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Omnireg-gpt: a high-efficiency foundation
model for comprehensive genomic sequence
understanding

Aowen Wang1,8, Jiaqi Li 2,3,8,9 , Hongyu Dong 1,4,5,8, Bocheng Xu 6,
Qingyu Yin6, Yanchao Xu1, Jie Fu7 & Junbo Zhao 1,9

The human genome contains a sophisticated array of elements that regulate
gene activity and organismal functions. Developing a largewindow foundation
model capable of efficiently processing long sequence inputs is essential yet
challenging for decoding the multi-layered and complex landscape of the cis-
regulatory elements. Here, we introduce OmniReg-GPT, a generative founda-
tion model designed for the low-resource pretraining of long genomic
sequences by optimized attention mechanism. During pretraining, OmniReg-
GPT captures the complete distribution of regulatory elements across
nucleotide to megabase scales with efficient training speed and memory
usage. We demonstrate exceptional performance in downstream regulotary
applications spanning the entire spectrum of genomic scales, including var-
ious cis-regulatory elements identification, context dependent gene expres-
sion prediction, single-cell chromatin accessibility analysis, and 3D chromatin
contact modeling. As a generative model, OmniReg-GPT also holds the
potential to generate candidate cell-type-specific enhancers through prompt
engineering. Overall, OmniReg-GPT extends the boundaries of foundation
models in the genomic field, and provides a valuable pretraining model
resource which can be extensively applied for genomic researches.

A long-standing goal in genomics is to understand the language of
genome sequence, especially for the non-coding regulatory
sequence1–3. As the major biological outputs of the genome, protein
coding genes comprise only a tiny fraction of human genome, whereas
most of the human genome consists of non-coding sequence, which
might be functionally involved in gene regulation in a highly complex
style. For example, cis-regulatory elements underlying non-coding
DNA sequences coulddynamically and cooperatively regulate the gene
transcription, by spatially, temporally, and combinatorially modulat-
ing the recruitment and activity of RNA polymerase.

Using various functional genomic sequencing technologies, large-
scale consortia such as ENCODE4 and Roadmap Epigenomics5,6 have
experimentally profiled the regulatory genome across diverse cellular
contexts, and systematically identified a vast amount of non-coding
regulatory elements, such as promoters, enhancers, silencers, and
insulators. Based on these foundational resources, supervised deep
learning have emerged as powerful tools in genomics, demonstrating
its ability to build predictive mapping from paired DNA sequence and
functional genomic data7–11. Those models have facilitated our under-
standing the language of genome sequence and enable broad pre-
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dictive applications, such as cis-regulatory elements annotation, gene
expression modeling, and variant effect prediction. However, the
reliance on specific functional data has led to the proliferation spe-
cializedmodels, each tailored for a singlepredictive goal.We still lack a
comprehensive mapping with global representations of regulatory
sequences empowered with multi-scale understanding and predictive
capabilities.

In recent years, foundation models have demonstrated the
ability to learn universal representations from unlabeled data and
swiftly adapt to specific downstream tasks through the pretraining
and finetuning paradigm12–14. Meanwhile, several DNA pre-trained
models have been developed for the genome sequence language
understanding, such as DNABERT215, GENA16, Nucleotide
Transformer17, and Species-Specific Models18. Those models have
shown wide applicability in diverse down-stream tasks, including
predicting various types of regulatory elements, chromatin profiles,
and transcription factor binding using the embedding representa-
tions of sequences. However, current models typically pretrained on
short genomic sequence, largely because the quadratic computation
and memory complexity of the self-attention mechanism in
Transformer-based architectures hinders their ability to process long
genomic contexts efficiently. The understanding of complex reg-
ulatory sequences and grammar necessitates models with sufficient
capacity and extensive receptive fields to capture interactions across
long genomic contexts. From the perspective of model architecture
design, a highly efficient foundation model capable of integrating
long-range genomic signals is therefore necessary to decode the
complex regulatory landscape.

Furthermore, the evaluation of current DNA foundation models
has largely been confined to a narrow set of downstream tasks, such
as identifying isolated regulatory elements. The focus on specific
regions, while precise, might ignore the breadth and complexities of
genomic regulatory grammar that involve interactions across
larger genomic contexts. For instance, while specialized supervised
models have been applied in context-dependent challenges like
modeling gene expression, chromatin accessibility and 3D chromatin
contacts, these tasks remain significant hurdles formost existing pre-
trained models. Additionally, the lack of generative capabilities in
current models restricts their utility in generating functional
sequences.

Here, we present OmniReg-GPT, a foundation generative
model that leverages a hybrid attention structure composed of
local and global attention mechanisms. This architecture reduces
the quadratic complexity of attention layers to linear complexity,
enabling a comprehensive receptive field with high computa-
tional efficiency. Capitalizing on this efficiency, we pretrained
OmniReg-GPT on the human reference genome using 20 kb
sequence windows. To verify its ability, we conducted multiple
downstream experiments on genome understanding tasks,
including predicting cis-regulatory elements, predicting cell-type
agnostic and specific gene expression. By pretraining on large
genomic windows, OmniReg-GPT broadens the capabilities of
DNA foundation models, yielding promising results across these
tasks and enabling analyses that capture broader regulatory
contexts. Notably, we applied OmniReg-GPT to predict single-cell
chromatin accessibility and to measure 3D chromatin contact
over a 2-megabase sequence window, illustrating its potential to
capture complex regulatory networks that control gene expres-
sion. Finally, we deployed OmniReg-GPT in a zero-shot setting to
predict enhancer effects from enhancer-promoter compatibility
data, and generated computational hypothesis for diverse cell-
type-specific enhancers. Overall, OmniReg-GPT will extend the
boundaries of foundation models in the genomic field, and pro-
vide a valuable pretraining model resource which can be exten-
sively applied for genomic research.

Results
Overview of OmniReg-GPT: advancing long-sequence modeling
through high-efficiency pretraining
To address the computational challenges of quadratic time and space
complexities in long genomic sequence pretraining using Transformer
architecture, we develop OmniReg-GPT, a model designed to effi-
ciently integrate both local and global genomic sequence information
through a hybrid attention mechanism (Fig. 1A and Supplementary
Fig. 1). OmniReg-GPT retains the generative pretraining transformer
architecture and next-token-prediction task, while utilizing a Byte Pair
Encoding tokenizer for efficient sequence processing from the gen-
ome (Fig. 1A and Supplementary Table 1). As the overall pipeline of
application, we aimed to pretrain OmniReg-GPT model with 20 kb
length on sequences from the human reference genome, and then use
it for a wide range of downstream tasks, such as predicting chromatin
feature profiling, local rules of genome regulation and topology level
3D chromatin interaction. Notably, this model can also generate
context-dependent enhancers by leveraging multi-scale regulatory
grammar embedded within its parameters (Fig. 1B).

At the coreofmodel architectures, OmniReg-GPT consists 12 local
blocks for generating contextual embeddings and 2 global blocks for
constructing comprehensive sequence representations, accumulating
270million parameters (Supplementary Fig. 1). Within the local blocks
of OmniReg-GPT, the sequence is segmented into portions by a
defined window size. Then a local window attention is employed,
allowing attention to be performed with both the preceding window
and the sequence itself. This approach reduces the complexity of
attention from O(L2) to O(L), while maintaining information aggrega-
tion and processing (Methods). To further enhance representation, we
implement a token shift strategy along the hidden dimension. The
resulting outputs are concatenated and processed through a feedfor-
ward network layer to generate the layer output. In the global blocks,
global attention is utilized to enhance the capture of long-range
interactions, further improving the model’s capacity to identify
dependencies across extended genomic sequences. In both types of
blocks, we have incorporated computational efficiency optimization.
Each attention module employs Flash attention for accelerated
computation19 and adopts Rotary Position Embedding to facilitate
length extrapolation20.

To validate the effectiveness of our architectural design choices,
we performed several comparison studies. Firstly, we compared three
attention variants of the hybrid attention mechanism during pre-
training, including 1) 14 layers of local attention only, 2) 14 layers of full
attention only, and 3) hybrid architecture with 12 layers of local
attention and 2 layers of global attention. The pretraining results on
5 kb and 20 kb input genomic sequence revealed that the hybrid
architecture consistently achieved the lowest training loss, out-
performing both pure local and full attention variants (Supplementary
Fig. 2 a,b). Secondly, we evaluated the model’s time and space com-
plexity during long-sequencepretraining, bycomparingOmniReg-GPT
to various Transformer-basedDNA foundationmodels across different
sequence lengths. As expected, OmniReg-GPT exhibited remarkable
efficiency inGPUmemoryusageduringpretraining.On a singleNVIDIA
Tesla V100 with 32GB memory, OmniReg-GPT architecture could
accommodate DNA sequence inputs up to 200 kb, despite its para-
meter size twice larger than other methods (Fig. 2A, and Supplemen-
tary Table 2). In contrast, Gena-bigbird16, which employed sparse
attention, was restricted to 100 kb inputs on the same hardware.
Additionally, to keep the parameter sizes comparable across models,
we used a reduced hidden dimension for OmniReg-GPT when com-
paring training speeds. OmniReg-GPT achieved superior training
throughput (Fig. 2B, and Supplementary Table 3), whereas Gena-
bigbird traded off speed to increase window size.

Such enhanced efficiency directly benefits the handling of long
genomic sequences input at pretraining stage, which could be widely
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adopted to the modern genomic language model, especially in
resource-constrained environments for most of the biological appli-
cations. To further accelerate research progress in this field, we have
madeOmniReg-GPT fully open-access, providing both the source code
and pretrained model weights to the community.

Benchmark of genomics foundational models
To evaluate and highlight the capacity of OmniReg-GPT, we bench-
marked latest genomic foundational models in various genome
understanding scenarios. Specifically, we assessed four leading geno-
mic foundational models, including DNABERT215, HyenaDNA-1kb21,
Gena-lm16, and Nucleotide Transformer17, along with their long-
sequence variants HyenaDNA-32kb, Gena-bigbird and Nucleotide
Transformer V2-multispecies, which were particular suited for tasks
requiring extended genomic context. The evaluation spanned thirteen
representative regulatory sequence understanding tasks from the
Nucleotide transformer benchmark, encompassing ten histone mod-
ification datasets (each 1000bp in length), twopromoter classification
datasets (each 300 bp in length), and one enhancer classification
dataset (400bp in length). Among models pretrained exclusively on
the human genome, OmniReg-GPT demonstrated superior Matthews
Correlation Coefficient (MCC) in the majority of genome

understanding scenarios (9 out of 13), and received the highest
aggregated scores on both histone and regulatory elements prediction
tasks. To further evaluate the robustness ofmodel performance across
different sequence context length, we extended the input sequences
to 1 kb, 2 kb, and 4 kb, and compared the predictive performance for
proximal Promoter and distal Enhancer understanding tasks (Meth-
ods). The results showed that performance of Promoter task
decreased slightly with larger window sizes, while the Enhancer task
performance remained stable across different window sizes (Supple-
mentary Fig. 3). Focusing specifically on distal enhancers, OmniReg-
GPT showed improved F1 scores and recall with increasingwindow size
(Supplementary Fig. 4a), indicating classification of distal enhancers
could be enhanced with broader input sequence context. NT-v2-
multispecies-500M showed a similar trend but lower overall perfor-
mance (Supplementary Fig. 4b).

To thoroughly evaluate the practical utility of OmniReg-GPT, we
conducted further benchmark inspecting the complex regulatory
sequences, using datasets derived from diverse functional genomic
sequencing experiments. Firstly, we leveraged broader epigenetic
markers from the Bend benchmark, which collected biologically
meaningful tasks for DNA language model benchmarking22. The
benchmark showed that OmniReg-GPT outperformed in CpG
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methylation (Fig. 2D) and histone modification predicting scenarios
(Fig. 2E), with AUROC metrics significantly higher than other founda-
tion models on each of the 7 methylation tasks (p <0.02, Wilcoxon
signed-rank test) and 18 histone markers (p < 2e-4, Wilcoxon signed-

rank test). Secondly, we benchmark on the extensive genomicdatasets
from DeepSEA23, which compiled a diverse compendium of genome-
wide chromatin profiles in various cell types from ENCODE and
Roadmap projects. OmniReg-GPT exhibited performance comparable
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2 is absent at 50k due to memory exhaustion. C Comparative performance of
OmniReg-GPT against DNA foundation models trained on human genome (top
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D, E AUROC scores for fine-tuned multi-classification models (OmniReg-GPT,
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multispecies(500M), DNABERT2, Gena-LM and HyenaDNA-1k were 0.872, 0.858,
0.810, 0.743 and 0.800 respectively; for the histone modification tasks, mean
AUROC scores were 0.764, 0.780, 0.739, 0.701 and 0.726, respectively. Statistical
significance was assessed by a one-sided paired Wilcoxon test (per-task AUROC
pairs, alternative: OmniReg-GPT > baseline; *p <0.05, **p <0.01, ***p <0.001). For
theCpGmethylation task, the exactp values for the comparisons are: vs DNABERT2
(p =0.011), vs GenaLM (p =0.010), vs NT-V2-multispecies (p =0.011), vs Hyena-1k
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OmniReg-GPT, NT-V2-multispecies (500M), DNABERT2, Gena-bigbird and
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lengths of 2k, 6k, and 10k base pairs. G Precision-Recall Curves plot of OmniReg-
GPT,NT-V2-multispecies (500M),DNABERT2,Gena-bigbird andHyenaDNA-32k for
the pathogenic variants binary classification task with length of 10k base pairs.
Source data are provided as a Source Data file.
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to DNABERT-2 in predicting various epigenetic profiles, including TF
binding, Histone marks (HMS), DNase I-hypersensitive sites (DHS)
prediction tasks (Supplementary Fig. 5), with AUROC metric slightly
lower than DNABERT-2. Notably, OmniReg-GPT has demonstrated
enhanced predictive performance in several specific TF binding tasks.
This was particularly evident in the prediction of binding sites for the
NRSF motif and the BRF1 motif, where DNABERT-2 achieved AUROC
scores below 0.8.

As a genomic sequence-based foundation model, we further
evaluated the OmniReg-GPT’s ability to assess the impact of genetic
variants on the predictions. Specifically, we benchmarked OmniReg-
GPT on predicting the effects of expression quantitative trait loci
(eQTLs) on gene expression and distinguishing pathogenic SNPs from
commonSNPs (Methods). For the eQTL prediction task, OmniReg-GPT
consistently outperformed other state-of-the-art sequence-based
models across varying sequence lengths (2k, 6k, and 10k base pairs),
achieving the highest AUROC scores of 0.724, 0.719, and 0.701,
respectively (Fig. 2F). In the pathogenic variant classification task,
OmniReg-GPT also demonstrated superior performance, attaining an
AUROC score of 0.679, significantly higher than Nucleotide Transfor-
mer V2-multi-species (0.622), DNABERT-2 (0.608), Gena-bigbird
(0.633), and HyenaDNA-32kb (0.497) (Fig. 2G).

In summary, our comprehensive benchmark of genomics foun-
dation models on diverse genomic sequence understanding tasks,
demonstrated that OmniReg-GPT held the capacity to understand
various regulatory sequences, and discern the functional impacts of
regulatory and pathogenic variants. Although it did not outperform
every other model in all tasks due to variations in model parameter
sizes and pretraining dataset scales, the results highlight OmniReg-
GPT’s robustness and effectiveness in a broad spectrum of down-
stream genomic scenarios.

OmniReg-GPT improves context-dependent gene expression
prediction
Gene expression, the principal biological output of the genome, is
spatial-temporally controlled by the regulatory genome sequences
using the context-dependent grammar24. Genomic foundational
models hold the promise to model the gene transcription regulation,
and further reveal the complex context-dependent grammar. Here, we
adopted OmniReg-GPT in predicting and modeling gene expression
across broader sequence spans (Fig. 3A, Methods). To achieve this, we
designed two comprehensive downstream experiments. The first
focused on cell-type-agnostic and expression-modeling scenarios,
while the second was specifically designed to investigate cell-type-
specific scenarios at single cell resolution. This evaluation also served
as a validation of OmniReg-GPT, which demonstrated on long-range
and context-dependent genomic understanding, extending the local
sequence and epigenomic benchmarks for genomic foundation
models.

We first evaluated the gene expression prediction performance in
a cell-type-agnostic dataset. Specifically, cell-type agnostic gene
expression level was obtained from the Xpresso human and mouse
dataset25, defining the cell-type-agnostic expression level for eachgene
as its median value across numerous tissues and cell lines. Five DNA
foundation models were fine-tuned to predict gene expression using
20 kb regulatory region around the Transcription Start Site (Fig. 3A,
Methods). After finetuning, OmniReg-GPT achieved R2 score of 0.55 in
predicting held-out gene expression for human (Fig. 3B). The perfor-
mance of OmniReg-GPT outperformed DNABERT2(0.11 R2 score),
Gena-bigbird (0.23 R2 score), Nucleotide-multispecies (0.27 R2 score),
and HyenaDNA-32k (0.18 R2 score), respectively (Fig. 3B). We also
analyzed Xpresso mouse dataset for further multi-species validation,
where OmniReg-GPT achieved an R2 score of 0.65 for mouse, sur-
passing other methods (Supplementary Fig. 6). OmniReg-GPT
achieved a performance nearly double that of other DNA foundation

models, underscoring its efficacy in capturing the contextual sequence
grammar underlying gene expression regulation.

Next, we extended OmniReg-GPT to cell-type-specific gene reg-
ulation by predicting gene expression at single-cell level. Single-cell
atlas have characterized comprehensive intercellular heterogeneity,
where genes are differently regulated and expressed in specific cell
types. Following a binarized single cell gene expression dataset of
Nvwa26, we evaluated multiple baseline methods on human cell atlas
with 134,557 cells and 97 cell types through a single multitask model
trained on all cells. OmniReg-GPT consistently achieved the highest
average per-cell AUROC scores of 0.83 across human atlas (Fig. 3C,
Supplementary Fig. 7). In contrast, the performance of other pre-
trained models fluctuated considerably, with DNABERT2 received
average AUROC scores of 0.75, Gena-bigbird and HyenaDNA-32k fail-
ing to yield effective results (Fig. 3C). We extended this analysis to
mouse and fly single cell atlases, where OmniReg-GPT similarly
demonstrated superior per-cell AUROC performance across all three
species (human: p < 1e-16;mouse: p < 1e-17; fly: p < 1e-12,Wilcoxon rank
test; Fig. 3C). Additionally, OmniReg-GPT exhibited exceptional per-
formance in per-gene AUROC analysis across human, mouse, and fly
genomes, achieving a mean score of 0.70 for human genes and com-
parable excellence in other species, significantly outperforming other
models (human: p < 1e-24;mouse: p < 1e-34; fly: p < 1e-7,Wilcoxon rank
test; Fig. 3D). By directly comparing between predicted and observed
human cell atlas, we found OmniReg-GPT captured gene expression
patterns among major cell types (Supplementary Fig. 8). To further
quantify the model’s predictive fidelity on cell type specificity, we
projected and visualized the weights of the single cell classifiers by
OmniReg-GPT using t-distributed stochastic neighbor embedding(t-
SNE). The t-SNE embeddings showed that OmniReg-GPT learned dis-
tinct cell relationships from the human cell atlas, with cells from the
same cell type identically grouped together (Fig. 3E). The calculated
adjusted mutual information (AMI) score between re-clustering of
single cell classifier weights and the biologically defined cell types had
further confirmed OmniReg-GPT’s ability to accurately capture cell-
type-specific gene expression patterns (Fig. 3E).

These results indicated that genomic foundational models pos-
sessed the capability to predict the gene expression from regulatory
sequences. OmniReg-GPT improved both cell-type-agnostic and cell-
type-specific gene expression prediction by effectively modeling
context-dependent regulatory grammar of gene transcription. Nota-
bly, evaluation on the cell-type-specific gene expression patterns also
showed that the regulatory sequence embedding derived from
OmniReg-GPT could robustly adapt to diverse cellular conditions.

OmniReg-GPT accurately predicts single-cell chromatin acces-
sibility and transcription factor activity
The functional regulatory genome is activated in a spatial-temporal
manner, orchestrating a complex symphony of cis-regulatory element
activity across diverse organs, tissues, cell types, and cellular states.
Single-cell Assay for Transposase-Accessible Chromatin sequencing
(scATAC-seq) provides unprecedented single-cell resolution to char-
acterize inter-cellular heterogeneity of chromatin accessibility27–29 and
reveals the driver sequence features, such as transcription factor
binding sites, underlying cell-type specific chromatin accessibility30.
Here, we adopted OmniReg-GPT to model chromatin accessibility of
regulatory genome at the single cell level, and identify the underlying
cell-type specific cis-regulatory elements (Fig. 4A).

Based on a well-established and widely-benchmarked scATAC
dataset of FACS-sorted hematopoietic differentiation31, OmniReg-GPT
successfully predicts single-cell chromatin accessibility by leveraging
the genomic foundational model and the scATAC-seq constructed
epigenetic landscape (Fig. 4A). Specifically, we froze the parameters of
OmniReg-GPT, and trained a classification layer for predicting single-
cell peak accessibility with the input of 1344 bp DNA sequences
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underlying the corresponding peak (Fig. 4A). OmniReg-GPT achieved
the mean AUROC score of 0.717 when evaluated across peaks for each
cell (‘per cell’) (Fig. 4B). Meanwhile, the model achieved the average
AUROC score of 0.717 when evaluated across cells for each peak (‘per
peak’) (Fig. 4B). By comparing between predicted and observed
chromatin accessibility, we observed that the predicted accessibility
pattern showed substantial cell-to-cell variability, closelymirroring the
experimental data (Supplementary Fig. 9). To evaluate the predicted
cell-type specificity, we interpreted the classifier weight matrix as cell
embeddings, where each column represents a cell-type-specific
embedding vector. In the t-SNE visualization, cells with the same ori-
ginal cell type labels naturally clustered together (Fig. 4C), demon-
strating that our learned embeddings successfully captured the
inherent cell-type-specific patterns. To evaluate the quality of learned

cell embeddings, we performed Louvain clustering on the classifier’s
weight matrix and assessed cluster agreement with ground-truth cell-
type labels using three standard metrics: Adjusted Rand Index (ARI),
Adjusted Mutual Information (AMI), and Homogeneity. OmniReg-GPT
achieved superior performance across all metrics compared to base-
line methods including scBasset32, SnapATAC33, ArchR34 and
Chromvar35 (Supplementary Fig. 10).

We further extended OmniReg-GPT to deduce TF binding activity
at single-cell resolution. Leveraging the classification layer trained on
the Buenrostro2018 dataset, we conducted in silico motif insertion to
measure the cell-type specific activity of all human TFBSs (Methods).
The anticipated activity patterns of inserted motifs revealed the same
cell-type specificity as canonical TFBS. For example, OmniReg-GPT
demonstrated the transcription factors CEBPB, GATA1 and HOXA9
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activities in monocytes, megakaryocyte-erythroid (MEP) cells, and
hematopoietic stem cells (HSC) respectively, which aligned perfectly
with their canonical regulatory roles in the corresponding cell types31

(Supplementary Fig. 11).
Then, we adapted the OmniReg-GPT to infer TFBS activity in gene

regulation at a per-cell, per-nucleotide resolution. We employed in
silico saturation mutagenesis (ISM) on a 100-bp enhancer sequence,
which is pivotal for erythroid-specific β-globin expression36,37.
OmniReg-GPT could predict changes of chromatin accessibility upon
nucleotide variation in each cell, and further identify the cell-type
specific TFBS activity (Methods). OmniReg-GPT successfully identified
GATA1 and KLF1 motifs as key active regulatory TFBS that bind to the
enhancer region and regulate β-globin expression38 (Supplementary
Fig. 12). Furthermore, equippedwith the trained classification layer at a
single cell resolution, OmniReg-GPT could correctly identify that the
contribution of GATA1 and KLF1 to accessibility intensifies as cells
differentiate within the erythroid lineage (Fig. 4D, and Supplementary
Figs. 13,14).

Our results demonstrated the broad applications of OmniReg-
GPT in analyzing the regulatory genome using scATAC-seq data,
including predicting single-cell chromatin states and identifying the
underlying cell-type specific regulatory programs. OmniReg-GPT
represented a pioneering application of genomic sequence founda-
tion models in single-cell chromatin accessibility data, which could
facilitate the practical use of genomic sequence foundationmodels for
single-cell analyses.

OmniReg-GPT predicts 3D chromatin organization
In the cell nucleus of eukaryotes, chromosomes are physically folded
to form hierarchical three-dimensional (3D) structure at megabase
scale. The 3D-organization of the genome directly mediates physical
contacts between promoters and distant cis-regulatory elements, and
further functionally facilitates TF regulation and gene transcription
activities in contact domains39,40. High-throughput Chromatin con-
formation capture technologies, such as Hi-C, have comprehensively
measured 3D chromatin organization of genome sequence41. To learn
how megabase-scale genomic sequence influences 3D genome archi-
tecture, we leveraged the capacity of OmniReg-GPT to accommodate
extensive sequences and predict chromatin organization (Fig. 5A,
Methods).

Trained on the same Hi-C interaction dataset of human IMR-90
cell line in C.Origami42, a specialist model predicting chromatin

organization using DNA sequence and genomic features, OmniReg-
GPT showed its ability to predict Hi-C contact frequency maps from
sequence information alone. We compared the performance of
OmniReg-GPT with two configurations of C.Origami: one utilizing
solely the DNA sequence information, and the other incorporating
additional data modalities, namely CTCF binding and chromatin
accessibility signals. The training process showed that the rich repre-
sentations provided by OmniReg-GPT embeddings were instrumental
in achieving better model convergence (Fig. 5B).

To systematically evaluate the performance of OmniReg-GPT, we
expanded our analysis to chromosome-wide predictions. At this
broader scale, OmniReg-GPT maintained robust performance with
median insulation score correlations (Pearson) of 0.52 and 0.49 on
validation and test chromosomes, respectively (Supplementary
Fig. 15). Furthermore, we conducted distance-stratified correlation
analysis against experimental Hi-C data to evaluate how prediction
accuracy varies with genomic distance (Methods). Notably, our model
achieved correlations above 0.6 within 1-Mb regions on chromosome
10 (validation) and above0.6within0.5-Mb regions on chromosome 15
(test), demonstrating strong predictive power at biologically relevant
distances despite the increased complexity of chromosome-wide
predictions (Supplementary Fig. 16).

To provide a more detailed assessment, we further analyzed the
3D-organization prediction at 2-Mb local organization scale and 8192-
bp bin resolution. We found that OmniReg-GPT accurately identified
topological domains and chromatin loops in the contact matrices on
training (chr2), validation (chr10), and test (chr15) chromosomes
(Fig. 5C). We then calculated insulation scores as the average of
interaction frequencies crossing over each bin for both the experi-
mental and predicted Hi-C matrices. The correlation of insulation
scores between experimental and predicted Hi-C matrices also vali-
dated the chromatin organization similarity with pearson correlation
coefficients of 0.82(p < 3e-70), 0.85(p < 3e-58), and 0.80 (p < 2e-53) for
training, validation and test chromosomes respectively (Fig. 5D).
Moreover, we also observed that 3D-organization could be mainly
explainedwith CTCF andATAC signals, consistentwith the central role
of CTCF in TAD-level structural organization (Fig. 5E).

Our experiments in 3D chromatin organization showed that
OmniReg-GPT learned chromatin interactions at base-pair resolution
and could transfer this knowledge to capture regulatory elements over
megabase distances. Equipped with high computational efficiency and
the ability to generalize to large genomic sequences, OmniReg-GPT

Fig. 3 | Prediction result for context-dependent gene expression. A Schematic
illustration of predicting cell gene expression at cell-type-agnostic gene-expression
and single cell level gene activity. B Bar plot comparing OmniReg-GPT’s perfor-
mance to four foundational models on cell-type-agnostic datasets across human
genome. C The per-cell AUROC values of OmniReg-GPT, DNABERT2, Gena-bigbird,
HyenaDNA-32k on human (n = 97), mouse (n = 98) and fly (n = 59) across different
cell types. Mean AUROC values for each model: OmniReg-GPT (human: 0.84,
mouse: 0.79, fly: 0.76), DNABERT2 (human: 0.75, mouse: 0.67, fly: 0.53), Gena-
bigbird (human: 0.52, mouse: 0.65, fly: 0.69), HyenaDNA-32k (human: 0.52, mouse:
0.72, fly: 0.53). Statistical significance was assessed by one-sided Wilcoxon signed-
rank test (paired comparisons) between OmniReg-GPT and each baseline model
acrossmulti-task AUROC scores, with the alternative hypothesis thatOmniReg-GPT
performs better than the baseline (*p <0.05, **p <0.01, ***p <0.001). The exact p
values for the comparisons are: for human, vs DNABERT2 (p = 1.22 × 10−17), vs Gena-
bigbird (p = 1.22 × 10−17), and vs HyenaDNA-32k (p = 1.22 × 10−17); for mouse, vs
DNABERT2 (p = 8.33 × 10−18), vs Gena-bigbird (p = 8.33 × 10−18), and vs HyenaDNA-
32k (p = 8.33 × 10−18); and for fly, vs DNABERT2 (p = 2.39 × 10−11), vs Gena-bigbird
(p = 2.39 × 10−11), and vs HyenaDNA-32k (p = 2.39 × 10−11).Data are presented as half-
violin plots (right side) showing kernel density estimation, box plots (center) dis-
playing the median (center line), upper and lower quartiles (box limits), and 1.5×
interquartile range (whiskers), and individual data points (left side). Violin plot
width represents data density at each AUROC value.D The per-gene AUROC values
of OmniReg-GPT, DNABERT2, Gena-bigbird, HyenaDNA-32k on human (n = 784),

mouse (n = 1411) and fly (n = 946) across different genes. Mean AUROC values for
each model: OmniReg-GPT (human: 0.69, mouse: 0.73, fly: 0.69), DNABERT2
(human: 0.64, mouse: 0.67, fly: 0.65), Gena-bigbird (human: 0.66, mouse: 0.66, fly:
0.60), HyenaDNA-32k (human: 0.65, mouse: 0.64, fly: 0.65). Statistical significance
was assessed by one-sided Wilcoxon signed-rank test (paired comparisons)
between OmniReg-GPT and each baseline model across multi-task AUROC scores,
with the alternative hypothesis that OmniReg-GPT performs better than the base-
line (*p <0.05, **p <0.01, ***p <0.001). The exact p values for the comparisons are:
for human, vs DNABERT2 (p = 1.11 × 10−47), vs Gena-bigbird (p = 1.36 × 10−25), and vs
HyenaDNA-32k (p = 1.48 × 10−30); formouse, vs DNABERT2 (p = 5.21 × 10−35), vsGena-
bigbird (p = 9.85 × 10−45), and vs HyenaDNA-32k (p = 4.23 × 10−46); and for fly, vs
DNABERT2 (p = 1.11 × 10−8), vs Gena-bigbird (p = 3.51 × 10−48), and vs HyenaDNA-32k
(p = 3.00× 10−8). Data are presented as half-violin plots (right side) showing kernel
density estimation overlaid with box plots. Box plots display the median at the
center line, upper and lower quartiles as box limits, and 1.5× interquartile range as
whiskers. Violin plot width represents data density at each AUROC value. E t-SNE
visualization of cell relationships learned by OmniReg-GPT based on the weights of
the classifier. The clusters were identified using the Louvain algorithm. The adjus-
ted mutual information (AMI) score of 0.95 indicates a high level of similarity
between the observed cell clusters and those predicted by OmniReg-GPT,
demonstrating the model’s accuracy in capturing the underlying cell cluster
structure. Source data are provided as a Source Data file.
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extended the application of genomic sequence foundation models in
3D chromatin organization modeling at megabase scale.

OmniReg-GPT generates cell-type specific enhancers
Generating desired regulatory enhancer sequences with cell-type
specific function is essential in synthetic biology43–45. However, the

vast search space and complex cell-type specific activities of all
possible DNA sequences have made it impractical to summarize
the explicit design rules of native regulatory enhancer elements.
Given that generative pretraining models, such as GPTs, have
shown promise in zero-shot generating meaningful samples, we
explore OmniReg-GPT’s generative potential in the strategic
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Fig. 4 | Single-cell chromatin accessibility prediction based on OmniReg-GPT
embeddings. A Schematic illustration of predicting single cell chromatin accessi-
bility under peak level sequence.BOmniReg-GPT prediction performance on held-
out peaks evaluated by AUROC per peak (top) and AUROC per cell (bottom) of the
Buenrostro2018 dataset. C t-SNE of classifier-weight–derived cell embeddings
(bottom), colored by annotated cell type. Top right: hematopoietic differentiation
schematic from Buenrostro2018. Cell types: hematopoietic stem cell (HSC), mul-
tipotent progenitor (MPP), lymphoid-primed MPP (LMPP), common lymphoid
progenitor (CLP), plasmacytoid dendritic cell (pDC), common myeloid progenitor
(CMP), granulocyte–macrophage progenitor (GMP), megakaryocyte–erythroid
progenitor (MEP), monocyte (Mono), and unknown (UNK). D Distributions of per-
cell TF PWM-ISM scores for GATA1 and KLF1 for cells in HSC (n = 75), MPP (n = 76),

CMP (n = 54) andMEP (n = 80) cell types. The PWM-ISM score is the dot product of
the PWMand ISMmeasurements at sites ofmotifmatches (GATA1 at chr11:5297906
and KLF1 at chr11:5297940). A one-sidedWilcoxon rank-sum test was performed to
test for significance. *P <0.01; Exact P values are P = 2.12 × 10−4 for MPP versus HSC,
P = 1.63 × 10−6 for CMP versus MPP, and P = 4.83 × 10−67 for MEP versus CMP for
GATA1; P = 1.91× 10 − 16 for MPP versus HSC, P = 2.04× 10−31 for CMP versus MPP
and P = 7.37 × 10−61 for MEP versus CMP for KLF1. Data are presented as violin plots
showing kernel density estimation overlaid with box plots displaying the median
(center line), upper and lower quartiles (box limits), 1.5× interquartile range
(whiskers), and individual outliers (points beyond whiskers). Schematic in A was
created using BioRender. (Wang, A. (https://BioRender.com/kzkgyyw).). Source
data are provided as a Source Data file.
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optimization of highly efficient cell-type specific enhancer
sequences design.

Firstly, we verified OmniReg-GPT’s ability to accurately predict
the importance of enhancers beyond native genome sequences using
Self-transcribing active regulatory region sequencing (STARR-seq)
(Fig. 6A). The synthetic enhancer-promoter compatibility data from
Bergman et al. 46 have prioritized transcriptional activities by asses-
sing a wide range of combinations of 1000 enhancer and 1000 pro-
moter fragments in human K562 cells. We compared OmniReg-GPT’s
zero-shot scores and Enformer’s K562 CAGE (Cap analysis gene

expression sequencing) track predictions to derive the activity
levels of enhancers and promoters against the STARR-seq experi-
mental dataset47. Both models explained a substantial portion of
the enhancer and promoter activity variance in their predictions
(97%). Notably, OmniReg-GPT explained a greater proportion of
this variance through enhancer strength (20%) compared to Enfor-
mer (6%) (Fig. 6B). Additionally, OmniReg-GPT demonstrated a
higher correlation between the predicted enhancer effect and the
reported enhancer strength compared to Enformer (Supplemen-
tary Fig. 17).
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For generating cell-type specific enhancers, we then adopted a
zero-shot sequence design framework based on OmniReg-GPT
(Fig. 6C). Equipped with CODA, a platform included predictive mod-
els and optimization algorithms43, we employed a progressive prompt
setting and selected the top 10% of sequences for each source in two
rounds of generation, with counts of 4000 and 6000 sequences
respectively. Specifically, in the first round, we selected the top
2000 sequences with the highest MinGap scores from four sources
provided by CODA, including DHS-natural sources and three optimi-
zation algorithms—AdaLead, FastSeqProp, and Simulated Annealing.
These top sequences served as seed prompts for the subsequent
generation of additional sequences. During the second round, we first
scored the activity of generated sequences using the expert model
from CODA, and then selected the top 10% of sequences based on
MinGap scores for further analysis (Methods).

We iteratively generated and optimized sequences in silico with
improved enhancer activity and diversity for the K562, HepG2, and SK-
N-SH cell lines. InK562 cells (Fig. 6D), during the first round, enhancers
generated by OmniReg-GPT from three optimization algorithm sour-
ces exhibited activity comparable to themost effective sequence in the
CODA dataset, with an average improvement of 1.3%. In the second
round, a significant concentration of activity was observed, with an
average enhancement of 30.5%. Sequences derived from DHS-natural
sources demonstrated even more substantial enhancement, showing
increases of 23.1% in the first round and 81.7% in the second round.
These findings indicated that high-activity enhancers could be
designed effectively even without relying on pre-optimized sequences
as initial inputs. Sequence alignment further revealed that OmniReg-
GPT was capable of highly unique enhancer generation. Specifically,
sequences from the first and second rounds in K562 cells showed
average identities of 40.75% and 23.76%, respectively, compared to the
original source sequences from the CODA dataset (Fig. 6E). For the
other two cell types, final round sequences from optimization algo-
rithm sources exhibited average activity increases of 33.8% in HepG2
and 5.4% in SK-N-SH. Sequences from DHS-natural sources showed
even greater improvements, with increases of 53.4% in HepG2 and
93.3% in SK-N-SH (Supplementary Fig. 18). Across all target cell types,
synthetic sequences generated from all sources consistently exhibited
significantly higher MinGap values, surpassing DHS-natural sequences
from the CODA platform by a substantial margin, confirming our
strategy’s effectiveness across different cell types (Fig. 6F).

To assess the TF-binding potential of synthetic enhancers, we
performed motif enrichment analysis using STREME48 and TOMTOM
against the JASPAR CORE (2022) database49 (Methods). Synthetic
enhancers retained significant TF-binding motifs, with notable
enrichment of motifs not present in the original sequences. For
example, in K562, 16.80% of motifs in round 1 and 10.24% in round 2
were newly identified; similar trends were observed in HepG2 and SK-
N-SH, suggesting that synthetic enhancers can reveal previously
uncharacterized TF-binding potential (Supplementary Fig. 19). To
identify functional motifs informed by predicted activity

contributions, we performed in silico mutagenesis (ISM), using
OmniReg-GPT to calculate nucleotide contribution scores based on
zero-shot embeddingdistances. Positivemotif patternswereextracted
using TF-MoDISco Lite50 and matched to known human TF-binding
motifs. In total, we discovered 60, 51, and 62 TFmotifs in K562, HepG2,
and SK-N-SH cells, respectively. Notably, well-known activators such as
GATA—an essential TF predicted by OmniReg-GPT to drive activity
exclusively in K562 cells—were identified in K562, whereas HNF1B and
HNF4A, master regulators of hepatocyte development, showed posi-
tive contribution scores exclusively in HepG2 (Supplementary
Tables 4, 5, 6). In SK-N-SH cells, we also detected ASCL1, a key tran-
scription factor in neuroblastoma.

Discussion
In this study, we developed a generative pretraining approach,
OmniReg-GPT, with high computational efficiency and robust adaptive
performance for multi-scale genome understanding and generation
using a hybrid attention mechanism. This architecture supports up to
200 kb of genomic sequence pretraining on a standard 32GB memory
GPU, enabling the model to learn multi-layer gene regulation across
long-range genomic scales. Our hybrid attention architecture employs
local attention that restricts each token to attend only to a fixed-size
context window during pretraining, maintaining consistent attention
patterns when scaling to longer sequences. This is complemented by
strategic global attention layers that efficiently aggregate local fea-
tures to capture long-range dependencies. Additionally, our imple-
mentation of Rotary Position Embedding (RoPE) encodes positional
information through sinusoidal functions at multiple frequencies,
providing an implicit hierarchical positional encoding that effectively
distinguishes between short-range and long-range relationships. This
architectural design enables OmniReg-GPT to generalize effectively to
longer genomic contexts, a capability not achieved by alternative
approaches such as state space models, sparse attention, or position
extrapolation techniques. Importantly, this research lays the ground-
work for a resource-efficient and high-performance training frame-
work that can serve as a valuable foundation model for future DNA
sequence models, promising to accelerate advancements in genomic
research by optimizing both computational efficiency and predictive
accuracy.

OmniReg-GPT’s rich latent representation provides enhanced
transfer capabilities for diverse regulatory genome understanding and
predictive tasks across varying sequence lengths. OmniReg-GPT
demonstrates strong performance when benchmarked against
advanced genomic foundational models on standard and real-world
datasets, showcasing its effectiveness in various regulatory genomic
sequence understanding tasks. Importantly, we extended genomic
foundation models in decoding the intricate DNA sequence syntax for
spatio-temporal and long-range regulation. To our knowledge,
OmniReg-GPT was the first sequence foundation model applied in
spatio-temporal regulation at single-cell resolution. For the gene
expression regulation,OmniReg-GPT improves both cell-type-agnostic

Fig. 6 | Enhancer generation using OmniReg-GPT’s zero shot capability.
A Schematic illustration of using OmniReg-GPT’s likelihood as a metric of STARR-
seq and measuring the activities of enhancer and promoter sequence (sequences
264 bp in length were selected and cloned in all pairwise combinations into the
promoter and enhancer positions of a plasmid vector together). B Correlation of
activity oracle from experiment, OmniReg-GPT prediction and Enformer predic-
tion, with intrinsic promoter strength and the combination of promoter and
enhancer strength. C OmniReg-GPT designs cell-type-specific and high activity
enhancers with the help of the score model and a progressive prompt setting.
D OmniReg-GPT designs synthetic sequences that achieve higher cell-type specific
enhancer activity compared to natural sequences in K562 cell line
(n = 2000sequences for each source inCODA,n = 4000 for each source in Round0,
n = 6000 for each source in Round1). Data are shown as violin plots (kernel density

estimation) with centered box plots displaying median, quartiles, and 1.5× IQR
whiskers. The ‘native’ refers to sequences derived from DHS-natural sequences
through two rounds of enhancer generation. E Heatmap of alignment scores
between the generated sequences in the first round(left), and second round(right)
compared with the initial CODA sequence from four different sources.
F Distribution of MinGap scores between generated sequences and DHS-natural
sequences (n = 4000 sequences for each source). Data are presented as half-violin
plots (right side) showing kernel density estimation overlaid with box plots. Box
plots display the median at the center line, upper and lower quartiles as box limits,
and 1.5× interquartile range aswhiskers. Violin plotwidth represents data density at
eachAUROC value. Schematic inAwas created using BioRender. (Wang, A. (https://
BioRender.com/e49fdgh).). Source data are provided as a Source Data file.
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and cell-type-specific gene expression prediction by effectively mod-
eling context-dependent regulatory grammar of gene transcription.
Using single-cell chromatin accessibility data, we demonstrated the
broad applications of OmniReg-GPT in analyzing the regulatory gen-
ome, including predicting single-cell chromatin states and identifying
cell-type specific regulatory programs. As for the long-range regula-
tion, our experiments in 3D chromatin organization showed that
OmniReg-GPT learned chromatin interactions at kilobase-scale reso-
lution. Across these diverse downstreamgenomic tasks,OmniReg-GPT
markedly outperforms existing pretraining techniques. Finally, our
pilot applications of OmniReg-GPT model on sequence generation,
demonstrated its ability to precisely pinpoint enhancer activity and
diversity in an expansive search space. Additionally, the results high-
light the model’s robust capability to efficiently design cell-type spe-
cific sequences, underscoring the powerful generative potential of
genome foundation models.

While the advent ofOmniReg-GPTmarks considerableprogress in
regulatory genomic analysis, there remain several opportunities for
further refinement and expansion. First, our framework optimizes
pretraining on the human reference genome solely, streamlining
computational resources and reducing experimental costs. While our
current hyperparameter choices and architecture design have
demonstrated robust performance, futurework could leverage scaling
laws to systematically optimize the hyperparameters such as learning
rate, batch size and the ratio of local and global attention layers as
model scales and diversity of training data expand, particularly when
incorporating cross-species genomes. Second, despite robust gen-
eralizability across gene regulation tasks, our exploration of regulatory
syntax is still constrained by a focus on the singlemodality and limited
cell types.With the advent of new assays and sequencing technologies,
we now have the potential to incorporate additional data modalities,
such as protein-based data, into our analyses. Besides, we could also
leverage data from rapidly expanding cell atlases to enhance our
foundationmodel. This integration across differentmodalities and cell
types would enable a more comprehensive analysis of sequence reg-
ulatory activities51. Third, we showed the pilot applications of
OmniReg-GPT model on functional sequence generation with the
improvement of CODA MinGap activities. Further experimental vali-
dation is needed to prove the generative abilities. Finally, while our
model’s architecture reduces the computational cost of training on
long sequences, we have not performed a post-training stage for
context window extension. Consequently, the full potential of its RoPE
positional embeddings for extrapolation to sequences far beyond the
20 kb pre-training length has not yet been explored.

Overall, OmniReg-GPT provides a valuable pretraining framework
for genomics, paving the way for the next generation of foundation
models trained on multi-scale sequence data. We demonstrate its
applications in pinpointing critical regulatory components. Mean-
while, OmniReg-GPT stands out as the first genomic-sequence foun-
dation model to be applied across several domains, including single-
cell omics, spatial genomic interactions and enhancer generation.
These advanced predictive abilities, coupled with its potential for
hypothesis generation, offer substantial support for experimental
design and hold the promise of accelerating scientific discovery.

Methods
OmniReg-GPT architecture
OmniReg-GPT maintains a decoder-only transformer architecture.
First, we employed a BPE (Byte-Pair Encoding) tokenizer inherited
from Gena, which iteratively merges the most frequent pairs of char-
acters or character sequences to create a vocabulary of subword units,
enabling efficient tokenization of genome sequences. This tokenizer
segments genome sequences into meaningful tokens. Subsequently,
an embedding layermaps these discrete tokens into continuous vector
representations in a high-dimensional space. The token embeddings

are thenprocessed through a transformer layer stack that comprises 12
blocks with local attention and 2 blocks with global attention, with a
model width of 1024 dimensions. Each block contains a multi-head
self-attention module for token mixing and a feed-forward network
consisting of two-layer perceptron for channel mixing. To understand
the role of global attention, we consider the self-attention mechanism
applied at each layer of the OmniReg-GPT. Let hl denote the sequence
representation at layer l. The vanilla attention can be expressed
through the following operations:

Q=hlWq ð1Þ

K =hlWk ð2Þ

V =hlWv ð3Þ

where Wq, Wk, and Wv are the weight matrices for the query, key and
value, respectively. The standard attention function itself is computed
as follows:

Attention Q,K ,Vð Þ= softmax
QKTffiffiffiffiffiffi
dk

p
 !

V ð4Þ

where dk represents the dimensionality of the key vectors.
The computational complexity of global attention can be broken

into three main components:
1. Computing QKT (Forward Pass): For a batch size of bs, sequence

length L, and hidden dimension d, the matrix multiplication and
addition requires 2 ×bs × L× L×d FLOPs.

2. Computing Attention Output (Forward Pass): The multiplication
of attention weights with values requires another 2 ×bs × L× L×d.

3. Backward Pass: The backward pass requires computing gradients
through both matrix multiplications, which typically costs twice
the FLOPs of the forward pass, resulting in 8 ×bs × L× L×d FLOPs.

Therefore, the total computational complexity for both forward
and backward passes is O(bsL2d), with the exact FLOPs being 12bsL2d.
This quadratic dependency on sequence length L becomes a sig-
nificant computational bottleneck for long sequences.

In the local sliding window attention mechanism, each query
vector only attends to a subset of key vectors with a specified window
size. This approach significantly reduces the computational complex-
ity compared to the standard global attentionmechanism, where each
query attends to all key vectors across the entire sequence.

Formally, the attention mechanism for a query at position I in the
sequence involves the following operations:

Q=h ið Þ
l Wq ð5Þ

Kj =h
jð Þ

l Wk for j = max 0, i�window size + 1ð Þ to i ð6Þ

Vj =h
jð Þ

l Wv for j = max 0, i�window size + 1ð Þ to i ð7Þ

where Wq, Wk, and Wv are the weight matrices for the query, key and
value, respectively. Each query Q interacts with keys Kj and values Vj

within its local window, reducing the number of comparisons from the
entire sequence length L to the window size w.

The attention scores are the computed as:

Attention Q,K,Vð Þ= softmax
QKT

jffiffiffiffiffiffi
dk

p
 !

Vj ð8Þ
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This localized attention computation effectively constrains the
operation to a much smaller subset of the input. Specifically, by par-
titioning the input sequences of Length L into non overlapping win-
dows with size w, the effective sequence length for attention
computation is reduced from L to w. Meanwhile, the batch dimension
is transformed from bs to bs*L/w, where each window is processed
independently.

Thereby reducing computational complexity:

O
L
w

× w2 ×d
� �� �

=O L×w×dð Þ ð9Þ

where L/w represents the number of windows across the sequence,
and each window involves w2 × d operations. This formulation pro-
vides an efficient way to compute attention with reduced computa-
tional burden. Moreover, as the number of layers increases in the
OmniReg-GPT model, the receptive field for each query increases to
cover a progressively wider context without a corresponding increase
in computational complexity per layer. This expansion allows each
query to integrate information from distant areas.

Within the global blocks of the OmniReg-GPT model, we employ
the classic attention mechanism, which considers the entire sequence
to calculate attention scores. This global approach ensures compre-
hensive context integration. To enhance computational efficiency
across all attention functions in our model, we utilize FlashAttention19,
an optimized algorithm designed to accelerate the calculation of
attention mechanisms. In the final layer of our model, we compute a
single vector representation by taking the mean of all token embed-
dings, which is then used for downstream applications.

Training procedure
For pretraining, we utilized the Human T2T v2 genome assembly,
which was downloaded from the NCBI database (Accession number
GCF_009914755.1). Following the methodology established by Gena-
LM16, we segmented the sequence into ‘sentences’, each comprising
20,000 base pairs (bp). We then processed these sentences using
Gena’s tokenizer, which is configured with a dictionary size of 32,000.
In total, this process generated approximately 5 billion tokens as
training corpus. We employed an autoregressive form of a language
model as the loss function, aiming to predict each subsequent token
based on the previous tokens:

L= �
XT
t = 1

logp xt jx1, x2, . . . , xt�1

� � ð10Þ

For the training process, we used the AdamW optimizer with a
weight decay setting of 0.001 and a batch size of 32. The training was
carried out over 3 epochs, incorporating 5000warmup steps for linear
scaling of the learning rate, which was set to a maximum of 0.0001. In
total, the model was trained on four NVIDIA GeForce RTX 3090 GPUs,
totaling 60h of training time.

Evaluation expriments
Our evaluation explicitly compared OmniReg-GPT with existing mod-
els trained with different window sizes to demonstrate the advantages
of our large-window approach. We list the baseline model configura-
tions: DNABERT-2: 112M parameters, trained on 512 bp; GENA: 330M
parameters, trained on 1 kb; GENA-BigBird: 108M parameters, trained
on 1 kb; Nucleotide-Human: 500M parameters, trained on 6 kb;
Nucleotide-V2-Multispecies: 500M parameters, trained on 6 kb; Hye-
naDNA−1kb: 436 K parameters, trained on 1 kb; HyenaDNA-32kb: 3.3M
parameters, trained on 32 kb. For comparing performance on tasks
requiring long sequences, we focused on models whose architectures
support extrapolation beyond their training sequence length. Specifi-
cally, we evaluated: DNABERT2 (utilizing Alibi position embedding),

Gena-bigbird (employing sparse attention), Nucleotide-V2-
Multispecies (leveraging relative position embeddings like RoPE),
and HyenaDNA-32k (trained for long contexts). The evaluation dataset
splits, task types, loss functions and baseline model for each task are
summarized in Supplementary Table 7.

benchmark of genomic foundation models. To evaluate the perfor-
mance of the OmniReg-GPT model in predicting short-sequence
genetic elements and epigenomic data, we compared it against other
foundation models using a variety of benchmarks. We utilized the
Nucleotide Transformer benchmark17, the Bend benchmark22, and the
chromatin-profiling dataset from DeepSEA23.

Firstly, we downloaded consistent datasets from theHuggingFace
for the revised Nucleotide Transformer benchmark, which comprises
ENCODE Histone ChIP-seq data for 10 histone marks in the K562
human cell line (1000bp), human enhancer elements from ENCODE’s
SCREEN database (400 bp), and promoter sequences (300bp) from
the Eukaryotic Promoter Database. We used theMatthews Correlation
Coefficient (MCC) as the metric of comparison. The baseline models
included DNABERT-215 with 112 million parameters, HyenaDNA-1kb21

with 436 thousand parameters, Hyena-32kb with3.3M parameters,
Nucleotide Transformer HumanRef17 with 500 million parameters,
Nucleotide Transformer Human 1000G17with 500 million and 2.5 bil-
lion parameters and Nucleotide Transformer Multispecies v217 with
500 million parameters. We trained and tested OmniReg-GPT on the
dataset, whereas for the remainingmodels, we utilized theMCC values
already provided in the Nucleotide Transformer17. To systematically
evaluate the impact of sequence length on model performance, we
extended the sequences for the Promoter_No_TATA and Enhancer
binary classification tasks to three different window sizes (1 kb, 2 kb,
and 4 kb). We employed a linear probe training approach with con-
sistent hyperparameters (learning rate = 5e-3, batch size = 32, 5
epochs) across all experiments to compare performance across the
extended window sizes. Additionally, we evaluated the classification
ability for distal enhancers by combining distal enhancer-positive
samples from the enhancer dataset with all negative samples and cal-
culating F1, recall, and precision metrics.

We further extended our evaluation by incorporating the histone
modification and CpG methylation datasets from the Bend
benchmark22, both of which contained coordinates mapped to the
human genome. For histone modification dataset, each sequence was
512 bp and encompasses 18 labels. The test set comprised chromo-
somes 1, 8, and 9 (120,567 samples), the validation set included chro-
mosomes 2 and 4 (70,801 samples), and the remaining chromosomes
were used for training (420,713 samples). Similarly, the CpG methyla-
tion dataset also featured sequences of 512 bp, but with a total of 7
labels. The test set included chromosomes 4, 13, 19, and 21
(106,227 samples), the validation set included chromosomes 5, 9, and
22 (109,717 samples), and the remaining chromosomes were used for
training (743,095 samples). We compared OmniReg-GPT with
DNABERT-215, Gena16, and Nucleotide Transformer Multispecies v217

mentioned above. During the training process, we uniformly froze the
parameters of the foundation models and trained only a single MLP
layer for classification. We employed cross-entropy loss to optimize
both classification tasks.

Regarding the DeepSEA dataset23, we downloaded the original
DeepSEA dataset and converted it into nucleotide sequences. Each
sequence is 1000bp and the dataset includes a comprehensive set of
labels: 690 transcription factor (TF) binding profiles for 160 different
TFs, 125 DNase I hypersensitive sites (DHS) profiles, and 104 histone-
mark profiles. Chromosomes 8 and 9 were excluded from training to
serve as the test set for chromatin feature prediction. We then fine-
tuned the OmniReg-GPT and DNABERT-215 models on this dataset by
Cross-entropy loss and calculated the AUROC (Area Under the Recei-
ver Operating Characteristic curve) for each label.
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For the regulatory variants benchmark, we obtained the eQTLs
and pathogenic ClinVar datasets with sequence length of 10 kb. Var-
iants from the fine-mapped eQTL set were assigned positive labels if
their posterior inclusion probability (PIP), as determined by SuSiE52,
exceeded 0.9. Conversely, variants from the matched negative set
were labeled as negative if their PIP was below 0.01. To explore the
impact of sequence context, we constructed two additional datasets
by extracting sequences of 2k and 6k base pairs centered on each
variant. Chromosomes 9 and 10 were excluded from the training set
and reserved for testing purposes.

In the pathogenic variant task, the positive class comprised
pathogenic SNPs identified in ClinVar53, while the negative class con-
sisted of common SNPs with aminor allele frequency (MAF) > 5% from
gnomAD54.

For the NT and DeepSEA benchmark, we perform full parameters
tuning and uniformly set the learning rate to 2e-5 and the batch size to
16. Additionally, we employed a learning rate scheduling strategy that
included a warm-up phase of 1 epoch with cosine decay.

For Bend benchmark and variants benchmark, we kept the back-
bone frozen and trained only a simple linear MLP layer on top. The
training protocol was standardized across all experiments, with the
following hyperparameters: a learning rate of 5e-3 and a batch size of
32 for both binary classification task. Additionally, we employed a
learning rate scheduling strategy that included a warm-up phase of 1
epoch with cosine decay.

Gene expression prediction of cell-type agnostic and single-
cell RNA. For the cell-type-agnostic mRNA level regression, we
downloaded protein-coding mRNA sequences along with their corre-
sponding median expression values for human and mouse from
Xpresso. The human median expression values are derived from 56
tissues and cell lines from Roadmap Epigenomics Consortium, while
themouse values are derived from 254 curated RNA-seq datasets from
the ENCODE project. The median expression level was calculated
across all cell types for each gene. We applied a log transformation to
address the right-skewed distribution of the expression data. Specifi-
cally, we used the formula ŷ= log10ðy+0:1Þ , where y represents the
expression value. Unlike the original setup, which used the optimized
region from 7 kb upstream to 3.5 kb downstream of the transcription
start site (TSS), we opted to retain complete sequenceswith a length of
20 kb to preserve the full genomic context, enhancing the potential for
capturing regulatory elements influencing gene expression. We
adopted the pre-established train-test split from the Xpresso dataset,
maintaining a 9:1 ratio. All models were configured with fixed pre-
training parameters to ensure a consistent basis for performance
comparison. We augmented each model with a single regression layer
to predict gene expression level, where the input to the regression
layer is themean-pooled embeddingof the token representations. This
approach allowed us to directly assess the impact of the underlying
architecture of each model on the gene expression prediction tasks.
The performance of eachmodel was quantified using the coefficient of
determinations (R2) as the metric.

For the analysis of single-cell gene expression, we downloaded
genome sequences, including a window spanning 6.5 kb upstream to
6.5 kb downstreamof the TSS, alongwith expression labels for human,
mouse, and Drosophila from the referenced sources. For human and
mouse, all genes on chromosome 8 were held out for testing, while
genes on other chromosomes were used for training and validation.
For Drosophila dataset, we randomly split left-out 1000 genes for
testing, 1000genes for validation and the remaining genes for training.
We applied the same models and training methodologies used in the
cell-type agnostic RNA prediction. We treated the scRNA-seq predic-
tion task as a multi-label classification problem. As in Nvwa, the
expression label was binarized into labels (expressed=1, unex-
pressed=0) using species-specific cutoffs based on the typical number

of expressed protein-coding genes per cell. We evaluated the predic-
tion performance using the AUROC scores. To visualize the learned
representations, we projected the trainable classifier weights into a
t-SNE embedding. Theseweights correspond to the classification head
parameters that map from the 1024-dimensional sequence repre-
sentation space to single cell predictions, where each cell is char-
acterized by a 1024-dimensional weight vector. To quantitatively
assess the clustering similarity of the predicted cell atlas with the ori-
ginal cell atlas, we used Adjusted Mutual Information (AMI).

For both tasks, we kept the backbone frozen and trained only a
simple linear MLP layer mapping hidden dimension to multi-label
shape. We adopted a learning rate of 5e-3 and a batch size of 32 for all
models, utilizing a cosine decay learning rate scheduler with a 1-epoch
warm-up phase. The Mean Squared Error (MSE) Loss was used to train
cell-type agnostic mRNA level regression task and the Cross Entropy
Loss was used to train single-cell RNA classification task.

scATAC-seq prediction. We downloaded the data for Buenrostro
2018 from scBasset32 and adopted their data processing method to
generate sequences and labels for fine-tuning OmniReg-GPT. The data
was randomly split into training and test sets in a 9:1 ratio. For each
peak, we predicted the accessibility for each cell type using Cross-
Entropy Loss to optimize the classification task. We trained a single
MLP classification layer using a learning rate of 5e-3 and a batch size of
32, utilizing a cosine decay learning rate scheduler with a 1-epoch
warm-up phase. After training, we utilized the classifier weights that
map from the 1024-dimensional sequence representation space to
single cell predictions as cell embeddings and constructed a k-nearest
neighbor (kNN) graph for clustering, which identified 10 distinct
clusters for the Buenrostro 2018 dataset. For visualization, t-SNE
embeddings were independently computed from the classifier
weights. we compared the clustering outcome to the ground-truth cell
type labels using ARI, AMI and homogeneity as implemented in
sklearn.metrics. For evaluation of cell embeddings, we compared
OmniReg-GPT to scBasset32, snapATAC33, ArchR34, chromVAR35 with
motifs or k-mer features. To estimate transcription factor (TF) activity
at single-cell resolution, we applied motif-insertion perturbation with
Omnireg-GPT. Using the motif catalog and background sequences
adopted by scBasset, we drew an instance from each TF’s PWm and
embedded it at the midpoint of every background sequence.
OmniReg-GPT produced cell-wise accessibility predictions for both
motif-inserted and background sequences. Motif influence was
defined as the change in predicted accessibility between the motif-
inserted and background sequences. For each cell, we averaged this
effect across the 1000 backgrounds to obtain a raw estimate of TF
activity. The per-cell TF scores were subsequently standardized (z-
scored) to yield the final activity values.

We implemented In Silico Mutagenesis (ISM) to evaluate the
impact of nucleotide substitutions within specific sequences using the
OmniReg-GPT model. For each nucleotide position, we generated
three variants by replacing the referencenucleotidewith eachpossible
alternative.We then calculated the cell-specific changes in accessibility
by comparing predictions for each mutated sequence against the
reference sequence. To quantify these effects, we normalized the
importance scores for the quartet of nucleotides at each position,
ensuring their cumulative sum was zero. The importance of the ori-
ginal nucleotide was then determined by its normalized ISM score. In
the β-globin enhancer ISM analysis, for eachmotif, we assigned a score
of the dot product between the PWM and ISM.

3D chromatin contact prediction. We downloaded the processed Hi-
Cmatrix (IMR90), DNA reference sequences (GRCh38), CTCF ChIP-seq
(IMR-90) and ATAC-seq (IMR-90) from C.origami42. For training data
generation, we utilized 2-Mb sliding windows with a step size of 40 kb
across the genome, ensuring comprehensive coverage for model
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training. For genome-wide predictions, we maintained the same 2-Mb
window size but implemented a step size of 262,144 bp (equivalent to
1/8 of the 2-Mb window) to enhance resolution and computational
efficiency. The output target was the Hi-Cmatrix at the corresponding
region. The Hi-C matrix was originally called at 10-kb resolution and
downscaled to 8192-bp to match the model output resolution. Chro-
mosomes 10 and 15 were used as the validation set and the test set,
respectively. The rest of the chromosomes were used as the training
set. To handle the 2Mb input regions, we directly fed the entire 2Mb
sequences into the pretrained OmniReg-GPT to generate their corre-
sponding embeddings. Following a similar model architecture as
C.Origami, our setup included a 1D convolutional encoder, a trans-
former module, and a task-specific 2D convolutional decoder. We
made a slight modification to the encoder’s convolutional module by
adjusting the hidden size to ensure that the 1280-dimensional
sequence representation was effectively reduced. The output of the
decoder was characterized by a matrix of 256 by 256 channels. We
employed Mean Squared Error (MSE) to quantify the discrepancies
between the predicted output and the experimental Hi-C map. In
alignment with C.Origami, we utilized the original study’s hyperpara-
meters and codebase for training two distinct models: one that
incorporated both sequence and genomic features as inputs, and
another that relied solely on the sequence data. Stratified intensity at
distance i was calculated by aggregating the line that is parallel to the
Hi-C diagonal with offset of i. Stratified correlation was calculated as
Pearson’s r between the shifted diagonal line of prediction and
ground truth.

Enhancer and promoter compatibility prediction. We collected the
data and plasmid sequences in the referenced study47. We positioned
the promoter and enhancer fragments into their respective locations
in the plasmid47. Subsequently, we conducted forward passes with the
processed plasmid sequences using OmniReg-GPT and Enformer. For
OmniReg-GPT, the log-likelihood obtained from these passes was used
as a zero-shot score, while for Enformer, we utilized its CAGE predic-
tions. Both outputs served as oracles for STARR-seq. To impute the
intrinsic strengths of the promoter and enhancer sequences, we
employed a Gamma model:

Zero� shot Score � Gamma exp P+ Eð Þð Þ ð11Þ

where P is the intrinsic promoter activity and E is the intrinsic enhancer
activity.

This approach allowed us to derive the predicted strengths of
promoters and enhancers independently and in combination.

We then compared these predictions to the experimentally
derived STARR-seq activity levels,whichweremodeled using a Poisson
regression model:

RNA � Poisson exp β � log DNAð Þ+P+Eð Þð Þ ð12Þ

Here, RNA represents themeasured RNA count, DNA is the plasmid
input, and P and E are the promoter and enhancer indicators, respec-
tively. By fitting both the Gamma and Poisson models, we were able to
directly compare the predicted enhancer and promoter strengths from
OmniReg-GPT and Enformer to the experimentally validated STARR-seq
data. Finally, we performed a linear correlation analysis between the
predicted enhancer and promoter strengths from OmniReg-GPT and
Enformer and the experimentally derived STARR-seq activity levels.

Enhancer generation.Weobtained the library of natural and synthetic
sequences tested by experiments from the Supplemental materials of
the reference study43. For three different cell types, we selected the top
2000 sequences from three algorithm-generated sequence sources
and DHS-natural sequence source. The selection was based on the

MinGap score, which was defined as the activity prediction in the tar-
get cell type minus the maximum off-target cell type activity predic-
tion. The CODA scoremodel was used to predict the activity of 200 bp
generated sequences across three cell types (K562, HepG2, and SK-N-
SH), representing the strength of the enhancers in each cell type. For
eachcell type,weemployed a two-round sequencegeneration strategy
using OmniReg-GPT. In the first round, we used the first 50% of each
sequence length as the prompt for the generation process. For each
prompt, we generated 20 new sequences. At each step, the model
computed logits for the next potential token, applied a top-k filtering
to focus on the most probable outcomes and then sampled the next
token using Gumbel sampling with a specified temperature parameter
to add controlled randomness. The entire process was performed
without updating the model weights, ensuring that it was used purely
for inference. In the first round, we obtained a total of 40,000 gen-
erated sequences from each of the four sources. We then employed
the score model in CODA to perform in silico activity prediction and
selected the top 10% of sequences. In the second round, we randomly
sampled 3000 sequences from each source’s generated pool, using
75% of their length as prompts for further generation, and subse-
quently selected the top 10% of the resulting sequences. During the
two-round generation process, we used the PairwiseAligner in local
mode from the BioPython package to align the sequences generated
from each source with the top sequences from CODA. To assess
transcription factor (TF) motif enrichment, we analyzed original
sequences (n = 2000 per cell line) and sequences generated over two
rounds (n = 4000 per round per cell line for K562, HepG2, SK-N-SH).
Motifs were identified using STREME48 and annotated against the
JASPAR CORE (2022)49 database using TOMTOM (default parameters,
retaining motifs with E-value < 1). To further investigate the functional
importance of individual nucleotides and identify cell-type-specific
TFs, we performed in silico mutagenesis (ISM) on all sequences. Using
a zero-shot methodology, we generated embeddings for single-point
mutated 200 bp sequences and compared them to the original
sequence embeddings to calculate normalized contribution scores for
each nucleotide position. Functional sequence motifs were extracted
using TF-MoDISco Lite50 (10,000 seqlets, 200bp window) and mat-
ched to known human TF-binding motifs in the JASPAR CORE (2022)
database via TOMTOM.

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

Data availability
All data used in this study are publicly available and the usages are
illustrated in the Methods. The dataset used for downstream tasks can
be downloaded from the following links: Nucleotide Transformer
benchmark (https://github.com/instadeepai/nucleotide-transformer);
Bend benchmark (https://github.com/frederikkemarin/BEND); Deep-
SEA dataset (http://deepsea.princeton.edu/media/code/deepsea_train_
bundle.v0.9.tar.gz); Xpresso dataset (https://github.com/vagarwal87/
Xpresso); Nvwa dataset (https://bis.zju.edu.cn/nvwa/dataset.html);
Buenrostro2018 dataset (https://github.com/pinellolab/scATAC-
benchmarking/blob/master/Real_Data/Buenrostro_2018/input/
combined.sorted.merged.bed); C.Origami dataset (https://github.
com/tanjimin/C.Origami); Promoter and enhancer compatability
dataset (https://zenodo.org/records/7076228); CODA library from the
supplementary materials of its paper (https://www.ncbi.nlm.nih.gov/
pmc/articles/PMC10441439/#) Source data are provided with
this paper.

Code availability
The code used to pretrain and fine-gune the OmniReg-GPT model is
publicly available and has been deposited in OmniReg-GPT at github
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(https://github.com/wawpaopao/OmniReg-GPT) and at the Zenodo
(https://doi.org/10.5281/zenodo.16933275)55.
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