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Abstract

Modeling genomic sequences faces two unsolved challenges:
the information density varies widely across different re-
gions, while there is no clearly defined minimum vocabulary
unit. Relying on either four primitive bases or independently
designed DNA tokenizers, existing approaches with naive
masked language modeling pre-training often fail to adapt
to the varying complexities of genomic sequences. Leverag-
ing Token Merging techniques, this paper introduces a hi-
erarchical architecture that jointly optimizes a dynamic ge-
nomic tokenizer and latent Transformers with context-aware
pre-training tasks. As for network structures, the tokeniza-
tion module automatically chunks adjacent bases into words
by stacking multiple layers of the differentiable token merg-
ing blocks with local-window constraints, then a Latent En-
coder captures the global context of these merged words by
full-attention blocks. Symmetrically employing a Latent De-
coder and a Local Decoder, MergeDNA learns with two pre-
training tasks: Merged Token Reconstruction simultaneously
trains the dynamic tokenization module and adaptively fil-
ters important tokens, while Adaptive Masked Token Model-
ing learns to predict these filtered tokens to capture informa-
tive contents. Extensive experiments show that MergeDNA
achieves superior performance on three popular DNA bench-
marks and several multi-omics tasks with fine-tuning or zero-
shot evaluation, outperforming typical tokenization methods
and large-scale DNA foundation models.

1 Introduction

Modeling genomic DNA sequences with foundation mod-
els (Ji et al. 2021) is an emerging frontier that promises
to advance bioinformatics and precision medicine. DNA is
often likened to a natural language carrying the “code of
life” (Cooper 1981), yet it poses unique modeling chal-
lenges far beyond ordinary text. Firstly, genomic informa-
tion is distributed unevenly. Only around 2% of the hu-
man genome consists of coding sequences (CDS), densely
packed with functional information, whereas the vast major-
ity is non-coding sequence (nCDS) with regulatory or un-
known functions, which contains repetitive or less informa-
tive content (Nguyen et al. 2024a). Secondly, unlike nat-
ural languages with semantic words (Kudo and Richard-
son 2018), DNA has no inherent word boundaries or pre-
defined vocabulary units (Zhou et al. 2023). The meaning-
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Figure 1: Overview of MergeDNA architecture. The Local
Encoder & Decoder achieves adaptive DNA tokenization,
while the Latent Encoder & Decoder learn contextual infor-
mation with informative token masked modeling.

ful “units” of DNA vary by context: a biologically rele-
vant motif might be 3 bases (as a codon) (Liu et al. 2025)
or 6-10 bases (a transcription factor binding site), or even
longer sequences (Dalla-Torre et al. 2023). This makes fixed
tokenization schemes inadequate (Qiao et al. 2024). Third,
DNA sequences are extremely long (Nguyen et al. 2024b),
often spanning tens of thousands to millions of bases, re-
quiring models that can capture both short-range motifs and
long-range dependencies efficiently. And naive pre-training
objectives (Radford et al. 2018; Devlin et al. 2019) may fail
to focus on the truly important parts of these vast sequences.
These factors collectively make DNA fundamentally distinct
from human language and call for a new class of sequence
modeling architectures.

Recent studies have explored various facets of DNA
foundation modeling. Long-sequence architectures such
as linear-time state-space models (SSMs) (Nguyen et al.
2024b; Schiff et al. 2024), hierarchical Transformers (Shao
and Yan 2024), and hybrid networks (Nguyen et al. 2024a;
Ma et al. 2025) improve context length scalability with
efficiency. Meanwhile, DNA tokenization strategies range
from base-level encodings to k-mers (Ji et al. 2021; Wu
et al. 2025) and learned vocabularies via BPE (Zhou et al.
2023) or vector quantization (van den Oord, Vinyals, and
Kavukcuoglu 2017; Li et al. 2024). Pre-training objectives
also vary, including masked modeling (Ji et al. 2021), au-
toregressive loss (Zhang et al. 2023), and advanced mask-
ing (Roy et al. 2023). However, most works optimize these
dimensions in isolation and lack a unified mechanism to ad-



dress all three DNA modeling challenges. For example, the
latest long-range models (Brixi et al. 2025) that still operate
on single-base tokens may waste capacity on repetitive inter-
genic regions, while a learned tokenizer without a matching
long-context encoder could miss global dependencies (Qiao
et al. 2024). In this work, we argue that effective genome-
scale modeling requires two core capabilities: (i) a context-
sensitive tokenizer that learns to segment DNA into variable-
length units based on local structure and semantics, and (ii)
adaptive pre-training objectives that prioritize information-
dense regions for representation learning. We try to address
these jointly by leveraging token merging techniques (Bolya
et al. 2023; Lee and Hong 2024) for end-to-end learnable
token granularity and contextual abstraction.

This work presents MergeDNA, a context-aware genome
modeling framework that dynamically adapts tokenization
and pre-training to genomic context, as shown in Figure 1.
The core idea of MergeDNA is a hierarchical autoencoder-
style Transformer that learns to compress and reconstruct
DNA sequences with a differentiable tokenizer and a long-
range context model. Specifically, we design a Local En-
coder composed of stacked local-window attention blocks
with differentiable token merging, enabling the model to
chunk adjacent bases into variable-length tokens based on
local similarity. These merged tokens are then processed by
a global-context Latent Encoder using full attention. On the
decoder side, a symmetric Latent Decoder and Local De-
coder reconstruct the input sequence. Two pre-training ob-
jectives jointly supervise the model: (i) Merged Token Re-
construction trains the tokenizer and encoder to preserve
key information while filtering redundancies; and (ii) Adap-
tive Masked Token Modeling selectively masks and predicts
important tokens identified through token merging, encour-
aging context-aware learning of functionally relevant pat-
terns. Together, these components form a unified and scal-
able genome modeling pipeline that adapts both token reso-
lution and attention allocation based on input complexity.

Our contributions are summarized as follows:

 Unified Architectural Design: We propose a novel
hierarchical framework that tightly integrates a learn-
able DNA tokenizer with long-range sequence modeling.
Leveraging differentiable token merging within local at-
tention blocks, the Local Encoder captures irregular ge-
nomic patterns and determines where to merge as words.

e Adaptive Context Modeling: We propose context-
aware pre-training tasks that adapt to varying informa-
tion density in genomic sequences. Using token merging
to select informative positions, the proposed Merged To-
ken Reconstruction and Adaptive Masked Token Mod-
eling allow the model to capture both local motif-level
information and global long-range dependencies.

¢ Strong Empirical Results: MergeDNA achieves com-
petitive performance across three major DNA bench-
marks and shows excellent generalization to several RNA
and protein downstream tasks, outperforming prior meth-
ods of DNA tokenization and foundation models in both
short- and long-context settings.

2 Related Work

DNA Foundation Models. Adapting sequence modeling
networks to genomics has demonstrated impressive transfer
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capacities to genomic applications, where a family of DNA
foundation models (Benegas, Batra, and Song 2023) has
merged with four lines of research. (a) Long sequence mod-
eling is the most crucial technique for long DNA sequences.
State-space models (SSMs) like HyenaDNA (Nguyen et al.
2024b; Thoutam and Ellsworth 2024) and Caduceus (Schiff
et al. 2024) deliver linear complexity, while hierarchical at-
tention (Shao and Yan 2024) or hybrid SSM-attention de-
signs (Ma et al. 2025) capture both motifs and chromosome-
level structure with moderate memory footprints. (b) DNA
tokenization remains discussion with byte-level (Nguyen
et al. 2024a), k-mers (Dalla-Torre et al. 2023), or learn-
able vocabularies (Ji et al. 2023; Qiao et al. 2024). (c)
Pre-training objectives can be the BERT-style (Zhou et al.
2023; Li et al. 2025) or auto-regressive-like masked token
modeling (Zhang et al. 2023; Zhu et al. 2024) for the encoder
or decoder architectures, where some loss reweighing (Brixi
et al. 2025) or tailored masking curricula (Roy et al. 2023;
Roy, Sural, and Ganguly 2024) could be further beneficial.
Only minor methods utilize contrastive learning (Zhou et al.
2025b) or cross-modality alignment tasks (Liu et al. 2025)
to integrate multi-omic cues. (d) Domains of pre-training
and applications are usually bound. While most models are
pre-trained on the human reference (Nguyen et al. 2024b)
or multiple species corpora (Zhou et al. 2023), specialized
datasets confer niche expertise, e.g., prokaryotic (Nguyen
et al. 2024a), plant genomic domains (Mendoza-Revilla
et al. 2023; Zhai et al. 2025), and metagenomes (Zhou et al.
2025a). Extending beyond monomodal DNA, multi-omics
models aim to simulate the central dogma (Cooper 1981)
within a unified architecture (Yang et al. 2024) with a gene-
to-expression pipeline (Avsec et al. 2021; Yang, Zhu, and Su
2025) or the genome-to-protein pipeline (Song, Segal, and
Xing 2024), leveraging shared structure across DNA, RNA,
protein, and epigenome.

Byte-level Architectures. In NLP, early subword ap-
proaches like BPE (Sennrich, Haddow, and Birch 2015) and
SentencePiece (Kudo and Richardson 2018) remain the de-
fault module in LLMs, and dynamic schemes like Dynamic
Pooling (Nawrot et al. 2022; Liu et al. 2024) partially re-
lax fixed vocabularies, yet they still require external pre-
processing. Leveraging SSMs for linear-time attentions (Gu
and Dao 2023), MegaByte (Yu et al. 2023), and Mam-
baByte (Wang et al. 2024; Slagle 2024) demonstrated that
multi-scale or SSM-based architectures without the subword
tokenizer can model million-byte inputs end-to-end with
great scale abilities (Ge et al. 2025) on text and other modal-
ities (Wu et al. 2024). More recently, BLT (Pagnoni et al.
2024) introduces learned chunking with entropy-balanced
patches, and HNet (Hwang, Wang, and Gu 2025) designs
differentiable segmentation with jointly optimization. Sim-
ilarly, DNA models with raw nucleotides as input are also
byte-level architectures (Nguyen et al. 2024a). Meanwhile,
classical tokenization strategies, such as BPE (Zhou et al.
2023) and k-mers (Dalla-Torre et al. 2023), as well as learn-
able dictionaries (Li et al. 2024), have also been explored.

3 Methodology
3.1 Preliminary

A DNA sequence can be seen as a string in the nucleotide
alphabet D = {A, T, C,G}. We denote a sequence of length



N as X = (v1,2,...,2y5) € DV, where each z; € D. A
DNA tokenizer 7 : DV — VI, segments X into a sequence
of L tokens Zj, = (z1,...,zr) and maps to a vocabulary V
with N > L. Given DNA sequences with a causal mask
M € {0,1}", a model fy with Attention blocks can be
trained with an objective of masked token modeling (MTM):

L
1
—7 2 log Pai | X+ M; 0), (1)

i=1

L (6)

which encourages fy to infer each masked token z; from its
surrounding context to model the DNA context.

3.2 Architectural Overview

Adopting an autoencoder style, MergeDNA consists of four
main components, which merge the fixed tokenizer and the
sequence model into a hierarchical network in Figure 1.

Local Encoder for Tokenization. The Local Encoder £¢
serves as a learnable DNA tokenizer with local contexts, pro-
ducing a tokenized sequence Z;, € RY*P in the embedding
dimension of D with a binary source matrix S € {0, 1}7*V:

Zn, 8§ = E4(X). 2)

Intuitively, Z7, is a context-dependent segmentation of X,
and each row of § indicates which original positions in
X were merged to form the corresponding token in Z,.
To adaptively chunk adjacent bases into informative tokens
with local context, we implement the Local Encoder as a
stack of local-window self-attention layers interleaved with
differentiable token merging operations (described in Sec.
3.3), where the fixed local window size can also ensure
linear-time computational complexity despite the long in-
put. This learned tokenizer can be trained jointly with the
rest of the model, allowing it to optimize token boundaries
for the pre-training objective. Rather than using a fixed k-
mer or requiring a byte-pair scheme, the Local Encoder can
allocate shorter tokens (finer granularity) to dense informa-
tion regions and longer tokens to repetitive regions, thereby
addressing the varying information density of genomes.

Latent Context Modeling. Based on the tokenized se-
quence, the Latent Encoder £ is the main network for
capturing long-range dependencies across the entire input,
which can be implemented as a Transformer encoder with
full attention (utilizing Flash Attention). As for inference,
&1 produces an output of the same length L:

Zy, = &y(Z1), 3

where Z; € RL*P are contextually enriched token em-
beddings. On top of the encoder, we include a lightweight
Latent Decoder &, which transforms Z ’L back toward the

token space of Z1,. The Latent Decoder has a symmetric ar-

chitecture to £y, and outputs Z;, = &,,(Z7 ), where Z;, can
be seen as a reconstructed version of the Local Encoder’s
token sequence, containing the information needed to re-
cover the original input. Together, £, and &, form an au-
toencoder on the token level. This design enables us to ap-
ply reconstruction-based training at the token level, provid-
ing learning signals to both the tokenizer and the context
encoder. We emphasize that the Latent Decoder is used only
during pre-training to assist the encoder and tokenizer.
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Local Decoder for Reconstruction. The final stage is the
Local Decoder &£, which maps the Latent Decoder’s out-

put 71, back to the original base space and plays the role
of “detokenizer”. We first apply a token unmerging oper-
ation U(,-) using the source matrix S to upsampling the

L-length decoded tokens to length N, Zy = U(Z},S).
Zn € RN*D denotes an unmerged sequence, where each
position corresponds to an original base in X. In matrix
form, if S;; = 1 indicates the position ¢ covers original po-
sition j, then Zy = ST Z;. After unmerging, & applies a
stack of local attention (as the reverse of the Local Encoder)
to refine local details and output the reconstructed sequence

X = (d1,...,8N):
X = &(Zn). @

The Local Decoder thus completes the autoencoder by learn-
ing to fill in base-level information that may have been ab-
stracted away by the Local Encoder. Meanwhile, the Local
Encoder can be encouraged to produce merge groupings that
are easy to invert, as the source matrix preserves positional
information that enables accurate reconstruction.

Training vs. Inference. During pre-training, we can opti-
mize all modules § = {¢,v,w, (} end-to-end by applying
learning objectives of reconstruction and prediction tasks

(detailed in Sec. 3.4) between the final output X and the
original input. As for inference, MergeDNA can be trun-
cated or reconfigured depending on the task types, which
can function as a typical encoder-only model for representa-
tion learning, or as an encoder—decoder model for generative
purposes. For generative tasks or any task requiring output
at the nucleotide level, we can use the entire autoencoder,
or fine-tune the Local Decoder for the specific output pre-
diction. For classification or regression tasks at the sample
level, we can discard both decoders and use the Latent En-
coder output directly with a fine-tuned head.

3.3 MergeDNA Tokenization

Local-window Token Merging. At the heart of the Lo-
cal Encoder is a differentiable token merging mechanism
that learns to segment the sequence. We build upon ToMe
(Bolya et al. 2023), which progressively fuses similar tokens
to reduce sequence length, but adapt it for local, fine-grained
chunking. Each Local Encoder layer consists of a standard
local self-attention followed by a token merging module.
Given the [-th layer, supposing the input sequence length
is IN;_1, the merging module will select r; pairs of tokens
within each window to compute the average, reducing the
sequence by r; tokens. We denote this operation as:

s, Z(Zi,)l = LocalToMeAttn) (Z(Ji,l_i), S0, 7”1), @)

where SU~1) is the source matrix carried from the previ-
ous layer (with S© = T N, as an identity matrix at input),
and SO is updated to reflect the new merges at the I-th
layer. In implementation, we compute a similarity score for
each pair of tokens in a local window (using a lightweight
grouping embedding as in DTEM (Lee and Hong 2024)).
The top-r; most similar token pairs in each window are se-
lected to merge. We then perform a soft merging: one to-
ken (“keeper’”’) absorbs the other (“merger”) by adding their
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Figure 2: Pre-training of MergeDNA for (a) Local Encoder
& Decoder and (b) Latent Encoder & Decoder.

representations, or a weighted average, and we mark this in
S, where the merger token’s source positions are assigned
to the keeper. Tokens not selected for merging pass through
unchanged to the next layer. This continuous relaxation of
token merging ensures the operation is differentiable, allow-
ing gradients to tune both the token embeddings and the
merging criteria.

Token Unmerging and Reconstruction. To optimize the
end-to-end tokenization capacity, we introduce a Merged
Token Reconstruction (MTR) objective Lyrr that forces
the network to reconstruct the original sequence from com-
pressed tokens, which can be computed as the cross-entropy
between X and X:

1 N
=N ZlogP(Xi | Xi3 0).

i=1

During training, we use a compression ratio sampling strat-
egy, which randomly chooses the number of tokens to retain
each iteration. For example, if the average goal is L ~ %,
we might sample L from a Gaussian distribution centered
at N (with the variance to ensure L € [0.4N, 0.6N]). This
strategy exposes E¢ to a wider range of segmentation dur-
ing training, improving its generalization ability and ensur-
ing that the Local Encoder does not overfit to a particular
compression rate.

Lyrr(6) (6)

3.4 Adaptive Context Modeling

As discussed in Sec. 3.2, the Latent Encoder £1) processes
L tokens uniformly during inference. However, genomic
sequences often contain long stretches of low-information
content (e.g., repetitive DNA) where modeling every token
is unnecessary. We aim to help the model find out and focus
most informative tokens and design two steps to improve the
naive MLM object, as shown in Figure 2.

Selection and Reconstruction. During pre-training, we
modify the latent encoder &, to forward an additional round
and select a smaller number K of salient tokens. Techni-
cally, we replace the standard attention in £1) with a ToMe-
style Attention that merges tokens at the global scale (as op-
posed to local windows). Formally, we obtain (Z},S’) =
EY(Z1,S), where Z}, € RE*D with K < L. Note that
&’ identifies the K most essential tokens among the 7y : the
merging algorithm preferentially fuses tokens that appear re-
dundant or less salient, while preserving distinct tokens that
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carry unique information. We then feed Z/; into the Latent

Decoder to to produce Z 1, but first we upsample it back
to length L with the unmerge operation, Z;, = U(Z};,S’).
This distributes each of the K latent tokens back to its orig-

inal token positions. Finally, 7 is passed through the Local

Decoder to produce X, and we compute a reconstruction
loss as Ly r. We refer to this loss as the latent MTR loss,
Lyrr(0\ {¢}), since it trains the latent models to recover
context from the selected tokens while the Local Encoder is
held fixed (¢ is not updated in this step). Intuitively, this task
forces the latent transformer to not rely on having every to-
ken available — it must learn to encode the sequence in such
a way that even if nearly L — K tokens worth of informa-
tion are dropped, the remaining K still capture the essential
context to rebuild the sequence. This pushes &, to generate
a more compact, salient representation.

Adaptive Masked Token Modeling Beyond reconstruc-
tion, we also devise a masking strategy to predict the in-
formative tokens. We leverage the latent merging outcome
S’ to decide which tokens to mask. The key idea is to as-
sign a higher masking probability to tokens deemed im-
portant (those not merged heavily) and lower probability
to tokens that were aggressively merged (low information).
Given S’ € 0, 1%*L from the Latent Encoder, we compute
an importance probability for each of the L local tokens.
Let g; = 2]21 S’ % 4,7 be the number of original tokens
(out of L) that were grouped into the ¢-th latent token. We
assign each latent group ¢ a weight inversely proportional
to its size, e.g., w; g%- For each token j that belongs to
group %, we set Pr(j) %, and choose the normalizing

constant such that Zle Ppr(j) = 1. This yields a probabil-

ity vector Py, € RZL over the local tokens, where tokens in
large merged groups (large g;) receive low probability and
tokens in singleton or small groups receive higher probabil-
ity. We then sample exactly K tokens without replacement
according to Py, to mask. Letting My, € 0, 1% be the mask
indicator, we map this mask back to the input space via the
source matrix, My = U(My,S) € 0,1V, In other words, if
a merged token is selected to be masked, all of its constituent
base positions in X will be masked out. Finally, we feed the
masked sequence X x M through the entire network with-
out latent token merging, and get an output X. We define an
Adaptive Masked Token Modeling (AMTM) loss as:

:}% 3

i My (i)=1

log P(X; | X % My;6). (7)

Larirm(8)

This is essentially a masked language modeling loss focused
on the K high-information tokens (and their base positions),
ignoring the easy/redundant tokens. Overall, our full pre-
training objectives involve three losses computed in three
forward passes, which can be computed as:

Lot = Lyurr(0) + ALarr(0\{0}) + Larra(0), (8)

where )\ denotes a down-weighting factor, we set A =
0.25 in practice, which ensures that the model learns to re-
cover dropped information without overweighting the low-
information content in its training signal.



Method HyenaDNA Caduceus-16 DNABERT DNABERT2 GENA-LM NT-500M VQDNA MxDNA ConvNova GENERator MergeDNA
Date NeurlPS’23 ICML’24 Bioinfo’21 ICLR’24  NAR’23 NM’24 ICML'23 NeurIPS’24 ICLR’25  arXiv’'25 Ours

# Params 6.6M 7.9M 86M 117M 113M 500M 93M 100M 1M 1.3B 380M
Architecture Type byte+SSM  byte+SSM  6-mer+A BPE+A BPE+A  6-mer+A VQ+A  DC+A byte+CNN 6-mer+A byte+A
Pre-training Task AR AR BERT BERT BERT BERT  BERT BERT BERT AR MTR+AMTM
Enhancers (3 tasks) 80.88 79.96 80.14 82.81 83.22 84.56 82.37 82.79 80.90 84.87 85.11
Species Classification (2 tasks)|  93.61 94.65 94.74 95.49 95.11 96.64 95.79 96.46 95.50 96.95 96.84
Regulatory Elements (3 tasks) 88.89 85.97 83.42 86.33 87.89 89.05 87.62 90.57 87.30 90.30 90.66
Average (8 tasks) 87.07 85.89 85.02 87.30 87.94 89.26 87.69 89.12 86.95 90.71 90.87

Table 1: Comparison on Genomic Benchmarks. Top-1 accuracy (%) averaged over several similar tasks is reported for popular
DNA foundation models with SFT evaluation. The best and the second best results are marked as the bold and underlined types.

Method HyenaDNA Caduceus-PS DNABERT GROVER DNABERT2 NTv2-500M MxDNA ConvNova GENERator MergeDNA
Date NeurIPS’23  ICML'24  Bioinfo’21 bioRxiv’23 ICLR’24 NM’24  NeurlPS24 ICLR’25  arXiv’25 Ours
# Params (M) 6.6M 1.9M 86M 87M 117M 500M 100M 1.7M 1.2B 380M
H3 78.14 80.48 7741 76.80 79.31 78.17 82.78 81.50 80.60 82.95
H3K4mel 44.52 52.83 43.83 46.10 48.34 51.64 56.15 56.60 55.30 56.24
H3K4me2 42.68 49.88 32.38 40.30 43.02 37.24 55.59 57.45 42.40 55.67
H3K4me3 50.41 56.72 31.49 45.80 45.43 50.30 63.68 67.15 51.20 64.10
H3K9%ac 58.50 63.27 52.55 62.60 60.04 61.05 64.78 68.10 61.20 ul65.01
H3K14ac 56.71 60.84 46.51 54.80 54.49 57.22 68.27 70.71 60.50 68.51
H3K36me3 59.92 61.12 50.98 56.30 57.58 60.50 67.05 68.31 65.70 68.19
H3K79me3 66.25 67.17 60.48 58.10 64.38 65.78 74.29 72.08 67.00 74.23
H4 78.15 80.10 79.60 76.90 78.18 79.87 81.18 81.12 81.50 81.06
H4ac 54.15 59.26 41.53 53.00 51.80 55.22 67.65 66.10 59.20 67.26
Enhancer 53.13 55.20 79.13 51.60 52.50 54.51 79.90 57.60 58.00 79.84
Enhancer Types 48.16 47.17 54.73 43.30 44.32 43.36 60.50 49.75 47.70 60.62
Promoter All 95.57 96.65 97.05 92.60 96.23 96.82 97.16 96.82 96.20 97.40
Promoter Non-TATA| 95.86 96.31 97.02 92.50 97.17 97.45 97.24 96.76 96.20 97.35
Promoter TATA 95.88 96.21 96.22 89.10 96.99 96.53 96.01 96.34 94.80 96.70
All 94.05 92.87 97.83 91.90 93.75 98.15 98.14 96.33 97.80 98.35
Accpetor 96.98 94.21 97.81 91.20 97.49 97.99 98.01 96.23 98.10 98.67
Donor 95.27 94.69 98.43 88.80 94.33 98.50 98.10 96.62 97.80 98.93
Average (18 tasks) 70.24 72.50 68.61 67.32 69.74 71.13 78.14 76.42 72.84 78.39

Table 2: Comparison on NT Benchmark. Matthews Correlation Coefficient (MCC) (%) or F1 score (%) is reported for 18 sub-
tasks with SFT evaluation. The best and the second best results are marked as the bold and underlined types.

4 Experiments
4.1 Experimental Setup

Implementations. Following the Transformer architec-
ture as LLaMA (Touvron et al. 2023), MergeDNA (380M
parameters) adopts an embed dimension of D = 1024 and
the local window size of 16. The Local Encoder and Decoder
stack 4 and 2 Local ToMeAttention blocks, while the La-
tent Encoder and Latent Decoder use 20 and 4 Transformer
blocks. Following DNABERT-2 (Zhou et al. 2023), we pre-
train MergeDNA onthe Multi—-Species Genomes cor-
pus using AdamW optimizer (Loshchilov and Hutter 2019)
for 100K iterations with a base learning rate of 1 x 104
and the sequence length of 4096. Hierarchical compression

yields a local encoder output length L=% and a latent en-

coder length K =é, effectively modeling long-range context
with reduced complexity. For downstream tasks, we adhere
to the benchmark-specific SFT protocols. On sequence-level
tasks, we discard both decoders and fine-tune a classification
head on the latent encoder’s output. For token-level (base-
resolution) tasks, we retain the Local Decoder to recover
sequence resolution and fine-tune a new token-level predic-
tion head. All experiments are conducted with PyTorch and
NVIDIA A100-80G GPUs for three trials.

Comparison Baselines. We compare MergeDNA with
state-of-the-art genomics models across four architec-
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ture paradigms: (1) sequence modeling architectures with
SSMs have HyenaDNA (Nguyen et al. 2024b) and Ca-
duceus (Schiff et al. 2024), (2) Standard Transformers have
DNABERT (Ji et al. 2021), DNABERT-2 (Zhou et al. 2023),
NTv1/v2 (Dalla-Torre et al. 2023), GROVER (Sanabria,
Hirsch, and Poetsch 2023), and GenSLM (Zvyagin et al.
2022)), (3) Hybrid models have Evo variants (Nguyen et al.
2024a) and HyriDNA (Ma et al. 2025)), and (4) CNN is Con-
vNova (Bo et al. 2025). As for the tokenizer, four popular
types are compared in Table 1: (1) Byte-level like Evo, (2)
k-mer like NTv2, (3) BPE like DNABERT?2, (4) DNA dy-
namic tokenizer methods have VQDNA (Li et al. 2024) and
MxDNA (Qiao et al. 2024). All baseline foundation mod-
els were pre-trained with standard masked language model-
ing (BERT) or autoregressive (AR) objectives. As for down-
stream tasks, typical specialist models are also included.

4.2 Comparison Results on Genomic Benchmarks

Genomic Benchmarks. We first evaluate on eight repre-
sentative tasks from the Genomic Benchmark suite (Gresova
et al. 2023), covering enhancer identification, species clas-
sification, and regulatory element prediction. All models
are fine-tuned on each task, and we report top-1 accuracy
following the GenBench protocol. As shown in Table 1,
MergeDNA achieves the highest overall accuracy (90.87%),
outperforming all prior DNA foundation models. Notably, it
yields state-of-the-art results on the enhancer tasks (85.11%



Method HyenaDNA Caduceus-PS DNABERT NT-multi DNABERT2 VQDNA MxDNA ConvNova HybriDNA-7B MergeDNA
Date Neur[PS’23 ICML’24 Bioinfo’2l NM’24 ICLR’24 ICML’24 NeurlPS’24 ICLR’25 arXiv’25 Ours
# Params (M) 6.6M 1.9M 86M 2.5B 117M 93M 100M 1.7M 7B 380M
Epigenetic Marks Prediction (10)|  58.94 58.39 49.08 58.06 55.98 57.95 67.29 68.91 63.05 68.82
Human TF Detection (3) 61.74 — 64.17 63.34 70.11 70.56 — — 72.89 72.24
Mouse TF Detection (3) 64.37 — 56.43 67.02 67.99 69.80 - - 78.02 73.21
Core Promoter Detection (3) 69.22 — 71.81 71.63 70.53 73.37 — — 71.37 73.41
Promoter Detection (3) 80.14 — 81.69 88.15 84.21 86.58 — — 85.53 87.73
Splice Site Reconstructed (1) 77.76 — 84.07 89.35 84.99 89.53 — — 90.09 89.95
Virus Covid Classification (1) 25.88 — 55.50 73.04 71.02 74.32 — - 74.02 74.41
Average (24 tasks) 62.58 58.39 60.53 67.23 66.43 68.51 67.29 68.91 76.42 77.11

Table 3: Comparison on GUE Benchmark. Matthews Correlation Coefficient (MCC) (%) or F1 score (%) averaged across 24
sub-tasks is reported with SFT evaluation. The best and the second best results are marked as the bold and underlined types.

Method |SpliceAI DNABERT2 NT-500M Caduceus Evo2-7B MergeDNA
# Params| 3.5M 117M 500M 7.9M 7B 380M
Donor 574 63.5 55.7 64.2 64.5 64.4
Acceptor| 69.1 70.7 72.2 74.0 74.3 745
Mean 63.2 67.1 63.9 69.1 69.2 69.8

Table 4: Comparison on Splicing Prediction on the Splice Al
dataset, where the AUROC score is reported.

vs 84.87% by the second best) and regulatory element tasks,
while maintaining competitive performance on species clas-
sification (second only to a larger model).

Nucleotide Transformer Benchmarks. We also com-
pare on the popular Nucleotide Transformer (NT) bench-
mark (Dalla-Torre et al. 2023) as summarized in Table 2.
This benchmark includes a diverse mix of epigenomic clas-
sification (measured by MCC or F1) and core promoter/s-
plice site detection tasks. MergeDNA attains the best overall
performance with an average score of 78.39, slightly sur-
passing the dynamic tokenizer MxDNA (78.14) and substan-
tially higher than other baselines. In particular, our model
consistently ranks at or near the top on most individual tasks
(e.g., yielding the best MCC on 10 out of 18 tasks).

GUE Benchmarks. We further evaluate on the Genome
Understanding Evaluation (GUE) suite introduced by
DNABERT?2 (Zhou et al. 2023), which aggregates 24 short-
range subtasks grouped into seven practical genomic ap-
plications: Epigenetic Mark Prediction (Yeast), Transcrip-
tion Factor (TF) binding site detection (Human and Mouse),
Promoter and Core Promoter Detection, Splice Site Predic-
tion, and Virus Genomic Classification. We use Matthews
Correlation Coefficient (MCC) or F1 score, as in prior
work, and baseline results are taken from DNABERT-
2 or the original papers for consistency. As summarized
in Table 3, MergeDNA delivers the highest mean perfor-
mance (77.11%), edging out the much larger HybriDNA-7B
(76.42%) and outperforming all other foundation models.
These results highlight that MergeDNA’s dynamic tokeniza-
tion and dual-context pre-training yield broad improvements
across heterogeneous genomic prediction tasks.

4.3 Multi-omics Downstream Tasks
RNA Splicing Site Prediction. Pre-mRNA splicing is a
crucial step in gene expression, and we evaluate our model

on the SpliceAl dataset (Jaganathan et al. 2019), which pro-
vides long pre-mRNA sequences labeled with donor and ac-
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Method |GenSLM-2.5B NT-2500M ESM2-650M Evo-7B Evo2-7B MergeDNA
# Params 2.5B 2.5B 650M 7B 7B 380M
Bacteria 24.7 9.4 51.2 4530 4585 42.72
Human 6.9 4.7 37.5 11.10  36.9 20.58

Table 5: Comparison on Protein Fitness Prediction. Zero-
shot SRCC (%) is reported on DMS datasets.

ceptor splice sites. We treat this as a binary sequence clas-
sification (site vs. non-site) and report the area under the
ROC curve (AUROC). In Table 4, MergeDNA achieves a
mean AUROC of 69.8, substantially outperforming the clas-
sic SpliceAl model (63.2) and all prior DNA foundation
models. MergeDNA nearly matches the 7B-parameter Evo2
on donor site prediction and exceeds it on acceptor sites.

Long-range Expression Prediction. We next consider
two challenging expression quantitative trait tasks from the
Genomics Long-Range Benchmark (LRB) (Trop et al. 2024)
that demand modeling of kilobase-scale contexts. (i) Causal
eQTL Effect Prediction: given a genomic locus and a can-
didate variant, predict if the variant alters gene expression
(evaluated by AUROC). (ii) Bulk RNA Expression Predic-
tion: predict gene expression levels from the surrounding
DNA sequence (evaluated by R? correlation). As shown in
Table 6, MergeDNA attains new state-of-the-art results on
both tasks: an AUROC of 0.75 for eQTL (vs 0.74 by the best
baseline) and an R? of 0.62 for bulk expression (vs 0.60).

Protein Fitness Prediction. Finally, we further evaluate
MergeDNA in a strict zero-shot setting on protein fitness
prediction tasks using Deep Mutational Scanning (DMS)
data (Notin et al. 2022). Here, models must predict the func-
tional fitness of protein variants (amino acid mutations) di-
rectly from the DNA coding sequence, without any fine-
tuning on protein data. Table 5 reports Spearman’s rank cor-
relation coefficient (SRCC) between predicted and actual fit-
ness on two representative DMS datasets (one bacterial pro-
tein and one human protein). A specialized protein language
model (ESM2 (Lin et al. 2022), gray in the table) achieves
the highest scores as expected. Among DNA-based models,
MergeDNA shows strong cross-omics generalization: for
the bacterial protein, it obtains 42.7% SRCC—on par with
the 7B Evo model and only slightly behind the multi-omics
Evo2 (45.9%). On the human protein, MergeDNA (20.6%
SRCC) substantially outperforms earlier DNA models like
GenSLM (6.9%) and the original Evo (11.1%), though it
trails Evo2, which leverages direct protein training.
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Figure 3: Visualization of Token Length Distributions for (a) BPE (Zhou et al. 2023), (b) MxDNA (Qiao et al. 2024), and
(c) MergeDNA across different genomic contexts. Baseline tokenizers show a static, context-agnostic distribution, while
MergeDNA adaptively changes its tokenization strategy based on the sequence type, demonstrating strong context-awareness.

Method DNABERT2 DNABERT-S NTv2-500M HyenaDNA-160K Caduceus-131K  HybridDNA-131K Evo2-7B  MergeDNA
# Params 117M 117M 500M 12.9M 7.7M 300M 7B 380M
Causal eQTL (AUROC) 0.72 0.73 0.72 0.71 0.68 0.74 0.74 0.75
Bulk RNA (R?) 051 052 0.60 0.46 0.52 052 0.60 0.62

Table 6: Comparison on LRB Benchmark with Causal eQTL Variant Effect Prediction and Bulk RNA Expression Prediction.

4.4 Empirical Analysis of Tokenization

To understand how MergeDNA learns to parse genomic se-
quences, we analyze the vocabularies learned by compar-
ing MergeDNA with two representative baseline tokenizers,
BPE and MxDNA. We visualize the normalized frequency
of token lengths (from 1-mer to 16-mer) across different ge-
nomic contexts: promoters, enhancers, and splice sites. The
BPE tokenizer in Figure 3(a) produces a fixed, long-tailed
distribution that peaks around a token length of 6, regardless
of the underlying sequence type. Similarly, the MxDNA tok-
enizer in Figure 3(b) yields a relatively uniform token length
distribution that also shows minimal variation across differ-
ent genomic contexts. This context-agnostic behavior limits
their ability to adaptively capture functionally relevant mo-
tifs of varying lengths. Contrast in Figure 3(c), MergeDNA’s
local encoder shows strong context-awareness by learning
to produce different token length distributions tailored to
the biological properties of the input sequence. For longer
and more complex regulatory regions like promoters and en-
hancers, the distributions shift towards longer tokens (peak-
ingat k = 7 and £ = 9, respectively). This data-driven
tokenization allows MergeDNA to dynamically capture ge-
nomic motifs at their relevant biological scales.

4.5 Ablation Study

We conducted ablation experiments on the Genomic Bench-
mark tasks to quantify the contribution of each component in
MergeDNA. Table 7 summarizes the average top-1 accuracy
on the Genomic Benchmark 8-task under various configura-
tions. First, we examine the impact of hierarchical architec-
ture. Replacing the first 4 Transformer layers with our Lo-
cal Encoder (merging tokens in windows) improves perfor-
mance by +0.39 with the same parameter budget, confirming
the benefit of local token merging. Next, we ablate the pre-
training objectives. Training with only the naive masked to-
ken modeling (MTM) objective results in suboptimal perfor-
mance; adding the Merged Token Reconstruction (CMT R)
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Tokenizer Latent Enc. Local Dec.| Pre-training | Acc.
Byte 24 layers 2 layers Lyrm 89.30
Local Enc. (4) 20 layers 2 layers £]9VIT r+ Lyvrm +0.39

2 layers ‘C%TH + £[1)\>¥;% +»CAMTM +1.03
2layers | L4z + ALy} +Lanrar +1.57
4 layers K%VITR + /\ﬁi}%«% +£AMTI\J +1.21

Local Enc. (4)
Local Enc. (4)
Local Enc. (2)

20 layers
20 layers
20 layers

Table 7: Ablation Study of Life-Code and pre-training tasks
with DNA, protein, and central dogma (CD) tasks. Note that
the blue background denotes the selected setups.

objectives targeting the tokenizer’s output provides a large
gain (+1.03), and further introducing the Adaptive MTM on
the filtered tokens pushes the improvement to +1.57 over the
baseline. We also find that scaling down the loss weight A for
the latent LM TR (i.e., not directly updating tokenizer pa-
rameters) to 0.25 is crucial for better generalization, yielding
the best result. Finally, we vary the depth of the Local En-
coder: using only 2 local merging layers (with correspond-
ingly more latent decoder layers) degrades performance, in-
dicating that a deeper tokenizer (4 merging blocks) is impor-
tant for capturing rich subword representations.

5 Conclusions

This paper introduces MergeDNA, a context-aware DNA
foundation model that addresses fundamental challenges in
genome modeling: heterogeneous information density, am-
biguous sequence tokenization, and long-range dependen-
cies. MergeDNA unifies a differentiable local tokenizer and
a global latent Transformer through a hierarchical architec-
ture and two complementary pre-training tasks, i.e., Merged
Token Reconstruction and Adaptive Masked Token Model-
ing. Extensive experiments on three standard DNA bench-
marks and multi-omics tasks demonstrate that MergeDNA
achieves state-of-the-art performance with strong general-
ization across modalities, offering a scalable and principled
approach to genome-scale representation learning.
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