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Generating and decoding methylated DNA with a Human Epigenetic Foundation
Model

Anonymous Authors1

Abstract
Gene expression in humans is regulated beyond
the four-letter genetic code; cytosine methylation
programs cell identity and regulates expression
in response to environmental cues. We present
Pleiades, a series of whole-epigenome foundation
models (90M/600M/7B) trained on 1.9T tokens
of methylated and unmethylated human DNA, es-
tablishing a new paradigm beyond the modeling
of pure DNA sequences. Pleiades achieves state-
of-the-art performance compared to leading DNA
foundation models on human genomic annotation
tasks, such as predicting histone modifications
and gene regulatory elements; notably, we find
that scaling model size yields consistent gains
across all tasks, with the 7B model outperform-
ing both smaller variants and DNA-only baselines.
Finally, we show that Pleiades supports a num-
ber of cell-free DNA (cfDNA) tasks, opening the
door to a new era of direct clinical application of
biological foundation models via cfDNA.

1. Introduction
The application of artificial intelligence and advanced lan-
guage modeling to the life sciences have in recent years
established a new era for the discovery of biological knowl-
edge, promising diagnostics and therapeutics across a range
of complex human diseases (Jumper et al., 2021; Ji et al.,
2021; Zhou, Zhihan et al., 2023; Žiga Avsec et al., 2021;
Cui et al., 2024). Many such models effectively capture the
underlying statistics of DNA patterns by focusing on the
human genome, (Dalla-Torre et al., 2024; Ji et al., 2021;
de Lima Camillo et al., 2024; Ying et al., 2024; Nguyen
et al., 2024; Brixi et al., 2025), but have thus far neglected
the epigenome; the set of dynamic chemical changes to the
genetic code critical for organismal development, cellular
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fate, and both the onset and progression of multiple diseases
(Holliday & Pugh, 1975; Ferguson-Smith et al., 1991; Con-
sortium et al., 2015; Wang et al., 2015; Flavahan et al., 2017;
Farh et al., 2015).

DNA methylation is a critical class of epigenetic alterations
(Vanyushin et al., 1970; Schübeler, 2015) that has enabled
cancer diagnostics and revealed mechanisms of age-related
disease (Wan et al., 2017; Dai et al., 2024). In recent years,
these advances have been extended through cell-free DNA
(cfDNA), short fragments of DNA that circulate in biofluids
including plasma and cerebrospinal fluid(Wan et al., 2025;
2017); crucially, the methylation status of cfDNA reflects
cellular origin, as well as disease-associated changes(Loyfer
et al., 2023; Wan et al., 2025) allowing the early detection of
cancers, monitoring of treatment response, and the discovery
of novel biology for therapeutic application (Wan et al.,
2025; Baca et al., 2023; Alexandra Bartolomucci et al.,
2025).

Here, we showcase Pleiades, a series of foundation models
for the human epigenome trained on a unique data corpus
integrating genomic sequence with cytosine methylation in-
formation(Loyfer et al., 2023; Caggiano et al., 2021; Byrska-
Bishop et al., 2022). Our main results are as follows:

• We demonstrate state-of-the-art performance on human
genomic annotation tasks, outperforming leading ge-
nomic foundation models including Nucleotide Trans-
former (Dalla-Torre et al., 2024)) and DNABERT-2
(Zhou, Zhihan et al., 2023).

• We show that Pleiades can accurately generate cfDNA
fragments and predict cellular tissue of origin from
plasma cfDNA, enabling the enrichment of patient
samples with implications for diagnostics across novel
disease categories (Pollard et al., 2023).

2. The Pleiades Model Series
2.1. Base model design and tokenization

Model design. Pleiades is an autoregressive language model
based on the generative pretrained transformer architecture
(Brown, 2020). We use squared ReLU activations (So et al.,
2021) in the feed-forward (MLP) blocks. Relative token or-
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Figure 1. Epigenomic Foundation modeling with Pleiades (a) Epigenetic regulation. DNA and histone modifications modulate the
accessibility, transcription, and downstream expression of DNA, without altering base sequence. Cell type–specific profiles encode
high-resolution regulatory signals. (b) Pretraining. Pleiades is pretrained on 1.9T tokens, including whole-genome methylated DNA
sequences from 39 different cell types, methylated cfDNA, and DNA haplotypes representative of human genome diversity. (c) Model
architecture and tasks. Pleiades supports cfDNA generation, sequence classification such as Cell-Type-of-Origin and genomic track
prediction. The model takes in token-level inputs (sequence, methylation, position, alignment), which are processed by a transformer
decoder to produce per-token and sequence embeddings. Emb refers to embedding.

der is represented with rotary positional embeddings (RoPE)
(Su et al., 2024). Full architecture details can be found in
Appendix Section A.1.

Tokenization. We use character-level tokenization, repre-
senting each nucleotide as a single token (A, C, T, G) and
methylation with a dedicated token (<m>). During pre-
training, sequences from different sources are distinguished
with special delimiter tokens: <dna> for nucleotide-only
sequences, <mdna> for sequences containing methylation
markers, and <cfdna> for cfDNA fragments. If the cell
type of origin is known, a <cell type> token is used
followed by the name of the cell type and the closing token
</cell type>.

2.2. Alignment Embeddings

Accurate epigenomic modeling requires precise represen-
tation of genomic context, including long-range regulatory
interactions (Chang, 2009). We introduce Alignment Em-
beddings (AEs), a novel architectural component to en-
code absolute genomic coordinates in Pleiades’ token rep-
resentations, enabling the model to distinguish biologically

meaningful differences between reads without requiring
prohibitively long transformer context windows.

Position encoding. For each nucleotide in a read, we en-
code its genomic coordinate based chromosome index c and
within-chromosome position p. We encode chromosomes
as c ∈ {1, . . . , 25}, where chromosomes X, Y, and the mi-
tochondrial chromosome are represented as 23, 24 and 25.
We decompose p into three components capturing millions,
thousands, and ones:

pm =
⌊

p
106

⌋
, pk =

⌊
p

103

⌋
mod 103,

pu = p mod 103.
(1)

This yields a 4-tuple (c, pm, pk, pu) for every nucleotide.

Learned embeddings. Each coordinate component is em-
bedded via its own learned lookup table, all producing vec-
tors in Rd. For a nucleotide with genomic coordinate tuple
(c, pm, pk, pu), we define the Alignment Embedding as the
sum of the component embeddings:
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eAE(c, pm, pk, pu) = Echr(c) + Em(pm)

+ Ek(pk) + Eu(pu) ∈ Rd,
(2)

where Echr : {1, . . . , 25}→Rd, Em : {0, . . . , 249}→Rd,
and Ek, Eu : {0, . . . , 999}→Rd. All embedding tables are
trained jointly with the model and produced for all bases in
the input (Fig. 1d).

Comparison to prior work. In contrast to positional
schemes such as CpGPT (de Lima Camillo et al., 2024)
that provide location only at CpG sites (∼ 30M loci in
GRCh38), AEs encode absolute chromosome and single-
base position for all nucleotides across the genome (∼ 3.1B
positions).

2.3. Pretraining

Pleiades is pretrained on a large corpus of high-quality se-
quence data from a variety of human cell types and samples.
We curated a corpus of methylation and genomic data in
order to maintain homogeneous sample quality composed
of (see Appendix A.1 for processing details):

1. The methylation atlas of normal human cell types:
whole-genome bisulfite sequencing (WGBS) of 39 cell-
type groups obtained via fluorescence-activated cell
sorting from 205 tissue samples across 137 healthy
donors (Loyfer et al., 2023).

2. Plasma-derived cfDNA: WGBS and enzymatic methy-
lation sequencing of plasma-derived cfDNA from 20
healthy individuals, combining in-house data with
Caggiano et al. (2021).

3. Human genome diversity: a genome graph represen-
tative of the 1000 Genomes Project (Byrska-Bishop
et al., 2022).

3. DNA Sequence Classification Benchmarks
3.1. Experimental Setup

We evaluate Pleiades on the Nucleotide Transformer (NT)
genomic classification benchmarks (Dalla-Torre et al.,
2024), which span promoter, enhancer, splice-site, and his-
tone modification prediction tasks (Fig. 2a).

We identified a strong positional bias within the original
dataset: negative sequences consistently started from ge-
nomic positions divisible by 1,000 (Appendix Fig. A.1). To
address this, we introduced a randomized jitter in the range
[−500, 499] to the start positions of negative sequences,
yielding what we refer to as the Unbiased Nucleotide Trans-
former Benchmark; Supplementary Section A.2).

We compare Pleiades (90M, 600M, 7B) to NT MS 2.5B
(Dalla-Torre et al., 2024) and DNA-BERT2 (Zhou, Zhihan
et al., 2023), fine-tuning each model for five epochs on the
unbiased benchmark. To mitigate potential distribution shift
effects between the predominantly methylomic pretrain-
ing data for Pleiades and this purely genomic fine-tuning
dataset, the 90M and 600M models additionally underwent
one epoch of fine-tuning on the DNA subset of pretraining
data. Pleiades 7B did not undergo any additional fine-tuning.

When fine-tuning the Pleiades models, we append a [CLS]
token to each input sequence and feed its final hidden state to
a two-layer MLP with a ReLU nonlinearity. The first layer
maps dmodel→dmodel, and the second projects to the number
of task labels. Full hyperparameters, compute details, and
baseline settings are provided in Appendix A.2.

3.2. Results

Across tasks, Pleiades achieves the strongest performance
as measured by Matthews correlation coefficient (MCC)
(Fig. 2b). Pleiades 7B attains the highest MCC in 15/18
tasks (macro-average MCC 0.98), while the 90M and 600M
models outperform baselines on most tasks (macro-average
MCC 0.76 and 0.77), compared with DNA-BERT2 (MCC
0.63) and NT MS 2.5B (MCC 0.67). Full results are pro-
vided in Table A.3. Gains are particularly pronounced
on histone modification prediction (Fig. 2c): Pleiades
90M exceeds NT MS 2.5B despite having 27× fewer pa-
rameters, consistent with known coupling between DNA
methylation and histone modification (Cyrus Martin, 2005;
Howard Cedar, 2009).

Finally, we assessed few-shot learning capabilities. On the
H3K27ac histone modification task, Pleiades 7B reaches
near-perfect MCC (0.9925) with only 152 examples. Other
models achieve lower MCC even after training on the full
dataset of approximately 30, 000 samples for 2 epochs (Fig.
2e).
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Figure 2. Pleiades Performance Evaluation on Unbiased Nucleotide Transformer Benchmarks (a) Schematic breakdown of
Nucleotide Transformer benchmark tasks. (b) Overall performance of all models in terms of Matthews Correlation Coefficient (MCC). (c)
MCC performance on histone modification tasks. (d) MCC performance on gene regulatory elements, including Enhancers, Promoters
and Splice Sites. (e) Few-shot learning capability on an example NT Benchmark (H3K27ac). For Pleiades 7B, MCC of 0.9925 was
achieved after training with 152 sequences.

4. Epigenomic Sequence Generation
4.1. Experimental Setup

Next, we explored the generative capabilities of Pleiades.
We focused on cfDNA, and specifically assessed the feasi-
bility of generating in silico biological data using held-out
cfDNA samples in silico. We use biosamples from the pre-
training test split (Caggiano et al., 2021), prepared with
WGBS and sequenced to 30–50× depth. For each bio-
sample, we designate 10% of fragments as a seed set for
prompt construction and score generations against the re-
maining 90% fragments as ground truth. Analyses focus on
68 repeat-masked, high-coverage 1 kb regions.

Generation is conditioned on region-matched prompts: each
prompt includes 5 observed seed fragments from a shared
1 kb window, followed by the cfDNA start token <cfdna>
and a three-nucleotide prefix of a non-overlapping target
fragment from the same window. We decode with top-k
sampling (k = 2) at temperature T = 0.7, terminating upon
emitting the cfDNA end token </cfdna> or reaching the
remaining context budget c − length(p), where c = 1024

is the model context length and p is the prompt.

We quantify generation quality at three resolutions: (i)
nucleotide fidelity via per-position accuracy and relative
longest common subsequence (LCS) (Fig. 3a,b); (ii) methy-
lome concordance via context-specific (CpG/CHG/CHH)
methylation ratios and binned methylation correlation
(Fig. 3c,d); and (iii) fragmentomics via insert-length distri-
butions and periodicity (Fig. 3e). For baseline comparison,
we include Evo 2 7B, a DNA-only language model trained
on multi-species genomic sequences (Brixi et al., 2025).

4.2. Results

At nucleotide resolution, scaling markedly improved fidelity.
Pleiades 7B achieved 97% accuracy at the first nucleotide
and 73% at base 150 (mean 83%); Pleiades 600M declined
from 40% to 19% (mean 25%) and Evo 2 7B remained
comparatively flat (mean 42%) (Fig. 3a). LCS analysis was
consistent: Pleiades 7B reproduced on average 85% of each
150-nt window contiguously (median relative LCS 0.98),
while Pleiades 600M and Evo 2 7B achieved only 0.07 and
0.08 on average (≈11–12 nt), respectively (Fig. 3b).
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Figure 3. In silico cfDNA Generation with Pleiades (a) Position-wise nucleotide accuracy of the generated fragment. (b) Longest
common subsequence length between generated and true fragments, expressed relative to the ground-truth length. (c) Cytosine-context
distribution of methylated sites. (d) Pearson correlation of 1kb-binned methylation ratios between generated and true samples. (e) Insert
size distribution of generated fragments for Pleiades 7B.

We next assessed the concordance of methylation across
CpG, CHG, and CHH cytosine contexts1 (Fig. 3c,d). In
the ground truth set, methylation was predominantly CpG
(91%), with smaller contributions from CHH (7%) and
CHG (2%). Methylation–context ratio analysis shows
that Evo 2 7B under-represented CpG contexts by 24.1%
while over-generating CHH by 24.8%, indicating a bias to-
wards non-canonical methylation sites. In contrast, Pleiades
600M reduced these errors to +8.2% (CpG) and −6.6%
(CHH) and Pleiades 7B further to +4.0% (CpG) and −3.1%
(CHH); CHG deviations remained below 1.6% for all mod-
els (Fig. 3d).

Pleiades 7B achieved the strongest correlation with ground
truth methylation (Pearson r = 0.91 for CpG), compared
with 0.64 for Pleiades 600M and 0.37 for Evo 2 7B (Fig. 3d).
Non-CpG correlations were lower overall, but Pleiades 7B
remained best for both CHH (0.27 vs. 0.09 and −0.04) and
CHG (0.33 vs. −0.11 and 0.02). Together, these results in-
dicate that scale and methylation-focused pretraining reduce
context-distribution biases and improve methylation recall.

1Methylation can occur across three genomic contexts: CpG,
CHG, and CHH. While the vast majority of methylation in the hu-
man genome occurs at CpG sites, non-CpG methylation is critical
especially for brain biology and brain disease (Jeong et al., 2021;
Shireby et al., 2022; Lister et al., 2013; Tian et al., 2023).

In silico generated fragments were plotted by insert size
(Fig. 3e). The insert size distribution retained nucleosome-
associated periodicity with a modest right-shift (mode 154 nt
in ground truth vs. 163 nt generated; ∆ = +9 nt, +5.8%).
Rotational phasing, measured as the spacing between suc-
cessive mini-peaks, was largely preserved (8.9± 0.3 nt in
silico vs. 7.8±0.2 nt empirically). Notably, these chromatin
signatures emerged de novo without explicit length targets
or nucleosome annotations, suggesting base-resolution pre-
training can recover higher-order organization.

Overall, scaling from 600M to 7B increased mean per-
nucleotide accuracy from 25% to 83%, relative LCS from
0.07 to 0.85, and CpG methylation correlation from 0.64 to
0.91, while preserving nucleosome-driven fragment length
structure. Despite matching the 7B parameter budget, the
DNA-only baseline underperformed across all metrics.

5. Cell Type-of-Origin (CToO)
5.1. Experimental Setup

Cell Type-of-Origin (CToO) refers to the cell type from
which a cfDNA fragment originates. As plasma cfDNA is
a mixture of fragments from many tissues, accurate CToO
assignment is essential for tissue-specific assessment of
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Figure 4. Cell Type-of-Origin (CToO). (a) An overview of CToO and downstream tasks. (b) Macro F1 scores on in-distribution and
external out-of distribution (OOD) dataset. In-distribution contains 39 cell types and OOD contains 6 cell types. Bars represent means;
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Bars present the mean Jensen-Shannon divergence score between true cell type ratio and estimated ratios; error bars indicate the standard
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physiological state and enables early diagnosis, disease monitoring, and targeted intervention (Loyfer et al., 2023;
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Liu et al., 2020). Most existing deconvolution methods in-
fer only aggregate, sample-level proportions (Loyfer et al.,
2023; Caggiano et al., 2021); here, we define the CToO
task as predicting the source cell type of individual cfDNA
fragments (Fig. 4a).

Training data are derived from the DNA methylation atlas
(Loyfer et al., 2023), with DMRs computed on the training
split to prevent information leakage. We evaluate a fragment-
level CToO classifier using progressively larger panels of
Differentially Methylated Regions (DMRs) (Hansen et al.,
2012): (i) the published Top-25 marker regions from the
tissue methylation atlas (Loyfer et al., 2023), and (ii) Top-
100 and (iii) Top-1000 marker panels discovered from our
training cohort (Fig. 4b). We additionally evaluate gener-
alization on an independent out-of-distribution dataset (Do
et al., 2020), restricting analysis to healthy samples and
fragments overlapping the predefined marker panels.

We fine-tune Pleiades to classify fragments overlapping
these marker panels. Because fragments within a marker
region are typically dominated by non-target cell types, train-
ing is strongly class-imbalanced. To stabilize training and
encourage separable representations, we combine standard
supervised classification with a contrastive objective that
clusters scarce positives and repels non-target fragments
using a contrastive loss incorporating mean-based terms and
hard negative mining (Robinson et al., 2020; Chen et al.,
2020). Full training and dataset details are provided in
Appendix A.3.

5.2. Results

Across panel sizes, Pleiades 90M and 600M achieve higher
macro F1 than a tuned random forest baseline (e.g., Top-25:
0.67 vs. 0.46; Fig. 4b), with the performance gap widening
as the panel expands to Top-100 and Top-1K. Stricter DMR
filtering improves precision within narrowly defined regions.
We further assessed generalization on an independent out-
of-distribution (OOD) dataset containing 6 cell types (Do
et al., 2020) (Fig. 4b).

We next explore the model’s potential for cell type enrich-
ment: selectively retaining fragments originating from a
cell-of-interest. Using the OOD dataset from earlier we
constructed an in silico admixture (Fig. 4c) and applied
predictions from the Pleiades 600M model to select DNA
fragments with the highest relative probabilities assigned to
each target cell type.

This procedure produced large increases in target cell-type
proportions within the top 1K DMR regions (Fig. 4c), includ-
ing substantial enrichment of rare components: neuronal
fractions increased from 7.37% to 58.5% and hepatocytes
from 4.0% to 73.3%. Enrichment exhibited precision–recall
tradeoff, with post-enrichment purity balanced against frag-

ment retention (Fig. A.2).

Finally, we benchmarked Pleiades against two established
deconvolution methods, UXM (Loyfer et al., 2023) and
CelFiE (Caggiano et al., 2021), which infer sample-level
cell-type proportions from aggregated cfDNA features.

Each trial randomly sampled 500,000 fragments from mix-
tures with known ground-truth ratios and was repeated 5
times with different sampling seeds. All methods require
predefined marker regions, restricting the total number of
fragments for evaluation. We quantified performance us-
ing Jensen–Shannon divergence (Sun et al., 2024); for full
comparability, UXM and Pleiades both used the published
Top-25 marker set (Loyfer et al., 2023). Pleiades achieved
performance comparable to UXM and CelFiE (Fig. 4d).
Pleiades performed best in 3/5 mixture categories and tied
with UXM in one, while UXM performed best for 4-cell-
type mixtures (Fig. 4d).

6. Discussion
Our work demonstrates that modeling both DNA and
methylation unlocks capabilities beyond DNA-only lan-
guage models. Methylation represents a critical fea-
ture of the epigenome, the dynamic set of modifications
that extensively influence cellular identity, function, and
change throughout age and disease (Vanyushin et al., 1970;
Schübeler, 2015; Dai et al., 2024). The Pleiades Series was
created to capture these changes and showcase the utility
of epigenetic pretraining across technical and biological
applications.

Pleiades was trained on a unique corpus of 1.9T tokens com-
prising human DNA and methylation sequences, including
a comprehensive atlas of the human methylome, spanning
39 cell-type groups (Loyfer et al., 2023).

The Pleiades series (90M, 600M, and 7B parameters)
achieves state-of-the-art performance on the Nucleotide
Transformer benchmark. Small Pleiades models outper-
form DNA-only models with many-fold higher in parameter
count, and Pleiades 7B achieves MCC of 0.98. Pleiades 7B
additionally demonstrated few-shot learning capabilities.

We also showcased several novel applications on cfDNA,
including generative capabilities. Pleiades models gener-
ated in silico fragments with high accuracy across methyla-
tion context and fragment size, identified cellular origins of
plasma-derived cfDNA matching state-of-the-art deconvo-
lution methods, and enriched samples for fragments from
specific cells of interest.

FUTURE WORK

Looking forward, multi-modal foundation modeling for bi-
ology offers promise to enable precision medicine and un-
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lock novel insights for complex diseases. Pleiades is a first
step to jointly modeling DNA and methylation in a uni-
fied, general-purpose foundation model. In future work,
we believe expanding Pleiades to additional epigenomic
modalities (ATAC–seq, ChIP–seq, etc.) and architectural
improvements to accommodate longer context windows are
promising directions towards a foundation model with deep
mechanistic insight into genome regulation.
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A. Appendix
A.1. Details on the Pleiades Model Series

Table A.1. Pleiades Architecture Details

Property Sequence Model

90M 600M 7B
Layers 12 32 42
Model Dimension 768 1280 4096
FFN Dimension 768 1280 4096
Attention Heads 12 20 32
Peak Learning Rate 10−4 10−4 10−5

Warmup Steps 200 200 2000
Vocabulary Size 598 598 598
Max Context 1024 1024 1024

A.1.1. MODEL ARCHITECTURE

Pleiades uses a standard Transformer decoder architecture, scaled across three model sizes while keeping core design
choices fixed. In particular, all variants share the same tokenization/vocabulary (598 tokens) and a maximum context length
of 1024, with scaling achieved by increasing depth, hidden size, and the number of attention heads. Full architectural
hyperparameters for the 90M, 600M, and 7B models are summarized in Table A.1.

A.1.2. PRETRAINING DATASET PROCESSING

Our pretraining corpus contains both single-end and paired-end sequencing reads. We treat single-end reads and haplotype-
derived reference reads as individual fragments. For paired-end data, overlapping mates are merged into a single fragment to
increase effective context and reduce redundancy.

For WGBS and EM-Seq cfDNA, FASTQ files are processed with a modified MethylSeq pipeline (Ewels et al., 2020) and the
Bismark aligner (Krueger & Andrews, 2011). We then apply the same preprocessing and filtering as the DNA methylation
atlas (Loyfer et al., 2023).

For the 1000G diversity source, we build graphs with VG (v1.62.0) (Garrison et al., 2018) using the construct command
and index each graph with the 1000G preset to retain haplotype-specific pathways. We then sample localized diversity using
1 Mbp sliding windows along reference coordinates, randomly sampling 40 haplotype paths per window from the retained
pathways. From these sampled haplotypes we simulate sequencing reads at approximately ∼ 20× coverage per haplotype,
with random start positions within each window and read lengths restricted to 500–1000 nucleotides.

A.1.3. PRETRAINING PROCEDURE

Pretraining uses the standard autoregressive cross-entropy objective. Given a token sequence x = (x1, . . . , xT ), we
minimize the negative log-likelihood

L = −
T∑

t=1

logP (xt | x<t; θ), (3)

where P (xt | x<t; θ) denotes the model probability assigned to token xt conditioned on the preceding context x<t.

The models are optimized with AdamW (Loshchilov & Hutter, 2019) using a peak learning rate of 10−4 and a cosine
annealing schedule. To reduce memory usage and accelerate training, we use bfloat16 mixed precision (Micikevicius et al.,
2018). Full hyperparameters are reported in Table A.1. We pretrained Pleiades 7B for approximately 10 days on 256 H100
GPUs (32 nodes × 8).
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Table A.2. Pleiades Hyperparameters for Unbiased Nucleotide Transformer Benchmarks

Property 90M 600M 7B 7B High LR1

Peak Learning Rate 10−4 10−4 10−6 6× 10−5

Global Batch Size 48 288 288 96
Unfrozen Layers All All All Last 2 Layers

A.2. Nucleotide Transformer Benchmark

A.2.1. UNBIASED NUCLEOTIDE TRANSFORMER BENCHMARK

The official Nucleotide Transformer (NT) benchmarks (Dalla-Torre et al., 2024) comprise 18 classification tasks. For each
task, positive sequences are sampled from genomic regions with a target annotation (e.g., promoters, enhancers), while
negative sequences are sampled from the remainder of the genome. However, the negative set is not fully random: negative
sequences are drawn only from genomic start positions divisible by 1000. As shown in Fig. A.1a, label 0 sequences always
start at loci with start position mod 1000 = 0, whereas label 1 (and label 2 where applicable) sequences are approximately
uniform with respect to start position modulo 1000.

This systematic offset introduces a positional bias that inadvertently reduces the diversity of the negative set. Because
Pleiades explicitly encodes genomic coordinates, it achieves near-perfect scores on the original NT benchmarks (Fig. A.1c)
To remove this bias, we add a random jitter in the range [−500, 499] to the start positions of negative sequences (Fig. A.1b).

A.2.2. MODEL FINE-TUNING

Both baseline models were fine-tuned using their published code and with default hyper-parameters. DNABERT-2 was
fine-tuned using the fine-tune script in this official github page with learning rate 10−4 on V100 GPUs with the maximum
batch size that would fit per device. NT 2.5B MS was fine-tuned using LORA and with a learning rate 5× 10−4 on H200
GPUs.

Pleiades 90M and 600M were fine-tuned for an epoch on the DNA-only portion of our pretraining dataset, to bring their
representations closer to pure DNA before fine-tuning for the benchmark tasks. This was not performed for Pleiades 7B.
Table A.2 shows the exact hyperparameters used for fine-tuning Pleiades models on NT tasks. All Pleiades models were
fine-tuned on H200 GPUs for between ∼4 minutes and ∼1 hour (depending on the task)

Fig. A.1d shows that our results after fine-tuning the baseline models DNABERT-2 and NT MS 2.5B for five epochs on our
Unbiased NT Benchmarks.

A.3. Cell Type-of-Origin

A.3.1. LOSS FUNCTION AND TRAINING PARAMETERS

CToO fine-tuning is strongly class-imbalanced because, within a marker region, fragments from the target cell type are
typically a minority. We therefore train with a combined objective that (i) supervises cell-type prediction and (ii) shapes
the representation space with a contrastive loss that clusters scarce positives while repelling non-target fragments. For
each anchor positive fragment, we sample a tractable set of negatives (re-sampled every epoch to improve generalization)
and optionally augment positives. The contrastive term combines a mean-based component, which stabilizes training by
comparing the anchor to an average negative, with hard negative mining to enforce fine-grained separation when cell types
exhibit similar methylation patterns. In parallel, the model predicts cell type labels with a classification head operating on
pooled sequence representations. The total loss is

Ltotal = mclass Lclassification +mcontr Lcontrastive. (4)

Contrastive loss. We define the contrastive loss as a convex combination of mean-based and hard-negative terms,

Lcontrastive = (1− α)Lmean + αLhard, (5)
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Figure A.1. NT Benchmarks Positional Bias, Unbiased Dataset and Performance Comparisons (a) Polar plot showing distribution
of start position modulo 1000 of Official NT Benchmarks, separated by label. (b) Unbiased dataset where the bias is removed. (c)
Comparison of MCC for Pleiades 90M vs Best Performing Baseline Models from Nucleotide Transformer (Dalla-Torre et al., 2024) on
official NT Benchmarks Data. (d) MCC Comparison for Baseline Models on NT-Benchmarks Official Data vs our Unbiased Data.

where α ∈ [0, 1] controls the weight of hard negative mining. For an anchor embedding a, with positive set S+ and negative
set S−, we compute

dpos = 1
|S+|

∑
pi∈S+

δ(pi, a) dneg = 1
|S−|

∑
nj∈S−

δ(nj , a)

dhardest neg = minnj∈S− δ(nj , a)
(6)

and define margin-based losses with temperature scaling:

14



770
771
772
773
774
775
776
777
778
779
780
781
782
783
784
785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809
810
811
812
813
814
815
816
817
818
819
820
821
822
823
824

Pleiades: A Human Epigenetic Foundation Model

Table A.3. Performance (AuROC) of all models on the unbiased NT benchmark.

Task DNABERT-2 NT MS 2.5B Pleiades 90M Pleiades 600M Pleiades 7B

H2AFZ 0.4903 0.5358 0.7325 0.7147 0.9837
H3K27ac 0.4778 0.5141 0.7658 0.7390 0.9988
H3K27me3 0.5965 0.6294 0.7893 0.7948 0.9912
H3K36me3 0.6387 0.6636 0.7391 0.8043 0.9953
H3K4me1 0.4353 0.4886 0.7602 0.7466 0.9933
H3K4me2 0.5523 0.5695 0.7651 0.7661 0.9915
H3K4me3 0.6171 0.6328 0.7148 0.6827 0.9768
H3K9ac 0.5662 0.5423 0.7307 0.7001 0.9960
H3K9me3 0.4675 0.4876 0.6996 0.7063 0.9670
H4K20me1 0.6434 0.6608 0.8192 0.8051 0.9982
Enhancers 0.5231 0.5461 0.6230 0.6297 0.9770
Enhancers (types) 0.4658 0.5031 0.5860 0.5977 0.9000
Promoters 0.7546 0.7581 0.7416 0.7540 0.9759
Promoters (non-TATA) 0.7440 0.7921 0.7530 0.7643 0.9725
Promoters (TATA) 0.7767 0.8211 0.6002 0.7616 0.9908
Splicing (Acceptors) 0.8308 0.9657 0.9509 0.9593 0.9644
Splicing (All) 0.8496 0.9693 0.9597 0.9481 0.9659
Splicing (Donors) 0.8309 0.9736 0.9652 0.9694 0.9660

Lmean =
max(0, dpos − dneg +margin)

temperature
,

Lhard =
max(0, dpos − dhardest neg +margin)

temperature
.

(7)

We use cosine distance,

δ(v, w) = 1− v

∥v∥2
· w

∥w∥2
. (8)

To improve stability and discourage representation collapse, we also experimented with adding a diversity penalty:

Lcontrastive+reg = Lcontrastive + β
∑
i̸=j

(
Ẽ⊤Ẽ

)2

ij
, (9)

where Ẽ ∈ RN×d contains row-wise ℓ2-normalized embeddings and β controls the penalty strength.

Classification loss. We supervise cell type prediction with cross-entropy:

Lclassification = CrossEntropy(softmax(ypred), y) , (10)

where y denotes the one-hot cell type label. The classification head uses concatenated mean/max pooling of token
embeddings h,

x = [mean(h); max(h) ],

ypred = W2 σ(W1x+ b1) + b2.
(11)
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Training. Unless otherwise specified, we use α = 0.3, margin = 0.1, and temperature = 0.1. Pleiades 600M was
trained for ∼18h on 8 H200 GPUs for Top 25 regions, ∼11h on 64 H200 GPUs for Top 100 regions and ∼22h on 64 H200
GPUs for Top 1000 regions.

A.3.2. CELL-TYPE DIFFERENTIALLY METHYLATED REGIONS

Samples from the DNA methylation atlas (Loyfer et al., 2023) were randomly split into training and test sets. We identified
cell-type marker regions by calling differentially methylated regions (DMRs) in a 1-vs-all scheme for each cell type, using
only the training split to prevent information leakage. DMR discovery was performed with wgbstools (Loyfer et al.,
2024) via the segment and find markers commands, requiring each candidate region to contain at least two CpGs,
have length 50–2000 bp, satisfy an absolute delta-mean methylation difference threshold of ≥ 0.4, and achieve significance
p ≤ 0.01, using Bayesian pseudocounts of 15 for both C and T counts. From the resulting candidates, we selected the top
100 and top 1,000 markers per cell type, yielding 3,801 and 34,134 regions in total, respectively. We additionally report
results on the published UXM Top-25 marker panel for reference (Loyfer et al., 2023).

Fragments intersecting a given DMR were labeled relative to that DMR’s target cell type: fragments from the target cell type
were assigned a positive label, and fragments from all other cell types were assigned a negative label. Because non-target
fragments within a marker region exhibit broadly similar methylation patterns, we collapse non-target labels into a single
generic class (e.g., not neuron for neuron-targeted DMRs). To encourage separable representations within each region,
we used a contrastive sampling scheme in which each positive fragment served as an anchor, paired with a fixed number of
additional positive examples (3) and negative examples (36) drawn from other cell types within the same region. Negative
examples were re-sampled each epoch to improve generalization.

Final classification metrics were computed over all fragments intersecting the evaluated marker panels.

A.3.3. OUT-OF-DISTRIBUTION DATA FOR EVALUATION

The out-of-distribution dataset (Do et al., 2020) consists of 478 FACS-processed samples from various cell types. Of the
total samples, 96 failed quality control criteria: 92 had low sequencing coverage and 4 showed evidence of failed bisulfite
conversion. We grouped related cell types into major groups defined by the methylation atlas (Loyfer et al., 2023) - six
groups were selected. Data was processed similarly to our cfDNA data, but with an underlying aligner such as Bismark
(Krueger & Andrews, 2011) due to its native support for per-base DNA methylation calling.

From the filtered cohort, we selected six representative cell types: B cell, monocyte/macrophage, T cell, liver hepatocyte,
oligodendrocyte, and neuron. Using these samples, we constructed 14 equal-proportion mixtures: six pure (single-cell-type)
mixtures, three two-way mixtures, three three-way mixtures, one four-way mixture, and one six-way mixture. The full
mixture specification is provided in Table A.4.

For a direct comparison between fragment-level Pleiades and UXM, we used the same marker regions and corresponding
reference atlas. CelFiE requires a different atlas format and marker-calling procedure and operates on coverage rather than
methylation percentages; we therefore constructed a CelFiE-specific atlas to make the comparison as consistent as possible.

We fine-tuned Pleiades 90M on the published UXM Top-25 marker regions (Loyfer et al., 2023) and performed fragment-
level classification. For each mixture sample, we aggregated fragment-level predictions to estimate the sample-level cell-type
composition. UXM was run on the same Top-25 marker set using --rlen 2, corresponding to a minimum of two CpG
sites per fragment.

For CelFiE, we used scripts provided by Caggiano et al. (2021) to identify DMRs for each of the 39 cell type groups,
selecting the top 100 CpG sites per marker as recommended. We then estimated cell-type proportions using the authors’
deconvolution script with default parameters, excluding any unknown cell types.
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Figure A.2. Out-of-distribution CToO Recall over Top 1000 markers called from training data.

Table A.4. Cell-Type mixture proportions used for deconvolution benchmarking.

Mixture Name B cell T cell Monocyte
& Macrophage Neuron Oligodendrocyte Hepatocyte

1-Cell Mix 1
1-Cell Mix 1
1-Cell Mix 1
1-Cell Mix 1
1-Cell Mix 1
1-Cell Mix 1
2-Cell Mix 0.5 0.5
2-Cell Mix 0.5 0.5
2-Cell Mix 0.5 0.5
3-Cell Mix 0.33 0.34 0.33
3-Cell Mix 0.34 0.33 0.33
3-Cell Mix 0.33 0.34 0.33
4-Cell Mix 0.25 0.25 0.25 0.25
6-Cell Mix 0.17 0.17 0.17 0.16 0.16 0.17
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