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ABSTRACT

DNA language models have emerged as powerful tools for decoding the complex
language of DNA sequences. However, the performance of these models is heav-
ily affected by their tokenization strategy, i.e., a method used to parse DNA se-
quences into a shorter sequence of chunks. In this work, we propose DNACHUN-
KER, which integrates a learnable dynamic DNA tokenization mechanism and is
trained as a masked language model. Adopting the dynamic chunking procedure
proposed by Hwang et al.| (2025)), our model learns to segment sequences into
variable-length chunks. This dynamic chunking offers two key advantages: it’s
resilient to shifts and mutations in the DNA, and it allocates more detail to im-
portant functional areas. We demonstrate the performance of DNACHUNKER by
training it on the human reference genome (HG38) and testing it on the Nucleotide
Transformer and Genomic benchmarks. Further ablative experiments reveal that
DNACHUNKER learns tokenization that grasps biological “grammar” and uses
smaller chunks to preserve detail in important functional elements such as pro-
moters and exons, while using larger chunks for repetitive, redundant regions.

1 INTRODUCTION

DNA sequences are the fundamental blueprint of life, containing the information that governs com-
plex biological processes such as gene regulation (Moore et al., | 2020)), protein synthesis (Jia et al.|
2024), DNA replication (Ekundayo & Bleichert, 2019), to name a few. Rapid advances in sequenc-
ing technology (Behjati & Tarpey, 2013)) have made genomic data massively available. However,
understanding and predicting the function encoded within these sequences remains a major chal-
lenge. The immense length and intricate nature of genomic data, along with a lack of high-quality,
task-specific datasets, make it difficult to understand the underlying rules of this biological code.

Inspired by the success of large language models (LLMs; |Anil et al., 2023)), several recent works
have begun investigating DNA language models (Ji et al.| [2021}; |Sanabria et al} |2024; |Dalla-Torre
et al.,|2025)), moving beyond traditional rule-based methods to learn the “grammar” and “semantics”
of DNA. In particular, the presence of long-range interactions between nucleotides and functional
elements such as promoters and enhancers that act as “words” in the genomic language highlights
the need for a tokenization strategy that can group DNA sequences into meaningful tokens.

Genomic sequences pose unique challenges for tokenization that differ from natural language, pri-
marily due to the absence of a natural “word” unit. Prior works have largely adopted one of three
approaches: single nucleotides (Dalla-Torre et al., 2025} [Schiff et al., 2024), fixed-size k-mers (Poli
et al.| 2023; Ji et al., [2021)), or Byte-Pair Encoding (BPE) (Zhou et al.,|2024). The single nucleotide
approach, while simple, results in excessively long sequences that make it computationally expen-
sive and difficult to model long-range interactions (Dalla-Torre et al., [2025).

To circumvent this length issue, fixed-size k-mers and BPE have been explored, but these methods
are inherently fixed and struggle to adapt to the biological context of DNA. K-mer tokenization is
highly sensitive to small shifts, where a single insertion, deletion, or mutation can completely alter
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Figure 1: Architecture, tokenizer robustness, and distribution of chunk size. (a) The architecture
of DNACHUNKER. (b) Our tokenizer is robust against nucleotide-wise shifts or mutations, where
we color the tokens to indicate that they are preserved despite the mutations. (¢) Our DNACHUN-
KER dynamically represents functional elements (promoter, intron, exon) with high-resolution using
smaller chunks, while compressing repetitive elements with larger chunks.

the tokenized output, even if the biological function remains unchanged (Dalla-Torre et al., [2025).
Next, frequency-driven schemes like BPE fail to capture the functional importance of substrings,
since the most frequent substrings are typically simple non-functional repetitive elements.

To this end, we propose DNACHUNKER, a bidirectional masked DNA language model designed
to overcome the limitations of fixed tokenization (Figure @ Our model integrates a learnable,
dynamic tokenizer that segments DNA into variable-length, context-dependent chunks, producing
biologically meaningful groupings directly from sequence.

Concretely, we use a two-stage hierarchical encoder: raw base-pair embeddings are first processed
with lightweight bidirectional Mamba layers (Schiff et al., 2024)), then adjacent positions are merged
into chunks using cosine-similarity—based boundary decisions, grouping highly similar representa-
tions into a single token. The resulting compressed sequence is modeled by a more expressive main
network to capture long-range dependencies, and is then upsampled back to base-pair resolution
via a bidirectional dechunking module that reconstructs fine-grained representations while leverag-
ing intermediate encoder features. This architecture enables efficient long-context modeling while
retaining nucleotide-level fidelity for masked prediction. With such design choices, our model is
able to adaptively allocate chunk sizes to represent functional elements in high resolution, while
compressing the non-functional repetitive elements with larger chunks (Figure[Ic).

We validate DNACHUNKER by pretraining on the human reference genome (HG38) and fine-tuning
on two standard suites: the Nucleotide Transformer benchmark (Dalla-Torre et al.,[2025) and the Ge-
nomic Benchmarks collection (Gresova et al., |2023)). Across these tasks, DNACHUNKER matches
the performance of the state-of-the-art GENERATOR model (Wu et al., [2025) (1.2B parameters)
while using 172M parameters. In addition to downstream accuracy, we analyze the learned tokenizer
and find that it adapts chunk granularity to local genomic context: the model tends to form shorter,
higher-resolution chunks around functional elements (e.g., regions with high PhyloP scores, gene
bodies, promoters, introns, and exons), while assigning longer chunks to low-information repetitive
regions.

Overall, our contributions can be summarized as follows:
1. Bidirectional masked DNA language model. We adapt the dynamic tokenization mech-

anism in the autoregressive field to a bidirectional modeling scheme, targeted for DNA
sequences (Section [3.1)).
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2. State-of-the-art performance on various DNA benchmarks. Our proposed DNACHUN-
KER outperforms the baselines in the Nucleotide Transformer and Genomic benchmarks

(Section {.T).

3. Robustness and adaptivity of tokenization. Our tokenization scheme is robust against
mutations and adaptively allocates fine-grained representations for functional elements,
while compressing non-functional elements with coarse-grained representations (Sec-

tion[d.2).

2 RELATED WORKS

2.1 DNA LANGUAGE MODELS

Autoregressive generation models. While masked DNA LLMs excel at understanding and pre-
dicting DNA sequences, generative capabilities in this domain are still in their early stages. An early
preprint on DNAGPT (Yang et al., 2024)) demonstrated the ability to learn mammalian genomic
structures through next-token prediction and other pre-training tasks. Recent works like HyenaDNA
(Nguyen et al., |2023) and megaDNA (Shao & Yan, 2024) have achieved longer context lengths
by employing the Hyena (Poli et al.| [2023) and multiscale transformer architectures, respectively,
though they are limited in their data and model scale. Next, Evo (Nguyen et al.,|2024) was trained
on an extensive dataset of prokaryotic and viral genomes. Evo2 (Brixi et al., |2025) extends this idea
with 7B and 40B parameter models trained on 9.3 trillion DNA base pairs, achieving an unprece-
dented 1 million token context window with single-nucleotide resolution. Notably, Evo and Evo2
demonstrated practical utility by designing CRISPR-Cas molecular complexes (Nguyen et al.,[2024])
and bacteriophages (King et al., [2025) in the real world.

Non-autoregressive generation models. In addition, masked language models (MLMs) have
been investigated for the representation learning of DNA sequences. MLMs are attractive since
they allow reflection of the bidirectional nature of DNA sequences, e.g., regulatory motifs can act in
both directions and functional prediction requires context from both upstream and downstream re-
gions. The Nucleotide Transformer (NT; Dalla-Torre et al., | 2025) scaled model parameters from 100
million to 2.5 billion and was trained on a diverse set of multispecies genomes. Subsequent studies,
such as DNABERT-2 (Zhou et al., 2024) and GROVER (Sanabria et al.}2024) proposed to use Byte
Pair Encoding (BPE) over k-mer tokenizers for masked DNA LLMs. A primary limitation of these
models has been their insufficient context length, a consequence of the high computational cost of
extending context in the standard transformer architecture. To address this, GENA-LM (Fishman
et al., [2025) employs sparse attention, while Caduceus (Schiff et al.l [2024) utilizes the lightweight
BiMamba architecture (Tang et al., 2024).

2.2 LEARNABLE TOKENIZERS

Autoregressive generation models. Tokenization methods have primarily been developed in the
context of autoregressive generation models. Existing models often rely on an outside function
or module to identify boundaries. This includes delimiter-based methods like SpaceByte (Slagle,
2024), which works well for languages with clear separators, and entropy-based methods like the
Byte Latent Transformer (Pagnoni et al., [2024), which identify boundaries based on conditional
entropy. Recently, [Hwang et al.| (2025) proposed H-Net as a module to learn dynamic chunking,
which learns optimal segmentation strategies directly from data through training and matches the
performance of models based on fixed tokenizers for natural language and DNA tasks.

Non-autoregressive generation models. For non-autoregressive models, similar principles are ap-
plied with different design considerations. Charformer (Tay et al.,[2022)) introduced a gradient-based
method for pooling sequences at multiple resolutions. Other approaches, such as eByte (Thawani
et al.,|2023)) and Word-based self-attention fusion (Sreedhar et al.,[2023)), perform external chunking
based on words. Our work, DNACHUNKER, fills a critical gap by being the first model to apply a
learnable, dynamic chunking mechanism to a non-autoregressive, masked DNA language model.
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3 METHODOLOGY

3.1 ARCHITECTURE DETAILS OF DNACHUNKER

DNACHUNKER is a bidirectional masked language model (MLM) for genomic sequences, struc-
tured around a central design principle: the main network serves as the primary locus of long-range
contextual reasoning. Operating on adaptively compressed segment sequences, the main network
aggregates evidence across distant genomic regions while remaining computationally tractable. The
encoder and decoder are designed to support this goal—compressing sequences into the main net-
work and reconstructing base-pair predictions from it—while addressing two key challenges.

First, genomic signals depend on both upstream and downstream context, demanding bidirection-
ality throughout. Most prior adaptive segmentation methods were introduced in autoregressive set-
tings (Pagnoni et al., [2024; [Hwang et al., [2025)), making them inherently directional. In contrast,
DNACHUNKER employs bidirectional Mamba layers to inform segmentation decisions from both
flanks in the encoder, while the decoder applies bidirectional probability-gated smoothing during
reconstruction.

Second, [MASK] tokens are functional artifacts of pretraining, not semantic nucleotides, and re-
quire careful handling to prevent information leakage. In the encoder, we enforce boundaries around
masked positions so that segmentation decisions remain mask-invariant and transfer to downstream
sequences without masks. In the decoder, we gate residual connections to masked positions, ensur-
ing their reconstruction depends solely on main-network representations rather than leaked encoder
context.

Together, these designs concentrate contextual modeling within the main network while enabling
adaptive compression that respects the bidirectional and mask-sensitive nature of MLM pretraining.
We illustrate the architecture in Figure [Ta] and provide hyperparameters in Section [A] Below, we
describe the encoder (Section |3.1.1), main network (Section [3.1.2)), and decoder (Section [3.1.3) in
detail. We summarize our pretraining and finetuning scheme in Section [3.2]and Section B}

3.1.1 ENCODER: MASK-PROTECTED ADAPTIVE SEGMENTATION

The encoder compresses genomic sequences via adaptive segmentation, reducing the effective se-
quence length in low-information regions while preserving high-information content at an appro-
priate granularity. DNACHUNKER applies a two-stage hierarchical procedure that progressively
maps base pair—level signals into coarser, semantically meaningful representations. Each stage fol-
lows three steps: (1) encode the current sequence into contextualized embeddings, (2) infer decision
boundaries between adjacent positions, and (3) downsample embeddings according to these bound-
aries to produce a shorter stage output. This structured workflow retains salient genomic patterns
while reducing computational cost.

In practice, step (1) is handled by a lightweight bidirectional Mamba backbone (Schiff et al., [2024)
, which transforms raw tokens into base-pair—resolution features optimized for boundary inference.
Steps (2)—(3) are performed by the segmentation module, which predicts boundaries from these
processed features and aggregates embeddings to form segment representations. Bidirectionality
is important for genomic sequences because boundary evidence can arise from both upstream and
downstream context, unlike autoregressive settings that typically constrain encoders to a single di-
rection (Pagnoni et al.||2024; |Hwang et al., [2025)).

Formally, given an input sequence of length T', let z(®) = (x§0>, e xgﬁ )) denote base pair-level
embeddings. These embeddings are processed by the first-stage encoder, producing intermediate
representations Z(°). A routing network then computes boundary probabilities p§°> for each position
t € [1,T] using cosine dissimilarity between projected query and key vectors:

0 0
NON 1 (1 _ (qg ))Tk§7)1 )
t - 0 0 9
2 lgs™ - (%25 (1)
0 ~(0 0 1 ~(0
Qt( ) = We(nlc),q xi(t )7 k)g ) = e(nc)Jf SUE )a
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where Wé,fc)yq and We(li), . are learnable parameters of the encoder routing network at stage s € {1, 2}.
We obtain hard boundary indicators by thresholding:

bl = 1(p§5) > 0.5) . )

These indicators define chunk boundaries. The first stage collects 77 = Zthl b§°> adaptive chunks
from z(?), yielding chunked embeddings 2(!) € R %4 The second-stage encoder applies the same

procedure to z!) to produce a more coarse-grained representation x(?) = (x?), ceey xgg,),) with
T" < T', which is used as input to the main network.

Mask protection mechanism. A key complication in MLM pretraining is that [MASK] is a func-
tional token rather than a semantic nucleotide. Since the routing network predicts boundaries from
contextualized features, allowing [MASK] to merge with neighboring bases can introduce shortcuts:
the model may learn segmentation patterns that exploit mask placement (a pretraining-only artifact)
rather than genomic context, which does not transfer to downstream sequences without masked to-
kens. To prevent mask-conditioned tokenization, we enforce boundaries around every masked base
pair so that masked positions are never merged into larger chunks.

Concretely, for each masked index m, we force chunk boundaries immediately before and after
it, ensuring that the masked token forms a singleton chunk and its neighbors start new chunks.
This mask protection is applied throughout the hierarchical encoder, ensuring that masked tokens
remain isolated at every segmentation stage. As a result, adaptive segmentation decisions are driven
by genomic context rather than by the presence of [MASK], while the MLM learning signal is
preserved through compression.

3.1.2 MAIN NETWORK

The main network consists of 8 Transformer blocks operating on the compressed segment sequence.
Each block follows the standard Transformer design with layer normalization, multi-headed self-
attention, and a feedforward network with GELU (Hendrycks & Gimpel, [2023)) activation. We
incorporate Rotary Position Embeddings (RoPE; Su et al., 2024) in the attention mechanism to
encode positional information, utilizing the mean index location of each chunk. The main network
accounts for the majority of parameters in DNACHUNKER and memory usage during inference.
Note that, the main network is intended to be the primary locus of contextual modeling the input
DNA sequence.

3.1.3 DECODER: HIERARCHICAL DECHUNKING WITH BIDIRECTIONAL SMOOTHING

Mirroring the encoder’s two-stage adaptive segmentation, the decoder reconstructs representations
in two hierarchical steps (2(°) — 2(1) — 2(2)), progressively expanding the compressed sequence
back to base-pair resolution. Unlike autoregressive reconstructions (Hwang et al., 2025; Pagnoni
et al., 2024)) that must remain causal, our bidirectional MLM decoder leverages context from both
directions.

Each dechunking step proceeds as follows. Given compressed representations z(*) € R”s*? and
boundary indicators b(5~*) from the corresponding encoder stage, we first paste each segment rep-
resentation to all positions it governs via camulative boundary counts:

s(s4+1) _ (9)

2= e (3)
Here, S denotes the total number of hierarchical layers. This initial assignment produces piecewise-
constant representations. To (1) enable gradient flow through discrete boundary decisions and (2)
incorporate bidirectional context, we then apply probability-gated smoothing in both directions:

(s+1) _

2 3 (Scan,, (2=+D )y + SCANe(g(SH)aP)t)v 4)

where SCAN_, and SCAN._ denote forward and backward linear recurrences gated by boundary
probabilities p. The smoothed representations are then combined with gated encoder residuals from
the corresponding stage and refined by bidirectional Mamba layers, before proceeding to the next
dechunking step or the final language model head.
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Masked residual gating. At each dechunking stage, the decoder employs residual connections
from the corresponding encoder features to aid reconstruction of fine-grained information. How-
ever, allowing these residuals to flow into masked positions creates an undesirable shortcut: since
the encoder’s bidirectional layers mix information across neighbors, masked tokens could be recon-
structed from leaked encoder context alone, bypassing the main network. To enforce contextual
compute in the main network, we gate residual connections based on whether a position’s assigned
segment contains a mask token—positions in masked segments receive zero residual. This design
ensures that the main network serves as the primary locus of long-range dependency modeling.

3.2 MODEL PRETRAINING

Loss function. DNACHUNKER is pretrained with masked language modeling, with down-
weighting of repetitive regions of DNA by 0.1, in line with prior works (Brixi et al.| [2025). The
loss is formulated as follows:

Lyvim = Z wy Leg(t),
teM
&)

0.1 if position ¢ is in a repetitive region,
wy = .
i 1.0 otherwise.

where Lcg(t) denotes the cross entropy loss for predicting the masked nucleotide at position ¢.
Additionally, to control the degree of compression from the chunking layers, we use the ratio loss
proposed by [Hwang et al.[(2025):

o 0780 (=) (-5
ratio — Ol(s) 1— a(s) )

© _ 1o 1 (s)
b =N g ) == %),
T;ta p T;pt

(6)

where B(S) and p(*) are the fraction of selected tokens and the average boundary probability, re-
spectively, and () € (0,1) is the target compression ratio of the encoder, which is a control-

lable parameter. Note that B(s) is non-differentiable, but the network can be trained towards the
target compression ratio through tuning p(®). Together, we train the model to minimize the loss

L=LymiMm+ A0 + ALY where A is the weighting coefficient. More details about pretraining

ratio ratio’

can be found in Section

Dataset. We pretrain our model on the Human Reference Genome, adopting the data partitioning
strategy from Enformer (Avsec et al.| |2021). The genome is first divided into non-overlapping
regions of 220 (1,048,576) base pairs (bp), which will be allocated to the training, validation, and
test sets. These regions are subsequently segmented into input sequences with a maximum length
of 8192 bp. During the preprocessing, ambiguous nucleotides (‘N”) are mapped to a padding token
and are excluded from the loss computation. Following the methodology of BERT (Devlin et al.,
2019), for each input sequence, 15% of all nucleotides are randomly selected for prediction. Of this
selection, 80% are replaced with a [MASK] token, 10% are substituted with a random nucleotide,
and the remaining 10% are left unchanged.

Fine-tuning on downstream tasks. For fine-tuning on the downstream tasks, we remove the lan-
guage model head and perform average pooling over the valid tokens, i.e. excluding [PAD] tokens.
The pooled output is subsequently passed through a linear layer.

4 EXPERIMENTS

In what follows, we demonstrate the experimental results for evaluating DNACHUNKER upon two
benchmark datasets: Nucleotide Transformer benchmark (Dalla-Torre et al., [2025) and Genomic
benchmark (Gresova et al., [2023)). We show that, despite the small number of parameters (172M),
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Table 1: Nucleotide Transformer Benchmark. The reported values represent the Matthews Cor-
relation Coefficient (MCC; mean =+ standard error) averaged over 10-fold cross-validation. Best
results are bold; second best are underlined.

Enformer DNABERT-2 ~ HyenaDNA NT-multi NT-v2 Caduceus-Ph  Caduceus-PS GROVER GENErator DNACHUNKER
(252M) (117M) (55M) (2.5B) (500M) (8M) (8M) (87M) (1.2B) (172M)
Histone Markers
H3 0.724 +o018  0.785 £0012  0.781 0015  0.793 £0013 0.788 0010 0.794 £o0012  0.772 0022 0.768 +0.008  0.806 + 0.005 0.817 + 0011
H3K14ac 0.284 + 0024  0.515+0009 0.608 +0020 0.538 0009 0.538 +0.015 0.564 +0033 0.596 0038 0.548 +0020 0.605 + 0.008 0.711 + 0.021
H3K36me3 0.345 + 0019 0.591 £0005s  0.614 0014 0.618 0011 0.618 +0015 0.590 0018  0.611 0048  0.563 +0017  0.657 +0.007 0.677 +0.003
H3K4mel 0.291 0016 0.512+0008 0.512 +0008 0.541 £0005 0.544 +0009 0.468 +0015 0.487 £0029 0.461 +0018 0.553 +0.009 0.631 =+ 0.009
H3K4me2 0.207 + 0021 0333 £0013 0455 +0028 0.324 +0014 0.302 +0020 0.332+0034 0431 0016 0403 +0042  0.424 +0.013 0.599 +0.011
H3K4me3 0.156 +0022 0353 0021 0.550 +0015 0.408 £o0011  0.437 0028 0.490 0042 0.528 £0033 0458 +0022 0.512 +0.009 0.660 + 0.045
H3K79me3 0.498 + 0013 0.615+0010 0.669 0014 0.623 £0010 0.621 0012  0.641 +0028 0.682 +0.018 0.626 +0026 0.670 +0.011 0.731 + 0012
H3K9%ac 0.415 0020 0.545 £0009 0.586 +0021  0.547 £o0011  0.567 £0020 0.575 +0024 0.564 0018 0.581 +0015 0.612 +0.006 0.678 + 0.007
H4 0.735 0023 0.797 0008  0.763 0012 0.808 +0.007 0.795 £ 0008 0.788 0010 0.799 £0010 0.769 + 0017 0.815+0008  0.813 + 0012
Hdac 0.275 +0022  0.465 £0013  0.564 0011 0.492 +0014 0.502 0025 0.548 0027 0.585 0018 0.530 £0017 0.592 +0.015 0.687 + 0.027
Average MCC (1) 0.393 0.551 0.610 0.569 0.571 0.579 0.606 0.571 0.625 0.701
Regulatory Annotation
Enhancer 0.454 +0029 0.525+0026 0.520 0031  0.545 +0028 0.561 0029 0.522 +0024 0.511 0026 0.516+0018 0.580 +0.015 0.558 +0.011
Enhancer Type 0.312 0043 0423 o018 0.403 £0056 0.444 +0022 0.444 £0036 0.403 £0028 0410 £0026 0433 £0029 0477 007  0.519 +0.005
Promoter All 0.910 + 0004 0945 £0003 0.919 +0003 0951 +0004 0.952 +0002 0.937 +0002 0.941 £0003 0.926 +0004 0.962 +0.002 0.967 +0.013
Promoter NonTATA 0.910 £ 0006 0944 £0003 0.919 0004 0969 £0003 0.952 +0003 0.935 0007 0.940 0002 0.925 +0006 0.962 + 0.001 0.971 + 0.007
Promoter TATA 0.920 + 0012 0911 £o0011  0.881 0020 0.919 +0008 0.933 0000 0.895 0010 0.903 0010 0.891 +0009 0.948 +0.008 0.961 +0.015
Average MCC (1) 0.701 0.750 0.728 0.766 0.768 0.738 0.741 0.738 0.786 0.796
Splice Site Annotation
Splice Acceptor 0.772 + 0007 0.909 +0004 0.935 +0005 0.973 +0002 0.973 0004 0.918 0017 0.907 0015 0912 +0010 0.981 +0.002 0.969 +0.013
Splice Site All 0.831 0012 0950 £0003 0.917 +0006 0.974 £0004 0.975 +0002 0.935 0011  0.953 0005 0.919 +0005 0.976 + 0011 0.968 -+ 0.030
Splice Donor 0.813 0015 0.927 +0003 0.894 0013 0.974 +0002 0.977 0007 0.912+0009 0.930 0010 0.888 +0012  0.978 -+ 0.001 0.960 + 0.007
Average MCC (1) 0.805 0.929 0915 0.974 0.975 0.922 0.930 0.906 0.979 0.965
Total Average MCC (1) 0.547 0.669 0.694 0.690 0.693 0.680 0.697 0.673 0.728 0.772
Total Average Rank () 9.67 6.72 6.00 4.83 4.56 6.33 5.61 7.22 2.06 1.67

Table 2: Genomics Benchmark. The reported values represent the Top-1 Accuracy (Acc; mean
=+ standard error) averaged over 10-fold cross-validation. Best results are bold; second best are
underlined.

DNABERT-2  HyenaDNA NT-v2 Caduceus-Ph  Caduceus-PS GROVER GENErator GENErator-All  DNACHUNKER
(117M) (55M) (500M) (8M) (8M) (87M) (1.2B) (1.2B) (172M)
Coding vs. Intergenomic 0.951 £0002  0.902 +0004 0.955+0001 0.933 +0001 0.944 +0002 0.919 +0002 0.963 0000 0.959 +0.001 0.955 + 0012
Drosophila Enhancers Stark ~ 0.774 + 0011 0.770 + 0016  0.797 £0009 0.827 + 0010 0.816 0015 0.761 +0011  0.821 0005  0.768 +0.015 0.779 +0.021
Human Enhancers Cohn 0.758 0005 0.725 £0009 0.756 +0006  0.747 0003  0.749 £0.003 0.738 £ 0005  0.763 0002  0.754 + 0.006 0.761 + o011

Human Enhancers Ensembl 0918 0003  0.901 £0003 0.921 £0004 0.924 0002 0.923 +0002 0.911 +0004 0917 0002  0.912 + 0.002 0.922 + 0007
Human Ensembl Regulatory ~ 0.874 £0007  0.932 0001  0.941 £o0001  0.938 + 0004 0.941 £0002 0.897 +0001 0.928 0001  0.926 -+ 0.001 0.935 + 0.005
Human non-TATA Promoters ~ 0.957 + 0008 0.894 £0023  0.932 +0006 0.961 +0003 0.961 £0002 0.950 +0005 0.958 0001  0.955 + 0.005 0.962 = 0.001

Human OCR Ensembl 0.806 £0003  0.774 +0004 0.813 +0001 0.825 +0004 0.826 0003 0.789 £0002 0.823 £0002  0.812 +0.003 0.810 + 0.007
Human vs. Worm 0.977 0001 0.958 +0.004 0.976 +0001  0.975 £0001 0.976 0001  0.966 + 0001  0.980 +0000  0.978 +0.001 0.969 =+ 0.001
Mouse Enhancers Ensembl 0.865 0014  0.756 +0030 0.855+0018 0.788 £0028 0.826+0021 0.742 £0025 0.871 0015  0.784 +0.027 0.874 + 0.020
Average Acc (1) 0.876 0.846 0.883 0.880 0.885 0.853 0.892 0.872 0.885
Average Rank (]) 5.11 8.22 4.17 3.89 333 8.11 2.89 5.44 329

DNACHUNKER demonstrates state-of-the-art performance (Section @) Next, we describe abla-
tive experiments comparing DNACHUNKER with prior DNA-specific tokenization methods, and
provide extensive analysis of the learned tokenizer, demonstrating its robustness and inherent bio-
logical understanding (Section 4.2)).

4.1 DOWNSTREAM TASKS

Nucleotide transformer benchmark. We evaluate our model on the Nucleotide Transformer
benchmark (Dalla-Torre et al.,2025), which aggregates 18 datasets spanning three task families: (i)
histone mark prediction from chromatin profiling assays, (ii) regulatory annotation such as promoter
and enhancer classification, and (iii) splice-site annotation at donor/acceptor boundaries. Following
the evaluation protocol of [Wu et al| (2025), we perform 10-fold cross-validation and report the
Matthews Correlation Coefficient (MCC) for each dataset and the average rank among 10 models.
Specific finetuning details of DNACHUNKER are reported in [C.1} while scores of previous baseline
models are taken from Wu et al .| (2025)).

Results are summarized in Table[]] DNACHUNKER achieves state-of-the-art performance on 10 out
of 18 datasets, bypassing the previous best model, GENERATOR (Wu et al., 2025), by a large margin
in both average MCC and average rank. Our gains are especially more pronounced upon the histone
mark prediction tasks, showing an average gain of 14.2%. Note that DNACHUNKER is trained only
on the human reference genome, using only 13% of the Generator’s number of parameters.
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Table 3: Nucleotide Transformer Benchmark Revised. Each entry reports the average MCC
(mean =+ average standard error) across the subtasks within each group. The final two rows report
the overall average MCC and average rank across all subtasks. Best results are bold; second best
are underlined.

HyenaDNA Caduceus-PS  GENA-LM-Base NT-MS-100M MxDNA PatchDNA DNACHUNKER
(6.6M) (7.7TM) (110M) (100M) (100M) (19.2M) (172M)
Histone markers 0.509 £ 0011 0.543 +o0.011 0.537 £ 0.019 0.552 +0007  0.555 +£0013 0.560 + 0.009 0.562 -+ 0.006
Regulatory annotations  0.635 +£0.015  0.650 +0.015 0.623 +0.021 0.660 +0.015  0.664 +0.017 0.689 +0.010 0.690 -+ 0.008
Splice site annotations ~ 0.836 +0.017  0.777 +0.013 0.768 +0.007 0.960 +0002 0.868 £0.020 0.740 +0.028 0.936 +0.009
Total Avg. MCC (1) 0.599 0.612 0.600 0.650 0.637 0.626 0.660
Total Avg. Rank () 6.06 4.89 5.67 3.06 3.06 3.00 2.05

Genomic benchmark. The Genomic benchmark suite (Gresova et al., [2023) consists of nine dif-
ferent tasks centered on human genomic data. This includes enhancer and promoter recognition,
coding vs. intergenic discrimination, and a small species control (human vs. worm). We once again
follow the evaluation protocol of [Wu et al.| (2025) and report the top-1 accuracy averaged over
10-fold cross-validation. Specific finetuning details are reported in Section while scores from
baseline models are taken from (Wu et al., 2025).

Our DNACHUNKER achieves the second-highest rank and performance on-par with GENERATOR,
while utilizing 7x fewer parameters than the best model Generator (Wu et al., [2025) with 1.2B
parameters. Additionally, our model was trained solely upon the human reference genome, while
GENERATOR used various types of genomes beyond human.

4.2 ABLATIVE STUDIES

Comparison with DNA-targeted tokenization. Several prior studies have proposed tokenization
strategies tailored to genomic sequences. However, these approaches often rely on hand-crafted
signals (e.g., using external conservation scores to define boundaries (Del Vecchio et al., [2025))
or impose architectural constraints that implicitly cap the effective token granularity (e.g., fixed-
kernel CNN tokenizers (Qiao et al., [2024)). Such design choices can restrict flexibility and lead
to degraded performance when the appropriate resolution varies across genomic contexts. We
therefore compare DNACHUNKER against these DNA-targeted baselines - MXDNA (Qiao et al.,
2024) and PATCHDNA (Del Vecchio et al.l |2025) on the revised Nucleotide Transformer bench-
mark (Dalla-Torre et al., 2025) (summary in Table E]; full results in Section @ Across all task
groups, DNACHUNKER consistently outperforms both methods, with the largest gains observed on
splice-site annotation. Prior analysis in (Qiao et al.l 2024)), citing (Lindsey et al.l |2024)), argues
that splice-site prediction particularly benefits from uniform, fine-grained tokenization, and reports
that segmentation-based schemes can underperform fixed BPE or k-mer tokenizers on these tasks. In
contrast, DNACHUNKER remains competitive with fixed tokenizers on splice-site benchmarks while
retaining the benefits of adaptive segmentation on other task families, suggesting that it preserves
base-level sensitivity when needed without sacrificing broader contextual modeling elsewhere.

Biological meaning of chunks. To assess whether DNACHUNKER produces biologically in-
formed adaptive segmentation, we compare its token-size patterns against the fixed BPE tokenizer
(here, we used DNABERT-2 (Zhou et al.,|2024) as representative). We focus on whether token gran-
ularity changes systematically with functional annotations, rather than remaining uniform across the
sequence.

We examine three genes in the histone cluster of H3 family (H3C13, H3C14, and H3C15), which
contain both (i) highly conserved coding segments with elevated phyloP scores (PHYLOP) and (ii)
repetitive Short Interspersed Nuclear Elements (Repeat SINE). A desirable tokenizer should allocate
higher resolution (shorter segments) to conserved and coding regions, while using longer segments
to summarize low-complexity repetitive sequence.

Figure [2| shows that the BPE baseline exhibits a largely uniform distribution of token sizes across
annotations, applying similar granularity to conserved elements and repetitive SINEs. In contrast,
DNACHUNKER adapts segment length to local genomic context: it assigns longer segments in SINE
regions, where sequence is more redundant, and produces shorter segments within gene bodies and
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Figure 2: Token size distributions of DNACHUNKER and BPE. (a) The BPE tokenizer is com-
pared against the two-stage DNACHUNKER tokenizer on the H3C13, H3C14 and H3C15 gene.
Tracks include gene bodies (shaded), conserved elements (PHYLOP), and SINE repeats. (b) Human
chromosome-wide segment-size distributions for BPE and both stages of DNACHUNKER, catego-
rized by Promoter, Intron, Exon, and Repeat.

in high-conservation intervals. Importantly, this contrast is driven by the tokenization mechanism
itself: BPE is fixed after preprocessing and cannot condition token boundaries on biological context,
whereas DNACHUNKER learns boundaries jointly with representation learning, allowing segmen-
tation decisions to vary with the local sequence and its inferred function. This behavior suggests
that the learned tokenization is sensitive to biologically meaningful structure, even though training
uses only a masked language modeling objective.

We further quantify this trend at a genome-wide scale in Figures [Ic|and 2b] by stratifying segment
lengths by annotation (Promoters, Introns, Exons, and Repeats) across chromosomes 1, 3, 4, 5, 7,
21, and 22. DNACHUNKER Yyields a broad distribution of segment lengths that varies across an-
notations, including substantially longer segments in repeat regions (up to 320 bp in our setting),
whereas BPE produces predominantly fixed-length tokens across categories. Taken together, these
results indicate that adaptive segmentation can align representational resolution with biological con-
tent, allocating finer granularity to information-dense regions and coarser granularity to repetitive
sequence, which plausibly supports downstream predictive performance.

Robustness to mutations. We evaluate
whether a tokenizer produces stable segmen-
tations under small genetic perturbations by
comparing the tokenizations of a reference
sequence and its mutated counterpart for vari-

Table 4: Robustness of tokenizers against muta-
tions. Similarity scores between tokenizations of a
reference sequence and its mutated counterpart on
ClinVar variants. Higher is more stable under muta-

ants sampled from ClinVar (Landrum et al., tion.

2016). We draw 1,000 examples for each cat-

egory: benign SNVs, pathogenic SNVs, be- BPE DNACHUNKER
nign InDels, and pathogenic InDels. For each Stage 1 Stage 2

pair, we compute a similarity score
Benign 0.9993 0.9987  0.9940

S(@™,2™) = (1 =) Svoundary + 7 Scoments SNV Pahogenic  0.9994  0.9985  0.9934

where 2" and ™! are the two token se- Benign 0.7506 0.8512 0.7932
quences. Shoundary i the Jaccard similarity TND€l oy Soonic 07434 08492 07900
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between the sets of token boundary positions induced by the tokenizer, capturing how much the
segmentation structure is preserved. S¢onene Mmeasures how similar the resulting token sequences are,
implemented as a normalized edit-similarity (i.e., one minus the normalized edit distance) so that
larger values indicate closer agreement. We set v = 0.5 to weight structural and content stability
equally.

Table E] shows that both tokenizers are nearly invariant under SNVs. In contrast, for insertions
and deletions, DNACHUNKER yields much higher similarity, especially at Stage 1, indicating that
its context-dependent segmentation is less prone to cascading boundary shifts downstream of the
mutation than fixed, frequency-driven merges.

5 CONCLUSION

In this work, we tackle a central bottleneck in genomic language modeling: unlike natural language,
DNA lacks an intrinsic notion of discrete “words,” making tokenization an ill-posed design choice.
We therefore frame tokenization as a learnable component and introduce DNACHUNKER, which
performs context-dependent adaptive segmentation jointly with masked sequence modeling. Across
two widely used benchmark suites, DNACHUNKER improves over strong fixed-tokenization base-
lines while remaining parameter-efficient. Beyond accuracy, analyses of the learned segments indi-
cate systematic structure rather than incidental compression: the model allocates finer granularity to
functionally enriched regions (e.g., gene bodies and conserved elements) and coarser granularity to
low-complexity or repetitive sequence. Together, these results suggest that end-to-end, data-driven
segmentation can serve as a practical route toward genomic language models that better reflect bio-
logical organization.

10
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implications.
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To ensure the reproducibility of our results, we have provided a detailed account of our methodology
and experimental setup. Our model was pre-trained on the Human Reference Genome (HG38),
using the public data partitioning strategy from the Enformer study. For downstream evaluation, we
used two publicly available collections: the Nucleotide Transformer benchmark and the Genomic
benchmark. Comprehensive details regarding the model architecture, pre-training configuration, and
fine-tuning hyperparameters for every task are documented in the Appendices.
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A ARCHITECTURE DETAILS

Table [5] summarizes the architectural configuration of DNACHUNKER, comprising 171.59M pa-
rameters in total. The model follows a hierarchical encoder—decoder design with explicit routing
modules and lightweight bidirectional smoothing components. The encoder is organized into two
stages, each built from a 2-layer BiMamba backbone (5.61M params per stage) paired with a Differ-
entiableRoutingModule (819.20K params per stage), operating in a 640-dimensional representation
space to produce routed query/key projections before passing the compressed representation down-
stream.

The main compute backbone is a 30-layer TransformerBlock (147.50M params) using RoPE atten-
tion with 20 heads and 32 dimensions per head. Note that, the main network takes up most of the
parameters. On the decoder side, DNACHUNKER applies two BiMamba stages (Stage 1/2; 5.61M
each), followed by two extremely lightweight BidirectionalGatedSmoothing dechunkers and a fi-
nal RMSNorm. Together, these components concentrate capacity in the Transformer trunk while
keeping the hierarchical routing and smoothing pathways parameter-efficient.

Table 5: Hyperparameters of DNACHUNKER architecture (171.59M parameters in total).

Component Architecture / Details #Params
Token embedding 16 vocab size, 640 dim 10.24K
Encoder (Stage 1) 2-layer BiMamba (bidirectional=True) 5.61M
Router (Stage 1) DifferentiableRoutingModule (2x Linear 640 x 640) 819.20K
Encoder (Stage 2) 2-layer BiMamba (bidirectional=True) 5.61M
Router (Stage 2) DifferentiableRoutingModule (2x Linear 640 x 640) 819.20K
Main network 30-layer TransformerBlock 147.50M

e Attention: RoPE, 20 heads, 32 dim per head
e MLP: mlp mult = 4 (hidden dim = 2560)

Decoder (Stage 1) 2-layer BiMamba (bidirectional=True) 5.61M
Decoder (Stage 2) 2-layer BiMamba (bidirectional=True) 5.61M
Dechunker 1 BidirectionalGatedSmoothing 640
Dechunker 2 Bidirectional GatedSmoothing 640
Final normalization RMSNorm 640
Total - 171.59M

B PRE-TRAINING DETAILS

Table [6| summarizes the pretraining setup of DNACHUNKER, including dataset specifications, opti-
mization strategy, and masking details. The model is trained on the Enformer study splits, covering
34,021 genomic segments with a maximum sequence length of 23 (8,192 bp), amounting to ap-
proximately 35 billion base pairs in total. To ensure scalability across different context lengths, we
adopt a constant token budget of 22° tokens per batch. This results in dynamically adjusted batch
sizes depending on the sequence length: for instance, sequences of length 1,024 are processed in
batches of 1,024, whereas long sequences of length 2! (131k) are trained with a reduced batch size
of 8.

Optimization is performed with the Adam optimizer (Kingma, 2015), using 81 = 0.95 and 2 =
0.9, and a learning rate of 5 x 10~* following a cosine decay schedule. Pretraining follows a
masked language modeling objective with 15% of input tokens selected for corruption: 80% of
these are replaced with a [MASK] token, 10% with a random base, and 10% left unchanged. This
bi-directional masking scheme encourages the model to leverage both local and global dependencies
within DNA sequences while learning robust, context-aware representations.
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Table 6: Pre-training Hyperparameters and Dataset Details

Component

Hyperparameter

Value

Dataset

Source
Training Segments

Max Sequence Length

Enformer study splits
34,021
8192 (213)

Total Tokens /2 35 billion base pairs
Training Configuration Tokens per Batch 220 (constant)

Example Batch Sizes  Seq length 1,024 — Batch size 1,024;

Seq length 131k (2!7) — Batch size 8

Optimizer & Learning Rate ~ Optimizer ADAM (Kingmal 2015)

ADAM B4 0.95

ADAM [, 0.9

LR 5x107*

LR Schedule Cosine Decay

Masking (bi-directional)

Masking Percentage
Masking Strategy

15% of input tokens

80% replaced with [MASK] token, 10%
replaced with a random token, and 10%
unchanged
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C FINETUNING DETAILS ON DOWNSTREAM TASKS

C.1 NUCLEOTIDE TRANSFORMER BENCHMARK

We fine-tune DNACHUNKER with a search space over learning rates {1x 107, 5x 1075, 1x 1074}
and effective batch sizes {32, 64 128}. We use attention pooling over token embeddings and do not
apply RC augmentation or conjoining. Training runs for up to 15 epochs with shuffling each epoch;
the best-validation checkpoint is used for scoring. All experiments use a single NVIDIA A100 GPU
with 40GB VRAM.

Table 7: Hyperparameter settings for DNACHUNKER on Nucleotide Transformer benchmark.

Task LR BS
H3 5x1075 32
H3K14ac 5x 1075 32
H3K36me3 5x107°% 32
H3K4mel 5x107° 32
H3K4me?2 5x 1075 32
H3K4me3 5x107°% 32
H3K79me3 5x 1075 32
H3K9ac 5x107°% 32
H4 1x107* 32
H4ac 5x107°% 32
Enhancers 5x107° 32
Enhancers types 5x107° 32
Promoter all 5x107% 32
Promoter non-TATA 1 x 10™* 32
Promoter TATA 5x107° 64
Splice sites acceptors 1 x 1074 32
Splice sites all 1x107% 32
Splice sites donors 1x107* 32

C.2 GENOMICS BENCHMARK

We fine-tune DNACHUNKER and GENERATOR with a search space over learning rates {1 X
1075, 5x 1075, 1 x 10~} and effective batch sizes {32, 64 128}. We use average pooling over to-
ken embeddings and do not apply RC augmentation or conjoining. Training runs for up to 20 epochs
with shuffling each epoch; the best-validation checkpoint is used for scoring. All experiments use a
single NVIDIA A100 GPU with 40GB VRAM.

Table 8: Hyperparameter settings for DNACHUNKER on Genomic benchmark.

Task LR BS
Coding vs. Intergenomic 1x107° 128
Drosophilia Enhancers Stark 1 x 10™% 128
Human Enhancers Cohn 1x107% 128
Human Enhancer Ensembl 1x107% 32

Human Ensembl Regulatory 5 x 107% 64
Human non-TATA Promoters 1 x 107 128
Human OCR Ensembl 5x107* 128
Human vs. Worm 1x107° 128
Mouse Enhancers Ensembl 1x107° 128
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Figure 3: Token size distributions of BPE and DNACHUNKER. The BPE tokenizer (right) is
compared against the two-stage DNACHUNKER tokenizer (left) on the H3C14, H3C15 gene. The
plots visualize the average token size of BPE and the Stage 1 and Stage 2 token sizes of DNACHUN-
KER. Key genomic features are included as a reference, like gene bodies (shaded regions), conserved
elements (PHYLOP), and SINE repeats.

Table 9: Revised Nucleotide Transformer Benchmark. The reported values represent the
Matthews Correlation Coefficient (MCC; mean + standard error) averaged over 3 random seeds.
Best results are bold; second best are underlined.

HyenaDNA Caduceus-PS  GENA-LM-Base NT-MS-100M MxDNA PatchDNA DNACHUNKER
(6.6M) (7.7TM) (110M) (100M) (100M) (19.2M) (172M)
Histone Markers
H2AFZ 0.481 0005 0.507 +0.007 0.466 + 0.035 0.501 £0009  0.512 +0003 0.523 +0.010 0.515 +0.002
H3K27ac 0.440 + 0003 0.475 +0.021 0.495 + 0010 0.496 + 0009  0.489 +0031 0.486 +0015  0.504 + 0.001
H3K27me3 0.554 + 0014 0.591 + 0.009 0.588 + 0.004 0.599 +0.009  0.599 + 0015  0.607 + 0.008 0.590 + 0.007
H3K36me3 0.549 +0.002  0.607 + 0.008 0.602 + 0.021 0.617 £ 0004  0.618 £ 0002 0.621 +0.007 0.623 + 0.005
H3K4mel 0.438 +0.007  0.471 +0.014 0.465 +0.014 0.487 + 0010  0.497 0001  0.480 + 0.003 0.487 + 0011
H3K4me2 0.523 +0.025  0.565 + 0.008 0.538 +0.027 0.551 £ 0005  0.563 £ 0012 0.573 £0004  0.572 +0.003
H3K4me3 0.618 +0.007  0.617 + 0.009 0.610 + 0.055 0.624 + 0003  0.627 £ 0017  0.634 + 0.005 0.639 + 0.005
H3K9ac 0.497 + 0014 0.526 + 0.009 0.525 +0.007 0.531 £0002  0.534 £ 0015 0.569 +0010  0.565 + 0.007
H3K9me3 0.371 + 0026 0.435 +0.015 0.440 + 0.009 0.469 0006  0.467 0023 0.470 +0.017 0.485 + 0.009
H4K20mel 0.617 +0.008  0.639 + 0.009 0.644 +0.011 0.646 0010  0.646 +0.007 0.641 + 0.007 0.640 + 0011
Regulatory Annotation
Enhancer 0.479 + 0005  0.510 +0.017 0.483 +0.023 0.513 +0001  0.519 0014 0.528 +0.009 0.539 + 0012
Enhancer type 0.450 +0.003  0.471 + 0.006 0.467 +0.012 0.478 + 0002  0.480 +0010 0.496 +0008  0.488 + 0011
Promoter all 0.693 +0.007  0.742 + 0.010 0.738 + 0.007 0.737 £ 0019 0.734 £ 0013 0.791 + 0.009 0.748 + 0.007
Promoter non-TATA  0.724 +0.004  0.764 +0.013 0.736 + 0.025 0.756 +0.003  0.755 0010  0.788 + 0.005 0.760 =+ 0.003
Promoter TATA 0.831 0057  0.761 +0.028 0.689 + 0.038 0.818 £0052  0.831 0038 0.840 +0.019 0.916 + 0.005
Splice Site Annotation
Splice acceptor 0.820 0015  0.765 + 0.006 0.760 =+ 0.005 0.952 + 0002  0.812 +0032 0.754 +0.040 0.947 +0.012
Splice site all 0.849 +0.006  0.796 +0.021 0.764 +0.013 0.966 +0.000 0.860 +0.007 0.760 + 0.019 0.937 +o0.011
Splice donor 0.840 + 0020 0.771 +0.013 0.781 + 0.004 0.962 + 0003  0.931 +0021 0.706 £ 0026  0.923 +0.003
Avg. MCC (1) 0.599 0.612 0.600 0.650 0.637 0.626 0.660
Avg. Rank (}) 6.06 4.89 5.67 3.06 3.06 3.00 2.05

D ADDITIONAL RESULTS

Revised NT Benchmark. Table [9] outlines the full results upon the revised NT Benchmark. We
take the scores from the (Del Vecchio et all,[2025). Note that DNACHUNKER achieves best average
performance and best rank.

Token Size Distribution. Figure [3]shows the token distribution of DNACHUNKER against BPEe
tokenizer on the H3C14, H3C15 gene. Note that, BPE assigns tokens regardless of their biological
relevance, while DNACHUNKER assigns fine chunks to biologically meaningful (phyloP regions)
while assigning larger chunks to repetitive regions (SINE regions).
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