbations, infer regulatory interactions,
impute missing expression values, and predict functional gene attributes. These applications leverage
the observation that self-supervised pretraining encodes biologically meaningful gene relationships,
enabling foundation models to serve not only as predictive tools but also as hypothesis-generation
frameworks for studying gene function and regulation.



22 of 42

a Gene-level applications b Cell-level applications
Perturbation prediction Cell type annotation and label transfer
In silico pertubation @ i e F"",ifE,;‘:;.L o :;";5;?;“ o
atm "a"m . —
— ® @ T | scFM | — | Classifier
s Trajectory - :lnwn’:u;-ls Cnlllyp‘ulabul.:
changes Cell type deconvolution
(scFM) — ! _G_eujefrr_mf‘ -+ Predictor ,I . - _"'._’_;PF_'?_‘_' [ Erarms am _
Initial Perturbation __ | “Finetuned data. 3 e @ [p—
data T Information scFM e ey P —
ag B e | f—
Gene regulatory network prediction gatasal, b R
cere1 [ITTHA Cell type proportions %)
mmz EDID Multi-omics integration
I;'ljl_‘l;‘!aj G 2 D:EED TRNA _s! Call Embed
mgzl?n af pre-rall - *om ?'f".E."Z“f‘f ;
bl cares T + () v
 MultiHead | ek ls [T T + (avec,
Attention i i S * Cluster
Feak o aimans » Trajectory
= : LI + wiec, L
Feed Forward | SR mmedoval Wil inference
i Inferred network lokens tokens
‘Aftariion structure of Attention '
pre-trainad model weights Input embedding Transformer block Downstream
Impuitation Multi-batch integration
| Fineduned : |
! Gene ! | Imputation Imputed || (arem s | Call Embad . Post-hoc batch
e sCFM = ' bbd. “* | decoder - (scrm 1+ | ‘_:g"_E_"!bf‘! s correction .
= = - = e
Drug response prediction
c Donor-level applications
Heallh “Drug 2| T
=8 . EEREd y"'? ﬁ—bm lT—bEmbed—b :
> (scFM) > St :—- Classifier — wa S5 Predictor —»1*
"""" savers § | | —»(5cFM > _BuK & 2
Danor samplas Diseasa classificaton Bk data - [ Lrecttereziec Yort o coneorr T U
d Experiment-guiding applications

Hypothesis nomination

Response modeling
- ‘

p /‘\ T :
i 4 Validated =g > (ScFM ) —» | Validated
& — scFM - @ : _ hypoth 4 gﬁ i o B [ response
'y J-_ N A} i
Rercloke Exborimonta Infill stalsparturbiation e Erpammactl
e Opportunities and challenges
=== i,
== )
= ¥ RNA  protein  ATAC | S I i |
Tissue Multimodal Population-level Causal -
Spatial content organization readout modeling mudeling Contrastive |garni|‘|g
e -
©Zeze X~ CEIeCS) Ve T o
e CIG '}E =) —— -::-:.f(%.‘« )
r' a) :
Temporal and : Cell ontology @) — o Drl’fusuon and Predictive Iatent

lineage dynamics hierarchy Perturbation atlas

Multimodal biology

Downstream tasks
L
A
Benchmark Multiple organ & _Aging
evaluation tissues & rare cell type rejuvenation
% dcted u...“..
oo — T
i Perturbation Cross-species
Digital human prediction tranater

flow-based modeling and world model

Pretraining paradigm

ol
Al agent Hypaothesis

O o

Wet lab

Real-world barriers

Infrastructure

Privacy | accessibility

Figure 5. Applications of single-cell foundation models across biological scales. a. Gene-level applications.
scFMs enable gene-centric analyses, including perturbation prediction, gene regulatory network inference, and
missing data imputation. b. Cell-level applications. scFM-derived cellular embeddings support cell type
annotation, spatial transcriptomics deconvolution, multi-omics and cross-batch integration, and drug response
prediction. c. Aggregated scFM representations can be leveraged to train classifiers for clinical disease stratification
across patient cohorts. d. Experiment-guiding applications. scFMs bridge computational and experimental
workflows by nominating candidate regulators and modeling cellular responses to guide downstream validation.
e. Opportunities and challenges. The upper-left quadrant highlights expanding data types and biology-aware
multimodal modeling, whereas the upper-right quadrant focuses on emerging pretraining paradigms. The
lower-left quadrant presents challenges in downstream tasks, and the lower-right quadrant highlights practical
barriers to real-world application. Figure created in BioRender.
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At the cellular scale, scFMs are most commonly used as transferable representation learners for
cell type annotation, data integration, spatial deconvolution, and drug response prediction. In these
settings, pretrained embeddings provide a shared feature space that facilitates knowledge transfer
across datasets, modalities, and experimental conditions. More recently, emerging multicellular
models have begun extending these representations to tissue- and donor-level analyses by aggregating
information across cells to characterize individual biological states and predict clinical phenotypes.
Although such higher-order applications remain comparatively underexplored, they represent an
important step toward linking single-cell measurements with organism-level biology and precision
medicine. A detailed survey of these downstream tasks, their typical formulation for scFMs, and
representative models is provided in Supplementary Table S3.

5.2. Novel Applications

Beyond established downstream tasks, a growing body of work is repurposing scFMs for applica-
tions that probe the biological knowledge encoded in pretrained representations or exploit distinctive
architectural advances of the models.

One emerging direction is the use of frozen scFMs without task-specific retraining, either by inter-
preting their learned representations or by changing how they are queried at inference. SIGnature [158]
applies attribution methods from explainable artificial intelligence to pretrained models, deriving
gene-importance scores that reduce technical artifacts, highlight weakly expressed regulators and
enable rapid gene-set searches across large single-cell atlases. Tabula [159] is adopted in mechanistic
inference through iterative in silico perturbations to infer pairwise and combinatorial gene regulatory
relationships across developmental systems. Stack [68] further uses its in-context learning framework
to generate Perturb Sapiens, an in silico whole-organism perturbation atlas spanning diverse tissues,
cell types, and drug, cytokine and genetic perturbations, with selected predictions validated against in
vitro stimulation profiles.

Foundation models are also beginning to extend from static cell states toward temporal dynamics.
While most perturbation and annotation models reason over one state at a time, several works ask
how states evolve across development and aging. PerturbGen [138] predicts how perturbations
introduced at a source state propagate along cellular trajectories, reshaping downstream states, gene
programmes and fate decisions. MaxToki introduces a temporal Al framework that treats cell states as
ordered trajectories rather than isolated snapshots. Applied to human aging trajectories, MaxToki [82]
generalizes to held-out ages and cell types through in-context learning and supports in silico prediction
of interventions that shift trajectory progression.

A third direction extends scFMs from individual cells to donor-level representations for clinically
relevant inference. PULSAR [38] uses a hierarchical architecture that connects molecular, cellular and
multicellular encoders to aggregate a donor’s single-cell profiles into an embedding that captures
both cell-state and compositional information. It supports disease classification, plasma-protein
prediction, forecasting of clinical outcomes such as rheumatoid-arthritis conversion and influenza-
vaccine response, and cytokine-perturbation simulation across donor, cell and gene-expression scales.

Multimodal applications extend scFMs beyond transcriptomic prediction by enabling new forms
of interaction, virtual profiling and pathology-based inference. In spatial pathology, STORM [144]
uses paired spatial transcriptomics and H&E histology to perform spatial-domain discovery, infer
virtual gene expression directly from histology images and improve patient-level outcome prediction.
SQUALL [143] similarly leverages histology—spatial transcriptomics pretraining for virtual biomarker
profiling, prognostic niche discovery and disease-progression modeling, including reconstruction of a
breast-cancer invasion continuum linked to transcriptional programs and patient outcomes.

Taken together, these studies broaden the role of single-cell and spatial foundation models from
general-purpose feature extractors to reusable biological inference engines. By enabling interpretation,
prompting, trajectory modeling, patient-level prediction and multimodal reasoning, they point toward
more mechanism-oriented and clinically oriented uses of pretrained cellular representations.
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5.3. Foundation Models Enable Biological Discovery

A defining milestone for single-cell foundation models is their transition from purely compu-
tational tools to experiment-guiding systems that directly interface with wet-lab biology. Current
discovery applications of scFMs can be broadly organized into two modes: hypothesis nomination, in
which models prioritize candidate regulators, interactions or interventions for experimental testing;
and state/response modeling, in which models predict cellular trajectories, perturbation outcomes or
experimental systems that recapitulate disease-relevant states.

Hypothesis nomination. Early evidence of this paradigm is provided by Geneformer [28,160],
where knockout of the predicted dosage-sensitive gene TEAD4 impaired contractile function in
wild-type cardiac microtissues, discovering a novel TF in cardiomyocytes, whereas knockout of
the predicted therapeutic targets GSN and PLN rescued contractile stress in TTN-mutant dilated
cardiomyopathy microtissues, identifying new therapeutic targets. On the other hand, GET [55]
represents a complementary class of regulatory foundation models operating on chromatin accessibility
and sequence. GET highlighted a B-cell-specific PAX5-NR2C2 regulatory interaction, which was
supported by BiolD assays in REH B-ALL cells and further strengthened by the leukemia-associated
PAX5 G183S mutation.

Aging provides another important setting for hypothesis nomination. Aging is the major risk fac-
tor for many chronic and fatal diseases, yet most candidate rejuvenation interventions have historically
been proposed through human intuition [161]. Tabula [159] was applied to skin aging by searching
for interventions that move aged cells toward a younger transcriptomic profile while preserving their
native cell identity. This makes it useful for systematically nominating candidate rejuvenation factors,
rather than relying only on prior intuition or manual hypothesis generation. MaxToki [82] similarly
extends this application to human aging by explicitly modeling the progression of cell states across
time. Through this approach, MaxToki discovered novel cardiac pro-aging drivers that were validated
to promote age-related decline both in vitro in human cardiomyocytes and in vivo in mouse models,
pointing to potential therapeutic targets for resilience to cardiovascular aging.

State and response modeling. A second discovery mode uses foundation models to predict
cellular states, responses or experimental contexts that can be tested biologically. SCimilarity [81]
exemplifies this shift by using large-scale metrics pretraining to retrieve transcriptionally similar cell
states across atlases. Notably, it linked fibrosis-associated macrophages to an unexpected in vitro
3D hydrogel culture system, which was subsequently reconstructed and experimentally validated to
recapitulate fibrotic macrophage-like states. PerturbGen [138] further extends biological discovery
to trajectory-aware perturbation modeling, generating biologically meaningful predictions across
immune responses, hematopoiesis, and skin development, including a skin-development prediction
that was experimentally validated in organoid models.

LLM-enabled scFMs extend this response-modeling paradigm by using natural language as an
interface for perturbation reasoning and experimental design. C2S-Scale [60] combines autoregressive
language modeling, instruction tuning and reinforcement learning alignment to support perturbation
effect prediction directly in natural language, enabling context-aware in silico drug screening. In
a dual-context screen, it nominated silmitasertib as an interferon-conditioned enhancer of antigen
presentation, which was validated by HLA-A/B/C upregulation in primary tumor fragments and
interferon-stimulated human cell models.

Together, these discovery modes position scFMs as bridges between cell-state space and experi-
mentally testable biological insight.

6. Challenges

Despite rapid progress, scFMs remain far from mature. A variety of benchmark studies and
technical reports now evaluate scFMs from multiple perspectives, including model architecture,
pretraining strategy, downstream task and application methodology, offering timely insights into
current limitations and future directions for the field (Supplementary Table 54). In the following two
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sections, we consider how key challenges and opportunities emerge across four major dimensions:
expanding data modalities and biology-aware multimodal modeling, emerging pretraining paradigms,
downstream applications, and real-world barriers to deployment (see Figure 5e).

6.1. Limited Gains in Perturbation Modeling

Recent benchmark studies of perturbation effect prediction show that current scFMs and deep
learning approaches do not consistently outperform simple linear baselines or classical statistical
methods [162-164]. Moreover, systematic evaluations reveal that current scFMs often fail to robustly
capture key biological properties of perturbation responses, including accurate differential expression
patterns, synergistic effects in combinatorial perturbations, and generalization across cell types or
experimental contexts [15,165].

These observations are in contrast to the successful application of scFMs for in silico pertur-
bation analyses that have predicted perturbations to shift cells between disease and healthy states,
discovering novel drivers of disease and candidate therapeutic targets that have been verified ex-
perimentally [28,82]. One possible factor contributing to this discrepancy is that scFMs pretrained
largely on observational data from primary tissue samples may be more amenable to distinguishing
large cell state shifts, such as the effect of disease accumulated over long periods, as opposed to
acute perturbation effects from modulating gene activity in vitro and measuring the impact after days.
Furthermore, many of these benchmark datasets are perturbation studies in immortalized or cancer
cell lines that are often excluded from model pretraining and that are known to have widespread
chromosomal anomalies and gain of function mutations that may yield proteins with much different
effects than in other settings. scFMs are commonly expected to distinguish these perturbation states as
zero-shot, as opposed to linear models that are trained on the perturbation data itself. This may be
especially difficult for models trained largely on snapshot observational data rather than perturbation
data where information about known causal factors can be directly conveyed to the models. However,
perturbation datasets remain limited by batch effects, imperfect controls and technical confounders,
and models may still struggle to generalize across cell types, perturbations and experimental settings.

With this in mind, directly training scFMs with the carefully designed perturbational data as
well as innovating architectural design better suited to directional effect prediction may be crucial
to achieving meaningful improvements in perturbation effect prediction. The future directions of
perturbation atlases and foundation models are rigorously discussed in Section 7.2.

6.2. Generalization Across Tissues, Species, and Rare Cell Types

The ability to transfer biological knowledge across distinct contexts, particularly across species
and tissues, is fundamental to understanding the common rules of cell state regulation. A recent
perspective highlights that cross-species knowledge transfer is constrained by evolutionary divergence
and context-dependent gene function, and cannot be reliably achieved through simple one-to-one
homology-based mappings alone [166]. This biological constraint directly challenges a core implicit
assumption of current scFMs, that transferable cellular representations can be learned through large-
scale pretraining and subsequently applied across species, tissues, and conditions with minimal
context-specific adaptation.

Despite the architectural advances of scFMs, the benchmark studies suggest that the model
performance can remain sensitive to the training distributions, which may affect generalization. Early
benchmarks notice that transformer-based models are often affected by data distribution and class
imbalance [167]. This distribution dependence has been substantiated by recent large-scale evaluations:
while models often perform well in pooled, in-distribution settings, they exhibit degradation in
cross-dataset, cross-tissue, and cross-study scenarios [94,168,169]. Such effects are also observed in
transfer settings; for example, Han et al. reported performance decreases in cross-species transfer,
including human-to-mouse evaluation [170], whereas Wei et al. found that existing methods, including
foundation models, remain limited in predicting perturbation effects in unseen cellular contexts [15].
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Recent efforts have begun to explore targeted strategies to mitigate these generalization failures
without relying on full model fine-tuning. One line of work proposes post hoc alignment of foundation
model representations under distribution shifts, using optimal transport-based transformations to map
out-of-distribution embeddings back to a reference representation space while keeping the pretrained
model frozen [171]. In parallel, biologically aware training objectives were introduced to explicitly
encode known hierarchical or ontological relationships among cell types into the loss function, thereby
constraining predictions to respect biological structure and improving robustness to out-of-distribution
cell populations [172]. At the pretraining stage, TranscriptFormer illustrates a complementary data-
scaling strategy, in which multispecies cell atlases are used to broaden the training distribution and
support cross-species cell-state modeling through shared, species-agnostic gene representations [36].

Together, these studies suggest that, although scFMs have demonstrated promising zero-shot
capabilities in several biological settings (see Section 5.2 and 5.3), their performance can remain
sensitive to distributional shifts. Future direction can potentially focus on refining pretraining and
adaptation strategies that broaden training distributions, incorporate biological structure, and enable
distribution-aware alignment for more reliable generalization across datasets, tissues, species and
cellular contexts.

6.3. The Science of Evaluation

Rigorous and scientifically grounded benchmarking is essential for assessing progress in single-
cell modeling, as evaluation protocols shape both methodological development and the interpretation
of biological insight. Recent studies have shown that inadequately designed benchmarks can mis-
represent model capabilities, producing inflated performance estimates and misleading conclusions.
In perturbation prediction, standard held-out perturbation benchmarks based on control-referenced
Pearson correlations can be confounded by systematic shifts between perturbed and control cells, and
correcting for these shifts sharply reduces performance [173]. Similarly, in embedding analysis, metrics
that emphasize batch mixing or cluster separation may overlook distortions of biologically meaningful
structure, allowing models to score highly while disrupting continuous cell-state manifolds or lineage
relationships [16]. These examples illustrate that evaluation is not merely a technical comparison
of models, but a scientific measurement problem: benchmarks must test whether models recover
biologically meaningful variation rather than artifacts of dataset structure or metric choice.

Several recent efforts have sought to improve evaluation at the levels of infrastructure, workflow,
and experimental protocol. The Open Problems framework provides a community-driven and con-
tinuously updated platform for defining standardized, transparent, and extensible benchmarks in
single-cell analysis [174]. scEval offers a unified suite for evaluating scFMs across diverse downstream
tasks under controlled and reproducible settings [175], while containerized benchmarking platforms
further improve fairness by fixing execution environments, model interfaces, and evaluation proce-
dures [176]. Complementing end-to-end comparisons, scPRINT-2 [34] adopts a modular evaluation
strategy that isolates the effects of 12 design components, including tokenization, loss functions,
contrastive objectives, model architecture, and dataset composition, thereby helping attribute gen-
eralization behavior to specific modeling choices. Supplementary Table 54 organizes benchmarking
studies by category.

Despite this progress, current evaluation practices remain limited by gaps between measurable
performance and biological validity. In predictive tasks such as perturbation modeling, benchmark
outcomes can be dominated by confounding structure, weak perturbation-specific signal, or distribu-
tion shifts, making it difficult to distinguish genuine biological generalization from dataset-specific
fitting [163,177]. Reproducibility is further complicated by inconsistent preprocessing and data han-
dling, which can introduce substantial variation across studies [178]. In representation learning and
batch integration, widely used metrics such as kBET, LISI, and ARI prioritize batch mixing or cluster
separation but may fail to capture preservation of continuous trajectories, lineage relationships, and
other higher-order biological structures [16,179]. Similar limitations arise in gene regulatory network
inference, where evaluation is constrained by incomplete ground truth and heavy reliance on synthetic
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data that may not reflect real biological complexity [180]. Overall, although recent benchmarking ef-
forts have improved standardization at all levels, evaluation protocols remain insufficiently grounded
in biologically meaningful criteria, limiting the reliability of model comparison.

Ultimately, however, aside from purely reconstruction-based benchmarks, future evaluation
strategies should increasingly assess whether models can generate biologically meaningful and experi-
mentally testable hypotheses. This may in turn shift efforts from using these models for pre-processing
tasks like cell type annotation and batch correction towards the true ultimate goal of these approaches,
which is to point researchers to new directions that would not have otherwise been explored and
accelerate new discoveries. Such prospective, discovery-oriented evaluations would ensure that mod-
els are evolved towards pushing the boundaries of scientific knowledge as opposed to honing down
on benchmarks that may further distance the models from meaningful applications. Furthermore,
this would enable the evaluation of text-based models in terms of their practical ability to drive new
insights as opposed to simply returning information from the literature that was already included in
their training. Finally, experimentally verifiable results will ensure predictions are biologically viable
and further instill confidence in the models’ real-world utility.

6.4. Data Privacy and Accessibility

Recent work has shown that private attributes can be inferred from single-cell count matrices
through linkage and inference attacks, even after standard preprocessing, raising significant concerns
for public data release and large-scale data sharing [181]. These risks may be amplified when such
datasets are aggregated for large-scale model pretraining. Existing privacy-preserving efforts in single-
cell modeling rely primarily on federated learning, with applications in scFM finetuning [182] and
cross-institutional batch effect correction [183]. Tabula [159] is the first scFM pretrained end-to-end in
a federated setting, demonstrating the feasibility of decentralized scFM training.

More broadly, privacy risks in large-scale biomedical Al arise not only from data release, but also
from model scale, memorization, and deployment settings [184]. Large foundation models trained
on sensitive biomedical data are particularly prone to training data memorization and unintended
information disclosure, while heterogeneous institutional policies and regulatory constraints further
limit data accessibility and centralized pretraining. Together, these challenges highlight the need
for privacy-aware pretraining and finetuning paradigms, scalable federated infrastructures, and
governance mechanisms that balance data protection with the accessibility required to build robust
and generalizable scFMs.

7. Opportunities
7.1. From Biologically Grounded Modeling to Novel Biological Foundation Model Theories and Architectures

A key challenge for the next generation of scFMs is not only to scale, but to make model design
more biologically grounded by aligning representations, objectives, and supervision with the mecha-
nisms that generate cellular variation. One route is to reconsider how single-cell data are represented
at the input level. Rather than forcing transcriptomes into sequence-like formulations, recent work
has explored representations that better reflect the native structure of the data. Tabula [66] formulates
pretraining as a tabular learning problem over the cell-by-gene matrix, while Stack [68] extends this
idea further by introducing in-context learning over sets of cells, allowing each cell representation to
be informed by neighboring cells and experimental context instead of being encoded in isolation. At
the multimodal end, CellHermes [61] uses natural language as a unifying interface to align transcrip-
tomic profiles, interaction networks, and biological priors, embedding cellular states within a broader
relational and semantic context. This suggests that biologically grounded modeling can also arise from
well-designed cross-modal abstractions that preserve biological structure. This perspective further
highlights the importance of biologically informed tokenization. GET [55] illustrates that choosing
information-rich regulatory units can reduce the burden on the model to rediscover DN A—protein
regulatory grammar from raw sequence alone, while making downstream explanations more directly
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biological. More broadly, tokenization should be treated not merely as preprocessing, but as a central
inductive bias that shapes how efficiently scFMs learn and how interpretable their representations
become.

Beyond representations and tokenization, biological realism can also be introduced through
the learning objective itself. Hierarchical cross-entropy loss [172] improves atlas-scale annotation
by aligning optimization with the cell ontology, enforcing consistency across coarse and fine cell-
type labels instead of treating all classes as flat and unrelated. CorrMask [185] similarly argues that
random masking permits shortcut learning because correlated genes can be reconstructed locally
without capturing higher-order cell-state mechanisms. By masking correlated gene groups jointly, it
encourages the model to rely on broader biological context rather than superficial covariance structure.
MaxToki [82], a temporal Al model, employs a mixed loss strategy in which cross-entropy is used
for cell-state generation along dynamic trajectories, whereas mean-squared error is used for time
tokens so that the model learns that time lies on a numerical continuum. Taken together, these
developments show how biological knowledge can be introduced into existing modeling paradigms
through representations, tokenization, context construction, and learning objectives.

Moving beyond biologically grounded adaptations of existing model families, a further route is
to develop model theory and architectures that reflect biological hierarchy, heterogeneity, and data-
generating processes more directly. In perturbation modeling, STATE [139] predicts responses across
sets of cells and explicitly accounts for cellular heterogeneity across experiments, while PerturbD-
iff [186] and SCALE [137] push this further by modeling perturbation responses at the population level.
These population-level approaches provide important initial steps, but future biological foundation
models may require more fundamental changes to their mathematical state spaces and architectures.
First, because transcriptomic assays produce non-negative integer counts through molecular sampling,
models should natively represent count-based data rather than relying exclusively on normalized
continuous surrogates. Count Bridges [187] and CountsDiff [188] provide examples of diffusion-style
generative processes defined directly for count-base transcriptomic data. Second, at a broader systems
level, PULSAR [38] introduces a hierarchical multi-scale framework linking genes, cells, and multicel-
lular systems, thereby injecting inductive bias across biological scales rather than treating each level
independently. Building on this direction, future models should automatically learn how information
is organized, compressed, and propagated across molecular, cellular, tissue, organ, and organismal
scales, rather than requiring all scales and aggregation rules to be specified in advance.

Third, models should capture how tissue, organ, and embryonic organization emerges from
interacting cells, biochemical signals, spatial constraints, adhesion, and mechanics, instead of repre-
senting higher-order systems simply as collections of independently encoded cells. CellFlow [189]
provides a related step toward organism-scale single-cell modeling by predicting perturbation-induced
cellular populations in whole zebrafish embryos and conducting a virtual organoid protocol screen.
However, its outputs primarily describe cell states and cell-type compositions rather than spatial tissue
architecture or morphogenesis, leaving the emergence of organized tissue structures as an important
open direction for future scFMs. Finally, future scFMs should use perturbational, temporal, lineage,
and spatial information to learn directed and intervention-sensitive regulatory dynamics. Modeling
such asymmetric dependencies may benefit from objectives that are not restricted to conservative score
fields. Flux Matching [190], which is distinct from conventional flow matching, provides one possible
theoretical direction by learning non-conservative generative vector fields while allowing directed
or mechanistic structure to be introduced through architectural constraints or auxiliary objectives.
Progress toward more predictive and transferable scFMs will therefore likely come not simply from
importing new machine learning methods into biology, but from developing new theories and architec-
tures for biological foundation models that connect molecular counts and local regulatory mechanisms
to emergent phenotypes across cells, populations, tissues, and organisms.
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7.2. Perturbation Atlases and Foundation Models

Large-scale single-cell perturbation datasets are rapidly expanding with technologies such
as Perturb-seq [6], alongside emerging large-scale resources such as Tahoe-100M [110] and X-
Atlas/Pisces [80] (see Supplementary Table Slc). The growth of these perturbation pretraining datasets
is enabling a shift from task-specific adaptation of general-purpose scFMs toward perturbation-centric
foundation models explicitly designed around causal perturbations. Diffusion-based models such as
Squidiff [191] and dbDiffusion [192] generate transcriptomic responses under developmental, drug, or
genetic perturbation conditions. X-Cell [80] extends this direction at atlas scale by training a diffusion
language model on 25.6M perturbed cells across 16 cellular contexts to enable cellular-context-based
perturbation response prediction. PerturbGen [138] further broadens perturbation-centric modeling
from endpoint response prediction to trajectory-aware perturbation modeling, predicting how inter-
ventions reshape cellular trajectories across biological processes. In parallel, population-level models
shift the prediction target from individual cells to structured response distributions. STATE [139]
predicts perturbation effects across sets of cells while accounting for heterogeneity within and across
experiments, PerturbDiff [186] models diffusion over entire response distributions in function space,
and SCALE [137] formulates perturbation prediction as conditional atlas-level endpoint transport.
Together, these developments mark a shift toward perturbation-centric foundation models that use
interventional data to model structured, context-dependent cellular-state transitions and thereby better
capture the organization and dynamics of cellular responses.

As discussed above, diffusion models have become a prominent architecture for perturbation-
centric foundation models, typically generating cellular states through stochastic reverse-time denois-
ing dynamics. By contrast, flow matching learns an ODE-defined vector field that transports one
cellular-state distribution to another, offering a related but distinct framework whose potential for
dynamic trajectory reconstruction and knowledge-guided modeling of heterogeneous perturbation
datasets remains comparatively underexplored [193]. Recent approaches such as scDFM [194] use
conditional flow matching to model population-level perturbation responses. Beyond these gener-
ative frameworks, causal representation learning offers a complementary perspective by modeling
perturbations as sparse interventions on latent factors or disentangling cellular responses into context-,
treatment-, and interaction-specific representations [195,196]. These approaches provide a related view
of how interventional structure can be organized within latent representations.

At the data level, the future perturbation atlases should be evaluated not only by scale, but also
by contextual diversity across donors, genotypes, disease states, cell types, activation states, dosages,
and time points [95]. As these resources expand to multimodal, temporal, and spatial measurements,
they will provide richer interventional supervision for training perturbation models that generalize
across biological contexts. As a further consideration, although prior datasets have largely focused on
immortalized and cancer cell lines due to the cost-effectiveness and ease of culturing these cells, future
datasets may further emphasize more broadly disease-relevant systems, such as organoids, induced
pluripotent stem cell-derived cells that are not affected by extensive chromosomal anomalies and gain
of function mutations that limit their relevance to non-cancer settings. As these datasets continue to
grow, they offer new opportunities to train foundation models on rich interventional data.

7.3. Emerging Generative Training Paradigms and World Models

Emerging generative training paradigms are beginning to recast scFMs as cellular world models,
whose goal is not only to encode static transcriptomic states but also to predict how cells dynamically
evolve under time, developmental context, and perturbations. Chreode [197] learns a one-step transi-
tion model of cell-state dynamics, combining latent cellular representations with action-conditioned
temporal prediction to forecast developmental progression and perturbation responses. On the other
hand, GeneJepa [77] adopts a predictive world-modeling formulation based on joint-embedding
predictive architectures, where latent representations of masked gene subsets are inferred from visible
context rather than reconstructed directly at the expression level. Similarly, Cell-JEPA [198] extends
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JEPA-style latent prediction by using a student-teacher architecture to predict cell-level embeddings
from masked gene-expression views, thereby encouraging dropout-robust cellular representations. As
the concept of a virtual-cell world model continues to gain attention [199], these emerging approaches
open a new direction that moves beyond reconstruction-oriented pretraining toward predictive latent
dynamics for understanding cellular state transitions, perturbation responses, and context-dependent
biological programs.

7.4. Building the Infrastructure for Single-Cell Foundation Models

As scFMs continue to mature and hold promise for accelerating biological discovery, improving
their accessibility to the broader research community—not just computational experts—is becoming
increasingly important. Broad adoption will depend on interfaces, repositories and deployment
environments that make these models readily usable by biological domain experts [200]. Emerging
infrastructures are beginning to address this need, including cloud-scale biomolecular Al platforms
such as PantheonOS’s vcRouter [201] to automatically choose proper scFMs for various downstream
predictions, Nvidia BioNeMo [202], model repositories such as scvi-hub [203], large-scale data and
analysis portals such as CZ CELLxGENE Discover [204], browser-based interfaces exemplified by
CytoVerse [205], and privacy-aware federated pretraining framework such as Chiron platform [159].
Complementary to these platforms are efforts to enable resource-efficient predictions through imple-
menting model quantization strategies, as demonstrated by Geneformer-V2 [91]. Thus, the long-term
impact of scFMs will depend on their translation into accessible and reliable scientific infrastructure.

Multiscale biological data infrastructure is also critical for unified pretraining corpora. Reposito-
ries and atlas-oriented platforms such as scBaseCount [106] provide uniformly processed, expanding
single-cell corpora, while cellNexus [206] adds quality control, annotation, aggregation, and analytical
layers for Human Cell Atlas data. Recent perspectives further emphasize that robust integration
requires database management, metadata harmonization, and coordinated resources, rather than ad
hoc batch correction alone [207]. At the systems level, annbatch [208] extends AnnData workflows
to terabyte-scale training, while scUnify [209] and GPU-accelerated single-cell analysis systems [210]
reduce the burden of zero-shot inference and atlas-scale computation. Looking forward, computa-
tional infrastructure must co-evolve with experimental platforms that systematically capture spatial,
temporal, perturbational, and multicellular context, enabling future scFMs to learn across biological
scales rather than isolated modalities. Supplementary Table S6 provides a comprehensive summary of
the available infrastructures.

7.5. Towards Virtual Embryo and Digital Human

As scFMs grow, their scope is expanding beyond isolated cells toward the construction of “virtual
embryos” that simulate mammalian embryogenesis across spatial, temporal, and multimodal scales
[17,18,211]. By integrating 3D whole-embryo spatial transcriptomics, time-resolved multi-omics, and
lineage tracing with deep learning frameworks, these systems aim to unify molecular regulatory
programs with tissue-level morphogenetic dynamics [212-215]. Unlike static descriptive atlases, pre-
dictive virtual embryos leverage representations from large-scale foundation models [25,28] to enable
in silico perturbation experiments, forecasting how specific genetic or environmental interventions
disrupt organogenesis and drive congenital disorders. Ultimately, this multiscale modeling paradigm
lays the groundwork for “digital human” models, where integrating genomics, clinical and other
modalities from different organs across the population or individual human, thereby guiding health
monitoring, early diagnosis, prognosis, and personalized medicine at the level of whole human body
and organ systems [211].

7.6. Al Agents for Scientific Discovery

If virtual cells represent a long-term modeling objective, Al agents may provide the operational
layer that makes such models useful in practice. Recent perspectives in biomedicine suggest a shift
from static predictive models toward agentic systems that can retrieve knowledge, plan analyses, call
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tools, generate code, and iteratively refine hypotheses in response to new evidence [216,217]. This
direction is especially relevant to single-cell biology, where discovery workflows are inherently multi-
step and often require sequential decisions across preprocessing, cell annotation, perturbation analysis,
literature synthesis, and experimental prioritization. Recent efforts are beginning to turn this vision
into reality: CellAgent provides a natural-language-based multi-agent framework for single-cell analy-
sis [218], scPilot emphasizes large language model reasoning for automated single-cell interpretation
and discovery [219], CellVoyager explores autonomous hypothesis generation and notebook-based
reanalysis of scRNA-seq datasets conditioned on prior analyses [220], and PantheonOS extends this
paradigm to a broader genomics setting through an evolvable multi-agent framework [201]. At a larger
scale, general biomedical agents such as Biomni [221] further suggest how foundation models, tools,
and domain knowledge may eventually be integrated into more general-purpose scientific assistants.
Although these systems remain early in development, they point to an important opportunity: Al
agents may help transform scFMs from specialized predictors into interactive discovery systems that
support hypothesis generation, model-guided analysis, and tighter integration between computation
and experiment.

7.7. Lab-in-the-Loop

As discussed in Section 5.3, scFMs are already beginning to aid experimental discovery through
early-stage screening, perturbation prioritization, and predictive modeling of candidate genes and
cellular programs. These developments can be categorized as an early stage of the “lab-in-the-loop”
paradigm [13], in which foundation models are embedded into an iterative experimental cycle: models
propose perturbations, conditions, or system designs; targeted experiments are performed; and the
resulting data are fed back to refine the model. In this setting, scFMs function not only as predictors, but
as adaptive scientific instruments that co-evolve with experimental workflows [17,18]. Although fully
realized closed-loop systems remain rare, several methodological ingredients are rapidly emerging,
including active learning methods that simulate or formalize closed-loop experiment selection for
perturbation hit discovery [222,223], reinforcement learning with experimental feedback [224] and
integration with robotics and augmented reality (XR) or virtual reality (VR) to accelerate and automate
lab physical experiments [225]. Together, these advances suggest that one of the most important future
roles of scFMs may be to accelerate a transition from static in silico prediction toward continuously
updated, experimentally grounded models of cellular behavior.

8. Discussion

In only a few years, scFMs have reshaped single-cell analysis from task-specific pipelines toward
general-purpose models that learn transferable representations of cellular states. Yet their long-
term impact will depend on whether they can move beyond static representation learning toward
biologically faithful, predictive, and experimentally actionable models. Across this review, we have
traced progress across model design, pretraining data, and downstream application. To provide
practical guidance for computational scientists and biologists, Supplementary Table S5 synthesizes
the strengths, limitations, and appropriate use cases of key design choices spanning tokenization
strategies, model backbones, pretraining objectives, and downstream adaptation approaches. However,
current scFMs still show limited performance on challenging tasks and restricted utility for biological
discovery. Future scFMs should therefore be evaluated not only by conventional benchmarks, but
by their ability to encode biological priors, integrate perturbational and multimodal measurements,
support rigorous out-of-distribution testing, and interface with experimental feedback. In this sense,
the next generation of scFMs may evolve from static pretrained encoders into adaptive cellular world
models that connect molecular representation, perturbation response, temporal and tissue context, and
lab-in-the-loop discovery, ultimately moving the field toward the goal of a virtual cell.
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