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Genomic prediction and design require models that integrate local sequence features with long-range
regulatory dependencies spanning hundreds of kilobases to megabases. Existing approaches have
made substantial progress along complementary axes: supervised sequence-to-function models achieve
high accuracy for specific assays and organisms, self-supervised genomic foundation models learn
transferable representations from large-scale sequence data, and conditional generative models enable
principled sequence design guided by functional objectives. However, these strengths are typically
realized in isolation—across distinct model classes, architectures, and training regimes—limiting the
ability to combine long-context, base-resolution prediction, functional modeling, and controllable
generation within a single efficient framework that generalizes across organisms and modalities.

Here we introduce Nucleotide Transformer v3 (NTv3), a multi-species foundation model that unifies
representation learning, functional-track and genome-annotation prediction, and controllable sequence
generation within a common backbone. NTv3 uses a U-Net-like architecture to enable single-base
tokenization and efficient modeling of contexts up to 1 Mb. We pre-train NTv3 on 9 trillion base pairs
from OpenGenome2 using base-resolution masked language modeling, followed by post-training with a
joint objective that integrates continued self-supervision with supervised learning on ~16,000 functional
tracks and annotation labels from 24 animal and plant species. After post-training, NTv3 achieves state-
of-the-art accuracy for functional-track prediction and genome annotation across species, outperforming
leading sequence-to-function and foundation-model baselines on established benchmarks and on the new
NTv3 BENCHMARK, a controlled downstream fine-tuning suite in a standardized 32 kb input / base-
resolution output setting. We further show that NTv3 consolidates a shared regulatory grammar across
tasks, enabling coherent long-range genome-to-function inference and variant-associated remodeling.
Finally, we fine-tune NTv3 into a controllable generative model via masked diffusion language modeling
and use it to design enhancer sequences with specified activity levels and promoter selectivity. We
validate these designs experimentally, showing that generated enhancers recapitulate the intended
activity stratification and achieve the desired promoter-specific activation in cellulo. We release the
NTv3 model family together with code and practical cookbooks for long-context training, multispecies
post-training, fine-tuning, interpretation, and sequence design.
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1. Introduction

Decoding the genome by linking primary sequence to gene regulation, cell-state-speci ¢ expression programs,
and the phenotypic consequences of genetic variation is a central objective in modern quantitative biology and
underpins applications ranging from variant interpretation to agricultural optimization. Deep learning has
become a key driver of progress in this area by enabling models that learn predictive sequence features directly
from data, often at nucleotide resolution, and by providing principled attribution tools that help translate
predictive signals into mechanistic hypotheses [1, 2].

A major avenue of this progress has been the development ofequence-to-functiomodels that map DNA
sequence windows to experimentally measured functional readouts, such as chromatin accessibility, DNA
methylation, transcription factor binding, histone modi cations, chromatin conformation, gene expression
and mRNA processing B 16]. Convolutional architectures established strong baselines for high-resolution
pro le prediction and motif-syntax discovery [ 5, 6, 17], and subsequent work extended these models to
substantially longer receptive elds often by combining convolutional feature extractors with transformer
layers to improve gene-expression prediction through integration of distal regulatory interactions [ 18]. More
recent models have scaled this paradigm to richer output spaces, unifying multiple regulatory readouts and
enabling variant-level interpretation across layers of gene regulation [7, 8].

In parallel, the eld has rapidly adopted self-supervised genomic language model$arge models pretrained on
unlabeled DNA using self-supervised objectives to learn transferable representations that can be adapted to
downstream tasks through ne-tuning [ 19 26]. Nucleotide Transformer models demonstrated that masked
pretraining over both human and multi-species corpora yields robust representations that transfer across
diverse molecular phenotype prediction tasks 21, 27]. A complementary direction is to pre-train long-context
sequence models that operate at single-nucleotide resolution, including state-space and long-convolution
operators that extend context into the hundreds of kilobases or megabases{2, 26]. Beyond representation
learning, generative genomic models have emerged that aim to model and design DNA sequences directly;
Evo, for example, scales autoregressive training on multi-kingdom corpora and targets genome modeling and
design at up to megabase context [23, 28].

Despite these advances, existing approaches remain fragmented across capabilities and training regimes.
Sequence-to-function models typically deliver strong accuracy on speci ¢ assay families but require supervised
training on narrow domains and do not readily generalize across species or modalities without substantial
re-curation and retraining [ 7]. Conversely, self-supervised foundation models provide broad representations
but primarily output token-level probabilities or embeddings that are not directly predictive of molecular
phenotypes [29 31]: probability outputs can support tasks such as variant-e ect scoring or conservation
detection, yet lack the task speci city of sequence-to-function models, while embeddings generally require
substantial ne-tuning to produce predictions. More fundamentally, learning from sequence alone is frequently
insu cient to capture the condition-speci c regulatory variation encoded in large-scale functional genomics
datasets. As a result, current methods tend to excel either at representation learning from genomes or at
supervised functional prediction, but rarely integrate both within a single, scalable framework that jointly
learns from genomic sequence and functional tracks across organisms.

A second, closely related fragmentation separates representation learning from generative modeling for genome
design. Generative approaches o er a natural route from genome understanding to genome engineering,
yet their objectives and interfaces are typically decoupled from supervised sequence-to-function learning,
limiting the extent to which a single model can serve as a unifying substrate across genome understanding
and genome engineering [28]. Models optimized for sequence likelihood or reconstruction capture statistical
regularities of genomic sequences, but do not necessarily internalize the functional constraints required for
precise sequence manipulation. A key open challenge is therefore to develop a single, e cient framework that
supports long-range, base-resolution modeling while unifying representation learning, sequence-to-function
prediction and generative capabilities across organisms and data types.

Here, we introduce Nucleotide Transformer v3 (NTv3)a multi-species genomics foundation model built to
unify these capabilities while operating at a million-nucleotide context (Fig. 1A). NTv3 adopts a U-Net like
architecture to enable single-base tokenization and base-resolution outputs at megabase scale with substantially
improved computational e ciency relative to long-context genomic language models (Fig. 1B, see also [8]).
While U-Net style architectures have previously been used for supervised regulatory modeling [7, 8, 18], NTv3
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shows that they can be successfully pre-trained at scale as genomic foundation models, and we provide practical
recipes that make such long-context pre-training tractable and reproducible.

We train NTv3 using a two-stage strategy that uni es long-context representation learning with base-resolution
genome interpretation. Models are rst pre-trained on OpenGenome?2 [28] using masked language modeling
(MLM), scaling context up to 1 Mb via a length curriculum. We then introduce a multispecies post-training regime
that integrates continued MLM with supervised objectives for functional genomics and genome annotation
across 16k tracks spanning animals and plants (Fig. 1C). Across benchmarks, NTv3 achieves state-of-the-
art performance for functional-track prediction and genome annotation, extending accurate base-resolution
prediction to phylogenetically distant species, including plants. To support rigorous evaluation and downstream
use, we introduce the Ntv3 Benchmark , a large-scale benchmark of 106 tasks de ned on natural long-
context inputs with base-pair resolution outputs and strict data-leakage controls (Fig. 1D). We further extend
NTv3 into a controllable generative model using masked-di usion language modeling, enabling long-context
sequence design while retaining base-pair resolution. Using this framework, we design promoter-speci ¢
enhancer sequences with targeted activity pro les and experimentally validate 1,000 constructs (Fig. 1E).

Together, these capabilities position NTv3 as a genuinely foundational genomic model supporting rich rep-
resentation learning, multi-task annotation and functional prediction, and controllable sequence generation
across diverse cell types and species. We release the full NTv3 model family, inference and ne-tuning code,
together with practical cookbooks covering e cient long-context pre-training, multispecies post-training,
interpretation tools, and sequence-design work ows.

Figure 1 j Overview of model architecture, training procedure and applications for NTv3. A) Di erent phases of
NTv3 training and applications. B) Core U-Net style architecture for 1 Mb, single-bp modeling, comprising convolutional
downsampling, a long-range Transformer core, and deconvolutional upsampling. C) Multispecies post-training on functional
tracks and genome annotations across 24 species using a joint objective that combines supervised track and annotation
prediction with continued MLM. D) We introduce a new Ntv3 Benchmark and evaluate various models through
ne-tuning. E) Generative extension in which NTv3 is adapted via masked di usion to enable controllable enhancer design
with promoter-speci ¢ activity.
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2. Results

2.1. Pre-training NTv3 on genomic sequences up to 1 million nucleotides spanning all domains of life

We developed NTv3, a genomics foundation model designed to learn regulatory logic and genome organi-
zation across evolutionarily diverse species. NTv3 is rst pre-trained on the OpenGenome2 dataset 38],
which comprises more than 128,000 species genomes and over 8 trillion nucleotides from all domains of
life (Fig. 1A). A central objective when building NTv3 was to construct a scalable architecture capable of
modeling single base-pair tokenization over one million nucleotide contexts, thereby enabling the model to
capture distal enhancer promoter interactions, chromatin-scale structure, operon organization, and long-range
intergenic dependencies that remain inaccessible to standard genomic architectures.

To make this possible, NTv3 employs a U-Net inspired architecture (Fig. 2B and Supplementary Fig. A.1) [7, 8],
consisting of a convolutional downsampling tower that compresses the input sequence, a transformer bottleneck
that integrates global context, and a symmetric upsampling tower that restores predictions at 1 bp resolution
(see Methods 4.1.1). Skip connections across resolutions preserve local detail while enabling e cient long-range
integration. While U-Net style architectures have shown strong performance in supervised sequence-to-function
models, NTv3 represents the rst application of such an architecture to large-scale self-supervised pre-training
in genomics. This shift introduces unique optimization and scaling challenges but also establishes a new class
of e cient representation-learning models that reduce the computational cost of long-range attention while
retaining high- delity modeling of local sequence features. We provide a detailed cookbook describing
practical recipes for pre-training U-Net based genomic foundation models at scale (see Supplementary Notes).

NTv3 is pre-trained on the OpenGenome?2 dataset using a base-resolution masked language modeling (MLM)
objective [32], in which a constant fraction of nucleotides is replaced by a mask token and the model learns to
reconstruct the original bases. OpenGenome2 spans broad phylogenetic and sequence diversity including
eukaryotic genomes, metagenomes, bacterial and archaeal chromosomes, viral and organellar sequences,
and diverse classes of mMRNA transcripts38] (see Methods 4.5). This denoising objective, applied at single-
nucleotide resolution across taxa, drives NTv3 to learn bidirectional, context-aware representations that
link local sequence determinants to long-range genomic structure, producing features that generalize across
phylogeny and capture shared principles of genomic organization.

We performed pre-training using a two-stage curriculum to enable e cient scaling to 1 Mb contexts: 8kb-
training and sequence length extension (Fig. 2A; see Methods 4.2.2). In the main 8kb-training stage, spanning
approximately 10.5 trillion tokens, the model is trained on a mixture of 1 8 kb windows, with sampling weights
biased toward genic regions to preferentially learn functional sequence elements. We then transition to sequence
length extension, which extends the maximum input length to 1 Mb to capture relationships between regulatory
and genic elements across long genomic distances. Sequence length extension proceeds via a sequence of
short 50-billion-token phases in which the context length is doubled at each step, mirroring established
long-context training practice in natural language models. Because the OpenGenome2 sub-datasets dier in
characteristic sequence lengths, the sampling distribution is adjusted across stages, leading to dynamic shifts in
sub-dataset composition over the curriculum (Fig. 2C). Throughout all phases, we retain a controlled mixture
of shorter windows, ensuring that short-range competencies are preserved as the receptive eld expands and
that each sub-dataset remains represented at every stage. Under this curriculum, the model maintains strong
reconstruction accuracy across the full range of lengths from 1 kb to 1 Mb (Fig. 2D), and the complete training
run spans 11 trillion tokens, constituting the largest trained genomics model to date.

To support di erent computational budgets and maximize practical adoption, we release three pre-trained
NTv3 models that share the same architecture but vary in scale: NTv3 8M (pre), NTv3 100M (pre), and NTv3
650M (pre). This family provides both extremely fast, lightweight models and larger, higher-performing ones.
All three display smooth scaling behavior, as shown by our supporting scaling-law analysis.

We additionally performed a systematic exploration of architectural parameters most notably the number of
convolutional downsampling stages which governs the balance between bottleneck e ciency and retained
base-pair detail (Fig. 2E-G). These ablations, together with analyses of depth, width, and compression factors,
are reported in Supplementary Note B.2 and are intended as a practical resource for practitioners working
with hierarchical genomic architectures.

Despite operating at 1 bp resolution over 1 Mb contexts, even the largest NTv3 model is designed to run
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Figure 2 j Pre-training NTv3 on OpenGenome2. A) NTv3 implements a hierarchical U-Net design comprising a
convolutional downsampling tower, a long-range Transformer tower, and a matched deconvolutional upsampling tower
that reconstructs nucleotide-resolution representations. Skip connections link corresponding resolution levels to stabilize
optimization and preserve ne-scale information. B) NTv3 is pre-trained through a two-stage curriculum with mixed-length
batches: a main phase of 10.5T tokens on 1 8 kb windows, followed by length extension to 1 Mb through successive 50B-
token stages that increase context length by factors of two, while maintaining a mixture of shorter windows throughout to
mitigate short-context forgetting. C) Relative sampling proportions of OpenGenome?2 sub-datasets shift over the curriculum,
with shorter-sequence sources emphasized at early stages and whole-genome sources increasingly represented as the
maximum context length grows. D) NTv3 performance across di erent sequence lengths on the eukaryotic genic-window
sub-dataset. Line plot shows masked-token accuracy at each sequence length, evaluated on a xed set of held-out tokens at
the end of every pre-training stage. E) Per-step training FLOPs as a function of sequence length for the NTv3 model suite.
F) Pre-training loss as a function of cumulative FLOPs for models of di erent parameter counts, illustrating smooth scaling
behavior. G) Pre-training loss as a function of total tokens processed, demonstrating stable trillion-token optimization across
model sizes.H) Single-GPU inference time across sequence lengths for NTv3 and representative long-context foundation
models, showing order-of-magnitude faster processing at megabase context for NTv3 at comparable or larger scales.
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inference for full megabase windows on a single A100/H100 GPU. Training such models at 1 bp resolution,
however, requires substantial parallelization, for which we employ sequence parallelism together with Fully
Sharded Data Parallel (FSDP). In mixed precision, NTv3 8M can run inference for sequences of several tens
of kilobases on a laptop CPU within seconds, making this class of models broadly accessible. Notably, NTv3
achieves faster inference than all existing representation-learning models we compared against including
full-Transformer architectures [ 21] and state-space models such as HyenaDNAZ2] and Caduceus [26] and

the largest NTv3 model is in fact faster than competing models with up to 600 fewer parameters (Fig. 2H).
Overall, these design choices highlight the e ciency bene ts of hierarchical long-context modeling and provide

a scalable, easy-to-use family of models for diverse genomic applications.

2.2. Post-training NTv3 on multispecies functional data to build a unifying genomics foundational model

To move beyond learning generic statistical structure from genome sequences and toward modeling how the
genome is used across in tissues and cells, we introduce a second training stage (referred to g®st-training)
that extends NTv3 into a multimodal genome-to-function model. In this stage, the model is jointly optimized on
one-megabase, base-resolution functional tracks and genome annotations across animals and plants (Fig. 3A;
see Methods 4.3). Alongside these supervised objectives, we continue applying the MLM loss to ensure that the
language-modeling head remains synchronized with the shared representation space and remains usable after
post-training.

This post-training corpus spans 24 species, illustrating the scale and breadth of functional signals incorporated
into the model. Whereas previous large-scale sequence-to-function models have been limited primarily to
human and mouse, NTv3 is the rst model of this scale to integrate functional and annotation data from fruit y
and, critically, to support functional-track prediction for agricultural applications across six key plant organisms.

Post-training integrates supervised objectives over genome tracks spanning 23 modalities of two main types:
guantitative functional tracks derived from sequencing assays and binary annotation denoting the location of
diverse genomic elements. We use a poisson-multinomial for the former and a per base-pair focal cross-entropy
loss [33] for the latter. NTv3 is trained on 15,889 functional tracks for human, mouse, fruit y, and six plant
species, covering chromatin state (DNase, ATAC-seq, histone modi cations, transcription factor binding) and
transcriptional activity (RNA-seq, CAGE) across diverse tissues, cell types, and experimental contexts (Fig. 3C;
Supplementary Table C.1, Supplementary Table C.2). In parallel, we train on genome annotation signals that
include core gene-structure elements (protein-coding genes, long non-coding RNAs, BUTR, P UTR, exons,
introns, open reading frames, splice donor and acceptor sites, and start and stop codons) as well as regulatory
elements (poly(A) signals, tissue-invariant and tissue-speci ¢ promoters and enhancers, and CTCF-bound
sites) for the same nine species represented in the functional-track corpus, augmented with an additional 15
animal species for annotations (Fig. 3A, Supplementary Fig. A.7). This design yields both breadth across taxa
and depth within species, allowing NTv3 to learn shared regulatory principles while remaining sensitive to
lineage-speci c genome organization.

To instantiate the post-trained models, we selected the 100M and 650M pre-trained checkpoints as initialization
and optimized them on functional-track and genome-annotation objectives, yielding the main NTv3 models:
NTv3 100M (post) and NTv3 650M (post) (Supplementary Fig. A.5A). The 8M model, while included in
pre-training, lacked su cient capacity for stable multispecies post-training showing degraded performance

on several functional tracks so this stage was restricted to the larger variants. Post-training initializes from the
pre-trained backbone and its trained language-modeling head while adding prediction heads that are randomly
initialized: species-speci ¢ functional-track heads that output the set of tracks available for each species, and a
single genome-annotation head shared across all species. We further introduce species conditioning via adaptive
layer normalization to enable stable multi-species inference within a single set of weights. For computational
e ciency, post-training is performed in two sub-phases: a main phase of 1.2T tokens using sequences up
to 131 kb, which does not require sequence parallelism and therefore supports highly e cient data-parallel
training; and a second phase of 54B tokens in which we length-extend to 1 Mb contexts enabled by sequence
parallelism. Throughout post-training, we use mixed-length batches to promote accuracy across sequence
contexts and apply dataset weighting to balance supervision across a highly heterogeneous multispecies corpus
(Fig. 3A). Together, the combination of continued MLM with supervised track and annotation prediction
produces a uni ed model that predicts regulatory activity and genome structure at base-pair resolution across
phylogenetically distant species.
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We observed that genome pre-training provides a clear bene t for supervised sequence-to-function learning
during post-training (Supplementary Fig. A.5B). When post-training is initialized from a pre-trained NTv3
650M (pre) checkpoint rather than random weights, we observe substantially faster convergence across both
annotation tasks and functional-track prediction. In terms of asymptotic performance, the e ect is more nuanced:
pre-training yields a large and consistent gain for genome-annotation tasks, whereas for functional tracks
the improvement is more modest. This pattern suggests that large-scale genome pre-training is particularly
e ective at revealing structural and regulatory sequence patterns, while cellular- and tissue-level functional
readouts may depend more heavily on modality-speci ¢ signals introduced during supervised adaptation.
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Figure 3 j Post-training NTv3 on multispecies functional tracks and genome annotations. A) Multispecies post-
training setup. A single NTv3 backbone is post-trained to predict both genome annotations and functional tracks, with
dataset weighting across species groups (pie charts) re ecting the relative contribution of human, other track-bearing
species, and species with annotation-only supervisionB) Number of supervised functional tracks per species (left) and
assay-type breakdown across species (right)C) Genome-browser example predictions. Representative held-out human
interval showing close agreement between experimental coverage pro les and NTv3 650M (post) predictions for multiple
assays in K562 (top) and genome-annotation element classes (bottom)D) Box plots showing test-set Pearson correlation
(log-transformed targets) across nine species, summarized per assay family (RNA-seq, ChiP-seq, and ATAC-sdf).Radar
plot displaying mean MCC per species across annotation categories, comparing SegmentNT at 30 kb context to NTv3 at
30 kb and 1 Mb. F) Mean Pearson correlation per assay for Borzoi and NTv3 650M (post) evaluated at single-nucleotide
resolution on 524 kb sequences (Borzoi original sequence length).G) Sequence-length robustness of NTv3 650M (post).
Mean Pearson correlation for Borzoi and NTv3 650M (post) as a function of input length evaluated at single-nucleotide.
H) Bar plot showing MCC on the human SegmentNT benchmark across annotation classes, comparing Augustus and
SegmentNT evaluated at 30 kb and NTv3 650M (post) at 30 kb and 1 Mb.l) Radar plot displaying mean MCC per species
for splice acceptor (left) and donor (right) sites, comparing SpliceAl and NTv3 at 30 kb context.

NTv3 650M (post) demonstrates accurate base-resolution predictions for both quantitative functional assays
and discrete genome annotations across species. Genome-browser examples illustrate that NTv3 reproduces
ne-grained read-coverage structure with high delity on held-out genomic intervals, with predicted pro les
closely matching experimental signal shapes and amplitudes across multiple assays (Fig. 3B on human and
Supplementary Fig. A.6 on Arabidopsis). In these unseen regions, the model accurately captures both sharp,
localized peaks and broader domains of activity, while simultaneously producing coherent annotation masks
aligned with gene structure, including exon intron segmentation and UTR boundaries. This qualitative
concordance is re ected in strong quantitative performance across assays and species: NTv3 650M (post)
achieves consistently high Pearson correlation for RNA-seq, ChiP-seq, and ATAC-seq tracks, with performance
varying by modality and organism but remaining robust across animals and multiple plant species (Fig. 3D).
Finally, for genome annotation, NTv3 650M (post) achieves high Matthews correlation coe cient (MCC) across

a broad phylogenetic range of 24 species, and further bene ts from long-context inference, with the 1 Mb
setting yielding gains over 30 kb in human and other selected species (Fig. 3E).

2.3. NTv3 achieves state-of-the-art functional track and annotation prediction across species

We compared NTv3 650M (post) with Borzoi [ 7], the leading sequence-to-function model for genome-wide
functional track prediction, under two complementary evaluation settings in human and mouse. We rst
evaluated both models under Borzoi's original training regime, ne-tuning NTv3 650M (post) on Borzoi's
human and mouse datasets using the native 32 bp output resolution and target scaling. Under these conditions,
NTv3 650M (post) consistently outperforms Borzoi across CAGE, ChlP-seq, ATAC-seq and DNAse-seq type
experiments, with relative improvements up to to 3% depending on the assay (Supplementary Fig. A.10).
For RNA-seq we observed a minor reduction in performance up to -0.5%, which we expect to be due to the
multi-tasking compromise between di erent types of tasks.

We next compared the two models under NTv3 650M (post) ‘s native single nucleotide-resolution objective. For
this base-resolution evaluation, we restricted analysis to tracks shared between the two training corpora and
converted Borzoi's 32 bp outputs to 1 bp resolution by repeating predictions across bins to align with unscaled,
nucleotide-level targets. Under this setting, NTv3 650M (post) matches Borzoi on DNase-seq and ChlP-seq
prediction while substantially improving accuracy on ATAC-seq, CAGE, and RNA-seq (Fig. 3F). Notably, NTv3
650M (post) maintains stable performance across a wide range of input lengths, including contexts as short as
8 kb consistent with the mixed-length post-training regime whereas Borzoi exhibits marked degradation
below its training context length of 524 kb. Moreover, NTv3 650M (post) continues to bene t from increasing
context length, with the largest gains observed for gene-expression related modalities, consistent with the
in uence of distal regulatory elements on transcriptional output (Fig. 3H, Supplementary Fig. A.9). Together,
these results show that NTv3 650M (post) captures local regulatory determinants at base resolution while
more e ectively exploiting long-range genomic context for modalities governed by distal regulation.

We additionally compared our NTv3 650M (post) model with ChromBPNet [ 34], a base-resolution model
for DNase-seq and ATAC-seq pro le prediction. On the two DNase-seq experiments included in both training
datasets, ChromBPNet reaches Pearson Correlation Coe cient (PCC) values of 0.704 on HepG2 and 0.717 on
IMR-90, whereas NTv3 650M (post) achieves 0.753 and 0.755, respectively substantially outperforming the
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ChromBPNet model.

On genome annotation, NTv3 650M (post) achieves state-of-the-art accuracy across a broad phylogenetic
range, outperforming AUGUSTUS 35, 36] on common elements between both models, as well as SegmentNT
[37] under its native training regime with 30 kb context, further improving when scaling inference to 1 Mb
(Fig. 3E,H). These gains are consistent across annotation types and species, indicating that the post-trained
model captures both local sequence determinants of gene structure and longer-range contextual cues that
disambiguate challenging genomic elements. In human, improvements are most pronounced for categories
that are di cult to infer from short context alone, including enhancers, promoters, IncRNAs, and CTCF-bound
sites (Fig. 3H). NTv3 also outperforms the specialized splicing model SpliceAl L2] on donor and acceptor
sites across species (Fig. 31). Crucially, the advantage of NTv3 650M (post) extends beyond closely related
mammalian genomes to more distant taxa, including multiple plant species, demonstrating that the combination
of large-scale genome pre-training and multispecies post-training yields representations of genome organization
that generalize across divergent gene architectures and regulatory landscapes. In practice, NTv3 650M (post)
complements classical and task-speci ¢ annotation approaches such as ab initio gene nders (e.g., AUGUSTUS)
and splicing-focused predictors (e.g., SpliceAl) by providing a single uni ed model that produces genome-wide,
base-resolution annotation masks across species without relying on hand-engineered features, species-matched
RNA-seq and homologous protein evidence as other annotations pipelines, or species-speci c retraining.

Across both functional track prediction and genome annotation, we observe systematic bene ts from longer
context and continued length-extension training. For both the 100M and 650M variants, performance im-
proves as the input window increases, and extending training beyond 131 kb yields additional gains at long
contexts, with the largest improvements observed at the megabase scale (Fig. 3G, Supplementary Fig. A.8,
Supplementary Fig. A.9). This behavior is notable because hierarchical encoder decoder architectures such as
U-Nets are often reported to generalize poorly outside the sequence lengths encountered during training. Our
results indicate that the explicit mixture of sequence lengths during both pre-training and post-training miti-
gates this limitation, producing stable predictions across sequence scales and avoiding the sharp performance
degradation seen in competitive models when evaluated away from their training context (including Borzoi

[ 7], AlphaGenome [8] and SegmentNT [37]). Taken together, these improvements position NTv3 as a uni ed
foundation model that delivers highly accurate base-resolution prediction of both functional genomic signals
and genome annotations across a broad phylogenetic range, including both animals and plants.

2.4. The Ntv3 Benchmark : A comprehensive suite for long-range genomic evaluation

To systematically assess downstream utility of NTv3, we introduce theNtv3 Benchmark , a comprehensive
suite of 106 long-range genomic tasks designed to evaluate genomics models under realistic 32 kb input,
single base-pair output settings (Fig. 4A; Table 8 and Supplementary Table C.3). In contrast to existing
evaluations that are typically restricted to a single organism or assay family, Ntv3 Benchmark covers
both functional-regulatory prediction and genome-annotation prediction across a phylogenetically diverse
panel of species. To ensure a clean separation from post-training data, we curate downstream tasks to avoid
data leakage: the benchmark includes new tracks and assays for species present during post-training (human,
chicken, arabidopsis, rice and maize) as well as tracks from animal and plant species entirely unseen during
post-training (cattle and tomato). Together, these design choices yield a controlled and leakage-resistant
benchmark that simultaneously tests long-range sequence-to-function reasoning, generalization across taxa,
and transfer to heterogeneous regulatory modalities, including transcription initiation (PRO-cap), RNA binding
sites (eCLIP), and mRNA translation (Ribo-seq), which are not represented in prior multispecies post-training
corpora.

We designedNtv3 Benchmark to isolate di erences in representation quality under a standardized ne-
tuning protocol. We selected a 32 kb input length as a practical compromise that provides substantial regulatory
context while remaining computationally tractable for large-scale ablations and baseline comparisons, and we
ne-tune all models to produce single-nucleotide outputs using task-speci c prediction heads. The benchmark
includes two complementary task families. For genome-annotation prediction, we ne-tune separate single-task
models for four universally de ned labels exon, intron, splice_acceptor, and start_codon evaluated by
mean MCC. For functional-regulatory prediction, we use a multi-task setup in which all assays available for a
given species are grouped into a single multi-output head and jointly ne-tuned, evaluated by mean Pearson
correlation across tracks.
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Figure 4 j Ntv3 Benchmark : a multispecies, long-range ne-tuning benchmark for genomic foundation models.

A) Benchmark overview and evaluation protocol. Ntv3 Benchmark comprises two task families genome-annotation
prediction and functional-regulatory track prediction evaluated under a uni ed 32 kb input / 1 bp output setting. Tasks
span species seen during NTv3 post-training (human, chickenArabidopsis maize, rice) and species unseen during post-
training (cattle, tomato) to probe generalization across taxa. All models are ne-tuned with task-speci ¢ prediction heads.
B,C) Fine-tuning results on (B) human, chicken, (C) Arabidopsis, rice, maize and tomato functional tracks. Bar plots
showing the mean test-set Pearson correlation across all tracks for each species. Error bars denote the mean standard
error across three independent ne-tuning runs per model per task. D,E) Genome-annotation ne-tuning results. Bar
plots showing the mean test-set MCC on(E) human, cattle and (F) tomato annotation tasks. Error bars denote the mean
standard error across three independent ne-tuning runs per model per task. F) Scatter plot showing test-set performance
(Pearson correlation or MCC, depending on task) of NTv3 650M (pre) and NTv3 650M (post) models across all 106Ntv3
Benchmark task. Points are colored by assay category, and the diagonal indicates parityG,H) E ciency of NTv3 models
relative to competing genomic foundation models. Functional-track performance (mean Pearson correlation on human
tasks) plotted against (G) total training time (GPU hours) and (H) total number of training tokens.
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We evaluated both NTv3 pre-trained and post-trained checkpoints to isolate the contributions of genome-
scale self-supervision and multispecies post-training, and we include multiple model sizes to characterize
scaling behavior. We compare against a broad set of representative baselines spanning both from-scratch
convolutional architectures and pretrained genomic foundation models (Table 9). The from-scratch baselines
include the bpNet architecture [6, 34] and a large residual convolutional architecture inspired on SpliceAl
[12], which represent established supervised backbones for pro le prediction and nucleotide-level annotation.
The pre-trained models cover the dominant inductive biases explored in genomic foundation modeling and
di erent model sizes, including Transformer-based masked models (NTv2 500M [21]), state-space models
(Caduceus 7M for human [26] and PlantCAD2 88M for plants [ 38]), long-convolution operators (HyenaDNA
7M, the largest one available [22]), and large auto-regressive hybrid models trained on multi-kingdom corpora
(Evo2 1B [28]). To ensure comparability, we ne-tune all models using a standardized supervised training
regime with matched optimization budgets, identical data pre-processing, consistent evaluation metrics, and
uniform checkpoint selection criteria (see Methods B.6), thereby attributing performance di erences primarily
to representational quality rather than task-speci ¢ tuning. We performed three independent ne-tuning runs
per model per task to ensure robust results with statistical signi cance. We provide Ntv3 Benchmark

datasets (ttps://huggingface.co/datasets/InstaDeepAl/NTv3_benchmark dataset ) and have
developed an interactive leaderboard containing results for all models across each task to facilitate comparisons
(https://huggingface.co/spaces/InstaDeepAl/ntv3_benchmark ).

2.5. NTv3 can be e ciently ne-tuned towards various downstream applications

We rst evaluated NTv3 on the functional regulatory tasks of the Ntv3 Benchmark , measuring performance
via the Pearson correlation coe cient (PCC) of single-nucleotide predictions against ground-truth signal. Across

all evaluated species we observed clear scaling laws across the NTv3 650M (pre) family: as model size increased
from 8M to 100M and nally to 650M, performance steadily improved across all species and assays (Fig. 4B,C;
see detailed results on human tracks at Supplementary Fig. A.11). NTv3 models consistently outperformed
existing baselines. Notably, even the pre-trained-only NTv3 650M (pre) checkpoints surpassed competitive
baselines. For instance, our smallest model, NTv3 8M (pre) (8M parameters), achieved higher correlation
than the larger 500M-parameter NTv2 and 1B-parameter Evo2 model. Among the foundation model baselines,
Caduceus (7M) emerged as the strongest competitor in humans, and PlantCAD2 (88M) in plants; these models
likely bene t from their Mamba architecture for single-bp prediction, whereas Evo2 may be hindered by the
constraints of causal masking in this setting. The post-trained NTv3 model provided a substantial additional
boost in performance, achieving the highest scores across every single species evaluated (Fig. 4B,C). Crucially,
this improvement extended to assays (PRO-cap, eCLIP, Ribo-seq) and species (tomato) unseen during the
post-training phase, indicating that the model learned a generalized regulatory grammar rather than simply
memorizing species-speci ¢ features. Additionally, we benchmarked NTv3 against state-of-the-art convolutional
architectures trained from scratch, demonstrating that our NTv3 8M (pre) reaches the performance of the
largest Residual CNN (44M) supervised baseline despite being approximatelp smaller (Table 9).

The same results were observed on the genome-annotation tasks. On human annotation tasks, NTv3 650M
(pre) models reached the best performance among supervised or foundation model baselines, with NTv3 650M
(post) further improving it to an MCC of approximately 0.7 (Fig. 4D). Extending the evaluation to species not
present in post-training, cattle and tomato, NTv3 models exhibited equally strong scaling behavior, with the
post-trained 650M model maintaining a clear lead over the pre-trained variants and baselines like PlantCAD2
(Fig. 4E). The consistent hierarchy of performance where 8M < 100M < 650M < 650M Pos demonstrates

that model capacity and alignment via post-training both contribute for resolving the precise boundaries of
genomic elements.

To further verify the necessity of the foundation model approach, we compared our NTv3 pre-trained checkpoints
against identical architectures initialized with random weights and ne-tuned for the same duration. Across the
human regulatory and genome annotation tasks, models initialized from NTv3 consistently and signi cantly
exceeded the performance of randomly initialized counterparts (Supplementary Fig. A.12). This gap con rms
that the high performance of NTv3 is driven by the representations learned from the 9 trillion nucleotides of
the OpenGenome2 corpus and subsequent post-training on functional data, rather than solely by the U-Net
architecture or the ne-tuning optimization scheme.

We further characterized the bene ts of multispecies post-training and the e ciency of the NTv3 family. Direct
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per-task comparisons show that post-training consistently improves performance over the pre-trained backbone
across all regulatory modalities (Fig. 4F). These improvements indicate that post-training aligns long-range
representations with ne-grained regulatory signals rather than merely re ning already strong predictions.
These gains were also clear in a computational context, revealing that NTv3 achieves superior functional-track
performance at substantially lower training cost than competing foundation models (Fig. 4G,H). In particular,
NTv3 models occupy a favorable Pareto frontier, delivering higher accuracy per GPU hour and per training token
than Transformer-, state-space , and long-convolution based baselines. Together, these results demonstrate
that multispecies post-training yields systematic accuracy improvements while preserving and in practice
enhancing the e ciency and scalability of the NTv3 architecture.

2.6. Evaluation on gene-level tasks in Agronomics

Figure 5 j Gene-level evaluation of NTv3 in Agronomics tasks. (A) Gene expression (4 species) andB) protein abundance
(1 specie) prediction from promoter-proximal sequence. Heatmap shows the meanR? across tissues as a function of input
sequence length for AgroNT (1B) and NTv3 pre-trained model variants (8M, 106M, 650M) evaluated at matching context
windows; NTv3 650M (post) denotes the post-trained 650M model.

Moving beyond nucleotide-level tasks, we evaluated NTv3 on gene-level prediction tasks across Agronomics
datasets, assessing its ability to map promoter-proximal sequences to quantitative molecular traits (Supple-
mentary Table C.4). Adopting the evaluation framework from the AgroNT study [ 39], we tested the model's
capacity to predict both gene expression and protein abundance across tissues in four plant species. These
tasks provide a stringent test of whether the model captures the regulatory logic governing both transcriptional
output and the subsequent protein levels.

NTv3 demonstrated remarkable e ciency, outperforming the domain-specialized, 1-billion parameter AgroNT
baseline despite using orders of magnitude fewer parameters (Fig. 5A,B). For example, at the 6 kb context
length used by AgroNT [39], our 8M-parameter model achieved a meanR? of 0.57 for gene expression in
Maize, surpassing the 0.54 achieved by the 1B AgroNT model. This e ciency advantage extended to protein
abundance, where the 8M model (R? = 0:26) similarly outperformed the 1B baseline (R? = 0:23) at the same
sequence length. Our largest 650M pre-trained model, although still smaller than AgroNT, further improved
performance on both tasks (R? = 0:66 for gene and 0:37 for protein). Similar results were observed for the
other species.

Crucially, the architecture of NTv3 enabled us to leverage extended genomic contexts that are computationally
intractable for standard Transformers. Extending the input length yielded substantial performance gains. For
the 650M pre-trained model, increasing the context from 6 kb to 32 kb drove a signi cant improvement in
Maize gene expression prediction, raising the mearR? from 0.66 to 0.70.

Post-training provided the nal tier of performance improvement, consistently achieving the highest predictive
accuracy across all tasks and lengths. NTv3 650M (post) reached a peaR? of 0.75 for Maize gene expression
at 32 kb. For protein abundance, the model continued to bene t from extremely long contexts, achieving its
best score R? = 0:46) at 262 kb. These results underscore the capabilities of NTv3 and how it can capture
long-range regulatory information within distal promoter regions that is missed by models restricted to shorter
contexts.
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2.7. NTv3 intrinsically captures multi-scale biological features in genomic sequences

Next, we investigated how NTv3 's uni ed modeling approach can be used to study genome regulation and the
functional impact of genetic variants. As NTv3 progresses from pre-training to post-training, its objective evolves
from reconstructing masked nucleotides in genomic sequences to internalizing the regulatory principles that
connect DNA sequence to transcriptional output. These principles re ect the inherently multi-scale structure of
the cisregulatory code [40]: at the local level, transcription factor binding sites (TFBSs) encode nucleotide-
resolved grammar and cooperative interactions [41 43], while at larger scales, these elements are guided by
chromatin topology to enable long-range enhancer promoter communication [ 44 46]. If NTv3 has learned
this hierarchy, then its predictions should manifest not only through strong quantitative predictive performance
but as consistent mechanistic hypotheses recoverable from its internal representations.

We hypothesized that NTv3 does indeed internalize this multi-scale regulatory logic, and that its full suite
of interpretable modalities signal pro les, functional annotations, gradient-based attribution maps, and
attention-derived interaction maps (see Methods 4.10.1) could be analyzed collectively to reconstruct the
underlying cisregulatory mechanisms (Fig. 6A). Together, these modalities enabled us to validate the model's
ability to resolve complex cisregulatory interactions, such as enhancer promoter contacts as well as the precise
functional impact of single-nucleotide variants (SNVs).

2.7.1. Decoding the mechanistic basis of long-range enhancer promoter interactions

To assess whether NTv3 reconstructs long-range enhancer promoter interactions, we analyzed the human
HBEL locus an erythroid regulatory region containing ve DNase hypersensitive elements (HS1 HS5) with
experimentally characterized enhancer activities [47, 48] (see Methods 4.10.2). This locus provides a controlled
test case to evaluate whether NTv3's predicted modalities converge on the experimentally validated enhancer
hierarchy (Fig. 6A).

Using the full 131,072 bp sequence centered on the HBE1 locus, NTv3 produced a consistent multimodal
regulatory pro le (Fig. 6B). The model's cell-type-agnostic outputs aligned closely with curated reference
databases: predicted intron and exon annotations matched GENCODE transcripts, predicted promoter and
enhancer elements coincided with ENCODE candidate cCREs, and the nal-layer attention map showed o -
diagonal structure linking the promoter token range to the annotated enhancer regions including HS1 HS5,
consistent with long-range enhancer promoter coupling. NTv3's cell-type-speci ¢ functional track predictions
further localized regulatory activity to the expected regions: predicted K562 DNase, GATA1 ChiP-seq, and
CAGE signals each peaked over the HS1 HS5 enhancer elements, with CAGE signal sharply concentrated at the
annotated HBE1 promoter (see Methods 4.10.2). Gradient-based attribution maps computed with respect to the
K562 CAGE track highlighted base-pair-level importance across the HS elements, forming motifs corresponding
to GATA and its reverse complement.

Together, these multimodal features establish a coherent baseline regulatory architecture against which
perturbations can be compared. To quantify enhancer su ciency in a manner analogous to in vitro CRISPRI
experiments, we performed targetedin silico perturbations using a fully repressed background (Fig. 6C; see
Methods 4.10.2). All ve hypersensitive elements (HS1 HS5) were simultaneously ablated by dinucleotide-
preserving shu ing, and individual enhancers were then restored one at a time, yielding a controlled setting
in which each enhancer's ability to drive transcription could be assessed in isolation. Enhancer su ciency was
guanti ed by computing the log » fold-change in predicted K562 CAGE signal between each single-enhancer
restoration and the fully-ablated baseline within a promoter-proximal window (see Methods 4.10.2). This
analysis recovered a clear hierarchy of enhancer strength (HS2 HS1> HS4> HS3> HS5; see Methods 4.10.2)
that was strongly correlated with experimentally measured activities at the HBE1 locus (Spearman = 0:900,
p = 0:037 Fig. 6D), indicating that NTv3 accurately captures the relative regulatory potency of individual
enhancer elements using sequence information alone.

Collectively, these results show that NTv3 internalizes the multi-scalecisregulatory architecture of the HBE1
locus, recovering the experimentally validated enhancer hierarchy and demonstrating that the model learns a
biologically meaningful representation of long-range enhancer promoter logic.
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