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BIOLOGICAL FOUNDATION MODELS

In 2024, a research team at EvolutionaryScale faced an unusual problem: they had trained a neural network on 2.78 billion proteins extracted from publicly available databases, and it could predict three-dimensional structures with reasonable accuracy. But when they tried to generate novel proteins from scratch—asking the model to invent sequences that had never existed in nature—something unexpected happened. The generated proteins were diverse, structurally sound, and had entirely novel architectures, yet they remained within the distribution of natural proteins. A single bidirectional transformer, equipped with nothing more than sequence and structure tokens, had internalized 500 million years of evolutionary exploration compressed into 98 billion parameters. This moment crystallizes the central tension in biological foundation models: how do computational systems trained solely on patterns in data end up capturing the deep, mechanistic rules of living systems?

The emergence of foundation models in biology represents something altogether different from prior machine learning in the life sciences. For decades, computational biology relied on specialized, narrow-purpose algorithms: sequence alignment tools for finding similarity between genes, structural prediction software that used physics-based constraints, supervised learning models that required painstaking manual annotation for each specific task. These tools worked by following explicit rules or learning to map inputs to discrete outputs within carefully bounded domains. Foundation models abandon this approach entirely. They are large-scale neural networks trained on vast, diverse datasets using self-supervised learning objectives—learning to predict masked portions of data without explicit labels. Once trained on such scales, a single model can be fine-tuned for dozens of different downstream tasks, can generate entirely new sequences that never existed, and can perform inference on data it has never seen before. This shift from specialized to general-purpose, from deterministic to learned representations, from prediction to generation marks a fundamental reorganization of how we approach biological discovery at the computational level.


From Specialized Prediction to General-Purpose Learning

The transformation from traditional bioinformatics to foundation models rests on a single insight: biology has syntactic structure. DNA is not random; proteins fold in ways constrained by physics; genes are regulated through patterns that recur across species and cell types. If computational systems can extract these patterns from massive amounts of biological data, they can learn representations that capture not just surface-level similarity but underlying principles. Early sequence alignment tools like BLAST worked by assuming that similarity meant homology, that regions matching at the nucleotide level were likely to have descended from a common ancestor. This assumption worked because it is often true—but it required humans to formalize it. Foundation models learn such patterns from data without explicit instruction.

The technical prerequisite for this shift is scale. A model trained on millions of sequences sees variation across a much larger sample of evolutionary space. A model trained on protein structures from structural databases can learn how amino acid positions influence folding. A model trained on single-cell transcriptomes from thousands of tissues learns which genes are co-expressed, which cell types cluster together, which regulatory patterns distinguish healthy from diseased states. But mere scale alone is not enough. The other prerequisite is the right learning objective—a mathematical framework that forces the network to extract meaningful patterns rather than memorize the training data.

In natural language processing, the breakthrough came from masked language modeling: mask random words in a sentence, train the model to predict them, and the network learns grammar, semantics, and world knowledge. Biological foundation models adapted this approach but discovered that straightforward token prediction works poorly in genomics. When you have only four nucleotides as your alphabet, predicting which specific nucleotide appears at position N is a weak signal. The vast majority of positions in eukaryotic genomes are non-coding regions, under weak evolutionary constraint, variable between individuals and species. Asking a model to reconstruct nucleotides is asking it to solve a problem that nature itself solved loosely.

Newer models like those developed at Basecamp Research shifted the objective from token prediction to what they call latent space semantic alignment. Rather than predicting the exact nucleotides in a masked region, the model predicts the continuous vector representation of that region—its meaning in high-dimensional space. This change in objective proved decisive. The same model trained on latent space alignment achieved stronger downstream performance with far fewer parameters and less computation. It is a small shift in mathematical formulation, but it reveals something important about the structure of biological data: the high-level semantics of a genomic region matter much more than the exact sequence of letters.



Scaling Architecture: From Dense Attention to Linear State

The dominant architecture in contemporary foundation models is the Transformer. Originally designed for language, Transformers use self-attention mechanisms to weigh the influence of distant parts of input on local predictions. When applied to protein sequences, this has a clear biological interpretation: attention from amino acid position N to position M corresponds to identifying that positions N and M interact in the folded structure. When trained on proteins with known three-dimensional structures, the model learns to put attention weight on pairs of residues that are close in space, even though the network sees only the linear sequence. This is mechanistically precise modeling: the network is solving a problem with obvious biological meaning.

But Transformers have a fundamental computational constraint. Standard attention computes a pairwise interaction matrix between all positions in the input, which scales as the square of sequence length. For proteins, this is manageable—a typical protein is a few hundred amino acids. For genomic sequences, this becomes prohibitive. The human genome is three billion base pairs. To model the regulatory context around a gene—enhancers that might be tens of kilobases away—you need context windows of megabases. The quadratic scaling of attention makes this impossible on any available hardware.

This bottleneck drove the development of alternative architectures. State Space Models, such as those used in HyenaDNA and the Mamba family, replace pairwise attention with linear recurrent operations. Instead of computing all-to-all interactions, the hidden state evolves sequentially through the input, and the model can process million-base-pair sequences at linear computational cost. When applied to genomic tasks, HyenaDNA showed that you can train a single model on unbroken genomic context and achieve state-of-the-art performance on predicting regulatory effects—not by abandoning the Transformer’s attention mechanism entirely, but by replacing dense attention with something fundamentally more efficient.

Tokenization emerged as another critical bottleneck. Early genomic models treated sequences at the character level, tokenizing individual nucleotides, or used fixed k-mer schemes—breaking sequences into overlapping windows of length k. Both approaches throw away information. Fixed k-mers obscure the continuous regulatory syntax of genes, treating a sequence as a series of discrete chunks. Character-level tokenization forces the model to reconstruct nucleotides directly, which we saw is a weak objective. Byte-Pair Encoding, which iteratively merges the most frequent token pairs, works well for language but struggles with regulatory elements that don’t cluster into common patterns. Newer approaches use Continuous Patching—dividing sequence into overlapping windows but embedding them as continuous vectors rather than discrete tokens. This hybrid approach preserves both local structure and global context without forcing the model to predict exact nucleotides.



The Structural Paradigm: From Contact Maps to Generative Design

The first major win for deep learning in biology came from protein structure prediction, and this domain illustrates how foundation models evolve as they mature. The initial AlphaFold approach predicted contact maps—essentially 2D images showing which amino acids are close in 3D space. This was a natural translation of the protein folding problem into something neural networks could solve: given a sequence, generate an image where pixel (i,j) indicates whether positions i and j are within contact distance. The approach worked but had obvious limitations. A contact map is lossy; you can infer approximate structure but not atomic coordinates.

AlphaFold 2 made a conceptual leap. Rather than predicting contacts, it predicted actual three-dimensional coordinates. It introduced the Evoformer block, a specialized attention mechanism designed specifically for protein folding. The key insight was that evolutionary information is critical. Most proteins belong to a family with related sequences that have evolved from a common ancestor. If two positions in your target protein always mutate together across related sequences, they are likely close in space. The Evoformer applies attention along two axes simultaneously: within the query sequence and across the multiple sequence alignment of related proteins. This architecture bakes in the biological principle that evolution reveals structure.

The performance gain was dramatic. AlphaFold 2 solved the protein folding problem—it could predict structures of most known proteins at experimental accuracy, roughly 95 percent correct on benchmark datasets. This single model, without fine-tuning, could predict structures that would take months in an X-ray crystallography lab. But the model’s dependence on multiple sequence alignments is a weakness. For rare, orphan proteins with few homologs, AlphaFold 2’s accuracy drops to around 70 percent. The model needs evolutionary context to work well.

AlphaFold 3 generalized the paradigm further. Rather than predicting only proteins, it predicts the entire biomolecular universe—proteins, nucleic acids, small molecule ligands, covalent modifications, post-translational changes, all in a single unified framework. The model remains bounded by the MSA requirement, but it achieves the highest accuracy yet on diverse structural prediction tasks. The advance is obvious: fewer specialized models, more general capability, but the underlying principle remains evolutionary—the model exploits patterns in data rather than imposing them.

Alongside AlphaFold, alternative approaches emerged. ESM-3 from EvolutionaryScale takes a different path. Rather than relying on multiple sequence alignments, it uses a multimodal bidirectional transformer trained on sequence, structure, and functional annotations simultaneously. The key innovation is that structural information is not a prediction target but an input. The model tokenizes three-dimensional coordinates using a discrete autoencoder—a neural network that compresses continuous 3D coordinates into a small vocabulary of learned tokens. Once structure is tokenizable like language, you can condition generation on structure. You can ask the model to generate a novel sequence that folds into a specified structure, or to generate a structure that performs a specified function.

This is generative modeling in biology. You sample from the model’s probability distribution over protein space, constrained by whatever conditions you specify. Early results show the model generates proteins that are novel—not found in nature—yet remain viable. Some generated proteins have been experimentally synthesized and tested, and many fold and function as predicted. This is not mere interpolation on the training distribution; the model is extrapolating to regions of protein space that evolution explored but that humans never documented.

The industrial adoption of these models has been rapid because they solve a concrete problem: predicting binding affinity. For decades, computational chemists relied on physics-based simulations called free energy perturbation calculations. You build a molecular dynamics simulation of a protein-ligand complex, perturb it slightly, measure the change in free energy. This is accurate but slow—a single prediction takes hours or days. Boltz-2, released in early 2026 from MIT and Recursion Pharmaceuticals, achieves binding affinity predictions that match free energy calculations but run 1,000 times faster. The speed difference translates to economics: instead of testing hundreds of promising drug candidates, you can screen millions. The model was released under an open MIT license, allowing pharmaceutical companies to use it freely.



The Genomic and Epigenomic Frontier

Moving from proteins to genes, the challenges multiply. Protein structure is a single, well-defined prediction target—atomic coordinates in three-dimensional space. Gene regulation is nebulous. A gene’s expression depends on dozens of regulatory elements scattered across kilobases or megabases, on the chromatin state at that locus, on which transcription factors are active in that cell type, on temporal dynamics during development or disease. The regulatory code is sparse, cell-type-specific, evolutionarily fluid, and partially unknown.

AlphaGenome, released by Google DeepMind in 2024, tackled this challenge by building a model that can analyze genomic sequences up to one million base pairs long while making precise predictions at single-nucleotide resolution. This is architecturally non-trivial. A million base pairs with standard dense attention is computationally prohibitive. Google’s solution involved a sophisticated hierarchical attention scheme that operates efficiently across megabase scales while maintaining nucleotide-level precision.

The model demonstrates what mechanistic understanding looks like in genomics. You give it a raw DNA sequence, and it predicts where chromatin is accessible—where DNA is open enough for transcription factors to bind. It predicts splice sites—where RNA splicing machinery will excise introns. It predicts how a single nucleotide variant affects gene expression across diverse cell types and tissue contexts. Critically, all of this is inferred from sequence alone, without being told the three-dimensional structure of chromatin or the identities of active transcription factors. The model has learned to infer regulatory topology from sequence patterns that correlate with regulation.

But AlphaGenome also reveals the boundaries of this approach. While predicting overall gene expression levels, the model struggles with cell-type-specific temporal dynamics—the precise timing of when genes activate and deactivate during cell differentiation. The model can handle broad, constitutive regulatory logic but not fine-grained temporal control. This suggests the next frontier: models that integrate time as an explicit dimension, perhaps by training on time-series data from single-cell experiments tracking development.

The EDEN family of models from Basecamp Research took a different approach by addressing data diversity rather than architectural sophistication. They recognized that public databases are narrow—biased toward well-studied organisms, genes that are already known and annotated. To escape what they called the evolutionary “data wall,” they trained on metagenomic data: genetic sequences directly from environmental samples. Ten billion novel genes never previously catalogued, sourced from over a million environmental species. This represents vast evolutionary space invisible to traditional databases.

The result was transformative for generative modeling. EDEN was tasked with designing novel therapeutic enzymes given only a target DNA sequence. Using something they call AI-Programmable Gene Insertion, researchers prompted EDEN with 30 nucleotides representing a disease-associated genomic site, and the model designed de novo recombinases—complex enzymes that insert genetic material at specific locations. The designs were synthesized and experimentally validated. Multiple EDEN-designed recombinases worked. They had correct domain architecture, proper folding, genuine catalytic activity. The model had generated functional proteins optimized for a task it had never seen during training.

Complementing sequence-based models, ARCH3D focuses on three-dimensional genome architecture. The three-dimensional shape of a genome—how DNA coils and loops within the nucleus—determines which regulatory elements are accessible to which genes. This topology is measured experimentally through Hi-C assays, which capture thousands of interacting loci as pairwise contacts. ARCH3D learned a locus-based encoding where each input is not a sequence but a row of a Hi-C matrix, capturing the global spatial relationships. Using this representation and training on 481 Hi-C experiments across human tissues, the model learns to infer complex multi-way contacts from pairwise Hi-C data. It achieves an area under the receiver operating curve of 0.93, far surpassing previous approaches. The model can reconstruct what the three-dimensional topology looked like even when observational data is extremely sparse.

These models are not competing; they represent complementary scales. Sequence models capture the information encoded in DNA letters. Structural models capture how proteins fold. Chromatin models capture how genome topology regulates access. Together they approach something like a mechanistic understanding of genetic regulation.



Single-Cell Transcriptomics and the Limits of Statistical Learning

Single-cell RNA sequencing has transformed biology into a data-rich science. Instead of measuring average gene expression across thousands of cells, you measure expression in individual cells. The resulting dataset is enormous—millions of cells, tens of thousands of genes per cell. Foundation models applied to this data treat each cell as a document and each expressed gene as a token. Geneformer, trained on tens of millions of single-cell transcriptomes, uses a rank-based encoding that proved crucial. Rather than feeding raw gene expression values into the attention mechanism, Geneformer ranks genes by expression within each cell. This makes the model ignore housekeeping genes that are always expressed and focus on the specific factors that distinguish one cell state from another. The ranking was not a minor detail—it was the difference between a model that learned meaningful cell biology and one that memorized statistical noise.

Downstream applications of Geneformer demonstrated utility: cell type annotation, batch integration, predicting which transcription factors regulate which genes. When fine-tuned on specific tasks, the model captured something real about gene regulatory relationships. But zero-shot evaluation—asking the model to perform tasks it had never seen—revealed a sharp limitation. The model frequently failed to generalize to new biological contexts. It had learned statistical co-expression patterns specific to the training data, not general principles of regulation.

A 2025 study applied TopK Sparse Autoencoders to the internal activations of Geneformer, attempting to decompose the dense, high-dimensional learned representations into interpretable features. The results were striking: 99.8 percent of the learned features were invisible to standard dimensionality reduction techniques. The model had achieved such extreme superposition—packing multiple distinct biological signals into single dimensions—that most of what it learned was completely opaque to analysis. Of the interpretable features, roughly 30 to 59 percent mapped to known biological pathways. But when tested against comprehensive CRISPR perturbation data—experiments where individual genes are knocked out and expression is measured—only 6.2 percent of the transcription factors showed true causal regulatory effects. The model had learned correlation without causation.

This is the hard boundary of current approaches. Foundation models excel at extracting statistical patterns from high-dimensional data. They fail at learning causal structure. A gene and a transcription factor might be co-expressed because the transcription factor regulates the gene, or because they are both regulated by a third gene, or because they happen to be active in the same cell type for independent reasons. The data alone cannot distinguish these cases. The model learned to predict which genes are expressed together, a feat of statistical sophistication. But it did not learn the actual regulatory wiring diagram that causally generates those patterns. Solving this problem likely requires not just more data or larger models, but fundamentally different inductive biases—perhaps incorporating perturbation data directly into the learning objective, or imposing explicit causal structure as a constraint.



Multimodal Integration and Clinical Application

Biology operates at multiple scales—molecular, cellular, tissue, organismal—and integrating signals across scales is where real predictive power emerges. A patient’s disease state is not determined by genetic sequence alone or expression profiles alone or tissue morphology alone, but by interactions between them. Bioptimus has built models that integrate spatial transcriptomics, genomics, and digital pathology into unified representations. Their proprietary model M-Optimus processes high-resolution histology images and learns to predict which cell types are present, which therapeutic targets are expressed, what immune infiltration looks like. This capability is striking because histology is cheap and abundant—every cancer patient has H&E stained sections in a pathology archive. If you can predict molecular and immune properties from histology, you avoid the need for expensive multi-omics assays.

Critically, Bioptimus collected all of this data themselves, curating deeply profiled patient cohorts with linked clinical outcomes. This addresses a key bottleneck: the most useful biological data for prediction does not exist at scale in public repositories. Training on archival databases tells you about published experiments, not about actual patient variation. Their STELA engine aggregates multimodal patient data across diverse populations and geographies, directly training on variation that matters clinically.

H-Optimus-0, released open source, represents the largest foundation model for digital pathology. Built on a Vision Transformer backbone with 1.1 billion parameters, it was trained on several hundred million pathology image patches extracted from 500,000 whole slide images. The training corpus spanned 4,000 different clinical practices, ensuring morphological and technical diversity. Released publicly, it immediately set new benchmarks for predicting cancer subtypes and genetic alterations from morphology. The existence of this open-source model democratizes access—researchers without access to proprietary data can fine-tune on their own cohorts.



The Industrial-Academic Divide and Governance

The rapid maturation of biological foundation models has created a striking divergence in the global research landscape. Private corporations—Roche, DeepMind, Recursion Pharmaceuticals—are building integrated lab-in-the-loop systems where generative AI models propose hypotheses, predict structures, design molecules, and the predictions are immediately validated in high-throughput automated laboratories. Roche’s AI factory integrates NVIDIA Blackwell GPUs across distributed research hubs, running millions of in silico experiments daily and feeding promising candidates to robotic laboratory infrastructure. This closes the feedback loop between computation and experiment in near real time, continuously refining model uncertainty and generating high-quality validation data.

Countering this concentration, Europe is building sovereign AI capability through the Swiss National AI Institute, a joint venture between ETH Zurich and EPFL. Launched with the “Alps” supercomputer infrastructure—over 10,000 next-generation NVIDIA GH200 GPUs—SNAI prioritizes open-source models, scientific transparency, and explicit commitment to societal values over corporate monetization. The partnership with Stanford’s Human-Centered AI Institute extends this effort globally. The difference is not just philosophical: open-source models like Boltz-2 and H-Optimus-0 have already demonstrated that highly capable models do not require proprietary access or restricted licensing. Released under MIT or Apache licenses, they enable rapid iteration and refinement by the global research community.

This divide is consequential because it determines who can participate in advancing the field. If frontier models are restricted to proprietary access, only well-capitalized corporations can run them. If models are open, academic groups, small biotech companies, and researchers in resource-constrained countries can contribute. The precedent of AlphaFold—released open source by DeepMind—suggests that open can coexist with impact. But the contemporary landscape shows increasing tension: ESM-3’s largest 98-billion-parameter variant is restricted to API access, while smaller open versions are available. Roche and Bioptimus restrict their most capable proprietary models while contributing to open-source alternatives. This mixed strategy appears to be settling into a pattern: keep the absolute frontier proprietary, release capable-but-not-frontier models openly.



Dual-Use Risk and the Security Divide

As these models transition from pure prediction to programmable generation—the ability to design novel biological sequences with specified properties—they introduce asymmetric risks. A model that can design a therapeutic protein can, with only marginally different prompting, design a pathogenic protein. The algorithmic capacity to generate a beneficial recombinase is mathematically adjacent to the capacity to enhance a microbial toxin. This is the fundamental dual-use problem: the same capability enables beneficial and harmful applications.

The structural challenge is that biosecurity practitioners cannot simply excise dangerous information from the training data. The regulatory logic learned by a foundation model is distributed densely across billions of parameters in a latent space. You cannot point to a specific weight and say “this one enables toxin prediction.” A naive approach would exclude dangerous sequences from the training set, but this would simultaneously degrade the model’s ability to predict and design beneficial therapeutics. Therapeutic viral vectors, gene therapy innovations, protective pathway engineering—all require understanding of the same biological principles as pathogenic engineering.

Current policy frameworks, shaped by the National Academies and institutions like the Center for AI Standards and Innovation, have largely abandoned the hope of controlling the computational models themselves. Instead they focus on the digital-to-physical divide: the bottleneck where designed sequences must be synthesized into actual DNA. DNA synthesis screening is performed at commercial foundries before sequences are physically synthesized. If a proposed sequence looks like it encodes something dangerous—a known toxin, an engineered pathogen—the synthesis request is refused. This is a structural defense: you cannot harm anyone with digital code, only with the physical molecule.

Two complementary policies are maturing in 2026. The first is “uplift testing”—empirical evaluation of exactly how much a generative model lowers the barrier to entry for malicious pathogen engineering. Rather than vague assertions about danger, the question becomes specific: if I use this model versus traditional methods, how much faster and cheaper is the attack? If the uplift is high, access is controlled. If low, wider access is justified. The second is risk-tiered managed access: frontier models remain available through monitored APIs rather than released openly. This allows real-time anomaly detection, prompt logging, and automated refusal of suspicious queries. The largest and most capable models are not open-sourced; they are available through interfaces that can monitor their use.

The tension between democratization and security remains unresolved. Boltz-2 was released open source specifically to democratize structure prediction for pharmaceutical research. But the largest ESM-3 model is restricted. The debate is not between unrestricted and restricted; it is over where to draw the line. Every model released openly accelerates legitimate research and increases potential misuse risk. The optimal policy is unclear, and different jurisdictions are adopting different stances.



Where Mechanistic Understanding Ends

Foundation models have achieved striking capabilities in specific domains: protein structure prediction is solved; genomic variant effect prediction is becoming routine; cell type classification from expression is reliable. But the boundary of genuine mechanistic understanding is visible. Models learn what correlates in data. They do not automatically learn why. A model trained on genomic sequences learns to predict regulatory effects, but without explicit perturbation data in the training set, it does not learn which mutations causally drive phenotypic change. A single-cell foundation model learns which genes cluster in co-expression modules, but without interaction data, it cannot distinguish direct from indirect regulation.

The next frontier is not larger models or bigger datasets, though both help. It is architectural innovations that impose causal structure, training objectives that incorporate perturbation data directly, and fundamental shifts in representation that separate causation from correlation. Current models excel at interpolation within the training distribution and extrapolation to nearby regions. They struggle with compositional reasoning—understanding how mechanisms combine. They struggle with context-dependence—grasping how the same genetic variant produces different phenotypes in different cellular or organismal contexts. These limitations are not weaknesses of current models; they reflect genuine challenges in biology. Causation is hard to infer from observation alone. Context-dependence is ubiquitous.

The precise architectural innovations solving these problems are not yet clear. Some research explores integrating explicit causal graphical models into neural networks. Some focuses on learning from interventional data—experimental knockdowns and perturbations that reveal causal structure. Some attempts to extract mechanistic interpretability from dense learned representations. All are early. The field is not stalled—it is consolidating around which bottlenecks matter most and investing in approaches to overcome them.



The Trajectory Forward

Biological foundation models achieved, in less than a decade, something that seemed impossible: automated structure prediction, generative design of novel biomolecules, predictive models of genetic regulation spanning multiple scales. The progress is not complete. Causal inference remains limited. Temporal dynamics and developmental processes are only beginning to be modeled. Fine-grained cellular identity and rare cell states are poorly represented. Clinical translation remains a bottleneck—models that work beautifully on benchmarks sometimes fail on real patient data with different technical artifacts and population variation.

Yet the fundamental arc is clear. The combination of architectural innovation, larger and more diverse training data, better-designed learning objectives, and closed feedback loops between computation and experiment is yielding genuine insight into biological mechanism. As data quality improves—as models are trained on deeper clinical cohorts, richer multi-omics datasets, more comprehensive perturbational experiments—the models will capture structure that prior approaches missed. As architectures evolve to handle causality, hierarchy, and context-dependence more explicitly, the gap between statistical pattern matching and true mechanistic understanding will narrow. The field is moving from asking whether foundation models can model biology toward asking which aspects of biology they can model well and which remain beyond current reach. That distinction is where the remaining work lies.
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