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INTRODUCTION: Evolution continuously forges new biological
innovations written in genomes. Navigating this vast design space
could access functions that would transform biotechnology, but
even the simplest genomes are highly complex and can be rendered
nonviable by a single mutation. Accordingly, most progress in
biological design has been made at the scale of individual genes and
gene circuits, whereas design at the scale of whole genomes has
remained largely beyond reach.

RATIONALE: Genome language models are artificial intelligence (AI)
algorithms that have shown promise in designing biological
systems. Much like how other language models are trained on
large corpora of text, genome language models are trained on
large corpora of DNA comprising millions of genomes from

all domains of life. This enables these models to learn the evolu-
tionary constraints that shape DNA sequences in nature. However,
the ability of genome language models to generate entire func-
tional genomes has not been tested. Bacteriophages, viruses

that infect bacteria, are specifically well suited for this task, as
they are relatively small, experimentally tractable, and have

broad applications in molecular biology, microbial engineering,
and therapeutics.

RESULTS: In this work, we leveraged genome language models, Evo
1 and Evo 2, to generate complete phage genomes with realistic
genetic architectures and specificity for a bacterial host,
Escherichia coli C. Using the natural phage ®X174 as a design
template, we established a framework for generating and evaluat-
ing thousands of Al-generated genomes, nearly 300 of which we
chemically synthesized and tested in laboratory conditions,

yielding 16 viable phages. The viable generated phages showed
strong host specificity and diverse fitness profiles, including
competitive infection kinetics. The generated phages were
different from any known natural phages, exhibiting de novo
mutations, divergent genes and regulatory elements, and variable
genome lengths. One of the phages utilized a DNA packaging
protein from an evolutionarily distant phage in its capsid struc-
ture. We also tested whether the generated phages could overcome
bacterial resistance, a central challenge in developing phage-based
antimicrobial therapies, and found that a mixture of designed
phages rapidly overcame ®X174-resistant E. coli strains, whereas
a comparable mixture of naturally sourced ®X174-like phages
could not.

CONCLUSION: Our results demonstrate that generative models
capture evolutionary constraints in DNA sequences with enough
fidelity to produce complete bacteriophage genomes divergent from
those observed in nature and with prespecified traits. Our approach
expands what synthetic genomics can achieve alongside methods
such as directed evolution and rational engineering, lays out a path
for generating adaptive and resilient phage therapies against
rapidly evolving pathogens, and establishes a foundation for the
generative design of larger, more complex genomes. Genome design
can augment the broader toolkit of genome sequencing, synthesis,
and editing, enabling the composition of biological systems at the
genome scale. [
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Many important biological functions arise not from single genes
but from complex interactions encoded by entire genomes. We
report the first generative design of complete bacteriophage
genomes using genome language models. We generated viable
bacteriophages with target host tropism, using the phage
®X174 as our design template. Experimental testing yielded

16 phages with diverse fitness profiles in laboratory conditions.
Cryo—electron microscopy confirmed that a generated
phage utilizes an evolutionarily distant DNA packaging protein
in its capsid. A cocktail of generated phages rapidly overcomes
®X174-resistant Escherichia coli strains, demonstrating a path
toward artificial intelligence—generated phage therapies against
rapidly evolving bacterial pathogens. This work provides a
blueprint for the design of diverse synthetic bacteriophages and
useful biological systems at the genome scale.

Advances in DNA sequencing and synthesis have vastly improved our
ability to read and write DNA at the scale of whole genomes (I-5).
Although these technologies could also facilitate whole-genome design,
potentially enabling new biotechnologies or therapeutic modalities (6-9),
intelligently composing new genomes still represents a monumental
challenge. Genomes contain emergent complexity, wherein interactions
involving multiple genes, regulatory elements, recognition sequences,
and other features are tightly orchestrated to enable replication and
other higher-order functions (Fig. 1A) (10-12). Genomes are also highly
sensitive to their sequence composition, as even a single mutation can
render an entire genome nonviable (13-16). Despite efforts to design new
proteins, reprogram genetic codes, and engineer increasingly complex
biological circuits (17-23), there remains no generalizable framework
for designing entire genomes.

Recent advances in artificial intelligence (AI) leverage data and
compute at scale to enable complex generative tasks (24, 25). In biol-
ogy, language models trained on vast genomic sequence datasets learn
complex rules that enable the generative design of new DNA sequences
with desired functions (26-28). For example, we previously reported the
successful design of functional systems, such as CRISPR-Cas complexes,
transposable elements, and toxin-antitoxin interactions, with genomic
language models Evo 1 and Evo 2 (27, 28). However, these systems
contain only a small number of genetic components, whereas the de-
sign of complete genomes would require new methodological advances
and much deeper integration of machine learning, computational biol-
ogy, and experimental biology.

In this work, we report the first generative design of complete
genomes. We focused on the design of bacteriophages, which have
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substantial utility as biotechnologies and have therapeutic relevance
as treatments for bacterial infections (6, 29-33). As a design template,
we selected ®X174, a lytic Microviridae phage with a ~5.4-Kkilobase
(kb) genome containing 11 genes, at least seven regulatory elements,
and two recognition sequences (34-37). Although ®X174 has a much
more complex genetic architecture than any previously Al-generated
biological system, its relatively small genomic length and rich history
of experimental work (38) also make it a tractable and safe model for
establishing whole-genome design. Notably, ®X174 was the first com-
plete DNA genome sequenced and synthesized (36, 39) and has con-
tinually served as a pivotal model within molecular biology (13, 40, 41).

Enabling generative design of complete bacteriophages first re-
quired substantial computational development of both generative
models and bioinformatic prediction tools. Our full generative pipeline
consisted of unsupervised pretraining with Evo 1 and Evo 2, task-
specific fine-tuning on Microviridae genomes, prompt engineering
with ®X174-specific sequences, and inference-time guidance by means
of predictive models of genomic architecture and host tropism. Whole-
genome bacteriophage design also required extensive development of
experimental methods, including a scalable protocol that enabled us
to screen nearly 300 genome designs to yield 16 functional phages,
with tropism successfully limited to the target host.

The generated phages have diverse sequences and structures. Some
of these phages also have competitive growth rates and lysis kinetics
compared with those of natural Microviridae phages. In a setting
analogous to pathogen resistance to phage therapies, a cocktail of the
generated phages rapidly overcame resistance in two different ®X174-
resistant Escherichia coli strains, whereas a natural ®X174-like phage
cocktail could not overcome resistance. These results establish genera-
tive genomics as a powerful strategy for accessing evolutionary se-
quence space and for potentially creating effective and evolutionarily
resilient phage therapeutics.

More broadly, this study establishes a generalizable approach to gen-
erative bacteriophage genome design under steerable, user-specified
constraints. We envision that techniques developed in this work offer
a path toward designing more complex biological systems with desir-
able functions, potentially including larger bacteriophage genomes
and prokaryotic genetic systems at the scale beyond tens of genes.

Evo generates realistic bacteriophage genomic sequences
Bacteriophage genome design is distinctively complex because a com-
plete phage genome must reconcile features such as coding and non-
coding elements, architectural arrangement, gene directionality,
structural motifs, and host interactions to yield a temporally coordi-
nated multistage life cycle within and outside of host cells (Fig. 1A).
By contrast, genetic systems of similar length, such as prokaryotic
operons, generally execute modular functions that typically do not
require the same degree of global coordination. We hypothesized that,
with advances in genome language models and with the appropriate
training data, it would be possible to learn underlying evolutionary
constraints that could allow for the generation of phage genome se-
quences not yet seen in nature (Fig. 1B).

We investigated whether Evo 1 and Evo 2, which were pretrained
on large corpora of DNA sequences, including >2 million bacterio-
phage genomes (26, 28), had baseline capability for generating phage-
like sequences (Fig. 1C). We leveraged special taxonomic sequence
labels that were included alongside genomic sequences during pre-
training (26, 28) to specifically prompt the models to generate phage-
like sequences using three prompts corresponding to major viral
realms: Duplodnaviria (double-stranded DNA viruses), Monodnaviria
(single-stranded DNA viruses), and Riboviria (RNA viruses) (Fig. 1C;
materials and methods).

We first evaluated whether the generated sequences resembled
natural phage sequences using geNomad, a widely adopted viral classifica-
tion tool (42). As a baseline, geNomad reliably classified 89 to 100% of
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Fig. 1. Evo generates realistic bacteriophage genomic sequences. (A) Key considerations highlighting the complexity of genome design. (B) Generative genome language
models have the potential to explore phage genome design space when trained on a subset of observed natural evolution. (C) We benchmarked Evo 1 and Evo 2 on a broad
zero-shot prompting task for phage genomic sequence design. (D) Generated sequences classified as viral by geNomad (left) with high average virus classification scores across
prompts (right). D, Duplodnaviria; M, Monodnaviria; R, Riboviria. (E) Generated sequences show low query cover and sequence identity against natural sequences in nucleotide
BLAST searches. (F) Generated sequences contain predicted phage-like architectures, with regions that match natural sequences (blue) and regions without nucleotide BLAST
hits (gray). (G) Predicted coding densities of generated sequences are reminiscent of but higher than natural sequences and unlike scrambled natural sequences. (H) ESMFold-
predicted protein structures from generated sequences have mean predicted local distance difference test (pLDDT) scores similar to natural proteins, higher than predicted
proteins from scrambled natural sequences. (I) Generated proteins align to proteins in the OpenGenome and PHROGs databases with generally low sequence identities, indicating
sequence divergence. (J) Functional annotations of generated proteins closely match those of natural phages when queried against the PHROGs database.

natural phage sequences as viral depending on the realm (geNomad mean
score > 0.96), whereas the same natural phage sequences but randomly
scrambled were rarely classified as viral (1.9 to 11%, mean score > 0.73)
(fig. S1A). By contrast, 19 to 33% and 34 to 38% of Evo 1 and Evo 2
generations, respectively, were classified as viral (Evo 1 mean score >
0.80, Evo 2 mean score > 0.87) depending on the prompt (Fig. 1D).
These results support that both pretrained models can generate phage-
like sequences, with Evo 2 showing stronger baseline performance.
Querying generated sequences against the nucleotide BLAST data-
base (43) revealed that generated sequences are distinct from those
in nature (Fig. 1, E and F), yet they retained a high predicted coding
density and genetic features reminiscent of natural phage genomes
(Fig. 1, F and Q). Structure prediction (44) of the proteins generated by
both Evo 1 and Evo 2 yielded predicted confidence scores consistent
with those expected for structure prediction of natural proteins (Fig.
1H and fig. S1B). When compared with proteins in the Evo models’
pretraining data, OpenGenome (26, 28), and the PHROGs database, a
comprehensive database of phage proteins (45), generated proteins
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generally showed low sequence identity with a realistic distribution
of gene annotations (Fig. 1, I and J). Together, these data demonstrate
that pretrained Evo models can design biologically realistic phage
genomic sequences while introducing sequence diversity beyond ob-
served natural evolution.

Generative design of bacteriophages with target host tropism
We next hypothesized that generative genomic design, with appropri-
ate templates and constraints, could propose complete and viable
phage genomes (Fig. 2). To achieve bacteriophage design, we devised
a workflow (Fig. 2A) that consisted of (i) selecting a target host of bio-
logical or therapeutic interest; (ii) choosing a design template, a phage
genome known to infect that host, and collecting evolutionarily related
sequence data; (iii) training or fine-tuning a genome language model
on that sequence data; (iv) establishing design constraints based on
the design template; (v) computationally evaluating and filtering gen-
erated sequences using those constraints; and (vi) experimentally
validating the designed genomes.
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Fig. 2. Generative design of bacteriophages with target host tropism. (A) Phage genome design workflow. (B) Genetic architecture of our design template, ®X174, a
Microviridae phage that uses E. coli C as a host. (C) For our generation strategy, we specialized Evo 1 and Evo 2 on Microviridae genomes through SFT to enhance its ability to
generate ®X174-like sequences. (D) Sequence logos showing conserved nucleotides at the start of ®X174 variant genomes compared with Microviridae genomes in our training
data. (E) Increasing the number of ®X174 nucleotides in the prompt quickly improved recall with the SFT models, whereas the base models failed to recall ®X174 across all
prompt lengths. (F) Design constraints selected for genome filtering, with thresholds (blue) chosen against natural Microviridae distributions (gray) and ®X174 (dotted line).
(G) Benchmarking of six gene prediction methods on the ®X174 genome shows that overlapping genes are systematically missed, requiring us to create a method that predicts

all genes in ®X174. (H) Final filtering and evaluation steps for generated genomes. (1) Maxi
sequences after applying design constraints, with natural Microviridae, scrambled Microvir

mum sequence retention rate across Evo 1 and 2 base model- and SFT-generated
idae, and ®X174 variant controls. The selected design constraints retained ®X174-like

sequences across quality control, tropism, and diversification filters. (J and K) Generated sequences had high Shannon diversity after tropism filtering (J) and maintained a
high retention rate even after further diversification filtering (K). Diversity and retention rate both increased with generation temperature and prompt length. Microviridae,
scrambled Microviridae, and ®X174 variants are shown for comparison. N = 1000 sequences per parameter combination.

Following these steps, we selected E. coli C and its native phage
®X174 as our design template (Fig. 2B). ®X174 is a well-studied phage
that belongs to Microviridae, a family of phages with small genomic
sizes (typically ~4 to 6 kb) and an abundance of available sequencing
data (fig. S2A) (38, 46); E. coli C is a nonpathogenic, well-characterized
host strain (47). These features make ®X174 and E. coli C an ideal
testbed for generative phage design.

Given the success of previous design tasks that required supervised
fine-tuning (SFT) to generate coherent CRISPR-Cas systems and trans-
posable elements (28), we fine-tuned Evo 1 7B 131K and Evo 2 7B 8K
on a dataset of ~15,000 Microviridae sequences (Fig. 2C and figs.
S2B and S3, A to F), resulting in higher fidelity language modeling of
®X174-like genomes (fig. S3, G and H). We then sampled sequences
from the Microviridae SFT models, leveraging the property that they
were trained to initiate full-length genome generation from the first
position of their input context. Whereas the genomic start sequences
of all Microviridae sequences in the training data were highly di-
verse, all the ®X174-like genomes started with the same consensus
nucleotides (Fig. 2D). By prompting with a portion of this consensus
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sequence, we were able to generate ®X174-like sequences with both
Evo 1 and Evo 2 SFT models (Fig. 2E). By contrast, the base models
failed to recall ®X174 across all tested lengths of the consensus se-
quence prompt.

To assess the quality of generated DNA sequences, we developed a
set of genome-level design constraints by computing various statistics
on natural Microviridae sequences, including ®X174 (Fig. 2F). We
organized these constraints into three tiers: sequence quality, tropism
specificity, and evolutionary diversity. As basic sequence quality con-
trol, we filtered out generated sequences containing nonnucleotide
characters, enforced lengths between 4 to 6 kb and GC content within
30 to 65%, and excluded sequences with DNA homopolymers longer
than 10 bases.

We also sought to add constraints on the protein-coding genes of
our generated genomes. However, we found that none of six broadly
used gene annotation tools were able to annotate all 11 genes on the
wild-type ®X174 sequence (Fig. 2G and fig. S4A), reflecting the chal-
lenge of predicting overlapping open reading frames (ORFs) (fig. S4,
A and B) (48). To overcome this limitation, we built a bespoke coding
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sequence (CDS) prediction method tailored to ®X174-like sequences
(fig. S4, C and D; materials and methods) that was able to fully an-
notate all genes in ®X174, with the exception of gene A*, which was
partially predicted (Fig. 2G). With our method, we applied an addi-
tional quality control constraint requiring at least seven predicted
protein hits to natural phage proteins. Because host range is largely
determined by the ability of viral spike proteins to bind host cell recep-
tors (47, 49), we applied a tropism constraint requiring that generated
genomes encode spike proteins with moderate sequence identity
(>60%) to the ®X174 spike protein (Fig. 2F).

We encouraged evolutionary novelty by individually applying any
of three diversification filters (Fig. 2F). We preferred genomes with
<95% average amino acid identity (AAI) to natural proteins, directly
promoting diverged proteome sequences. We also developed a “genetic
architecture” constraint to capture preservation of global gene ar-
rangement relative to ®X174, which scores genomes by fuzzy boundary
matching of start and stop codons positions, allowing us to remove
sequences that too closely resembled the exact coding position archi-
tecture of ®X174 (Fig. 2F and fig. S5; materials and methods). We fa-
vored genomes with 10 or 12 genes in total or those sharing synteny
with 10 or 12 of ®X174’s genes, allowing for variants with single gene
losses or gains.

With our full set of design constraints, we narrowed the set of gener-
ated sequences through successive rounds of quality control, tropism
filtering, and diversification filtering (Fig. 2H). These filters also sepa-
rated natural ®X174-like sequences from other Microviridae genomes
and scrambled Microviridae sequences (Fig. 21). After tropism filter-
ing, we retained as much as 100% of the Evo 1 SFT generations and
53.8% of the Evo 2 SFT generations. After diversification-based filter-
ing, we retained as much as 10.4% of Evo 1 generations and 17.2% of
Evo 2 generations.

Lastly, building on our prior finding that sequence context strongly
influences generative outputs (27), we systematically assessed how
prompt length alongside autoregressive sampling temperature influ-
enced the diversity and quality of generated genomes. We found that
prompting with the first nine or more nucleotides from the ®X174
consensus sequence (Fig. 2D) led to simple, memorized recall of ®X174
with minimal diversity at low sampling temperatures (fig. S6). By
contrast, prompting with only the first one or two nucleotides from
the consensus sequence did not provide sufficiently strong condition-
ing to produce ®X174-like generations. Notably, steering toward di-
verse, ®X174-like sequences required carefully tuning the length of
the consensus-sequence prompt to be around four to nine nucleotides
and the sampling temperature to be in the 0.7 to 0.9 range (Fig. 2, J
and K, and fig. S6). The ability to use such short prompts with the SFT
models ensured that the majority of each generated sequence could
be generated by the models.

Both Evo 1 and Evo 2 SFT models produced highly diverse sequence
populations even after tropism filtering, with Shannon diversity, a
measure of biodiversity (50), increasing alongside temperature and
prompt length (Fig. 2J). This diversity did not come at the cost of
design quality, with a high percentage of sequences being retained
after applying our diversification filters (Fig. 2K). In total, these analy-
ses show that by combining steerable generation with systematic de-
sign constraints, Evo models can propose phage genomes that are
realistic, template-guided, and distinct from observed natural phages.

Creating viable generated bacteriophage genomes

Beyond computational design, we then sought to experimentally test
whether the generated genomes encode viable phages (Fig. 3). Using
our evaluation criteria, we curated a set of 302 diverse generated phage
genome candidates (figs. S7 and S8). We designated these phages
“Evo-®” followed by a numeric sequence identifier. These genomes
spanned 4 to 6 kb in length, had AAIs to natural proteins as low as
63%, and retained spike protein sequence identities largely above 85%

Science 6 AUGUST 2026

(Fig. 3A). Most candidates shared >40% nucleotide identity with
®X174 and genomes in the Microviridae training data. CheckV, a tool
for assessing the quality of viral sequences, classified >87% of the
generated sequences as High Quality or Complete (51). Many of the
generated genes also shared no coding sequence similarity with any
gene in ®X174, resulting in breaks in synteny (Fig. 3B). Most genomes
encoded 11 genes in total, with 10 genes preserving synteny with ®X174:
(Fig. 3C).

‘We developed a growth assay for testing phage replication and lysis
similar to previously established phage rebooting protocols (Fig. 3D)
(562, 563). A mature ®X174 virion contains a circular single-stranded
genome that becomes double-stranded during replication (54, 55), a
stage that enables phage rebooting through transformation of a circu-
lar double-stranded DNA (dsDNA) product (52, 53) that can be ob-
tained through in vitro assembly of dsDNA fragments (Fig. 3D). With
this protocol, we observed that genomes of ®X174 robustly formed
plaques on a plate of E. coli C, whereas variants with mutated lysis
genes did not (Fig. 3E and fig. SOA). In our growth inhibition assay,
®X174 impeded growth of E. coli C in less than 2 hours (Fig. 3F). Upon
successful growth inhibition, we created a stock of the phage-infected
culture, verified its identity by long-read sequencing, then propagated
and titrated the phage for downstream assays (fig. S9, B and C; materi-
als and methods).

Upon validating our screening protocol with wild-type ®X174, we
successfully synthesized and assembled 285 out of 302 generated ge-
nomes; the remaining failed because of high-complexity DNA synthe-
sis. Measuring bacterial growth inhibition as an indication of phage
viability, we observed 16 generated phage transformations that inhib-
ited growth of E. coli C (Fig. 3, G and H, and fig. SI0A). When trans-
formed in E. coli K-12, none of the 285 assemblies resulted in growth
inhibition, supporting the robustness of the tropism constraint filter
(fig. S10B). Sequence-verification of the 16 candidates revealed nine
genomes with no acquired mutations, whereas the other seven ac-
quired some single-nucleotide variants (SNVs) or deletions during
synthesis or rebooting (fig. S11). Four out of the seven sets of acquired
mutations made the phages more similar to their nearest natural ge-
nome, and some were essential for viability, suggesting selective pres-
sure for some sequences observed in nature (fig. S12, A and B). Overall,
12 out of 227 (5.3%) tested sequences generated by Evo 1 and 4 out of
58 (6.9%) generated by Evo 2 were viable. Viability tended to increase
with sequence similarity to natural genomes, with as high as 46.2% of
generated phages viable in the 98 to 100% sequence similarity range
(~100 mutations away) from their nearest natural genomes (fig. S12C).

Lastly, we tested the host range of the generated phages across eight
E. coli strains, including E. coli C, E. coli B, E. coli W, and five variants
of E. coli K-12 (Fig. 31 and figs. S13 and S14). ®X174 and 15 out of 16 of
the generated phages could also inhibit growth in E. coli W, a host not
previously associated with ®X174 (47, 56), although they did so with much
more variation in growth Kkinetics (fig. S14). We did not observe growth
inhibition in the other six E. coli strains, suggesting that the generated
phages maintain a high specificity for the intended host, E. coli C. More
broadly, these results demonstrate that genome language models, com-
bined with inference-time steering and filtering, can design viable
phage genomes.

Generated bacteriophages reveal sequence and

structural insights

Having validated the viability of our generated phages, we next exam-
ined the extent of their evolutionary divergence from natural phages
(Fig. 4). Upon analyzing the mutational differences within the gener-
ated genomes relative to their nearest natural genomes and ®X174,
we observed hundreds of synonymous, nonsynonymous, and noncod-
ing mutations (Fig. 4A and fig. S15, A to E) as well as diverse genetic
innovations, including (i) a putative insertion of a new gene J in Evo-®63;
(ii) extended noncoding regions in Evo-®63, Evo-®2147, Evo-®2483, and
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Fig. 3. Creating viable generated bacteriophage genomes. (A) Final generated phage candidates met our quality criteria while capturing abundant sequence diversity. kb,
kilobase; Med., Medium; Comp. Complete. (B) Many generated sequences encode genes with low sequence identity to ®X174, resulting in breaks in gene synteny. (C) A heatmap of
total gene count versus number of syntenic genes shows that most sequences contain a single-gene break in synteny to ®X174, balancing conservation with diversity. (D) Workflow
for experimental validation of generated phage genomes. (E) E. coli C transformed with synthesized ®X174 genome assemblies show that phage plaques formed robustly across
assembly conditions. By contrast, the same genomes but with loss-of-function mutations in lysis genes did not form plaques. ng, nanogram; frag., fragment. (F) Growth curves
of E. coli C transformed with no phage (gray), ®X174 lysis mutant (mut., light blue), or wild-type ®X174 (dark blue) genome assembly reveal strong growth inhibition by ®X174.
Data point, mean ODggg (optical density at 600 nm) value; error bar, standard deviation; N = 3 growth replicates. (G) Growth curves of generated genome assemblies
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in six other strains tested, demonstrating the robustness of tropism filtering. Each column represents an infection replicate.

Evo-®2498; (iii) loss of gene K in Evo-d114; (iv) putative truncations of
gene C in Evo-®75 and Evo-®100 and of gene B in Evo-®316; (v) putative
elongations of gene E in Evo-®4 and Evo-®46; and (vi) swapping of gene
Jin Evo-®36 with a truncated gene J from the distant Escherichia phage
G4, a swap previously found nonviable for wild-type ®X174 (57-59).

The most mutated elements amongst the 16 genomes were promoter
A, gene J, and terminator J, with average mutation rates of 0.054,
0.052, and 0.043, respectively (Fig. 4B). The origin of replication had
no mutations across all 16 genomes.

At a phylogenetic level, the generated phages were similar to mem-
bers of the ®X174-like Microviridae clade, supporting our ®X174-
templated design approach (Fig. 4C and fig. S15F). The likelihoods of
generated phages under a multiple sequence alignment (MSA) of
®X174-like phages were far lower than those of site-independently
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sampled phages from the same MSA (fig. S15G), indicating that the
language models can go beyond simple sequence statistics during
generation. To further interpret generated sequences in the context of
®X174-like phages, we collected three datasets of natural phages to
compare the generated genomes against: 134 ®X174 variants from
our unprocessed Microviridae data; 39 ®X174 variants evolved over
180 days of laboratory evolution, equivalent to ~13,000 phage genera-
tions (60); and 16 ®X174-like phage isolates environmentally sampled
across the United States (61) (fig. S15H).

Relative to their nearest natural genomes, generated phages con-
tained between 49 and 143 synonymous substitutions, 14 and 51 non-
synonymous substitutions, O and 3 indels, and 0 and 12 intergenic
substitutions, with overall sequence similarities between 93.2 and
98.8% (Fig. 4D and fig. S15, E and I). Notably, natural genomes with
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Fig. 4. Generated bacteriophages reveal sequence and structural insights. (A) Synteny plot of ®X174 and functional generated bacteriophages, highlighting synonymous
(light blue), nonsynonymous (dark blue), intergenic (yellow), and indel (pink) mutations compared with their nearest natural genomes. Genomes are in order by name. (B) Mean
length—-normalized nucleotide mutation frequencies of structural genes, nonstructural genes, and regulatory elements across the generated phage genomes show that gene J
and regulatory elements are mutational hotspots. P, procapsid; V, virion; ori, origin of replication. (C) Neighbor-joining phylogenetic tree of viable generated phages (dark blue) and
representative ®X174-like phages (light blue). (D and E) Generated phages exhibit the lowest sequence similarity to nearest natural genomes (D) and the broadest range of genome
lengths (E) compared with ®X174 isolates harvested across the United States (61), ®X174 variants (vars.) evolved over 180 days of laboratory evolution (60), and ®X174 variants in
our Microviridae dataset. Colored dots, top nucleotide blast (blastn) hit per phage, gray dots, top 10 blastn hits per phage. Box, interquartile range (IQR); thick black line, median;
whiskers, 1.5x IQR. (F) The observed survival rates (dark blue) of generated phages were higher than expected survival rates (light blue) for nonsynonymous mutation counts. The
null expectation was computed based on an empirically determined nonsynonymous mutation lethality of ~20% in ®X174 (16) (materials and methods) averaged across the
nonsynonymous mutation counts of phage genomes in each bin. (G and H) Synteny plot (G) and detailed view (H) of gene J and its surrounding intergenic regions of ®X174,
Evo-®36, and phage G4 with SNVs compared with ®X174 highlighted in blue. (I) Cryo-EM density map of Evo-®36 virion highlighting individual subunits of the spike (pink)

and capsid (yellow). Remaining spikes (light blue) and capsids (gray) are shown. (J) Interior surface view of the capsid (F, gray) and spike (G, not visible) pentamers of Evo-®36
(left) and ®©X174 (right) with their cognate J proteins (purple) reveals distinct capsid interactions and putative genome packaging modes between the two phages as modeled into
the cryo-EM density map. (K) Asymmetric units, including F, G, and J of Evo-®36 (left) and ®X174 (right), show resolved residues of J. Single-letter abbreviations for the amino
acid residues referenced throughout this figure are as follows: Y, Tyr; A, Ala; K, Lys; F, Phe; M, Met; S, Ser; G, Gly; |, lle; R, Arg; P, Pro; Q, GIn; L, Leu; T, Thr; W, Trp; V, Val.

group compared with the natural phage datasets as well as the broad-
est distribution of genome lengths, between 99 and 105% of the lengths
of their nearest natural genomes (Fig. 4E and fig. S15J).

Previous work has shown that nonsynonymous substitutions have
a ~20% lethality rate in ®X174 and that the remaining nonlethal muta-
tions still result in an average fitness defect of ~13% (16). These results

<95% identity to any known phage would meet the criteria of a new
species under some definitions (62). In comparison, ®X174-like isolates
and lab-evolved ®X174 variants showed similar distributions of muta-
tion types but more limited sequence similarity, whereas natural
®X174 variants showed the lowest counts and diversity across all met-
rics. Generated phages showed the most diversity among their own
6 of 12
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allowed us to estimate that the expected survival rate of mutated ge-
nomes would only be 2.3% on average for the generated genomes with
<25 nonsynonymous mutations and close to 0.0% for higher muta-
tional burdens (Fig. 4F and fig. S16A). Our generated phages tolerated
far more nonsynonymous mutations than expected under this null
model (even without considering the effects of epistasis and other
mutation types, such as indels and noncoding mutations). The success
rate of our tested genome designs was 60.0% (3/5) for genomes with up
t0 25 nonsynonymous mutations, 26.2% (11/42) for those with 25 to 50 non-
synonymous mutations, and 14.3% (2/14) for those with 50 to 75 non-
synonymous mutations. Most nonviable genomes contained well over
hundreds of such mutations, making their survival probability ex-
tremely low (fig. S16, B to D).

Compared with natural ®X174-like genomes, mutations in nonviable
genomes were enriched in genes H, A, and B and depleted in gene F
(fig. S16, E and F). These results suggest that Evo has implicitly learned
constraints on functional phage genomes and that generative modeling
may help identify success and failure modes in phage genome design.

Mutations in 13 of the generated genomes could not be recapitulated
from any known natural sequences (fig. S17), including large non-
coding insertions in Evo-®2147, Evo-®2483, and Evo-®2498. Through
targeted deletion, we found context-dependent effects. Removal of the
noncoding region in Evo-®2483 was lethal, whereas analogous dele-
tions in Evo-®2147 and Evo-®2498 remained viable (fig. S18). We also
found that deletion of the downstream gene J in Evo-®63 was lethal.
These results suggest that model-generated insertions even in noncod-
ing regions are not uniformly neutral, and their context-dependent
effects are difficult to predict.

We next examined structural changes in the generated phages. We
observed that in Evo-®36, gene J, a genome-packaging protein that
also supports the capsid (63), was replaced with a shorter homologous pro-
tein found in phage G4, differing by four synonymous SNVs. Notably,
Evo-®36 was the only tested phage with this J protein (fig. S19).
Despite the similarity to G4 J, the J-F intergenic region and surrounding
genomic context remained more similar to ®X174 (Fig. 4, G and H).
G4 is a distantly related Microvirus with only 63.0% sequence similar-
ity to ®X174 (fig. S20A) (64), whereas Evo-®36 shares 97.1% similarity
with ®X174. The G4 J protein is 25 amino acids long compared with
the ®X174 J protein, which is 38 amino acids long; the G4 J protein
lacks portions of domains 0 and I that contribute to capsid binding in
DX174 (fig. S20B) (58, 63). Prior work has shown that swapping G4 J
into ®X174 is not viable (57-59); however, Evo-®36 is viable despite
its similarity to ®X174, which prompted us to test the functionality of
Evo-®36 J in its nearest natural genome, NC51. Evo-®36 J was viable
in NC51, whereas it remained lethal in ®X174 (fig. S20, C to E), indicat-
ing up to 58 possible mutations across Evo-®36’s genome that enabled
its functionality (fig. S20, F and G). These results highlight Evo’s ability
to design genomes that integrate context-dependent genome packag-
ing and structural compatibilities.

Given the unusually small J protein in Evo-®36, we sought to un-
derstand its structural consequences. AlphaFold 3 predicted different
orientations of J in the capsid pentamers of Evo-®36 compared with
those in ®X174 and G4 (fig. S21) (65). To further explore these interac-
tions, we solved the structure of ®X174 to a resolution of 2.8 A and
that of Evo-®36 to a resolution of 2.9 A by cryo-electron microscopy
(cryo-EM) (Fig. 41, figs. S22 to S24, and table S1). Consistent with previ-
ous findings (66), we observed that the hydrophobic C terminus of the
J protein in ®X174, domain II, interacts with the interior surface of
the capsid, whereas the more basic domains 0 and I tether the genomic
DNA while structurally supporting the capsid (Fig. 4, J and K, and
fig. S25). Despite introducing more polarity at the capsid-J interface
by substitution of the C-terminal phenylalanine (F) with a tyrosine
(Y), Evo-®36 J maintains a similar overall binding mode at its C ter-
minus (Fig. 4K). Notably, we could not resolve 14 residues at the N
terminus of Evo-®36 J, whereas the corresponding residues in ®X174
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J visibly interact with the capsid. This difference could potentially be
explained by particle integrity (67), or it could be because the Evo-®36
N terminus is unstructured with respect to the capsid and primarily
functions in DNA binding. Taken together, these findings show that
despite divergent sequence contexts, Evo-®36 J preserves a compatible
interaction with its capsid, denoting how generative design can un-
cover new coevolutionary solutions.

Generated bacteriophages exhibit a broad range of

fitness profiles

Generative genomics can propose genetic sequences that are not con-
strained by natural selection pressures. We therefore hypothesized
that functional mutations in the generated phage genomes might
manifest in diverse fitness profiles relative to each other and to natural
phages (Fig. 5).

We first examined the infection dynamics of each phage by measur-
ing how quickly and strongly each drove the host population to its
minimum density, focusing on the timing, rate, and depth of lysis
(Fig. 5A). Along with the generated phages and ®X174, we rebooted
16 natural ®X174-like phages (61) and measured their individual lytic
dynamics (Fig. 5B and figs. S26 to S28) We found that phages Evo-®2483,
Evo-®69, Evo-®108, and Evo-®111 tended to exhibit strong lytic phe-
notypes comparable to those of ®X174-like phages WA10, NC51, S13,
and NC41, among others. Evo-®63 generally exhibited the slowest and
most shallow lysis compared with that of all other phages. Generated
phages also showed a broader range of phenotypes across the mea-
sured lysis Kinetics relative to that of natural phages (Fig. 5, B and C).

We next explored the dynamics of the generated phages when com-
peting for host cells in the same population, representing relative
fitness to each other in laboratory conditions (Fig. 5D). We coinfected
®X174 and all generated phages in single E. coli C cultures by mixing
the 16 generated phages and ®X174 at equal multiplicity of infection
(MOI) and measuring the cumulative fold change (FC) in sequencing
read counts of each phage over time. Phages with the highest cumula-
tive FC over time are those that had the largest relative increase in
their own population size, indicating a relative fitness advantage.

‘We observed that three generated phages, Evo-®69, Evo-®100, and
Evo-®111, outcompeted other phages in the population (Fig. 5E).
Evo-®69 specifically had the highest FC in the mixed population com-
pared with that of nearly all other generated phages and ®X174, with
cumulative FCs between ~10X and 41X after 6 hours of infection,
whereas Evo-®36 and Evo-®108 had the largest decreases in FC over
time. We found no correlation between the naturalness of each phage
and their relative competitiveness (fig. S29), suggesting that natural-
ness is not a reliable predictor of fitness for generated phages. As a
whole, these results support the ability of genome language models to
design diverse mutations across complete genomes yielding a broad
range of lytic Kinetics and fitness profiles.

Generated bacteriophages rapidly overcome

bacterial resistance

Phage therapy is emerging as a promising alternative to antibiotics,
but its efficacy can be limited by rapid evolution of resistant bacteria
(33). We hypothesized that the diverse phages produced by our genome
design method could form a cocktail that more readily overcomes
bacterial resistance (Fig. 6) (29, 31, 68). To investigate our hypothesis,
we first evolved two ®X174-resistant E. coli C cultures (Fig. 6A and
fig. S30A; materials and methods). Whole-genome sequencing of iso-
lated strains from each resistant E. coli C culture revealed that each
strain independently developed mutations within the waa operon
(Fig. 6B and fig. S30B), which is associated with lipopolysaccharide
(LPS) synthesis. We called these strains CR1 and CR2. In particular,
CR1 contained a missense mutation, L259W (Leu259 — Trp), in the
waaT gene and strain CR2 contained a single base deletion at nucleotide
position 485 of waaT, resulting in a premature stop codon followed
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Fig. 5. Generated bacteriophages exhibit a broad range of fitness profiles. (A) We measured individual phage lytic dynamics in infected E. coli C by slope of decline in host
growth rate, minimum population density (ODsgo) after infection, and time to minimum population density. (B) Some generated phages exhibit strong lytic rates relative to

those of ®X174 and ®X174-like phages. Bar height, mean; error bars, standard deviation;

also exhibit a broad range of lytic phenotypes relative to natural phages. Data point, mean

circles, N = 3 to 12 infections; dotted line, mean value of ®X174. (C) Generated phages
value; box, interquartile range (IQR); thick black line, median; whiskers, 1.5x IQR.

(D) We measured phage coinfection dynamics in E. coli C by sequencing relative abundances of each phage in pooled cultures at various time points. (E) We tracked cumulative FC
[log2(FC)] of sequencing read counts of generated phages and ®X174 (top left) coinfected in E. coli C at equal MOI over 6 hours (bottom left). Evo-®69 outcompetes ®X174 and
other generated phages, as measured by area under the curve (AUC) of the cumulative log>(FC) (right). (Top left) Data point, mean cumulative log,(FC) value; shading, standard
deviation. (Bottom left) Data point, mean ODgo value; error bars, standard deviation; arrowhead, sequencing sample extraction time point. (Right) Bar height, mean AUC; circles,

competition AUC values; error bars, standard deviation. N = 3 competitions. Statistical s
(*#+#+#adjusted P < 0.0001).

by potential reinitiation at a downstream in-frame start codon. Muta-
tions in waaT have previously been observed to confer resistance against
OX174 (69), suggesting that strains CR1 and CR2 likely exhibit resis-
tance through modifications to LPS synthesis.

Next, we explored whether ®X174 only, a natural phage cocktail
consisting of a mixture of 16 ®X174-like phages and ®X174 (fig. S26),
or a mixture of all 16 generated phages and ®X174 could overcome
resistance in strains CR1 and CR2. We challenged three separate cul-
tures: ®X174-susceptible cells, ®X174-resistant cells, and a mixture of
the two to create a selective pressure for phages replicating in suscep-
tible cells to evolve the ability to infect resistant cells (Fig. 6C). After
each challenge, we passaged the supernatant from the mixed strains
into fresh cultures and observed their growth dynamics.

Upon initial infection, the generated phage cocktail, natural phage
cocktail, and ®X174 successfully inhibited growth of the susceptible
strain but did not inhibit growth of the resistant strains (Fig. 6D). The
generated phage cocktail was able to successfully inhibit growth of
strain CR1 after a single passage and CR2 after two passages and
sustain growth inhibition for at least five passages. By contrast, ®X174
alone and the natural phage cocktail both could not inhibit growth of
any resistant strains even after five passages, suggesting insufficient
adaptive variation in their genetic diversity.

We isolated and sequenced individual phages that successfully grew
on strains CR1 and CR2, which revealed a single predominant phage
genome responsible for overcoming each resistant strain (materials
and methods), which we designated Evo-®R1 and Evo-®R2, respec-
tively. Sequence alignment revealed that all of Evo-®R1’s genome could
be collectively composed from five segments of Evo-®111 and Evo-d114
except for two SNVs in the major capsid protein (Fig. 6E). All of Evo-
®R2’s genome could be composed from four segments of Evo-®111,
Evo-®114, and Evo-®2147 except for a single SNV in the major capsid
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ignificance was determined by one-way analysis of variance with Tukey's post hoc test

protein (Fig. 6F). The ability to overcome resistance likely arose from
recombination and acquired mutation events involving two or three
of the generated phages.

Given the resistant mutations in the LPS gene synthesis operons of
strains CR1 and CR2, we speculated that key mutations in the pre-
dominant resistant phages likely decorated the outer surfaces of their
major capsid and spike proteins, as these proteins modulate LPS bind-
ing (47). Indeed, for both Evo-®R1 and Evo-®R2, we observed 15 non-
synonymous mutations across the capsid and spike proteins that were
not present in ®X174, 14 of which were generated by Evo (Fig. 6, E and
F). The majority of the mutations appear on the outer surface of the
virions, as predicted by AlphaFold 3 (Fig. 6G and fig. S30, C and D)
(65). These data show that evolutionary innovations generated by Evo
likely contributed to resilience against bacterial resistance and, more
broadly, suggest the utility of generative models for producing geneti-
cally diverse phage cocktails that could translate into improved thera-
peutic efficacy.

Discussion

In this work, we leveraged genome language models to achieve the
first generative design of complete bacteriophage genomes. We estab-
lished a computational framework for specifying our design goals,
including the development of a gene annotation method and various
scoring metrics, allowing us to controllably design toward a target
genomic architecture and host tropism. In contrast with fully de novo
sequence generation, we chose ®X174, a tractable, safe, and historically
notable model genome (13, 36, 39, 40) as a design template. We sys-
tematically evaluated thousands of such computationally generated
sequences and experimentally tested nearly 300 designs, resulting in
16 viable phages containing considerable genomic diversity and en-
abling a phage cocktail that rapidly overcame bacterial resistance. The
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Fig. 6. Generated bacteriophages rapidly overcome bacterial resistance. (A) We evolved ®X174-resistant E. coli C strains by long-term culture until resistant clones overtook
the bacterial population. (B) Whole-genome sequencing of two ®X174-resistant E. coli C strains revealed mutations in the waa operon absent in susceptible E. coli C, which
functions in LPS receptor synthesis. (C) Experimental setup for evolving phage counter-resistance by serially passaging cocktails of phages on susceptible and resistant E. coli
C. (D) Growth curves show that a cocktail of ®X174-like phages (natural cocktail) and ®X174 alone fail to overcome resistance, whereas generated phage cocktails suppress
growth and sustain infection of all resistant cultures across five passages. Checkered flag, first passage with growth inhibition. (E and F) Alignments of generated phages against
the predominant resistant phages Evo-®R1 (E) and Evo-®R2 (F) capable of infecting resistant strains CR1 and CR2, respectively, show that they are derived from generated
genomes. Generated phages used in the alignments are those with the longest identical sequences (light blue) without SNVs (dark blue) to each resistant phage such that they
collectively minimize the number of newly identified mutations (yellow) observed in the resistant phage. Major capsid and spike proteins of each resistant phage aligned to those
of ®X174 are below, with synonymous (blue) and nonsynonymous mutations (pink) relative to ®X174. (G) AlphaFold 3 (AF3) predictions of capsid (light blue) and spike (light
gray) pentamers show that most capsid and spike mutations appear on the exterior of resistant phages. Nonsynonymous and newly identified nonsynonymous mutations
relative to ®X174 are highlighted in pink and yellow, respectively. ipTM, interface predicted template modeling score; pTM, predicted template modeling score.

generated phages exhibited broader ranges of lysis kinetics relative to  including the genome of Evo-®36, with a contextually functional trun-
natural ®X174-like phages, demonstrating the ability of DNA language cated J gene, the genome of Evo-®63, that is 5% (268 nucleotides) longer
models to generate divergent genotypes and phenotypes at the ge- than ®X174; Evo-®69, which was highly competitive in coinfection as-
nome scale. says; and Evo-®2483, which exhibited fast lysis rates among natural
Synthetic genomics has historically relied on directed evolution, ran-  phages. Notably, despite being in a highly constrained evolutionary setting,
dom mutagenesis, or rational engineering (70, 7I). These approaches the genome of Evo-®2147 has ~93% sequence similarity to known natural
have been limited in the scope of their achieved evolutionary novelty = genomes. Some sequence-based taxonomic guidelines use <95% sequence
owing to the complexity of genome sequences and the limited through-  similarity as one threshold to delineate new bacteriophage species (62).
put of methods for genome editing and synthesis. Rational engineering The capability to generate new phage genomes with Al systems also
is further limited by incomplete human understanding of biology; for = raises important biosafety, biocontainment, and biosecurity consider-
example, previous systematic efforts have struggled to increase fea- ations (75) necessitating discourse on the strengths and limitations of
tures such as phage lysis rate or genome length (72-74). By contrast, governance, policies, and misuse mitigation strategies (76). Groups
our approach enabled designs with broad variation in both genotype conducting future whole-genome design work should consult both
and phenotype that would have been otherwise difficult to achieve, safety and security professionals throughout the project lifecycle. In
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line with longstanding precedent for conducting biological research
within established biosafety levels (77), we performed all experiments
at the biosafety level appropriate for research with bacteriophages and
their nonpathogenic bacterial hosts with supplementary precautions
(materials and methods). Alongside ongoing efforts in developing more
effective biosafety and biosecurity approaches (78-80), such frame-
works can be adapted and applied to the generative design of new
biological systems, especially when, as in this work, designs are con-
strained by well-characterized natural genomes as templates. More-
over, as we have previously demonstrated, the generative models
themselves can possess inherent safeguards based on their training
data; for example, we have previously shown that data exclusions suc-
cessfully prevent the pretrained Evo 2 models from designing eukaryotic
viruses, including pathogenic human viruses (26). We have provided
further commentary on this in the supplementary text. By continu-
ing to build upon robust safety and security frameworks, the field can
responsibly unlock the potential of generative models to access and
engineer complex biological functions for the benefit of science
and society.

We envision that the further development of generative genomics
for bacteriophage genome design will require additional methodologi-
cal innovations and improved training datasets. Future approaches
could leverage techniques for improving and accelerating model con-
ditioning beyond SFT alone (87-84). Continual genomic and metage-
nomic sequencing projects could also contribute additional training
data. Designing larger phages will pose additional challenges, particu-
larly in cost-effective DNA synthesis and assembly. Techniques for
multifragment genome assembly, combinatorial oligonucleotide pools,
and in vitro transcription-translation systems are promising avenues
for realizing more complex genome design (52, 85, 86).

Beyond biotechnological or therapeutic utility, generative design
of bacteriophage genomes offers distinctive opportunities for study-
ing evolution (87). By systematically sampling from learned genomic
distributions, it is possible to explore large mutational landscapes
and investigate the genetic basis of properties such as host tropism.
Accessing adaptive variation through generative design may also
prove useful (88). Indeed, we observed subsequent recombination
and mutation of our generated phages that likely conferred resil-
ience against host resistance. The ability to rapidly design phage
genomes tuned for host range, fitness, and resistance evasion may
expand biotechnological toolkits and transform phage therapy pipe-
lines, enabling more adaptive and resilient antimicrobial strategies
(29, 68, 89, 90).

In total, our results demonstrate that generative Al can capture an
underlying evolutionary design space with enough fidelity to produce
viable bacteriophage genomes. Continued progress will likely bring
about more generalizable models capable of designing across diverse
biological systems with desirable functional properties. The rapid pace
of improvement in generative biology suggests a future where genome
design could become a core biotechnology alongside genome sequenc-
ing, synthesis, and editing, possibly enabling the generation of larger
and more complex genomes.

The materials and methods are available in the supplementary materials.
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Generative design of bacteriophages with genome language models

Samuel H. King, Claudia L. Driscoll, David B. Li, Daniel Guo, Aditi T. Merchant, Garyk Brixi, Max E. Wilkinson, and Brian L.
Hie

Science 393 (6811), eaec2657. DOI: 10.1126/science.aec2657

Editor’'s summary

The ability to design complex biological systems with artificial intelligence (Al) has the potential to transform
biotechnology, but progress has largely been limited to the scale of individual genes and proteins, with whole-genome
design remaining out of reach. King et al. used generative Al models trained on millions of natural genomes to design
entire bacteriophages (see the Perspective by Inglesby and Hanke). Experimental tests yielded 16 functional genomes
with diverse sequences, structures, and fitness profiles. A cocktail of the generated bacteriophages rapidly overcame
bacteria that had evolved resistance to a natural bacteriophage. This work lays a foundation for Al-guided design of
biological function at the whole-genome scale. —Di Jiang
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