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Abstract

Genomic Language Models (GLMs), leveraging their vast parameter scales and the simi-
larities between DNA sequences and natural languages, demonstrate immense potential
in processing large-scale genomic data and elucidating gene regulation and evolution-
ary relationships. However, the cross-species generalization capability of large genomic
models has not yet been systematically evaluated. This study addresses this critical gap
by benchmarking five GLMs (DNABERT-2, GROVER, HyenaDNA, NT-V2, and AgroNT)
and a CNN baseline model using human (Homo sapiens) and rice (Oryza sativa) genomes
across four downstream tasks: promoter detection, transcription start site (TSS) scanning,
species classification, and gene region identification, through both zero-shot testing and
fine-tuning. During testing, factors such as hyperparameters, early stopping protocols,
and computational resources were fixed to ensure fairness, enabling us to systematically
evaluate their performance and cross-species generalization capabilities. The results were
further analyzed from multiple mathematical and representational perspectives to provide
a more rigorous and objective assessment of each model’s performance. The results show
that AgroNT consistently leads on rice tasks, while NT-V2 and DNABERT-2 achieved the
best overall performance in fine-tuning and zero-shot experiments, respectively. Although
their pretraining data did not include plants, they demonstrate excellent performance on
rice-related tasks thanks to cross-species pretraining that enhances their generalization
ability across human-rice domains. This benchmark study offers guidance on selecting
appropriate genomic language models based on task characteristics and provides insights
for future development in this field.

Keywords: genomic language models; benchmarking; genomics; cross-species generalization

1. Introduction

The rapid advancement of high-throughput sequencing technologies has given rise
to an immense volume of genomic data [1,2], creating an urgent need for efficient com-
putational tools to further unravel its biological significance. Numerous studies have
demonstrated that the similarities between DNA sequences and natural languages [3-5]
endow genome language models (GLMs) with remarkable potential for processing large-
scale genomic data and elucidating gene regulation and evolutionary relationships. In
recent years, GLMs pretrained on single or multi-species genomic data have successfully
captured contextual patterns within DNA sequences, achieving significant progress in
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genomic tasks. For example, King et al. (2025) [6] fine-tuned the DNABERT-2 genomic
language model and developed a colorectal cancer enhancer classification method using a
large-scale dataset of 2.34 million sequences, which demonstrates the feasibility of identi-
fying tumor-associated regulatory signals solely from DNA sequences. Li et al. (2025) [7]
proposed HyenaCircle, which combines the HyenaDNA large model with Nanopore long-
read sequencing data to predict eccDNA formation in the 1-5 kb range, achieving the first
accurate prediction of ultra-long eccDNA in this interval. These cases illustrate the broad
application prospects of GLMs, particularly in cancer regulation, mutation interpretation,
and non-coding element analysis.

To compare the performance and representational capabilities of models, numerous
benchmarking studies on GLMs have already emerged. Marin et al. (2024) [8] introduced
the BEND benchmark framework, systematically evaluates six models (AWD-LSTM, Di-
lated ResNet, Nucleotide Transformer, DNABERT, GENA-LM, and HyenaDNA) across
seven datasets covering biologically meaningful tasks, such as gene discovery, enhancer
annotation, and chromatin accessibility prediction in biomedical contexts. Awasthi et al.
(2025) [9] proposed an unsupervised framework based on numerical linear algebra metrics
(RankMe, NESum, and StableRank) to assess the embedding quality of six models (NT,
DNA-BERT2, HyenaDNA, Mistral DNA, GENA-LM, and GROVER), with downstream
classification tasks validating the correlation between these unsupervised metrics and
model performance. Feng et al. (2025) [10] compared five models (DNABERT-2, NT-V2,
HyenaDNA, Caduceus, and GROVER) using zero-shot embeddings across multiple ge-
nomic tasks, revealing the impact of different model architectures, embedding strategies,
and pre-training data on performance. These studies have advanced the understanding of
GLMs’ capabilities in genomic and biomedical tasks.

However, previous benchmarking studies have primarily compared models across
their own independent task settings, and systematic cross-species comparisons under the
same task setup remain largely unexplored. This gap is critical because precisely matching
pre-training data to downstream tasks is regarded as the core strategy in GLM training.
Moreover, genome language models pretrained on multi-species data hold promise for
capturing shared genomic patterns across evolutionary distances, yet the specific bene-
fits of such multi-species pre-training in downstream transfer performance still require
rigorous evaluation.

To address this gap, this study evaluates the performance and cross-species general-
ization of GLMs by comparing the human (Homo sapiens) and rice (Oryza sativa) genomes.
The human genome, one of the most comprehensively annotated, is approximately 3 Gb in
size and features a complex regulatory network [11]. In contrast, rice, as one of the major
staple crops, has a genome of about 400 Mb, characterized by high proportion of repetitive
sequences [12]. The significant differences in genome size and regulatory mechanisms
between these two species make them representative of typical differences between animal
and plant genomes.

To evaluate the model performance from a more comprehensive perspective, this bench-
mark study evaluated the above tasks using two complementary paradigms: zero-shot testing
and full-parameter fine-tuning. The primary objective of this benchmark study is to systemati-
cally evaluate the downstream task performance and cross-species generalization capabilities of
five GLMs in the context of human and rice genomes, with a particular emphasis on investi-
gating whether multi-species pre-training confers stronger cross-domain transferability than
single-species pre-training. Five GLMs (DNABERT-2 [13,14], GROVER [15], HyenaDNA [16],
NT-V2 [17], and AgroNT [18]) and a convolutional neural network (CNN) baseline were
systematically evaluated across four downstream tasks: promoter detection, transcrip-
tion start site (TSS) scanning, species classification, and gene region identification. Labels
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for these tasks can be directly and reliably obtained from the DNA sequence itself and
high-quality genome annotations; at the same time, these tasks span a gradient of scales
from local motif recognition and gene structure parsing to cross-species discrimination,
thereby comprehensively evaluating the model’s ability to capture DNA sequence structure.
Experiments utilized datasets sourced from Phytozome [19] and Ensembl [20], with fine-
tuning performed on 8 NVIDIA RTX 4090 GPU and comprehensive evaluation conducted
using multiple metrics to ensure fairness. To ensure the fairness of the benchmarking
and to guarantee that the final task performance truly reflects the intrinsic quality of the
models’ pre-training rather than differences in downstream optimization, all experiments
adopted the same fixed set of hyperparameters, including batch size, learning rate, early
stopping criteria.

Experimental results demonstrate that AgroNT consistently achieves superior perfor-
mance on rice tasks, underscoring the effectiveness of its pretraining on 48 plant species.
DNABERT-2 and NT-V2 attained the highest average Matthews Correlation Coefficient
(MCC) under zero-shot and fine-tuning conditions, respectively. This exceptional perfor-
mance can be attributed to their multi-species pretraining and architectural improvements
in positional encoding within Transformer models. Despite the absence of plant data in the
pretraining corpora of NT-V2 and DNABERT-2, their multi-species pretraining enables the
learning of universal sequence patterns across human and rice, facilitating adaptation to
plant-specific tasks through fine-tuning and yielding performance approaching AgroNT’s
optimum across the four rice tasks. The poor performance of the non-pretrained CNN
baseline highlights the critical importance of transfer learning. This study highlights the
generalization capabilities of GLMs in cross-species tasks, providing insights for optimizing
multi-species pretraining and task-specific fine-tuning strategies.

2. Methods

This study presents a systematic benchmarking of five genomic language models
(DNABERT-2, GROVER, HyenaDNA, NT-V2, and AgroNT) alongside a convolutional
neural network (CNN) baseline, focusing on cross-species generalization between human
(Homo sapiens) and rice (Oryza sativa) genomes. All experiments were conducted under a
standardized and fixed setting to ensure fairness, reproducibility, and objectivity in model
comparison, with details provided in subsequent subsections. The overall workflow is
illustrated in Figure 1.

Each model was evaluated on four representative downstream tasks that collectively
assess different aspects of genomic understanding: Promoter detection, Transcription
Start Site (TSS) Scanning, Species Classification and Gene Region Identification. Except
for the species classification task which involves multiple species, all other experiments
were conducted on rice (Oryza sativa) and human (Homo sapiens) genomes. All data were
extracted from genome FASTA files and their corresponding GFF3 annotation files using
industry-standard methods, with information from the annotation files serving as the
ground truth for benchmark evaluation metrics. During model evaluation, we used scikit-
learn [21] library functions to compute all metrics.
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Figure 1. Overall Workflow Diagram. (A) Data Download and Preprocessing. Genomic sequences
and annotation information for human and rice are extracted from genome databases. FASTA
sequences are combined with GFF annotation files for processing. Non-ATCG characters are filtered
out, and non-overlapping sequence extraction is performed. (B) Task Design and Downstream Task
Performance Evaluation. Multiple DNA genomic language models (Genomic Language Models,
GLMs) are compared, including DNABERT-2, GROVER, NT-V2, AgroNT, HyenaDNA, and a CNN
baseline model. Performance is evaluated under two settings, zero-shot (Zero-Shot) and fine-tuning,
across the following 4 tasks: Promoter Detection, Transcription Start Site (TSS) Scanning, Species
Classification and Gene Region Identification. Bar charts show the comparative performance of each
model on benchmark tasks, while a circular diagram indicates the GLMs included in the evaluation.

2.1. Models

This benchmark study evaluated five genomic language models (GLMs) and a convolu-
tional neural network (CNN) baseline to assess their performance and efficiency in process-
ing genomic data. Each model processes an input DNA sequence S = (s1,s2,s3,...,sL),
where si{A, T,C,G}, and L is the sequence length. Through a composition of tokeniza-
tion — embedding — contextual encoding — classification head, the model maps S to a
task-specific output y.

2.1.1. Tokenization Strategies

The above models employ three tokenization strategies to process the input S. Each
strategy corresponds to a pre-trained vocabulary V, which converts the S into a discrete
token sequence t = (t1,¢2,t3,...,tM), where M < L.

Byte Pair Encoding (BPE)

Byte-Pair Encoding (BPE) [22] constructs a vocabulary Vppg by iteratively merging
the most frequent adjacent symbol pairs in the training corpus. The initial symbol set
is¥ = {A,T,C,G}. Formally, BPE learns a sequence of merge rules R = {(p1,41),---},
where each pair (p1, 41) denotes merging tokens p; and g; into a new token; this merging
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process continues until the vocabulary reaches a predefined size. During the inference
stage, to generate ¢, starting from S and the initial symbol set X, merge operations are
greedily applied in the order defined by R, until the predefined vocabulary size is reached,
thereby yielding the final subword segmentation as Equation (1).

t € {t' € Vipg | concat(t') = S} (1)

Equation (1) states that ¢ is any valid subword segmentation from Vppg whose concate-
nation reconstructs S.

BPE is adopted by models such as GROVER and DNABERT-2. It iteratively merges
the most frequently co-occurring adjacent segments in the training corpus, often encoding
common conserved sequence motifs into a single token or a very small number of tokens.

K-Mer Tokenization

The vocabulary for k-mer tokenization is the set of all possible k-mers, denoted as
Vi mer = {5152 .5 | 8; € {A, T,C,G}}, with a vocabulary size of 4. During the inference
stage, to generate the t, starting from S and Vj._,,,, a fixed-length sliding window of size k
is applied to segment S into overlapping or non-overlapping k-mers (in this benchmark
study, all k-mer models use non-overlapping segmentation with k = 6). The resulting
token sequence as shown in Equation (2).

L
t=(t1,12,..., tM), ti = (Sj~k—k+1/ Sj»k—k+2/ ey S]uk), M = \\J (2)

k

Equation (2) defines fixed-length, non-overlapping k-mer tokens. The j-th token
contains bases from position j -k —k + 1 to j- k. If L is not divisible by k, the trailing
fragment that is less than k in length is truncated.

K-mer tokenization is adopted by models such as NT-V2 and AgroNT. It achieves
an effective balance between token compression ratio and sequence resolution, while
preserving sufficient local resolution and offering high computational efficiency. This
approach also avoids the additional overhead associated with BPE, including vocabulary
imbalance and the learning of merge rules.

Single-Nucleotide Tokenization

Single-nucleotide tokenization treats each base as an independent token, with the
vocabulary Viinere = {A, T, C, G}, formally, given a sequence S = (s1,52,s3,...,sL). The
resulting token sequence as shown in Equation (3).

= (t1,62,t3,.. ., tM), t; =s;, M =L 3)

Equation (3) maps each nucleotide in S to a unique token.

Single-nucleotide tokenization is applied in models such as HyenaDNA. It preserves
all local information and exhibits high sensitivity to single nucleotide polymorphisms.

The three tokenization strategies introduced above are selectively adopted by different
GLMs during pretraining and inference. The following provides a detailed description of
the models included in this benchmark study.

GROVER: GROVER employs BPE and Masked Language Modeling (MLM) for pre-
training on the human genome, specifically designed to capture human-specific genomic
patterns. It is a Transformer-based DNA language model that learns the probability dis-
tribution of bases in genomic sequences through an attention mechanism [23], capturing
contextual patterns in the genome. This is mathematically expressed as Equation (4).

Attention(Q, K, V) = softmax (QKT> 14 4)

Ja
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Equation (4) calculates the multi-head self-attention, where Q, K, and V are the query,
key, and value matrices, respectively, each of size RL*%. These matrices are projected from
the input embeddings, and d; denotes the dimensionality of each attention head. +/dy
is used to normalize the dot products of the queries and keys, which helps stabilize the
gradients during training.

DNABERT-2: Like GROVER, DNABERT-2 employs BPE and MLM for pretraining,
but it uses a multi-species genomic dataset. It incorporates Attention with Linear Biases
(ALiBi) [24] and Flash Attention [25] to optimize computational efficiency, enabling efficient
processing of long genomic sequences. For S of length L, the attention score of the i-th
query q; and the key matrix K in Attention with Linear Biases (ALiBi) is calculated as
Equation (5).

. 'KT
Attention oripi(q;, K, V) = softmax (% +m- bi) v,
bi=[-(i—1),...,~1,0,—1,...,—(L—1—1)]

(5)

Equation (5) modifies the standard attention by adding head-specific linear biases
m - b;, where m is a head-specific constant from a geometric sequence, g; € R% is the i-th
query, and K,V € RL*4 are the key and value matrices, respectively. The slope m is
learned for each attention head. The bias vector b; imposes a distance-dependent penalty:
past tokens are assigned negative values, the token itself is zero, and future tokens are
positive. This forces the attention to decay linearly with distance, allowing extrapolation to
longer sequences not seen during training without the need for positional encodings.

AgroNT: AgroNT is a Transformer-based DNA language model tailored for edible
plant genome research. As a plant-specific version of the Nucleotide Transformer, it adopts
a similar architecture, utilizing MLM for pretraining on genomic DNA from 48 plant species.
DNA sequences are segmented into 6-mers to capture plant-specific genomic patterns.

NT-V2: NT-V2 is an improved version of the Nucleotide Transformer (NT), based on
the Transformer architecture and pre-trained on multi-species genomes using MLM. NT-V2
employs 6-mer tokenization and combines Rotary Position Embeddings (RoPE) [26] and
Gated Linear Units (GLU) with Swish activation to enhance computational efficiency. RoPE
incorporates positional information into embeddings at each position i through rotation
matrices, applied at every attention layer, enabling robust contextual modeling for long
sequences (up to 2048 tokens, approximately 12 kb). This can be expressed as Equation (6).
cos(m@) sm(m())] ©)

RoPE(x;,0) = xi - Rom, Rom = lsin(m()) cos(m0)

Equation (6) encodes the absolute position i by applying a 2D rotation matrix Rg ,,
to each pair of dimensions (X; 2., Xj2m+1) of the embedding x; € RY, where 6 is the base
frequency and m =0, 1,...,d/2 — 1 indexes the dimension pairs. The core advantage of
this rotation scheme is that the relative distance j — i between positions i and j naturally
manifests as a fixed rotation angle in the attention inner product, independent of their
absolute positions, thereby achieving true relative position encoding without explicit
distance bias terms.

HyenaDNA: HyenaDNA utilizes the Hyena operator [27], designed specifically for
modeling long genomic sequences. Unlike traditional self-attention mechanisms, it uses
implicit convolution as Equation (7).

yr = 2221 hi—sxsy: @)

Equation (7) calculates the output y; at position t as the weighted sum of all previous
inputs x;(s =1,...,t) and a learnable filter /1 (with effective length up to t), efficiently
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implemented via a structured state space model. This implicit convolution reduces the
time complexity from O(L2) to O(LlogL).

CNN: The Convolutional Neural Network (CNN) consists of three convolutional
layers and serves as a non-pre-trained baseline to evaluate the advantages of pretraining. It
uses single-nucleotide tokenization, requires low computational resources, and does not
undergo pretraining. The CNN baseline architecture remains fixed across all tasks.

2.2. Dataset

Genomic FASTA files were downloaded from established genomic databases. Plant ge-
nomic data, including sequences and annotations for Hordeum vulgare, Oryza sativa, Sorghum
bicolor, Triticum aestivum, and Zea mays, were sourced from Phytozome V12 unrestricted,
a comprehensive plant comparative genomics resource. Human and mammalian data
(Homo sapiens, Bos taurus, Canis lupus familiaris, Mus musculus, Sus scrofa) were obtained
from Ensembl Release 114, ensuring high-quality annotations.

The preprocessing pipeline involved removing any information beyond the model’s
vocabulary (retaining only A, T, C, G nucleotides) to align with the tokenization require-
ments and prevent tokenization errors. For the gene region identification tasks, since
sequences were extracted across the entire genome, data were sourced from Hardmasked
FASTA files downloaded from the database to mitigate the impact of highly abundant
repetitive sequences. To ensure robust evaluation, datasets for all tasks were carefully
balanced. During training, the datasets were split into 80% training set, 10% test set, and
10% validation set; the same split was used for both zero-shot testing and fine-tuning exper-
iments. Additionally, to prevent overlapping or adjacent sequences from appearing across
different splits, a minimum distance of greater than 2000 bp between any two extracted
sequences was enforced during random sampling.

2.3. Tasks

This study designs four downstream tasks to systematically evaluate model classifi-
cation performance on genomic sequences. All tasks are constructed from high-quality
annotated FASTA and GFF3 files.

2.3.1. Promoter Detection

This binary classification task aims to identify promoter sequences. Promoters are
regulatory DNA regions that initiate transcription, being crucial for understanding gene
regulatory networks. The task space is defined as y = {0,1}, where 0 and 1 represent
negative and positive samples, respectively. In this task, positive samples comprise se-
quences of length L = 500 bp immediately upstream of the transcription start site (TSS),
This length is referenced from the promoter region definition used in DNABERT; nega-
tive samples are extracted from regions > 5000 bp upstream of any TSS to avoid overlap
with potential regulatory elements, with L = 500 bp. Each category contains 20,000 se-
quences. This task evaluates models” ability to detect short sequence motifs with regulatory
signals and measures their sensitivity in distinguishing functional from non-functional
genomic regions.

2.3.2. Transcription Start Site (TSS) Scanning

This binary classification task aims to determine whether a sequence contains a tran-
scription start site (TSS), which initiates transcription and defines gene boundaries. The
task space is defined as y = {0,1}, where 0 and 1 represent negative and positive samples,
respectively. In this task, positive samples are sequences of length L = 1024 bp with a
TSS randomly placed internally; negative samples are L = 1024 bp fragments from re-
gions devoid of any TSS. The 1024 bp length strikes a balance between capturing local
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sequence features and providing sufficient global contextual information for modeling
complex transcriptional regulatory patterns. This task evaluates a model’s ability to detect
functional sites within longer sequences while measuring its capacity to capture positional
dependencies and contextual signals inherent in genomic data.

2.3.3. Species Classification

This multi-class classification task aims to assign genomic sequences of length
L = 1024 bp to their source species, supporting comparative genomics, phylogenetic infer-
ence, and species-specific adaptation studies. The task space is defined as y = {1, 2, 3,4, 5},
where 1-5 represent five categories of plants and mammals, respectively. Plant data com-
prised five Poaceae species: barley (Hordeum vulgare), rice (Oryza sativa), wheat (Triticum
aestivum), maize (Zea mays), and sorghum (Sorghum bicolor); mammalian data encompassed
humans (Homo sapiens), cattle (Bos taurus), dogs (Canis lupus familiaris), mice (Mus musculus),
and pigs (Sus scrofa). Each species contributed 20,000 randomly sampled sequences of
length L = 1024 bp; this length captures local motifs and lineage-specific compositional
biases. The initial design drew upon Mamba’s [28] species classification task using hu-
mans and four great apes; however, due to extremely high sequence similarity, accuracy
approached random guessing. A species ensemble exhibiting greater genomic diver-
gence was ultimately selected to enhance task discriminability. This benchmark assesses
models’ ability to detect species-specific sequence patterns and generalize across diverse
genomic architectures.

2.3.4. Gene Region Identification

This multi-class classification task aims to distinguish introns, exons, and intergenic
regions within a single genome. The task space is defined as y = {1,2,3}, representing
introns, exons, and intergenic regions respectively. This constitutes a fundamental step in
genome annotation and gene structure analysis. Accurate classification of coding exons
versus introns and intergenic non-coding DNA facilitates research into gene function and
regulatory mechanisms. Sequence lengths L uniformly sampled from 512 to 2048 bp and
the window is randomly positioned within the target region to capture mid-range composi-
tional biases and splice-site proximity signals. Each category contains 20,000 sequences to
ensure balanced representation. This task evaluates models’ ability to distinguish genomic
regions with differing functional roles and measures their capacity to model long-range
dependencies and complex sequence contexts.

2.4. Zero-Shot Testing

To assess the intrinsic representational capabilities of the pre-trained genomic language
models without any task-specific adaptation, we conducted zero-shot testing across all four
downstream tasks. For each model, we first extracted sequence-level embeddings from the
frozen model using mean pooling over the last hidden states, with attention mask-based
weighting to exclude padding tokens. This mean-pooling strategy was selected due to
its consistent superior performance in recent DNA foundation model benchmarks for
sequence classification tasks [10]. To prevent label leakage, embeddings for the training set
and test set were extracted in two separate passes.

The resulting embeddings were then used to train a simple random forest classifier on
the training set embeddings and corresponding labels. Model performance was evaluated
on the held-out test set embeddings using standard metrics. No parameters of the founda-
tion models were updated during this process. The hyperparameters of the random forest
classifier are detailed in Supplementary Table S17.
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2.5. Fine-Tuning

Across all tasks and models, we adopted a globally fixed hyperparameter configuration
to ensure fairness and objectivity in model comparison. Specifically, a uniform batch size of
16 and a learning rate of 2 x 107> were fixed for all models. A consistent early stopping
strategy was applied: after each epoch, the F1-score on the validation set was computed,
and training was stopped if the F1-score showed no improvement over three consecutive
epochs. All experiments were conducted on 8 NVIDIA RTX 4090 GPUs from NVIDIA
Corporation (Santa Clara, CA, USA) with identical training setups.

This fixed configuration prioritizes a fair and reproducible comparison of the models’ pre-
trained representation capabilities enhanced by fine-tuning, rather than introducing additional
advantages through model-specific hyperparameter tuning or learning-rate sweeps.

3. Result

This study comprehensively evaluated six models—: DNABERT-2, HyenaDNA,
GROVER, NT-V2, AgroNT, and a CNN baseline—across four downstream tasks: pro-
moter detection, TSS scanning, species classification, and gene region identification.

Figure 2 shows the zero-shot performance on human (Homo sapiens) and rice (Oryza sativa)
genomes, with average performance comparison between the two species. Figure 3 depicts the
fine-tuned performance and Tables 1 and 2 reported the corresponding human-rice average
comparison. Table 3 summarizes the average memory usage of each model across all tasks.
Supplementary Tables S1-516 present the performance metrics, including accuracy, Fl-score,
recall, precision, and MCC, for each model across these tasks. Supplementary Figures S1-516
present the confusion matrices of each model on each task in the form of heatmaps.

Table 1. Specific Matthews Correlation Coefficient (MCC) values of each model for each downstream
task (Zero-Shot Testing). Bold text highlights the model with the highest MCC performance per task.

DNABERT-2 GROVER HyenaDNA NT-V2 AgroNT CNN
Promoter Detection (Plant) 0.4483 0.4239 0.4246 0.4295 0.4868 0.5675
Promoter Detection (Human) 0.6692 0.7094 0.6232 0.6333 0.6274 0.6782
TSS Scanning (Plant) 0.5488 0.5147 0.3325 0.4957 0.5749 0.2788
TSS Scanning (Human) 0.8354 0.8064 0.7175 0.7837 0.7810 0.6937
Species Classification (Plant) 0.3573 0.3546 0.3074 0.3392 0.5074 0.1291
Species Classification (Human) 0.5266 0.3686 0.3291 0.4393 0.3108 0.1707
Gene Region Identification (Plant) 0.6980 0.6871 0.6649 0.6750 0.7171 0.6094
Gene Region Identification (Human)  0.6088 0.5961 0.4949 0.5438 0.5641 0.4584
AVG 0.5866 0.5576 0.4868 0.5424 0.5712 0.4482

Table 2. Specific Matthews Correlation Coefficient (MCC) values of each model for each downstream
task (Fine-Tuning). Bold text highlights the model with the highest MCC performance per task.

DNABERT-2 GROVER HyenaDNA NT-V2 AgroNT CNN
Promoter Detection (Plant) 0.6381 0.6138 0.5659 0.6606 0.6936 0.5675
Promoter Detection (Human) 0.7408 0.7098 0.6766 0.7407 0.6907 0.6782
TSS Scanning (Plant) 0.6699 0.6197 0.3772 0.7007 0.6898 0.2788
TSS Scanning (Human) 0.8793 0.8496 0.7390 0.9065 0.8761 0.6937
Species Classification (Plant) 0.6417 0.6154 0.5446 0.6376 0.7463 0.1291
Species Classification (Human) 0.6749 0.6099 0.5694 0.6805 0.6159 0.1707
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Table 2. Cont.
DNABERT-2 GROVER HyenaDNA NT-V2 AgroNT CNN
Gene Region Identification (Plant) 0.8318 0.8231 0.8090 0.8263 0.8685 0.6094
Gene Region Identification (Human)  0.6658 0.6376 0.6254 0.6945 0.6382 0.4584
AVG 0.7178 0.6849 0.6134 0.7309 0.7274 0.4482
Table 3. GPU memory consumption (in MiB) of each model on each task.
DNABERT-2 GROVER HyenaDNA NT-V2 AgroNT
Promoter Detection (Plant) 4390 4550 3002 10,198 50,322
Promoter Detection (Human) 4102 4018 3002 10,198 50,322
TSS Scanning (Plant) 5796 7540 4886 13,844 76,662
TSS Scanning (Human) 5870 7418 4886 13,844 76,662
Species Classification (Plant) 5816 11,898 4886 13,844 76,662
Species Classification (Human) 5816 11,898 4886 13,844 76,662
Gene Region Identification (Plant) 8192 12,274 7978 23,850 91,678
Gene Region Identification (Human) 8454 12,274 7978 23,850 91,678
AVG 6055 8984 5188 15,434 73,831

In zero-shot testing, DNABERT-2 achieved the highest average MCC of 0.5866 across
the eight subtasks, followed by AgroNT (0.5712) and GROVER (0.5576). NT-V2 (0.5424) and
HyenaDNA (0.4868) performed relatively weaker. Among them, DNABERT-2 excelled par-
ticularly on human-related tasks, while AgroNT stood out on plant-related tasks, achieving
the highest MCC in three subtasks (TSS scanning: 0.5749; species classification: 0.5074; gene
region identification: 0.7171). GROVER attained the highest MCC (0.7094) on one human
task (promoter prediction). Overall, zero-shot MCC values fluctuated between 0.3 and 0.8.
Compared to random guessing, all models demonstrated positive discriminative ability,
indicating that pre-trained embeddings are already able to capture some cross-species
shared genomic patterns, although there remains a noticeable gap from the level required
for direct practical application.

Fine-tuning significantly improved the performance of all models on most tasks.
Compared with zero-shot results, the average MCC gain across models ranged from 0.13 to
0.19. Among them, NT-V2 exhibited the largest improvement and became the model with
the highest average MCC after fine-tuning (0.7309), closely followed by AgroNT (0.7274)
and DNABERT-2 (0.7178). AgroNT continued to show strong advantages on plant-related
tasks, achieving the highest MCC in three subtasks (promoter prediction: 0.6936; species
classification: 0.7463; gene region identification: 0.8685). It particularly excelled in grass
family (Poaceae) species classification and gene region identification tasks, highlighting
the capability of its pre-training on 48 plant genomes in capturing phylogenetic adaptation
and understanding plant genomic architecture.

These results demonstrate that task-specific fine-tuning can fully unlock the potential
of multi-species and species-specific pre-training. While pre-trained models already possess
a certain degree of cross-species transferability in the zero-shot setting, task-specific fine-
tuning remains a critical step to maximally release the power of multi-species and species-
specialized pre-training.

Overall, performance disparities among models and between human and plant
genomes on identical tasks stem from multiple factors, including pretraining data, model
architecture and scale, and genomic structure.
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Figure 2. Performance of six models on downstream tasks for human (Mammals) and rice (Poaceae)
genomes (Zero-Shot Testing). (A) Matthews Correlation Coefficient (MCC) of six models across four
downstream tasks on human (Homo sapiens) and rice (Oryza sativa) genomes. species classification
task includes additional mammalian and Poaceae genomes, hence group-level labels are used. Each
subplot displays the MCC values for different models on specific tasks, reflecting their predictive
performance on these tasks. (B) Comparison of average MCC across models for human and rice
genomes, highlighting overall performance differences across the four downstream tasks.
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Figure 3. Performance of six models on downstream tasks for human (Mammals) and rice (Poaceae)
genomes (Fine-Tuning). (A) Matthews Correlation Coefficient (MCC) of six models across four
downstream tasks on human (Homo sapiens) and rice (Oryza sativa) genomes. Species classification
task includes additional mammalian and Poaceae genomes, hence group-level labels are used. Each
subplot displays the MCC values for different models on specific tasks, reflecting their predictive
performance on these tasks. (B) Comparison of average MCC across models for human and rice
genomes, highlighting overall performance differences across the four downstream tasks. Specific
Matthews Correlation Coefficient (MCC) values of each model for each downstream task.
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3.1. Performance Analysis
3.1.1. Pretraining Data and Generalization

The pre-training dataset determines the coverage of a model’s initial embedding space,
which in turn influences its generalization performance on the distribution of downstream
tasks. In this benchmark, the involved models can be classified into three categories based
on their pre-training datasets: GROVER and HyenaDNA, which were pre-trained on a
single species; AgroNT, which was pre-trained on multiple species within a single domain
(Edible Plants-related); NT-V2 and DNABERT-2, which were pre-trained across multiple
domains and multiple species. Tables 4 and 5 respectively report the MCC ranking of each
model on each task under zero-shot and fine-tuning settings.

Table 4. Zero-shot testing performance ranking of each model on each task.

DNABERT-2 GROVER HyenaDNA NT-V2 AgroNT CNN
Promoter Detection (Plant) 3 6 5 4 2 1
Promoter Detection (Human) 3 1 6 4 5 2
TSS Scanning (Plant) 2 3 5 4 1 6
TSS Scanning (Human) 1 2 5 3 4 6
Species Classification (Plant) 2 3 5 4 1 6
Species Classification (Human) 1 3 4 2 5 6
Gene Region Identification (Plant) 2 3 5 4 1 6
Gene Region Identification (Human) 1 2 5 4 3 6

Table 5. Fine-tuning performance ranking of each model on each task.

DNABERT-2 GROVER HyenaDNA NT-V2 AgroNT CNN
Promoter Detection (Plant) 3 4 6 1 5
Promoter Detection (Human) 1 3 6 2 4 5
TSS Scanning (Plant) 3 4 5 1 2 6
TSS Scanning (Human) 2 4 5 1 3 6
Species Classification (Plant) 2 4 5 3 1 6
Species Classification (Human) 2 4 5 1 3 6
Gene Region Identification (Plant) 2 4 5 3 1 6
Gene Region Identification (Human) 2 4 5 1 3 6

The results from the two groups of experimental tasks demonstrate that multi-domain
and multi-species pre-trained models (DNABERT-2 and NT-V2) achieved the highest
MCC in three tasks under both zero-shot and fine-tuning settings. Compared to single-
species pre-trained models, they exhibited superior cross-species generalization after fine-
tuning (DNABERT-2 and NT-V2 ranked in the top three in MCC across all tasks; although
DNABERT-2’s average MCC was slightly lower than that of AgroNT, its overall perfor-
mance was more stable). Notably, despite the complete absence of plant genomes in the
pre-training data of these two models, they still outperformed single-species human-pre-
trained models on rice (Oryza sativa) related tasks. In particular, NT-V2 even surpassed
AgroNT in the rice TSS scanning task. This superior performance likely stems from the
diverse genomic corpora in their multi-species pre-training datasets, which collectively
construct a broader and more representative embedding space encompassing sequence
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evolutionary patterns from prokaryotes to eukaryotes and from lower to higher organisms,
thereby significantly reducing the risk of overfitting to a single species.

To further visually illustrate the influence of pre-training data on the models” em-
bedding spaces, this benchmark extracted embeddings from five models using 50,000
randomly sampled non-overlapping 1024 bp fragments each from the human and rice
genomes. These embeddings were subsequently reduced to two-dimensional space via
UMAP for visualization, as shown in Figure 4. The multi-species pre-trained models NT-V2
and DNABERT-2 were able to almost completely separate the two clusters of points, indicat-
ing that their embedding spaces successfully captured distinguishable deep cross-species
patterns. AgroNT, as a single-domain multi-species pre-trained model, could also distin-
guish human from rice DNA reasonably well, but still exhibited substantial overlapping
regions. In contrast, GROVER and HyenaDNA, which were pretrained solely on the human
genome, showed highly overlapping point clouds for the two species, highlighting the
cross-species generalization limitations inherent to single-species pre-training.

GROVER DNABERT2

+ Human . Human
- Rice

UMAP Dimension 2

UMAP Dimensi

15 20

5 10 10
UMAP Dimension 1 UMAP Dimension 1

HyenaDNA NT-V2

+ Human 2 - Human
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UMAP Dimension

%

15 20

o H H 10
UMAP Dimension 1 UMAP Dimension 1
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e

-10 -5 o 5
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Figure 4. Comparison of Species Discriminability in the Embedding Spaces of 5 DNA Manguage
Models. Embeddings were extracted from 50,000 randomly sampled non-overlapping 1024 bp DNA
fragments each from the human and rice genomes, followed by UMAP dimensionality reduction to
a two-dimensional projection. Blue points represent human DNA sequence fragments, and green
points represent rice (Oryza sativa) DNA sequence fragments.
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3.1.2. Model Architecture and Scale

Model architecture, parameter scale, and related attributes are also key factors influenc-
ing final performance. Table 6 presents the attributes of each model, including pretraining
data, model architecture, tokenization strategies, etc.

Table 6. Overview of the genomic language models evaluated in this benchmark study. This table
lists the tokenizer, parameter count, pretraining method, pretraining data, and model architecture for
five models (DNABERT-2, GROVER, HyenaDNA, NT-V2, AgroNT). M, million.

Tokenizer Parameter Pre-Train Data Architecture

DNABERT-2 BPE 120 M MLM Multi-Species Transformer

GROVER BPE 87M MLM Human Transformer
HyenaDNA Single Nucleotide 1M NTP Human Hyena

NT-V2 6-mer 498 M MLM Multi-Species Transformer

AgroNT 6-mer 985 M MLM 48 Plants Transformer

In this benchmark study, DNABERT-2, GROVER, NT-V2, and AgroNT are based on
the Transformer architecture. This architecture leverages its core multi-head self-attention
mechanism to effectively capture complex contextual dependencies throughout the entire
sequence, which is particularly important for identifying dispersed regulatory elements.
However, traditional positional encodings in Transformer models (such as fixed absolute
positional encodings or sinusoidal/cosine encodings) have a fixed maximum position
index during training. Once the input sequence length exceeds the pretraining length,
frequency mismatch causes the attention distribution to become random, making stable
length extrapolation difficult. Consequently, these models often struggle to reliably handle
genomic data significantly longer than sequences seen during pretraining—a common
scenario in genomic tasks.

To address this issue, DNABERT-2 and NT-V2 have introduced different optimiza-
tions to the standard Transformer architecture. NT-V2 incorporates Rotary Positional
Embeddings (RoPE) and Gated Linear Units (GLU) with Swish activation. By applying
frequency-based complex exponential rotation matrices to the query and key vectors, rel-
ative positional information is multiplicatively injected into the attention scores, making
attention weights depend solely on the relative distance between positions and enabling
efficient processing of sequences longer than those seen during pretraining. In contrast,
DNABERT-2 adopts Attention with Linear Biases (ALiBi), which is mathematically equiv-
alent to introducing a triangular bias that decays linearly with distance in the attention
kernel. This approach achieves stable extrapolation to arbitrary sequence lengths without
any learnable or fixed positional encodings and offers faster computation than RoPE. The
excellent performance of these two models in this benchmark may be closely related to
these architectural improvements.

A noteworthy phenomenon is the significant performance divergence between
DNABERT-2 and NT-V2, both multi-species pretrained models. In zero-shot testing,
DNABERT-2 achieved the highest average MCC, whereas NT-V2 showed only moder-
ate to below-average performance in zero-shot settings but exhibited the largest gains after
fine-tuning, surpassing all other models to become the top performer in average MCC.

This divergence may be attributed to differences in pretraining design. DNABERT-2
has a smaller parameter count and shorter pretraining sequence lengths, potentially fo-
cusing more on local motifs, but with relatively limited room for improvement during
fine-tuning. NT-V2, with a larger parameter count and a context length four times that of
DNABERT-2, learns richer and more distributed representations during pretraining. These
representations are difficult to fully utilize through simple average pooling in zero-shot
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testing and require task-specific fine-tuning to activate. Overall, DNABERT-2 excels in
out-of-the-box usability, while NT-V2’s design is more conducive to achieving greater im-
provements through fine-tuning, reflecting the trade-off between immediate generalization
performance and adaptation potential in multi-species pretraining.

AgroNT has the largest parameter count in this benchmark (985 M) and consistently
maintains advantages in plant tasks during both zero-shot testing and fine-tuning, with its
human-task performance also showing certain improvements after fine-tuning.

Unlike the models above, HyenaDNA fundamentally modifies the attention mecha-
nism structure by replacing explicit dot-product attention with the Hyena operator based
on implicit long convolutions. It equivalently performs global convolution through param-
eterized implicit long filters (implemented via structured state-space recurrence), reducing
the original O(n?) matrix computation complexity of attention to O(n) or quasi-linear levels.
This provides HyenaDNA with a significant computational advantage when processing
ultra-long sequences (up to 1 M tokens), at which point training times for Transformer-
based architectures typically become prohibitive. However, with only 1 M parameters, its
representational capacity is severely limited, which likely explains its suboptimal perfor-
mance on the relatively shorter sequence tasks examined in this study.

Finally, as a control, the non-pretrained CNN baseline model is trained from scratch
using only task-specific data. Due to its limited receptive field, it struggles to capture the
long-range dependencies commonly present in genomic sequences, resulting in significantly
inferior performance compared to all pretrained models across all six tasks.

However, this baseline model still achieves relatively good performance on promoter
detection tasks in both plants and humans. To investigate the reasons behind this phe-
nomenon and to gain deeper insight into the biological signals captured by the CNN, we
extracted the top 5 highest-activating 7-mer motifs from all filters in the first convolutional
layer. The results are shown in Tables 7 and 8.

Table 7. Top 5 7-mer motifs with the highest activation strength from the first convolutional layer
(across all filters) in human promoter data.

Rank Motif Score Filter Position
1 GCAGCTG 1.2274 63 110
2 GCAGCTG 1.2274 63 195
3 GCAGCGT 1.2274 63 392
4 GCAGCAG 1.2274 63 412
5 GCAGCCC 1.2274 63 210

Table 8. Top 5 7-mer motifs with the highest activation strength from the first convolutional layer
(across all filters) in rice promoter data.

Rank Motif Score Filter Position
1 CTGTGGC 1.2317 31 434

2 CTGTTTT 1.2317 31 183

3 CTGTTTC 1.2317 31 98

4 CTGTCTT 1.2317 31 33

5 CTGTTTT 1.2317 31 51

In human promoters, the dominant motifs are GC-rich sequences, which are highly
consistent with the structure of CpG islands and the widespread presence of Sp1 transcrip-
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tion factor binding sites (GC-box) in TATA-less promoters [29]. In contrast, plant promoters
are predominantly characterized by CTG-rich sequences or pyrimidine-rich motifs [30].
These motifs mainly originate from filter 31 and closely match the plant-specific Y-patch
(pyrimidine patch) element. The Y-patch frequently substitutes for or complements the
TATA box in plant core promoters. These findings indicate that the CNN successfully learns
species-specific core promoter features.

The strong performance of CNNs on promoter detection tasks can be attributed to their
three core mechanisms, local receptive fields, parameter sharing, and multi-scale feature
extraction, which naturally align with the biological characteristic of DNA sequences: the
presence of short yet biologically meaningful local patterns. This makes CNNs particularly
effective at capturing common local regulatory elements in promoter regions (such as
GC-box and Y-patch).

Additionally, model architecture and tokenization strategies may influence task per-
formance through information compression and representational capabilities. For example,
according to Dotan et al. (2024), subword units generated by the BPE algorithm are typically
associated with biologically conserved sequence patterns, making BPE highly suitable for
tasks requiring precise pattern recognition [26]. However, due to the task design in this
benchmark, no obvious differences in performance attributable to different tokenization
strategies were observed. The influence of tokenization strategies may primarily man-
ifest in the final token length resulting from information compression. The vocabulary
generated by the BPE algorithm achieves high compression ratios, effectively reducing
computational complexity and storage requirements. k-mer tokenization divides sequences
into fixed-length k-mers with computational complexity O(n/k), making it highly suitable
for large-scale data processing [27]. Single-nucleotide tokenization provides the finest
granularity, producing the longest token sequences for a given input length, and is suit-
able for models like HyenaDNA with computational complexity lower than O(n log n).
This approach effectively handles scenarios such as single-base mutations, enabling fine-
grained annotation at the single-base level, something difficult to achieve with the other
two tokenization methods.

3.1.3. Genomic Structure and Task Characteristics

In this benchmark study, zero-shot and fine-tuning tasks are designed with identical
standards across human and plant genomes (including sequence length, sampling strategy,
positive/negative sample definitions, and label space), thereby eliminating design bias.
Consequently, observed performance differences primarily stem from the inherent char-
acteristics of human and rice genomes as well as biological differences in their genomic
structural distributions. Overall, plant genomes exhibit greater dynamism and variability
in sequence space due to frequent polyploidy and rapid structural variation, whereas
animal genomes tend toward conservation and structural stability [31-33]. Tables 9 and 10
lists the genome size, gene density, and average gene length for each genome used in
the experiments.

In both zero-shot and fine-tuning settings, human tasks consistently achieved higher
overall MCC in promoter identification and transcription start site (TSS) scanning. This
advantage is likely attributable to more mature annotation resources and highly conserved
regulatory motifs in the human genome, which result in lower variance among positive
samples in the local pattern space. By contrast, rice tasks face greater challenges due to
substantially higher genomic diversity. For example, rice has 42,189 genes with a gene
density of 112.66 genes/Mb, whereas humans have only 21,570 genes and a gene density
of just 6.96 genes/Mb. This implies that models must search for functional signals across a
much broader sequence space.

https:/ /doi.org/10.3390/app16041745


https://doi.org/10.3390/app16041745

Appl. Sci. 2026, 16, 1745

18 of 22

Table 9. Genomic statistics of the species involved in this benchmark study. The table provides gene
density, genome size, number of genes, exons, introns, and maximum/average gene, exon, and intron
lengths for humans (Homo sapiens), pigs (Sus scrofa), mice (Mus musculus), dogs (Canis lupus familiaris),
cattle (Bos taurus). Mb, megabase pairs.

Humans Pigs Mice Dogs Cattle
Gene density (genes/Mb) 6.96 8.81 9.35 8.58 7.52
Genome size (Mb) 3099.75 2501.91 272822 2396.86 2770.69
Gene count 21,570 22,041 25,519 20,567 20,848
Exon count 2,165,096 567,727 1,298,921 539,879 680,837
Intron count 1,777,142 507,287 1,020,552 484,544 595,999
Max Gene length (bp) 2,473,539 2,361,238 2,960,899 2,057,682 2,323,167
Avg Gene length (bp) 64,434.27 48,581.21 42,447.59 52,315.71 54,534.4
Max Exon length (bp) 347,300 18,338 122,802 19,797 48,309
Avg Exon length (bp) 260.7 344.77 276.52 276.47 294.98
Max Intron length (bp) 1,240,120 1,111,590 2,908,816 1,089,409 1,284,691
Avg Intron length (bp) 8213.54 5335.66 6413.54 6142.65 6578.08
GC Content (%) 38.88 41.37 40.54 40.97 42.01

Table 10. Genomic statistics of the species involved in this benchmark study. The table provides gene
density, genome size, number of genes, exons, introns, and maximum/average gene, exon, and intron
lengths for rice (Oryza sativa), maize (Zea mays), sorghum (Sorghum bicolor), wheat (Triticum aestivum),
barley (Hordeum vulgare). Mb, megabase pairs.

Rice Maize Sorghum Wheat Barley
Gene density (genes/Mb) 112.66 30.7 48.66 156.66 8.22
Genome size (Mb) 374.47 2067.86 729.38 634.42 4833.79
Gene count 42,189 63,480 35,490 99,386 39,734
Exon count 259,392 356,887 205,840 1,727,928 1,715,777
Intron count 206,967 268,127 164,792 1,434,875 1,467,597
Max Gene length (bp) 57,094 191,581 93,619 35,335 820,598
Avg Gene length (bp) 2871.77 3001.87 3321.63 2551.95 6008.35
Max Exon length (bp) 15,363 117,494 9082 9275 23,453
Avg Exon length (bp) 317.78 348.72 338.35 266.18 278.87
Max Intron length (bp) 18,327 169,080 21,931 25,396 819,178
Avg Intron length (bp) 405.91 632.99 472.64 358.15 664.92
GC Content (%) 43.55 46.59 41.63 44.02 42.03

In species classification tasks, performance between the two groups was roughly com-
parable overall, with Mammals classification showing slightly higher average performance
than Poaceae. However, this already reflects an adjustment in the mammalian selection
from family-level to class-level taxonomy. This comparative result may arise from the
relatively large evolutionary distances and more pronounced sequence pattern differences
among the five plant species considered.

In the gene region identification task, rice tasks significantly outperformed human
tasks under both zero-shot and fine-tuning conditions. This performance reversal stems
from the greater discriminative power provided by the non-conserved nature of the rice
genome. Rice genes are markedly shorter and more compact, with an average gene length
of 2871 bp and an average intron length of 405 bp; in comparison, human genes average
64,434 bp in length with introns averaging 8213 bp. The high variation in intron length and
sharper regional boundary signals in rice enable models to more accurately distinguish
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exons, introns, and intergenic regions. Conversely, the human genome contains a large
number of ultra-long introns, introducing substantial amounts of non-functional sequence
that dilutes regional boundary signals, effectively equivalent to injecting high-entropy
noise into the sequence, thereby significantly increasing modeling difficulty.

Additionally, in the gene region identification task, an examination of the confusion
matrix heatmaps for gene region identification in the Supplementary Figures S7, S8, 515
and S16 reveals that, across nearly all experimental groups, the classification results for
introns and intergenic regions are comparatively less distinct than those for exons, with the
confusion rates between these two categories being significantly higher than the confusion
rates between exons and other categories. The speculative explanation for this phenomenon
may stem from the compositional similarity between introns and intergenic regions: both
constitute non-coding regions, often enriched in repetitive sequences, characterized by
nucleotide composition biases and low-complexity patterns, while lacking the codon usage
preferences and conserved coding signals specific to exons. Consequently, models face
greater difficulty in capturing discriminative features to separate these regions. In contrast,
exons, due to their protein-coding function, typically exhibit more conserved motifs and
periodic patterns (such as the triplet periodicity indicative of coding sequences), making
them more readily identifiable by the model.

4. Discussion

This benchmark study systematically evaluated five genomic language models, namely
DNABERT-2, GROVER, HyenaDNA, NT-V2 and AgroNT, together with a CNN baseline,
across four downstream tasks on both human and rice genomes. These tasks collectively
encompass sequence motif recognition, functional site detection, cross-species classifica-
tion and gene structure parsing. The main findings are as follows. In zero-shot settings
and fine-tuning experiments, DNABERT-2 and NT-V2 respectively achieved the highest
average MCC, while AgroNT consistently showed superior performance on plant-related
tasks. Compared with zero-shot results, fine-tuning produced substantial performance
improvements across all models, with particularly notable gains observed for NT-V2. These
outcomes highlight the strengths of broad multi-species pretraining, as seen in DNABERT-2
and NT-V2, and domain-specific plant pretraining, as seen in AgroNT, in achieving strong
adaptation within specialized domains and effective cross-domain transfer.

Compared with recent comprehensive benchmark studies, the present work provides
a complementary perspective. It places particular emphasis on fine-tuning performance
and explicit cross-kingdom generalization between animals and plants. The evaluation
is extended to plant genomes, and the results demonstrate that task-specific fine-tuning
can significantly reduce domain gaps, especially for models that have been pretrained
on multi-species or domain-specific data. At the same time, this study has several lim-
itations. Although cross-species generalization was assessed, the core fine-tuning and
downstream evaluation were primarily restricted to two representative species, human
and rice. While the species classification task included additional species, broader phy-
logenetic coverage, such as more animal phyla, non-Poaceae plants or prokaryotes, is
still needed to fully support claims of wide-ranging cross-kingdom transferability. In
addition, the four downstream tasks mainly focused on sequence structure and classifica-
tion. Future work could incorporate biologically more meaningful tasks to gain deeper
insights into functional consequences. Furthermore, although the results clearly reveal
model-specific advantages, more detailed biological interpretations would help provide a
deeper mechanistic understanding.

Despite these limitations, the findings of this study offer practical guidance for future
model development. The excellent performance of NT-V2 and AgroNT after fine-tuning
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suggests that combining broad multi-species pretraining with domain-specific data (such
as plant genomes) holds promise for obtaining more adaptive and robust representations.
Meanwhile, smaller-scale models like DNABERT-2, although exhibiting relatively limited
gains from fine-tuning, possess strong zero-shot usability that remains a valuable direction
worthy of further exploration. If strict domain matching is pursued, training models on
multiple genomes from the same domain rather than a single genome, may represent
an effective strategy. Task-specific fine-tuning should be regarded as an essential step
whenever conditions permit, given that in this benchmark study, the performance gap
between zero-shot and fine-tuned settings remains substantial across nearly all models
and tasks. Future developers may consider exploring hybrid pretraining strategies that
balance breadth and depth, as well as architectural optimizations tailored to specific
biological domains.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/app16041745/s1. Supplementary Figure S1: Confusion matrix
heatmap of Promoter Detection(Rice, Zero-Shot Testing). Supplementary Figure S2: Confusion matrix
heatmap of Promoter Detection(Human, Zero-Shot Testing). Supplementary Figure S3: Confusion ma-
trix heatmap of TSS Scanning(Rice, Zero-Shot Testing). Supplementary Figure S4: Confusion matrix
heatmap of TSS Scanning(Human, Zero-Shot Testing). Supplementary Figure S5: Confusion matrix
heatmap of Species Classification (Poaceae, Zero-Shot Testing). Supplementary Figure S6: Confusion
matrix heatmap of Species Classification (Mammals, Zero-Shot Testing). Supplementary Figure S7:
Confusion matrix heatmap of Gene Region Identification (Rice, Zero-Shot Testing). Supplementary
Figure S8: Confusion matrix heatmap of Gene Region Identification (Human, Zero-Shot Testing).
Supplementary Figure S9: Confusion matrix heatmap of Promoter Detection(Rice, Fine-Tuning).
Supplementary Figure S10: Confusion matrix heatmap of Promoter Detection(Human, Fine-Tuning).
Supplementary Figure S11: Confusion matrix heatmap of TSS Scanning(Rice, Fine-Tuning). Sup-
plementary Figure S12: Confusion matrix heatmap of TSS Scanning(Human, Fine-Tuning). Supple-
mentary Figure S13: Confusion matrix heatmap of Species Classification (Poaceae, Fine-Tuning).
Supplementary Figure S14: Confusion matrix heatmap of Species Classification (Mammals, Fine-
Tuning). Supplementary Figure S15: Confusion matrix heatmap of Gene Region Identification (Rice,
Fine-Tuning). Supplementary Figure S16: Confusion matrix heatmap of Gene Region Identifica-
tion (Human, Fine-Tuning). Supplementary Table S1: Benchmarking results of different models
for Promoter Detection (Rice, Zero-shot Testing). Supplementary Table S2: Benchmarking results
of different models for Promoter Detection (Human, Zero-shot Testing). Supplementary Table S3:
Benchmarking results of different models for TSS Scanning (Rice, Zero-shot Testing). Supplementary
Table S4: Benchmarking results of different models for TSS Scanning (Human, Zero-shot Testing).
Supplementary Table S5: Benchmarking results of different models for Species Classification (Poaceae,
Zero-shot Testing). Supplementary Table S6: Benchmarking results of different models for Species
Classification (Mammals, Zero-shot Testing). Supplementary Table S7: Benchmarking results of
different models for Gene Region Identification (Rice, Zero-shot Testing). Supplementary Table S8:
Benchmarking results of different models for Gene Region Identification (Human, Zero-shot Testing).
Supplementary Table S9: Benchmarking results of different models for Promoter Detection (Rice,
Fine-Tuning). Supplementary Table S10: Benchmarking results of different models for Promoter
Detection (Human, Fine-Tuning). Supplementary Table S11: Benchmarking results of different
models for TSS Scanning (Rice, Fine-Tuning). Supplementary Table S12: Benchmarking results of
different models for TSS Scanning (Human, Fine-Tuning). Supplementary Table S13: Benchmarking
results of different models for Species Classification (Poaceae, Fine-Tuning). Supplementary Table
514: Benchmarking results of different models for Species Classification (Mammals, Fine-Tuning).
Supplementary Table S15: Benchmarking results of different models for Gene Region Identification
(Rice, Fine-Tuning). Supplementary Table S16: Benchmarking results of different models for Gene
Region Identification (Human, Fine-Tuning). Supplementary Table S17: Random Forest classifier
hyperparameters. The configuration was kept consistent across all experiments to ensure fair com-
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parison and reproducibility. Supplementary Table S18: Confusion Matrix for Binary Classification.
Rows represent the actual class, columns represent the predicted class, and entries (TP, FN, FP, TN)
denote the number of samples predicted as positive and actually positive, predicted as negative but
actually positive, predicted as positive but actually negative, and predicted as negative and actually
negative, respectively. Supplementary Table S19: Confusion Matrix for Multi-Class Classification.
Rows represent the actual class, columns represent the predicted class, and diagonal elements (Cii,i =
A, B, ..., N) represent the number of correctly predicted samples for each class (true positives, TP).
Off-diagonal elements(Cij,i # j) represent the number of samples with actual class i predicted as class
j, indicating misclassifications (false negatives, FN, for actual class i; false positives, FP, for predicted
class j).
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