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Accurate gene annotation is essential for deciphering the mapping from

genomic sequences to their functional roles. However, current methods
struggle to model complex gene transmission patterns, such as vertical
inheritance and horizontal gene transfer. Here we introduce ANNEVO, a
mixture of experts-based genomic language model that directly models
distal sequence dependencies and joint evolutionary relationships from
diverse genomes, enabling precise ab initio gene annotation. Through
extensive benchmarking on 566 phylogenetically diverse species, we
demonstrate that ANNEVO substantially outperforms existing ab initio
methods and achieves performance comparable to state-of-the-art
annotation pipelines. Furthermore, ANNEVO’s independence from external
evidence allows it to deliver more complete annotations than reference
annotations for abroad range of species while correcting errors within
them. These advancements willimprove genome sequence interpretation
and provide aframework capable of integrating evolutionary insights.

Accurate gene annotation—the identification of genes and their internal
structures within genomes'—is fundamental for unlocking the biologi-
calinsights encoded within genome sequences, yet it remains amajor
bottleneckinthe postgenomicera.Recent advancementsinsequenc-
ing technologies have fueled large-scale genomic projects such as the
Earth BioGenome Project’. However, the mapping of genome sequences
to their biological functions through gene annotation, analogous to
AlphaFold’s® deciphering of protein sequence mapping, has not kept
pace. This has stalled the annotation of numerous eukaryotic species,
impeding further researchand application. The most direct approach
togeneannotationisabinitio gene annotation, whichinfers gene struc-
tures solely from genomic sequence composition. This approach is
the foundation of many early classical methods*® such as Augustus

and GeneMark, which employ hidden Markov models (HMMs) with
static parameters to model gene structures. However, despite its con-
ceptual elegance, ab initio annotation suffers from limited accuracy,
prompting widespread reliance on automated pipelines’* such as
BRAKER3, which are often supplemented with repeat masking'*'® and
extensive extrinsic evidence such as known proteins and RNA sequenc-
ing (RNA-seq) data. However, this multi-faceted approach presents
several challenges: species with limited wet-laboratory data suffer
from poor annotations; over-reliance on wet-laboratory data can bias
annotation by omitting genes with rare spatial-temporal expression
patterns; and theintensive evidence data processing and comparisons
raise computational demands. These limitations have directly resulted
in nearly half of the species in the National Center for Biotechnology
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Information (NCBI) GenBank database lacking annotations”, a chal-
lenge that will be further exacerbated by the Earth BioGenome Pro-
ject’s aim to sequence more than 1 million genomes within the next
decade. This underscores an urgent need for rapid, highly accurate
and evidence-free gene annotation methods.

These pressing needs have prompted a renewed focus on ab ini-
tio gene annotation. Recent deep learning-based methods such as
Helixer'”'® and Tiberius" have revitalized this field by framing gene
annotation as anucleotide-level sequence labeling task. They employ
deep learning architectures such as long short-term memory* to
predict the class probability of each nucleotide, which is then post-
processed to define gene structures. By more effectively modeling
the statistical patterns of genomic sequences compared to HMMs,
these methods represent important progress in ab initio annotation.
While these methods excel at general syntactic pattern recognition,
they do not yet sufficiently account for the heterogeneity in genomic
semantics across taxonomically divergent clades, whichis fundamen-
tally a product of complex evolutionary processes. Eukaryotic gene
evolution is shaped by diverse forces, including vertical inheritance,
horizontal transfer, gene fusion and gene loss. Genes inherited verti-
cally from distant common ancestors undergo dynamic transforma-
tions viavariation, introgression, gene fusion and clade-specific gains
orlosses* . In parallel, hybridization or horizontal gene transfer—the
movement of genetic materials between species—require considering
gene variations across diverse clades. As such, gene evolution through
both vertical and horizontal inheritance necessitates tracking gene
transmission beyond the confines of a single phylogenetic tree, high-
lighting the interconnectedness of different clades. This complexity
underscores the need for a more comprehensive understanding of
gene evolution, one achieved by simultaneously analyzing the relation-
ships and heterogeneity among multiple evolutionary branches. Such
an approach would model different clades and their relationships at
a higher taxonomic level, leveraging insights from each to improve
overall predictions.

Current gene annotation methods, however, fall short of thisideal.
For instance, Augustus primarily relies on training gene models from
closely related species, limiting their ability to trace gene evolution
across broader taxonomic groups. Moreover, these methods often
employinflexible models, such as HMMs, that utilize constant param-
eters and fail to account for varying characteristics of genes across
different clades. Eventhe advanced deep learning methods of Helixer
and Tiberius do not consider the vertical and horizontal evolutionary
trajectories of eukaryotic organismsin their modeling. Furthermore,
adistinct but equally critical challenge lies in modeling long-range
dependencies, particularly inlong genes that are the products of gene
fusion or the expansion of exonand/or intron sequences>*. These long
genes often exhibit complex features, including distal interactions
within genomes and intricate patterns of paired splicing sequences.
However, existing methods struggle to effectively use crucial informa-
tion contained within these distal sequences.

To overcome these challenges, we introduce ANNEVO, a deep
learning framework for accurate ab initio gene annotation by explic-
itly modeling the complex evolutionary relationships between
diverse taxonomic groups and simultaneously capturing long-range
sequence dependencies withinindividual genomes. We formulated the
annotation task as sequence-based prediction of the longest coding
transcript across phylogenetically diverse species. Through compre-
hensive benchmarking against baseline methods, we demonstrate
that ANNEVO exhibits broad applicability across species in different
clades, and even outperforms state-of-the-art evidence-guided pipe-
lines. Furthermore, ANNEVO'’s predictive capability also extends to the
refinement of existing reference annotations. For example, ANNEVO
successfully corrected over 3% of the total BUSCO (benchmarking uni-
versal single-copy orthologs) set within the Brassica oleracea genome
assembly (Ensembl database), each correctionindependently validated

by RNA-seq evidence, showcasing its capability to refine and enhance
the accuracy of existing annotations.

Results

Overview of the ANNEVO framework

ANNEVO comprises three main components: context extension, neural
network and gene structure decoding. The context extension com-
ponent strategically extends the flanking regions to mitigate model
bias caused by insufficient contextual information at the edges of
genome segments (Fig. 1a and Methods). This extension ensures that
theflanking regions provide valid nucleotide information without nega-
tively affecting model training by employing a targeted loss masking
strategy (Methods). By leveraging preidentified erroneous regions
(Supplementary Method 1), ANNEVO uses their nucleotide information
to enhance predictions at other sites but prevent the propagation of
incorrect annotations.

The neural network component performs end-to-end nucleotide-
resolution prediction (Fig. 1b). This component follows a two-level
hierarchical strategy to model gene evolution at two scales. To address
the deep divergence between major evolutionary groups, we developed
five separate neural network models. Each model is dedicated to one
of the following major clades: Fungi, Embryophyta, Invertebrates,
Vertebrate_other and Mammalia (following RefSeq’s taxonomic group-
ings). When annotating a genome, the appropriate clade-specific
model is selected, preventing negative interference from evolution-
arily distant groups. To account for the diversity within each major
clade, every clade-specific neural network is built on a mixture of
experts (MoE) architecture, where internal experts learn to special-
ize on the distinct genomic features of various subclades. Each of
these five neural networks consists of three core modules: (1) the distal
information modeling module integrates information within sub-
regions using a convolutional tower to form bins, similar to how the
Hi-C technique represents distal sequence interactions. We used the
Transformer technique” to compute relationships between these bins,
effectively modeling distal interactions (Fig.1d, Extended DataFig. 1a
and Methods). This approach enables ANNEVO to model sequences
up to~40 kilobases (kb) inlength. (2) The joint evolutionary modeling
module utilizes abroad array of species from higher taxonomiclevels
to model multiple subclades. To train specific networks for different
subclades, it incorporates a controller that dynamically weighs the
contributions of different subnetworks based onthe sequence’s char-
acteristics. This controller analyzes the sequence’s composition and
decides how much each specialized subnetwork should contribute
(Fig. 1d, Extended Data Fig. 1b and Methods). Consequently, during
training, each specialized subnetwork becomes an expertin a specific
subclade, while during prediction, the model automatically adjusts its
feature representation based on the sequence composition. (3) The
resolution restorer module employs multiple layers of transposed
convolutions, interleaved with normalization and convolution opera-
tions, to progressively upsample the local representations back to the
originalinput resolution. This enables nucleotide-level prediction and
ensures precise localization of fine-grained sequence features in the
output (Fig. 1d, Extended Data Fig. 1c and Methods).

The gene structure decoding component combines the predic-
tions of each segment to identify potential generegions. It then applies
the Viterbi algorithm?”® to generate gene structures that conform to
biological rules (Fig. 1c, Extended Data Fig. 2 and Methods). Because
the model has learned evolutionary and contextual learning, the decod-
ing step requires minimal parameter adjustment, reducing the risk of
introducing biases.

ANNEVO enables gene annotation across divergent clades

To demonstrate ANNEVO’s broad applicability across diverse spe-
cies, we evaluated ANNEVO using 566 RefSeq species spanning phy-
logenetically diverse clades: Fungi, Embryophyta, Invertebrates,
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Fig.1| A visual overview of ANNEVO’s architecture. a, Context extension
component: this panelillustrates how ANNEVO tackles the challenge of
insufficient context at the edges of sequence segments. The genome is divided
into consecutive core regions using a sliding window. Each core region is
extended by flanking sequences on both sides, providing additional context

for the model. To ensure robustness during training, a soft masking strategy
isapplied to both the flanking regions and preidentified erroneous regions,
preventing these regions from disproportionately influencing the training
process. b, Neural network component: this module enables end-to-end position-
wise predictions by modeling both long-range interactions within sequences and
multiple sublineages across a diverse set of species. ¢, Gene structure decoding
component: this module defines the gene structure states of eukaryotic species
and reconstructs biologically valid gene structures by applying soft connection
and decoding algorithms to the position-wise prediction of each segment.
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d, Overview of modeling modules in the neural network component. (i) The distal
information modeling module combines convolutional layers, which capture
local patterns within subregions, with Transformer encoder layers that compute
interactions between subregions, enabling the model to effectively integrate
distal information. (ii) The joint evolutionary modeling module models eight
distinct evolutionary relation using species with broad evolutionary diversity.
Arelationship computation controller integrates these sublineages, allowing the
module to collectively determine the overall predictions. The weight of the ith
expertis denoted by W, and X; represents the feature representation produced
by the ith expert. The final feature representation is computed as the weighted
sum of the feature representations from all experts. (iii) The resolution restorer
module progressively upsamples the local feature representations back to the
original nucleotide resolution, ensuring precise localization of fine-grained
sequence features in the output.

Vertebrate_ Mammalia and Vertebrate_other (classified under Ref-
Seq’s taxonomic groupings; Fig. 2a and Supplementary Figs. 1-5). For
arigorous baseline comparison, we implemented Augustus under
optimized conditions where species-specific training was conducted
for each test organism using evolutionarily proximate relatives (Sup-
plementary Note 1). ANNEVO demonstrated consistent superiority
across all five clades (Fig. 2b), achieving average improvements of
8.8-25.6% in nucleotide-level F1score (Supplementary Note 2),13.5—
45.2% in gene-level F1 score and 11.6-37.8% in BUSCO scores (Supple-
mentary Note 3) compared to Augustus, with each range representing
the minimum-to-maximum mean performance gains across the five
clades (Supplementary Tables 1-5). Notably, these gains persisted
despite ANNEVO'’s use of a species-agnostic model—applying the
same gene model to all species within a clade—whereas Augustus
predictions relied on bespoke models tailored to individual species.

This performance disparity underscores ANNEVO's capacity to distill
cross-species evolutionary signals into a unified predictive frame-
work. By integrating joint evolutionary constraints throughits dynamic
network architecture (Fig. 1d), ANNEVO resolves the accuracy limita-
tionsinherent to conventional homology-driven methods that require
species-specific parameterization.

Beyond annotation accuracy, ANNEVO exhibited afivefold speed
improvement over Augustus under identical 48-thread paralleliza-
tion configurations (Fig. 2c, Supplementary Table 6 and Supplemen-
tary Note 4), attributable to parallelization optimizations in its gene
structure decoding component. This efficiency translates to practical
benefits forlarge-scale genome projects, enabling ANNEVO to annotate
the Arabidopsis genome in just 3.4 minutes and the human genome
in 1.4 hours, making it an ideal solution for rapid and comprehensive
genome annotation.
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cluster and CPU cluster (Supplementary Note 17).d, Correlation between coding erroneous gene predictions with misannotated splice junctions.
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ANNEVO achieves length-robust gene prediction

ANNEVO demonstrated differential performance gains across phylo-
genetic clades, with the most substantial improvements observed in
Mammalia, likely due to their characteristically longer gene lengths
(Fig. 2d). Torigorously assess this length-dependent performance, we
stratified 1,035,026 protein-coding genes from allmammalian test spe-
ciesintofourlength groups: 0-10 kb,10-40 kb, 40-100 kband >100 kb,
and quantified fully predicted genes per group (Supplementary Note
5). Quantitative analysis revealed adramatic decline in Augustus’s per-
formance withincreasing gene length. While Augustus achieved 52.9%
complete prediction for short genes (0-10 kb), its performance plum-
meted toamere 25.2% for ultra-long genes (>100 kb), indicating asevere
length-dependent limitation (Fig. 2e and Supplementary Table 7). This
limitation stems from its short-term memory.

Inmarked contrast, ANNEVO exhibited length-robustness, main-
taining or even improving its prediction accuracy for longer genes
(Fig.2e and Supplementary Table 8). ANNEVO accurately reconstructed
the complete structures of13 genes longer than400 kb (Fig. 2fand Sup-
plementary File1), including the longest case, the human GMDS gene
spanning 621 kb. For the DYNC2H1 gene, which features a highly com-
plex splicing structure with 89 coding exons, ANNEVO also achieved
perfectly accurate reconstruction (Fig. 2f). In contrast, Augustus frag-
mented these genes into multipleincomplete genes, introducing mis-
annotated splice sites. This superior performance in predicting long
genes is directly attributable to ANNEVO’s Hi-C-inspired long-range
dependency modeling, which effectively captures the complexinter-
actions within these extended genome regions.

ANNEVO outperforms integrative evidence-based pipelines
Despite its evidence-free nature, we sought to assess ANNEVO’s per-
formance against state-of-the-art evidence-based pipelines, which
represent current gold standard for gene annotation. Integrated
annotation pipelines leveraging transcriptomic and homology data
remain the community standard for species with accessible evidence.
Torigorously evaluate ANNEVO’s performance across methodological
paradigms, we augmented Augustus with repeat masking provided
by RefSeq, as well as RNA-seq and proteome evidence for compari-
son (Supplementary Note1). We further included two state-of-the-art
evidence-guided pipelines, GeneMark-ETP?and BRAKER3", which were
provided with the same evidence as above (Supplementary Note 6), as
well as two publicly available deep learning-based annotation tools,
Helixer'”® (Supplementary Note 7) and Tiberius" (Supplementary
Note 8), both of which rely solely on genomic sequence information,
similar to ANNEVO. Among these, Augustus-Evidence, GeneMark-ETP,
BRAKER3 and Helixer supports evaluation across all five clades, whereas
Tiberius is restricted to two vertebrate-related clades. Benchmarks
spanned 12 model species across Fungi, Embryophyta, Invertebrates,
Mammalia and Vertebrate_other, and included a dedicated comparison
against Tiberius across all the mammalian species tested.

We optimized evidence-dependent methods with extensive
RNA-seq data from five tissues (Supplementary Table 9) and pro-
teomes from evolutionarily proximate species, intentionally favor-
ing these approaches. Even with this deliberate advantage given to
evidence-based pipelines, ANNEVO still demonstrated comparable
or even superior performance. For example, in Sus scrofa, ANNEVO
surpassed all other tools across three key metrics, achieving 21.6%
increasein full-gene completeness and a20.1% improvementin BUSCO
scores compared to BRAKER3, while maintaining lower false-positive
rates (Fig. 3a-c). This demonstrates ANNEVO’s ability to deliver
superior annotations even when compared to highly optimized
evidence-based pipelines.

When further evaluating the generalization capacity of various
methods across phylogenetic clades, ANNEVO consistently outper-
formed all other tools across the 12 representative model species
(Fig. 3d, Extended Data Figs. 3 and 4 and Supplementary Table 10).

Given that Tiberius was exclusively developed for Mammalia and offi-
cially recommended only for vertebrate genomes, we conducted a
focused comparison of average performance across six vertebrate
species (Extended Data Fig. 5a and Supplementary Note 9). Tiberius
showed the smallest performance gap compared to ANNEVO within the
Mammalia clade, demonstratingits strong annotation capabilities for
mammalian model species. However, Tiberius exhibited a pronounced
performance decline in the Vertebrate_other clade, highlighting its
taxonomiclimitations (Extended DataFigs.3and 4). Given that Tiberius
ismost optimized for mammalian genomes, we extended the compari-
sontoallmammalian species tested (Supplementary Note 9). Tiberius
tends to produce more conservative predictions, exhibiting 2.3% higher
gene precision than ANNEVO. However, this conservative strategy
resultedina4.5% reductionin gene-recall compared to ANNEVO, and
correspondingly lower BUSCO scores (Extended Data Fig. 5b,c and
Supplementary Tables11and 12). These differences in prediction ten-
dencies may stem from gene length modeling during the decoding
process (Supplementary Note 10). The conservative decoding strategy
adopted by Tiberius may lead to the omission of certain coding regions,
resulting in notably lower NT(CDS)-F1 and BUSCO scores across all
evaluated species (Extended Data Fig. 5b). Overall, as a generalizable
framework applicable across clades with diverse gene length distribu-
tions, ANNEVO demonstrates superior overall performance.

Beyond accuracy, ANNEVO offers a substantial practical advantage
in terms of computational efficiency and resource usage. As Tiberius
doesnotsupport Fungi, Embryophytaand Invertebrate, it was excluded
fromevaluations on model species from these clades. All other meth-
ods were evaluated on all 12 representative model species. Runtime
was assessed for all methods under both graphical processing unit
(GPU)-enabled and central processing unit (CPU)-only environments
(Supplementary Table 13). On GPU-enabled computing nodes, ANNEVO
was approximately 5x faster than Tiberius, 24 x faster than Helixer and
83x faster than BRAKER3 (BRAKER3'’s time excludes RNA-seq align-
ment; Extended DataFig. 5d). Notably, evenin CPU-only environments,
ANNEVO maintains greater than 10x speed advantages over all com-
peting methods, with a particularly striking more than 20x faster
execution compared to Tiberius, highlighting its low dependence on
GPUinfrastructure. Furthermore, ANNEVO exhibits notably lower GPU
memory requirements than other deep learning-based approaches.
For mammalian-scale genomes under identical batch size configura-
tions (set to 8), ANNEVO consumed only 3 GB of GPU memory, while
Helixer required 8.6 GB and Tiberius exceeds 32 GB (Supplementary
Note 8). ANNEVO exhibits low GPU memory requirements and scal-
ability independent of genome size, making it suitable for efficient
annotation across genomes of varying sizes.

ANNEVO improves reference annotation completeness
and quality
A key advantage of ANNEVO’s evidence-free approach is its ability to
circumvent annotation errors caused by missing orincomplete exter-
nal evidence data, thereby enhancing the completeness of reference
annotations in RefSeqand Ensembl for numerous species. Across 793
species (566 from RefSeq and 227 from Ensembl), ANNEVO achieved
higher BUSCO scores compared toreference annotationsin 318 species
(40.1% of total), demonstrating its ability toimprove annotations across
allfive phylogenetic clades (Fig. 4aand Supplementary Tables1-5 and
14-18). Theimprovements were particularly striking in Fungi, Embryo-
phyta and Vertebrate_other, where ANNEVO outperformed Ensembl
annotationin 60% (24 out of40), 72% (60 out of 83) and 68% (34 out of
50) of species, respectively (Fig. 4b). These improvements demonstrate
ANNEVO’s capacity to complement existing annotation frameworks
through its evidence-agnostic methodology.

To further validate whether these improvements are correct and
reflect genuine biological signals rather than annotation artifacts con-
strained to highly conserved BUSCO genes, we conducted a detailed
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RNA-seq and closely related species’ proteins, while substantially exceeding the
deep learning baseline Helixer (improvements: 4% nucleotide-level F1,11% gene-
level F1, 6.3% BUSCO completeness).

locus-specific analysis in Brassica oleracea (Ensembl database).
ANNEVO identified 55 additional BUSCO genes with full RNA-seq sup-
port, representing over 3% of total BUSCO orthologs (Fig. 4c, Supple-
mentary File2and Supplementary Note 11). A representative example
revealed that Ensembl’s annotation erroneously fused two distinct
genes, a structural error unsupported by spliced transcript evidence
(Fig. 4d). Beyond gene fusion errors, other typical types of corrected
errorincluded spurious gene losses, incomplete annotations caused by
premature termination codons and misassigned start codons caused
byincorrectsplicesites (Extended Data Fig. 6). Crucially, thisimprove-
ment extended beyond the conserved BUSCO gene set. Within proxi-
mal regions of these corrected BUSCO gene loci, ANNEVO provided
23 additional RNA-seq-supported corrections of erroneous Ensembl
annotations, predominantly involving non-BUSCO genes with lower
evolutionary conservation (Supplementary File 3). This demonstrates
the broad applicability of ANNEVOQ’s evidence-agnostic framework
across genes with varying evolutionary pressures.

Model ablation and fine-tuning

Understanding the contributions of key design and training decisions
in ANNEVO is critical for promoting model development in genome
annotationtasks. To thisend, we conducted ablation studies to evaluate

the contribution of ANNEVO’s three core modules (Supplementary
Note12). First, we found that the joint evolutionary modeling module
isthe mostimportant for achieving best performance. When the MoE
was removed from ANNEVO while keeping parameter sizes unchanged,
the three metrics dropped by 2.3%, 7.8% and 6.3%, respectively
(Extended Data Fig. 7a and Supplementary Table 19). This indicates
that ANNEVO’s use of MoE to model cross-clade relationships plays a
key role in enhancing gene annotation accuracy and generalizability.
Next, we evaluated how the resolution restorer module contributes to
performance. Weremoved thismodule and instead directly mapped the
encoded features to a one-to-one nucleotide-level prediction. Despite
maintaining the same parameter sizes, this modification also led to
adeclinein ANNEVO'’s performance, suggesting that the resolution
restorer is essential for precise base-resolution inference.

We further tested the distal information modeling module by
replacing it with architectures from other sequence models to assess
itsirreplaceable role within ANNEVO. SpliceAl”’, awidely used model
for splice site prediction and highly related to gene annotation, was
adopted as a substitute for ANNEVO’s long-range modeling compo-
nent. However, thisreplacementresultedina2.5-fold increase in GPU
requirementand an 8.8-fold (Extended Data Fig.7b) reductionin train-
ingspeed, extending the projected training time for Mammalia model
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toanimpractical 56 days. While computational overhead of such archi-
tecture may be acceptable for tasks with limited data (for example,
SpliceAlis restricted to human transcriptomic regions), it becomes a
critical bottleneck when scaling to multi-species and whole-genome
annotation tasks. This highlights the value of ANNEVO’s design prin-
ciple inits distal information modeling module, which effectively
balances long-range modeling capacity with computational efficiency.

While ANNEVO is designed as a generalizable model applicable
across the entire evolutionary tree, certain use cases may prioritize
achieving optimal performance within narrowly defined phylogenetic
groups over broad generalizability. In such cases, targeted fine-tuning
strategies focused on specific subclades or species of interest warrant
exploration. To investigate this, we conducted targeted fine-tuning
experiments on two representative species: Homo sapiens, a widely
studied model organism, and Echinops telfairi, which exhibited the
largest discrepancy in BUSCO completeness between ANNEVO and
RefSeq among all mammalian species. For each target species, we
fine-tuned ANNEVO using closely related species within the same
subclade and evaluated the impact of different fine-tuning strategies
(Supplementary Note13). As abaseline, we also fine-tuned anon-MoE
version of ANNEVO with an equivalent number of parameters. While
full-parameter fine-tuning of ANNEVO did not yield performance
improvements, likely due to overfitting risks and instability intro-
duced by the MoE architecture®, fine-tuning only the task-specific
module led to modest performance gains (Extended Data Fig. 7c
and Supplementary Table 20), and substantially outperformed the
fine-tuned non-MoE model, highlighting the value of modular
fine-tuning strategies in subclade-specific applications.

Discussion
ANNEVOrepresents aimportantadvancement in ab initio gene annota-
tion, providing high-quality gene predictions directly from genomic
sequences, thereby eliminating the dependence on often-limited
extrinsic evidence. This constitutes the most significant distinction
between ANNEVO and Augustus’s derivative family of tools. This inde-
pendence is particularly crucial given the substantial data paucity in
many species. Amongthe 566 RefSeq speciesin ourtest set, astaggering
46% (261 out of 566) lack any transcriptomic data, while 72% (410 out
of 566) have fewer than five transcriptomic data available in the NCBI
Sequence Read Archive (Supplementary Table 21). Evenin species with
abundant transcriptomic resources, spatiotemporal expression vari-
ability can lead to incomplete gene annotations. This highlights the
critical need for evidence-free annotation tools, especially for newly
sequenced genomes generated by large-scale genomicinitiatives. Even
for genomes with existing annotations, ANNEVO serves as a potent
validation framework to refine reference database entries, as demon-
strated by its capacity to correct erroneous gene models in Ensembl/
RefSeq annotations through intrinsic sequence pattern recognition.
This dual functionality—as both a primary annotation engine for emerg-
inggenomes and a refinementtool for established databases—under-
scores its broad utility in modern genome annotation pipelines.

A critical consideration in ANNEVO lies in computational effi-
ciency. Recent advancesin genomic large language models® * (LLMs)
have demonstrated notable success across various genome analysis

tasks. However, the extreme computational demands of such models
remain a major barrier to real-world deployment. Even alternative
architectures such as SpliceAl, which forgo the computationally inten-
sive Transformer in favor of aconvolutional design, have not achieved
improvements in training speed or computational cost. ANNEVO
addresses this challenge through a deliberate trade-off between mod-
eling capacity and practical deployment. In particular, the efficiency
stems from its distal information modeling module and decoding
optimizations, which constrainsearch space and enhance parallelism.
Unlike approaches that rely heavily on GPU acceleration, ANNEVO’s
high computational efficiency results from principled architectural
and algorithmic design choices. This substantially reducesits depend-
ency on GPUs and enables broader applicability. Such efficiency is
especially criticalingenome-scale applications. Unlike protein-centric
tasks, which typically operate at the resolution of individual sequences
where minute-level processing times are acceptable, genome annota-
tion requires architectures capable of maintaining high throughput
across contig-scaleinputs. Assuch, it is essential toavoid reintroducing
computational bottlenecks, which could otherwise undermine the scal-
ability of genome annotation and impede the progress of large-scale
genomicinitiatives.

At present, ANNEVO is limited to annotating only the longest
transcript of protein-coding gene, in contrast to conventional pipe-
lines that support multi-isoform annotation. To ensure consistency
in benchmarking, we adopted the longest transcript from reference
annotations as the evaluation target. Notably, allowing a prediction to
match any annotated isoform (rather than only the longest) would fur-
therimprove ANNEVO’sreported performance (Extended DataFig. 7d
and Supplementary Table 22). Another important aspect of evalua-
tion concerns the nature of ANNEVO's false positives (Supplementary
Note 14). A detailed analysis revealed that 60.6% of these cases arise
from fragmented messenger RNA predictions, while 18.3% exhibit
exon-level overlap with annotated noncoding transcripts (Extended
Data Fig. 7e). These findings suggest that ANNEVO'’s false positives
stillshow biological relevance, supporting the potential of extending
ANNEVO to more comprehensive genome annotation tasks beyond
protein-coding genesin the future. Expandingits capabilities toinclude
noncoding RNAs therefore represents a promising future direction.
While traditional sequence modeling approaches often struggle to
capture essential RNA secondary structures®, representation learning
strategies, such as seq2img techniques®*®, show considerable potential
in modeling structural patterns such as RNA hairpins. A further chal-
lenge relates to underrepresented regions in the training data, notably
untranslated regions and rare splicing patterns. The high variability of
untranslated regions, caused by alternative transcription start sites”
and alternative polyadenylation®, poses significant challenges for
benchmarkingannotationaccuracyintheseregions. This phenomenon
isillustrated by examplesin Supplementary Files2 and 3 and is further
supported by previous Iso-Seq analysis®. Rare splicing events, such as
AT-ACintrons, also present unique challenges. Their low frequency in
the genome renders them difficult to accurately predict for all current
abinitioannotationtools, including SpliceAl, a state-of-the-art model
specifically designed for splice site prediction in the human genome
(Supplementary Note 15). Future work incorporating fragmented and

Fig. 4| Comparative evaluation with reference databases and annotation
improvements. a, BUSCO completeness comparison between ANNEVO and
reference annotations across 793 species. ANNEVO achieved >90% BUSCO
completeness in the most species and outperformed reference annotations

in 40.1% (318 out 0f 793) of cases. b, Distribution of BUSCO score differences
between ANNEVO and reference annotations. The sample sizes for each clade and
the detailed values are provided in Supplementary Tables 1-5and 14-18. ANNEVO
demonstrated superior performance in at least some species within each major
phylogenetic clade, with particularly significant improvements in Embryophyta
(mean BUSCO: 95.6% versus 91%; n = 83, P=1.8 x 10%, two-sided Mann-Whitney

U-test). Bar heights represent mean values, with error bars indicating standard
deviations. ¢, Correction of annotation errors by ANNEVO in Brassica oleracea.
ANNEVO corrected 55 annotation errors (Supplementary File 2) on BUSCO

genes and 23 annotation errors (Supplementary File 3) on surrounding genes
inEnsembl. These corrections addressed distinct error types, all validated by
independent RNA-seq evidence. d, Representative example of gene fusion
correction. ANNEVO resolved an Ensembl annotation error where two distinct
genes were erroneously merged at a splice junction unsupported by RNA-seq
reads and Iso-Seq. This correction properly separated the BUSCO gene (left) from
its neighboring gene (right), as visualized in the IGV.
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multi-modal evidence may help alleviate these issues and further posi-
tion ANNEVO as a flexible annotation platform capable of modeling
hierarchical interdependencies across diverse genomic features.

Online content

Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information,
acknowledgements, peer review information; details of author contri-
butionsand competinginterests; and statements of dataand code avail-
ability are available at https://doi.org/10.1038/541592-026-03036-7.
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Methods

Data sources and processing

Data download and taxonomic levels. All data were acquired using
the latest genome assemblies and annotations as of July 2024. Ref-
Seq data were downloaded from NCBI’s FTP site (https://ftp.ncbi.
nlm.nih.gov/genomes/refseq/), containing 1828 species. The version
details for each species are provided in Supplementary Tables 23-27.
Ensembl datawere downloaded from various sources, containing 428
species: animals from Ensembl release 112 (https://ftp.ensembl.org/
pub/release-112/), fungi from Ensembl Fungi release 59 (https://ftp.
ensemblgenomes.ebi.ac.uk/pub/fungi/release-59/) and plants from
Ensembl Plants release 59 (https://ftp.ensemblgenomes.ebi.ac.uk/
pub/plants/release-59/). Species with critical errors preventing data
parsing were excluded. For instance, in RefSeq’s Actinidia eriantha
(version GCF_019202715.1_MaoHua_MHT), sequence with GenBank
ID NC_034914.1 has a defined range of 1-156,964, but includes a gene
region spanning156,727-157,788, which exceeds this range. Following
RefSeq’s taxonomic levels, Ensembl species were grouped into five
clades: Fungi, Embryophyta, Mammalia, Vertebrate_other (nonmam-
malian vertebrates) and Invertebrate. Separate models were then
trained for each clade (Supplementary Note 16).

Database selection. To ensure optimal training and evaluation, species
within each clade were assessed using their BUSCO scores*°. The data-
base with the higher average BUSCO score for species within a given
clade was selected as the primary source. Based on the comparison
analysis (Supplementary Fig. 6a,b and Supplementary Tables 28-32),
RefSeq was chosen as the primary source for training and evaluation
across all five clades, and Ensembl was used for supplementary evalu-
ation of ANNEVOQ’s completeness.

Species usage. Given the uneven distribution of genome annotation
quality across the evolutionary tree, selecting species solely based on
high BUSCO scores could result in the exclusion of entire sublineages
with generally lower scores. This would introduce biasinmodel training
and benchmarking. To balance evolutionary diversity with annotation
quality, we first divided each of the five major clades into several sub-
clades (Supplementary Table 33). Within each subclade, species were
selected based on the top percentile of BUSCO scores, ensuring that
eachsubclade wasrepresented by at least one species and that selected
species had relatively high annotation quality.

To manage training resource constraints, we capped the total
genome size per clade at approximately 50-60 gigabases (Gb) (for
fungi, which have small genomes, the total genome size was limited to
12 Gb). Asaconsequence, the top percentile used for species selection
varied across clades (Supplementary Table 33). For example, within
Mammalia, we selected the top 5.5% (this percentile cutoffwas applied
solely to control the total genomic scale during training) of species per
subclade, resulting in a total genome size of 61 Gb. Selected species
were then randomly assigned to either the training or validation set,
maintaining agenomesize ratio of approximately 5/1betweentraining
and validation. This strategy ensured cross-species training and evalu-
ation to avoid dataleakage. Furthermore, by randomly partitioning at
arelatively high taxonomic level, we ensured that the validation set
species were not closely related to those in the training set, thereby
strengthening our cross-species study paradigm. Species not usedinthe
training process were designated as candidates for the test set. For Fungi
and Embryophyta, all candidate species were included in the final test
set due to their relatively small genome sizes. For the remaining three
animal clades, dueto large genome sizes and computational limitations,
werandomly selected 50 species per clade fromthe candidate test pool.
This selection deliberately included model organisms not used during
training, allowing for high-confidence comparisons with other deep
learning models and annotation pipelines. Detailed species usage (train-
ing, validation or testing) is provided in Supplementary Tables 23-27.

ANNEVO methodology

Context extension. The genome was systematically segmented into
consecutive core regions, each spanning 30,720 bp, utilizing a slid-
ing window approach. To provide sufficient contextual information
for each nucleotide within these core regions, they were extended
by 5,120 bp both upstream and downstream, forming the flanking
sequences. Any flanking regions shorter than 5,120 bp were padded
with zero vectors. ANNEVO utilizes only the sequence information of
these flanking regions, without incorporating their annotations for
model parameter updates (see section ‘Loss masking during model
training’ for details).

Sequence encoding and label definition. DNA sequences were rep-
resented using one-hot encoding, with ambiguous bases (for example,
N) encoded as the vector [0.25, 0.25, 0.25, 0.25]. Each site was labeled
based on the annotation of the longest transcript, with categories
defined as intergenic, CDSO, CDS1, CDS2 or intron. The three coding
DNA sequence (CDS) labels represent coding sequences in different
reading frames (phases 0, 1 and 2, respectively), which is critical for
modeling codon structure and ensuring reading-frame consistency.

Sequence modeling with deep learning. ANNEVO is an end-to-end
deep learning model comprising three core modules: the distal infor-
mation modeling module, the joint evolutionary modeling module and
theresolution restorer module (Fig. 1d and Extended Data Fig.1). Given
the extreme class imbalance in genomic sequences (for example, the
ratio ofintergenic to CDSregions canreach tens of thousandsto one),
we employed focal loss* as the primary objective for classification
and supplemented it with dice loss* to enhance the optimization of
minority classes such as CDS and introns. Notably, in the application
offocalloss, we adjusted only the focusing parameter that emphasizes
harder-to-classify examples, while keeping the class-weight parameter
unchanged. This design choice was made to account for the poten-
tial inconsistency in class distributions when retraining ANNEVO on
alternative datasets or fine-tuning it for specific species. Explicit class
reweighting would require careful recalibration across datasets with
varying class ratios, potentially undermining the model’s generaliz-
ability and reusability. Model training was performed on a GPU node
equipped with four TeslaV100S. The average GPU memory consump-
tionwas approximately 2 GB per sample, and the training process took
6-7 daysfor the largest dataset (mammalian genomes). Further details
regarding the model architecture, loss function, training pipeline and
hyperparameter settings can be found in Supplementary Method 2.

(1) Distal information modeling module: this module captures
both local patterns and long-range interactions within
the sequence. Similar to Hi-C technology, which observes
long-range interactions by measuring contact between re-
gions rather than single nucleotides, ANNEVO first learns local
sequence patterns through a convolution tower with residual
connections®. It then leverages positional encoding and
encoder layers within a Transformer framework?® to model
long-range interactions between local patterns, enabling
effective modeling of sequences up to -40 kb in length. This
approach substantially decreases computational demands
and minimizes the model’s parameter size. The output of this
module is fed into the joint evolutionary modeling module.

(2) Joint evolutionary modeling module: this module draws in-
spiration from the MoE framework**, utilizing diverse expert
networks to acquire domain-specific knowledge and incorpo-
rating a gating mechanism to dynamically allocate weights to
each network based on the input data’s features. It comprises
eight sublineage networks (analogous to the experts in the
MoE) and a relationship computation controller (similar to
the gate in the MoE). The relationship computation controller
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calculates the association between the input sequence and
each subnetwork, with each subnetwork tasked with learning
specific evolutionary relationships. The final representation
is obtained by combining the outputs of the relationship
computation controller with the feature representations of
the subnetworks through a weighted sum, effectively reflect-
ing the contribution of each sublineage. This strategy allows
ANNEVO to model at higher taxonomic levels while simultane-
ously obtaining detailed information about sublineages and
their interconnections. The output of this module is chan-
neled into a resolution restorer module.

(3) Resolution restorer module: this module serves as the
inverse process of the initial local feature extractor. It utilizes
a hierarchical stack of transposed convolutional layers to
progressively upsample the coarse-grained local representa-
tions. This stepwise refinement restores the spatial resolu-
tion of the features to match the original nucleotide-level
input, thereby enabling accurate position-wise predictions
required for gene structure annotation. The output pro-
vides per-nucleotide probability distributions over five gene
structure categories: three reading-frame-specific CDS types,
introns and intergenic regions. These probability values are
subsequently used as emission probabilities in downstream
gene structure decoding (see section ‘Gene structure decod-
ing’ for details).

Loss masking during model training. During the model training,
ANNEVO outputs probabilities only for core regions, and losses asso-
ciated with the flanking regions are masked to prevent them from
affecting the update of model weights. Within the core regions, we
selectively mask certain erroneoussites. These sites primarily involve
gene structures that clearly violate biological rules or annotations
with ambiguous information. For example, some adjacent exons are
soclose that theinferred intronlength is only 2 bp, which contradicts
basic splicing rules. In other cases, gene loci are annotated but lack
internal structural details, likely due to artifacts introduced by other
annotationtools or manual curation. A detailed list of such error types
isprovidedin Supplementary Methods 1. To mitigate theirimpact, sites
identified as annotation errors are assigned a weight of zero. During
training, the loss at each site is scaled by its corresponding weight,
enabling the model to minimize the adverse effects of potentially
erroneous annotations.

Gene structure decoding. The gene structure decoding employs a
probabilistic approach to generate biologically valid gene architec-
tures. Initially, potential gene regions are delineated by establishing
broad genomicboundaries for each candidate gene. These boundaries
serve not as precise discriminative cutoffs, but rather as segmen-
tation markers to enable segment-based parallel processing. This
design significantly enhances computational efficiency compared
to conventional HMM-based methods that can only be parallelized
at the contig-level. The decoding framework leverages ANNEVO’s
unique capability of single nucleotide-resolution modeling through
evolutionary and contextual information. This approach eliminates
the need for extensive gene structure states and manual parameter
controls asimplemented in Augustus. Instead, it operates with amini-
mal set of biologically defined gene structure states: one intergenic
state, start codon state, end codon state, six CDS states and multiple
intron state groups. Notably, the six CDS states are designed to repre-
sent the three possible reading frames (phases) of coding sequences.
This design ensures complete prevention of premature stop codons
within a reading frame, even in the presence of codons that span
splice junctions (Extended Data Fig. 2). Each CDS state is associated
with aset of intron states corresponding to three splicing modes. On
completion of anintronstate, the decoding process transitions to the

next CDS phase state: for example, an intron entered from the CDSO
state will exit into the CDS1 state, rather than looping back to CDSO.
Since emission probabilities are extensively informed by the model’s
evolutionary and contextual learning, it requires nomanual parameter
tuning for emission probabilities. This design principle effectively
prevents the introduction of human bias and preserves the integrity
of probabilistic pathways specific to individual genes. Finally, the
Viterbi algorithm? is employed to calculate the most probable state
path within each potential gene region, resulting in the final gene
structure. Details on potential gene region detection, state definitions,
transition conditions and the use of model predictions can be found
inthe Supplementary Method 3.

Evaluation metrics. Consistent with previous studies*'?, this work
utilizes nucleotide-level F1scores (Supplementary Note 2), gene-level
Flscores and BUSCO scores*’ (Supplementary Note 3) to evaluate gene
annotation quality. Nucleotide-level F1scores provide acomprehensive
evaluationacross allgenomic sites and reflect the potential to identify
new biological regions, yet it struggles to capture gene structural
information. In contrast, BUSCO scores incorporate gene structure
butarerestricted to a highly conserved core set of genes, which often
represent only aminor fraction of the total gene repertoire (for exam-
ple, BUSCO genes in the Embryophyta database represent only ~6%
of Arabidopsis thaliana genes). Moreover, BUSCO assessments do
not reflect false-positive predictions. The gene-level F1 score serves
as a complementary metric that provides genome-wide coverage
of gene structural information while accounting for false positives.
However, given the incomplete reference annotation of alternative
splicing isoforms in most species, correctly predicted isoforms by
gene prediction tools may be erroneously classified as false predic-
tions. To mitigate this issue, we referred to the BUSCO protein-mode
protocol and implement more rigorous alignment standards to assess
gene structure accuracy across total gene repertoire at the protein
level. Specifically, the complete set of protein sequences was obtained
separately from the predicted annotations and the reference annota-
tions, and a protein blast (blastp) was performed on these two groups
of proteinsequences. A geneis considered complete at the gene level
ifit meets all the following criteria:

(1) Bitscoreand e-value thresholds. Only the highest matching
segment were considered for each protein, and the highest
matching segment between the predicted gene’s protein
sequence and the reference gene’s protein sequence must
meet predefined bit score and e-value thresholds to confirm
similarity, set at 50 and 1x 1075, respectively.

(2) Genomic coordinate overlap. A prediction is considered
complete only if the predicted gene and the reference gene
are located in the same genomic region.

(3) Protein sequence coverage. Fragmented-prediction or
over-prediction may result in a fragment that meets the first
two conditions, but the gene structure is obviously only
partially correct (either too short or too long). Therefore, the
highest matching segment must cover more than 70% of both
the predicted and reference protein sequences for the predic-
tion to be considered complete.

Foreachgeneinthereference annotation, only its transcript with
longest coding region was considered. The number of genes meeting
the above criteria represents the true positives (TP), the total num-
ber of genes in the reference annotation represents the positives (P)
and the total number of predicted genes represents the predicted
positives (PP). Consequently, gene F1 can be calculated with the
following formula:

P
= — 1
reca 5 (4]
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precision = % 2)

2 x recall x precision

— 3)
recall + precision

gene —F1 =

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

Thesources of RNA-seqarelistedinSupplementary Table 9. Thegenome
and annotation of RefSeqare listed in Supplementary Tables 23-27 and
areavailable from the NCBI's FTP site at https://ftp.ncbi.nlm.nih.gov/
genomes/refseq/. The genome and annotation of Ensembl are avail-
able via the Ensemble page for release 112 at https://ftp.ensembl.org/
pub/release-112/, Ensembl Fungi release 59 at https://ftp.ensemblge-
nomes.ebi.ac.uk/pub/fungi/release-59/ and Ensembl Plants release
59 at https://ftp.ensemblgenomes.ebi.ac.uk/pub/plants/release-59/.

Code availability

ANNEVO is available via GitHub at https://github.com/xjtu-omics/
ANNEVO. Therepository is free fornon-commercial use by academic,
government and nonprofit/not-for-profit institutions.
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Extended Data Fig. 1| See next page for caption.
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Extended DataFig. 1| Detailed model architecture of ANNEVO’s neural
network component. a, Distal Information Modeling Module. This module
extracts local sequence patterns using five consecutive ConvBlocks and learns
long-range dependencies through positional encoding and Transformer
encoder layers. The parameters are as follows: C = 64, H=8,D = 768. b, Joint
Evolutionary Modeling Module. The module consists of eight sub-lineage
networks and arelationship computation controller. The sub-lineage

networks capture diverse evolutionary relationships, while the relationship
computation network models the affinity between the input sequence and each
EvoExpert. The parameters are as follows: C = 64, D = 768. ¢, Resolution Restorer
Module. The Resolution Restorer Module serves as the inverse process to the
ConvBlocks, designed to reconstruct the feature vector back to nucleotide
resolution. Its primary purpose is to transform the 320-channel feature vector
(which has been expanded from the original 64 channels by the ConvBlocks)
back to arepresentation that aligns with the original nucleotide-level resolution,

effectively inverting the channel expansion and restoring the spatial detail for
gene annotation. d, Detailed Architecture of Network Blocks. The ConvBlocks
progressively increase the number of channels, with the convolutional layer
channels expanding from Cto 5 C. After passing through five ConvBlocks, the
features reach 5 C =320 channels. Each ConvBlock compresses information
from two adjacent positions, embedding information from every 32 nucleotides
into the same dimension. Encoder use the classical six-layer Transformer
encoder structure to minimize parameter tuning. In ANNEVO, the number

of attention heads is set to H = 8, and the hidden layer dimensionis D = 768.
EvoExpert employs two simple linear layers designed to preserve the distinct
characteristics of different sub-clades. These layers map the feature vector’s
dimension from 320 to 768, and then back to 320. Relationship calculation
network uses asingle linear layer to map the feature vector from dimension
320to 8, corresponding to the number of expert networks.
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Extended Data Fig. 2| Overview of the gene structure decoding component
inANNEVO. a, Predefined primary gene structure states. Gene structure states
are defined based on the typical gene structure of eukaryotes. Each arrow in

this diagram represents a possible state transition, with adjacent nucleotides
specifying the required composition for the transition. Gene structure decoding
utilizes the Viterbi algorithm, leveraging the prediction probabilities provided
by the deep learning model to determine the most likely sequence of states.

b, Intron state groups. The intron state account for three primary splicing
patterns: GC-AG, GT-AG, and AT-AC. These splicing patterns are incorporated
inthe decoding process and considered during gene structure predictions.
Importantly, an exit from an intron state to a CDS state does not return to the
original CDS phase; instead, it transitions to the next CDS phase. For example,
ifthe model enters an intron state from CDSO, it will exit to CDS1.
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was substantially lower (recall: 0.805 vs. 0.922 for ANNEVO). The 7% absolute
evidence-assisted annotation pipelines across 12 model species. ANNEVO improvement in F1by ANNEVO reflects its optimized balance between precision
achieved the highest mean F1score (0.92), driven by its superior recall (0.922),

and recall, surpassing evidence-dependent methods despite its relying solely on
indicating more complete coding region identification. BRAKER3 exhibited genomic sequence inputs.
slightly lower precision (0.906 vs. 0.919 for ANNEVO) and its completeness
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optimal performance in most species. ANNEVO demonstrates complete the deep learning baseline Helixer.
gene structure recovery (highest recall) that aligned with nucleotide-level

GeneMark-ETP Augustus-Evidence

Nature Methods



http://www.nature.com/naturemethods

Article

https://doi.org/10.1038/s41592-026-03036-7

a

0.78
0.88
0.83
0.59

Augustus-Evidence

0.81 95.7
0.65 75.0
0.68 86.5
0.77 90.4
0.40 92.2
0.60 935

Gene-F1 BUSCO

GeneMark-ETP

BRAKER3 Helixer Tiberius ANNEVO

1.00 1 1.0 1 100 -
= 0.95 0.9+ 957 %
/!\ E O 90 o [ ]
n ] O
0 0.90 1 208 ) . :
o o) 2D g5 . H
= © ’ L
0.85 1 0.7 - : . 80
0.80 0.6 75
Tiberius ANNEVO
C oo, 0.9 d 120 103
T 100
3
c =
=081 2 081 =~ 80
g r 8 £
N . o € 60 56.8 57.3
] . e 2 49.7
g : b z
®o7{ . go7{ | S 40
o o
: g
< 20 14.4
¢ ¢ 2.8 0.6 5.1
0.6 0.6 GPU (4 species) CPU (7species)
Tiberius ANNEVO BRAKER3 Helixer Tiberius ANNEVO

Extended Data Fig. 5| Benchmarking against evidence-assisted annotation
pipelines and deep learning methods. a, Average performance across six

vertebrate model species. This panel presents acomparative analysis restricted

to vertebrates, aligning with Tiberius’s stated scope. ANNEVO consistently and
substantially outperforms all other methods in this comparison set. Tiberius

shows a notably lower average performance, primarily due to asharp declinein

its performance on Vertebrate_other clade (as detailed in Extended Data Figs.
3,4).b, Performance comparison between ANNEVO and Tiberius on all (43) test

mammalian species. ANNEVO demonstrates superior performance across most

test mammalian species, with higher NT(CDS)-F1, gene-F1and BUSCO scores than
Tiberius by an average of 5.9%,1.0%, and 3.5%, respectively. The boxplot elements
are defined as described in the Fig. 2b legend. ¢, Comparison of prediction

tendencies between ANNEVO and Tiberius on all (43) test mammalian species.
ANNEVO exhibits a tendency to recover more gene models, while Tiberius
demonstrates a more conservative prediction behavior. The boxplot elements
aredefined as described in the Fig. 2b legend. d, Comparison of runtime across
different deep learning-based gene annotation methods under GPU and CPU-
only environments. BRAKER3 was used as the baseline for comparison. ANNEVO
is substantially faster than all other methods in any settings. Note that due to the
extreme resource demands of Tiberius, it could not be executed ona GPU with
32 GB of memory. Therefore, GPU-based evaluations were conducted on four
vertebrate model species, while CPU-only evaluations were performed including
mammalian model species.
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Example of an incomplete annotations caused by premature termination codons in Ensembl (C9:23,895,132-23,896,627)
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Extended Data Fig. 6 | See next page for caption.
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Extended DataFig. 6 | Examples of ANNEVO Correcting Erroneous Gene stop codon, resulting in the loss of four downstream exons. ANNEVO recovered
Annotationsin Ensembl. a, Correction of agene loss. Ensembl failed to annotate  this gene, fully supported by RNA-seq evidence. ¢, Correction of anincorrect
aconserved BUSCO gene at this region. ANNEVO recovered this gene, fully start codon. Ensembl missed an upstream exon, leading to an incorrect initiation
supported by RNA-seq evidence. b, Correction of a premature stop codon. site. ANNEVO recovered this gene, fully supported by RNA-seq evidence.

Duetoanerroneous splice site, the Ensembl annotation introduced a premature
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Extended Data Fig. 7| Analysis of ANNEVO’s performance. a, Ablation analysis
of ANNEVO'’s performance. Performance decreases when either the MoE module
or the resolution restorer module is removed from ANNEVO, with the MoE
module contributing the most prominently to overall accuracy. b, Ablation
analysis of ANNEVO's efficiency. Eliminating ANNEVO’s distal information
modeling module, even when substituting it with a pure CNN-based architecture,
resultsina?2.5-fold increase in training cost and an 8.8-fold decrease in training
speed. ¢, Effects of different fine-tuning strategies on performance. We used

the no-MoE version as the baseline. Partial fine tuning of specific modules led

to consistent performance improvements across both model organisms and

Overlap with mRNA

Overlap with IncRNA

Overlap with pseudogene
Overlap with other transcript

No overlap with known transcript

species with previously lower BUSCO. d, Performance comparison of ANNEVO
when matching only the longest transcript versus any transcripts. The results
indicate amodest performance improvement when matching against any
transcriptisoform, suggesting that some ANNEVO predictions correspond to
alternative splice variants. Nevertheless, the overall predictions remain largely
aligned with the longest transcript structures. e, Analysis of false-positive
predictions by ANNEVO. The majority of false positives were identified as
fragmented mRNAs or known non-coding transcripts, indicating that these
predictions might still be biologically relevant rather than merely spurious.
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