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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-specific 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 of sequence-to-function models that map DNA
sequence windows to experimentally measured functional readouts, such as chromatin accessibility, DNA
methylation, transcription factor binding, histone modifications, chromatin conformation, gene expression
and mRNA processing [3–16]. Convolutional architectures established strong baselines for high-resolution
profile prediction and motif-syntax discovery [5, 6, 17], and subsequent work extended these models to
substantially longer receptive fields—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 field has rapidly adopted self-supervised genomic language models: large models pretrained on
unlabeled DNA using self-supervised objectives to learn transferable representations that can be adapted to
downstream tasks through fine-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 [22, 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 specific 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-effect scoring or conservation
detection, yet lack the task specificity of sequence-to-function models, while embeddings generally require
substantial fine-tuning to produce predictions. More fundamentally, learning from sequence alone is frequently
insufficient to capture the condition-specific 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 offer 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, efficient 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 efficiency 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 unifies long-context representation learning with base-resolution
genome interpretation. Models are first pre-trained on OpenGenome2 [28] using masked language modeling
(MLM), scaling context up to 1Mb via a length curriculum. We then introduce amultispecies 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 defined 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-diffusion language modeling, enabling long-context
sequence design while retaining base-pair resolution. Using this framework, we design promoter-specific
enhancer sequences with targeted activity profiles 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 fine-tuning code,
together with practical “cookbooks” covering efficient long-context pre-training, multispecies post-training,
interpretation tools, and sequence-design workflows.

Figure 1 | Overview of model architecture, training procedure and applications for NTv3. A) Different 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
fine-tuning. E) Generative extension in which NTv3 is adapted via masked diffusion to enable controllable enhancer design
with promoter-specific 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 first pre-trained on the OpenGenome2 dataset [28],
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 efficient long-range
integration. While U-Net–style architectures have shown strong performance in supervised sequence-to-function
models, NTv3 represents the first 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 efficient representation-learning models that reduce the computational cost of long-range attention while
retaining high-fidelity 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 OpenGenome2 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 mRNA transcripts [28] (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 efficient 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 differ 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 field 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 different 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 efficiency 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 | 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 fine-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 OpenGenome2 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 different sequence lengths on the eukaryotic genic-window
sub-dataset. Line plot shows masked-token accuracy at each sequence length, evaluated on a fixed 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 different 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 HyenaDNA [22] and Caduceus [26]—and
the largest NTv3 model is in fact faster than competing models with up to 60× fewer parameters (Fig. 2H).
Overall, these design choices highlight the efficiency benefits 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 as post-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 first model of this scale to integrate functional and annotation data from fruit fly
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:
quantitative 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 fly, and six plant
species, covering chromatin state (DNase, ATAC-seq, histone modifications, 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, 5′ UTR, 3′ 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-specific 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-specific 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 sufficient 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-specific 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
efficiency, 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 efficient 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 unified 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 benefit 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 effect 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
effective at revealing structural and regulatory sequence patterns, while cellular- and tissue-level functional
readouts may depend more heavily on modality-specific signals introduced during supervised adaptation.
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Figure 3 | 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) reflecting the relative contribution of human, other track-bearing
species, and species with annotation-only supervision. B) 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 profiles 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-seq). E) 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. I) Radar plot displaying mean MCC per species
for splice acceptor (left) and donor (right) sites, comparing SpliceAI 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
fine-grained read-coverage structure with high fidelity on held-out genomic intervals, with predicted profiles
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 reflected 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 coefficient (MCC) across
a broad phylogenetic range of 24 species, and further benefits 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 first
evaluated both models under Borzoi’s original training regime, fine-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, ChIP-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 different 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 ChIP-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 benefit from increasing
context length, with the largest gains observed for gene-expression–related modalities, consistent with the
influence 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 effectively 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 profile prediction. On the two DNase-seq experiments included in both training
datasets, ChromBPNet reaches Pearson Correlation Coefficient (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 1Mb
(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 difficult to infer from short context alone, including enhancers, promoters, lncRNAs, and CTCF-bound
sites (Fig. 3H). NTv3 also outperforms the specialized splicing model SpliceAI [12] on donor and acceptor
sites across species (Fig. 3I). 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-specific annotation approaches—such as ab initio gene finders (e.g., AUGUSTUS)
and splicing-focused predictors (e.g., SpliceAI)—by providing a single unified 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-specific retraining.

Across both functional track prediction and genome annotation, we observe systematic benefits 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 unified
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 the Ntv3 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 designed Ntv3 Benchmark to isolate differences in representation quality under a standardized fine-
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
fine-tune all models to produce single-nucleotide outputs using task-specific prediction heads. The benchmark
includes two complementary task families. For genome-annotation prediction, we fine-tune separate single-task
models for four universally defined 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 fine-tuned, evaluated by mean Pearson
correlation across tracks.
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Figure 4 | Ntv3 Benchmark: a multispecies, long-range fine-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 unified 32 kb input / 1 bp output setting. Tasks
span species seen during NTv3 post-training (human, chicken, Arabidopsis, maize, rice) and species unseen during post-
training (cattle, tomato) to probe generalization across taxa. All models are fine-tuned with task-specific 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 fine-tuning runs per model per task. D,E) Genome-annotation fine-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 fine-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 106 Ntv3
Benchmark task. Points are colored by assay category, and the diagonal indicates parity. G,H) Efficiency 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 SpliceAI
[12], which represent established supervised backbones for profile prediction and nucleotide-level annotation.
The pre-trained models cover the dominant inductive biases explored in genomic foundation modeling and
different 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 fine-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 differences primarily
to representational quality rather than task-specific tuning. We performed three independent fine-tuning runs
per model per task to ensure robust results with statistical significance. We provide Ntv3 Benchmark
datasets (https://huggingface.co/datasets/InstaDeepAI/NTv3_benchmark_dataset) and have
developed an interactive leaderboard containing results for all models across each task to facilitate comparisons
(https://huggingface.co/spaces/InstaDeepAI/ntv3_benchmark).

2.5. NTv3 can be efficiently fine-tuned towards various downstream applications

We first evaluated NTv3 on the functional regulatory tasks of the Ntv3 Benchmark, measuring performance
via the Pearson correlation coefficient (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 finally 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 benefit 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-specific 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 approximately 5× 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 foundationmodel approach, we compared our NTv3 pre-trained checkpoints
against identical architectures initialized with random weights and fine-tuned for the same duration. Across the
human regulatory and genome annotation tasks, models initialized from NTv3 consistently and significantly
exceeded the performance of randomly initialized counterparts (Supplementary Fig. A.12). This gap confirms
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 fine-tuning optimization scheme.

We further characterized the benefits of multispecies post-training and the efficiency of the NTv3 family. Direct

11

https://huggingface.co/datasets/InstaDeepAI/NTv3_benchmark_dataset
https://huggingface.co/spaces/InstaDeepAI/ntv3_benchmark


NTv3

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 fine-grained regulatory signals rather than merely refining 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 efficiency and scalability of the NTv3 architecture.

2.6. Evaluation on gene-level tasks in Agronomics

Figure 5 | Gene-level evaluation of NTv3 in Agronomics tasks. (A) Gene expression (4 species) and (B) protein abundance
(1 specie) prediction from promoter-proximal sequence. Heatmap shows the mean 𝑅2 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 efficiency, 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 mean 𝑅2 of 0.57 for gene expression in
Maize, surpassing the 0.54 achieved by the 1B AgroNT model. This efficiency advantage extended to protein
abundance, where the 8M model (𝑅2 = 0.26) similarly outperformed the 1B baseline (𝑅2 = 0.23) at the same
sequence length. Our largest 650M pre-trained model, although still smaller than AgroNT, further improved
performance on both tasks (𝑅2 = 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 6kb to 32 kb drove a significant improvement in
Maize gene expression prediction, raising the mean 𝑅2 from 0.66 to 0.70.

Post-training provided the final tier of performance improvement, consistently achieving the highest predictive
accuracy across all tasks and lengths. NTv3 650M (post) reached a peak 𝑅2 of 0.75 for Maize gene expression
at 32 kb. For protein abundance, the model continued to benefit from extremely long contexts, achieving its
best score (𝑅2 = 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 unified 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 reflect the inherently multi-scale structure of
the cis-regulatory 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 profiles, functional annotations, gradient-based attribution maps, and
attention-derived interaction maps (see Methods 4.10.1)—could be analyzed collectively to reconstruct the
underlying cis-regulatory mechanisms (Fig. 6A). Together, these modalities enabled us to validate the model’s
ability to resolve complex cis-regulatory 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
HBE1 locus—an erythroid regulatory region containing five 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 profile (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 final-layer attention map showed off-
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-specific 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 sufficiency in a manner analogous to in vitro CRISPRi
experiments, we performed targeted in silico perturbations using a fully repressed background (Fig. 6C; see
Methods 4.10.2). All five hypersensitive elements (HS1–HS5) were simultaneously ablated by dinucleotide-
preserving shuffling, 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 sufficiency was
quantified by computing the log2 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 𝜌 = 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-scale cis-regulatory 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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Figure 6 | NTv3 deciphers multi-scale regulatory architecture and variant mechanisms. A) Schematic of the multimodal
interpretation framework applied to enhancer–promoter interactions. B) Validation at the HBE1 locus (−3.5 kb to +23 kb
from TSS). Top: GENCODE and ENCODE annotations align with predicted outputs. Middle: Attribution maps (computed
with respect to K562 CAGE) identify GATA and AP1 motifs (JASPAR: MA0036.2, MA0099.2). Bottom: Attention map
highlights promoter contacts with enhancers HS1–HS5 (circled). C, D) In silico perturbation strategy (C) and resulting
quantification of predicted CAGE signal (D). E) Differential framework for assessing the mechanistic impact of SNVs. F)
Attribution differences between pathogenic and benign GTEx eQTLs (Wilcoxon two-sided test, 𝑃 < 0.001). G–I) Attribution
maps illustrating distinct variant mechanisms: motif ablation (G; TEF, MA0843.2), motif creation (H; ELK1, MA0028.2),
and distributed regulatory rewiring (I; SPDEF, MA0686.2; NFIC, MAI527.1). J)Multimodal reconstruction of the pathogenic
APOL4 splice variant rs9610445. The model captures disruptions in splice-donor attribution (canonical U2-dependent 5′
site; reverse complement), long-range attention, and genomic annotations consistent with curated transcripts (GENCODE).
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2.7.2. Decoding the mechanistic basis of functional variant effects on quantitative traits

Having shown that NTv3 reconstructs long-range enhancer–promoter architectures and aligns its annotations
and attention maps with known regulatory interactions, we next asked whether this multi-scale understanding
carries down to the level of single nucleotide variation. Interpreting non-coding variants requires precisely
this form of semantic continuity: pathogenic SNVs typically exert subtle, context-dependent effects that only
emerge when regulatory logic is modeled holistically.

Recent work has shown that attribution-based analyses of deep sequence models can surface the motif-level
perturbations—such as the disruption or creation of TFBSs—that drive the model’s predicted expression changes
[8, 49–51]. Motivated by this link, we developed a differential framework (Fig. 6E) that contrasts the model’s
interpretable modalities between reference and alternative alleles (see Methods 4.10.2). Using pathogenic and
benign GTEx (v.8) eQTLs fromHumanWhole Blood [7, 52], we found that gradient-based attribution differences
were significantly larger for pathogenic variants (Wilcoxon 𝑝 < 0.001; Fig. 6F), indicating that NTv3’s internal
representations reliably register functional cis-regulatory perturbations. By contrasting reference–alternative
attributionmaps, we found that NTv3 resolves many pathogenic SNVs into clear mechanistic classes of regulatory
disruption (Fig. 6G,H, and I): (i) motif ablation, where a variant destroys an existing TFBS; (ii) motif creation,
where a variant introduces new regulatory grammar; and (iii) motif synergy, where a variant triggers distributed,
nonlocal rewiring across broader genomic regions. For detailed biological interpretation of representative
variants—including mechanisms implicated in hematopoiesis, cancer suppression, and COVID-19 severity—see
Supplementary Note B.7.3.

The motif-synergy class underscores the need to analyze NTv3 ’s full suite of interpretable modalities jointly
as anticipated in our overarching hypothesis. A representative example is the pathogenic variant rs9610445
within the APOL4 locus. As APOL4 is a recently evolved, primate-specific gene [53], experimental dissection
is challenging, highlighting the utility of foundation-model reasoning at such loci. NTv3 overcomes this by
reconstructing a multilayered mechanism that unifies splice-motif loss, long-range architectural reweighting,
and cross-track consistency into a single regulatory explanation (Fig. 6J). This SNV ranks among the strongest
eQTLs by gradient divergence, and NTv3 ’s attribution maps show that the alternative allele sharply attenuates
the splice-donor motif at the variant site, driving an approximately 16-fold reduction in predicted RNA-seq signal.
NTv3 ’s annotation tracks reinforce this interpretation by removing the Splice Donor label and repositioning
adjacent exonic boundaries—consistent with its HIGH-impact classification across 15 APOL4 transcripts [54].
In parallel, NTv3 identifies coordinated distal remodeling: its attention maps register the strongest log2-fold
change nearly 32 kb away, aligning with a secondary splice-donor motif and a nearby IRF4 site emphasized by
attribution.

Through this integrated multimodal approach, these results demonstrate that NTv3 captures the multi-scale
regulatory principles underlying variant effects, enabling mechanistic reconstruction of pathogenic disruptions
from sequence perturbation alone.

2.8. NTv3 enables conditional diffusion-based sequence generation

We extend NTv3 beyond prediction by re-purposing its LM head for sequence generation using a discrete
diffusion framework. Specifically, we adopt Masked Diffusion Language Modeling (MDLM) [55], which
generalizes standard MLM [32]: rather than masking a fixed fraction of tokens per sequence, MDLM samples
the number of masked positions according to a diffusion schedule. This approach allows direct reuse of NTv3
pre-trained and post-trained weights for sequence generation without introducing additional parameters or
modifying the architecture, relying solely on the existing language-model head (Fig. 7A).

Diffusion provides a natural framework for DNA sequence generation. Unlike autoregressive approaches that
impose a left-to-right generation order through causal masking, such as Evo [23, 28], masked diffusion operates
bidirectionally and preserves sequence context on both sides of a generated element. This enables in-context
generation and infilling, such as designing an enhancer within a fixed plasmid or genomic background (Fig. 7B).
In addition, recent work has shown that discrete diffusion models can achieve substantially higher inference
efficiency than autoregressive generation, requiring far fewer forward passes per generation [56].

To concretely illustrate these generative capabilities in a biologically meaningful setting, we focused on the
design of transcriptional enhancers. Enhancers provide an ideal testbed for generative regulatory modeling:
their activity is continuous, highly sequence-dependent, and modulated by the surrounding regulatory context,
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Figure 7 | NTv3 enables controllable enhancer design with experimental validation. A) Starting from NTv3 650M
(pre), we adapt the model for conditional enhancer generation, enabling both activity-prompted design and promoter-
specific design within a unified pipeline, and validate generated sequences using in cellulo STARR-seq. B) Masked Diffusion
Language Modeling (MDLM) allows generative post-training from NTv3 650M (pre) without altering the native tokenization
scheme. During generation, NTv3 conditions on the target activity level as well as the surrounding genomic context,
enabling sequence design respecting both functional and sequence contexts. C) Classifier-free guidance provides directional
control by encouraging the model to match the target condition distribution while avoiding background profiles, producing
clearer separation between target and non-target properties and improves the fidelity of generation. D) In silico activity
conditioning evaluated with DeepSTARR[5]. Oracle-predicted activities of generated enhancers for the RPS12 promoter
recapitulate the intended activity bins. E) In cellulo STARR-seq measurements validate that generated enhancers express at
the intended activity levels for the RPS12 promoter. NTv3 designs reproduce the expected stratification across activity bins
when compared with native enhancers and also extend into a broader activity range, supporting the design of particularly
strong regulatory elements. F) In silico promoter specificity and sequence determinants. Oracle predictions for sequences
generated by NTv3 to target the RpS12 or DSCP promoter, together with motif enrichment analysis for each group of
sequences. G) In cellulo STARR-seq validation confirms promoter selective activity. Specificity measured as fold-change
between target and background promoter activities. NTv3-generated enhancers show stronger promoter specificity than
enhancers selected using the DeepSTARR oracle alone.
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including promoter identity. We therefore evaluate NTv3 in the context of enhancer design using a dataset
of genome-wide enhancer activity in Drosophila S2 cells using STARR-seq [5, 57]. This dataset reports
enhancer activity for two distinct promoters—the developmental DSCP promoter and the housekeeping
RpS12 promoter—enabling controlled assessment of both activity-level specification and promoter-dependent
regulatory compatibility within a unified experimental framework.

Starting from the NTv3 post-trained weights, we fine-tune the model on the enhancer activity dataset using
MDLM, where training sequences comprise the full STARR-seq reporter plasmid including the target promoter,
and conditioning is provided by the measured enhancer activity value (see Methods 4.11). Conditioning
signals are injected into NTv3 through adaptive layer normalization, extending the conditioning mechanisms
introduced during multispecies post-training to downstream design tasks. This allows functional attributes and
sequence context to be flexibly combined during generation without introducing auxiliary models or classifiers.
At generation time, we apply classifier-free guidance (CFG) [58, 59], enabling targeted control over functional
properties without auxiliary classifiers (Fig. 7C). We evaluate this framework on two enhancer design tasks
described below and experimentally validate 1,000 generated sequences using in cellulo STARR-seq.

2.8.1. Activity-level specific enhancer generation

We first assess whether NTv3 can generate novel enhancer sequences with specified activity levels for a given
promoter. During generation, the full reporter construct containing the promoter is provided as input, and
the enhancer region is masked. This setup ensures that enhancer design is explicitly conditioned on promoter
context, allowing the model to account for regulatory dependencies between the enhancer and its target
promoter. Activity levels are discretized into five bins and represented by dedicated conditioning tokens,
which are injected into the model through adaptive layer norm. During sampling, guidance contrasts activity-
conditioned and unconditioned predictions under the same promoter context, biasing generation toward
sequences that satisfy the desired activity level.

Enhancers are generated for each activity bin under each promoter context. We evaluated the generated
sequences in silico using the DeepSTARR oracle [5], comparing predicted activities to held-out native enhancers
whose experimentally measured activities fall within the same bins. Across all bins, the predicted activity
distributions of generated sequences are well-aligned with those of native enhancers, indicating that the model
produces designs occupying the correct functional range (Fig. 7D, Supplementary Fig. A.13A). Generated
sequences also recapitulate native GC-content and 𝑘-mer composition distributions, and BLAST searches reveal
no evidence of training data memorization.

We have evaluated 600 generated enhancers in cellulo using STARR-seq [57]. Across the quintile activity bins,
the experimental measurements show clear stratification consistent with the conditioning, validating that
NTv3 can reliably design enhancer elements with desired activity levels (Fig. 7E, Supplementary Fig. A.13B).
Together, these results demonstrate precise and robust activity-guided enhancer generation by NTv3.

2.8.2. Promoter-specific enhancer design

We next tested whether NTv3 can generate enhancers that are selectively active to a specific promoter. In
this experiment, sequences are conditioned to have high activity for a target promoter while suppressing
activity under an alternative promoter. This is achieved through a tailored classifier-free guidance scheme:
the conditioned input specifies high activity together with the target promoter context, while the background
input retains the same activity conditioning but replaces the promoter with the alternative promoter. During
sampling, CFG contrasts the denoising trajectories of these two inputs, amplifying sequence features favored
by the target promoter while suppressing features associated with the competing promoter. This guidance
scheme enables directed generation of enhancer sequences that operate preferentially within a desired promoter
context.

Using this framework, we generate enhancers specific to the DSCP or RpS12 promoters. To evaluate the
promoter specificity of generated enhancers, DeepSTARR-predicted activities under both promoters are plotted
against one another for all generated sequences (Fig. 7F). The resulting distributions show clear divergence,
with one branch enriched for sequences active under DSCP and the other under RpS12, indicating that NTv3
generates promoter-selective enhancer sets rather than broadly active elements. Motif enrichment analysis
further supports this observation: the two generated libraries exhibit distinct motif enrichment patterns that
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align with previously described promoter-specific enhancer architectures [60] (Fig. 7F).

For comparison between our framework and oracle-guided strategies, we have also generated a large pool of
random sequences using the same computational budget and select candidates based on DeepSTARR predictions.
NTv3-generated (150) and DeepSTARR-selected (150) sequences were evaluated using STARR-seq in both
promoter contexts. Promoter specificity is defined as the fold-change between activity in the target promoter
context and activity in the alternative promoter context. NTv3-generated sequences exhibited stronger promoter
specificity, with an average specificity of 2.14-fold for DSCP and 4.37-fold for RpS12. Even when given the same
computational budget, oracle-based filtering produces weaker specificity than direct generative conditioning
with NTv3 (Fig. 7G).

Together, these results demonstrate that NTv3 enables precise and flexible sequence design at a fixed computa-
tional budget. Beyond achieving target activity levels and promoter specificity, the model generates diverse
sequence solutions that satisfy the same functional constraints, exploring multiple regions of regulatory se-
quence space. This ability to produce families of functionally equivalent yet sequence-diverse sequences enables
robust downstream design by offering multiple sequence-diverse solutions for a fixed regulatory objective.

3. Discussion

A recurring theme in modern genomics is that the strongest models tend to specialize: supervised sequence-to-
function predictors achieve excellent accuracy on curated assay panels, self-supervised language models excel
at capturing conserved elements from unlabeled genomes, and generative models enable principled sequence
design guided by functional objectives. NTv3 unifies these paradigms into a single backbone by combining
base-resolution MLM with a multispecies post-training stage that jointly optimizes functional-track prediction
and genome annotation across animals and plants, while maintaining a consistent interface for downstream fine-
tuning, interpretation and generation. In practice, this means the same representation can support (i) genome
modeling, (ii) high-resolution functional readout prediction, (iii) segmentation-style genome annotation,
and (iv) a pathway to controllable generation—alleviating the need to maintain separate architectures and
training approaches for each “mode” of genomics modeling. This unification is especially valuable for long-
range regulation, where the modeling target (variant effect, track signal, annotation boundaries, or designed
sequence) changes across applications, but the underlying regulatory grammar and multi-scale dependencies
are shared.

Across our evaluations, NTv3 provides strong transfer under supervised fine-tuning already from genome-only
pre-training, and multispecies post-training yields a further, consistent boost by aligning these representations
with functional and annotation supervision. NTv3 supports both short- and long-range prediction, with outputs
that can be configured at nucleotide resolution (e.g., regulatory and annotation tracks) or aggregated to
gene-level expression or protein readouts. A central design goal of NTv3 is practical usability: fine-tuning
and downstream adaptation require minimal task-specific engineering and modest computational resources,
in contrast to other large state-space models like PlantCAD2 [38] or Evo2 [28] that are substantially more
difficult to adapt in practice. As a result, NTv3 matches or outperforms those models across multiple tasks
while using orders of magnitude fewer parameters and/or significantly less compute. To facilitate broad use,
we release the full suite of base-pretrained and post-trained checkpoints across model sizes, together with
example notebooks and practical cookbooks covering fine-tuning and evaluation, model interpretation, and
controllable sequence design.

A key design decision in our new Nucleotide Transformer version was to move to a U-Net–style architecture. This
multi-resolution architecture—now emerging as a common pattern in long-context genomics [7, 8]—retains
the parallelism and expressivity of Transformer components while avoiding the computational cost of applying
full attention at megabase length. We demonstrate that this architecture can be successfully pre-trained at
scale on genomic sequence as foundation models, enabling long-range representation learning while preserving
base-resolution outputs. Reaching this regime depended on coordinated advances in training strategy and
infrastructure: we used a staged sequence-length curriculum with mixed-length training to preserve accuracy
across scales, employed multi-GPU sequence parallelism for the longest windows beyond the data-parallel
regime used at shorter lengths, and optimized data serving to sustain accelerator utilization over trillions of
tokens. Post-training further required curating a new multispecies supervision corpus with genome annotations
for 24 species and ∼16k functional tracks across animals and plants, and training a species-conditioned model.
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Together, these components provide a practical recipe for scalable multimodal training at megabase context.

We evaluated NTv3 on established benchmarks for track prediction and genome annotation, comparing to
sequence-to-function models such as Borzoi [7] as well as annotation-focused baselines including SegmentNT
[37], SpliceAI [12], and classical gene-finding pipelines such as Augustus [35, 36]. On functional tracks, NTv3
achieves consistent improvements across major assay families, allowing now to predict experimental readouts
from 1Mb context at single-nucleotide resolution. The gains are more pronounced for genome annotation, where
long-context, base-resolution modeling and multispecies post-training translate into systematic improvements,
particularly for labels requiring precise boundary localization and integration of regulatory context. Notably,
these improvements extend robustly to plant genomes, where complex gene structures, larger intergenic regions,
and sparser functional annotation have historically limited model performance. While the improvements in
human and mouse build upon an already mature ecosystem of high-performing models, the relative impact in
the agronomics space is substantially larger: prior approaches were trained on datasets with limited species
coverage or assay diversity [38, 61, 62], and provided only restricted support for long-context modeling
(typically < 8 kb; [38]), base-resolution outputs, or systematic generalization across diverse plant genomes. By
jointly training on animal and plant genomes, NTv3 substantially improves annotation accuracy in agricultural
species, highlighting the value of multispecies foundation models for crop genomics and applied breeding
contexts.

To further evaluate popular genomics models in real-world genomics tasks, we introduced Ntv3 Benchmark.
Existing benchmarks often focus on either short input windows (< 1,000b̃p), a single task family, or in-
distribution evaluation, which simplifies comparison but limits assessment of generalization across assays,
species, and output granularities under practical constraints [21, 29–31]. Moreover, these benchmarks typically
rely on heavily processed or abstracted prediction targets; while valuable for controlled evaluation, such targets
often obscure the structure, variability, and noise inherent to the underlying biological measurements. In
contrast, practical genomics applications require modeling raw or minimally processed signals at base resolution
across heterogeneous assays and taxa. Ntv3 Benchmark is therefore designed to (i) standardize input
length and output resolution in a realistic regime (32 kb inputs with base-resolution prediction heads), (ii)
span complementary task families (functional-track prediction and genome annotation) and (iii) explicitly
test generalization under phylogenetic and assay shift, including unseen taxa and track families relative to
model pre-training and post-training. Across this benchmark, NTv3 consistently outperforms representative
pretrained baselines and from-scratch convolutional models, with clear gains from model scaling and a further
improvement of post-trained checkpoints over genome-only pre-training. Strikingly, the 8M-parameter NTv3
model matches or exceeds, on most tasks, substantially larger or widely used long-context baselines including
the 1B-parameter Evo2 [28] and the Caduceus/PlantCAD2 [26, 38] models, while being significantly more
efficient.

A major advantage of a unified backbone is interpretability that is coherent across scales: the same model can
be interrogated for local motif logic, mid-range regulatory syntax or long-range interactions between genomic
elements such as enhancers and promoters. Practically, this allows attributing predictions from multiple heads
(functional tracks, and annotations) to the same underlying sequence features and comparing the resulting
explanations for consistency—e.g., whether putative motif grammar suggested by an accessibility head is
mirrored in promoter / enhancer annotation boundaries. This “multi-view” interpretability is particularly
useful in long-range settings, where mechanistic hypotheses often involve both sequence features (motifs) and
the spatial organization of regulatory elements, and where single-output models can overfit explanations to
one modality. Applying this approach to NTv3 allowed us to decipher multi-scale regulatory architecture and
variant mechanisms, recovering unbiasedly many cases that have been reported in the literature.

Finally, NTv3 extends this unified long-context backbone into controllable sequence design via discrete diffusion
generation, providing a direct bridge from genome understanding to genome engineering within the same
modeling framework. The same long-context representations used for prediction and annotation are fine-tuned
for conditional generation, supporting both activity-targeted and promoter-specific enhancer design without
auxiliary classifiers or separate generative models. Importantly, this workflow is validated not only with in silico
oracles but also experimentally, grounding the generative capability in measurable regulatory outcomes. For a
fixed target activity and promoter context, NTv3 generates diverse families of sequence-distinct enhancers
that satisfy the same functional constraints, enabling robust exploration of regulatory design space rather than
reliance on a single solution. The combination of megabase-capable representations, supervised sequence-to-
function heads, and experimentally validated conditional generation positions NTv3 as a general framework
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for design problems where long-range context and promoter specificity are central, and suggests a path toward
iterative, model-in-the-loop regulatory engineering that remains consistent with the predictive interfaces used
for variant interpretation and functional annotation.

We anticipate that NTv3 will serve as a scalable substrate for the next generation of genome foundational
models—enabling increasingly comprehensive, multi-species, long-range models as functional supervision,
perturbation datasets, and generative objectives continue to mature.

3.1. Limitations, caveats and future opportunities

Although NTv3 is designed for megabase context, maintaining uniformly strong performance across the full
length spectrum remains non-trivial, as we show for models like Borzoi [7]. Extending the maximum receptive
field can shift capacity toward long-range dependencies and, without explicit mitigation, degrade short-context
accuracy; we address this with mixed-length training during both pre-training and post-training, but residual
length sensitivity remains an open area. Further progress will likely require more principled length-invariant
curricula and regularizers that explicitly preserve short-range representations while scaling context.

Current supervision remains imperfect for learning the full causal hierarchy from distal sequence to gene-level
outcomes. While NTv3 benefits from megabase context, accurately capturing the influence of very distal
regulatory elements (> 100 kb) remains challenging because standard functional tracks provide limited causal
linkage and only indirect access to 3D genome organization. Moreover, predicting genome-wide tracks is often
easier than predicting gene-level responses across diverse assays and contexts, suggesting a need for more
gene-centric and multi-modal objectives that better reflect integrated regulatory programs. Finally, we have not
yet benchmarked NTv3 for personal-genome prediction, where these models are usually limited [63, 64].

Our multispecies post-training should be viewed as a starting point that can be expanded substantially. Incor-
porating additional species and richer modalities—particularly single-cell assays, perturbation datasets, and
multiome measurements—would provide stronger constraints on context-specific regulatory mechanisms and
reduce ambiguities introduced by batch effects across independently generated tracks. Extending supervision to
population-scale and personalized functional data would further improve robustness to within-species genetic
diversity and broaden translational utility in both medical and agricultural settings.

MDLM provides a principled route to convert a masked LM into a controllable generative model, but it can also
be viewed as a natural generalization of MLM. This suggests a future direction in which diffusion-style masked
modeling is used consistently across pre-training and post-training, unifying representation learning and
generation under a single objective family while preserving base-pair tokenization and long-context scalability.
Such a formulation may also offer a convenient interface for richer conditioning (e.g., species, cell type, assay,
target activity), strengthening the bridge between genome understanding and targeted sequence design.
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4. Methods

4.1 NTv3 Model
NTv3 is a large-scale genomics foundation model designed to process DNA sequences of up to 1 million base
pairs and to jointly predict heterogeneous outputs at single-nucleotide level, including 1) language-model
probabilities, 2) functional regulatory tracks, and 3) genome annotation tracks. The model was trained in two
main phases: pre-training on genomes from ∼128,000 species (referred to as NTv3 (pre) models) followed
by post-training on genomes and functional data from 25 animal and plant species (referred to as the main
NTv3 (post) models). During pre-training the model is trained through masked language modeling (MLM)
and only predicts language-model probabilities for masked tokens. In the post-training phase we introduce
additional heads to predict functional and genome annotation tracks, in addition to the MLM objective. During
post-training, we also introduce a species-conditioning mechanism, allowing the model to adapt its regulatory
and annotation predictions to the species associated with each input sequence.

4.1.1. Model Architecture

NTv3 follows a U-Net [65] encoder-decoder architecture tailored for long sequences, similar to recent models
such as Borzoi [7] and AlphaGenome [8]. The model consists of six main components: sequence encoder,
central transformer tower, sequence decoder, species conditioning and output heads. We trained NTv3 models
of different sizes by scaling the parameters of the different components: NTv3 with 650 million (M) trainable
parameters, as well as smaller versions with 8M (NTv3 8M) and 100M (NTv3 100M) parameters. The models
were implemented using JAX [66] and Flax NNX [67]. Below we describe the model architecture’s components
along with relevant pseudocode.

Sequence Embedder. An embedding layer first transforms DNA sequences into sequences of tokens with
continuous embeddings. These embeddings are then processed by a stem layer consisting of a 1D convolution
with kernel size 15 and stride of 1 followed by a GELU [68] activation. The stem projects the token embeddings
into a higher-dimensional embedding that captures local nucleotide context, while preserving sequence length
dimension.

1
2 def sequence_embedder(x: Array) -> Array:
3 # Embedding lookup: alphabet_size -> token_embed_dim
4 x = Embed(num_tokens=alphabet_size, embed_dim=token_embed_dim)(x)
5 # Stem: 1D convolution with kernel 15, stride 1
6 # Projects token_embed_dim -> conv_init_embed_dim
7 x = Conv1D(num_channels=conv_init_embed_dim, width=15)(x)
8 x = GeLU(x)
9 return x
10

Sequence Encoder. The sequence encoder progressively down-samples the input DNA sequence from 1bp
resolution to 128 bp resolution embeddings over 7 convolutional blocks. Each convolutional block contains: (1)
a main convolution (kernel size 5) preceded by Layer Normalization [69, 70] and followed by GELU activation,
(2) a residual convolution [71] (kernel size 1) with a skip connection, and (3) an average pooling layer (window
size 2, stride 2) that halves the sequence length. The number of feature channels is maintained consistently
from the stem through all down-sampling layers to maintain high representational capacity. We observed
empirically that performance improves when having the highest number of feature channels already at the first
convolutional block, rather than increasing the number of channels sequentially over the encoder blocks.

Intermediate representations from each of the 7 stages, corresponding to resolutions of 1 bp, 2 bp, 4 bp, . . . , 64 bp
(before the average-pooling step), are stored for use as U-net skip connections in the sequence decoder. The final
encoder output has a resolution of 128 bp, sequence-axis length 1Mb/128 bp = 8192, and 768+ 6× 128 = 1536
feature channels.

1
2 def conv_block(x: Array, num_channels: int, width: int = 5) -> Array:
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3 # Normalize channels, apply 1D convolution, then nonlinearity
4 x = LayerNorm(x)
5 x = Conv1D(num_channels=num_channels, width=width)(x)
6 x = GeLU(x)
7 return x
8
9 def residual_downsample_block(x: Array, num_channels: int) -> Array:
10 # Residual path: conv-block with kernel 5 plus conv-block with kernel 1
11 x = conv_block(x, num_channels=num_channels, width=5)
12 x = x + conv_block(x, num_channels=num_channels, width=1)
13 # Downsample sequence length by factor of 2
14 x = AvgPool(pool_size=2, stride=2)(x)
15 return x
16
17 def sequence_encoder(x: Array, embed_dim: int, num_downsamples: int) -> tuple[Array, list[Array]]:
18 residuals = [] # Store skip connections for each downsample stage
19 for _ in Range(num_downsamples):
20 residuals.append(x)
21 x = residual_downsample_block(x, num_channels=embed_dim)
22 # Returns encoded sequence and list of residuals
23 return x, residuals
24

Transformer Tower. Following the encoder, a transformer tower [72] processes the 128 bp resolution
sequence embeddings to model long-range interactions across the full 1mb input context. The transformer
tower is composed of multiple multi-head attention layers with rotary positional embeddings (RoPE) [73]. In
our implementation of ROPE, we use a base frequency of 10,000, where query and key vectors are split into
two halves rather than using consecutive dimension pairs. No rescaling factor is applied. Each layer employs
pre-layer normalization [70], multi-head self-attention, and a feedforward network with GLU (Gated Linear
Unit) gating [74] and Swish activation [75], both wrapped in residual connections. Attention is computed at
the block level, where sequences are divided into blocks of size 2num_down-samples, allowing efficient long-range
context modeling.

1
2 def apply_rope(heads: Array, base_freq: int = 10000) -> Array:
3 # Rotary positional embeddings: split heads into halves
4 seq_len, key_size = heads.shape[1], heads.shape[-1]
5 inv_freq = 1.0 / (base_freq ** (arange(0, key_size, 2) / key_size))
6 freqs = einsum('i,j->ij', arange(seq_len), inv_freq)
7 cos, sin = cos(freqs), sin(freqs)
8 x_first, x_second = heads[..., :key_size//2], heads[..., key_size//2:]
9 return concat(x_first * cos - x_second * sin,
10 x_second * cos + x_first * sin, axis=-1)
11
12 def multi_head_attention(x: Array, attention_mask: Array) -> Array:
13 # Linear projections to queries, keys, values
14 q = Linear(num_heads * key_size)(x).reshape(..., num_heads, key_size)
15 k = Linear(num_heads * key_size)(x).reshape(..., num_heads, key_size)
16 v = Linear(num_heads * key_size)(x).reshape(..., num_heads, key_size)
17 q, k = apply_rope(q), apply_rope(k)
18 # Attention computation
19 attention_logits = einsum('bthd,bThd->bhtT', q, k) / sqrt(key_size)
20 attention_logits = where(attention_mask, attention_logits, -1e30)
21 attention_weights = softmax(attention_logits, axis=-1)
22 out = einsum('bhtT,bThd->bthd', attention_weights, v)
23 return Linear(embed_dim)(out.reshape(..., num_heads * key_size))
24
25 def ffn_block(x: Array, embed_dim: int, ffn_embed_dim: int) -> Array:
26 # Feedforward with GLU gating and Swish activation
27 x1, x2 = split(Linear(2 * ffn_embed_dim)(x), 2, axis=-1)
28 x = Swish(x1) * x2
29 return Linear(embed_dim)(x)
30
31 def transformer_block(x: Array, attention_mask: Array) -> Array:
32 # Pre-LayerNorm self-attention with residual
33 x = x + multi_head_attention(LayerNorm(x), attention_mask)
34 # Pre-LayerNorm feedforward with residual
35 x = x + ffn_block(LayerNorm(x), embed_dim, ffn_embed_dim)
36 return x
37
38 def transformer_tower(x: Array, attention_mask: Array, num_layers: int) -> Array:
39 # Stack multiple transformer blocks
40 for _ in Range(num_layers):
41 x = transformer_block(x, attention_mask)
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42 return x
43

Sequence Decoder. The sequence decoder mirrors the encoder’s structure but operates in reverse: it
progressively upsamples the 128 bp resolution embeddings (output from the transformer tower) back to the
original 1 bp resolution, while maintaining the number of feature channels constant. This is achieved through 7
iterative de-convolutional blocks, mirroring the encoder’s architecture using transposed convolutions with kernel
size 5, followed by layer normalization and GELU activation, and includes residual transposed convolutions
(kernel size 1). As is standard in U-Net architectures [65], at each block the corresponding encoder residual is
integrated via U-Net-style skip connections, allowing the decoder to recover fine-grained sequence information
lost during down-sampling.

1
2 def deconv_block(x: Array, num_channels: int, width: int = 5, upsample: bool = True) -> Array:
3 # Normalize channels, apply transposed convolution (upsample if specified), then GeLU
4 x = LayerNorm(x)
5 x = TransposedConv1D(num_channels=num_channels, width=width, stride=2 if upsample else 1)(x)
6 x = GeLU(x)
7 return x
8
9 def residual_upsample_block(x: Array, num_channels: int) -> Array:
10 # Residual path: upsample with kernel 5 plus residual conv with kernel 1
11 x = deconv_block(x, num_channels=num_channels, width=5, upsample=True)
12 x = x + deconv_block(x, num_channels=num_channels, width=1, upsample=False)
13 return x
14
15 def sequence_decoder(x: Array, residuals: list[Array], num_downsamples: int) -> Array:
16 # Iteratively upsample and add skip connections from encoder
17 for residual in reversed(residuals):
18 x = residual_upsample_block(x, num_channels=embed_dim)
19 x = x + residual # U-Net skip connection
20 return x
21

Output Heads. The NTv3 architecture, after processing the input DNA through its encoder, transformer,
and decoder stages, produces key internal representations at single nucleotide resolution. The final learned
embeddings are projected to three types of output heads that make per-nucleotide predictions.
• Language model head: A linear layer that predicts a probability distribution over the DNA token
vocabulary at each position.

• Functional tracks prediction head: A linear layer that predicts each of the functional tracks for the
specified species. For example, when predicting on human 7632 tracks will be predicted for each
nucleotide. The linear layer is followed by a softplus activation that ensures a positive prediction value. A
layer normalization (separate to the annotation head) is applied to the embeddings before the tracks
head. When using multiple species, to enable efficient batched computation across species with different
track counts, the outputs are zero-padded to the maximum number of tracks across all species.

• Genome annotation head: A discrete classification head that predicts whether annotation labels are
present for each nucleotide. This head has a dimension of 21 for the 21 annotation labels described in
4.6.2. The same head is used for all species. A layer normalization is applied to the embeddings before
the head.

During the pre-training phase NTv3 uses solely the language model head. The follow-up post-training phase
uses all 3 heads simultaneously.

1
2 def language_model_head(x: Array, embed_dim: int, alphabet_size: int) -> Array:
3 # Predict probability distribution over DNA tokens
4 x = GeLU(x)
5 x = Linear(alphabet_size)(x)
6 return x
7
8 def tracks_head(x: Array, embed_dim: int, num_tracks: int) -> Array:
9 # Predict functional genomic tracks (e.g., 7632 for human)
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10 x = LayerNorm(x)
11 x = Linear(num_tracks)(x)
12 x = Softplus(x)
13 return x
14
15 def annotation_head(x: Array, embed_dim: int, num_labels: int = 21, num_classes: int = 2) -> Array:
16 # Predict genome annotation labels (21 labels, binary classification)
17 x = LayerNorm(x)
18 x = Linear(num_labels * num_classes)(x)
19 x = reshape(x, x.shape[:-1] + (num_labels, num_classes))
20 return x
21
22

Species Conditioning. The NTv3 architecture incorporates a species-conditioning mechanism that adapts
predictions to a specific species using learned, species-specific embeddings. The input species is represented by
a learned embedding vector that modulates network activations in two complementary ways:

Adaptive Layer Normalization (AdaLN). All layer normalizations in the convolutional, transformer, and de-
convolutional blocks are replaced with adaptive layer normalization [76, 77]. The species embedding of
dimension 𝑑cond is mapped via a linear projection to produce shift (𝛽) and scale (𝛾) parameters that modulate
the normalized activations. Specifically, a linear layer projects the species embedding to a vector of dimension
2× 𝑑layer, which is then split into 𝛽, 𝛾 ∈ R𝑑layer :

AdaLN(𝑥, 𝑠) = (1 + 𝛾(𝑠))⊙ LayerNorm(𝑥) + 𝛽(𝑠)

where 𝑠 is the species embedding and [𝛽(𝑠), 𝛾(𝑠)] = 𝑊𝑠 with𝑊 ∈ R2𝑑layer×𝑑cond .

Scaled Residual Connections. Residual connections in convolutional blocks (encoder and decoder) and trans-
former feedforward networks are augmented with learned scaling factors [77]. The species embedding (𝑑cond
dimensions) is projected via a linear layer to 𝑑layer dimensions to produce a per-channel scaling vector 𝛼 ∈ R𝑑layer

that modulates the residual branch:

𝑥out = 𝑥+ (1 + 𝛼(𝑠))⊙ 𝑓(𝑥)

where 𝑠 is the species embedding, 𝑓(𝑥) is the residual function (convolution or feedforward), and 𝛼(𝑠) = 𝑊𝑠
with𝑊 ∈ R𝑑layer×𝑑cond . The (1 + 𝛼) formulation ensures that when 𝛼 = 0 (at initialization), the scaling factor
equals 1, preserving standard residual behavior.

We apply this species conditioning mechanism only at the post-training phase to be able to condition the
prediction of functional tracks and genome annotation based on the species of input, enabling a single model to
make predictions for multiple species. All modulation parameters (shift, scale, and residual scaling projections)
are initialized to zero, ensuring that at initialization the conditioned model behaves identically to the pre-
trained unconditioned model. This design enables seamless warm-starting from pre-trained weights during the
post-training phase.

1
2 def adaptive_layer_norm(x: Array, conditions: list[Array], embed_dim: int) -> Array:
3 # Standard layer normalization
4 x = LayerNorm(x)
5 scale, shift = 1.0, 0.0
6 for condition in conditions:
7 # Project condition to shift and scale (initialized to zero)
8 modulation = Linear(2 * embed_dim, init=zeros)(condition)
9 shift_i, scale_i = split(modulation, 2, axis=-1)
10 # Accumulate scale multiplicatively and shift additively
11 scale = scale * (1.0 + scale_i[:, None, :])
12 shift = shift + shift_i[:, None, :]
13 return x * scale + shift
14
15 def conditioned_conv_block(x: Array, conditions: list[Array], num_channels: int, width: int = 5) -> Array:
16 # Convolution with adaptive layer norm and GeLU activation
17 x = adaptive_layer_norm(x, conditions, x.shape[-1])
18 x = Conv1D(num_channels=num_channels, width=width)(x)
19 x = GeLU(x)
20 return x
21
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22 def conditioned_residual_block(x: Array, conditions: list[Array], num_channels: int) -> Array:
23 # Residual block with species-conditioned gating
24 gate = 1.0
25 for condition in conditions:
26 # Zero-initialized projection ensures gate=1 at init
27 gate_i = Linear(num_channels, init=zeros)(condition)[:, None, :]
28 gate = gate * (1.0 + gate_i)
29 # Apply gated residual to 1x1 convolution
30 return x + gate * conditioned_conv_block(x, conditions, num_channels, width=1)
31
32 def conditioned_downsample_block(x: Array, conditions: list[Array], num_channels: int) -> Array:
33 # Downsample with conditioned conv and gated residual, followed by average pooling
34 x = conditioned_conv_block(x, conditions, num_channels, width=5)
35 x = conditioned_residual_block(x, conditions, num_channels)
36 x = AvgPool(pool_size=2, stride=2)(x)
37 return x
38
39 def conditioned_transformer_block(x: Array, conditions: list[Array], attention_mask: Array) -> Array:
40 # Pre-LayerNorm self-attention with adaptive modulation
41 res = x
42 x = adaptive_layer_norm(x, conditions, embed_dim)
43 x = multi_head_attention(x, attention_mask)
44 x = res + x
45 # Feedforward with gated residual
46 gate = 1.0
47 for condition in conditions:
48 gate_i = Linear(embed_dim, init=zeros)(condition)[:, None, :]
49 gate = gate * (1.0 + gate_i)
50 ffn_out = adaptive_layer_norm(x, conditions, embed_dim)
51 ffn_out = ffn_block(ffn_out, embed_dim, ffn_embed_dim)
52 x = x + gate * ffn_out
53 return x
54
55 def species_conditioned_forward(tokens: Array, species_id: int) -> Array:
56 # Embed species as learned vector
57 species_embedding = Embed(num_species, cond_dim)(species_id)
58 conditions = [species_embedding]
59 # Embedding and stem (unconditioned)
60 x = sequence_embedder(tokens)
61 # Conditioned encoder
62 residuals = []
63 for _ in range(num_downsamples):
64 residuals.append(x)
65 x = conditioned_downsample_block(x, conditions, embed_dim)
66 # Conditioned transformer
67 for _ in range(num_layers):
68 x = conditioned_transformer_block(x, conditions, attention_mask)
69 # Conditioned decoder with U-Net skip connections
70 for residual in reversed(residuals):
71 x = conditioned_upsample_block(x, conditions, embed_dim)
72 x = x + residual
73 return x
74

4.1.2. Model Scaling

We trained pre-trained models of three parameter sizes: 8M (NTv3 8M (pre)), 100M (NTv3 100M (pre)) and
650M (NTv3 650M (pre)). We performed a post-training phase for the base 100M (NTv3 100M (post)) and
650M (NTv3 650M (post)) models. All model variants can process sequences of any length up to 1 Mb. Scaling
of model parameters from 8M to 650M followed the principles of depth, width, and attention scaling. The key
parameters are shown in Table 1.

Parameter 8M Model 100M Model 650M Model Scaling Factor (8M → 650M)
num_layers 2 6 12 6.0×
embed_dim 256 768 1536 6.0×
ffn_embed_dim 1024 3072 6144 6.0×
attention_heads 8 12 24 3.0×
key_size 32 64 64 2.0×

Table 1 | Key parameters of NTv3 models and their scaling factors.
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• Depth Scaling (num_layers): The number of Transformer layers (num_layers) was systematically
increased by a factor of 6.0×, scaling from 2 in the 8M model to 12 in the 650M model.

• Width Scaling (embed_dim): The embedding dimension (embed_dim) was expanded by 6.0×, growing
from 256 to 1536. Similarly, the dimension of the feed-forward network (ffn_embed_dim) maintained
the standard ratio 4× embed_dim, scaling proportionally from 1024 to 6144.

• Attention Scaling (attention_heads, key_size): The multi-head attention mechanism was scaled along
two axes. The number of attention heads (attention_heads) was tripled (from 8 to 24), and the
per-head key size (key_size) was doubled from 32 to 64. The per-head key size remained fixed at 64
for all models exceeding 100M parameters.

4.2 Pre-training on Genomes
NTv3 (pre) was pre-trained on the OpenGenome2 dataset through self-supervised MLM objective. The pre-
trained models have as single output head the language model head. We used the same approach as for the
Nucleotide Transformer model [21], following the standard BERT masking strategy [32]: for each sequence,
15% of tokens were selected for potential modification; of this subset, 80% were replaced with a [MASK] token,
10% were substituted with a random token from the vocabulary, and the final 10% remained unchanged. For
each batch, the loss function was computed as the sum of the cross-entropy losses between the predicted
probabilities over tokens and the ground-truth tokens at each selected position.

Pre-training was conducted in two main phases with different sequence lengths for performance optimization:
a 8kb-training phase with sequences up to 8, 192 token context focused primarily on functional elements, that
accounted for∼95% of all tokens seen during pre-training; and a sequence length extension phase during which
we extend the sequence context progressively up to 1M token context length, while continuing to interleave all
previously seen sequence lengths, where we included entire genomes in the data distribution. This ensured
that the model retained strong performance on shorter contexts. Exact sequence length proportions per phase
are detailed in 2. We refer to the models after pre-training but before post-training as NTv3 (pre).

Stage Sequence length Tokens (B)
210 211 212 213 214 215 216 217 218 219 220

8 kb Pre-training 0.079 0.130 0.132 0.660 0 0 0 0 0 0 0 10500
Length Extension 1 0.052 0.077 0.079 0.394 0.398 0 0 0 0 0 0 50
Length Extension 2 0.056 0.056 0.056 0.225 0.228 0.379 0 0 0 0 0 50
Length Extension 3 0.053 0.053 0.053 0.129 0.130 0.218 0.363 0 0 0 0 50
Length Extension 4 0.052 0.052 0.052 0.076 0.076 0.127 0.212 0.353 0 0 0 50
Length Extension 5 0 0 0.050 0.050 0.050 0.084 0.140 0.233 0.394 0 0 50
Length Extension 6 0 0 0.050 0.050 0.050 0.050 0.079 0.131 0.221 0.369 0 50
Length Extension 7 0 0 0.050 0.050 0.050 0.050 0.050 0.074 0.124 0.207 0.345 50

Table 2 | Sequence length distribution at each stage of training.

Both pre-training phases used the same training recipe, including all optimizer settings, learning-rate schedule,
masking strategy, and batch configuration, only differing in the sequence length schedule. Key hyperparameters
are detailed in Table 3. We trained all models using the AdamW optimizer [78] with 𝛽1 = 0.9 and 𝛽2 = 0.98.
Similar to prior work [28, 79, 80], we found that reducing 𝛽2 from the canonical 0.999 was crucial for
maintaining stability when training our largest models with the largest effective batch sizes.

In both stages, gradients were accumulated to reach an effective batch size of 8 million tokens. We observed
that increasing the batch size further improved training efficiency but led to degraded model performance.
The learning rate followed a modified polynomial decay schedule with a linear warm-up. It started at 𝜂init =
1.0× 10−4, increased linearly to a peak of 𝜂peak = 4.0× 10−4 over the first 10.5 billion tokens, or approximately
1250 steps with an effective batch size of 8 million tokens. After reaching a peak the learning rate decayed to a
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final value of 𝜂final = 2.0× 10−4. Formally, the schedule is defined at the step level as

𝜂(𝑡) =

⎧⎨⎩𝜂init +
𝜂peak−𝜂init

𝑡𝑤
· 𝑡, if 𝑡 ≤ 𝑡𝑤

𝜂peak ·
(︁

𝑡𝑤
𝑡+1

)︁𝛼
, if 𝑡 > 𝑡𝑤

(1)

where 𝑡 is the current step, 𝑡𝑤 is the number of warmup steps, and the decay exponent 𝛼 = ln(1/𝑓)/ ln(𝑇/𝑡𝑤)
is chosen such that the learning rate decays to 𝜂final = 𝑓 · 𝜂peak after 𝑇 total steps. In our experiments, we set
𝑓 = 0.5.

Parameter Pre-training 1 Pre-training 2 Post-training 1 Post-training 2
Minimum sequence length 1 kb 1 kb 16 kb 16 kb
Maximum sequence length 8 kb 1Mb 131 kb 1mb
MLM on genomes ✓ ✓
Functional & annotation data X ✓
Number of training tokens 10T 50B per phase 1.2T 50B
Tokens per Update 8M 1M
Tokens sampled per sequence length 4M 1M
Optimizer AdamW AdamW
Optimizer 𝛽1/𝛽2 0.9 / 0.98 0.9 / 0.999
Weight Decay 0.1 0.1
Number Warmup Tokens 10.5B 0 3.4B
Initial Learning Rate (𝜂init) 1.0× 10−4 - 1.0× 10−5

Peak Learning Rate (𝜂peak) 4.0× 10−4 2.0× 10−4 5.0× 10−5

Final Learning Rate (𝜂final) 2.0× 10−4 2.5× 10−5

Table 3 | Training parameters for pre- and post-training phases. Pre-trained phase 1 corresponds to 8kb-training while
phase 2 corresponds to sequence length extension. Post-training phase 1 corresponds to the 131 kb phase while phase 2
corresponds to length extension up to 1Mb.

To optimize data loading on our hardware, we structured the sampling process such that 4 million tokens of
a single sequence length were yielded consecutively before moving to the next sequence length. Specifically,
a sequence length was sampled according to the probabilities specified in Table 2, and mini-batches were
yielded until a total of 4 million tokens (220) was collected, with the additional constraint that each mini-batch
contained a number of tokens that evenly divided 4 million for all sequence lengths. Sequence lengths were
sampled in this manner until the accumulated total reached 8 million tokens, at which point a gradient step
was taken. This design allowed each optimization step to include multiple sequence lengths, thereby increasing
gradient diversity. Using fewer than 4 million tokens per sequence length could have allowed for an even
greater diversity of sequence lengths per accumulation step; however, in later stages with longer sequences,
this would have constrained data parallelization, as it would have limited the number of tokens that could be
processed per step to be below 4 million.

4.2.1. 8 kb Pre-training

The 8kb-training phase was run for 10.5 trillion (T) tokens on a filtered subset of OpenGenome2 that excludes
whole eukaryotic genomes to focus on functional gene-rich regions and was comprised of approximately 1.8
trillion tokens in total. We train on a mixture of sequences of 1,024, 2,048, 4,096, and 8,192 bp to maintain
performance across the different context lengths. For this initial pre-training phase, sequence lengths were
sampled in proportion to the total number of tokens available at each length, with detailed distributions
provided in Table 2. The duration of 8kb-training corresponded to approximately 5.8 epochs over the 8kb-
training filtered dataset. A full description of the dataset composition, sampling approach, and tokenization is
presented in Section 4.5.

Training exhibited stable dynamics throughout, without the need for gradient clipping or restarts (Fig. Fig-
ure 2G). Checkpoints were saved every 100 billion tokens, and the final 10.5T-token checkpoint was used to
initialize the subsequent sequence-length extension phase. The loss continued to improve steadily through the
end of this stage and training was stopped for time considerations.
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4.2.2. Sequence Length Extension

After completing 8kb-training, we implemented sequence length extension to adapt the model for processing
of longer sequence contexts. Although our architecture supports long-context processing, we kept sequence
length extension shorter than 8kb-training for compute efficiency, following prior work [28]. The efficiency of
our architecture also enabled exploration of alternative sequence length schedules and significantly extended
training at longer contexts. These additional experiments and ablations are presented in the supplementary
section B.4.

We conducted the sequence length extension in seven stages, each consisting of ∼50 billion (B) tokens. The first
stage introduced sequences of 16 kb. At each subsequent stage, the context length was doubled, culminating in
sequences of 1mb. Throughout sequence length extension, we continued to mix in all shorter sequence lengths,
maintaining ability to process shorter contexts, and preventing performance degradation on the corresponding
distributions of short sequences. At the start of each stage, 40% of sequences were drawn from the newly
introduced length, while the remaining probability was distributed among shorter sequences. Additionally, we
enforced a minimum of 5% probability per sequence length to ensure the shorted length continued to be seen
in training, and re-normalized the weights accordingly. For stages containing sequences ≥ 262kb we required
sequence parallelism and as such excluded sequences with length ≤ 2kb for efficiency. Details of the sequence
lengths and data distributions across 8kb-training and sequence length extension phases are provided in Table
2. Training hyperparameters were identical to those used in 8kb-training and are detailed in Table 3.

4.3 Post-training on Tracks
After pre-training, we selected the 100M and 650MNTv3 pre-trained models and post-trained each on functional
track prediction and genome annotation. We refer to the post-trained models as the main NTv3 models: NTv3
100M and NTv3. The main goal of post-training the models was to leverage the previous pre-training on
over 128,000 species genomes and bring together functional experimental data and genome annotation.
Post-training was performed on a newly curated, large dataset with genome annotations for 24 species and
functional track data for 9 of those species (the data is described in subsection 4.6).

The post-trained model is initialized as the NTv3 650M (pre) with its trained language model head, where we
add functional tracks and genome annotation heads that are randomly initialized. We add separate functional
tracks heads for each species that predicts the number of tracks present for that species. A single genome
annotation head is used across all species. In addition, we add the species-conditioning mechanism to enable
the model to make predictions for multiple species.

Similar to pre-training, the post-training was performed in two sub-phases for computational efficiency: a
first phase of 1.2T tokens where the model is trained on sequences up to 131 kb, where there is no need for
sequence parallelism enabling highly efficient training with data parallelism; and a second phase of 54B tokens
where we extend the maximum sequence length up to 1mb. Below we detail the procedure of mixed-length
training and dataset distribution for both phases.

4.3.1. Mixed-Length Training

During post-training we used batches of sequences with different lengths to promote high performance across
all sequence lengths. Sequence lengths are selected by starting with 16 kb and using successive multiples of 2
up to 1mb. The sequence lengths are weighted with 10% weight each, with the remainder being given to the
longest sequence length. For all sequence lengths used, the same source dataset (containing all species) is used.
This ensures that the models sees every combination of sequence-length and species.

In practice, the first phase of post-training lasts for 1.2T tokens and uses four sequence lengths of 16, 32, 65
and 131 kb. Afterwards, the models are length-extended to 1mb for 54B tokens. During this second phase,
sequences of lengths 16 kb, 32 kb, 65 kb, 131 kb, 262 kb and 524 kb have a weight of 10% each, and the 1mb
a weight of 40%. Here sequence parallelism is used to enable training the models on sequences larger than
131 kb.
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4.3.2. Dataset Weighting

During post-training different portions of the dataset are weighted to expose to the model to a diverse range of
data while focusing on important areas. Table 4 shows the weighting used and number of species present for
each group. We reasoned that since human has the most tracks we should give it the largest weight. This is
followed by the other species (2 animals, and 6 plants) that also have functional tracks. Finally, the species
with only annotation data are weighted at 1%. This dataset weighting strategy results in the frequency of each
species being independent of the genome length, which is valuable when using highly imbalanced genomes.

Term Number of species Individual weight Total weight
Human 1 45% 45%
Species with functional tracks 8 5 % 40%
Species with only annotations 15 1% 15%
Total 24 - 100%

Table 4 | Weighted composition of data groups used in post-training

4.3.3. Genomic Sequence Selection

The training sequences that are selected according to the dataset weights, are calculated by slicing the train
set of the genome with a stride of 0.1% of the sequence length. For example, when using a sequence length
of 131 kb, the train set would be sliced with a stride of 131bp. The results of this strategy ensure that each
nucleotide is seen in many different contexts, which is expected to improve generalization. For validation and
evaluation, a stride equal to the sequence length is used so that each nucleotide is seen exactly once by the
model.

4.3.4. Functional Track Scaling

Due to the large range and skew distribution of functional track data, the values are scaled before calculating
the loss. We follow AlphaGenome’s scaling approach of dividing the values by the non-zero mean of the entire
track, applying a square-root soft clipping for values above 10 [8]. Additionally, for RNA-seq tracks, we apply a
power transformation of 𝑥0.75 to the values. The targets are scaled before being used in loss computation and
when making predictions, the head output is unscaled to raw values.

1 # Global constant: static per-track means and rna-seq mask
2 TRACK_MEANS = Array([...])
3 IS_RNA_SEQ = Array([...], dtype=bool)
4
5 def alphagenome_target_scaling(targets: Array) -> Array:
6 # Normalize by per-track mean
7 scaled = targets / TRACK_MEANS
8
9 # Power transform for RNA-seq tracks
10 scaled = where(IS_RNA_SEQ, scaled ** 0.75, scaled)
11
12 # Soft sqrt clipping for large values
13 scaled = where(
14 scaled > 10,
15 2.0 * sqrt(scaled * 10.0) - 10.0,
16 scaled,
17 )
18 return scaled
19
20 def alphagenome_logit_scaling(targets: Array) -> Array:
21 unclipped = where(x > 10.0, (x + 10.0) ** 2 / (4 * 10.0), x)
22
23 # Reverse power squashing for RNA-seq tracks
24 unsquashed = where(IS_RNA_SEQ, unclipped ** (1.0 / 0.75), unclipped)
25
26 # Reverse normalization by track mean
27 raw_values = unsquashed * TRACK_MEANS
28 return raw_values
29
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4.3.5. Post-training Objective and Loss Function

The post-training uses a three part loss function, with terms for the functional tracks, genome annotation, and
language modeling. For the tracks, the loss is calculated on the center 37.5% of the sequence to ensure that
the model has adequate context when making predictions

The functional tracks loss function consists of a Poisson term and multinomial negative loss likelihood term
[6–8]. The Poisson loss is calculated on the sequence-wise sum of predicted coverage per track, thus training
the model to predict the correct total coverage. The Poisson loss is calculated as

ℒPoisson(𝑥, 𝑦) =
∑︁
𝑖

𝑥−
∑︁
𝑖

𝑦 log
∑︁
𝑖

𝑥 (2)

where 𝑥 are the labels, 𝑦 are the predictions, and 𝑖 is the sum over the sequence dimension. The multinomal
term is calculated on the difference between the true and predicted distributions, thus training the model to
predict the correct coverage shape.

ℒmultinomial = −
∑︁
𝑖

𝑦𝑖 log 𝑝𝑖, where 𝑝𝑖 = 𝑥𝑖/
∑︁
𝑖

𝑥 (3)

The Poisson (or scaled loss) is down-weighted by 1/5th relative to the shape term to calculate the total loss.

1
2 def poisson_loss(predictions: Array, targets: Array) -> float:
3 return predictions - targets * log(predictions + epsilon)
4
5 def multinomial_loss(
6 logits: Array,
7 targets: Array,
8 shape_loss_coefficient: float = 0.2,
9 ) -> tuple[float, float, float]:
10 # Scale (Poisson) loss on total coverage
11 sum_pred = sum(logits, axis=seq_dim)
12 sum_true = sum(targets, axis=seq_dim)
13 scale_loss = mean(poisson_loss(sum_pred, sum_true))
14
15 # Shape (multinomial) loss on distribution
16 p_pred = logits / sum(logits, axis=seq_dim, keepdims=True)
17 shape_loss = -sum(targets * log(p_pred + epsilon)) / num_valid_positions
18
19 total_loss = shape_loss + shape_loss_coefficient * scale_loss
20
21 return total_loss
22

The genome annotation tracks are trained using a focal loss, which is a cross-entropy loss with weighted to
focus the model on difficult to predict cases. The focal loss uses the recommended 𝛾 value of 2.0 [33] in the
equation,

ℒfocal = −
∑︁
𝑖

(1− 𝑝𝑖)
𝛾 log 𝑝𝑖 (4)

where 𝑝𝑖 is the predicted probability of the true class. During post-training, we continue to train the language
modeling head using the same 15% BERT masking as during pre-training, with the aim of regularizing the
model.

The three loss terms are summed to form the total training loss as,

ℒtotal = (ℒPoisson × 0.2 + ℒmultinomial) + ℒfocal + ℒBERT (5)

1
2 def focal_loss(logits: Array, targets: Array, gamma: float) -> float
3 # Compute log_probs and probs
4 log_probs = log_softmax(logits, axis=-1)
5 probabilities = exp(log_probs)
6
7 # Reshape for loss computation
8 num_classes = probabilities.shape[-1]
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9 probabilities = reshape(probabilities, (-1, num_classes))
10 log_probs = reshape(log_probs, (-1, num_classes))
11 targets = reshape(targets, (-1,))
12
13 # Compute focal loss per position
14 loss = -sum(
15 take_along_axis(
16 (1 - probabilities) ** gamma * log_probs,
17 expand_dims(targets, axis=-1),
18 axis=-1,
19 ),
20 axis=-1,
21 ) # shape: (total_positions,)
22 loss = loss / len(loss)
23
24 return loss
25
26
27 def post_training_loss(
28 model: Model,
29 tokens: Array,
30 tracks_targets: Array,
31 annotation_targets: Array,
32 ) -> float:
33 # Model forward pass
34 tracks_logits, annotation_logits, _ = model(tokens)
35
36 # Functional tracks loss
37 scaled_targets = alphagenome_target_scaling(tracks_targets)
38 tracks_loss = multinomial_loss(tracks_logits, scaled_targets, shape_loss_coefficient=0.2)
39
40 # Genome annotation loss
41 annotation_loss = focal_loss(annotation_logits, annotation_targets, gamma=2.0)
42
43 # MLM forward pass and loss
44 masked_tokens, loss_mask = bert_masking_fn(tokens)
45 _, _, mlm_logits = model(masked_tokens)
46 mlm_loss = cross_entropy_loss(mlm_logits, tokens, loss_mask)
47
48 return tracks_loss + annotation_loss + mlm_loss
49

4.3.6. Training Parameters

We describe the training parameters used during post-training, listed in Table 3. For post-training we use the
AdamW optimizer with a weight decay of 0.1. The learning rate is increased linearly for the number of ‘warmup
tokens‘ and then decreased using a square decay over the number of training steps to the final value. For the
post-training, a single learning rate decay is implemented across the first and second subphases, and we used a
lower learning rate compared to pre-training to retain the knowledge of pre-training in the model. We found
that using a smaller batch size of 1M tokens improved performance on track prediction, relative to larger batch
sizes like 2M or 8M, similar to previous work [7].

4.3.7. Evaluation Procedure

After training, the post-trained model is evaluated on the held-out test set. For each species, the model is
evaluated on the whole test set and the Pearson correlation is calculated. For the human species, the models
were evaluated at each sequence length that was used during training ranging from 16kb to 131 kb. For
functional tracks, the model predictions are unscaled to raw values, and both the raw predicted values and
ground truth labels are log transformed, log(1 + 𝑥), before calculating the Pearson correlation. For genome
annotation, the Matthews Correlation Coefficient (MCC) for each track is calculated and reported, in line with
the guidance of Chicco and Jurman [81].

4.4 Performance Infrastructure and Optimization

4.4.1. Data Loading for Pre-training

To efficiently manage large-scale genomic datasets comprising millions of individual FASTA files, we imple-
mented a scalable data loading pipeline designed to maintain a low memory footprint and minimize disk I/O,
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independent of dataset size. The system enables direct, byte-level random access to genomic subsequences
without loading full files or global indices into memory.

The approach consists of two stages: (1) a single-pass metadata indexing stage and (2) a byte-addressable
data retrieval stage.

During the metadata indexing stage, each FASTA file is scanned once to extract attributes required for random
access, including total sequence length, header byte length, and per-line sequence length. To eliminate the
memory burden associated with tracking millions of FASTA files, we serialize all file paths and metadata into
disk-backed, memory-mapped *array_record* databases, ensuring that metadata lookup does not scale RAM
usage with dataset size. This design externalizes metadata management from system RAM and supports
efficient, persistent lookup across arbitrarily large datasets.

In the retrieval stage, the complete corpus is treated as a virtual contiguous sequence that is partitioned into
fixed-length segments used as atomic training units. Each segment is addressable by a unique global index.
Given a segment index i, the corresponding source file is identified via a binary search over a precomputed
array of cumulative segment counts. The global coordinates of the segment are then mapped to nucleotide
offsets within the identified file. These offsets are translated into absolute byte positions using the metadata. A
single read operation is issued to retrieve only the necessary byte range, which is then decoded directly into
sequence data.

4.4.2. Data Loading for Post-training

The post-training data comprises of three sections, file assemblies, genome annotations and functional tracks.
The file assemblies and genome annotations are moderately sized and can be easily loaded for training. In
contrast, the functional track dataset is large with data from over 17,000 tracks.

The ‘tensorstore‘ Python package is used to store and load the functional track data. The data is stored on s3
bucket as tensorstore arrays with datatype of float16. A separate tensorstore is used for each species. The data
is compressed with zstd level 3 compression, which takes advantage of the sparsity of elements. To enable fast
loading of all the tracks in the tensorstore, the data is compressed in chunks of 8192 bp by the full number of
tracks used for that species.

Each target example for training the functional track head is substantially large. For instance, a single human
sample comprising 7,326 functional tracks over a 393 kb window corresponds to approximately 6 GB of data
in memory. To efficiently stream these large tensors during training, we employ the grain Python framework
with parallel data-loading across multiple worker processes. This design minimizes input latency and sustains
high-throughput training by ensuring that model computation is rarely idle while awaiting sample retrieval.

4.4.3. Training Optimizations

Training was conducted using multi-node setups on the Kyber cluster and additionally on TPUv6 hardware
when available. Distributed training was used for scaling to long sequences, with the largest models requiring
sequence parallelism across one or more nodes of 8 GPUs. We applied a series of optimizations to accelerate
training while preserving performance. We provide an overview of these optimizations, details can be found in
Section B.1.

Mixed-precision Training. We utilized mixed-precision to accelerate training while maintaining stability.
Key compute-intensive components—including the stem, all down- and up-convolutions and transformer
blocks (attention projections and feed-forward networks) were executed in bfloat16, while precision-sensitive
components remained in float32, including all model parameter, embeddings, LayerNorm layers, and the
final language model head. Loss calculations were retained in float32 to ensure the gradient was computed
with higher precision, and in ablations we found this to be important for training stability.

Efficient Up-sampling Implementation. To accelerate the up-sampling path, we replaced conventional
transposed convolutions (Conv1DTranspose) with a repeat+conv approach. In this implementation, the input
sequence is first up-sampled using nearest-neighbor repetition along the sequence length, duplicating each
position by the up-sampling factor. A standard 1D convolution is then applied to the repeated sequence to
mix features locally. Nearest-neighbor repetition is computationally cheap because it involves only memory
replication, and the subsequent convolution operates at stride 1. This design reduces the cost of up-sampling
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while maintaining the function of conventional transposed convolutions.

Sequence Parallelism. To scale our models to very long sequences, we implemented sequence parallelism, in
which each batch is split along the sequence dimension across multiple devices. This approach allows each
device to process a contiguous portion of the sequence, reducing memory requirements while enabling training
on sequences up to 1mb.

Certain operations require additional communication between devices tomaintain correctness. For convolutional
layers, we perform a collective permute to share the boundary tokens at the edges of each local sequence
partition. For attention layers, the key and value tensors are all-gathered across devices, while the query tensor
remains sharded. This allows each device to compute attention locally for its portion of the query, while still
attending to all keys and values across the full sequence.

This setup allowed us to train our largest models up to 1Mb by splitting a single batch on the 8 GPUs of a single
DGX so we could benefit from the high interconnect between devices on the same machine without exceeding
per-device memory limits.

4.4.4. Training Infrastructure

Model Pre-training 8 kb
10.5T tokens

Length ext. 1-4
200B tokens

Length ext. 5-7
150B tokens

Post-training 1
1.2T tokens

Post-training 2
54B tokens

8M 1,608 40 40 NA NA
100M 3,000 40 48 1,536 192
650M 6,736 88 80 1,824 192

Table 5 | H100 GPU-hours required for all training stages of each model size. Pre-training was done with 8 kb sequences,
while length extension was split into stages 1-4 (up to 131 kb, full data parallel) and stages 5-7 (262 kb to 1mb, requiring
sequence parallelism). Post-training stage 1 used full data parallelism, whereas stage 2 required sequence parallelism
across a node. Tokens processed during each stage are indicated in the column headers.

All models were trained on either Cloud TPUs(v6) throw the TPU Research Cloud program or On-Premise
infrastructure. Jax was used to be able to easily target these two accelerator only configuration changes on
our training codebase. Our On-Premise infrastructure is composed of machines with 8 H100 GPUs with 80GB
of memory connected via NVLink. The machines are connected with RoCE to allow for direct GPU to GPU
communication across nodes. We run our experiments using AIchor, our internal ML training platform platform
on top of Kubernetes (https://aichor.ai/).

Pre-training Compute. The first pre-training phase accounted for the vast majority of compute. For the
largest NTv3 650M (pre) model, processing the full 10.5 trillion tokens required over nine months of H100
GPU-hours. By leveraging a 4-node (32 GPU) setup, the end-to-end wall-clock time was reduced to just under
nine days (Table 5). Sequence processing throughput for each model was approximately 3.5M tokens/sec for
the 650M model, 7.8M tokens/sec for the 100M model, and 14.5M tokens/sec for the 8M model. In the later
stages of sequence length extension we achieved lower throughput due to longer sequence lengths and, in the
case of the final stages, sequence parallelism. Despite this, the shorter length extension phases, meant that the
length extension stages were fast with across all models.

Post-training Compute. Post-training was split in two subphases to maximize efficiency and hardware
usage. In the first subphase, models were trained on sequence lengths up to 131 kb using full data parallel.
Using data parallel enabled faster throughput due to reduced communication between GPUs. In the second
subphase, the models were trained on longer sequences up to 1mb using sequence parallelism across all 8
GPUs. Using sequence parallelism reduced training throughput due to the higher communication demands. In
both subphases, the 100M model training was bottlenecked by the dataloading of the functional tracks data.

4.5 Pre-training dataset
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4.5.1. OpenGenome2

We pre-trained NTv3 on a subset of the OpenGenome2 dataset introduced in Evo2 [28], which originally
comprises 8.84 trillion non-redundant nucleotides spanning diverse taxa and genomic contexts. Specifically, the
dataset includes 357 billion nucleotides from prokaryotic genomes, 6.98 trillion nucleotides from eukaryotic
genomes, 854 billion nucleotides from metagenomic sequencing data, 2.82 billion nucleotides from organellar
genomes, and 602 billion nucleotides from targeted subsets of eukaryotic sequences enriched for functional
regions centered on protein-coding genes. The original dataset can be found here: https://huggingface.
co/datasets/arcinstitute/opengenome2.

For pre-training NTv3, we applied two filtering steps to this dataset. First, we removed all sequences shorter than
1 kb, which primarily excluded promoter regions and accounted for a negligible number of nucleotides. Second,
within the ncbi_eukaryotic_genomes subset, we retained only sequences longer than 32 kb; this filtering
removed approximately 800 billion nucleotides. After these steps, the total number of unique nucleotides used
for pre-training was approximately 8 trillion compose of 6.2 trillion from the ncbi_eukaryotic_genomes
subset, and 1.8 trillion from all other subsets (Table 13).

4.5.2. Data Processing and Augmentation

To train the model, we utilized the original OpenGenome2 splits for train, test and validation and divided each
fasta file into fixed-length genomic windows without overlap. In the pre-training of NTv3 we sought to avoid
padding as padded tokens can introduce distributional artifacts, reduce the proportion of informative positions
contributing to the loss, and create boundary effects that are incorporated into the receptive fields and can be
particularly detrimental for U-Net architectures.

To eliminate the need for padding, we restricted training to sequence segments longer than the model’s input
length at each stage. Since genomic sequences rarely have lengths that are exact multiples of the training
window, a single fixed tiling would leave parts of each sequence uncovered. To ensure complete coverage, we
generated two complementary tilings for every FASTA file. The first divides the sequence into non-overlapping
windows starting from the first base and discards any leftover bases at the end. The second performs the same
operation in reverse, starting from the final base and discarding any incomplete window at the beginning.
By mixing segments from both tilings during training, the model sees every genomic region in at least one
full-length window, entirely avoiding padding.

4.5.3. Pre-training Data Composition and Sampling

Sequence Length Eukaryotic Genic Windows GTDB v220 IMGPR IMGVR Metagenomes mRNA mRNA Splice ncRNA Organelles Transcripts
1,024 - 2,048bp 2027 1516 0 124 132013 12747 9410 3057 0 603
2,048 - 4,096bp 4899 12000 27 520 184436 17940 38018 2397 0 2146
4,096 - 8,192bp 11943 26433 352 7911 169243 13256 29753 1682 0 3563
≥8,192bp 395278 314785 5370 29748 344121 7294 14277 4971 2784 2267

Table 6 | Token count by sequence length and OpenGenome2 sub-dataset. This dataset consisted of all sequences longer
than 1 kb. Sequences longer than 8 kb are chunked to 8 kb. The total number of tokens is 1,808,930.

During the initial pre-training phase, which used sequences up to 8,192 bp, we followed prior work [28]
and trained on all subsets of the OpenGenome2 dataset, with the exception of whole eukaryotic genomes
(ncbi_eukaryotic_genomes). These genomes, though comprising 6.98 trillion nucleotides, are dominated
by long intergenic regions. Segmenting them into 8 kb windows would often yield sequences with minimal
functional content. We therefore deferred their inclusion until the model was able to process longer contexts.
This approach leaves a pre-training dataset of approximately 1.8 trillion nucleotides, enriched for gene-proximal
functional regions.

To ensure meaningful input for the transformer, we further filtered sequences shorter than 1,024 bp, which
correspond to fewer than eight tokens in the transformer. This filtering removes the Promoters subset of
OpenGenome2, but its contribution to the total token count is negligible.

For 8kb-training, sequences were partitioned into length-specific data sources, where datasource𝑖 contained all
sequences 𝑠 such that:
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2𝑖 ≤ len(𝑠) < 2𝑖+1

for 𝑖 = 10, 11, 12 (1 kb, 2 kb, 4 kb). All sequence ≥ 8 kb were placed in a final bin. In total, this yielded
four distinct data sources, collectively partitioning all eligible tokens in OpenGenome2 while excluding whole
genomes and sequences shorter than 1,024 bp.

Training batches were sampled from these bins following the strategy in Section 4.5.2. Each sequence was
segmented twice at its target length: once in a left-to-right pass and once in a right-to-left pass. The resulting
paired segmentations were then combined and shuffled, yielding four data sources of fixed-length sequences.
This procedure ensures full coverage of all pre-training tokens. Most tokens appear in both views, while only a
small fraction near the sequence boundaries are included once.

In training we specifying sampling weights for each sequence length (data source), and, in this way, maintain
precise control over the fraction of tokens seen at each sequence length. For 8kb-training, these weights were
set proportional to each bin’s share of the total token count. The final sampling weights for the 1 kb, 2 kb, 4 kb,
and 8 kb bins are presented in Table 7.

Sequence length range % of total tokens
[1024, 2048) 0.079
[2048, 4096) 0.130
[4096, 8192) 0.132
[8192, ∞) 0.660

Table 7 | Token distribution in the pre-training phase by sequence length.

4.5.4. Sequence Length Extension Distribution

After 8kb-training, we extended the model’s context length from 8,192 bp to 1 Mb through a staged curriculum.
Approximately every 50B tokens, we introduced a new maximum sequence length, doubling it at each stage
(16 kb, 32 kb, 64 kb, . . . , 1 Mb). Throughout this process, all shorter sequence lengths remained in the training
mixture, allowing the model to acquire long-range dependencies gradually while retaining strong performance
on short contexts.

As in 8kb-training, we created a distinct data source for each sequence length. For subsets composed of
inherently short sequences (e.g., transcripts, metagenomes, and prokaryotic genomes), sequences were assigned
to datasource𝑖 if their length satisfied

2𝑖 ≤ len(𝑠) < 2𝑖+1.

As the maximum context length grew through the stages, the set of active bins expanded from datasource14 up
to datasource20.

Whole eukaryotic genomes (ncbi_eukaryotic_genomes) required a separate strategy, as they constitute
the majority of tokens and are often extremely long, with many sequences exceeding one megabase. We
introduce them earlier in training, at the 32-kb stage, to allow the model more exposure, particularly to
smaller chunks that may be more representative of practical downstream applications. We note that 705 of
the total 15,032 distinct genomes in ncbi_eukaryotic_genomesthat are of length less than 32 kb. These
genomes account for 0.8T of the 6.98T tokens, leaving a total of 6.2T tokens in whole genome distribution
(ncbi_eukaryotic_genomes) for the remaining length extension phase. We chose not to include these
shorter length whole genome sequences in the the early stages of training to focus short context training on
functionally enriched areas.

Starting at the 32 kb stage, each eukaryotic genome was subdivided into non-overlapping windows matching
the stage’s target length, and all such windows were added to the corresponding datasource𝑖. In other words,
for stage 𝑖 with target length 2𝑖, every 2𝑖-bp chunk from genomes at least 2𝑖 bp long was included. This ensured
that the model saw whole-genome sequences progressively, integrating both shorter and longer contexts.

For example, during the 64 kb stage, datasource16 included (i) all non-eukaryotic sequences between 64 kb
and 128 kb, and (ii) all 64 kb chunks extracted from eukaryotic genomes at least 64 kb in length, including
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megabase-scale chromosomes. This staged inclusion allowed the model to encounter whole-genome structures
earlier in training rather than only in the final stage.

At each stage, the primary focus was to adjust the model to the newly introduced longest sequences. To
maintain robust performance across all context lengths, we dynamically adjusted the sampling weights of
each data source. The newly introduced longest sequence length was initially assigned 40% of the sampling
probability, while the remaining 60% was rescaled among all shorter bins. To prevent shorter contexts from
being underrepresented, we enforced a minimum sampling probability of 5% for every bin; if rescaling caused a
bin to fall below this threshold, it was set to 5%, and the remaining weights were re-normalized. The evolution
of these sampling distributions is detailed in Table 2. We provide below the basic implementation for generating
this sequence length extension schedule, given an initial distribution over datasets, a number of stages to extend
for, and the new weight with which to fold in the longest sequence.

1
2 def enforce_minimum_and_normalize(x: Array[N], min_value: float) -> Array[N]:
3 # Iteratively raise all entries below min_value and rescale others
4 mask = (x < min_value)
5 while Any(mask):
6 deficit = Sum(min_value - x[mask])
7 above = x[~mask]
8 available = Sum(above)
9 x[mask] = min_value
10 x[~mask] = above * (available - deficit) / available
11 mask = (x < min_value)
12 return x
13
14 def calculate_sequence_length_extension_schedule(
15 num_stages: int,
16 init_dist: Array[K],
17 new_weight: float
18 ) -> Array[num_stages + 1, K + num_stages]:
19 # init_dist is the distribution from 8k pre-training [0.079, 0.130, 0.132, 0.660]
20 # Stage 0 distribution; pad with zeros to length K + num_stages (pad = append zeros)
21 weights = init_dist
22 schedule = [ weights + [0.0] * (K + num_stages - Length(weights)) ]
23 for t in Range(num_stages):
24 scale = 1.0 - new_weight
25 weights = weights * scale # shrink existing datasets
26 weights = Concat(weights, [new_weight]) # add new dataset at stage t
27 weights = enforce_minimum_and_normalize(weights, min_value = 0.05)
28 padded = weights + [0.0] * (K + num_stages - Length(weights)) # zero-pad for future stages
29 schedule = Append(schedule, padded)
30 return schedule
31

4.6 Post-training Dataset
Our post-training dataset combines functional tracks—capturing regulatory and transcriptional activity—with
genome annotation tracks across 24 different animal and plant species. The functional tracks include RNA-seq,
ATAC-seq, DNase-seq, and ChIP-seq data across nine species, totaling 15,889 tracks (human (Homo sapiens):
7,362; mouse (Mus musculus): 2,450; fly (Drosophila melanogaster): 180; Arabidopsis (Arabidopsis thaliana):
1,899; rice (Oryza sativa): 1,392; maize (Zea mays): 921; wheat (Triticum aestivum): 776; soybean (Glycine
max): 590; cotton (Gossypium hirsutum): 319). In addition, we compiled genome annotation tracks for
those species plus 15 additional ones covering various model organisms, encompassing diverse gene elements
(protein-coding genes, lncRNAs, 5’UTR, 3’UTR, exon, intron, splice acceptor and donor sites) and regulatory
elements (polyA signal, tissue-invariant and tissue-specific promoters and enhancers, and CTCF-bound sites)
when available for a given species. Below, we describe the data sources and pre-processing steps for each
species and data type.

4.6.1. Functional Tracks

The animal functional tracks combine all human and mouse regulatory datasets used in Borzoi [7]—including
ENCODE v3, FANTOM5 CAGE, and GEO RNA-seq, ATAC-seq, DNase-seq, and ChIP-seq—together with the
Drosophila embryogenesis single-cell atlas of Calderon et al. [82].

37



NTv3

Plant functional data were obtained from large public RNA-seq, ATAC-seq, and ChIP-seq collections from
NCBI repositories (e.g., SRA/GEO; https://www.ncbi.nlm.nih.gov/), using stringent quality filters and
retaining only well-annotated wild-type samples across six major species.

Human and Mouse ENCODE data. For both human and mouse, we used ENCODE v3 BigWig signal tracks
corresponding to the exact sets included in Borzoi [7]. Data were retrieved directly from the ENCODE portal.
When consortium-provided merged-replicate BigWigs were available, we used them preferentially; otherwise,
we merged individual replicates ourselves to obtain unified signal tracks. All human ENCODE files were
accessed on February 24, 2025, and all mouse ENCODE files on July 20, 2025.

Human and Mouse CAGE data. CAGE datasets for both species were obtained from the FANTOM5 database,
restricted to the standardized, reprocessed collections to ensure consistency across phases and assemblies.
Specifically, we used the hg38 human CAGE data from https://fantom.gsc.riken.jp/5/datafiles/
reprocessed/hg38_latest/basic/, and the mm10 mouse data from https://fantom.gsc.riken.
jp/5/datafiles/reprocessed/mm10_latest/basic/. All files were accessed on July 24, 2025.

For both species, we used the ctss.bed files. Replicates were identified based on distinct experiment_name
(e.g., CNhs1015) and donor_id (e.g., donor1, donor2). Each strand (+ and –) was processed independently.
After download, we applied counts-per-million (CPM) normalization separately to each strand of each replicate.
Replicates were then merged by averaging their normalized signal values, and the resulting processed files
were converted to BigWig.

Human and Mouse GEO data. For human and mouse functional tracks from GEO, we collected RNA-seq,
ATAC-seq, DNase-seq, and ChIP-seq datasets and processed them using matching pipelines across species.
GEO accessions were mapped to their corresponding SRA runs, and raw reads were retrieved and aligned
using bowtie2 [83] with default parameters. Human reads were aligned to GRCh38, and mouse reads to
GRCm38/mm10. Resulting BAM files were coordinate-sorted using samtools [84]. Genome-wide coverage
profiles were computed and normalized to CPM without additional filtering or duplicate removal. Only samples
with complete metadata and successful processing were retained.

Drosophila Single-cell RNA- and ATAC-seq. For Drosophila melanogaster, we used the single-cell RNA-seq
and ATAC-seq atlas of embryogenesis generated by Calderon et al. [82]. This dataset profiles nearly 1.5 million
nuclei across the full 0–20 h developmental window and, through neural-network–based age inference, provides
a continuous trajectory of chromatin accessibility and gene-expression dynamics with high temporal resolution.
We extracted the published cell-type and developmental-age annotations and produced genome-wide RNA-seq
and ATAC-seq coverage tracks by aggregating nuclei belonging to each annotated population. Following
Calderon et al., who consider NNLS mixture coefficients above 0.1 to represent high-confidence correspondence
between RNA- and ATAC-derived cell states, we restricted our dataset to the 90 cell types exhibiting the
strongest RNA–ATAC agreement. These high-quality, modality-matched tracks provide a temporally resolved
view of transcriptional and regulatory activity throughout Drosophila embryogenesis.

Plant RNA-seq Tracks. The NCBI Short Read Archive (SRA) was queried for all RNA-Seq Experiments for
six plant species: Arabidopsis thaliana, Zea mays, Glycine max, Gossypium hirsutum, Triticum aestivum and
Oryza sativa. The metadata for the experiments was downloaded using Run Selector. Only experiments with
“Treatment” and “Genotype” metadata were kept. To ensure the quality of the sequencing data experiments
were filtered for "LibraryLayout" equal to "PAIRED", “Bases” greater than or equal to 2.5x109 and "AvgSpotLen"
greater than or equal to 200 base pairs. Additional metadata in NCBI for the experiments was obtained by
additionally querying for the biosample metadata associated with each experiment and for the bioproject data
for each set of experiments. After the filtering for complete metadata and sequencing quality the number
of experiments for each species was: A. thaliana: 8712, Z. mays: 3326, G. max: 2422, G. hirsutum: 902, T.
aestivum: 2436 and O. sativa: 4410.

The NCBI experiments were organised into BioProjects, the experimental design of each BioProject was
determined, and the experiments were filtered to select only a single biological/technical replicate per biological
condition and to exclude mutants. Mutants were excluded since the genotype would differ from the genome
DNA track for which the model would be trained to predict gene expression coverage. Additionally, the separate
RNA sequencing of the mutant vs control indicated that the original experimenter expected the mutation to
cause the gene expression to differ from the wild-type. To perform this filtering a datacard was created for
each BioProject listing the BioProject Title and Description and each Experiment. For each BioSample the
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tissue, treatment, Sample Name, Experiment ID, BioSample ID, cultivar, replication, genotype and dev_stage
in YAML format. A system and user prompt were created to submit together with each BioProject data card
individually to the OpenAI model o3. The prompt requested one replicate of each biological condition with
mutants excluded. To sense-check the results the model was asked to also return a concise matrix summary
of the BioProject study design, its reasoning for its selection of the experiments and a confidence score from
1-5, with a semantic interpretation of the scoring scheme provided in the prompt. All BioProjects for which
the analysis was less confident than 4 out of 5 (“data essentially complete, minimal inference to interpret any
abbreviations”) were discarded. As an additional sense check, 10 processed Soy BioProjects were selected at
random and were curated by an expert to ensure agreement with the experiments selected by the model. After
this final filtering step, the numbers of RNA-seq experiments were: A. thaliana: 1639, Z. mays: 813, G. max:
576, G. hirsutum: 286, T. aestivum: 762 and O. sativa: 1356.

Each RNA-seq experiment was aligned to the reference genome and corresponding GTF annotation file of the
species using STAR [85]. To generate the genome index, the following options were used:

STAR --runMode genomeGenerate \
--genomeFastaFiles GENOME_FILE \
--limitGenomeGenerateRAM 300000000000 \
--sjdbGTFfile GTF_FILE \
--sjdbOverhang 299 \
--genomeSAindexNbases VALUE

where VALUE was set to the recommended min(14, log2(GenomeLength)/2− 1).

FASTQ files were trimmed using Trim Galore [86] with the options “–quality 20 –length 20”. The
trimmed FASTQ files were then aligned to the indexed genome using STAR with default parameters and the
option “–outSAMtype BAM SortedByCoordinate”.

Coverage tracks were generated using bamCoverage [87] with the options “–normalizeUsing CPM –binSize
1”.

Plant ATAC- and ChIP-seq Tracks. Similarly to the RNA-seq track processing, ATAC- and ChIP-seq tracks and
their associated metadata were queried from the NCBI SRA. A comparable set of filters was applied, including
“LibraryLayout” equal to “PAIRED,” “Bases” greater than or equal to 6×109, and “AvgSpotLen” greater than or
equal to 300 base pairs. As with RNA-seq track processing, mutants were excluded by selecting only wild-type
samples from the “Genotype” (or “Cultivar”) field. For A. thaliana, this included any entry containing the string
“Columbia 0”; for Z. mays, the string “B73”; for G. max, the string “Williams 82”; for G. hirsutum, the string “G.
hirsutum acc. J668”; for T. aestivum, the string “Chinese Spring”; and for O. sativa, the string “japonica.” In
addition, any sample annotated as “wild type” or similar variations (e.g., “wt”) was also included. Given that
the number of ATAC- and ChIP-Seq experiments is much smaller than those of RNA-Seq, we manually curated
the missing metadata entries for all experiments that passed the initial filters to obtain reliable tissue, and for
ChIP-seq experiments, transcription factor or histone mark annotations.

Then each ATAC- and ChIP-seq experiments were processed using the following pipeline:

1. FASTQC [88]: to assess the quality of raw sequencing reads.
2. Trim Galore [86] with the options -q 20 –phred 30 –stringency 3 –length 20 -e 0.1: to
trim adapter sequences and low-quality bases.

3. Bowtie2 [83] with the options -X2000: to align reads to the reference genome, allowing for paired-end
mapping with a maximum fragment length of 2000 bp.

4. Python script: to count the number of reads mapping to nuclear versus organellar genomes, enabling
assessment of contamination from mitochondrial or chloroplast DNA.

5. SamTools [84] with the options -f 2 -F 1804 -q 30: to filter for properly mapped, paired reads with
MAPQ higher or equal than 30, followed by fixmate -r to correct mate information, and a second
filtering with -f 2 -F 1804 to remove orphan or inter-chromosomal reads.

6. Bash script: to compute library complexity, which estimates the number of unique fragments and evaluates
sequencing depth sufficiency.

7. Picard’s MarkDuplicates [89]: to identify and remove PCR duplicates, preventing bias from overrepre-
sented fragments.
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8. Python script: to calculate fragment length distribution on deduplicated reads, which is particularly
important for ATAC-Seq to infer nucleosome positioning.

We note that the Python and Bash scripts mentioned above were obtained from the documentation of ENCODE’s
ATAC-Seq pipeline. After processing, the following quality control filters were applied: experiments with
"Basic Statistics" and "Per Base Sequence Quality" marked as "Pass" in the FASTQC report; experiments with
a Bowtie2 alignment rate ≥ 0.8; experiments with an organelle read fraction < 0.5; experiments meeting
library complexity criteria (PBC1 ≥ 0.5, PBC2 ≥ 1, NRF ≥ 0.5); experiments with a duplication rate < 0.4;
experiments showing the presence of both NFR and mono-nucleosome peaks in the fragment length distribution;
and experiments passing a read-depth filter to ensure sufficient sequencing coverage, using species-specific
thresholds scaled from the ENCODE human guideline of 25 million mapped reads according to genome size.
After this final filtering step, the numbers of ATAC-Seq and ChIP-Seq experiments were: A. thaliana: 260, Z.
mays: 100, G. max: 14, G. hirsutum: 33, T. aestivum: 14 and O. sativa: 36.

For ATAC-seq experiments, a Tn5-shifted BAM file was generated to accurately represent insertion sites.
Specifically, the BAM file was processed with alignmentSieve [87] using the –ATACshift option to adjust reads
according to the Tn5 transposase cut site. The resulting BAM was then sorted and indexed using SamTools
to prepare it for downstream analysis. An insertion signal track with 1-bp resolution was generated without
centering or extending the reads. Finally, bamCoverage [87] was used to create a normalized BigWig track
(–normalizeUsing CPM) at 1-bp bin size, representing the Tn5 insertion profile across the genome. For
ChIP-seq experiments, two types of coverage tracks were generated depending on the target. For transcription
factors or other proteins producing narrow, well-defined peaks, reads were centered using bamCoverage
(–centerReads) and CPM-normalized at 1-bp bin size. For histone modifications, the full fragment coverage
was used without centering and similarly CPM-normalized at 1-bp bin size.

Data Normalization. All functional targets are represented as genome-wide BigWig signal tracks. For each
track, we computed genome-wide summary statistics across all assembled chromosomes and used the resulting
mean signal value 𝜇𝑡 as the primary normalization factor. During training, each target track was normalized by
its mean to stabilize optimization,

𝑦𝑏,ℓ,𝑡 = 𝑦𝑏,ℓ,𝑡/𝜇𝑡.

RNA-seq tracks, which exhibit heavy-tailed signal distributions, received an additional sublinear power transform
(𝑥0.75) together with smooth clipping of extreme values to reduce the influence of outliers. At evaluation
time, model outputs were mapped back to the original scale by analytically inverting the clipping and power
transformation (for RNA-seq) and multiplying by 𝜇𝑡. This procedure was introduced by Avsec et al. [8], and
was proven to yield numerically stable training targets while preserving interpretability in the raw BigWig
signal space.

4.6.2. Genome Annotation Tracks

We followed the same methods described in SegmentNT [37] to annotate the human genome; however, we
extended the elements to include stranded UTRs, start and stop codons, open reading frames (ORFs), skipped
exons, and always-on exons. Specifically, UTRs were explicitly separated by strand to preserve directionality,
resulting in four distinct UTR feature classes. ORFs, start and stop codons were extracted from CDS annotations,
where phase information was used to adjust start and end coordinates. Exon annotations were also extended
to include isoform-level data: exons present in all isoforms of a gene were annotated as always-on exons,
while exons subject to alternative splicing—identified by their presence in some transcripts but absence in
others—were annotated as skipped exons.

Similar to Segment NT [37], the human annotation files were extracted from GENCODE V44. Annotations
were also filtered to exclude level 3 transcripts, ensuring all training data was manually annotated. Thus,
annotations for the human genome included a total of 21 elements (protein coding gene, lncRNA, exon, intron,
splice donor and acceptor sites, CTCF bound, polyA signal, tissue specific and invarniant enhancers, tissue
specific and invarniant promoters, 5UTR+, 5UTR-, 3UTR+, 3UTR-, skipped and always on exons, start and
stop codons, ORFs).

Annotations were generated for all other species following the same methods, but their corresponding GFF3
and GTF files were retrieved from Ensembl databases. These datasets were restricted to the following 15
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gene-structural features: protein coding gene, lncRNA, exon, intron, splice donor and acceptor sites, 5UTR+,
5UTR-, 3UTR+, 3UTR-, skipped and always on exons, start and stop codons, and ORFs.

4.6.3. Species Genome Data Splits

Post-training of NTv3 was done on genomes and functional data from the following 24 species and reference
genomes: human (ℎ𝑔38), mouse (𝑚𝑚10), fly (𝑑𝑚6), Arabidopsis (𝑇𝐴𝐼𝑅10), maize (𝑍𝑚-𝐵73-𝑅𝐸𝐹𝐸𝑅𝐸𝑁𝐶𝐸-
𝑁𝐴𝑀 -5.0), rice (𝐼𝑅𝐺𝑆𝑃 -1.0), soybean (𝐺𝑙𝑦𝑐𝑖𝑛𝑒-𝑚𝑎𝑥-𝑣2.1), wheat (𝐼𝑊𝐺𝑆𝐶), cotton (𝐺𝑜𝑠𝑠𝑦𝑝𝑖𝑢𝑚-ℎ𝑖𝑟𝑠𝑢𝑡𝑢𝑚-
𝑣2.1), chicken (𝑔𝑎𝑙𝐺𝑎𝑙6), zebrafish (𝑑𝑎𝑛𝑅𝑒𝑟11), worm (𝑐𝑒11), clownfish (𝐴𝑚𝑝𝑂𝑐𝑒1), bison (𝐵𝑖𝑠𝑜𝑛-𝑈𝑀𝐷1),
long-tailed chinchilla (𝐶ℎ𝑖𝐿𝑎𝑛1), cat (𝐹𝑒𝑙𝑖𝑠-𝑐𝑎𝑡𝑢𝑠-9), sea vase (𝐾𝐻), pigtail macaque (𝑀𝑛𝑒𝑚1), trout
(𝑓𝑆𝑎𝑙𝑇𝑟𝑢1), dog (𝑅𝑂𝑆-𝐶𝑓𝑎𝑚-1), canary (𝑆𝐶𝐴1), pufferfish (𝑇𝐸𝑇𝑅𝐴𝑂𝐷𝑂𝑁8), rat (𝑚𝑅𝑎𝑡𝐵𝑁7), gorilla
(𝑔𝑜𝑟𝐺𝑜𝑟4). For each species genomes we created train, validation and test splits DNA sequences controlled for
sequence similarity as described below.

Human and Mouse. To remain comparable with existing models, the folds used by Borzoi [7] are used to
define the training, validation and test sets. Specifically, fold3 is used for test, fold4 for validation and the rest
are used for training. In contrast with previous approaches that directly use these sequences, we merge the
sequences for each set into continuous regions. These regions are then split using a stride of 0.01% of the
sequence length. This approach enables high sequence diversity, ensuring that the model seldom sees repeat
samples.

Other Species. To control for data leakage within a species, we used a homology-based clustering approach.
Continuous spans on the genome were divided into 1mb gene-aware windows; that is, each window was
expanded to include the last gene that starts within its given span, ensuring that no gene was split across
windows. Chromosomes or scaffolds shorter than 1mb were treated as their own windows. Ensembl BioMart
was used to extract homologous gene pairs. The average base pair size of the homologous genes across
windows was then used to weight the edges of a symmetric window-to-window connectivity matrix.The Markov
Clustering (MCL) algorithm [90] was used to create clusters among the connected windows. Inflation rates
ranging from 1.5 to 5.0 were evaluated in increments of 0.5. The optimal rate was selected based on the
highest modularity score [91]. The clusters were then stratified into train, validation, and test splits balancing
gene and no gene containing windows and according to a predefined target validation and test size. For species
where the algorithm could not meet the predefined target validation and test set sizes, edges representing
a shared homology of less than 10% of the window size were pruned. These species included A. thaliana, C.
elegans, C. intestinalis, and O. sativa.

4.7 Evaluation on Sequence-to-Function Benchmarks

4.7.1. Benchmarking Against Borzoi Track Predictions

NTv3 650M is compared with Borzoi in two contexts, firstly, Borzoi is evaluated at single nucleotide resolution
predictions on our tracks, secondly, NTv3 is finetuned on Borzoi’s 32bp data and evaluated on their context.
Both evaluations are done with Borzoi’s model replicate 0, on fold4 of Borzoi’s data (their and our test split).

Firstly, we compare our model to Borzoi’s ability to predict functional tracks at single base pair resolution. To
do this, the Borzoi 32bp predictions are unscaled (following their scaling methodology) and repeated 32 times
to create a prediction for each nucleotide. The unscaling uses the assay-specific scaling factor, soft and hard
clips and aggregation function described in Borzoi’s repository. We compare the models at varying sequence
lengths by merging overlapping regions and then splitting the regions into sequences of the selected length.
Since both models are trained to predict the inner 37.5% of the sequence, we use a stride of 0.625 (calculated
as 1 - 0.375). This ensures that the metrics are calculated over every nucleotide, irrespective of sequence length.
We used all the tracks predicted by NTv3, except the GTex tracks, because they had been renormalised, making
direct comparison unfair. The raw predictions and targets are log transformed (as with other functional track
results), and the transformed Pearson Correlations are reported. We compare these results to our own results
and report the mean per assay in Fig. 3F, G.

For the comparison at 32bp, the NTv3 model is finetuned on Borzoi’s exact data. Borzoi’s dataset is downloaded
as TFrecords, and stored (with no modifications) in a tensorstore for finetuning. An additional (randomly
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initialized) head is added to NTv3 to predict all of their human and mouse tracks. NTv3 is then finetuned on
their data and the best checkpoint, selected via validation performance on the validation set (fold4), is used
for test set (fold3) evaluation. Both NTv3 and Borzoi’s fold0 model are evaluated on the full test set and the
average performance per assay is reported.

4.7.2. Benchmarking Against SegmentNT Genome Annotation

We benchmark NTv3 650M against SegmentNT on genome annotation in the two categories of human genome
annotation and multispecies genome annotation. For human genome annotation, we use human SegmentNT
and for multispecies annotation we use Multispecies SegmentNT. For both evaluations we evaluate both the
baseline model and NTv3 on the intersection of the baseline hold out set and NTv3 hold out set. We remove
any sequences with N’s in them since SegmentNT was not trained on sequences with N’s. We use a sequence
length of 29,952 nucleotides since it is the largest number under 30 kb, that is divisible by 6 (SegmentNT
requirement) and 128 (NTv3 requirement). We calculate the MCC over the inner 37.5% of the sequence and
use an overlap of 62.5% to ensure that every nucleotide is included in the calculation. Additionally, we evaluate
at NTv3 at 1mb to show the impact of using longer sequence lengths. The results from the human comparison
are in Figure 3H, and the multispecies comparison in Figure 3E.

4.7.3. Benchmarking Against Augustus

NTv3 is benchmarked against the Agusutus gene finder on genome annotation tracks, exon, intron, 5UTR,
3UTR, splice site donors and splice site acceptors. We evaluate Augusutus using all isoforms across the whole
chromosome. Augustus was run with the following settings:

• AUGUSTUS_CONFIG_PATH=path –strand=both,
• outfile=out.gff,
• and –gff3=on –introns=on –UTR=on –species=human sequence.fasta.

Augustus was evaluated on the intersection of the SegmentNT and NTv3 test sets so that the results could
be directly compared. As with the other genome annotation comparison, we use MCC as the performance
measure. The results are included with the SegmentNT comparision in Figure 3H.

4.7.4. Benchmarking Against SpliceAI

We benchmark NTv3’s ability to predict splice sites with SpliceAI. We evaluate all 24 species that NTv3 is
trained on at 29,952bp using the intersection of the SegmentNT and NTv3 test splits. We use SpliceAI to make
predictions for the full sequence. Since SpliceAI was only trained on genes in the forward direction, we identify
regions with regulatory elements in the reverse direction and use the reverse complement of the sequence and
correspondingly reverse the predictions. The results for all species for donor and acceptor site are presented in
(Fig. 3I).

4.8 Ntv3 Benchmark
To evaluate the usefulness of the representations acquired during post-training, we introduce the Ntv3
Benchmark, a unified suite of downstream fine-tuning tasks spanning both the animal and plant kingdoms.
The goal of this benchmark is to measure how effectively post-trained representations transfer to supervised
fine-tuning tasks, across both genome-annotation and functional-regulatory prediction settings.

The construction of the benchmark follows two simple principles. First, for species that were present during
post-training (e.g., human, chicken, Arabidopsis, rice, maize), we include only regulatory tracks that did not
appear in the post-training supervision. This ensures that fine-tuning performance reflects the quality of the
learned representations rather than any reuse of supervised post-training signals. Second, for species that were
absent during post-training (tomato, cattle), all available tracks constitute genuinely new fine-tuning tasks.

Together, these principles yield a clean and controlled collection of tasks that isolates the contribution of
representation learning, avoids supervision overlap across stages, and provides a broad, phylogenetically
diverse setting for benchmarking genomic foundation models.
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4.8.1. Downstream tasks

Species Track Type Kingdom Species in Post-training Tracks Tissues / Cell lines Notes
Human Chromatin Accessibility Animal Yes 5 5 New tracks
Human Histone modifications Animal Yes 4 2 New tracks
Human Transcription initiation (PRO-cap) Animal Yes 10 5 New assay
Human RNA binding sites (eCLIP) Animal Yes 10 1 (K562) New assay
Human Gene Expression Animal Yes 5 3 New tracks
Human Genome annotation Animal Yes 4 NA Exon/Intron/Splice/Start

Chicken Chromatin Accessibility Animal Yes 7 7 New tracks
Chicken Gene Expression Animal Yes 7 7 New tracks

Cattle Genome annotation Animal No 4 NA Exon/Intron/Splice/Start

Arabidopsis mRNA translation (Ribo-seq) Plant Yes 4 3 New assay

Rice mRNA translation (Ribo-seq) Plant Yes 14 7 New assay

Maize mRNA translation (Ribo-seq) Plant Yes 8 5 New assay

Tomato Chromatin Accessibility Plant No 7 2 New tracks
Tomato Gene Expression Plant No 13 2 New tracks
Tomato Genome annotation Plant No 4 NA Exon/Intron/Splice/Start

Table 8 | Summary of fine-tuning tasks included in the Ntv3 Benchmark. Columns report the number of tracks, distinct
tissues or cell lines, and whether the species was seen during post-training.

The Ntv3 Benchmark encompasses two complementary classes of fine-tuning tasks: genome-annotation
prediction and functional-regulatory prediction. Together, they provide a controlled and taxonomically broad
setting for assessing how well the learned representations support both structured sequence-annotation tasks
and heterogeneous regulatory assays.

For genome annotation, we fine-tunemodels on four universally available labels—exon, intron, splice_acceptor,
and start_codon. These labels capture essential elements of gene structure and form a consistent cross-species
evaluation set. Each label is trained in a single-task configuration: one model per annotation type, with
a binary-classification head predicting the presence of the feature at each nucleotide. This results in four
independent fine-tuning runs per species.

Functional-regulatory prediction follows a complementary multi-task design. For each species, all available
regulatory assays—spanning chromatin accessibility (ATAC/DNase), histone-mark ChIP-seq, PRO-cap, eCLIP,
RNA-seq, and Ribo-seq—are grouped into a single multi-output head, and a single model is fine-tuned jointly
across all tracks. We motivate this joint-training strategy both as a practical choice—substantially reducing the
number of ablation experiments required—and as a principled one: in Supplementary Section B.6.2, we show
that joint training yields similar asymptotic performance as training separate models for each individual track.

Below, we describe the data collected and processed for each species included in the Ntv3 Benchmark.

Human Functional Tracks. For human fine-tuning, we selected a diverse panel of regulatory assays from the
ENCODE consortium, including chromatin accessibility (ATAC/DNase), histone-mark ChIP-seq, PRO-cap, eCLIP,
and RNA-seq. These datasets span multiple cellular contexts—such as GM18861, BLaER1, MCF10A, motor
neuron, ureter, Caco-2, Calu3, and K562 cells, as well as selected GTEx tissues—providing broad coverage of
transcriptional activity, chromatin state, and protein–DNA or protein–RNA interactions. Only assays that were
not used during post-training were retained, ensuring that all human functional tracks represent genuinely
new fine-tuning tasks.

Chicken ATAC- and RNA-seq Tracks. ATAC-seq and RNA-seq data were derived from an atlas of regulatory
elements in chicken (G. gallus), as reported by Pan et al. [92]. This study provided paired ATAC-seq and
RNA-seq data across seven tissues: trachea, testis, bone marrow, uterus, heart, kidney, and thymus. Raw
data were obtained from the NCBI SRA under BioProject accession number PRJEB55656. Each ATAC-seq and
RNA-seq experiment was processed using the same pipelines described above for plant species, and the same
post-processing quality control filters were applied to retain only high-quality experiments. For tissues with
multiple replicates, only the experiment with the highest read count was retained. As with the plant ATAC-seq
data, Tn5 shifting was performed using the –ATACshift option from alignmentSieve [87], followed by
bamCoverage [87] to generate a normalized CPM BigWig track at 1-bp resolution, representing the Tn5
insertion profile across the genome. Similarly, for RNA-seq tracks, bamCoverage [87] was used to generate
CPM BigWig tracks at 1-bp resolution.
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Tomato ATAC- and RNA-seq Tracks. For tomato (S. lycopersicum), ATAC-seq and RNA-seq data were sourced
from a study of regulatory regions during fruit development [93]. The tissues included: leaf, fruit (3–10 days
post-anthesis), and anthesis fruit. Raw data were obtained from the NCBI SRA (BioProject PRJNA1228166).
Data processing followed the same pipelines and quality filters as for chicken and plant experiments. When
multiple replicates were available for a tissue, the replicate with the highest read count was retained. ATAC-seq
reads were Tn5-shifted using the –ATACshift option, and both ATAC-seq and RNA-seq tracks were generated
as normalized CPM BigWig files at 1-bp resolution using bamCoverage.

Maize, Rice, and Tomato Ribo-seq tracks. Plant protein abundance data were derived from Ribo-seq assays
for three species: Z. mays, O. sativa, and A. thaliana. The experiments on these plant species were conducted
across multiple tissues and developmental stages. Raw data for all species were accessed via the NCBI SRA
under the BioProject accession number PRJNA637713.

Each Ribo-seq experiment was subsequently processed using the following pipeline:

1. FASTQC [88]: to assess the quality of raw sequencing reads.
2. Trim Galore [86] with the options -q 20 –phred33 –stringency 3 –length 20 -e 0.1: to re-
move adapter sequences and low-quality bases from the reads.

3. Bowtie2 [83]: to deplete reads mapping to rRNA and tRNA, retaining only putative mRNA reads.
4. HISAT2 [94] with default parameters: to align ncRNA-depleted reads to the reference genome.
5. Samtools [84] with the options view -bS -q 30: to filter for high-quality alignments.

After running the pipeline, only experiments that passed FASTQC quality filters, had an alignment rate
≥ 0.5, and contained more than 2 million reads were retained. As with the ATAC-Seq and RNA-Seq tracks,
bamCoverage [87] was used to generate a normalized CPM BigWig track at 1-bp resolution for all Ribo-seq
experiments that passed quality filters.

4.8.2. Models Evaluated

Table 9 summarizes all baseline models included in our evaluation. We distinguish between two broad model
classes. First, from-scratch convolutional baseline architectures—represented by the bpNet and SpliceAI fam-
ilies—are trained solely on the downstream prediction task and do not involve any form of self-supervised
pretraining. In this context, SpliceAI and bpNet refer strictly to the convolutional or dilated-convolutional archi-
tectural backbones originally introduced for profile prediction or splice-site detection, without any associated
pretraining corpus. Second, we evaluate a set of pretrained language-model (LM)–based foundation models,
including NTv2, HyenaDNA, Caduceus/ PlantCAD2 (Small), and Evo2. These models rely on
large-scale self-supervised training—either masked nucleotide modeling or autoregressive next-token predic-
tion—performed on multi-species, human, or plant genomes before downstream task adaptation. Together,
the two classes span CNNs, dilated-CNNs, state-space models, long-convolution operators, and Transformer
architectures, providing a comprehensive sampling of contemporary genomic sequence modeling approaches.

Convolutional Baseline Architectures. For the convolutional baselines, we evaluate two variants of the bpNet
model, BPNet (Small) and BPNet (Large), and two variants of the SpliceAI model, Residual CNN
(Small) and Residual CNN (Large).

BPNet (Small) is the original convolutional profile-prediction architecture introduced by Avsec et al. [6].
BPNet (Large) follows the hyperparameter configuration of ChromBPNet [34], a model designed to decon-
volve assay-specific biases and learn regulatory sequence determinants of chromatin accessibility. In our work,
we use only the bpNet backbone defined in ChromBPNet—excluding the auxiliary noise-prediction head—and
adopt its architectural scaling, which expands the original bpNet from approximately 100k parameters to 6M
while maintaining its 2, 114 bp input and 1 kb output profile resolution.

Residual CNN (Small) corresponds to the original dilated-CNN architecture of Jaganathan et al. [12],
which employs a 32-layer dilated convolutional stack to model up to 10 kb of flanking sequence and accurately
predict splice donor and acceptor sites directly from primary sequence. We additionally include Residual
CNN (Large), the 44M-parameter variant used in Segment-NT [37], which extends the receptive field and
model capacity and has shown strong performance on long-context genomic annotation tasks. As all four
baselines are fully convolutional architectures, their parameter counts are independent of the input sequence
length.
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Name Model class Architecture # Params Seq. length Pre-training

BPNet (Small) From-scratch CNN bpNet CNN 100k 1k –
BPNet (Large) From-scratch CNN ChromBPNet CNN 6M 2k –
Residual CNN (Small) From-scratch CNN SpliceAI dilated CNN 700k 10k –
Residual CNN (Large) From-scratch CNN SpliceAI dilated CNN 44M 30k –

NTv2 Pretrained LM Transformer 500M 12k MLM
HyenaDNA Pretrained LM Hyena long-convolution 7M* 1M Next-token
Caduceus Pretrained LM RC-equivariant SSM 7M 131k MLM
PlantCAD2 (Small) Pretrained LM Mamba2 SSM (plant) 88M 8k MLM
Evo2 (1B) Pretrained LM StripedHyena2 hybrid 1B 8k Mixed

Table 9 | Summary of the baseline models evaluated. “From-scratch” models correspond to supervised CNN or
dilated-CNN architectures trained directly on the downstream task, while “Pretrained LM” models denote genomic
foundation models obtained through large-scale masked or autoregressive self-supervision prior to fine-tuning. MLM:
masked language modeling. *For HyenaDNA we used the largest HuggingFace model (LongSafari/hyenadna-large-1m-
seqlen-hf); while in HuggingFace it is mentioned 54M parameters, we obtain 6.6M with sum(p.numel() for p in
model.parameters()), similar to what the paper reports [22].

Foundations Models. We evaluate five pre-trained model baselines, chosen to represent the main inductive
biases currently explored in genomic foundation modeling: NTv2, HyenaDNA, Caduceus/ Plant-
CAD2 (Small) and Evo2. These models differ in architectural principles (Transformer attention, reverse-
complement–equivariant state-space models, long-convolution operators), pretraining corpora (multi-species,
human, plant-specialized), and objectives (masked modeling or autoregressive prediction). Table 9 summarizes
their parameterization, taxonomic scope, maximum supported context length, and pretraining objectives.
Below, we outline the core architectural features and pretraining settings of each model.

NTv2 [21] is a multi-species masked DNA language model based on an encoder-only Transformer with 6-mer
tokenization. Pretrained on a broad multi-species genome corpus, it provides contextualized representations
that transfer effectively across organisms.

HyenaDNA [22] employs the Hyena operator—implicit long convolutions with hierarchical gating—to model
up to 1mb sequences with subquadratic complexity. It is pretrained autoregressively on human genomic data,
providing a complementary pretraining signal relative to masked models. We used the largest HyenaDNA
model available.

Caduceus [26] introduces reverse-complement–equivariant modeling through BiMamba and MambaDNA
blocks, enforcing strand-consistent representations while enabling efficient long-range reasoning over 131 kb
contexts. It is pretrained on human (hg38) genomes with a masked modeling objective.

PlantCAD2 (Small) adapts the Caduceus architecture for plant genomes by replacing Mamba blocks with
Mamba2 modules [38], improving memory efficiency for long contexts. It is pretrained on an angiosperm-wide
corpus (65 species) with an 8 kb masked nucleotide modeling objective and serves as a domain-specialized
baseline for plant datasets. We focus on the Small variant of the model, as its 88M parameters already places it
in a comparable regime to our NTv3 100M, allowing a more balanced comparison in terms of model capacity.

Evo2 [28] is a large-scale genomic foundation model based on the StripedHyena 2 architecture, which combines
convolutional, gating, and implicit long-range operations to efficiently model very long DNA sequences. It
is pretrained autoregressively on a multi-kingdom corpus comprising billions of nucleotides from bacteria,
archaea, and eukaryotes, using a next-nucleotide prediction objective. The model supports context windows
up to 1mb, capturing distal regulatory and structural dependencies, and provides biologically meaningful
representations suitable for a wide range of downstream genomic tasks. We focus on the 1B-parameter variant,
which is closest in scale to NTv3-650M, offering a balanced trade-off between capacity and computational cost.

4.8.3. Supervised Training Pipeline

This section describes the supervised fine-tuning protocol used to train all baseline models listed in Table 9 on
the downstream tasks defined by the Ntv3 Benchmark (Table 8). The procedure is designed to ensure that
all models—regardless of architecture or pretraining strategy—are evaluated under comparable optimization
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budgets, data-processing conventions, and selection criteria.

Supervised Training Regime, Prediction Heads, and Training Objectives. All models—whether pretrained
or trained from scratch—are trained for 10epochs, where one epoch corresponds to a full pass over the
species-specific training genome. Validation is performed every half-epoch. The checkpoint with the highest
validation score is then evaluated on the held-out test set. The exact token budget and the size of the validation
and test set are provided in Supplementary Table 14. We fine-tune all model parameters.

The Ntv3 Benchmark defines two supervised task families, each associated with a distinct output format,
prediction head, and evaluation metric:

• Functional-regulatory prediction (regression). Includes chromatin accessibility, histone marks, PRO-cap,
eCLIP, RNA-seq, and Ribo-seq. Predictions are produced through a regression head (layer normalization
+ linear projection with softplus). Model selection and final evaluation both use the mean Pearson
correlation across tracks.

• Genome-annotation prediction (classification). Includes the four universal labels: exon, intron, splice_acceptor,
and start_codon. Predictions are produced through a linear projection yielding per-position logits. Model
selection and final evaluation both use the Matthews Correlation Coefficient (MCC).

Training frameworks and checkpoints. Different model families require different execution frameworks,
reflecting their native implementations, but all share identical preprocessing, batching, loss definitions, and
metric computation.

NTv3 and convolutional baselines. These architectures are trained using a JAX (Flax-NNX) implementation
that provides functional model definitions, just-in-time compilation via jax.jit, and distributed data-parallel
execution using pjit and shard_map. NTv3 models are initialized from the pretrained checkpoints described
in Section 4.2 and subsequently fine-tuned on the supervised tracks described in Section 4.3. For fine-tuning
on species present in post-training we use the respective species token as input, while for new unseen species
we use the mask token. Unless otherwise indicated, reported results correspond to the final post-trained NTv3
checkpoints.

Other pretrained models. These architectures are trained using a PyTorch implementation with DeepSpeed
ZeRO-2 optimization and bfloat16 precision. Only the prediction head is replaced; the pretrained backbone
is left unchanged. We use publicly released checkpoints hosted on Hugging Face:

• InstaDeepAI/nucleotide-transformer-500m-multi-species for NTv2;
• LongSafari/hyenadna-large-1m-seqlen-hf for HyenaDNA;
• kuleshov-group/caduceus-ph_seqlen-131k_d_model-256_n_layer-16 for Caduceus;
• kuleshov-group/PlantCAD2-Small-l24-d0768 for PlantCAD2 (Small).

Evo2. Evo2 models are trained using NVIDIA’s bionemo-framework [95], which provides native support for
the Evo2 architecture and NeMo2 checkpoint format. All experiments use the evo2/1b-8k-bf16:1.0 model,
a BF16-optimized fine-tuned variant of evo2/1b-8k:1.0. The underlying base model (arcinstitute/
savanna_evo2_1b_base) contains 1B parameters and was selected because its scale is closest to NTv3–650M
while remaining computationally tractable. Preliminary experiments indicated improved optimization stability
with the BF16 variant.

Training procedure. To ensure alignment between nucleotide positions and model outputs, model-specific
special tokens are removed from the final hidden states before the prediction head is applied. Caduceus and
PlantCAD2 (Small) require removal of the EOS token; HyenaDNA requires removal of both CLS and
EOS tokens; NTv2 requires removal of the CLS token.

All models use an effective batch size of 32 implemented via gradient accumulation. For all architectures
except Evo2, optimization uses AdamW with weight decay 0.01 and default momentum parameters (𝛽1 = 0.9,
𝛽2 = 0.999), and the same modified polynomial decay learning rate schedule used for pretraining and post-
training: we use an initial learning rate of 1×10−5 and a 3% of training tokens budget linear warmup increasing
to a peak learning rate of 5× 10−5 before decay. CNN-based models (BPNet and SpliceAI) use a higher learning
rate of 1 × 10−3. Following the post-training methodology, we compute losses only on the center 37.5% of
sequences. Functional track regression tasks use a Poisson-multinomial loss with a shape-loss coefficient of 5.0,
and genome annotation classification tasks use a weighted focal loss with 𝛾 = 2.0. DeepSpeed training uses
ZeRO-2 with bfloat16 precision.
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Evo2 follows the constraints of the bionemo-framework: Adam (not AdamW), BF16 parameter storage
with FP32 gradient accumulation, and gradient clipping with a maximum norm of 1.0, mirroring the Evo2
pretraining configuration.

4.9 Evaluation on Gene-level Downstream Tasks

4.9.1. Tasks

Gene-level Expression in Plants. Plant data on gene expression was based on that compiled for the Plant
Genomic Benchmark presented in the Agronomic Nucleotide Transformer (AgroNT) study [39]. Unlike the
functional track prediction tasks, this task aims to predict gene expression profiles across tissues at the gene
level, i.e., producing predictions per gene rather than per base pair. Briefly, the dataset was composed on
bulk RNA-seq data from four plant species, namely A. thaliana, O. sativa, S. lycopersicum, and Z. mays across
multiple tissues, including a variety of organs and developmental tissues. Unlike the original study, which used
DESeq2-normalized counts, our downstream task relied on transcripts per million (TPM). To compute TPM
values, we used the same pre-computed gene counts and applied gene length correction based on collapsed
exon lengths for each gene. TPM values were then log-transformed using a pseudo-count of 1 to avoid taking
the logarithm of zero.

For model training, we extracted promoter-proximal sequences centered on annotated transcription start sites
(TSS). To evaluate the benefit of providing a larger genomic context, we constructed seven versions of each
promoter sequence by extending the flanking regions symmetrically around the TSS. To enable comparison
with previously published methods, we used the following flanking lengths: 256 bp, 3 kb, 4 kb, 16 kb, 65 kb,
and 131 kb. The total input sequence length for each version is therefore twice the respective flanking length.
To prevent data leakage, promoter-proximal sequences were assigned according to the homology-based splits
described above. The training, validation, and test sets comprised 95%, 5%, and 5% of the data, respectively.

For Z. mays, models were trained on all context sizes (512 bp, 6 kb, 8 kb, 32 kb, 131 kb, and 262 kb). For A.
thaliana, O. sativa, and S. lycopersicum, training was restricted to sequence lengths of 6 kb, 8 kb, and 131 kb.

Gene-level Protein Abundance in Plants. Plant protein abundance data were obtained from Ribo-seq assays
using the dataset and pipeline described above. As in the gene-level expression task, protein abundance was
formulated as a gene-level prediction problem. Specifically, protein abundance values were derived using
StringTie [96] with the options -e -A . These options enabled transcript-level quantification in TPM from
the high-quality alignments and produced per-gene abundance estimates based on the reference annotation,
providing a proxy for protein synthesis. Models were fine-tuned using a regression objective, with input
sequences constructed using the same TSS-centered flanking regions used for the gene expression task. Protein
abundance prediction was evaluated across all flanking-region sizes: 512 bp, 6 kb, 8 kb, 32 kb, 131 kb, and
262 kb.

4.9.2. Evaluation procedure

NTv3 models were compared with AgroNT 1-billion parameter model [39] on these asks. Training used an
effective batch size of 16, the Adam optimizer with a fixed learning rate of 5 × 10−5 and no weight decay.
Training proceeded for up to 200,000 update steps with early stopping based on validation performance.
Validation was performed every 2,000 steps on the complete validation set. Early stopping was triggered if
validation performance did not improve for 10 consecutive validation evaluations. All experiments used a fixed
random seed of 0 for reproducibility. Final model evaluation was conducted on the held-out test set using the
checkpoint with the best validation performance.

The post-trained model uses species-specific tokens in Adaptive Layer Normalization (AdaLN) layers for
conditioning. For Solanum lycopersicum, which was not included in the post-training dataset, we used the
<mask> conditioning token to enable generalization to unseen species.

4.10 Model Interpretation Analysis
To understand the regulatory mechanisms captured by NTv3, we leveraged four complementary interpretability
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modalities: (i) predicted functional tracks, which report regulatory activity at base-pair resolution across
thousands of assays; (ii) predicted genome annotations, which denote gene-structural and regulatory elements
at base-pair resolution; (iii) gradient-based attribution maps, which identify at base-pair resolution the sequence
positions most influential for the model’s predictions; and (iv) transformer attention maps, which summarize
how the model integrates information across long genomic distances at a resolution determined by the model’s
downsampling architecture. Together, these outputs support multi-scale interpretation of regulatory logic,
enabling analysis from individual nucleotides to enhancer elements and full gene loci. To note, all interpretability
results presented in the main text and described below were obtained using the NTv3 650M post-trained model
(131 kb context); for this configuration, the attention maps described in (iv) have a resolution of 128 bp per
token, corresponding to seven downsampling stages (131,072 bp input ÷ 1,024 tokens).

4.10.1. Interpretability Methods

Predicted Functional Tracks. Functional track predictions are cell-type and assay specific. For each input
sequence, the functional-track module produced per-base predictions for all species-matched regulatory assays.
Consistent with the post-training configuration, supervision for functional tracks is applied only to the central
37.5% of the input sequence. Accordingly, all analyses used predictions extracted from this supervised region
to ensure that every interpreted position had full receptive-field coverage.

Functional-track predictions were obtained directly from themodel output tensor of shape (sequence length,
number of tracks) without additional smoothing or normalization. For visualization (e.g., Fig. 6), predic-
tions for assays such as K562 DNase-seq, K562 GATA1 ChIP-seq, K562 CAGE-seq, and GTEx RNA-seq were
retrieved by indexing into this tensor using the track metadata.

Predicted Genome Annotations. Genome annotation predictions are cell-type agnostic. The genome-
annotation head produced a probability vector over 21 annotation classes at each position. These annotations
can be viewed in continuous form (pre-thresholded probabilities; e.g., Fig. 6J) or in binarized form by
thresholding softmax probabilities at 𝑝 ≥ 0.5 to produce genome annotation tracks (e.g., Fig. 6B). These labels
were used for visualization and qualitative interpretation of regulatory structure (e.g., promoters, exons, introns,
splice sites, enhancers; see Supplementary Note B.7.1 for discussion of isoform-related annotation ambiguity).

Gradient-Based Attribution Maps. Attribution maps are cell-type specific, as they are computed with respect
to a chosen functional track. Gradient-based attribution provides a first-order, base-pair-resolved estimate
of how NTv3’s predictions depend on the underlying DNA sequence. We employ gradient-based saliency
maps [97], which quantify the local sensitivity of a predicted regulatory signal to infinitesimal changes at each
input base. In regulatory genomics this is well motivated: TFBSs, splice junctions, and other cis-regulatory
elements often depend on a small number of informative nucleotides, such that single-base substitutions can
meaningfully alter regulatory output. As a result, large-magnitude gradients arise at positions with high
predictive influence, enabling identification of the motif-level sequence features used by the model.

To compute these attributions, we differentiated model outputs with respect to the one-hot encoded DNA
input [98, 99]. Because NTv3 represents DNA using an 11-token vocabulary (A, C, G, T, N, and special tokens),
gradients cannot be taken with respect to discrete token IDs. Instead, we used a differentiable embedding
override: for a sequence of length 𝐿, the one-hot matrix

𝑥 ∈ {0, 1}𝐿×11

was multiplied by the learned embedding matrix to produce continuous token embeddings. These embeddings
were supplied directly to the model, ensuring that 𝜕𝑦/𝜕𝑥 is well-defined and enabling gradients to flow to
every position.

For each selected functional track, the model outputs logits of shape (batch, sequence length, number
of tracks). To form a scalar suitable for differentiation, we aggregated the logits over sequence positions
and (if applicable) over a subset of tracks, followed by a log transform for numerical stability:

𝑦 = log

(︃∑︁
𝑖∈𝒲

∑︁
𝑡∈𝒯

logits𝑖,𝑡 + 𝜀

)︃
, 𝜀 = 10−6.

Here, 𝒲 denotes the set of sequence positions included in the supervised output window (e.g., the central
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49,152 bp for functional tracks), and 𝒯 denotes the subset of functional-track indices used for the attribution
calculation.

We then computed
𝐴 =

𝜕𝑦

𝜕𝑥
,

yielding an attribution tensor 𝐴 ∈ R𝐿×11 encoding the local sensitivity of the aggregated prediction to
perturbations at each input token.

For base-pair-resolution interpretation, we retained only the A/T/C/G channels (vocabulary indices 6–9),
discarding non-nucleotide channels. These channel-resolved hypothetical gradients correspond to counterfactual
substitutions at each base and form the basis for motif discovery, local sequence-grammar analysis, and allele-
specific interpretation.

Transformer Attention Maps. Attention maps are cell-type agnostic, reflecting the model’s internal context
aggregation independent of any specific output track. Transformer self-attention provides a complementary
interpretability modality by revealing how NTv3 integrates information across distal regions of the input
sequence. For genomic inputs, attention scores measure how sequence information at one downsampled
token (128 bp per token; see above)—influences the contextual representation of other tokens across the locus.
Because these scores are computed after substantial sequence compression, they offer a coarse-grained but
informative view of long-range dependencies not captured by base-resolution gradient methods.

Multi-head self-attention computes pairwise similarity between token representations via learned query–
key interactions, producing attention weights that modulate how information at one position influences the
contextual encoding of others. Although attention weights are not direct measures of biological causality, they
provide a useful diagnostic of the long-range dependencies the model has learned. We therefore use attention
maps as a post-hoc interpretability modality to examine which distal regions NTv3 emphasizes when forming
its predictions.

To analyze these dependencies, we extracted multi-head self-attention weights from the final transformer
block and averaged them across heads to obtain a single 𝐿′ × 𝐿′ attention matrix (with 𝐿′ ≈ 1024 for 131 kb
inputs). This follows prior work demonstrating that transformer attention can highlight structured token–token
interactions in language models [100] and genomic models such as Borzoi [7] (see Supplementary Note B.7.1
for discussion of layer- and head-specific analyses).

To standardize interpretation and mitigate asymmetries in directional attention, matrices were symmetrized
as (𝐴 + 𝐴⊤)/2. Lower-triangular entries were masked, and matrices were visualized using a 45° rotated
triangular layout, which highlights long-range interaction bands as pyramidal structures. For variant-centered
or enhancer-focused analyses, attention was cropped to windows surrounding the locus of interest and aligned
to functional-track outputs, genome-annotation labels, and attribution maps.

Interpretability Output Alignment. All interpretability outputs were aligned to a shared genomic coordinate
system. Base-pair coordinates map directly to the supervised window of functional-track and annotation
outputs. Token-resolution outputs (e.g., attention maps) were aligned by converting token indices to base-
pair positions using the fixed downsampling factor (128 bp per token) as described above. This alignment
enabled direct comparison across modalities: attention maps consistently displayed strong diagonal structure
reflecting local context aggregation, while off-diagonal features highlighted long-range dependencies including
enhancer–promoter interactions and splice-site coordination. These coarse-resolution patterns complemented
base-pair-level attribution maps by identifying which distal regions NTv3 attends to when forming its predictions.

4.10.2. Interpretation Tasks

Differential Comparison Across Modalities. To compare reference and alternative sequences in both the VEP
and enhancer–promoter tasks, we computed differential profiles across prediction modalities produced by NTv3,
including functional tracks, genome annotations, attribution maps, and attention maps. Because different
modalities exhibit distinct numerical properties (non-negativity, discreteness, symmetry, or sign ambiguity),
each required a modality-appropriate transformation while maintaining interpretability and compatibility
across analyses.

49



NTv3

Predicted functional tracks. For RNA-seq, DNase-seq, CAGE-seq, and ChIP-seq-like prediction heads, which
produce non-negative per-base signals, log2FC was computed elementwise as

log2FC𝑖 = log2

(︂
alt𝑖 + 𝜀

ref𝑖 + 𝜀

)︂
,

with a numerical stabilizer 𝜀 = 10−6. Positive values correspond to increased predicted activity under the
alternative allele, and negative values correspond to reduced activity. This formulation matches established
genomic signal-comparison pipelines used for model interpretation.

Predicted genome annotations. For genome-annotation predictions, which produce per-position logits over
annotation categories, we computed a discrete fold difference rather than log2FC. Logits were converted to
presence probabilities via softmax and thresholded at 𝑝 ≥ 0.5 to yield binary presence masks 𝐵ref , 𝐵alt ∈
{0, 1}𝐿×𝐾 , where 𝐾 denotes the number of annotation categories. The fold difference was computed as

∆𝑖,𝑘 = 𝐵alt
𝑖,𝑘 −𝐵ref

𝑖,𝑘 ,

yielding values in {−1, 0,+1}: +1 indicates an annotation gained under the alternative allele, −1 indicates a
loss, and 0 indicates no change.

Gradient-based attribution maps. To compare attribution maps between reference and alternative alleles,
we computed log2FC after shifting both matrices by their joint minimum to ensure positivity. The resulting
𝐿× 4 log2FC matrix (positions × nucleotide channels) is difficult to interpret directly; we therefore collapsed it
to a one-dimensional bidirectional profile by separately summing positive and negative values across channels
at each position:

profile𝑖 =
∑︁
𝑐

[︀
log2FC𝑖,𝑐

]︀+
+
∑︁
𝑐

[︀
log2FC𝑖,𝑐

]︀−
,

where [·]+ = max(·, 0) and [·]− = min(·, 0). This bidirectional aggregation preserves the magnitude of both
gains and losses at each position, enabling visualization of positions with increased (positive) or decreased
(negative) attribution under the alternative allele. This operation is denoted

∑︀
log2FC in Fig. 6J.

Transformer attention maps. Let 𝐴ref and 𝐴alt denote symmetrized attention matrices for the reference
and alternative sequences, respectively. We computed log2FC attention maps using

log2FC(𝑖, 𝑗) = log2

(︃
𝐴alt

𝑖𝑗 + 𝜀

𝐴ref
𝑖𝑗 + 𝜀

)︃
, 𝜀 = 10−8.

The resulting matrices highlight long-range interactions whose strength changes between alleles, with positive
values indicating gains in attention and negative values indicating attenuation.

Enhancer–Promoter (EP) Task. To evaluate whether NTv3 captures experimentally validated en-
hancer–promoter relationships, we analyzed the human HBE1 locus, a well-characterized erythroid regulatory
region containing five DNase hypersensitive elements (HS1–HS5). These enhancers have been extensively
assayed in erythroid cells, and their relative strengths have been quantified using massively parallel reporter
assays and CRISPR-based perturbations [47, 48]. This locus therefore provides a biologically grounded test
case for assessing long-range sequence–to–function modeling.

All analyses were performed on a 131,072 bp input window centered on theHBE1 interval (chr11:5,202,859-
–5,333,931; hg38). Within this window, enhancer positions were defined using the hypersensitive-site
coordinates reported by Agarwal [47]:

• HS1: 5,275,890–5,276,090
• HS2: 5,280,660–5,280,860
• HS3: 5,284,690–5,284,890
• HS4: 5,288,180–5,288,380
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• HS5: 5,291,330–5,291,530

To contextualize enhancer activity, we used matched erythroid functional assays from the post-training dataset:
K562 DNase-seq (ENCSR000EKN), K562 GATA1 ChIP-seq (ENCSR000EFT), K562 CAGE-seq (CNhs11250).
These provide chromatin accessibility, TF binding, and promoter-proximal transcriptional output in the same
cellular context in which HS1–HS5 enhancer activities were experimentally validated.

For the HBE1 enhancer–promoter analysis, attribution maps were computed on the reference sequence with
respect to the K562 CAGE track. To evaluate enhancer function, we performed in silico perturbation experiments
in which enhancer sequences were systematically ablated and restored. Dinucleotide-preserving shuffling was
used to ablate regulatory content while maintaining local sequence composition, using the HS1–HS5 enhancer
coordinates defined above.

A fully ablated background sequence was first constructed by shuffling all five enhancer elements simultaneously.
Enhancer sufficiency was then assessed by restoring individual enhancers one at a time while keeping the
remaining enhancers shuffled. For each enhancer, five independent shuffled replicates were generated for both
the fully ablated background and each single-enhancer restoration condition.

All perturbed sequences were passed through NTv3 to extract predicted K562 CAGE signal. Track outputs were
restricted to the supervised central 49,152 bp region of the output sequence.

To quantify enhancer sufficiency, we measured the change in predicted promoter-proximal CAGE signal
when a single enhancer was preserved relative to the fully ablated background. Specifically, we extracted a
384 bp promoter window centered at the HBE1 transcription start site (chr11:5,269,945; hg38; ±192 bp).
Within this window, we computed the log2 fold-change at each base position and then averaged these values
across positions to obtain a single enhancer-effect score. More positive values correspond to greater enhancer
sufficiency, reflecting the ability of that element alone to rescue promoter activity above the fully ablated baseline.
Predicted sufficiency scores were: HS2 (0.366± 0.014 log2FC), HS1 (0.196± 0.011), HS4 (0.047± 0.009), HS3
(0.037± 0.037), and HS5 (0.012± 0.013). This perturbation-based sufficiency metric parallels experimental
measurements reported in massively parallel enhancer assays [47].

Variant Effect Prediction (VEP) Task. To evaluate whether NTv3 captures the local regulatory disruptions
caused by SNVs, we performed a variant effect prediction (VEP) analysis using expression quantitative trait loci
(eQTLs) from the Genotype–Tissue Expression (GTEx) project. We focused on variants annotated for Whole
Blood and used GTEx-reported allelic effects to define pathogenic and benign sets. A total of 3,792 variants
were retained after mapping to the hg38 reference genome. Variants were excluded if the 131,072 bp centered
window extended beyond chromosome boundaries.

Genomic coordinates were intersected with the GENCODE v44 annotation set to provide transcript- and
splice-aware metadata for downstream interpretation. These annotations were used solely for visualization of
gene structure and regulatory elements (e.g., exon boundaries, splice sites, promoter intervals) and were not
used to filter variants or adjust model outputs.

For each variant, we extracted a 131,072 bp window centered on the SNV. Two allele-specific input sequences
were constructed per variant: a reference sequence containing the hg38 allele at the center position, and an
alternative sequence in which the reference base was replaced by the SNV’s alternative allele. All sequences,
annotations, and predictions were handled in the hg38 coordinate system.

Variant effects were quantified using the GTEx Whole Blood RNA-seq prediction head from the functional-track
module (GTEX-1I4MK-0002-SM-EZ6M9.1, GTEX-1LB8K-0005-SM-DIPED.1, GTEX-1OKEX-0006-SM-DKPQ2.1).
These tracks correspond to bulk RNA expression aggregated across donors and matched to the training
metadata. For each allele-specific sequence, NTv3 produced a tensor of predicted RNA-seq values across the
supervised central region of the output. These predictions were used directly for downstream attribution-based
analysis. No post-hoc smoothing, normalization, or additional transformations were applied. This preprocessing
pipeline yielded matched reference and alternative predictions for every variant, enabling computation of
base-pair-resolution attribution maps and allele-specific divergence metrics.

To provide interpretable summaries of attribution signals, we extracted windows around each SNV and retained
the A/T/C/G channels. These nucleotide-resolved gradients were visualized using the Logomaker package
to generate hypothetical-gradient sequence logos [51, 101], preserving gradient directionality and enabling
motif-level inspection.
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This workflow identified fine-scale cis-regulatory determinants including ETS/ELK1 motifs, ZNF784 motifs, IRF-
family motifs, and canonical splice donor/acceptor patterns. Comparing reference and alternative attribution
profiles enabled classification of mechanistic changes into motif ablation, motif creation, or distributed multi-
motif effects.

To translate these model outputs into actionable variant prioritizations, we developed a multi-stage ranking
framework that integrates (i) quantitative divergence metrics across modalities, (ii) genomic context and
functional annotations, and (iii) mechanistic synthesis with literature validation. For a detailed description of
this framework—including distance-metric selection, window-length effects, Ensembl VEP integration [54],
and a modular Python toolkit for visualization—see Supplementary Note B.7.2.

4.11 Fine-tuning NTv3 for Conditioned Sequence Generation

4.11.1. Model Training

To enable conditional diffusion-based sequence generation, we fine-tuned NTv3 with masked diffusion language
modeling (MDLM) objective [55]. At a high level, transitioning from a standard pre-training MLM model to
the generative MDLM one entails training with a variable amount of noise, i.e., masked tokens, applied to each
sequence in a batch, as opposed to the fixed percentage applied during BERT-style [32] MLM pre-training. We
formally introduce MDLM training below.

Let x and z represent one-hot vectors over some vocabulary 𝒱 , i.e., x, z ∈ {0, 1}|𝒱| and x, z ∈ ∆|𝒱|, where ∆|𝒱|

is the simplex over |𝒱| categories. We denote a full sequence of 𝐿 tokens as x1:𝐿, with xℓ as the ℓth token in the
sequence. In MDLM, we use a special [MASK] token and denote its one-hot representation bym.

MDLM is derived from the diffusion paradigm for generative modeling [102, 103], initially introduced for
continuous signals, and later adapted for discrete data [104]. These models are characterized by a pre-defined
corruption process 𝑞 that transforms signal into noise and a learned reverse process 𝑝𝜃 that is trained to recover
the original signal. Specifically, the forward process adds noise to samples drawn from some data distribution
x ∼ 𝑞data to produce latent variables z𝑡 ∼ 𝑞(· | x), where the subscript 𝑡 ∈ [0, 1] denotes time in the diffusion
process. The latents z𝑡 become progressively more corrupted as 𝑡 goes from 0 to 1, with the fully corrupted
final latent variable z1 drawn from a pre-defined prior distribution. In MDLM, this prior is equal to the special
mask token one-hotm. That is, at the end of the forward process, all of the signal from the data sample has
been removed, as all tokens have been replaced with the [MASK] symbol. Let Cat(·; 𝑝) denote a categorical
distribution over 𝒱 with probabilities given by 𝑝 ∈ ∆|𝒱|. A widely used forward process for discrete signals, is
one that interpolates between data and the limiting distribution [104], and we adopt this process for MDLM as
well [55, 105–107]:

𝑞(z𝑡 | x) = Cat(z𝑡;𝛼𝑡x+ (1− 𝛼𝑡)m), (6)

where 𝛼𝑡 := 𝛼(𝑡) ∈ [0, 1] denotes the noise schedule, which is monotonically decreasing in 𝑡, with 𝛼(1) = 0 and
𝛼(𝑡) → 1 as 𝑡 → 0. Here, 𝛼𝑡 represents the fraction of the original signal that remains at time 𝑡, while 1− 𝛼𝑡

corresponds to the fraction replaced by the [MASK] token (i.e., the noise level). For a discrete-time process,
we set some number of diffusion steps as 𝑇 and let 𝑡 = 𝑖/𝑇 for 𝑖 ∈ 0, . . . , 𝑇. Letting 𝑠 < 𝑡 denote some time
earlier in the diffusion process, the marginals defined in (6) yield the following form for the true posterior
distributions [55]:

𝑞(z𝑠 | z𝑡,x) =

{︃
Cat(z𝑠; z𝑡) if z𝑡 ̸= m

Cat(z𝑠;
𝛼𝑠−𝛼𝑡

1−𝛼𝑡
x+ 1−𝛼𝑠

1−𝛼𝑡
m) if z𝑡 = m.

(7)

Importantly, the noising process 𝑞 is assumed to factorize independently across the sequence length dimension,
i.e., 𝑞(z1:𝐿𝑡 | x1:𝐿) =

∏︀𝐿
ℓ=1 𝑞(z

ℓ
𝑡 | x1:𝐿) and 𝑞(z1:𝐿𝑠 | z1:𝐿𝑡 ,x1:𝐿) =

∏︀𝐿
ℓ=1 𝑞(z

ℓ
𝑠 | z1:𝐿𝑡 ,x1:𝐿).

The goal of diffusion modeling is to train a denoising process 𝑝𝜃 that can generate samples that resemble those
from the original data distribution. Ideally, we could perfectly recover the exact posterior in (7), however, when
generating samples, we do not have access to the true data sample x which is being generated. Therefore, a
widely-used parameterization for 𝑝𝜃 is to define a denoising network x𝜃 ∈ ∆|𝒱| that takes in noisy (partially
masked) inputs and returns a probability over the clean token for each position. We then plug this prediction
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into (7). This gives the following form for the reverse process [55]:

𝑝𝜃(z𝑠 | z𝑡) =

{︃
Cat(z𝑠; z𝑡) if z𝑡 ̸= m

Cat(z𝑠;
𝛼𝑠−𝛼𝑡

1−𝛼𝑡
x𝜃 +

1−𝛼𝑠

1−𝛼𝑡
m) if z𝑡 = m.

(8)

As above, we assume that this process factorizes along the sequence length: 𝑝𝜃(z1:𝐿𝑠 | z1:𝐿𝑡 ) =
∏︀𝐿

ℓ=1 𝑝𝜃(z
ℓ
𝑠 | z1:𝐿𝑡 ).

To mimic the behavior of the forward process, two additional restrictions can be placed on the denoising model:
1) we do not place any probability mass on the mask position: ⟨x𝜃,m⟩ = 0 and 2) for any tokens that are not
noised, we simply ‘copy them over’: ⟨x𝜃, z𝑡⟩ = 1, if z𝑡 ̸= m, where ⟨·, ·⟩ denotes an inner product.

The denoising diffusion model is trained to minimize a variational upper bound on the log-likelihood of the
training dataset. Crucially, taking 𝑇 → ∞ produces a continuous-time formulation whose variational bound
simplifies to the following [55, 106, 107]:

ℒ(𝜃) = Ex∼𝑞dataEz1:𝐿
𝑡 ∼𝑞(·|x1:𝐿)

𝐿∑︁
ℓ=1

∫︁ 𝑡=1

𝑡=0

−𝛼′
𝑡

1− 𝛼𝑡
log⟨xℓ

𝜃(z
1:𝐿
𝑡 ),xℓ⟩d𝑡, (9)

where 𝛼′
𝑡 denotes the time derivative of the noise schedule. Examining this objective, we see that it represents

a weighted average of cross-entropy MLM losses for input sequences with variable amounts of masking rates.
Hence, the standard MLM pre-training, which uses only a single, fixed masking rate, provides a useful model
to fine-tune using the MDLM objective.

4.11.2. Enhancer Design Use-Case

One of the use cases we are interested in with a generative genomic sequence model is the design of regulatory
elements with defined functional properties. In particular, we aim to generate enhancer sequences that drive
a specified expression profile within a given promoter or gene context. Achieving this requires a model that
can capture both local regulatory sequence pattern and the higher order interactions between promoters and
enhancers. Therefore, we developed a generative framework that internalizes regulatory interactions from
large scale self supervised pretraining while supporting the incorporation of conditioning signals to specify the
desired activity profile during sequence design.

To achieve this goal, NTv3 was fine-tuned on a UMI-STARR-seq dataset generated in Drosophila S2 cells in
a previous study [5]. The original dataset contains 242,026 samples of 249 bp sequence windows from the
dm3 genome, each paired with a quantitative activity measurement obtained with the DSCP and RpS12 core
promoters. To place the tentative enhancer sequences in the context of the promoter and reporter gene, we
constructed input sequences by inserting the 249 bp sequences into the standard Drosophila STARR-seq vector
[57], containing either the DSCP or the RpS12 core promoter, and then cropping the resulting constructs to a
length of 4,096 bp. By constructing the input enhancers with experimental plasmid sequences, we enabled the
model to leverage its knowledge from self-supervised pretraining, and identify promoter-enhancer interaction
patterns from the input sequences. For each input sequence, we discretized the activity measurement into five
equal width bins spanning the full activity distribution for the corresponding promoter, represented by integer
labels 0-4. Setting the bin boundaries by numerical value distance led to imbalanced data distributions, but
we didn’t want the condition to rely heavily on the distribution of training samples, This procedure yielded
484,052 sequences of length 4,096 bp, each associated with a discrete activity label defined in its promoter
specific sequence context. The train, validation, and test splits followed the partitioning used in the original
study.

After training, we conducted two complementary experiments to evaluate the in-context generative capabilities
of NTv3. First, we used our model to design enhancers of various activity levels in context of DSCP and RpS12
promoters. This experiment tests whether the model can generate sequences with a desired activity profile and
therefore captures the relationship between sequence composition and regulatory output. Second, we designed
enhancers that are only active in one of the two promoters. This is to assess whether NTv3 incorporates
promoter-specific context during generation, and to demonstrate that the model can be used with very complex
conditioning to achieve a wide range of functional design objectives.
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4.11.3. Training Parameters

Adaptive layer norms [77] were used to incorporate the discrete activity labels as conditioning inputs. During
training, MDLM masking with a linear noise schedule (i.e., 𝛼𝑡 = 1− 𝑡) was applied to the 249 bp region where
enhancer sequences are inserted into the vector. NTv3 also included an additional multiclass classification head
that predicts the activity level of the input sequence. For 10% of training samples, activity labels are randomly
masked, which enables joint supervised training of the classification head and the generative MDLM objective.
NTv3 was trained with the AdamW optimizer with weight decay of 0.01 and a modified squared decay learning
rate schedule. The initial learning rate was 5.0× 10−5 with a linear warmup over 3 billion tokens, reaching
the peak learning rate of 1.0× 10−4, and a subsequent decay to 5.0× 10−5. The model was trained with an
effective batch size of 32 across 2 GPUs. Exponential moving average (EMA) with a decay rate of 0.9999 was
applied, and the final EMA weight were used for all experiments. We found that the use of EMA parameters
improved stability and also led to performance improvements over the raw parameters.

4.11.4. Conditioned Enhancer Sequence Generation

When generating sequences with NTv3, we used the guidance algorithm of classifier-free diffusion guidance
(CFG) [58] adapted for discrete models [59].

Formally, let 𝑦 denote some property or condition of interest. Controlled generation in diffusion models aims
to steer each denoising step by sampling from the following unnormalized tempered, conditional distribution:

𝑝𝛾(z𝑠 | z𝑡, 𝑦) ∝ 𝑝(𝑦 | z𝑠, z𝑡)𝛾 · 𝑝(z𝑠 | z𝑡), (10)

where 𝛾 represents a hyperparameter that controls how much we ‘focus’ on the conditioning. Applying Bayes’
rule to the first term on the right hand side of (10) eliminates the need for the classifier 𝑝(𝑦 | z𝑠, z𝑡):

𝑝𝛾(z𝑠 | z𝑡, 𝑦) ∝

[︃
𝑝(z𝑠 | z𝑡, 𝑦)
𝑝(z𝑠 | z𝑡)

]︃𝛾
· 𝑝(z𝑠 | z𝑡) = 𝑝(z𝑠 | z𝑡, 𝑦)𝛾 · 𝑝(z𝑠 | z𝑡)1−𝛾 . (11)

Note that in the first expression on the right of the proportionality symbol in (11), we absorbed the factor of
𝑝(𝑦 | z𝑡)𝛾 into the proportionality constant. We can model both terms on the right hand side of (11) using
denoising diffusion models. In practice, these distributions can be generated using the same model. This is
achieved by randomly dropping out or masking out the conditioning during training.

Finally, we can also introduce the notion of negative conditioning, by replacing the unconditional model in (11)
with one conditioned on a background or base value 𝑦bg. In this way, we simultaneously steer the denoising
distribution towards the condition of interest 𝑦target and away from the base condition. Specifically, we sample
from the following distribution:

𝑝𝛾(z𝑠 | z𝑡, 𝑦target,¬𝑦bg) ∝ 𝑝𝜃(z𝑠 | z𝑡, 𝑦target)𝛾 · 𝑝𝜃(z𝑠 | z𝑡, 𝑦bg)1−𝛾 , (12)

This framework allows CFG to flexibly steer generation under multiple constraints, including jointly specifying
an activity level and a promoter specific context. For all experiments, we used an inverse temperature parameter
𝛾 = 2.0 and 50 denoising steps.

For designing enhancers with graded activity with a fixed promoter, we input to the model the sequence
vector containing the target promoter, and 249 masked tokens (nucleotides) at the enhancer position. In
this experiment, the conditional distribution would be model’s output given desired activity level label. For
the unconditional distribution, we provide the same input sequence, but with an masked label for conditions.
After each denoising step, we take the output the model provided given the two conditions, and calculate the
distribution given the CFG function, and feed the output as the input for both conditions of the next step.

For experiments that design enhancers with promoter-specific activity, we would provide out model with
two different input vectors. One with the desired high-activity promoter, and the other with the undesired
promoter. For each denoising step, the conditional distribution is calculated by inputting the desired promoter
with highest activity level label, while the unconditional distribution with the undesired vector and its highest
activity label to push away from. After each denoising step, we apply the CFG to make sure the 249 masked
region would be the same while context remain different. Then the two vectors are again inputted back in,
denoising for the next step.
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4.11.5. In-silico Evaluation

For each enhancer generation task, we identified sequences in the test set that satisfied the same functional
conditions according to experimental ground truth. For activity prompted generation, we selected test sequences
whose measured activity fell within the desired activity range for the corresponding promoter context. For
promoter specific generation, we selected test enhancers that overlapped STARR-seq peaks in only one of the
promoter experiments, ensuring that the matched set reflected promoter selective activity. These matched
sets provided a direct basis for comparing generated sequences with real sequences under identical functional
specifications. Before conducting in-cellulo experiments, we used the previously established oracle model
DeepSTARR[5] to estimate enhancer activity. For every generated enhancer, we compared the DeepSTARR
predicted activity of the proposed new sequence with the predictions for its matched test set.

We also performed sequence profile based in silico analyses, including comparisons of GC content, k mer
composition, and motif enrichment between generated sequences and their matched test sets. These analyses
demonstrate that NTv3 produces enhancer sequences with biologically realistic properties. In addition, we
ran BLAST searches against the dm3 genome on all generated sequences to confirm that NTv3 proposes novel
biological sequences rather than reproducing elements from the training data.

1
2 def linear_noise_schedule(t: float) -> float:
3 # Linear schedule: t=1 fully masked, t=0 fully unmasked
4 return t
5
6 def compute_mdlm_posterior(tokens: Array, probs: Array, t: float, dt: float, mask_token_id: int) -> Array:
7 """
8 Compute MDLM posterior for one denoising step.
9
10 - Carry-Over Unmasking: If a latent token is unmasked, copy it over
11 - Masked positions: Interpolate between model prediction and staying masked.
12 Assign probability mass to the predicted token proportional to the signal gain (signal_s - signal_t),
13 and to the mask token proportional to the remaining noise (1 - signal_s).
14 """
15 # Noise and signal levels
16 noise_t = linear_noise_schedule(t) # t
17 noise_s = linear_noise_schedule(max(t - dt, 0)) # t - dt
18 signal_t = 1 - noise_t # fraction unmasked now (𝛼𝑡)
19 signal_s = 1 - noise_s # fraction unmasked next (𝛼𝑠)
20
21 # Copy over unmasked tokens
22 unmasked_posterior = one_hot(tokens, vocab_size)
23
24 # For masked tokens, weighted mix of model prediction and mask
25 masked_posterior = probs * (signal_s - signal_t) / (1 - signal_t)
26 masked_posterior[..., mask_token_id] = (1 - signal_s) / (1 - signal_t)
27
28 # Combine based on mask
29 posterior = where(tokens != mask_token_id, unmasked_posterior, masked_posterior)
30 return posterior
31
32 def cfg_guided_logits(model: Model, tokens: Array, condition: Array, gamma: float) -> Array:
33 """
34 Classifier-free guidance logits.
35
36 log p_gamma(z_s | z_t, y) ~ gamma * log p(z_s | z_t, y) + (1-gamma) * log p(z_s | z_t)
37 """
38 # Unconditional forward pass
39 logits_uncond = model(tokens, condition=None)["logits"]
40 # Conditional forward pass
41 logits_cond = model(tokens, condition=condition)["logits"]
42 # Linear combination in log-space
43 return (1 - gamma) * logits_uncond + gamma * logits_cond
44
45 def generate_sequence_with_cfg(model: Model, init_tokens: Array, condition: Array,
46 num_steps: int, gamma: float, mask_token_id: int) -> Array:
47 """
48 Generate sequence using MDLM with classifier-free guidance.
49 """
50 tokens = init_tokens
51 dt = 1.0 / num_steps
52
53 # Denoise from t=1 (fully masked) to t=0 (fully unmasked)
54 for t in linspace(1, 0, num_steps + 1):
55 # Compute CFG-guided logits
56 logits = cfg_guided_logits(model, tokens, condition, gamma)
57 probs = softmax(logits, axis=-1)
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58
59 # Compute MDLM posterior and sample
60 posterior = compute_mdlm_posterior(tokens, probs, t, dt, mask_token_id)
61 tokens = categorical_sample(posterior)
62
63 return tokens
64
65
66 def multi_context_cfg_logits(
67 model: Model,
68 tokens_target: Array,
69 tokens_background: Array,
70 target_region: tuple[int, int],
71 background_region: tuple[int, int],
72 gamma: float
73 ) -> Array:
74 """
75 Compute classifier-free guidance logits steering towards target context
76 and away from background context.
77 """
78 # Run model on full contexts
79 full_logits_target = model(tokens_target)["logits"]
80 full_logits_background = model(tokens_background)["logits"]
81
82 # Extract logits only for the generation region
83 logits_target = Extract(full_logits_target, target_region)
84 logits_background = Extract(full_logits_background, background_region)
85
86 # CFG combination: amplify target, suppress background
87 return gamma * logits_target + (1 - gamma) * logits_background
88
89
90 def generate_with_negative_conditioning(
91 model: Model,
92 init_tokens_target: Array,
93 init_tokens_background: Array,
94 target_region: tuple[int, int],
95 background_region: tuple[int, int],
96 num_steps: int = 50,
97 gamma: float = 2.0,
98 mask_token_id: int
99 ) -> tuple[Array, Array]:
100 """
101 Generate a sequence that is active with target context but inactive
102 with background context using MDLM and CFG.
103 """
104 # Ensure regions have the same length
105 assert (target_region[1] - target_region[0]) == (background_region[1] - background_region[0])
106
107 tokens_target = init_tokens_target
108 tokens_background = init_tokens_background
109 dt = 1.0 / num_steps
110
111 for t in linspace(1, 0, num_steps + 1):
112 # Compute CFG-guided logits
113 logits = multi_context_cfg_logits(model, tokens_target, tokens_background,
114 target_region, background_region, gamma)
115 probs = softmax(logits, axis=-1)
116
117 # Extract masked region from target
118 sub_tokens = Extract(tokens_target, target_region)
119 posterior = compute_mdlm_posterior(sub_tokens, probs, t, dt, mask_token_id)
120 new_tokens = categorical_sample(posterior)
121
122 # Insert updated region into both contexts
123 tokens_target = Insert(tokens_target, target_region, new_tokens)
124 tokens_background = Insert(tokens_background, background_region, new_tokens)
125
126 return tokens_target, tokens_background
127

4.11.6. Experimental Validation

Selection of Candidate Generated Sequences. The activity prediction head of NTv3 was used to filter all
generated sequences prior to in cellulo evaluation. For experiments aimed at designing enhancers with specified
activity levels, we selected the 60 sequences with the highest predicted probability for each target activity bin
from 1,024 generated candidates per bin, yielding a total of 600 sequences across five bins and two promoter
contexts. For experiments targeting promoter-specific enhancers, we selected 150 sequences that displayed
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the largest predicted activity difference between the two promoters from 10,240 generated sequences. As a
baseline for sequence design, we randomly generated 512,000 sequences by uniformly sampling over A, T, C,
and G, and then used the DeepSTARR [5] oracle model to identify the 150 sequences with the highest predicted
activity difference representing the baseline oracle guided selection performance. In total, 900 sequences were
selected for experimental evaluation using STARR-seq.

Generating STARR-seq Libraries. 300-bp oligonucleotides containing 249-bp candidate sequences were
custom synthesized by TWIST and amplified as inserts for oligonucleotide STARR-seq plasmid libraries in
two consecutive PCR steps. The first PCR was performed in the linear range with the primer pair (forward:
ACACTCTTTCCCTACACGACGCTCTTCCGATCT, reverse: GTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT). In
the second PCR amplification step, overhangs were added for Gibson cloning using the following primer pair
(forward: TAGAGCATGCACCGGACACTCTTTCCCTACACGACGCTCTTCCGATCT, reverse: GGCCGAATTCGTC-
GAGTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT. Amplified fragments were cloned using Gibson assembly
(New England BioLabs, catalog no. E2611S) into the previously published STARR-seq plasmid containing dscp
or rps12 promoter (Addgene 71499[57] and Addgene 71504[60]). Oligonucleotide libraries were electro-
porated into MegaX DH10B electrocompetent bacteria (Thermofisher C640003) and grown in 2L LB-Amp
(Luria-Bertani medium plus ampicillin, 100 µg/ml) each and purified with a Qiagen Plasmid Plus Mega Kit
(catalog no. 12981). All libraries were then tagged with a unique molecular identifier (UMI), amplified and
sequenced to derive an input count value for the representation of sequences in the plasmid library, as previously
described[108].

Cell Culture. Drosophila S2 cells (Thermofisher R69007) were grown in Schneider’s Insect medium (Gibco
21720001) with 10% fetal bovine serum (FBS) (Sigma-Aldrich, heat inactivated) and 1% P/S (Gibco 15140122)
at 27°C and 0.4% CO2. For electroporations, the regular growth of cells was monitored, and cells were seeded
at a density of 3× 106/mL the day before electroporation. For each biological replicate, 50× 106 cells were
resuspended in 100 µL of a 1:1 dilution of HyClone MaxCyte electroporation buffer and serum-free Schneider’s
and electroporated with 5 µg of the input libraries (see previous section) using the MaxCyte-STX system
(“Optimization 1” protocol). Cells were then incubated in DNase I (Worthington Biochemical, 2000 U/mL) for
30 min and harvested for RNA extraction 24 h after addition of culture media for recovery and oligonucleotide
library expression. RNA was extracted and processed following the previously described UMI-STARR-seq
protocol [108].

Illumina Sequencing. Next-generation sequencing was performed at the VBCF NGS facility on a NovaSeq SP
platform (150bp paired-end), following the manufacturer’s protocol, using standard Illumina i5 indexes as
well as UMIs at the i7 index.

STARR-seq Data Analysis. A custom index containing the corresponding sequences was generated using the
buildindex function from the Rsubread R package (Liao et al 2019 version 2.10.0). STARR-seq paired-end reads
were then aligned using the align function from the same package, with the following parameters: type =
“dna”, unique = TRUE, maxMismatches = 2. Then, UMI sequences were retrieved and collapsed as previously
described [5].
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Data availability

All data used for NTv3 pre-training, post-training, and downstream fine-tuning were obtained from pub-
licly available resources. The OpenGenome2 pre-training corpus is available via Hugging Face at https:
//huggingface.co/datasets/arcinstitute/opengenome2. Functional genomics tracks were obtained
from the ENCODE consortium (https://www.encodeproject.org/) and from NCBI repositories (e.g.,
SRA/GEO; https://www.ncbi.nlm.nih.gov/) and detailed in Supplementary Table 1. Gene annota-
tions were obtained from GENCODE (https://www.gencodegenes.org/) and Ensembl (https://www.
ensembl.org/). Human regulatory element annotations were obtained from the ENCODE SCREEN database
(https://screen.wenglab.org/). Ntv3 Benchmark data is described in Supplementary Table C.3
and available at https://huggingface.co/datasets/InstaDeepAI/NTv3_benchmark_dataset. Ad-
ditional dataset-specific accession identifiers and processing details are provided in the Methods and Supple-
mentary Notes and Tables.

Code availability

We make code, model checkpoints, and interactive resources publicly available for research use as described
below.

Code repositories. The JAX implementation of NTv3, including model definitions and inference code, is avail-
able on GitHub at https://github.com/instadeepai/nucleotide-transformer. PyTorch implemen-
tations supporting model loading, inference, fine-tuning, and downstream applications are distributed via Hug-
ging Face and available from the NTv3 Space at https://huggingface.co/spaces/InstaDeepAI/ntv3.

Interactive notebooks. Executable tutorial and pipeline notebooks demonstrating inference, functional-track
prediction, fine-tuning, interpretation, and sequence generation are provided through Hugging Face Spaces:

• Tutorial notebooks:
https://huggingface.co/spaces/InstaDeepAI/ntv3/tree/main/notebooks_tutorials

• Pipeline notebooks:
https://huggingface.co/spaces/InstaDeepAI/ntv3/tree/main/notebooks_pipelines

All NTv3 model checkpoints are released on Hugging Face via the NTv3 collection. We provide both pre-trained
and post-trained models at multiple scales, together with variants used for length-ablation and architectural
studies.

Primary released models (used throughout the main paper):

• NTv3 8M (pre): https://huggingface.co/InstaDeepAI/NTv3_8M_pre
• NTv3 100M (pre): https://huggingface.co/InstaDeepAI/NTv3_100M_pre
• NTv3 650M (pre): https://huggingface.co/InstaDeepAI/NTv3_650M_pre
• NTv3 100M (post): https://huggingface.co/InstaDeepAI/NTv3_100M_post
• NTv3 650M (post): https://huggingface.co/InstaDeepAI/NTv3_650M_post

Length-specific checkpoints (used for controlled sequence-length ablations):

• NTv3 650M (pre) (8 kb context): https://huggingface.co/InstaDeepAI/NTv3_650M_pre_8kb
• NTv3 100M (pre) (8 kb context): https://huggingface.co/InstaDeepAI/NTv3_100M_pre_8kb
• NTv3 8M (pre) (8 kb context): https://huggingface.co/InstaDeepAI/NTv3_8M_pre_8kb
• NTv3 650M (post) (131 kb context): https://huggingface.co/InstaDeepAI/NTv3_650M_post_

131kb
• NTv3 100M (post) (131 kb context): https://huggingface.co/InstaDeepAI/NTv3_100M_post_

131kb

Architectural ablation models (five-downsampling variants):
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• NTv3-5Downsample (650M, pre-trained): https://huggingface.co/InstaDeepAI/NTv3_5downsample_
pre

• NTv3-5Downsample (650M, pre-trained, 8 kb context): https://huggingface.co/InstaDeepAI/
NTv3_5downsample_pre_8kb

• NTv3-5Downsample (650M, post-trained): https://huggingface.co/InstaDeepAI/NTv3_5downsample_
post

• NTv3-5Downsample (650M, post-trained, 131 kb context): https://huggingface.co/InstaDeepAI/
NTv3_5downsample_post_131kb

NTv3 Benchmark. Benchmark leaderboard reporting model performance across tasks and species is available
at: https://huggingface.co/spaces/InstaDeepAI/ntv3_benchmark.
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Supplementary Figure A.1 | NTv3 model architecture. NTv3 follows a U-Net–style hierarchy for single-nucleotide
modeling: a stem produces 1-bp embeddings, a stack of seven downsampling residual blocks reduces resolution by 2× per
stage to a 128-bp bottleneck, a Transformer tower performs long-range mixing at the bottleneck, and symmetric upsampling
residual blocks reconstruct base-resolution features via skip connections. Task heads operate at 1-bp resolution: a regression
head for functional tracks, a segmentation head for genome annotations, and an LM head for masked language modeling
and variant-effect probabilities. The right panels summarize the building blocks used throughout: convolutional residual
down/up blocks (with pooling or upsampling), a pre-norm Transformer block, lightweight MLP prediction heads, and an
adaptive LayerNorm for conditional normalization (e.g., species-specific modulation) in multispecies training.
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Supplementary Figure A.2 | NTv3 performance across different sequence lengths on different OpenGenome2 sub-
datasets. Line plots shows masked-token accuracy at each sequence length, evaluated on a fixed set of held-out tokens.
(A,C,E,G,I) show accuracy at the end of every pre-training stage. (B,D,F,H,J) show accuracy in function of pre-training
tokens.
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Supplementary Figure A.3 | NTv3 performance across different sequence lengths on different OpenGenome2 sub-
datasets. Line plots shows masked-token accuracy at each sequence length, evaluated on a fixed set of held-out tokens.
(A,C,E,G,I) show accuracy at the end of every pre-training stage. (B,D,F,H,J) show accuracy in function of pre-training
tokens.
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Supplementary Figure A.4 | NTv3 performance across different sequence lengths on different OpenGenome2 sub-
datasets. Line plots shows masked-token accuracy at each sequence length, evaluated on a fixed set of held-out tokens.
(A) shows accuracy at the end of every pre-training stage. (B) shows accuracy in function of pre-training tokens.
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Supplementary Figure A.5 | Post-training dynamics and impact of pre-training. A) Post-training learning curves for
NTv3 100M (post) 106M (green) and NTv3 650M (post) 650M (blue) under the joint objective, reporting masked language
modeling (MLM) loss (left), mean Pearson correlation on functional tracks (middle), and mean MCC on genome-annotation
labels (right). Curves are shown for both training (top) and validation (bottom ) as a function of post-training steps (in
units of 100B tokens). B) Effect of initialization on post-training. NTv3 650M (post) model initialized from the pretrained
checkpoint (blue) is compared to the same architecture trained from random initialization (gray). Pretraining improves
optimization and transfer, yielding lower MLM loss (left) and higher validation performance on both functional-track
prediction (middle) and genome annotation (right) throughout training.
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Supplementary Figure A.6 | Screenshot of NTv3 predictions for an Arabidopsis genomic window.
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Supplementary Figure A.7 | Multispecies genome-annotation data and performance. A) Label statistics for the
genome-annotation corpus across species, showing the number of annotated elements (in millions) per genome, broken
down by element type (splice sites, exons, introns, UTRs, and protein-coding genes). B) Radar plot displaying cross-species
genome-annotation accuracy for NTv3, summarized as mean Matthews correlation coefficient (MCC) per species and
label family, highlighting consistent performance across a broad phylogenetic range. C) Heat map with detailed MCC for
individual annotation labels across species. Each cell reports the per-label MCC on the test set; dashes indicate labels that
are not available or not evaluated for a given species.
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Supplementary Figure A.8 | Effect of sequence length and length-extension training on genome-annotation perfor-
mance. Per-label MCC as a function of input sequence length (8 kb to 1Mb) for NTv3 100M (post) and NTv3 models.
Dashed curves denote checkpoints trained up to 131 kb context, while solid curves denote checkpoints that underwent
additional length-extension training at 1Mb context. Each panel reports one annotation label and the final panel summarizes
the average MCC across all labels.
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Supplementary Figure A.9 | NTv3 performance on functional-track prediction. A) Test-set Pearson correlation across
human assay families (DNase-seq, ATAC-seq, histone ChIP-seq, TF ChIP-seq, CAGE, and RNA-seq); distributions summarize
performance across tracks within each assay type (numbers indicate track counts and mean correlation). B) Mean Pearson
correlation as a function of input sequence length for NTv3 100M and NTv3 models, comparing checkpoints trained up
to 131 kb context to checkpoints further length-extended at long context; longer context yields consistent gains, with
additional benefit from length extension at the largest windows. C) Per-assay comparison of NTv3 versus Borzoi across
sequence lengths, reporting mean Pearson correlation over shared test regions; NTv3 matches Borzoi on DNase-seq and
ChIP-seq and improves notably on ATAC-seq, CAGE, and RNA-seq, while maintaining stable performance across a wide
range of input lengths.
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Supplementary Figure A.10 | NTv3 compared to Borzoi on human and mouse track prediction at 32bp resolution.
Bar plot showing the percentage relative improvement over Borzoi for human and mouse tracks averaged per assay.
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Supplementary Figure A.11 | Detailed results on human Ntv3 Benchmark functional tracks. Radar plots
displaying Pearson correlation across human functional tracks of different types.
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Supplementary Figure A.12 | Impact of pre-training on Ntv3 Benchmark performance. A) Functional-track
prediction. Mean test-set Pearson correlation across assay groups in the Ntv3 Benchmark for NTv3 models trained
from random initialization versus initialized from genome MLM pre-training, shown for three model sizes (8M, 100M, and
650M). Pre-training improves performance across all assay families, with larger gains for more challenging modalities (e.g.,
PRO-cap, eCLIP, RNA-seq). B) Genome-annotation prediction. Test-set MCC for universal annotation labels (intron, exon,
splice acceptor, start codon) under the same comparison. Pre-training yields substantial improvements across all elements
and model sizes, with the largest gains for boundary-sensitive labels (splice acceptor and start codon).
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Supplementary Figure A.13 | In-silico and in-cellulo evaluation of NTv3 enhancers for the DSCP promoter. A) In silico
activity control evaluated with a DeepSTARR oracle [5]. Oracle-predicted activities of generated enhancers recapitulate the
intended activity bins and closely match the distributions of held-out sequences. B) In cellulo STARR-seq measurements
validate that generated enhancers express at the intended activity levels. NTv3 designs reproduce the expected stratification
across activity bins when compared with native enhancers and also extend into a broader activity range, supporting the
design of particularly strong regulatory elements.
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B. Supplementary Notes

This section provides additional methodological and analytical details that complement the main text and
Supplementary Figures. We expand on key implementation choices for training and scaling NTv3, including data
processing and optimization considerations, and provide supporting derivations, ablations, and clarifications
that would otherwise interrupt the narrative flow of the paper. Together, these notes are intended to improve
reproducibility and to serve as a practical cookbook for developing, scaling, and deploying new long-context
genomic models beyond NTv3, spanning pre-training, multispecies post-training, fine-tuning, interpretation,
and sequence-design workflows.

B.1. Model Optimization

After selecting the base NTv3 architecture, we performed a targeted optimization study to improve training
and inference throughput while preserving optimization stability and comparable training loss. Because the
dominant bottlenecks differ between short and long contexts, we evaluated each change at two representative
sequence lengths: 8 kb (short-context regime) and 262 kb (long-context regime). We report tokens processed
per second and cumulative speedups relative to the unoptimized baseline.

Mixed-precision computation proved essential for increasing throughput. Executing convolution operations in
BF16, rather than F32, yielded a large speedup and also reduced memory pressure, enabling larger effective
batch sizes and higher token throughput. For the decoder, we replaced transposed convolutions with an explicit
upsampling operation followed by a standard convolution, a design choice that has been shown to be efficient in
related genomics architectures [8]; this change produced the largest gains in the long-context regime. Finally,
we extended mixed precision to the Transformer dot-product operations (MLP projections and attention 𝑄,
𝐾, 𝑉 , and output projections), while keeping numerically sensitive components (e.g., layer normalization
and other reductions) in higher precision to maintain training stability. Overall, these optimizations provide
substantial cumulative throughput improvements at both short and long sequence lengths (Table 10).

8 kb 262 kb

Optimization Tokens/s Speedup Tokens/s Speedup

Baseline 537,492 1.00 311,996 1.00
BF16 convolutions 1,219,839 2.27 418,427 1.34
Upsample + conv 1,314,225 2.45 1,171,971 3.76
BF16 Transformer dot-products 1,428,066 2.66 1,289,580 4.13

Table 10 | Cumulative throughput improvements from successive optimization steps evaluated at two context lengths.
Tokens/s denotes tokens processed per second.

B.2. Model Scaling

Model 4 Downsamp. 5 Downsamp. 6 Downsamp. 7 Downsamp.
NTv3 8M (pre) 5.32M* 6.11M 6.90M* 7.69M
NTv3 100M (pre) 85.20M* 92.29M 99.38M* 106.46M
NTv3 650M (pre) 566.84M 595.17M 623.50M 651.83M

Table 11 | Parameter counts for each NTv3 model across different numbers of downsampling layers. * indicates model
configurations which were not explored in the paper but which were included in the table for completeness.

While foundation models are typically scaled by increasing parameter count (depth and width), U-Net ar-
chitectures offer an orthogonal scaling axis: the resolution of the latent representation processed by the
central Transformer. Following previous work in genomic foundation modeling [7, 8, 18], the standard NTv3
configuration employs 𝑁 = 7 down-sampling blocks, compressing the input sequence by a factor of 128 (27)
before it reaches the Transformer. This compression makes long-sequence training tractable but lowers the
effective resolution of Transformer tokens, potentially limiting the ability to learn fine-grained nucleotide
interactions. As we aim to develop models capable of accurately processing genomic sequences across all scales,
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from short regulatory elements to megabase-context windows, higher-resolution latent representations become
an important consideration for shorter sequences.

Reducing the number of downsampling blocks shrinks the total parameter count but increases both the length
of the sequence seen by the Transformer and the overall FLOPs required per training step. Here, we present
what is, to our knowledge, the first systematic study of this resolution–compute tradeoff in genomic language
models.

To explore the compute-optimality trade-offs of this paradigm, we conducted the 8kb-training of the 652M NTv3
650M (pre) model with varying downsampling depths 𝑁 ∈ 4, 5, 6, 7. These configurations correspond to latent
resolutions of 16 bp, 32 bp, 64 bp, and 128 bp, respectively, while keeping all other model components constant
(Fig. 2). Across these experiments, we find that five downsampling blocks provide the most FLOP-efficient
training. Guided by this result, we train a 5-downsample configuration for each model size and characterize
the resulting behavior.

B.2.1. Pre-training Behavior Across Downsampling Depths

We begin by evaluating how the number of downsampling blocks affects performance and compute cost, holding
all other architectural and training settings fixed. This sweep, conducted on the largest NTv3 650M (pre)
model to ensure relevance to current genomic foundation models of comparable scale, spans 𝑁 ∈ 4, 5, 6, 7. The
resulting insights motivate our use of the 5-downsample configuration for smaller model sizes.

In this study, we considered model pre-training performance through two complementary lenses: loss per token
(sample efficiency) and loss per FLOP (compute efficiency) (Fig. 2). Sample efficiency improves consistently
with higher resolution (smaller 𝑁), with the 𝑁 = 4 model achieving the lowest loss per token, suggesting that
higher-resolution latent representations capture more information per nucleotide (Fig. 2).

Interestingly, compute efficiency exhibits diminishing returns beyond 𝑁 = 5. Although 𝑁 = 4 is sample-
efficient, the substantial increase in FLOPs slows convergence relative to compute time. In contrast, 𝑁 = 7
achieves the fastest per-step throughput but reaches a higher loss floor. The 𝑁 = 5 configuration provides an
attractive trade-off, converging as quickly relative to FLOPs as 𝑁 = 4 while requiring substantially less memory.
This trend persists up to ∼ 1021 FLOPs and 2 trillion tokens, indicating that the standard 7-downsample
configuration may not be fully compute-optimal under a fixed FLOP budget (Fig. 2D).

B.2.2. Pre-training of Reduced-Downsampling Models

Motivated by these observations, we pre-trained a 5-downsample variant of the largest NTv3 650M (pre) to
completion, following the methodology outlined in Section 4.2.

During pre-training, the 5-downsample variant showed substantial improvements: by the end of 10.5 trillion
tokens in 8kb-training, it achieved a ∼ 5% reduction in training loss (0.1402 vs. 0.1314) and a ∼ 2% increase
in training accuracy (Fig. 2E). The same also held for validation metrics at each of the four sequence lengths
seen in 8kb-training. This corresponded to a decrease in perplexity from 1.151 to 1.140. Similar improvements
were observed during sequence length extension.

B.2.3. Reduced-Downsampling in Models of Smaller Sizes

The success of the 5-downsample variant in the largest NTv3 650M (pre) model motivated us to explore the
same configuration for smaller model sizes. However, we found that decreasing the number of downsamples did
not yield comparable improvements for these smaller models. In fact, for the NTv3 8M (pre) model, pre-training
performance was slightly worse than the standard 7-downsample configuration (Fig. 2E).

We hypothesize that this is due to the disproportionate reduction in parameter count caused by decreasing the
number of downsamples, which limits model expressivity. For instance, NTv3 100M (pre) decreased from 106M
to 92M parameters, retaining only 87% of its original capacity, while NTv3 8M (pre) dropped from 7.7M to
6.1M parameters, keeping just 79%. In contrast, the largest NTv3 650M (pre) retained≈ 91% of its parameters
with a similar reduction in downsampling (Supplementary Table 11 and Supplementary Fig. B.1A,B). For the
smallest model, this substantial loss of capacity likely limited its representational power, accounting for the
absence of performance gains.
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Supplementary Figure B.1 | Model Scaling on Pre- and Post-training A) Validation loss during pre-training the 5 and
7 downsample models. B) Validation accuracy during pre-training the 5 and 7 downsample models. C) Validation MLM
loss, mean functional track Pearson and mean genome annotation MCC during post-training the 5 and 7 downsample
models. D) Mean functional track Pearson correlation on the test set for each species after post-training. E) Mean genome
annotation MCC on the test set for each species after post-training.
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These findings suggest that simply reducing downsampling is not always beneficial for smaller models. They
motivate future work exploring approaches that increase latent resolution while maintaining or matching
overall parameter count. We expect that particularly for the smallest models, where memory constraints are less
severe, performance could benefit from reallocating computation from convolutional layers to the Transformer,
effectively increasing FLOPs per parameter.

B.2.4. Post-training of Reduced-Downsampling Models

Based on the observation that reducing the number of downsampling layers did not improve performance
in smaller models, we concentrated subsequent post-training experiments on only the largest NTv3 650M
(pre) model. We continued post-training under conditions identical to NTv3 650M (post), allowing a direct
comparison with standard 7-downsample models.

Post-training, the 5-downsample variant continued to show a substantial improvement in masked language
model loss, consistent with the gains observed during pre-training (Supplementary Figure B.1C). In contrast,
functional track performance did not exhibit a significant difference (Supplementary Figure B.1D). One possible
explanation is that, for this post-training experiment in particular, the dataset contains an enormous amount of
supervised functional track data, reducing the environment in which pre-training improvements have the largest
impact. Annotation track performance showed modest gains, consistent with previous results (Supplementary
Figure B.1E), where pre-training disproportionately benefits annotation tracks compared to functinal tracks,
likely because there is comparatively less information available in annotation tracks. During training, we did
not observe any substantial difference in the rate of convergence for functional or annotation tracks relative to
the 7 downsample variant (Supplementary Figure B.1C).

Overall, the 5-downsample model matches or exceeds the performance of the 7-downsample variant in
post-training, while achieving comparable results on functional tracks. We next investigate whether these
improvements in pre- and post-training translate into measurable gains on downstream tasks.

B.2.5. Evaluation on Downstream Tasks

To determine whether these pre-training improvements translate to downstream performance, we evaluated
both pre- and post-trained 5 down-sample models on a suite of tasks, including functional track prediction,
genome annotation, and zero-shot variant effect prediction. Despite improved pre-training metrics, the 5
down-sample variant exhibited comparable, or modest improvements in performance to the 7-down-sample
model across most tasks (Supplementary Figure B.2). This indicates a saturation effect, where additional
pre-training improvements do not meaningfully translate to increases in downstream performance.

We hypothesize three possible explanations: (1) the pre-training objective may be less relevant when supervised
fine-tuning data is abundant, (2) the 128 bp resolution (𝑁 = 7) is sufficient for capturing biologically relevant
long-range dependencies in current benchmarks, and (3)

B.2.6. Conclusions

Reducing the down-sampling factor 𝑁 induces a quadratic increase in attention cost, quickly pushing against
practical memory limits. In practice, this makes low down-sampling variants substantially more difficult to
train and deploy, especially when they require sequence parallelism even for inference, limiting accessibility
for the broader community.

As the 𝑁 = 7 configuration delivers comparable downstream performance while offering significantly higher
training and inference throughput, we adopt it as the default setting for the main NTv3 models. Achieving
meaningfully higher performance with lower 𝑁 architectures would require improvements large enough to
justify their added engineering and computational burden.

However, we note that the 5-downsample variant converges more quickly relative to computational cost
(FLOPs). While our analysis focused on the final checkpoints, it is possible that intermediate checkpoints of
the 5-downsample model would have reached equivalent downstream performance earlier in training than
the 7-downsample model, before eventual saturation. We hypothesize that reduced-downsampling models
could offer a more compute-efficient training trajectory, even if the final performance is similar. Exploring this
possibility, including whether early convergence translates to downstream gains, represents an interesting
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Supplementary Figure B.2 | Model Scaling on Downstream Tasks Comparison of post-trained 5- and 7-downsample
models across downstream tasks. Panels A–F also include pre-trained counterparts unless noted. A) Protein abundance
prediction in Zea mays. Post-training markedly improves performance across all sequence lengths, downsample variant
perform similarly.B) Gene expression prediction in Zea mays. Post-trained models outperform pre-trained baselines; the
post-trained 5-downsample model shows a modest improvement. C) Mean Pearson correlation across functional tracks
(ATAC-seq, histone ChIP-seq, PRO-cap, eCLIP, RNA-seq). Post-trained models consistently score higher, with similar results
for 5- and 7-downsample variants. D) Overall mean Pearson correlation across tracks. Post-training improves performance,
and downsample (DS) variants perform comparably. E) Mean annotation track MCC for intron, exon, splice acceptor,
and start codon classes. Performance is similar across downsample variants. F) Mean MCC across annotation tracks is
comparable for all models. G) Fine-tuning on the Borzoi dataset yields comparable performance for the 5- and 7-downsample
post-trained models.
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OpenGenome Subdataset Number of Tokens Max Sequence Length in Evaluation Set (𝐿max)

Eukaryotic Genic Windows 10,485,760 524,288
GTDB v220 18,874,368 262,144
IMG/PR 11,534,336 65,536
IMG/VR 17,825,792 65,536
Metagenomes 22,020,096 524,288
mRNA 29,360,128 8,192
mRNA Splice 13,631,488 16,384
NCBI Eukaryotic Genomes 79,691,776 1,048,576
ncRNA 13,631,488 32,768
Organelles 10,485,760 32,768
Transcripts 23,068,672 4,096

Table 12 | Details on the OpenGenome2 Evaluation sets for each sub-dataset. For each sub-dataset we evaluated NTv3 on a
held-out set, on all sequence lengths up to the reported maximum sequence length. The maximum evaluated sequence
legnth is distinct for each sub-dataset as the distribution of sequence length within each sub-dataset is variable.

direction for future work.

Such efficiency considerations further highlight the broader trade-off between latent resolution and com-
putational cost in model design. The trade-off between latent resolution and compute efficiency remains a
promising avenue for scaling genomic language models, motivating further studies to systematically probe how
pre-training loss, latent resolution, convergence dynamics, and downstream performance interact.

B.3. Sequence length mixing

Recent advances in genomic language modeling have shown that extending input context to the megabase
scale improves predictive performance by capturing distal regulatory interactions. However, models trained
exclusively on long sequences often underperform on tasks requiring short-range context. Recently reported
work [8] shows that on many functional tracks, models trained solely on long sequences exhibit degraded
performance on shorter inputs, relative to models specialized for these shorter lengths. In testing, we found the
same to hold true for other foundational models trained at long sequence lengths (Fig. 3G). This indicates a
trade-off between capturing global genome-scale structure and retaining robustness on local, short-range tasks.

To investigate this phenomenon, we systematically evaluated how NTv3 performs across a range of sequence
lengths and sub-dataset distributions, and how pre-training on sequences of different lengths affects short-
context retention.

B.3.1. Pre-training

Dataset 1 kb 2kb 4kb 8kb 16kb 32kb 64kb 128kb 256kb 512kb 1mb Row Total
Eukaryotic Genic Windows 2027 4899 11943 112336 110471 93764 51755 16855 5420 2697 1976 414149
GTDB v220 1516 12000 26433 38471 44825 46349 43627 38000 29377 19230 54903 354736
IMGPR 0 27 352 723 938 1075 964 815 570 232 51 5751
IMGVR 124 520 7911 7544 8102 9309 3023 1374 355 24 14 38305
Metagenomes 132013 184436 169243 125499 81595 56654 36972 22750 12169 5463 3015 829814
mRNA 12747 17940 13256 4931 1325 718 319 0 0 0 0 51240
mRNA Splice 9410 38018 29753 10856 2247 815 357 0 0 0 0 91459
NCBI Eukaryotic Genomes 0 0 0 0 0 616643 552967 456878 415052 448382 3740181 6230106
ncRNA 3057 2397 1682 887 722 1204 1198 494 421 41 0 12109
Organelles 0 0 0 107 153 34 141 2114 103 99 30 2784
Transcripts 603 2146 3563 2007 221 31 6 0 0 0 0 8580
TOTAL 161501 262388 264140 303367 250603 826601 691334 539284 463470 476172 3800172 8039036

Table 13 | Raw token count per sub-dataset and sequence length, including row totals.

During pre-training, we observed that training predominantly on longer sequences, without continued exposure
to shorter sequences, led to catastrophic short-context forgetting. In an initial experiment, an early version of
NTv3 650M (pre), NTv3 650M (old pre), was trained in three sequential phases with increasing, but fixed,
sequence lengths: 8 kb (3.8T tokens), 32 kb (6.7T tokens), and 1mb (7T tokens). Each phase iterated once
over all sequences at or above the target length, except for the 8 kb phase, which did not include any whole
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genome sequences. Notably, sequences of 1mb were present in both the 32 kb and 1mb phases. Despite strong
performance on long sequences and significant early training on shorter sequences, final checkpoints of NTv3
650M (old pre) exhibited poor performance on short sequences, highlighting short-context forgetting.

Evaluation Procedure. While final checkpoints performed well on the longest sequences, performance on
shorter sequences degraded markedly. We reason that this degradation can come from two sources (1) short
sequences come from a markedly difference distribution than long sequences and model has forgotten this
distribution, or (2) the model has lost the ability to process short contexts, regardless of distribution.

To investigate this phenomenon, we analyzed model performance across sequence lengths and sub-dataset
distributions. Specifically, we evaluated the 650M-parameter NTv3 model on each OpenGenome2 sub-dataset
using sequence lengths of the form 𝐿 = 2𝑖 for integers 𝑖 ∈ {10, 11, . . . , 20}. Evaluation followed the same
15% masking procedure used during training, and we report masked-token prediction accuracy. To isolate the
impact of sequence length, we evaluated the model on an identical held-out set of tokens for each sub-dataset,
which we segmented into chunks corresponding to the sequence length under consideration.

To ensure statistically robust estimates, we imposed a minimum of 10 million validation tokens per evaluation,
corresponding to approximately 1.5 million masked tokens on average. This requirement sets a maximum
allowable sequence length for each sub-dataset: for a given sub-dataset, in order to evaluate the model on
𝐿 = 2𝑖, there must be at least 10 million tokens in sequences of length ≥ 2𝑖. More explicitly, this can be
expressed as

𝐿max = max
{︀
2𝑖
⃒⃒
number of tokens in sequences longer than 2𝑖 ≥ 107

}︀
.

Because the distribution of sequence lengths varies across sub-datasets, the number of usable tokens and the
maximum evaluated sequence length differ for each. These values are summarized in Table 12.

Data Distribution Shift. OpenGenome2 is composed of multiple sub-datasets, each with a distinct sequence-
length distribution (Table 13 and Supplementary Figure B.3). Sub-datasets such as mRNA, ncRNA, organelles,
and transcripts are heavily underrepresented at longer sequence lengths, whereas sub-datasets like whole
genomes are overrepresented. Consequently, the data distribution encountered during the 8 kb phase, which
excludes whole genomes, differs substantially from later phases dominated by whole-genome sequences (Panel
Figure 2C, Supplementary Figure B.3).

We found that extended training on longer sequences caused NTv3 650M (old pre) to specialize for the
long-sequence distribution, leading to forgetting of shorter-sequence sub-datasets. This effect is evident in
the evaluation results. We find performance on short-sequence sub-datasets (mRNA, ncRNA, organelles,
and transcripts) declines in later training stages, while performance on long-sequence sub-datasets (whole
eukaryotic genomes) continues to improve (Supplementary Figure B.4). These observations underscore the
critical role of data distribution in genomic language model pretraining and highlight the need to account for
sequence-length composition when designing training curricula.

Short-Context Forgetting. Beyond distributional shifts, we investigated whether additional mechanisms
may contribute to the degradation of performance on short sequences. Specifically, we asked whether poor
short-sequence performance could arise even in the absence of distributional under-representation. Our analyses
indicate that distributional effects alone do not fully explain the observed degradation.

Even for sub-datasets that are well-represented and dominate the long-sequence distribution, particularly
whole genomes, performance on short sequences deteriorated in the later training phases (Supplementary
Figure B.5). This effect cannot be explained by a change in distribution as, in the case of whole genomes, this
dsitribution was only introduced in the final stages of the pre-training of NTv3 650M (old pre). That is, we see
performance degradation on short sequences is the absence of any changes in training data distribution.

This effect is most pronounced in evaluations of whole-genome sequences. In fact, we even observe that
checkpoints from the 8 kb phase consistently outperform later-phase checkpoints when evaluated on short
windows of whole genomes. This is especially surprising because there are no whole genome sequences in
the 8 kb phase, whereas later phases are dominated by whole genome sequences (Supplementary Figure
B.4A). The most likely explanation is that following the 8 kb phase, NTv3 650M (old pre) has lost the ability to
effectively process short contexts. In total, these results suggest that prolonged training on long sequences
may inherently compromise the model’s ability to retain information from shorter contexts. This phenomenon
may be especially strong given our architecture choice (U-Net) and the masked language modeling objective.
By contrast, autoregressive models naturally train on all contiguous subsequences up to the current sequence
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Supplementary Figure B.3 | OpenGenome2 Sequence Length Distribution by Sub-Dataset Histogram plots for each
of the 11 OpenGenome2 sub-datasets in the pre-training corpus of NTv3. Plots are shown on a log–log scale to capture
the orders-of-magnitude variation in both sequence lengths and counts. All sequences were filtered to have a minimum
length of 1,024 bp (hence the x-axis beginning at 103), and eukaryotic genomes were further filtered to sequences of at
least 32 kb, as reflected in the distribution.
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Supplementary Figure B.4 | Effect of Sequence Length Mixing on Long-Context Generalization Models trained without
sequence-length mixing (NTv3 650M (old pre)) show noticeable degradation when evaluated on sub-datasets whose
distribution are no present at long contexts, whereas models trained with 1T-token sequence-length mixing (NTv3 650M
(pre)) mitigate the impacts of distribuion shift. A) NTv3 650M (old pre) on IMG/PR shows degradation after long-context
training. B) NTv3 650M (pre) with 1T-token sequence-length mixing on IMG/PR shows minimal degradation. C) NTv3
650M (old pre) on mRNA also shows degradation. D) NTv3 650M (pre) with sequence-length mixing on mRNA remains
stable. E) NTv3 650M (old pre) on transcripts also shows degradation. F) NTv3 650M (pre) with sequence-length mixing
mitigates performance degradation on transcripts.
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Supplementary Figure B.5 | Short Context Forgetting Models trained without sequence-length mixing (NTv3 650M (old
pre)) degrade on shorter contexts, even on distribution that make up the majority of the later stages of training (Eukaryotic
Genomes and Eukaryotic Genic Windows). Models trained with 1T-token sequence-length mixing (NTv3 650M (pre))
maintain performance. A) NTv3 650M (old pre) shows degradation on short sequences of Eukaryotic Genomes. B) NTv3
650M (pre) with sequence length mixing retains performance on short Eukaryotic Genomes sequences. C) NTv3 650M
(old pre) shows degradation on short sequences of Eukaryotic Genic Windows D) NTv3 650M (pre) with sequence length
mixing maintains performance on short Eukaryotic Genic Windows sequences.
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Supplementary Figure B.6 | Sequence-Length Extension A) Sequence-length mixing mitigates or completely eliminates
short-context forgetting observed in NTv3 650M (old pre). Even after seven stages of 1T-token length extension, NTv3
650M (pre) exhibits very little degradation. Models with 50B-token stages of length extension show less degradation on
sub-datasets primarily composed of short sequences, but under-perform the longer length extension models on sub-datasets
primarily composed of long sequences (Eukaryotic Genomes).

length, which could explain their improved ability to generalize to varying sequence lengths.

Mixed-Length Pretraining Mitigates Short-Context Forgetting. To mitigate the effects of short-context
forgetting and distributional shifts, we implemented mixed-length pretraining, in which sequences of varying
lengths are continuously sampled throughout training, including in the sequence length extension phase as the
model is processing the longest context lengths.. The exact procedure is detailed in Sections 4.2.1 and 4.2.2.
This approach ensures that the model maintains exposure to shorter sequences while simultaneously learning
from long-range contexts.

To assess whether mixed-length pretraining mitigates short-context forgetting, we examined the performance
on short-sequence windows of whole genomes and eukaryotic genic sub-datasets, which were previously found
to degrade under sequential-phase training. We find that training on a continuous mixture of sequence lengths
preserves short-context performance while still enabling efficient learning of long-range dependencies. We
compare the original sequential approach of NTv3 650M (old pre) to a sequence length ablation where we
spend over 7 Trillion tokens on sequence length extension, thus giving substantial time for short sequence
length degradation were it to occur. The experiment, and its motivation, is described in detail in Supplementary
Section B.4. Despite such a significant time spent on a long sequence, we find these sub-datasets exhibit little
to no degradation on shorter sequences, in contrast to the original training approach (Supplementary Figure
B.5B and D).
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Mixed-length pretraining also mitigates the effects of distributional shift caused by the unequal representation
of sub-datasets across sequence lengths. Sub-datasets that are underrepresented at long sequence lengths,
such as mRNA, mRNA Splice, ncRNA, organelles, and transcripts, maintain substantially higher masked-token
accuracy under the mixed-length training scheme. Even when we extend the length extension to 7 trillion
tokens, under-represented sub-datasets perform well despite comprising a small fraction of the training data.
Accuracy on these short-sequence sub-datasets increased from as low as 40% under sequential-phase training
to 50-60% under the sequence length mixing (Supplementary Figure B.4B, D and F).

Short sequences remain a small percentage of the long-sequence-dominated data distribution (Table 2),
so mixed-length pretraining does not fully eliminate distributional effects. Nevertheless, by continuously
sampling sequences of varying lengths, the model retains exposure to underrepresented sub-datasets, reducing
performance degradation relative to sequential-phase training. Future work could further improve this balance
through adaptive sampling strategies or more carefully designed curricula that explicitly account for the full
spectrum of sequence lengths.

B.3.2. Post-training

A similar phenomenon was observed during post-training on functional tracks and genome annotations. In
a controlled experiment, we compared models trained either at a fixed sequence length of 131 kb or with a
mixed-length schedule up to 131 kb. The mixed-length schedule sampled sequences of length 16 kb, 32 kb,
65 kb, and 131 kb, with weights of 10% assigned to each of the three shorter lengths and 70% to 131 kb. All
models were initialized from the final stage of length extension described in Section 4.2.2 and trained for 300 B
tokens under identical conditions to the post-training setup described in Section 4.3. Evaluation was performed
on a fixed held-out set, partitioned into chunks matching the sequence length under consideration. Metrics
were computed over the central 37.5% of each sequence, using a 62.5% overlap to ensure every nucleotide
contributed to evaluation.

Mixed-length post-training substantially preserved supervised performance on short sequences for both func-
tional and annotation tracks, without reducing performance at longer lengths. For functional tracks, we report
the mean Pearson correlation across DNase-seq, ATAC-seq, histone ChIP-seq, TF ChIP-seq, CAGE, and RNA-seq.
The mixed-length protocol yielded consistent improvements at short contexts across all assays, with the largest
gains in RNA-seq and ChIP-seq (Supplementary Figure B.7A,C).

We observed similar trends for annotation tracks. For most of the 21 evaluated tracks, the mixed-length strategy
markedly outperformed fixed-length training at short contexts and matched performance at longer contexts.
Tracks that benefited from mixed-length post-training, including Enhancer Tissue-Invariant/Specific, Start/Stop
Codon, Long Non-Coding RNA, ORF, Splice Site, and 5UTR+, showed improvements across all sequence
contexts, including the longest lengths, despite receiving fewer training tokens at those lengths. A small subset
of tracks exhibited slightly lower performance under mixed-length training, most notably Intron/Exon and
5UTR– (Supplementary Figure B.7B and D).

Taken together, these results demonstrate that sequence-length mixing is an effective strategy for preventing
short-context forgetting during downstream supervised fine-tuning.

B.3.3. Implications

Our experiments indicate that catastrophic short-context forgetting can occur when models are trained primarily
on long sequences, and that distribution shifts may exacerbate this effect. This phenomenon may be influenced
by characteristics of the model architecture, such as the UNET-based design, or by the masked language
modeling training objective, which, unlike auto-regressive objectives, does not explicitly expose the model to
all shorter subsequences. We find continuous exposure to shorter sequences, achieved through mixed-length
training, mitigates short-context forgetting and ensures the model remains robust across the full range of
sequence lengths. Understanding the relative contributions of architectural and training factors which contribute
to short context forgetting remains an important direction for future research.
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Supplementary Figure B.7 | Impact of Mixed Sequence Length on Post-Training All figures compare models trained
for 400B tokens either using sequence length mixing (as described in subsubsection 4.3.1) or using a fixed length of 131 kb.
A) The mean Pearson over all human functional tracks at varying sequence lengths. B) The mean MCC over all human
annotation tracks at varying sequence lengths. C) Mean Pearson correlation per assay for human functional tracks. D)
Human genome annotation MCC for each element.
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B.4. Pre-Training Sequence Length Extension

Training on extended sequence lengths is prohibitively expensive for standard transformer-based approaches.
NTv3, however, enables efficient training at long contexts, providing the opportunity to capture long-range
interactions and leverage the abundance of whole-genome data that prior models could not fully exploit.

Motivated by this capability and the success of shorter 50B-token pretraining stages, we scaled up the length
extension phase significantly. In this ablation, we conducted a length-extension phase on a version of the NTv3
650M (pre) model taken after 8kb-training. We do a length extension using 1 trillion tokens per stage for a
total of 7 trillion tokens. This brought the cumulative training data to over 17 trillion tokens.

B.4.1. Evaluation

We evaluated the model on the OpenGenome2 dataset, measuring performance across multiple sequence
lengths and each sub-dataset. Checkpoints throughout the training process were assessed on a fixed held-out
set to track performance evolution during both pretraining and length extension. Details on the construction of
the held-out set follow the mixed-length pretraining experiments, and are described detail in Section B.3. The
complete composition of the OpenGenome2 sub-datasets during training is shown in Figure F of Panel 2, and
we also provide a table with number of tokens present at each sequence length for each of the OpenGenome2
sub-datasets (Table 13).

B.4.2. 7 Trillion Token Length Extension: Performance Across Sequence Lengths and Distributions

Consistent with observations from the shorter 50B-token stages, in the 1 trillions sequence length extension
phase, the model adapts rapidly to newly introduced sequence lengths, quickly achieving performance compara-
ble to shorter sequence. For sub-datasets containing abundant long sequences, such as whole genomes, extended
training led to continued improvements, with peak performance observed at the longest sequence lengths and
later stages of training (Supplementary Figure B.8F). In contrast, sub-datasets lacking long sequences, including
ncRNA, mRNA, transcripts, and others, exhibited increased performance degradation(Supplementary Figure
B.8). This degradation occurred despite sequence-length mixing, which heavily favored the longest sequences:
in the later stages of the length-extension phase, over 50% of tokens were sampled from the two longest
sequence lengths (2). Most long sequences are drawn from whole genomes (Table 13), so extended training
disproportionately emphasizes this distribution, reducing performance on underrepresented sub-datasets that
primarily appear in shorter sequences.

Our choice of weighting schedule was driven by the assumption that the model should primarily observe
the newly introduced longest sequence lengths to rapidly adapt to them. However, the combination of quick
adaptation to new sequence lengths and the observed degradation of short-sequence sub-datasets suggests that
a smaller fraction of tokens could be allocated to the longest sequences. Future work could define sequence
sampling primarily based on the data distributions deemed most critical rather than allocating a large fraction
of tokens to the longest sequences. For architectures that efficiently handle long-range contexts, this approach
could enable prolonged mixed-length training without the need for distinct length-extension phases, simply by
specifying the desired sampling probabilities for each distribution and sequence length.

B.4.3. Choice of Length Extension Phase

Although performance on whole genomes improved, the combined effect of degradation on short-sequence
sub-datasets and the high computational cost of extended training motivated our decision not to apply the full
1T-token length extension. Instead, we relied on the shorter 50B-token stages which showed less degradation
on the OpenGenome2 sub-datasets which are underreprented at long contexts (Supplementary Figures A.2,
A.3 and A.4). These findings highlight a key consideration in long-sequence training: realizing gains from
extended context lengths depends critically on the composition of the training data. Over-representation
of certain regions, such as whole genomes, can introduce distributional shifts that degrade performance
on underrepresented sub-datasets, while under-representation of functionally important regions may limit
overall model utility. As demonstrated previously [28], careful curation and weighting of the pretraining
dataset, focusing on functionally enriched regions, can enhance downstream task performance even when long
sequences are available.
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Supplementary Figure B.8 | 1 Trillion Token Stage Sequence Length Extension A–J) Accuracy of NTv3 650M (pre)
over the course of pre-training and seven stages of 1T-token length extension on each OpenGenome2 sub-dataset. Models
were evaluated at multiple sequence lengths on a fixed held-out set of each sub-dataset.
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For architectures capable of efficiently processing long-context whole-genome sequences, additional gains may
be achieved through extended training, provided that sequence length schedules and dataset distributions are
carefully balanced. These results underscore the importance of both model architecture and data engineering
in realizing the benefits of long-context pretraining for DNA sequences.

B.5. Multi-species Functional Tracks Head Implementation

Post-training uses a linear head for each species to predict the number of functional tracks for that species.
During the first phase of post-training, 8 samples of 131 kb are simultaneously processed using data parallel
(i.e. one sample per device). Since the samples are randomly picked from the different species, the batch
normally contains data from multiple species.

Requiring the model to use different heads for different samples in the batch is not possible with JAX’s distributed
jit compilation. JAX’s distributed jit compilation follows the single-program-multiple-data (SPMD) paradigm,
meaning that every device must perform exactly the same computation, irrespective of the data involved.

Each species has a tracks-head that predicts the number of tracks for that species. Our solution is to pad the
output logits from each head to the maximum number of tracks in any species, in our case, this is human with
7326 tracks. The multi-species head initialises a logit array with the padded size of the logits for each species.
Then the head loops through each species and computes the logits. A mask is used to determine if current head
correlates to the samples species. Then the head logits are mutlipled by the mask and added to the output logit
array.

This multi-species head ensures that exactly the same computation is performed on all devices irrespective of
the species. This results in the code being suitable for the SPMD paradigm. A limitation of this approach is the
inefficiency is calculating the logits for every single species. However, it is not possible to avoid this when using
the SPMD framework.

It is not possible to compute the logits for all tracks in a single pass because of memory limitations when using
a large number of tracks (NTv3 used around 16k).

1
2 def multi_species_tracks_head(x: Array, species_idx: Array,
3 num_tracks_per_species: list[int]) -> Array:
4 # Determine maximum number of tracks across species for padding
5 max_tracks = max(num_tracks_per_species)
6 # Initialize output logits, padded to max_tracks
7 logits = zeros(x.shape[:-1] + (max_tracks,))
8 for i, num_tracks in enumerate(num_tracks_per_species):
9 # Compute species-specific predictions
10 species_logits = tracks_head(x, num_tracks)
11 # Pad to maximum tracks
12 species_logits = pad(species_logits, (0, max_tracks - num_tracks))
13 # Mask to select predictions for current species
14 mask = (species_idx == i)[:, None, None]
15 logits = where(mask, species_logits, logits)
16 return logits
17

B.6. NTv3 benchmark

In this section, we outline the Ntv3 Benchmark rationale, including the methodological choices adopted to
ensure fair, efficient, and biologically meaningful evaluation across species. We describe the implementation
details across JAX, DeepSpeed, and BioNeMo pipelines. We then summarize the main conclusions drawn from
benchmarking the different models on downstream tasks.

B.6.1. Motivation

The Ntv3 Benchmark serves as a standardized evaluation framework to compare SOTA models and assess
the transferability of post-trained genomic representations to downstream prediction tasks. By spanning seven
species across both animal and plant kingdoms, the benchmark enables evaluation of model performance across
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diverse phylogenetic contexts and varying genome sizes. For species encountered during post-training, we
exclusively use regulatory tracks absent from post-training supervision, thereby isolating the contribution of
learned representations from direct signal reuse. For species not seen during post-training, the benchmark
provides a direct test of cross-species generalization capabilities. This dual-strategy approach ensures that
performance differences reflect genuine improvements in representation quality rather than artifacts from
supervision overlap, while simultaneously offering a comprehensive assessment across both familiar and novel
genomic contexts.

B.6.2. Design choices

Stopping criterion. To ensure fair comparison across species with varying genome sizes, we define an epoch
as a complete pass over the training portion of each species’ genome, and train models for 10 epochs. This
approach normalizes the training budget relative to genome size, ensuring that models are not disadvantaged
by the availability of species-specific data. Analysis of training and validation curves across multiple species
and tasks revealed that 10 epochs provide sufficient training for models to reach convergence. The choice of 10
epochs balances computational efficiency with ensuring that all models have adequate opportunity to learn
task-specific patterns. Table 14 summarizes the training token budgets for each species.

Species Genome Split Size Training Tokens Tokens per Validation
(Nucleotides) (10 epochs) (Half epoch)

train | val | test

Human 2.09B |345.58M |345.49M 20.9B 1.05B
Chicken 947.28M | 52.61M |52.60M 9.47B 473.64M
Cattle 2.64B | 55.27M |55.57M 26.4B 1.32B
Arabidopsis 106.15M | 6.00M |7.00M 1.06B 53.01M
Maize 2.01B | 59.11M |59.22M 20.1B 1.01B
Rice 333.21M | 20.02M |20.02M 3.33B 166.61M
Tomato 799.82M | 8.46M |8.46M 8.0B 399.9M

Table 14 | Training token budgets per species. Training tokens are calculated as 10× the genome (nucleotides) in the
training split. Validation and checkpointing occur every half-epoch, corresponding to 5% of the total training budget.
Genome split sizes show the number of unique nucleotides in each split (train, validation, test) for each species.

Multi-tasking for functional tracks prediction. The Ntv3 Benchmark evaluate models with different
strategies for functional and genome annotation tracks. Genome annotation tracks are evaluated individually,
whereas functional tracks are evaluated jointly in a multi-task learning setup. This design choice for functional
tracks is motivated by computational efficiency and the biological observation that different regulatory signals
(e.g., ATAC-seq, RNA-seq, ChIP-seq) are often correlated and can benefit from joint learning.

To validate that multi-task functional tracks training achieves comparable performance to single-task training,
while being more efficient, we conducted preliminary experiments comparing models trained on several tracks
simultaneously (multi-task) versus models trained on individual tracks separately (single-task) on human and
arabidopsis functional tracks. Test set evaluations demonstrate that multi-task training achieves similar or
better performance compared to training separate models for each track, while requiring significantly less
computational resources (Supplementary Fig. B.9). Based on these findings, we adopt multi-task training as
the standard approach for functional track prediction in the benchmark, ensuring computational efficiency
while maintaining evaluation quality.

Multi-framework implementation details. The JAX pipeline was used to fine-tune the NTv3 suite of models
and CNNs baselines. In order to evaluate competing models on Ntv3 Benchmark, we decided to implement
a torch-based pipeline compatible with various pretrained models available on Hugging Face, using DeepSpeed
as a framework to accelerate training.

However, to our knowledge, no Evo2 fine-tuning pipeline has been implemented. Following authors’ suggestion
on the public inference repository (https://github.com/NVIDIA/bionemo-framework/issues/1170),
we implemented the fine-tuning pipeline using BioNeMo framework.

All pipelines maintain identical core components: (1) data pre-processing using the same sequence extraction
and track processing functions, (2) loss computation using the same Poisson-multinomial loss for functional
tracks and weighted focal loss for genome annotation tracks, and (3) backend-specific metrics definitions.
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Supplementary Figure B.9 | Comparison of multi-task vs single-task learning on functional tracks. (A) Pearson
correlation on 3 human tracks. (B) Pearson correlation on 4 Arabidopsis tracks. MT refers to multi-task models while ST
refers to single-task models.

Furthermore, we maintained a similar optimization scheme across pipelines, ensuring comparable training
dynamics.

B.6.3. Main conclusions

The Ntv3 Benchmark provides a comprehensive evaluation framework that reveals several key insights
about genomic foundation models. First, post-training significantly improves downstream task performance
across all model architectures, demonstrating the value of representation learning for genomic applications.
Second, larger models generally achieve better performance, though the relationship between model size
and performance varies across species and track types. Third, models show strong performance on species
seen during post-training, with more variable results on unseen species, highlighting both the benefits of
species-specific training and the challenges of cross-species generalization. Finally, the benchmark demonstrates
that multi-task learning is an effective and efficient approach for genomic track prediction, achieving comparable
performance to single-task training while reducing computational costs.
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B.7. Model interpretation

B.7.1. Future Directions for Model Interpretability and Development

Our analysis highlights several avenues for enhancing the interpretability and utility of deep sequence models.
First, incorporating explicit conditioning tokens (e.g., cell-type or species embeddings) at the input stage
could improve the resolution of attention mechanisms. Currently, as shown in Fig. 6B, our attention maps and
predicted functional annotations aggregate signals across all cell types, which—while accurately aligning with
the ENCODE cCRE annotations across cell types—can obscure cell-type-specific regulatory logic. Conditioning
tokens would allow the model to dynamically mask irrelevant interactions and more cleanly reveal the regulatory
grammar active in a single cellular context. Relatedly, although we use the mean attention map from the final
multi-head attention layer for interpretability, a richer analysis should examine how regulatory information is
propagated across layers and distributed among heads. Such a decomposition—tracking which heads specialize
in motif-level, chromatin-scale, or long-range enhancer–promoter interactions, and how these roles evolve
through depth—would offer a more mechanistic view of how the model integrates regulatory cues.

A second interpretability challenge arises in the predicted genome annotation probabilities for exon and
intron states, which occasionally appear simultaneously elevated in the same genomic region. In most cases
where this non-exclusive behavior occurs, the corresponding GENCODE annotations show substantial isoform
heterogeneity—regions annotated as exonic in some transcripts but intronic in others. Because our post-trained
model was optimized under a one-to-one mapping between each input sequence and an annotation track, it
effectively learns a collapsed, isoform-averaged representation of these ambiguous regions. As a result, the
model may express uncertainty by activating multiple mutually exclusive states, reflecting the latent structural
diversity it was not explicitly trained to disentangle. Future extensions could address this limitation by training
on transcript-resolved annotations, using multi-label or soft-target supervision to represent isoform mixtures,
or incorporating probabilistic decoders that explicitly model transcript-specific structure rather than forcing a
single deterministic label per position.

A final direction for enhancing interpretability lies in expanding the diversity and granularity of supervised
genomic annotations used during post-training. For instance, a model trained on a richer set of transcription
factor (TF) occupancy labels—spanning distinct TF families, cell types, and species—would allow attribution-
based motif discoveries to be corroborated directly through explicit prediction heads. Such annotations could
serve as a form of grounded interpretability, where motifs illuminated by backpropagation are immediately
validated by corresponding TF-specific outputs, reducing the burden on deeper mechanistic probing and
increasing confidence in causal inferences. This would also mitigate the methodological ambiguity introduced
by the wide range of available attribution techniques and the many ways they can be summarized (e.g.,
profile-summed, enhancer-restricted, or window-specific), which currently create variability in mechanistic
interpretation. Relatedly, it would reduce dependence on downstream motif-mining tools whose outputs
can vary substantially depending on hyperparameters and method-specific limitations. In practice, however,
the availability of high-quality TF binding data remains highly uneven: ChIP-seq and CUT&RUN datasets
are sparsely distributed across cell types, often limited to a few dozen canonical regulators, and far less
comprehensive in non-human species. As broader, multi-context TF profiling becomes increasingly feasible,
integrating these annotations into training pipelines may yield models whose internal regulatory abstractions
align more directly with experimentally defined transcriptional grammars, thereby reducing the reliance on
post hoc interpretability methods and making the models themselves more intrinsically interpretable.

B.7.2. Methodological Considerations for Interpretable Variant Prioritization

To leverage NTv3 ’s expansive cross-species and multi-modal training for variant prioritization, we anchored our
analysis on ground-truth expression quantitative trait loci (eQTLs) from the GTEx project (Human Whole Blood)
and developed a differential framework (Fig. 6E). While our global analysis demonstrated that pathogenic
variants yield significantly larger attribution differences than benign controls (Wilcoxon 𝑝 < 0.001; Fig. 6F),
the distributions also indicated that the model is most expressive for a specific subset of pathogenic candi-
dates. To maximize the model’s utility, we focused on mechanistically characterizing these "putative true
positives"—variants that drive substantial rewiring in the model’s internal representations—while distinguishing
them from cases with negligible attribution shifts. We therefore developed a ranking framework to curate the
strongest candidates for detailed mechanistic interpretation.

102



NTv3

(i) Quantitative Signal Prioritization. Given that the quantitative attribution-shift metric used in our
global Wilcoxon analysis already separates high-impact pathogenic variants from benign controls, we begin our
ranking framework by formalizing the rationale behind this metric and extending it into a broader quantitative
layer for variant prioritization. The key observation is that although the genomic windows processed by NTv3
are large (up to 1Mb), the reference and alternative alleles remain structurally aligned, sharing an identical
regulatory context everywhere except at the mutation site. Because NTv3 internalizes this shared cis-regulatory
background—chromatin context, nucleosome positioning, and neighboring TFBSs—as stable features across
alleles, the variant-induced mechanistic change is decoupled from the background. This decoupling enables
global distance metrics to detect focal disruptions without being overwhelmed by high-dimensional background
variation, consistent with recent counterfactual attribution studies (e.g., SEAM [51]) showing that gradient-
based saliency maps respond selectively to the causal nucleotide substitution while leaving the surrounding
background attribution signals largely unchanged.

Ranking variants directly by the distance between their reference and alternative attribution maps can be
computed using different distance metrics—including Euclidean distance (𝐿2), cosine similarity, and Kull-
back–Leibler (KL) divergence—and each metric may optionally be evaluated over attribution windows of
varying length centered on the SNV. Interestingly, we found that these distance metrics stratified variants
differently as a function of window length. Euclidean distance yielded the highest AUROC for distinguishing
pathogenic from benign variants at smaller windows (approximately ±50 bp), consistent with its sensitivity to
the magnitude of localized attribution changes. In contrast, cosine similarity achieved the highest AUROC when
computed over the full attribution window, reflecting its scale invariance and its sensitivity to coordinated,
directionally consistent shifts across broader regions. These complementary behaviors indicate that the metrics
capture distinct scales of biological perturbation. In the case of Euclidean distances, the ranking provides an
effective first-pass stratification of variants with sharp motif perturbations, such as the “motif ablation” and
“motif creation” classes illustrated in Fig. 6G,H. The top-ranked candidates also illuminate a distinct class of
“distributed” regulatory rewiring (Fig. 6I), in which pathogenic variants perturb regulatory logic across broader
genomic regions rather than producing a single, localized burst—motivating the extension of this quantitative
prioritization to spatially aware differential metrics.

To capture these spatially distributed attribution signals, we propose a secondary suite of ranking strategies
centered on fold-change analysis. For attribution maps, we quantify the spatial diffusivity of the signal by
computing positive and negative log2 fold-change profiles between alternative and reference alleles (denoted
as
∑︀

log2FC in Fig. 6J). Applying a signal-detection threshold to these differential profiles yields a "maximum
spatial extent" metric—defined as the furthest genomic position from the central SNV retaining significant
positive or negative signal—which provides an orthogonal ranking axis to the global distance measures. This
differential approach extends to NTv3 ’s other latent and output modalities, enabling parallel rankings based
on structural and functional rewiring. For attention, we compute the log2 fold-change between reference and
alternative attention matrices based on the last layer or optionally the layer with the largest absolute log2
fold-change. For model outputs, variants are ranked by the log2 fold-change in predicted functional tracks or
by the fold-change in predicted genome annotations. Additional orthogonal metrics may also be explored—for
example, computing the entropy of the attention maps to prioritize variants that induce highly coordinated or
cooperative interaction patterns. Collectively, these metrics constitute the quantitative signal prioritization
layer of our framework, isolating high-signal candidates for subsequent biological validation.

(ii) Genomic Context and Functional Annotation. Following quantitative prioritization, we integrated
biological annotations to ground the model-derived signals in known genomic features. Using the Ensembl
Variant Effect Predictor (VEP) [54] with GENCODE annotations, we cataloged for each prioritized variant the
affected gene targets, variant consequence (e.g., splice donor region variant, intron variant, 3′UTR variant),
and predicted impact scores (high, medium, low, modifier). We also captured transcript-level complexity by
enumerating associated isoforms—from single transcripts to dozens of alternatively spliced variants—and
the full set of associated genes, including bidirectional promoters and other multi-gene regulatory domains.
These annotations filter the high-signal candidates to those with clear biological relevance, ensuring that the
mechanistic changes inferred by NTv3 correspond to interpretable genomic elements rather than modeling
artifacts. By cross-referencing the annotations with the quantitative rankings, we isolate variants where the
model’s mechanistic prediction—such as the loss of a splice motif—aligns with the structural disruptions
annotated by VEP, thereby increasing confidence in the model’s interpretation.

(iii) Mechanistic Synthesis and Literature Validation. In the final stage, we contextualized prioritized
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variants within the broader scientific literature. We ranked candidates by their citation frequency in the
NCBI database to distinguish well-studied variants from more novel discoveries. To ensure relevance to the
biological system under study, we advise filtering retrieved citations to those containing tissue- or process-
specific keywords—for example, in whole-blood models, terms such as “erythroid", “hematopoietic", “immune",
“leukocyte", “myeloid", “lymphoid", “blood", or phrases indicating multi-tissue or broadly acting regulatory
effects. This filtering helps ensure that literature evidence is functionally aligned with the regulatory context
modeled by NTv3. To bridge the gap between NTv3 ’s internal representations and established biology, we also
cross-referenced the TFBS motifs identified as "ablated" or "created" in the attribution maps with the Tomtom
database, thereby linking the model’s learned regulatory grammar to specific transcription factors and their
known biological functions.

To streamline this process at scale, we envision AI agents capable of automatically retrieving and synthesizing
relevant papers across a broader scope than traditional databases. Such agents could mitigate the limitations of
structured indexing; for instance, we observed that supplemental manual searches (e.g., via direct web searches
for rsIDs) often identified relevant functional studies or preprints not yet captured by NCBI. By connecting
the molecular mechanisms proposed by NTv3 (e.g., "ablation of an ELK1 site") with disparate evidence of a
factor’s role in the relevant tissues or disease context, these agents could yield coherent, automated mechanistic
reconstructions similar to our manual analysis for Fig. 6.

(iv) Comprehensive Visualization and Reproducibility. We implemented this ranking framework in a class-
based Python toolkit tailored to NTv3. The toolkit provides modular interfaces for computing and visualizing
the mechanistic representations described in this note—from attribution and attention matrices to differential
fold-change profiles and predicted signal tracks. We distribute this toolkit via a Colab notebook to enable users
to inspect, rank, and visualize the impact of variants at their loci of interest using NTv3’s learned regulatory
representations.

B.7.3. Biological Interpretation of Representative Variant Case Studies

By contrasting reference–alternative attribution maps, NTv3 resolves pathogenic SNVs into distinct mechanistic
classes. Here we provide detailed biological interpretation for representative variants in each class.

Motif ablation. In the motif-ablation class, NTv3 signals that a pathogenic variant destroys TFBS functionality
by collapsing a strong attribution-based motif in the reference allele to near zero in the alternative. For example,
NTv3 reveals a pathogenic SNV (Fig. 6G) that ablates the binding site for TEF—a transcriptional driver in
the human hematopoietic compartment [109]—within TMEM252, a recently identified pan-cancer tumor
suppressor gene [110].

Motif creation. In the complementary motif-creation class, NTv3 signals that a pathogenic variant introduces
new regulatory grammar by generating an attribution-based motif that is absent in the reference. For example,
upon introduction of SNV rs12884809 in the KLC1 locus (Fig. 6H), NTv3 reconstructs a de novo ELK1 motif.
Aligning with this reconstruction, independent GWAS/TWAS analyses report enhanced ELK1 binding at the
KLC1 promoter and elevated KLC1 expression for the same pathogenic allele [111].

Motif synergy. In a third, less commonly recognized class, NTv3 signals that a pathogenic variant perturbs
regulatory logic in a distributed rather than local manner. Whereas standard attribution frameworks emphasize
base-resolution, motif-centric effects, they do not typically account for variant-induced architectural remodeling
that unfolds across tens to thousands of base pairs. In contrast, NTv3 reveals coordinated, multi-motif rewiring:
for example, NTv3 attributes the noncoding transcript exon variant [54] rs12216891 to the enhancement of a
binding site for the mucosal regulator SPDEF, triggering a cascade of motif gains and losses within the ABO
locus including a repressive NFIC site 150 bp away (Fig. 6I). Interpretation of NTv3’s gradients provides a
putative mechanistic basis for the variant’s validated link to severe COVID-19 [112], suggesting it upregulates
ABO glycosyltransferase activity, thereby increasing the density of surface antigens in the respiratory lining
that facilitate viral entry.

Multi-scale variant reconstruction. The mechanistic classes described above are not mutually exclusive;
distributed regulatory rewiring often encompasses local motif-level changes as subcategories of larger architec-
tural effects. The APOL4 splice variant rs9610445 (Fig. 6J) exemplifies this multi-scale behavior. At the central
variant position, NTv3 identifies splice-donor motif ablation—characteristic of the motif-ablation class—while
simultaneously revealing distributed, long-range architectural reweighting in attention maps extending nearly
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Pre-training Sequence Context Activity (KL ↓) K-mer spectrum (JS ↓) Motif occurrence (PR ↑)

True True 0.72 0.045 0.967
True False 0.81 0.045 0.967
False True 1.08 0.044 0.966
False False 0.97 0.045 0.967

Table 15 | Ablation results on NTv3 generative results. Arrows indicate the preferred direction for each metric (lower ↓ or
higher ↑).

32 kb from the variant site. Notably, AlphaGenome [8] independently recovers the same local splice-donor
disruption through in silico mutagenesis in colon tissue, providing orthogonal support for NTv3’s mechanistic
reconstruction, although that analysis was limited to motif-level changes and did not examine additional
regulatory modalities. This example illustrates how NTv3’s multimodal outputs can disentangle hierarchical
regulatory effects that span from nucleotide-level motif disruption to kilobase-scale interaction remodeling.

B.8. Fine-tuning NTv3 for sequence generation

During the development of NTv3 for sequence generation, we investigated two key design questions. First, we
asked whether the model truly leverages sequence interaction information provided by the promoter reporter
context, rather than treating the two promoter constructs as simple categorical prompts during in context
training. Second, we aimed to assess the extent to which the generative model benefits from the pretrained
NTv3 650M (pre) initialization. To examine these factors, we constructed a simplified experimental setup
using the same model architecture under the MDLM training scheme. We trained a model on STARR seq
peak sequences without any conditioning signals. These peaks represent enhancer regions with measurable
activity under either DSCP or RpS12. To ablate promoter specific context, we replaced all DSCP promoter
constructs with a poly T sequence and all RpS12 constructs with a poly A sequence. Input lenght reamined
4096bp and Enhancers were still inserted in their usual positions. The model was trained using the same
hyperparameters as the full NTv3 setup. And to test the effect of pre-training, we trained identical model
architectures from random initialization under the same training procedure and data setup. All models were
trained to convergence.

Because these ablation models cannot be evaluated in cellulo, we performed more stringent in silico assessments.
For each model, generated sequences were compared with held out test sequences using both oracle predicted
activity and sequence level similarity measures. To assess functional agreement, we computed the KL divergence
between the oracle predicted activity distributions of generated and held out sequences. To assess compositional
similarity, we performed K mer spectrum analysis for 1 through 4 mers and computed the Jensen Shannon
divergence between generated and held out profiles. To quantify regulatory signature similarity, we scanned
all sequences using motifs from the JASPAR database and computed the Pearson correlation between motif
enrichment profiles. These metrics follow the assumption that sequences serving comparable regulatory roles
should share similar compositional and motif level structure.

The resulting metrics are summarized in Table 15. From these results, we observe that pretraining consistently
improves generation quality across conditions. Interestingly, including sequence context improves performance
only when the model is initialized from NTv3 650M (pre), but slightly degrades performance when training
from scratch. This suggests that without prior knowledge of genomic sequence structure, additional context
makes the task more difficult, whereas pretrained models are able to integrate contextual information in a
beneficial way. This supports the conclusion that NTv3 does in fact leverage sequence interaction information
when such information is available.

A second observation is that sequence profile metrics such as K mer spectrum and motif occurrence show
limited sensitivity in this setting. Despite clear functional differences reflected in the oracle predicted activity,
these structural metrics exhibit minimal variation across conditions. As a result, in our main experiments we
place greater emphasis on oracle based activity metrics when assessing generation quality. These metrics were
used to select key generation hyperparameters, including the guidance scale 𝛾 and the number of denoising
steps. The 𝛾 value used in the final model was chosen to minimize the KL divergence between generated and
held out activity distributions, and the number of generation steps was set at the threshold beyond which
additional steps did not further reduce KL divergence. With these hyperparameters established through in
silico evaluation, our final assessment of generated sequences relies on the gold standard of direct in cellulo
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validation.
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C. Supplementary Table Legends

Supplementary Table C.1 | Details of functional tracks used in post-training per species.

Supplementary Table C.2 | Details of genome annotation elements used in post-training per species.

Supplementary Table C.3 | Details of Ntv3 Benchmark tasks.

Supplementary Table C.4 | Details of gene-level downstream tasks in Agronomics.
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