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Abstract

Summary: We introduce DNABERT-S, a tailored genome model that develops species-aware embeddings to naturally cluster and segregate
DNA sequences of different species in the embedding space. Differentiating species from genomic sequences (i.e. DNA and RNA) is vital yet
challenging, since many real-world species remain uncharacterized, lacking known genomes for reference. Embedding-based methods are
therefore used to differentiate species in an unsupervised manner. DNABERT-S builds upon a pre-trained genome foundation model named
DNABERT-2. To encourage effective embeddings to error-prone long-read DNA sequences, we introduce Manifold Instance Mixup (MI-Mix), a
contrastive objective that mixes the hidden representations of DNA sequences at randomly selected layers and trains the model to recognize
and differentiate these mixed proportions at the output layer. We further enhance it with the proposed Curriculum Contrastive Learning (C2LR)
strategy. Empirical results on 28 diverse datasets show DNABERT-S's effectiveness, especially in realistic label-scarce scenarios. For example,
it identifies twice more species from a mixture of unlabeled genomic sequences, doubles the Adjusted Rand Index (ARI) in species clustering,

and outperforms the top baseline’s performance in 10-shot species classification with just a 2-shot training.
Availability and implementation: Model, codes, and data are publically available at https://github.com/MAGICS-LAB/DNABERT_S.

1 Introduction

Accurate differentiation of species from genomic sequences is a
critical task in biology and ecology, supporting efforts in biodi-
versity conservation, epidemiology, understanding evolutionary
processes, and exploring the roles of microbiomes in health and
disease. Traditional methods for species identification rely
heavily on well-characterized reference genomes for compara-
tive analysis. Thus, they are limited due to the vast and largely
unexplored genetic diversity present in natural environments.

A prime example is metagenomics binning. Metagenomics
binning (Kang et al. 2015, 2019, Nissen et al. 2021, Meyer et al.
2022, Lamurias ef al. 2023) is a pivotal process in microbiome
research, aiming to group DNA sequences by species from com-
plex mixtures containing DNA from potentially thousands of
distinct, often uncharacterized species. In this context, effective
DNA embeddings that can accurately segregate and cluster
DNA sequences are more suitable than the methods that rely on
known reference genomes for comparison and alignment.

Despite the critical role of DNA embeddings in various sce-
narios, there is a notable deficiency in the development of
effective methods. Current approaches to achieving DNA
embeddings include: (i) Descriptive textual features (Kang
et al. 2015, 2019, Nissen et al. 2021), (ii) Pre-trained Kmer

embeddings (Ng 2017, Han et al. 2022, Ren et al. 2022), and
(iii) Genome foundation models (Ji et al. 2021, Nguyen et al.
2023, Zhou et al. 2023). The first two methods, while
straightforward, often fail to capture complex semantic rela-
tionships inherent in genomic data. Genome foundation mod-
els (Ji et al. 2021, Nguyen et al. 2023, Zhou et al. 2023),
despite their successes in various genomic tasks through
model fine-tuning, generally fail to develop embeddings that
can discriminate certain properties like species. This is largely
due to a mismatch between their pre-training objectives
(Devlin et al. 2018, Radford ez al. 2019) and the specific ap-
plication scenarios. Our empirical analysis, as detailed in
Table 1, reveals that in many scenarios, existing genome foun-
dation models even underperform simple textual features.

In this work, we introduce DNABERT-S, a specialized ge-
nome model that harnesses the capabilities of genome foun-
dation models to generate species-aware DNA embeddings.
As depicted in Fig. 1, DNABERT-S distinguishes itself from
other methods by its ability to effectively cluster and separate
different species within the embedding space. This enhanced
performance stems from the proposed Manifold Instance
Mixup (MI-Mix) loss and Curriculum Contrastive Learning
(C*LR) strategy. Contrastive learning enables the model to
discern between similar and dissimilar DNA sequences, and
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Table 1. Models' performance on K-Means clustering measured by Adjusted Rand Index (ARI).?

Model Synthetic Marine Plant Ave.
0 1 0 1 2 3 4 0 1 2 3 4

TNF 38.75 3776  25.65 2531  26.05 20.67 2347 2580 2423 24.81 22.72 2239  26.47
TNF-K 36.26  35.66 2599 2500 26.27 21.15 2327 2560 25.58 2645 2259 21.76  26.30
TNEF-VAE 25.94 2460 16.28 16.52  16.27 1292  15.02 1840 16.51 17.53 14.08 14.38 17.37
DNA2Vec 24.68 2334 16.07 1599 16.18 12.62 1451  20.13 19.77 2025 1724  16.37  18.10
HyenaDNA 20.04  18.99  16.54 16.64  16.47  13.35 14.85  24.06 2533 26.18 21.01 21.16  19.55
NT-v2 8.69 9.63 4.92 4.74 5.02 3.68 4.31 7.00 6.32 6.37 5.54 5.42 5.97
DNABERT-2 15.73 16.74  13.24 13.53 12.99 10.41 11.87  15.70 16.28 16.32  13.99 13.66  14.21
DNA-Dropout  16.64  16.08 11.89 11.77  11.89 9.85 10.31 16.18 15.41 16.95  13.53 13.85 13.70
DNA-Double 35.11 34.14  27.05 2723 2656 2147 2439 2235 2135  23.03 19.44  19.06  25.10
DNA-Mutate 16.55 16.24 11.40 11.53 11.34 9.03 10.02 14.27 14.13 16.22 12.01 11.68 12.87
DNABERT-S 68.21 66.33 5398 52.56 5199 46.39 5049 5143 5156 5111 5044 5115  53.80

? DNABERT-S doubles the ARI of the strongest baseline on average. Bold text indicates the one with the highest score.
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Figure 1. TSNE visualization of the DNA embeddings generated by different methods on a CAMI2 (Meyer et al. 2022) dataset with 50 different species.
Each point represents an individual DNA sequence, with the color coding indicating the species affiliation. Notably, DNABERT-S demonstrates a
pronounced ability to cluster and segregate different species within the embedding space.

curriculum learning incrementally presents more challenging
training samples, fostering better learning and generalization.
The training of DNABERT-S includes two phases. In the first
phase, we adopt a Weighted SimCLR (Chen et al. 2020,
Zhou et al. 2022) training objective to encourage the model
to group DNA sequences from the same species and separate
DNA sequences from distinct species. In the second phase,
we introduce Manifold Instance Mixup (MI-Mix), which
mixes anchor instances at a randomly selected layer to create
more challenging anchors for contrastive training.

To rigorously evaluate the models, we assemble a comprehen-
sive benchmark that includes thousands of species, capturing the
diversity of natural microbial communities. This benchmark
incorporates complex samples from CAMI2 (Meyer et al.
2022), a leading metagenomics binning benchmark, and exten-
sive reference genomes from Genbank (Benson et al. 2013).
Thus, it includes both natural yet error-prone long-read sequen-
ces and well-curated yet potentially biased reference genomes.

We evaluate the embedding quality from entirely unsuper-
vised problems to classification tasks with abundant labels.
Experimental results indicate the effective performance of
DNABERT-S. Compared to the strongest existing method,
DNABERT-S doubles its performance in the clustering task
and achieves better performance with only 20% of labeled data
in the classification task (e.g. 2-shot versus 10-shot). Notably,
in metagenomics binning, DNABERT-S is able to recover over
40% and 80% of species with an F1 score of over 0.5, respec-
tively, from synthetics and more realistic datasets, which is also
one time more than the strongest baseline. We also show that a
simple K-Nearest-Neighbors species classifier, which is trained
on DNABERT-S embeddings of a small portion of each target

genome, can slightly outperform a well-established traditional
method MMseqs2 (Steinegger and Soding 2017) that relies on
the entire reference genomes of target species for classification.
Besides, with DNABERT-S embeddings as input and without
using alignment or abundance information, we achieve compa-
rable or slightly better performance in metagenomics binning
as SemiBin2 (Pan et al. 2023), an advanced and complete meta-
genomics binning tool.

Our contribution can be summarized as follows: (i) We
demonstrate the effectiveness of genome foundation models
in learning DNA embeddings, opening new avenues for
various genomics research problems; (ii) We introduce
DNABERT-S, a model that develops distinctly better embed-
dings for species differentiation; (iii) We propose the
Curriculum Contrastive Learning (C*LR) strategy with the
Manifold Instance Mixup (MI-Mix) loss; (iv) We publish a
large-scale evaluation benchmark.

2 Background

This study aims to build a species-aware DNA embedding
model that maps each DNA sequence as a fixed-size numeri-
cal vector in an embedding space, where sequences from dis-
tinct species are naturally clustered and segregated. A DNA
sequence is essentially a sentence composed of four unique
characters: A, T, C, and G.

Existing works highly rely on descriptive textual features
(Kang et al. 2015, 2019, Nissen et al. 2021) and pre-trained K-
mer embeddings (Ng 2017, Han et al. 2022, Ren et al. 2022) to
compute DNA embeddings. A representative descriptive textual
feature is Tetra-Nucleotide Frequency (TNF), a 256D vector
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where each position represents the frequency of each unique 4-
mer (e.g. TTCA, AACG) in the input DNA sequence. Despite its
simplicity and effectiveness, this method is limited since it singly
relies on the 4-mer frequency and is not trainable to better fit
downstream applications. Besides, our empirical analysis also
suggests that a naive trainable model based on TNF, such as a
Variational AutoEncoder (Diederik et al. 2013) with TNF as in-
put, results in worse embeddings compared to TNF. With the
success of Word2Vec (Mikolov et al. 2013), pre-trained Kmer
embeddings have gained popularity in computing DNA embed-
dings for various applications (Ng 2017, Han et al. 2022, Ren
et al. 2022). However, the emergence of deep learning advance-
ments such as ELMo and BERT (Devlin et al. 2018, Peters et al.
2018) highlights the limitations of static word embeddings com-
pared to contextual embeddings produced by founda-
tion models.

Recently, genome foundation models such as DNABERT-2
and HyenaDNA have demonstrated their effectiveness in
genome analysis (Ji et al. 2021, Dalla-Torre et al. 2023, Nguyen
et al. 2023, Zhou et al. 2023). However, these models do not
naturally develop discriminative embeddings, largely due to the
discrepancy between their language-modeling training objectives
and the goal of segregating sequences in the embedding space
(Li et al. 2020). To leverage the power and potential of genome
foundation models, we tailor a contrastive learning method
(Reimers and Gurevych 2019, Chen et al. 2020, Lee et al. 2020,
Gao et al. 2021) for DNA embedding learning by introducing
the curriculum contrastive learning (C*LR) strategy with the
Manifold Instance Mixup (MI-Mix) training objective.

3 Model

The proposed Curriculum Contrastive Learning (C*LR) splits
the training process into two phases, gradually creating more
challenging anchors. In phase I, we apply an effective contras-
tive learning method named Weighted SimCLR based on
SimCLR and Hard-Negative sampling strategy (Section 3.1).
In phase II, we propose the Manifold Instance Mixup method
which creates more challenging anchors by mixing intermedi-
ate hidden states of inputs in a randomly selected hidden
layer of the model (Section 3.2). Implementation details of
DNABERT-S are presented in Section 3.3.

Notation: Let x; be an input sample. Given a batch
{(xi, x4 )}?:1, where B is the batch size and (x;,x;+) repre-
sents a pair of similar samples (a.k.a., positive pair). In our
setting, a positive pair (x;,x;+) represents two nonoverlap-
ping DNA sequences from the same genome. Let f(-) define
the embedding model, which takes x; as input and computes
fixed-size embedding f(x;).

3.1 Weighted SimCLR

SimCLR (Chen et al. 2020) is a simple and effective framework
for contrastive learning. For an anchor x; in batch
{(xi, x4 )}fi 1> SImCLR treats all the other 2B — 2 samples in the
same batch as negative samples. It encourages the model to in-
crease the anchor’s similarity with its positive sample x;+ and
reduces its similarity with the negative samples. It treats all neg-
ative samples equally. However, recent works (Zhang et al.
2021) have suggested that hard negatives that are closer to the
anchor in the representation space offer more informative learn-
ing contrasts. Therefore, Weighted SimCLR (Zhang et al.
2021) gives higher weights to negative samples that are closer
to the anchor. To align with subsequent sections, we introduce
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the virtual labels. The label for (x;,x;+) is v; € {0,1}, where
v;; = 1 indicates positive samples, and v;;.; = 0 indicates nega-
tive samples. The Weighted SimCLR loss for x; is defined as:

exp (s (f(xi), f (2 )) /T)
S uaesp (s(fw). =) /7)
(1)

B
Uf (xi),vi) = — ZU’V” lo
n=1

where 7 denotes the temperature and s(-,-) denotes the cosine
similarity between two inputs. Weights a;; denotes the rela-
tive importance of x; for optimizing the contrastive loss of an-
chor x; among all the 2B -2 negative samples. A negative
sample that is closer to the anchor receives a higher weight.
We set a;;+ = 1 and compute a;; as:

exp (s(f(x). () /)
ﬁzk#i,ﬁ exp (S(f(xi)»f(xk))/r)

For each positive pair (x;,x;+), Weighted SimCLR, respec-
tively, takes x; and x;+ as the contrastive anchors to calculate
the contrastive loss. It defines the loss ¢(f(x;+),v;) for x;+ by

. . B B .
exchanging the roles of instances {x;};_; and {x;+};, in
Equation (1), respectively. Therefore, the Weighted SimCLR
loss on the entire batch is defined as:

ajj =

), vi) +(f (xi+ ), vi)- (2)

1B
:_B;

3.2 Curriculum contrastive learning

In this part, we introduce our curriculum contrastive learning
(C*LR) method. Curriculum learning is an effective training
method that first presents easy training batches and then pro-
gresses to more challenging ones (Hacohen and Weinshall
2019). Recent studies have successfully applied this technique to
both positive pairs (Ye et al. 2021, Roy and Etemad 2023) and
negative pairs (Chu et al. 2021) in contrastive learning. We take
this approach a step further by applying it to contrastive anchors,
effectively using it for both types of pairs at the same time.

As shown in Fig. 2, our C’LR method includes two train-
ing phases, with anchors becoming progressively more chal-
lenging. In phase I, we use the Weighted SimCLR introduced
in Section 3.1. In phase II, we propose the Manifold Instance
Mixup (MI-Mix) method to mix up anchor instances in
a random hidden layer, motivated by the instance mixup
(i-Mix) method (Lee ez al. 2020).

The i-Mix method mixes anchors at the input layer to create
more challenging posmve and negative pairs. It only uses the
samples from {x;};; as anchors and only considers the positive
and negative samples from {x;+ }1 1. Otherwise, it nearly dou-
bles the memory or training time compared to the Weighted
SimCLR method in Section 3.1 (see Supplementary Appendix
S10 for details). To perform mixup within the anchor space, i-
Mix first shuffles { (x;,v;)}2, to generate {(%,,7,)}2_,, i.e. a ran-
dom permutation of {(x;,v;)},_;. Then for each anchor (x,,v,)
i-Mix mixes it with (¥;,7;) through weighted sum. The mixing
weight /; is drawn from Beta(a, ), where a is a hyperparameter.

Despite i-Mix’s effectiveness on continuous data such as
images and speeches, directly mixing DNA sequences may
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Figure 2. Overview of DNABERT-S's training process. We construct training data from massive reference genomes and train DNABERT-S with the proposed
Curriculum Contrastive Learning (C2LR) strategy that progressively provides more challenging contrastive anchors to the model in two different phases. We
propose the Manifold Instance Mixup (MI-Mix) objective that mixes the intermediate hidden states of different inputs to construct more challenging

contrastive anchor.

avoid biological plausibility. Thus, we proposed to instead mix
hidden representations of DNA sequences at a deeper layer,
which essentially combines more abstract, higher-level features
of the sequences. We call it Manifold Instance Mixup, inspired
by Manifold mixup (Verma et al. 2019). Concretely, we denote
the model f(-) as f(x) = fu(gm(x)). Here, g,(-) maps input
data to the intermediate hidden states at layer ms, and f,(-)
maps these intermediate hidden states to the output f(x).

The Manifold Instance Mixup includes four steps. First, we
uniformly select a random layer 7 from a set of eligible layers
S in the model, like one of the encoder layers in DNABERT-
S. Second, for a batch of anchors {(x;, 1/,-)}?:1 , We process
them up to layer m, resulting in a batch of intermediate hid-
den states {(gm(x,-),v,-)}?:]. Third, we shuffle {(gm(x,-),v,-)}f:]
to get {(gm(ﬁ,-),ﬁ,-)}?:] and mix them up. This produces the
mixed hidden states b7 for each (gn(x;),vi), where
l’)tm = ﬂ,-gm(x,-) + (1 — li)gm(&\i), and U:—nix = ﬂﬂ/,' + (1 —ﬂi)/ﬁ,’.
Fourth, we feed {b;”}fil through the remaining layers to get

the last hidden states {f,,,(hf")}tB:1 Loss on i-th anchor (x;,v;)
is defined as:

Ufon(b), v™)
b exp (s (Fulb). Flxn)) /7) (3)
TS e (s(falh). fx)) /)

where weights a;;+ =1 and ¢;j+ is computed as:

exp (s(Fulh). f(7-)) /7)
ﬁzle,k#i exp (5 (fm(h:'n)af(xw))/r)

The Manifold Instance Mixup loss is defined as follows:

a,-,—+ =

3.3 Implementation

In the C*LR method, we set temperature 7 as 0.05 and hyper-
parameter « as 1.0. We train the model for one epoch in phase
I using loss Equation (2) and for two epochs in phase II using
loss Equation (4). We use mean pooling of the last hidden states
of all the tokens as the DNA embedding. We employ the Adam
optimizer (Diederik et al. 2014), with a learning rate of 3e—6
and batch size of 48. We save the model every 10000 training
steps and select the best one based on the validation loss in the
validation dataset. We use the pre-trained DNABERT-2 (Zhou
et al. 2023) as the starting point of contrastive training. We
also conduct parallel experiments with HyenaDNA (Nguyen
et al. 2023). In Section 5.7, we show that DNABERT-2 outper-
forms HyenaDNA after the same contrastive training. The
training of DNABERT-S takes approximately 48h on 8
NVIDIA A100 80GB GPUs.

4 Data

In this section, we introduce the dataset we used for
DNABERTS-S training and evaluation.

4.1 Training

Each training sample of DNABERT-S is a pair of nonoverlap-
ping DNA sequences extracted from the same species. We focus
on microbe species since the genetic diversity within this group
provides a rich substrate for examining the nuances of species
differentiation. The dataset is constructed with the reference
genomes from GenBank (Benson et al. 2013). We obtained
47923 pairs from 17636 viral genomes, 1 million pairs from
5011 fungi genomes, and 1 million pairs from 6402 bacteria
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genomes. We randomly selected 2 million pairs from the entire
2047 923 pairs of DNA sequences to construct the training
data. The rest pairs are treated as validation data. All the DNA
sequences are 10 000 bp in length.

4.2 Evaluation

Our evaluation spans 14 long-read datasets from the Critical
Assessment of Metagenome Interpretation (CAMI) II (Meyer
et al. 2022) challenge benchmark and nine synthetic datasets
from reference genomes. CAMI2 is one of the most compre-
hensive and rigorous benchmarks for metagenomics research.
The datasets in CAMI2 are designed to mimic realistic micro-
biome environments and include a vast array of both new
and known genomes, as well as plasmids and viruses. It aligns
our study with real-world ecological and biological scenarios,
providing a robust and contextually relevant evaluation for
the DNA embedding models. We utilize seven datasets of
long-read contigs, respectively, from the Marine and
Plant-associated environments, where each dataset consists
of 150k-200k DNA sequences belonging to about 100-750
different species sampled from 1680 microbial genomes and
599 circular elements. We also create nine Synthetic data-
sets by randomly extracting DNA sequences from fungi and
viral reference genomes that do not overlap with our training
data. Supplementary Table S5 in Supplementary Appendix
S8 shows the statistics of the datasets we used for evaluation.

5 Experiments

We evaluate the model in a series of tasks, including: (i) meta-
genomics binning that identifies species from a mixture of
sequences from an unknown number of species; (ii) species
clustering given the number of species; (iii) species classifica-
tion with a few labeled samples; and (iv) long-read classifica-
tion given reference genomes. For the metagenomics binning
problem, to mimic real-world scenarios, we do not balance
the data. Instead, following Metabat (Kang et al. 2015), we
only keep DNA sequences longer than 2500 bp and filter out
species with fewer than 10 sequences. Furthermore, we vali-
date the absence of data leakage issue in our evaluation data-
sets. Please refer to Supplementary Appendix S12 for details.

In this section, we present experimental design and empirical
results. We introduce baselines in Section 5.1 and, respectively,
present the results of clustering in Section 5.2, metagenomics bin-
ning in Section 5.3, and classification in Section 5.4. In Section
5.5, we present ablation studies on C*LR and the proposed
Manifold Instance Mixup training objective. Comparison with
an alignment-based method for species classification is presented
in Supplementary Appendix S9.4. We also provide empirical
analysis on results with error bars (Supplementary Appendix
$9.3), scenarios with abundant training data (Supplementary
Appendix $9.4), results on nonmicrobe species (Supplementary
Appendix S9.5), different input lengths (Supplementary
Appendix $9.6), reduced feature dimensions (Supplementary
Appendix S9.7), various other types of tasks (e.g. genomics func-
tion prediction) and varying backbone models (Supplementary
Appendix S9.8). For all tasks involving randomness, we perform
five independent runs with different random seeds for each model
and report the averaged results.

5.1 Baselines

We compare DNABERT-S with other DNA embedding mod-
els to examine its effectiveness. We consider four lines of
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work. TNF, TNF-K, and TNF-VAE are the most widely used
DNA embedding methods in metagenomics binning tools
(Kang et al. 2015, 2019, Nissen ef al. 2021). TNF represents
Tetra-Nucleotide Frequency, which uses the appearance fre-
quency of each unique 4-mer (4* = 256 in total) in a DNA se-
quence as its embedding. TNF-K (Nissen et al. 2021) reduces
TNF to 103D with a linear kernel, which utilizes DNA char-
acteristics to reduce the correlations among different dimen-
sions of the original TNF feature. TNF-VAE trains a
Variational Autoencoder (Diederik ef al. 2013) using TNF as
input to extract features. DNA2Vec (Ng 2017) learns pre-
trained K-mer embedding. We set K =4 to make it directly
comparable with TNF and use the average of the 4-mer
embeddings as the DNA embedding. DNABERT-2 (Zhou
et al. 2023), HyenaDNA (Nguyen et al. 2023), and NT-v2
(Nucleotide Transformer-v2) (Dalla-Torre et al. 2023) are
representative genome foundation models. We use the
average of the last hidden states as the DNA embedding. For
evaluations, we utilized the respective pre-trained models
from Huggingface ModelHub, specifically zhiban1996/
DNABERT-2-117M,  LongSafari/hyenadna-medium-450k-
seqlen-bf, and  InstaDeepAl/nucleotide-transformer-v2-
100m-multi-species. DNA-Mutate, DNA-Dropout, and
DNA-Double are variants of DNABERT-S, with the same
hyperparameters but different positive pair construction
strategies in contrastive training. DNA-Mutate views the
same DNA sequence before and after random mutation (i.e.
swap and delete 5% of nucleotides) as a positive pair. DNA-
Dropout passes the same DNA sequence through the
embedding model (with a dropout rate 0.1) twice and views
the two distinct embeddings as a positive pair. DNA-Double
views a DNA sequence and its reverse complementary (e.g.
AATTC versus TTAAG) as a positive pair. We also compare
the proposed curriculum contrastive learning framework and
MI-Mix training objective with well-established contrastive
learning methods, including Weight SimCLR (Zhang et al.
2021), i-Mix (Lee et al. 2020), and Supervised Contrastive
Learning (SupCon) (Khosla et al. 2021). Results on different
training objectives are presented in Section 5.5.

5.2 Clustering

In this task, we evaluate the embedding quality by how well a
standard clustering algorithm can distinguish and cluster differ-
ent species based on the embedding. To reduce the effects of
other factors, we assume the number of species is known in this
task. Although we are unlikely to know the number of species
in a real-world dataset, this setup allows us to fairly compare
different embedding models. The metagenomics binning experi-
ments discussed in Section 5.3 represent a more realistic metage-
nomics problem. For each dataset, we compute the embedding
of each DNA sequence and perform K-means clustering by set-
ting the num clusters as the number of species that exist in
this dataset. We employ the Adjusted Rand Index (ARI) as the
evaluation metric. ARI is a measure of the similarity between
two data clusterings, adjusted for chance, providing a normal-
ized index that ranges from -1 to 1; the higher, the better.
Table 1 shows the models’ performance on clustering. As
shown in the table, DNABERT-S consistently achieves the
best performance on all the datasets and doubles the perfor-
mance of the strongest existing method on average. Among
all the baselines, TNF and its variant TNF-K achieve the best
performance, explaining their wide usage in metagenomics
binning. Yet, TNF’s performance is heavily limited since it is
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not learnable. TNF-VAE represents a naive algorithm that
enables learning with TNF, yet it leads to big performance
degradation, potentially resulting from the large gap
between its training objective and the specific downstream
application. Similarly, pre-trained Kmer embeddings from
DNA2Vec also fail to effectively cluster different species.

Existing genome foundation models training with language
modeling objectives, such as HyenaDNA and DNABERT-2,
despite their good performance on labeled datasets, also fail
to generate representative embedding without fine-tuning.
The phenomenon that pre-trained foundation models under-
perform descriptive textual features in generating embedding
for clustering and retrieval is also observed in the field of nat-
ural language processing (Reimers and Gurevych 2019).

Furthermore, by comparing the DNA-Dropout and DNA-
Mutate with DNABERT-2, we found that those popular unsu-
pervised positive pair methods used in contrastive learning in
NLP, such as sentence swap/deletion and dropout, do not bene-
fit DNA embedding learning. The DNA-Double, which utilizes
the unique double-strain characteristics of DNA sequences,
empowers DNABERT-2 to achieve a similar level of perfor-
mance as TNF. Comparison between DNABERT-S and these
variants indicates the importance of appropriate training data
construction.

5.3 Metagenomics binning

Metagenomics binning is a crucial process in microbial ecology,
involving the categorization of DNA sequences into groups that
represent individual species. State-of-the-art metagenomics bin-
ning method (Kang et al. 2015, 2019, Nissen et al. 2021) always
formulate this problem as a clustering problem with an un-
known number of clusters based on the feature of each DNA se-
quence. The DNA sequence feature is computed by combining
sequence-based DNA embedding with various other features
and the clustering algorithms are often complicated and strongly
correlated with the features they utilize. In our evaluation, to
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create a fair environment for DNA embedding benchmarking,
instead of relying on any existing tool, we implement the modi-
fied K-medoid clustering algorithm proposed in Metabat (Kang
et al. 2015) for metagenomics binning due to its simplicity and
effectiveness. Algorithm 1 (Supplementary Section S7 in
Supplementary Material) describes the metagenomics binning
algorithm. Following previous works (Kang ez al. 2015, 2019),
we formulate this problem as identifying nonoverlapping clus-
ters of DNA sequences from the entire dataset, where each clus-
ter of sequence is considered as an identified species. We
iteratively identify the densest point in the embedding space and
take all the sequences that are close (determined by a learned
threshold) to it as the group of the sequences that belong to the
same species. The embeddings of the taken sequences are re-
moved from the embedding space. The iteration ends as there
are no regions that contain enough number sequences within
the threshold. This algorithm, evaluates how well the embed-
ding method clusters and aggregates different species within the
embedding space. We then compare the predicted clusters with
the true labels to count the number of species that have been
successfully identified. A species is considered to be successfully
identified if the F1 score of this species is over 0.5. We compare
different models by the number of species they identify with dif-
ferent levels of F1 scores (e.g. 0.5-0.6, 0.8 —0.9). We only use
the DNA embeddings as the feature of each DNA sequence.
Figure 3 shows the models’ performance on 6 metagenomics
binning datasets. As shown in the figure, similar to our obser-
vation in clustering, DNABERT-S identifies twice the number
of species with an F1 score of over 0.5 compared to the stron-
gest baseline, showing its great capability in tackling important
real-world biology challenges. Notably, DNABERT-S identifies
a large number of species with an F1 score over 0.9. indicating
its capability to accurately segregate different species in the em-
bedding space, aligning with our observation in Fig. 1. In the
Synthetic datasets, where the sequences are error-less
(extracted from reference genome) and the number of
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Figure 3. Metagenomics binning results. The bin size represents the number of unique species identified by each model, and different colors represent
the F1 score of the identified species. With high F1 scores, DNABERT-S identifies more species than the baselines.
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sequences in each species is more balanced, DNABERT-S
recovers over 80% of the species with an F1 score of over 0.5
purely based on the DNA sequences themselves. In more realis-
tic datasets such as Marine and Plant, where noise (e.g. error
from sequences) exists in DNA sequence and species size is
highly imbalanced, DNABERT-S is still able to recover 40% of
the species with an F1 score of over 0.5.

5.4 Classification

In this task, we evaluate the embedding quality by how well a
simple model can classify different species based on a few la-
beled embeddings. We conduct experiments with a linear regres-
sion model and a nonlinear multi-layer perceptron (MLP) to
examine the embeddings’ linear and nonlinear descriptiveness.
We present results on linear classification in this section. The
results in nonlinear settings are consistent with those in linear
ones. Due to space limits, we present them in Supplementary
Tables S6 and S7 in Supplementary Appendix $9.2. As shown in
Supplementary Table S5, all the datasets we use for classification
consist of 100 DNA sequence for each species. We first compute
the embedding of each DNA sequence with each model. In each
evaluation run, we independently select 80 embeddings from
each species to form the test set. For the rest DNA sequences,
we, respectively, sample 1, 2, 5, 10, and 20 embeddings from
each species to form the training set. A Logistic Regression
model is trained on the training set and evaluated on the test set.
We use the macro F1 score as the evaluation metric.

Figure 4 shows the models’ performance on 6 datasets.
The results for the remaining 6 datasets are consistent and are
presented in Supplementary Appendix S9.1. As shown in the fig-
ure, DNABERT-S consistently achieves the best performance.
DNABERT-S achieves better performance than the strongest
baseline with only 20% of training data. For example, with only
2 training samples per category, DNABERT-S achieves higher
F1 scores than the strongest baseline with 10 training samples.
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With the same amount of training samples, DNABERT-S out-
performs the baselines by a large gap. Notably, in the Synthetic
datasets, where none of the species are seen during the contras-
tive training, a linear model trained with DNABERT-S embed-
dings achieves an F1 score of over 0.8 in 200 classes
classification with only 5 labeled samples in each species, show-
ing DNABERT-S’s capability in generalizing well on unseen
data. To further validate the generalizability of DNABERT-S on
more distinct datasets, we compile three datasets, including
genomes from invertebrate, protozoa, and mammalian species,
that are largely different from the training species (microbial
genomes) of DNABERT-S. As illustrated in Supplementary
Section S9.5, DNABERT-S also achieves good performance in
these datasets.

5.5 Ablation study

In this section, we present our ablation studies on DNABERT-S.
We perform the ablation study on CAMI2 datasets with both
clustering and classification. To validate the effectiveness of cur-
riculum learning, we compare DNABERT-S with three of its var-
iants, each of which is trained purely with the Weight SimCLR
(Zhang et al. 2021), i-Mix (Lee et al. 2020), SupCon (Khosla
et al. 2021), and our proposed Manifold Instance Mixup (MI-
Mix) loss. To examine the effectiveness of MI-Mix, we also com-
pare it with a variant trained with the curriculum contrastive
method that replaces MI-Mix with i-Mix in the second phase. All
the variants are trained with the same data and hyperparameters.

As shown in Table 2, our curriculum learning strategy that
combines Weighted SimCLR and MI-Mix achieves the best per-
formance. Our method outperforms both variants that are
trained purely with Weighted SimCLR and MI-Mix loss, show-
ing the effectiveness of our proposed curriculum contrastive
learning strategy. Moreover, the comparison among the four
variants that are trained with a single loss function, including
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consistent and are presented in Supplementary Fig. S6 (Supplementary Appendix S9.1 in the Supplementary Material).
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Weight SimCLR, i-Mix, and SupCon, indicates the effectiveness
of MI-Mix in learning DNA embeddings.

5.6 Compare with complete metagenomics

binning tool

Despite metagenomics binning being a main motivation of this
work, DNABERT-S is not a complete metagenomics binning
tool, making direct comparisons inappropriate. Modern meta-
genomics binning methods [e.g. MetaBat2 (Kang er al. 2019),

Table 2. Ablation study on the Curriculum Contrastive Learning (C2LR)
and Manifold Instance Mixup (MI-Mix).?

Training objective Clustering Classification
W. SimCLR + MI-Mix S1.11 60.88
W. SimCLR + i-Mix -3.46 -3.56
only W. SimCLR -1.13 -1.17
only MI-Mix -0.66 -0.42
only i-Mix -525 ~4.76
only SupCon -6.75 -3.83

? Performance difference to W. SimCLR + MI-Mix.

‘ I 05-06 [N 06-0.7

Il 0.7-038

Zhou et al.

SemiBin2 (Pan et al. 2023), and COMEBin (Wang et al. 2024)]
typically follow a five-step pipeline utilizing three data types:
(i) Generate DNA embeddings from sequences (contigs); (ii)
Extract abundance information (alignment files); (iii) Combine
DNA embeddings and abundance information to generate final
embeddings; (iv) Perform clustering; (v) Refine results using ex-
ternal features (e.g. length, single-copy gene markers).
DNABERT-S specifically targets step 1 rather than end-to-
end metagenomics binning. To evaluate its effectiveness, we
implemented step 4 using the straightforward approach
detailed in Algorithm 1 (Supplementary Section S7 in
Supplementary Material), comparing DNABERT-S against
other methods for step 1 (sequence embedding) only. We delib-
erately omitted steps 2, 3, and $ to isolate and assess the impact
of DNA embeddings alone. Despite our approach using much
less available information (sequences only, without alignments
or external features) and employing a simplified clustering algo-
rithm, compared to complete binning methods like SemiBin2,
we provide some comparison results with SemiBin2 on five
CAMI2 samples to illustrate its effectiveness. Since SemiBin2
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Figure 5. Compare DNABERT-S-based metagenomics binning algorithm with complete metagenomics binning tool SemiBin2. The bin size represents
the number of unique species identified by each model, and different colors represent the F1 score of the identified species. With an F1 score >0.5,

DNABERT-S identifies more species than SemiBin2 in 4/5 datasets.


https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btaf188#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btaf188#supplementary-data

DNABERT-S i263
Table 3. Performance of DNABERT-2 and HyenaDNA on K-Means clustering measured by Adjusted Rand Index (ARI).?

Synthetic Marine Plant Ave.
Dataset ID 0 1 0 1 2 3 4 0 1 2 3 4
DNABERT-2 w/o 15.73 16.74 13.24 13.53 12.99 10.41 11.87  15.70 16.28 16.32 13.99 13.66 14.21
DNABERT-2 w/ 69.33 6837 53.18 5194 5191 46.60  49.69  49.05 50.33 49.68 48.57 49.83 50.08
A 53.61 51.63 39.94 3841 38.93 36.19 37.82  33.35  34.05 33.36 3457 36.17  39.00
HyenaDNA w/o 20.04 18.99 16.54 16.64 16.47  13.3§ 14.85 24.06 2533 26.18 21.01 21.16 19.55
HyenaDNA w/ 57.58 55.19 4292 42,68 4224 36.17 40.10 4142 4036 40.46 36.87 38.25 42.85
A 37.54 3620 26.38  26.04 25.77 22.82  25.24 17.36 15.03 14.28 15.86 17.09  23.30

? A: the model’s performance improvement after contrastive training.

Table 4. Performance of DNABERT-2 and HyenaDNA on few-shot classification measured by Macro F1 score.?

Synthetic Marine Plant Ave.
Num Shots 1 2 5 10 1 2 5 10 1 2 5 10
DNABERT-2 w/o  24.43 34.81 48.93  58.58 19.50  28.45 40.64 48.98 21.04 28.16 38.50 45.46 36.46
DNABERT-2 w/ 72.02  78.63 84.55 86.99 4823 5790 64.80 67.94 4497 5235 60.35 64.63  65.28
A 47.60  43.83 35.62  28.41 28.73 2945  24.16 1896  23.92 2420 21.85 19.17  28.82
HyenaDNA w/o 30.13  41.18 54.86 64.03 2392 3394 4747  55.50 28.15 36.97 4820  55.24  43.30
HyenaDNA w/ 59.58 67.79  74.62 78.53 43.60 53.70 62.00 65.55 4346 52.12 5940 62.80 60.26
A 29.45  26.62 19.76 14.50 19.68 19.76 14.52 10.05 15.31 15.15 11.20 7.55 16.96

* A: the model’s performance improvement after contrastive training.

was mainly designed for short-read contigs, while our model is
trained and evaluated primarily on long-read contigs, we collect
five extra samples from the CAMI2 plant-associated dataset
that contain short-read contigs. We apply the same evaluation
criterion as described in Section 5.3.

As shown in Fig. 5, despite only using a portion of available
information, the binning algorithm based on DNABERT-S
embeddings achieves comparable or slightly better performance
than SemiBin2, one of state-of-the-art complete metagenomics
binning tool. This further demonstrates the effectiveness of
DNABERT-S embedding in clustering and segregating sequen-
ces by species through DNA Embedding and shows its potential
to further improve the area of metagenomics binning.

5.7 Selection of backbone model

This section delineates a comparative analysis of existing ge-
nome foundation models in the context of DNA embedding
generation. We evaluated four renowned models: DNABERT
(Ji et al. 2021), DNABERT-2 (Zhou et al. 2023), Nucleotide
Transformer (Dalla-Torre et al. 2023), and HyenaDNA
(Nguyen et al. 2023). Notably, DNABERT and the
Nucleotide Transformer exhibit strict input sequence length
limitations of 512 and 6144 (V1) or 12288 (V2) base pairs,
respectively. Conversely, DNABERT-2 and HyenaDNA do
not impose such constraints. Considering the potentially ex-
tensive length of genome sequences in metagenomics binning,
our preliminary experiments focused solely on DNABERT-2
and HyenaDNA. We start contrastive training from the
pre-trained checkpoint of each model.

We train both models on our contrastive training datasets with
the same set of hyperparameters for three epoch. We save check-
points periodically and select the best checkpoint based on the
models’ validation loss on the validation set. Since HyenaDNA,
in general, requires larger learning rates than DNABERT-2, we
train it with three different learning rates (3¢ -4, 3e-35, and
3e - 6) and select the one that works best. For DNABERT-2, we
only train it once with a learning rate of 3¢ — 6. To avoid the im-
pact of other factors, such as the schedule of curriculum learning,

we train both models with the Weighted SimCLR loss only in the
entire training process. We evaluate the models before and after
contrastive training on our evaluation benchmark.

Table 3 presents the performance of both pre-trained
DNABERT-2 and HyenaDNA, with and without contrastive
training, in K-means clustering evaluations. DNABERT-2, de-
spite underperforming without contrastive training, demon-
strated superior performance compared to HyenaDNA post-
training, highlighting its efficacy in learning effective DNA
embeddings. Similar trends are observed in few-shot species
classification scenarios, as detailed in Table 4. While
DNABERT?-2 initially exhibited subpar performance, it largely
improved post-contrastive training, achieving the best results.
Thus, DNABERT-2 was chosen as the backbone model for
DNABERT-S.

6 Discussion

We introduce DNABERT-S, a model tailored for species-aware
DNA embeddings, which is empowered by the proposed
Manifold Instance Mixup (MI-Mix) training objective and the
Curriculum Contrastive Learning (C*LR) strategy. We perform
extensive experiments on 23 datasets across thousands of differ-
ent species and a variety of challenging tasks, including species
clustering, classification, and metagenomics binning, to demon-
strate the DNABERT-S’s capability of species differentiation.
Furthermore, we conduct a series of experiments on the train-
ing objective, backbone model selection, impacts of sequence
length, and feature dimension to provide empirical insights for
DNA embedding learning. We also compare DNABERT-S with
traditional techniques like MMSeq2 in the problem of species
differentiation and demonstrate that DNABERT-S can achieve
slightly better performance with less amount of labeled samples.
We envision DNABERT-S to potentially change the way geno-
mic problems are approached from an embedding perspective.
The primary limitation of DNABERT-S lies in its high compu-
tational demands, a common trait among deep learning models,
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when compared to more traditional, lightweight methods like
Tetranucleotide Frequencies (TNF).

To efficiently handle massive scale data, especially in cases
where computing and memory are limited, one may further
distill and quantize the model for embedding calculation
while compressing the feature dimension as discussed in
Supplementary Fig. S10 (Supplementary Appendix S9.7 in
Supplementary Material).

Supplementary data

Supplementary data are available at Bioinformatics online.
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