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Abstract

All of life encodes information with DNA. While tools for sequencing, synthesis, and editing of genomic code
have transformed biological research, intelligently composing new biological systems would also require a
deep understanding of the immense complexity encoded by genomes. We introduce Evo 2, a biological
foundation model trained on 9.3 trillion DNA base pairs from a highly curated genomic atlas spanning all
domains of life. We train Evo 2 with 7B and 40B parameters to have an unprecedented 1 million token con-
text window with single-nucleotide resolution. Evo 2 learns from DNA sequence alone to accurately predict
the functional impacts of genetic variation—from noncoding pathogenic mutations to clinically significant
BRCA1 variants—without task-specific finetuning. Applying mechanistic interpretability analyses, we reveal
that Evo 2 autonomously learns a breadth of biological features, including exon–intron boundaries, transcrip-
tion factor binding sites, protein structural elements, and prophage genomic regions. Beyond its predictive
capabilities, Evo 2 generates mitochondrial, prokaryotic, and eukaryotic sequences at genome scale with
greater naturalness and coherence than previous methods. Guiding Evo 2 via inference-time search enables
controllable generation of epigenomic structure, for which we demonstrate the first inference-time scaling
results in biology. We make Evo 2 fully open, including model parameters, training code, inference code, and
the OpenGenome2 dataset, to accelerate the exploration and design of biological complexity.
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1. Introduction

Biological research spans scales from molecules to systems to organisms, seeking to understand and design
functional components across all domains of life (Darwin, 1859; Mendel, 1866; Dobzhansky, 1951). Creating
a machine to design functions across the diversity of life would require it to learn a deep, generalist represen-
tation of biological complexity. While this complexity surpasses straightforward human intuition, advances in
arti�cial intelligence o�er a universal framework that leverages data and compute at scale to uncover higher-
order patterns (Vaswani et al., 2017; Kaplan et al., 2020). We reasoned that training a model with these
capabilities would require data spanning the full spectrum of biological diversity to discover emergent prop-
erties similar to those found in other �elds (Radford et al., 2019).

All domains of life express complex functions from DNA sequences (Watson and Crick, 1953; Nirenberg and
Matthaei, 1961), yet genomic content and length vary dramatically across organisms. Prokaryotic genomes
maintain relatively simple organization (Jacob and Monod, 1961; Overbeek et al., 1999), while eukaryotic
evolution has produced intricate genomic architectures characterized by extensive noncoding regions, alter-
native splicing patterns, and multiple layers of epigenomic control (Chow et al., 1977; Brownell et al., 1996).
These features underpin the emergence of multicellularity, sophisticated traits, and intelligent behaviors that
are unique to eukaryotic life (Szathmáry and Smith, 1995).

We previously demonstrated that machine learning models trained on prokaryotic genomic sequences can
model the function of DNA, RNA, and proteins, as well as their interactions that create complex molecular
machines (Nguyen et al., 2024a; Merchant et al., 2024). However, extending this sequence modeling paradigm
to eukaryotic genomes would require advances in data curation, model architecture, training and inference
infrastructure, and inference-time compute to address the scale and complexity of eukaryotic genomes.

Here we present Evo 2, a biological foundation model that is trained on a representative snapshot of
genomes spanning all observed evolution. Emphasizing generalist capabilities over task-speci�c optimization,
Evo 2 achieves robust prediction and generation performance from molecular to genome scale and across all
domains of life. We trained two versions of Evo 2 at 7B and 40B parameters, leveraging over 9.3T tokens
at single-nucleotide resolution. These models were trained with a context window up to 1M tokens and
demonstrate e�ective retrieval across the full context. To enable the research community, we release, to our
knowledge, the largest-scale fully open language model to date, including open-source training code, inference
code, model parameters, and the OpenGenome2 training data.

Evo 2 exhibits strong performance across biological sequence tasks. Building upon our previous work
(Nguyen et al., 2024a), Evo 2 learns how mutations a�ect protein, RNA, and organismal �tness, while now
generalizing beyond prokaryotes to include humans, plants, yeast, and other eukaryotes. Remarkably, without
any variant-speci�c training, architectural optimization, or multiple sequence alignments, Evo 2 is the �rst
language model capable of scoring the impact of all variant types on pathogenicity and splicing, achieving
accurate and state-of-the-art performance in predicting the pathogenic e�ects of noncoding variation. Fur-
thermore, a supervised model built on Evo 2 embeddings attains state-of-the-art performance on classifying
BRCA1variants of unknown signi�cance in breast cancer.

To elucidate the model's learned concepts, we applied mechanistic interpretability techniques that de-
compose large language model representations into understandable components (Cunningham et al., 2023;
Bricken et al., 2023). Using sparse autoencoders (SAEs), we identi�ed a diverse set of features corresponding
to key biological signatures, including intron and exon boundaries, transcription factor motifs, and protein
structure characteristics. These feature-based annotations can also be leveraged for discovery tasks, such as
identifying prophage regions and mobile genetic elements.

Evo 2 can also leverage its unique representation of biological complexity to generate new genomic se-
quences. We �rst demonstrate unconstrained generation of genome- and chromosome-scale sequences with
improved naturalness compared to previous genomic language models. This includes the ability to gener-
ate complete mitochondrial genomes, minimal bacterial genomes, and entire yeast chromosomes. We also
demonstrate how inference-time search can guide generation with Evo 2 to successfully achieve complex de-
sign tasks. In particular, we demonstrate controllable generation by using models of epigenomic state to design
novel DNA sequences for which we can specify the location and length of chromatin-accessible regions, allow-
ing us to write simple Morse code messages into our epigenomic designs. In doing so, we demonstrate the
�rst inference-time scaling results for biological language modeling, extending our previous work that showed
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Figure 1 j Overview of model architecture, training procedure, datasets, and evaluations for Evo 2.
(A) Evo 2 models DNA sequence and enables applications across the central dogma, spanning molecular and
cellular scales. (B) Evo 2 is trained on data encompassing trillions of nucleotide sequences from all domains
of life. Each UMAP point indicates a single genome. (C) A two-phase training strategy optimizes model
performance while expanding up to 1 million base pairs to capture wide ranging biological patterns. (D)
Novel data augmentation and weighting approaches prioritize functional genetic elements during pretraining
and long-sequence composition during midtraining. (E) The number of tokens used to train Evo 2 40B and 7B,
split into the short phase pretraining and the long context midtraining. ( F) Schematic of the new multi-hybrid
StripedHyena 2 architecture, showing the e�cient block layout of short explicit (SE), medium regularized
(MR), and long implicit (LI) hyena operators. ( G) Comparison of iteration time at 1024 GPU, 40B scale
between StripedHyena 2, StripedHyena 1 and Transformers, showing improved throughput. (H) Validation
perplexity of Evo 2 midtraining comparing the model size and context length, showing bene�ts with scale and
increasing context length. (I) A modi�ed needle-in-a-haystack task evaluates Evo 2's long context recall ability
up to 1 million sequence length, showing the model performs e�ective recall at 1 million token context.
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the �rst scaling laws for DNA sequence pretraining.

Evo 2 and future iterations of the DNA foundation modeling paradigm represent the �rst steps toward
generative biology for genomic and epigenomic design. This computational ability, combined with our recent
experimental advances in large-scale programmable DNA manipulation (Durrant et al., 2024), may enable
the direct programming of diverse synthetic life. Furthermore, combined with application-speci�c scoring
functions to provide inference-time guidance, Evo 2 enables the design of complex biological architecture
beyond DNA alone.

2. Results

2.1. Evo 2 model architecture, training procedure, and data

Evo 2 represents a major advance in genomic language models, scaling to 40 billion parameters and handling
sequences of up to 1 million base pairs in length. Evo 2 was trained on genetic sequences from all domains of life
and is useful for predictive and generative tasks across multiple scales of complexity (Figure 1A ). We release
OpenGenome2, a new dataset compiled from curated, non-redundant nucleotide sequence data, totaling over
8.8 trillion nucleotides from bacteria, archaea, eukarya, and bacteriophage (Figures 1B and S1A).

We trained two versions of Evo 2: a smaller version at 7B parameters trained on 2.4 trillion tokens and a full
version at 40B parameters trained on 9.3 trillion tokens. Both Evo 2 7B and 40B are trained in two phases to
capture biological length scales from molecular to organismal (Figure 1C). Our �rst stage of pretraining uses
a context length of 8,192 tokens, with data weighting focused on genic windows to learn functional genetic
elements (Appendix B.2 ), followed by a multi-stage midtraining phase over which we extend Evo 2's context
length to 1 million tokens to learn the relationships between elements across long genomic distances (Figures
1C,D). This matches best practice among large language models for natural language, where initial pretraining
at shorter context lengths improves both e�ciency and overall model quality (Gao et al., 2024b; Dubey et al.,
2024; Liu et al., 2024). As in Evo 1, we excluded genomic sequences from viruses that infect eukaryotic hosts
from the training data. We veri�ed that these data exclusions led to high perplexity on genomic sequences
from eukaryotic viruses (Figure S2A), indicating poor language modeling performance in this domain.

Evo 2 uses StripedHyena 2, the �rst convolutional multi-hybrid architecture (Ku et al., 2025). Multi-hybrids
are a new class of model architectures designed explicitly to leverage the synergy between multiple di�erent
types of operators, arranged in a striped pattern. In particular, StripedHyena 2 relies on a combination of
three di�erent variants of input-dependent convolution operators (Poli et al., 2023) and attention ( Figure
1F), improving e�ciency of training at scale on both short and long sequences. StripedHyena 2 provides sub-
stantially higher throughput (at 40 billion parameters, up to 1.3 � speedup at 16 thousand context length and
3� speedup at 1 million context length) than highly optimized Transformer (Vaswani et al., 2017) baselines
and previous generation hybrid models based on recurrences or long convolutions, such as StripedHyena 1
(Poli et al., 2024) ( Figure 1G). StripedHyena 2 also improves loss scaling on DNA against both Transformers
and StripedHyena 1 (Figure S1D).

We compare di�erent context extension methods for StripedHyena 2 and �nd methods using rotary em-
beddings can be applied to e�ectively extend the context length, similarly to StripedHyena 1 in Evo 1 (Ku
et al., 2025). This enables us to train up to 1 million base pairs in context length through a multi-stage exten-
sion phase, which shows improvements in loss with both model scale and longer context (Figure 1H) . With a
synthetic long-context evaluation, we demonstrate that the model can implement recall to retrieve a 100 base
pair needle from di�erent positions in a 1 million base pair long �haystack� of random DNA sequence ( Figure
1I and S1C).

To promote open science and facilitate community development, we have released Evo 2's model pa-
rameters, training code, inference code, and training data freely available under an open-source license
(Discussion). This makes Evo 2 one of the largest-scale fully open AI models, not just in biology but also
compared to natural language models based on the Transformer architecture (Table 1).
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Figure 2 j Evo 2 predicts mutational e�ects on protein, RNA, and organismal �tness across all domains
of life. (A) We used Evo 2's zero-shot likelihoods to predict the e�ects of DNA, RNA, or protein mutations
on molecular function or organismal �tness. ( B) We used the change in Evo 2's sequence likelihood caused
by di�erent mutations along gene start sites for various model species across the tree of life. Evo 2 predicts
mutations to be unlikely in the start codons of protein-coding genes, the �rst two bases of each codon of the
coding region, and the ribosome-binding sites of the50 UTR. SeeFigure S3A for an additional analyses. (C,
D) For di�erent prokaryotic ( C) and eukaryotic ( D) sequences, we scored the likelihood of di�erent types of
mutations in di�erent genomic elements using Evo 2 7B. Results align with known biology such that regions
under stronger evolutionary constraint are also more sensitive to mutational likelihoods under Evo 2. Scatter
represents median change in likelihood from WT to mutant sequence per species, colored by domain (C) or
kingdom ( D); horizontal line indicates median of the scatter distribution. ( E) We used a wide range of diverse
deep mutation scanning (DMS) assays to assess the Spearman correlation of zero-shot likelihoods from models
with experimental assays. (F) Schematic of our single-nucleotide resolution exon classi�er based on embed-
dings from Evo 2. (G) We compared single-nucleotide resolution exon classi�ers trained on embeddings from
Evo 2, Nucleotide Transformer (NT), or Evo 1 across eight held-out species, with performance measured by
area under the receiver operating characteristic curve (AUROC) in classifying exonic base pairs. (H) Genome
browser track showing predictions from the Evo 2 embedding-based exon classi�er scanned across the human
STOML2locus, where the vertical axis is the predicted classi�er score and the horizontal axis is genome po-
sition. ( I) We used the mutational likelihood of premature stop codon insertions (as a genetic perturbation)
to use Evo 2 to predict genes as essential or nonessential, as determined by experimental gene essentiality
assays across bacterial and phage species (shown as overlaid scatter). (J) We used the mutational likelihood
of scrambled sequence (as a genetic perturbation) to use Evo 2 to predict human lncRNAs as essential (# =
46) or nonessential (# = 5,417) in all tested cell lines, as experimentally determined using lncRNA cellular
essentiality screens.

5



2.2. Evo 2 predicts mutational e�ects on protein, RNA, and organismal �tness across all domains of
life

By learning the likelihood of sequences across vast evolutionary training datasets, biological sequence models
can learn how mutational e�ects correlate with biological functions without any task-speci�c �netuning or
supervision. This is referred to as zero-shot prediction. Previously, however, e�ective zero-shot mutational
e�ect prediction has been shown for language models trained only on protein sequences (Meier et al., 2021;
Notin et al., 2023) or genome language models trained only on prokaryotic sequences (Nguyen et al., 2024a).
Given that Evo 2 learns a sequence likelihood landscape across all three modalities of the central dogma (DNA,
RNA, protein) and all three domains of life (prokaryota, archaea, eukaryota), we sought to assess whether
Evo 2 enables mutational e�ect prediction across all of these modalities and organisms (Figure 2A ).

Coding sequences across all domains of life follow a fundamental structure: they begin with a start codon
(Marcker and Sanger, 1964), end with a termination codon (Brenner et al., 1965), and are translated using
a triplet codon code that de�nes the reading frame (Nirenberg and Matthaei, 1961). To assess whether Evo 2
captures these core biological principles, we �rst evaluated how single nucleotide variants (SNVs) impact Evo
2 likelihoods in the genomic sequences around the start codons of protein-coding genes. We introduced these
mutations into the wildtype sequence at each position and calculated how the Evo 2 predicted likelihoods
changed across thousands of such loci (Figures 2B and S3A). We observed strong changes in the likelihood
for mutations within the start codons in both prokaryotic and eukaryotic species. This was followed by a
three-base periodicity pattern re�ecting the triplet codons, with changes at the wobble positions showing
lower impact on likelihood. For both prokaryotic and eukaryotic genomes, we observed a pattern upstream of
the CDS that was consistent with conserved ribosome binding sites (Shine and Dalgarno, 1974; Kozak, 1989).
We also observed similar patterns for SNVs around stop codons (Figure S3B). These results con�rmed that
the model had learned these fundamental genetic features across the domains of life, despite not having seen
any annotations of these sequences in its training data.

Beyond coding sequences, our current understanding of genomes presumes that speci�c genetic alterations
should result in di�erential phenotypic consequences. For example, non-synonymous mutations should be
more disruptive than synonymous ones, frameshifts and premature stop codons should be maximally disrup-
tive, and in essential noncoding elements, deletions should have greater consequences than those in intergenic
regions. By measuring the impact of a variety of mutations across both noncoding and coding sequences, we
sought to evaluate whether Evo 2 likelihoods capture these known priors (Figures 2C,D). Across 20 prokary-
otic species and 16 eukaryotic species, we observed changes in model likelihoods consistent with known biolog-
ical constraints. Within coding sequences, non-synonymous variations, premature stop codons, and frameshift
mutations caused much larger changes in likelihood than synonymous mutations. In noncoding regions, dele-
tions in tRNAs and rRNAs had signi�cantly greater e�ects than deletions in intergenic and other noncoding
loci, re�ecting the known essential roles of these RNAs. Interestingly, the 40B model exhibited higher sensi-
tivity to deletions in miRNA and snoRNA sequences compared to the 7B model (Figure S3C), suggesting that
larger models likely capture more nuanced regulatory features. Additionally, Evo 2 performance exceeds that
of other DNA language models on three recently published zero-shot evaluation tasks of human noncoding
regulatory sequences, demonstrating progress in modeling these notoriously �fuzzy� DNA elements (Figure
S3D) (Patel et al., 2024).

Recognizing that our training data contained genomes with distinct genetic codes, we also tested how
di�erent premature stop codons impacted species that di�ered in their stop codon usage ( Figure S3E). We
found that the model clearly learned the di�erence between the standard code (stop codons TAA, TAG, and
TGA), the mycoplasma code (Code 4, stop codons TAA and TAG), and the ciliate code (Code 6, stop codon
TGA). Interestingly, 4 to 8 kb context windows around the premature stop codons were necessary to correctly
identify the ciliate stop codon code, demonstrating the value of longer context windows for this task (Figure
S3F).

While Evo 2 predictions re�ect the expected importance of di�erent genetic alterations, a key question is
whether these likelihoods correspond to empirically measured functional e�ects. Deep mutational scanning
(DMS) provides a systematic framework for measuring the �tness impact of mutations across a wide range
of proteins and noncoding RNAs (ncRNAs). By comparing Evo 2's zero-shot likelihoods to experimental mea-
surements from DMS, we found that Evo 2's sequence likelihoods correlate with diverse de�nitions of �tness
for both prokaryotic and eukaryotic protein and ncRNA molecules (Figure 2E). Notably, Evo 2 is competitive
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with state-of-the-art autoregressive protein language models in predicting the �tness of both bacterial and
human proteins, and achieves state-of-the-art performance on noncoding RNA �tness prediction.

We also tested the ability for Evo 2 to predict mutational e�ects in protein sequences from viruses that
infect human hosts. We found no correlation between Evo 2 likelihood and viral protein �tness ( Figure S2B).
This is consistent with our data exclusions having the intended e�ect of weakening both language modeling
performance (Figure S2A) and downstream prediction tasks.

Additionally, since Evo 2 is pre-trained on both DNA and RNA sequences, it has learned sequence features
that contribute to molecular �tness across both domains. Therefore, we expect that the likelihood scores as-
signed to RNA sequences by the model would be associated with their overall stability. To test this hypothesis,
we conducted a zero-shot evaluation by comparing the model-derived likelihoods for human mRNAs against
their average decay rates measured in an mRNA stability dataset. Consistent with an expected negative as-
sociation between model scores and mRNA decay, we found that among the evaluated models, only Evo 2
likelihoods were found to negatively correlate with the mRNA decay rates, with the 40B model showing a
stronger negative correlation than the 7B (Figure S3G).

Since Evo 2 learns from eukaryotic genomes, we assessed its ability to capture the canonical exonic and
intronic patterns that represent some of the fundamental building blocks of the genetic code. To do this,
we leveraged Evo 2 embeddings to develop a single-nucleotide resolution classi�er of exon labels from ref-
erence annotations (Methods ; Figure 2F). After optimizing small-scale classi�ers on embeddings from each
model, we evaluated their performance across eight diverse species held out from classi�er training. The
Evo 2 embedding-based classi�er achieved superior performance to models trained on embeddings from Nu-
cleotide Transformer and Evo 1. Our classi�er also had high accuracy on this task, with areas under the
receiver operating characteristic curve (AUROCs) ranging from 0.82-0.99 across species (Figure 2G). As an
example demonstration, we scanned the classi�er across the human protein-coding gene locus of theSTOML2
gene. The classi�er's probabilities showed strong correspondence with annotated exon locations, with distinct
transitions at exon-intron boundaries (Figure 2H ). Using Evo 2 sequence embeddings, potentially combined
with bioinformatic approaches, may aid functional annotation of genetic components in poorly characterized
genomes.

Beyond molecular or gene-level prediction tasks, we previously showed that Evo 1 can predict mutational
e�ects on whole organism �tness in prokaryotes. Using zero-shot likelihoods to score the e�ects of premature
stop codon insertions into bacterial and phage genomes, we found that the Evo 2 models matched the perfor-
mance of Evo 1 in predicting gene essentiality across diverse essentiality studies (Figure 2I ) (Zhang, 2004;
Piya et al., 2023). These results indicate that Evo 2, even after expanding its scope to incorporate eukaryotic
training data, has retained its predictive performance in prokaryotic tasks.

Expanding our analysis to whole organism �tness e�ects in eukaryotes, we evaluated Evo 2's ability to
predict noncoding gene essentiality in human cells. Using data from a recent long noncoding RNA (lncRNA)
essentiality study (Liang et al., 2024), we found that both Evo 2 models substantially outperformed Nucleotide
Transformer and other sequence-based metrics when assessing the impact of arti�cial disruptions�speci�cally,
by scrambling 100 bp subsequences within the lncRNA gene (Figure 2J). This enhanced predictive perfor-
mance was consistently observed across the �ve cell lines tested in the original study and was even more
pronounced for lncRNAs deemed essential in multiple cell lines (Figure S3H,I ), indicating that Evo 2 e�ec-
tively captures the breadth of �tness contributions from functional lncRNAs.

In total, these results demonstrate that Evo 2 has captured a remarkable breadth of information across
biological modalities and domains of life. Notably, the 7B and 40B models expand predictive capabilities
without compromising the prokaryotic insights captured by Evo 1. The utility of both zero-shot likelihoods
and simple classi�ers trained on Evo 2 embeddings for a variety of predictive tasks across prokaryotic and
eukaryotic genomes indicates that Evo 2 provides a strong foundation model for many downstream applications
in computational biology.

2.3. Evo 2 enables accurate human clinical variant e�ect prediction

Variant e�ect prediction (VEP) evaluations have emerged both as a foundational application of and litmus
test for genome language models (Benegas et al., 2025; Ji et al., 2021; Dalla-Torre et al., 2024), assessing
their ability to capture functional constraints, predict pathogenicity, and generalize across diverse genomic
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