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Prediction of DNA Methylation With Long-Range State-Space Models

Hao Feng, Sakshar Chakravarty

Abstract—The prediction of DNA methylation from the primary DNA
sequence allows one to impute the methylation status of cytosines with
insufficient sequencing coverage. Various deep learning models have been
proposed in the literature, including transformer-based models and con-
volutional neural networks. In this study, we investigate the performance
of long-range state-space models based on the Hyena architecture on the
task of DNA methylation prediction on six plant species. First, we train
the HyenaDNA framework to obtain a genome-wide foundation model for
each species. Then, we fine-tune these foundation models using the sequence
data surrounding the methylated or unmethylated cytosines. Extensive
experimental results show that our model predicts DNA methylation with
higher accuracy than state-of-the-art methods in the literature.

Index Terms—State-space model, HyenaDNA, deep learning, DNA
methylation, epigenetics.

I. INTRODUCTION

DNA methylation is an epigenetic marker which involves the ad-
dition of a methyl group to cytosine bases. It plays a critical role in
regulating gene expression and other important cellular molecular pro-
cesses [1]. In vertebrates, DNA methylation is mostly found at cytosines
that are followed by a guanine, which is referred to as the CG context.
In plants instead, methylation can occur at cytosines in any context,
i.e., CG, CHG, and CHH, where H={A,T,C} [2], [3], [4]. Methylation
patterns influence critical cellular processes such as stress responses,
phenotypic plasticity, and trait inheritance [5], [6]. The traditional
method of identifying cytosine methylation involves sequencing DNA
after being treated with sodium bisulfite (BS-Seq). BS-Seq can be costly
for large eukaryotic genomes because the sequencing coverage has to
be sufficiently deep to enable one to determine the methylation levels
with statistical confidence. Typically, 5-10 reads covering a cytosine
are necessary to reliably determine the methylation levels. Due to the
non-uniformity of Illumina sequence coverage, even if the average
sequencing depth is higher than 10, a small but significant fraction of
the cytosines will not have sufficient read coverage. Thus, there is aneed
to develop computational methods to predict the methylation levels for
some of the cytosines either from the surrounding DNA sequence, or the
methylation levels of nearby cytosines, or other local epigenetic signals.
The prediction of methylation from the primary DNA sequence is the
most convenient because it does not require any additional data or wet
lab experiment, but it is also the most computationally challenging due
to complex sequence-context dependencies and long-range interactions
across the genome.

To address the need to impute the methylation levels for the cytosines
with low sequencing coverage, several deep learning methods have
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been proposed in the literature to predict the methylation status from
the sequence or the methylation levels of nearby cytosines [7], [8], [9],
[10]. These methods include (i) CpGenie, which is a classifier based on
a convolutional neural network (CNN) [11], (i1) DeepCpG, which uses a
CNN and recurrent neural network [12], (iii) AMPS, which is another
CNN-based classifier oriented to predict methylation in plants [13],
(iv) scGPT, which is a model based on transformers and trained on
single-cell data [14], (v) iDNA-ABF, which uses a bidirectional trans-
former (BERT) [15], [16], [17], and (vi) BERT-5mC, which also uses
a BERT architecture [18]. Transformer-based methods have also been
employed for predicting RNA methylation from sequence data [19].
We should note that, with the exception of AMPS, all of these DNA
methylation prediction methods have focused on CG methylation in
humans or other vertebrates. To the best of our knowledge, only AMPS
can predict methylation in all CG, CHG, and CHH contexts, for the
benefit of non-vertebrate species like plants. Based on the results in
these studies, transformer-based models appear to produce the most
accurate predictions from the DNA sequence, which we attribute to their
powerful self-attention mechanisms. However, the attention mechanism
relies on computing the relationship between every pair of tokens in
a sequence; thus it incurs quadratic time complexity with respect to
sequence length during both training and evaluation, making it ineffi-
cient for long DNA sequences [20], [21]. Since methylation potentially
involves interactions across thousands of base pairs, there is a need
for models that can efficiently capture long-range dependencies with-
out excessive computational overhead [22], [23]. State-space models
(SSMs), traditionally used for time series modeling, have recently been
explored as an alternative to transformers for sequence-based tasks [24].
Unlike transformers, which use attention to explicitly model interac-
tions between all sequence positions, SSMs use state representations to
propagate information through structured recurrence. As shown by the
Structured State Space sequence model and Hungry Hungry Hippos,
it is possible to achieve competitive performance compared to trans-
formers while demanding lower computation and memory costs [25],
[26]. HyenaDNA adapts the SSM-based Hyena architecture to achieve
subquadratic complexity in genomic sequence modeling [27], [28].
HyenaDNA employs long convolutions and data-controlled gating
mechanisms to implicitly capture long-range dependencies as a replace-
ment for the more computationally expensive attention mechanism of
transformers. This architecture is particularly beneficial for genomic
tasks, where regulatory elements can influence gene expression over
thousands of base pairs. By leveraging memory-efficient computation
over long context lengths, HyenaDNA has shown strong performance in
long-range predictive tasks, e.g., chromatin profile prediction, species
classification, among others.

In this work, we focus our attention on plant genomes due to
their more diverse type of methylation contexts compared to mam-
malian genomes [29], [30]. Since plants have significantly more
non-CG methylation than mammals, predictive methods trained on
plants are more general compared to methods trained only on mam-
malian genomes. For the same reason, we used AMPS [13] as our
performance benchmark because it has demonstrated strong predictive
performance across all CG, CHG, and CHH contexts.
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In this study, we investigate for the first time the performance of
HyenaDNA in predicting DNA methylation from the primary DNA
sequence, taking advantage of its ability to model long-range genomic
interactions while maintaining computational scalability. We train the
Hyena architecture using the DNA sequence surrounding methylated
and unmethylated cytosines in six plant species. As it was done in
AMPS, we predict cytosine methylation in all contexts, i.e., CG, CHG,
and CHH. However, our architecture uses the DNA sequence exclu-
sively, while AMPS also takes advantage of genomic annotations. We
investigate the performance of three model sizes for HyenaDNA by
pretraining the HyenaDNA framework on the genomes of the six plant
species. Finally, we compare the predictive accuracy of HyenaDNA
against other published methods, and we also examine the performance
when predicting methylation across contexts and across species. The
ability of HyenaDNA to “transfer” predictive knowledge from one
species to another would be very valuable, because obtaining high-
quality methylation data for a new species through bisulfite sequencing
is laborious and expensive.

II. PROBLEM FORMULATION

Let a genome be represented as a sequence G over the alphabet
{A,C,G,T}. Given a cytosine site ¢ € G, we denote by S(c) the
subsequence of length L centered at c. We define M (c) € {0, 1} as the
methylation state of cytosine ¢, where M (¢) = 1if ¢ is methylated, and
M (c) = 0 otherwise. The problem can thus be expressed as predicting
the mapping f : S(¢) — M (c). In other words, the objective is to
design a system which predicts the methylation state of a cytosine given
the DNA sequence in the window containing the selected cytosine at
its center.

III. METHODS

Our approach follows a two-stage framework of pre-training and
fine-tuning using HyenaDNA. The pre-training input consists of ge-
nomic DNA sequences. During pre-training, we train a HyenaDNA
backbone of two Hyena layers using a masked language modeling
objective. In the fine-tuning stage, we pair the genomic DNA sequences
surrounding cytosines with binary methylation labels for CG, CHG,
or CHH contexts as inputs and use a decoder layer connected to the
backbone to perform the binary classification of the methylation status.
We use balanced sampling of methylated and unmethylated sites and
an 80:10:10 train/validation/test split.

Since the original HyenaDNA foundation model was trained on the
human genome, we retrained our instances of HyenaDNA from scratch,
and then fine-tuned them for the methylation prediction task. Our
HyenaDNA models were trained on the genomes of tomato (Solanum
lycopersicum), thale cress (Arabidopsis thaliana), rice (Oryza sativa),
cowpea (Vigna unguiculata), cacumber (Cucumis sativus), and com-
mon liverwort (Marchantia polymorpha).

For each species, we tested three model sizes for HyenaDNA, namely
128k, 436k, and 940 k parameters. These model sizes correspond to two
Hyena layers with a width of 64, 128, and 192, respectively (as shown
in Table I). The original HyenaDNA study describes experiments using
up to eight Hyena layers, but we chose a smaller depth for our models
due to the relatively small context range used for our tasks.

For the training dataset, we fragmented the genomes into sequences
of 6,400 bp, twice the length that would be used for the downstream
classification task, to ensure that the models are provided adequate
contextual information. We used a single nucleotide tokenizer (where
each nucleotide A, T, C, G is treated as a discrete token, along with
special tokens for sequence boundaries and padding) as this approach
performed best on the classification tasks in [27], [28].
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TABLE I
HYPERPARAMETERS OF HYENADNA

HyenaDNA-128k HyenaDNA-436k HyenaDNA-940k

Model size 128k 436k 940k
Model width 64 128 192
Decoder head size 130 258 386
Architecture Two Hyena layers + MLP decoder layer
Optimizer AdamW
Batch size 128
Tokenization single nucleotide
Predicted
Methylation Status
VO TANN
o | Decoder C%{ (% %) T
-]
S Add
5|, |
S| & [ e 3 MLP
e 2 75 ©
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> | ®
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Fig. 1. The HyenaDNA model structure; two Hyena layers constitute the ar-
chitecture backbone (pre-training); a downstream decoder layer is used for clas-
sification (fine-tuning); input sequences are processed using a single-nucleotide
tokenizer; the right side shows the components of the Hyena layer: the Hyena
operator combines long convolutions with element-wise gating, and the long
convolutions are implicitly parameterized by an MLP [27].

For the downstream task, we fine-tuned the base species-specific
models to predict the methylation status in the contexts of CG, CHG,
and CHH. We first extracted genomic sequences of length 3,200 bp
around each methylated/unmethylated cytosine for the selected context
(1,600 bp upstream and 1,600 bp downstream of the cytosine site).
The window size of 3,200 bp was chosen because it was shown to
be optimal in [13]. A linear classifier downstream of the HyenaDNA
model was trained via supervised learning on the sequence dataset and
their associated methylation labels. The architecture of our classifier is
illustrated in Fig. 1. We applied global average pooling over all sequence
positions before passing the output to the decoder classification layer, as
opposed to using the last token embedding. In both the pre-training and
fine-tuning steps, we applied dropout with a probability of 0.1 to help
mitigate overfitting and increase robustness against unseen sequences.
In total, we produced 54 fine-tuned HyenaDNA models (6 species x 3
model sizes x 3 contexts).

Each dataset was curated to maintain an equal 50:50 ratio of
methylated to unmethylated cytosines, with a total size of 500,000
samples for each dataset. The size of the dataset was chosen to be
consistent with [13]. We extracted 250,000 DNA windows (3,200 bp
long) centered at a methylated cytosine in the genome and 250,000
DNA windows (3,200 bp long) centered at an unmethylated cytosine
in the genome. If the number of methylated cytosines or the number
of unmethylated cytosines was lower than 250,000, we took an equal
number of samples from both classes. The data was split into an
80:10:10 ratio for the purposes of training, validation, and testing. We
trained our models with a batch size of 128. Detailed statistics for each
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Fig. 2. Context and species-specific accuracy comparisons between HyenaDNA and AMPS (sequence-only and sequence+annotation). In 15 contexts/species

combinations out of 18 (83.4%), HyenaDNA models (irrespective of their sizes) outperformed AMPS with and without annotations.

TABLE I
PLANT GENOMES USED IN THIS STUDY

Common name Accession number

Tomato GCA_000188115.4
(Solanum lycopersicum) (SL3.1)

Thale cress GCA_000001735.2
(Arabidopsis thaliana) (TAIR10.1)

Rice GCA_001433935.1
(Oryza sativa) (IRGSP-1.0)
Cowpea GCA_004118075.2
(Vigna unguiculata) (ASM411807v2)
Cucumber GCA_000004075.3
(Cucumis sativus) (Cucumber_9930_V3)
Liverwort GCA_003032435.1

(Marchantia polymorpha) — (Marchanta_polymorpha_vl)

dataset are shown in Supplemental Table I. We trained using an adaptive
learning rate schedule, with performance monitored on cross-entropy
validation loss for early stopping with a patience of three epochs. We set
amaximum limit of 100 epochs for both the pre-training and fine-tuning
steps. For the largest models (HyenaDNA-940 k) we used gradient
checkpointing during training to reduce memory usage.

IV. EXPERIMENTAL RESULTS

We collected experimental results on three classification problems,
namely (i) species and context-specific prediction, where the test data
matches the species and context of the trained model, (ii) cross-context
prediction, where the test data matches the species of, but differs in
context from the trained model, (iii) cross-species prediction, where the
test data is of a different species, but from the same context as the trained
model. The experiments were performed for the six species listed in
Table II, and for the CG, CHG, and CHH contexts. We compared our
experimental results with [13]. We did not compare any other published
method, because in [13] it was shown that AMPS outperformed iDNA-
ABF [17], MRCNN [31], CpGenie [11], and SMEP [32]. We compared

our HyenaDNA architecture against AMPS without annotations (i.e.,
sequence only) and against AMPS with annotations.

A. Species and Context-Specific Performance

We first evaluated each of our fine-tuned HyenaDNA models on
the test data set matching both the species and context on which the
models were trained. Fig. 2 shows that our HyenaDNA models (ir-
respective of their sizes) outperformed both sequence-only AMPS and
sequence+annotation AMPS in 15 contexts/species combinations out of
18 (83.4%). The highest improvement over AMPS with annotations was
achieved by HyenaDNA-940 k on the rice genome for the CG context,
with an accuracy increase of 10.5%. The highest accuracy was obtained
on the marchantia data set (CG context) by the HyenaDNA-940 k model
with an accuracy of 97.7%. We observed that, in general, HyenaDNA
models with a higher number of parameters yielded higher accuracies in
most cases. In 17 contexts/species combinations out of 18, HyenaDNA-
436 k performed better than HyenaDNA-128 k. In 12 contexts/species
combinations out of 18, HyenaDNA-940 k performed better than
HyenaDNA-436 k. There were a few cases in which the HyenaDNA
models yielded a lower accuracy compared to AMPS, namely tomato
(CHG and CHH context), and cowpea (CHH context). In the CHG con-
text for tomato, HyenaDNA-436 k performed similarly to AMPS with
annotations, while HyenaDNA-128 k performed marginally better and
HyenaDNA-940 k performed worse. In the context of CHH in tomato
and CHH in cowpea, both AMPS models outperformed HyenaDNA
by a significant margin. In terms of precision and recall, we observed
a similar performance by HyenaDNA in these contexts as shown in
Supplemental Figs. 2 and 3. We do not have a good explanation for
the lower predictive performance of HyenaDNA in these three specific
cases.

B. Cross-Context Performance

For the cross-context problem, we tested our fine-tuned HyenaDNA
models on data from the same species but in different contexts. In total,
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Cross-context testing accuracy comparisons between HyenaDNA and AMPS. HyenaDNA shows consistent improvement in accuracy scores over AMPS,

especially in cross-context cases between CG and CHG, with the 940 k model outperforming both classes of AMPS in 12 of 12 such cases (100%).

we evaluate 36 cross-context cases (two test contexts for each of three
training contexts across six species). The test accuracy is shown in
Fig. 3. We observed that the HyenaDNA-940 k models outperformed
AMPS with annotations in 23 out of 36 cases (64%) and AMPS without
annotations in 35 out of 36 cases (97%). The accuracy improvements of
HyenaDNA were particularly consistent in cross-context cases between
CG and CHG, where the HyenaDNA-940 k models outperformed both
AMPS classifiers in 12 out of 12 cases (100%). The improvement
of HyenaDNA models for the CHH context was less consistent. In
particular, the cross-context accuracy for the CHH context in rice for
all HyenaDNA models was lower than AMPS with annotations. Among
the HyenaDNA models, the large models achieved the highest accuracy
in 16 out of 36 cases (44%), the medium models in 13 out of 36 cases
(36%), and the small models in 7 out of 36 cases (19%).

C. Cross-Species Performance

To investigate the ability of HyenaDNA to predict methylation across
species, we evaluated our fine-tuned models on test datasets of the same
context but in different species. We measured the accuracy across 90
cross-species cases (five test species, six training species across three
contexts). Fig. 4 shows that the performance of HyenaDNA on this
problem was somewhat inconsistent. For instance, HyenaDNA-128 k
trained on the rice CHG context and tested on the cowpea CHG context
yielded 82.0% accuracy; however, the same model trained on the
marchantia CHH context and tested on the tomato CHH only achieved
48.8% accuracy. Surprisingly, some of these results were asymmetrical;
for instance, HyenaDNA-128 k trained on the tomato CHH context
and tested on the marchantia CHH context set yielded a much higher
accuracy of 62.8%. We observed that (i) the HyenaDNA-128 k models
outperformed AMPS with annotations in only 15 of 90 cases (17%), (ii)
the HyenaDNA-436 k models outperformed AMPS with annotations
in 11 of 90 cases (12%), and (iii) the HyenaDNA-940 k models outper-
formed AMPS with annotations in 12 of 90 cases (13%). Compared to
AMPS without annotations, we observed an improved performance in
68 of 90 cases (76%) for the HyenaDNA-128 k models, 75 of 90 cases
(83%) tfor the HyenaDNA-436 k models, and 75 of 90 (83%) for the
HyenaDNA-940 k models.

D. Runtime Analysis

To determine the runtime advantage of Hyena with respect to a
transformer-based model, we carried out an additional set of exper-
iments. First, we collected the runtime of HyenaDNA-436 k for the
inference of the methylation status on the cucumber genome (CG con-
text) over various input sequences, ranging from 1,600 bp to 12,800 bp.
Then, we ran another inference over the same inputs using a fine-tuned
DNABERT-2 architecture. Both models were fine-tuned with input
samples of 3,200 bp. Fig. 5 shows that HyenaDNA scales significantly
better than the DNABERT-2. When the input was 1,600 bp, HyenaDNA
was 7.2x faster than DNABERT-2. At 3,200 bp, HyenaDNA was
9.0x faster. At 12,800 bp, HyenaDNA was 17.5x faster. To complete
this analysis, Supplemental Fig. 6 shows the predictive accuracy of
DNABERT-2 and HyenaDNA on this data set. Observe that the predic-
tive accuracy in both models peaks with inputs of 3-4 thousand base
pairs, which is expected since both models were fine-tuned on 3,200 bp
long sequences.

E. Hyperparameter Analysis

Here we investigated the effects of some important hyper-parameters
on the performance of HyenaDNA, namely (a) residual dropout, (b)
training set size, and (c) window size.

To evaluate the effects of changes to the residual dropout, we chose
the HyenaDNA-436 k model pre-trained on the cucumber genome,
and fine-tuned using a residual dropout of 0.1, in addition to the 0.1
embedding dropout used in the previous experiments. Supplemental
Fig. 1 shows that in all cases there is a small drop in predictive accuracy
when a residual dropout is incorporated.

To test the effects of changes to the training set size, we used the
HyenaDNA-436 k model pre-trained on the cucumber genome, and
we fine-tuned using samples of 25%, 50%, 75%, and 100% of the
original training set. As expected, Supplemental Fig. 4 shows a positive
correlation between HyenaDNA’s accuracy and the training data set size
across all contexts on the cucumber genome.

To investigate the effect of using a longer input window, we fine-
tuned HyenaDNA-436 k on all contexts and species using a 6,400 bp
window size (double the size of the default window used in all previous
experiments). Supplemental Fig. 5 shows that the 6,400 bp models
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performed worse than the 3,200 bp HyenaDNA models in 17 out of
18 cases, with the only exception of marchantia CHH (which shows a
minimal improvement).

V. DISCUSSION

Our experimental results showed that the Hyena architecture was
very accurate in predicting the methylation status in plants using
exclusively the primary DNA sequence. Our Hyena-based models
demonstrated significant accuracy improvements compared to the
sequence-only AMPS classifiers for species/context-specific and cross-
context problems. In some cases, we observed that larger Hyena-based

B HyenaDNA-940k

mmm AMPS w/o annotations W AMPS with annotations

Cross-species testing accuracy comparisons between HyenaDNA and AMPS. HyenaDNA-940 k outperforms AMPS without annotations in a majority

models achieved a lower accuracy compared to smaller models, indi-
cating possible issues with overfitting. An example of this behavior
is the species/context-specific case for tomato in the CHG context,
where the experimental results indicate that the optimal model size
may be 128 k or even lower. The large gap in prediction accuracy
between AMPS without annotations and AMPS with annotations for
this particular context suggests that the methylation state of a cyto-
sine strongly depends on its genomic localization (i.e., within a gene
or a repeat), which our HyenaDNA models do not use. We have
considered the possibility that smaller training set sizes in certain
contexts (i.e., fewer than 500,000 samples) may have contributed to
differences in the classifier’s performance. However, we did not find
a correlation between training set size and performance across our
experiments. In cross-species situations, HyenaDNA performed on
par with AMPS without annotations, but frequently underperformed
compared to AMPS with annotations. This suggests that gene and repeat
annotations could be key to accurately predicting methylation across
different species. In cross-context situations, we found that HyenaDNA
performed better than AMPS, even with annotations, in most cases.
Our findings support the observation reported in [13] that cross-context
predictions between CG and CHG overall yield good accuracies,
while this is not the case with cross-context predictions involving
CHH.

While our study demonstrates the effectiveness of HyenaDNA for
DNA methylation prediction, we acknowledge our method’s perfor-
mance is limited in cross-species contexts. This suggests that in general,
models trained on one plant species do not readily transfer to others, and
new species will likely require retraining with their own methylation
data. However, we hypothesize that species which are evolutionarily
closely related and share a high-level of sequence similarity may
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show methylation patterns similar enough to the extent that retrain-
ing would not be necessary. Additionally, several questions remain
open for further exploration. A primary concern about deep learning
models is their black-box nature, which makes it difficult to explain
the reasons behind the predictions of these models [33], [34]. In this
study, understanding the workings of the models can provide deeper
insights into the regulatory mechanisms that control DNA methylation
in the cell. Therefore, priority should be given to the interpretability
analysis of the HyenaDNA models, focusing on understanding the
features and sequence motifs that contribute most to their predic-
tions. To interpret the weights of the CNN-based AMPS classifiers,
the authors used Grad-CAM [35] to identify motifs within the input
sequence that are most informative with respect to the classification of
methylation status. To the best of our knowledge, there are no equivalent
tools for HyenaDNA architectures. Future work should involve the
analysis of the weights of the HyenaDNA models and study their layer
activations. Otherwise, model-agnostic approaches to interpretability
analysis, such as SHAP [36] and LIME [37], could be used for this
purpose.

The authors of AMPS have shown that incorporating gene and
repeat annotations significantly increased the prediction accuracy. It
is possible that adding gene and repeat annotations could increase the
overall performance of HyenaDNA as well. Possible improvements in
performance could be achieved by carrying out additional experiments
on the hyperparameters and/or the training datasets. For instance, it
could be worth investigating the effect of other sequence window
sizes on the performance of the HyenaDNA classifier. This could help
determine whether local sequence motifs or long-range interactions
are more relevant for specific methylation contexts. It may also be
interesting to explore the effects of pretraining on all six plant species,
to test the possibility of creating a single foundational model. Along
these lines, the recent Evo foundation model, trained on millions of
prokaryotic and phage genomes, demonstrated impressive performance
in predictive and generative tasks [38], [39]. We believe that further
studies on HyenaDNA may pave the way for similar results on plant
species as well.
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