Computational and Structural Biotechnology Journal 23 (2024) 3430-3444

FI. SEVIER

Contents lists available at ScienceDirect
Computational and Structural Biotechnology Journal

journal homepage: www.elsevier.com/locate/csbj

Research article

Check for

BaseNet: A transformer-based toolkit for nanopore sequencing

signal decoding

Qingwen Li ™", Chen Sun ¢, Daqian Wang ", Jizhong Lou

a,b,c,**

@ Key Laboratory of Epigenetic Regulation and Intervention, Center for Excellence in Biomacromolecules, Institute of Biophysics, Chinese Academy of Sciences, Beijing

100101, China
b University of Chinese Academy of Sciences, Beijing 100049, China
¢ Beijing Polyseq Biotech Co. Ltd., Beijing 100089, China

ARTICLE INFO ABSTRACT

Keywords: Nanopore sequencing provides a rapid, convenient and high-throughput solution for nucleic acid sequencing.

Nanopore sequencing Accurate basecalling in nanopore sequencing is crucial for downstream analysis. Traditional approaches such as

?aseC?H Hidden Markov Models (HMM), Recurrent Neural Networks (RNN), and Convolutional Neural Networks (CNN)
ransiormer

have improved basecalling accuracy but there is a continuous need for higher accuracy and reliability. In this
study, we introduce BaseNet (https://github.com/ligingwen98/BaseNet), an open-source toolkit that utilizes
transformer models for advanced signal decoding in nanopore sequencing. BaseNet incorporates both autore-
gressive and non-autoregressive transformer-based decoding mechanisms, offering state-of-the-art algorithms
freely accessible for future improvement. Our research indicates that cross-attention weights effectively map the
relationship between current signals and base sequences, joint loss training through adding a pair of forward and
reverse decoder facilitate model converge, and large-scale pre-trained models achieve superior decoding accu-
racy. This study helps to advance the field of nanopore sequencing signal decoding, contributes to technological

Machine learning algorithm

advancements, and provides novel concepts and tools for researchers and practitioners.

1. Introduction

Nanopore sequencing has emerged as a pivotal technology in modern
genomics, offering fast, convenient and high-throughput sequencing for
both DNA and RNA. This technique involves passing a DNA or RNA
strand through a nanopore and measuring changes in ionic current to
determine the sequence of nucleotides. Due to its speed, cost-
effectiveness, and portability, nanopore sequencing has been widely
applied in genomics research, medical diagnostics, personalized medi-
cine, and other related fields. In 2018, Jain et al. [1] developed an
ultra-long read length method using ONT’s CsgG mutant R.9.4.1, suc-
cessfully de novo sequencing the reference human genome from the
GM12878 cell line. This method achieved 30-fold genome coverage and
an impressive 99.88 % sequence accuracy, comparable to other short-
and long-read platforms. Additionally, Davenport et al. [2] employed
nanopore sequencing to map 5-methylcytosine signals across the
genome, integrating these findings with gene transcription profiles of
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regenerative liver and primary hepatocellular carcinoma. Their work
highlighted glucokinase as a tumor suppressor gene, which inhibits liver
cancer cell proliferation by inducing lactate accumulation. The impor-
tance of rapid pathogen detection in clinical settings is underscored by
the use of ONT MinION sequencers in tracking multiple outbreaks,
including Ebola [3] and influenza [4] in Guinea, Zika in Brazil and the
United States [5], and SARS-CoV-2 Alpha and Delta variants in Ukraine
[6]. Furthermore, Boykin et al. [7] utilized MinION for metagenomic
sequencing to detect cassava mosaic virus infection in cassava plants,
completing the entire process—from sample collection to sequencing
analysis—within 3 h at a cassava farm in the southern Sahara Desert.
Accurate decoding of nucleic acid sequences from the current signal
change is crucial for effective downstream analysis in nanopore
sequencing. These signal changes are complex, necessitating the use of
artificial intelligence-based algorithms to decode the base sequence
accurately [8]. However, raw electrical signals are often influenced by
various factors including system noise, base drift, and the heterogeneity
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of through-pore velocities etc. Consequently, achieving high-precision
signal decoding in nanopore sequencing is a challenging yet essential
for its widespread application and reliability [9].

Nanopore sequencing and speech recognition technology share
several fundamental characteristics, as both require the effective
modeling of temporal dependencies within noisy, variable-length sig-
nals and the transformation of continuous, complex data into mean-
ingful sequences—whether those sequences are nucleotide bases or
spoken words. While the development trajectory of nanopore base-
callers follows a similar path to that of speech recognition models, it is
important to note that the progress in nanopore basecaller development
has significantly lagged behind advancements in speech recognition [10,
11]. Previous studies have predominantly employed basecallers con-
structed using methods such as Hidden Markov Models (HMM) [12],
Recurrent Neural Networks (RNN), and Convolutional Neural Networks
(CNN) [13-15] to decode the raw electrical signals in nanopore
sequencing. While these methods have achieved significant success, they
also have limitations. HMMs require manual feature extraction from
signals and have limited capabilities for modeling long-range de-
pendencies [16]. RNNs can model long-range dependencies but suffer
from issues such as vanishing and exploding gradients. CNNs, on the
other hand, struggle to capture temporal information in sequences.
These limitations restrict the decoding accuracy and reliability of some
existing basecallers.

To address these challenges, the transformer model was originally
proposed for machine translation tasks [17], leveraging self-attention
and multi-head attention mechanisms to capture long-range de-
pendencies in sequences. It has since achieved remarkable milestones in
natural language processing, image recognition [18-20], and automatic
speech recognition [21,22], demonstrating powerful capabilities in
biology as well, including protein generation, structure prediction, drug
design, and biological sequence recognition [23-25]. Transformer’s
ability to effectively model long-range dependencies makes it a prom-
ising tool for many applications. However, in the field of nanopore
sequencing, the application and development of transformer remains
limited. Recent efforts have only utilized the transformer encoder and
connectionist temporal classification (CTC) decoder for basecalling
[26], leaving much potential for further exploration and advancement.

Here, we introduce BaseNet, an open-source toolkit that provides a
transformer-based advanced algorithm platform for signal decoding in
nanopore sequencing. BaseNet features several key components: 1).
Autoregressive decoding: a transformer model using beam search for
enhanced accuracy; 2). Non-autoregressive decoding: a transformer
with a rescore decoding mechanism, trained using a combination of CTC
and attention-based encoder-decoder (AED) [27]; 3). Paraformer: a
non-autoregressive decoder employing a Continuous Integrate-and-Fire
(CIF) based predictor and a glancing language model (GLM) based
generator [28]; 4). Large-scale pre-trained model: a model fine-tuned
using contrastive learning and diversity learning for improved perfor-
mance on nanopore sequencing data [29]; 5). Conditional random field
(CRF) model: refined by a linear complexity attention mechanism to
enhance decoding efficiency [30].

To our knowledge, BaseNet is the first to introduce transformer-
based autoregressive and non-autoregressive decoding mechanisms in
nanopore sequencing. Importantly, BaseNet provides several state-of-
the-art transformer algorithms publicly available for for free access
and further improvement. Below we outlines the main algorithm prin-
ciples and model structures within BaseNet, as well as experimental
results on key benchmark datasets of nanopore sequencing. Our results
demonstrates that BaseNet achieves competitive performance, compa-
rable to recent basecallers from Oxford Nanopore Technologies (ONT).
The cross-attention weights in the transformer model effectively map
the relationship between current signals and base sequences, joint loss
training by adding forward and reverse decoders on the top of model
improves convergence, and large-scale pre-trained model achieves
higher decoding accuracy. Our findings also reveal the existence of
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common ‘generic features’ between speech waveforms and sequencing
signals in model representation, highlighting the versatility and
robustness of BaseNet in handling diverse signal types.

Thus, our studies advance the development of nanopore sequencing
signal decoding, contribute to technological improvement, and provide
novel ideas and valuable references for the field.

2. Materials and methods

The raw current signals generated by nanopore sequencing are fed
into BaseNet, which decodes the base sequences using its advanced
decoding methods.

2.1. Benchmark dataset

The benchmark dataset used in this study was proposed by Wick
et al. and has been widely adopted for training and testing multiple
basecallers [31]. It consists of both a training set and a test set. The
training set includes genomes from fifty species, comprising 30 Klebsi-
ella pneumoniae genomes, 10 Enterobacteriaceae genomes, and 10
Proteobacteria genomes. The test set contains genomes from 10 species,
including 4 Klebsiella pneumoniae genomes, as well as genomes from
Acinetobacter pittii, Haemophilus haemolyticus, Serratia marcescens,
Shigella sonnei, Staphylococcus aureus, and Stenotrophomonas malto-
philia. Each dataset includes raw current signals along with their cor-
responding contig sequences. To ensure the accuracy of the label
sequences, Wick et al. performed second-generation sequencing and
assembly to obtain the contig sequences. The proportion of various bases
in the dataset and the distribution statistics of data size and read length
of each species are shown in the Fig. 1.

Before model training, the original signal underwent preprocessing,
which included normalization and segmentation.

Initially, the signals were evaluated to determine a noise threshold,
computed as follows:

Osignal

threshold = threshold_factor

Where the threshold factor was set to 6.0 in this study.

This threshold served as a baseline for identifying sections of the
signal with higher-than-average noise levels. The signals were then
divided into non-overlapping segments of a specified length, set to 100
in this study. The standard deviation of each segment was compared
against the threshold, and segments with a standard deviation exceeding
this threshold were flagged as noisy.

To identify continuous noisy regions, peak detection was performed
on the noise array. A peak-finding algorithm was employed to locate the
widest peak, representing the longest continuous noisy section. If such a
section was identified, it was used to compute the median and median
absolute deviation (MAD); otherwise, the entire signal was utilized for
median and MAD calculation. The MAD was calculated as follows:

MAD = median(|x — median(x)|) x factor

Where factor was set to 1.4826 in this study.
Finally, the normalized signals were obtained using the following
formula:

signal — median

normalized_signal =

Due to the long read lengths in nanopore sequencing, each current
signal is exceptionally lengthy. For the model’s training and validation,
we divided the original current signals into matrices with a maximum
length of 10,000 sampling points to enhance training efficiency. To
ensure accurate base sequences for each fragment and effective training,
we first performed basecalling on the electrical signals using Guppy
[32]. The resulting sequences were then aligned to the reference
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Fig. 1. Summary of benchmark dataset characteristics. (a) Data size statistics of each species in the dataset. (b) Read length distribution statistics of each species in

the dataset. (c) Statistics of different bases proportion in the dataset.
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genome, and only when mapping the alignment accuracy exceeded
60 %, the signal and its corresponding reference genome segment were
retained for the training and validation sets. The 60 % threshold was
selected based on preliminary experiments conducted using a 5-layer
LSTM model with a CTC decoder. These experiments demonstrated
that deviations from this threshold—whether increasing or decreasing
it—result in a decrease in model accuracy. A higher threshold reduces
the number of sequences, thereby limiting the diversity of the training
data, while a lower threshold includes sequences with major alignment
errors, introducing noise into the model training.

2.2. Self-attentionand fast-attention mechanism

The self-attention mechanism enables the model to simultaneously
attend to all positions in the sequence, capturing global dependencies.
This mechanism also automatically calculates importance weights for
each position based on the input sequence, allowing the model to focus
on meaningful positions relevant to the current task. Unlike traditional

Computational and Structural Biotechnology Journal 23 (2024) 3430-3444

fixed-weight mechanisms, self-attention provides greater flexibility to
adapt to various tasks and inputs. The computation is as follows:

(Q,K, V) = X(W, WK W)

Attention(Q,K, V) = softmax(2<)v
Ve

Here, X is the input matrix, W WX, W") are three trainable
parameter matrices. Q, K, and V are the query, key, and value matrices,
respectively, obtained by linear transformations of the input matrix. dy
denotes the dimension of the key.

The multi-head self-attention mechanism allows the model to learn
multiple different attention representations simultaneously. Each
attention head can focus on different parts of the sequence, providing
independent expressive capabilities. This approach captures semantic
information at various levels, enhancing the model’s ability to
comprehend the input sequence and improve its representation and
generalization capabilities. And the computation follows:

MultiHead(Q, K, V) = Concat(head,, ..., head;,) W°

q

Operation 1

R Transpose & Repeat
Operation 1 P F

Y © RO

Projection & Softmax
Matmal

U U

&

Fig. 2. Fast attention mechanism in BaseNet. This schematic illustrates the fast attention mechanism used in BaseNet. The method involves training separate
matrices, @ and S, each with dimensions [N, 1], for Q and K, respectively. These matrices are used to perform a weighted summations on Q and K, resulting in
transformed matrices Q" and K’. The transformed matrices are then multiplied together, reducing the computational complexity to O(N-d).
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head; = Attention(QWZ, KWK, VW)

Where W* is a trainable parameter matrix.

The algorithmic complexity of the attention mechanism described
above is O(N*-d), where N represents the sequence length and d denotes
the dimensionality of the matrices, resulting in a quadratic increase in
computational efficiency relative to the sequence length. To alleviate
computational costs, Wu et al. proposed a fast attention mechanism with
linear complexity[30]. This method involves training separate matrices
a and p, both with dimensions [N, 1], for Q and K, respectively. These
matrices are used to perform a weighted summation on Q and K,
resulting in transformed matrices Q” and K’. Subsequently, the trans-
formed matrices are multiplied together, reducing the complexity to O
(N-d) [30]. The fast attention mechanism we have developed is illus-
trated in Fig. 2.

2.3. Autoregressive transformer and beam search

The model in this study draws inspiration from the transformer
model initially proposed by the Google Machine Translation team|[17],
with specific adaptations tailored for nanopore sequencing data as
shown in Fig. 3. It primarily comprises convolutional modules for
feature extraction and down-sampling, an encoder for context modeling
to generate hidden vectors, and a decoder for predicting the next time
step output based on hidden vectors and generated sequences. Both the
encoder and decoder modules consist of 8 layers. The model employs the
self-attention mechanism in both the encoder and decoder stages.

In the inference stage, to enhance prediction accuracy, we combine
autoregressive decoding with a beam search strategy. A beam size of 4 is
selected, meaning that at each time step t during inference, the model
retains the top 4 sequences with the highest scores. These sequences are
then used as input for predicting the sequences at time step t + 1 (i.e.,
retains top sequences with the highest scores among the 16 candidate
sequences). The process is repeated iteratively until the decoding is
complete. Finally, the sequence with the highest cumulative score across
all time steps is selected as the decoding result.

Pev =

Computational and Structural Biotechnology Journal 23 (2024) 3430-3444
2.4. Pre-training and fine-tuning based on large-scale model

Baevski et al. previously introduced wav2vec2.0 [29], a
self-supervised pre-training method that has shown significant success
in speech recognition. Inspired by their research, we develops a
large-scale model based on contrastive learning and diversity learning
(Fig. 4). The model includes a feature extraction module (comprising 7
1D convolution layers), an encoder module for context modeling (con-
sisting of 12 transformer encoding layers), and a quantization module
for learning discrete common features (implemented using a linear
layer). In the training process, Gumbel softmax is utilized to differentiate
quantized features. Its calculation principle is as follows:

_exp((ly +m)/7)
k; exp((Lx +my) /7)

Where 7 is a non-negative constant, geG , veV, G is the number of
codebooks, and V is the dimension of each codebook.

The model achieves convergence through Contrastive Loss, which
calculates the cosine similarity between context representation and the
quantized representation, and Diversity Loss, which expands the space
range of codebook. Their calculation principle are as follows:

>~ exp(sim(c, q)/x)
~Q

Contrastive Loss = — log

c¢ represents the output feature of the encoder at the t-th masked time
step, g; denotes the discrete feature encoded by the quantization module
at the t-th masked time step, and Q; includes g; and the k distractors at
other time steps encoded by the quantization module.

G GV
1

1
Diversity Loss = — —H = — J1o
ty GV ng: (129} v o ;pg. 8 Pgv
Through the aforementioned pre-training process, the encoder ac-
quires generalized features with high robustness. In the fine-tuning
phase, we devised seven strategies to enhance the model’s perfor-
mance: 1). Adding a linear projection; 2). Incorporating an encoder layer
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Fig. 3. Autoregressive Transformer-based model architecture for nanopore sequencing. The schematic illustrates the architecture of the autoregressive transformer
model tailored for nanopore sequencing data. The model includes convolutional modules for feature extraction and down-sampling, an encoder composed of 8 layers

for context modeling, and a decoder with 8 layers for sequence generation.
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Fig. 4. Self-supervised large-scale model architecture in BaseNet. The schematic illustrates the self-supervised large-scale model architecture developed in BaseNet.
The model comprises three key components: a feature extraction module, an encoder module for context modeling, and a quantization module for learning discrete

common features through self-supervised pre-training.

followed by a linear projection; 3). Introducing two encoder layers fol-
lowed by a linear projection; 4). Including three encoder layers followed
by alinear projection; 5). Combining a linear layer, an encoder layer and
a linear projection; 6). Including a linear layer, two encoder layers and a
linear projection; and finally 7). Incorporating a linear layer, three
encoder layers and a linear projection atop the models. These strategies
are evaluated to determine the most suitable fine-tuning method for
decoding nanopore sequencing signals. During fine-tuning, the models

3435

were optimized by minimizing the CTC loss.

2.5. Joint loss training and rescore mechanism

The rescore model comprises three main components: a shared
encoder, a CTC decoder and attention decoder, as shown in Fig. 5. The
shared encoder consists of 6 transformer encoder layers. The CTC
decoder consists of a single linear layer, while the attention decoder
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Fig. 5. Rescore and joint loss training model in BaseNet. This schematic illustrates the rescore and joint loss training model used in BaseNet. The model consists of
three main components: a shared encoder, a CTC decoder and attention decoders. The training process utilized a joint loss to optimize performance.

consists of either three layers each of forward and reverse decoder layers
(referred to as bidirectional decoder) or just three layers of forward
decoder layers (referred to as unidirectional decoder) [27].

We train the model by converging a joint loss consisting of CTC loss
and AED loss.

Lioint (%, ¥) = ALcre(X,Y) + (1 — A)Lapp (X, )

Where x is the output probability matrix, y is the label, and A is a
hyperparameter between 0 and 1.

During the rescore decoding stage, the CTC decoder first utilizes CTC
prefix beam search to generate n-best candidate sequences. Subse-
quently, the attention decoder rescores the candidate sequences and
selects the sequence with the highest score as the final decoding output.

2.6. Paraformer
The Paraformer model includes an encoder for generating hidden

representations, a predictor that generates acoustic embeddings and
predicts sequence lengths, a sampler that randomly samples acoustic

3436

and target embeddings to create semantic embeddings, and a decoder
that generates outputs based on the semantic embedding and hidden
representations [28] (Fig. 6).

However, due to extensive computational requirements, each epoch
of training takes over 16 h, we did not train this model because of the
limitation on computational resources. Instead, the algorithm code is
provided for reference and further exploration.

2.7. Model training

The AdamW optimizer at an initial learning rate of 0.001 and weight
decay of 0.01 was used to train the models, which dynamically adjusts
the learning rate to optimize the training process. BaseNet provides
three learning rate schedulers: CosineDecay [33], Noam [17] and
WarmupLR [34]. Fig. 7a illustrates the learning rate variation under
different schedulers. Their calculation methods are as follows:
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Fig. 6. Paraformer Architecture in BaseNet. The schematic depicts the architecture of the Paraformer model developed in BaseNet. The model features an encoder for
generating hidden representations, a predictor for producing acoustic embeddings and predicting sequence lengths, a sampler for randomly creating semantic
embeddings, and a decoder for generating outputs.
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step

CosineDecay : Ir = min_val + ———
warmup_step

-(max_val — min_val) for step

< warmup_step

(max_val — min_val)-(1 + cos(z-_ SB-warmp.step

total_step—warmup_step
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Number of deleted bases
Length of alignment
The overall median values of the above metrics were used to

compare our model with other methods, which were also adopted in
multiple basecaller studies for performance evaluation and

Deletion rate = x 100%

CosineDecay : Ir = min_val + 3

0. —1.5)

Noam : Ir = base_Ir-model_size™*°-min(step~°?, step-warmup_step

WarmuplR : Ir

= base_lr-warmup_step®* -min(step°®, step-warmup_step~')

The training was performed on 8 Nvidia A100 40 G GPUs. The
autoregressive transformer (39,552,533 parameters) was trained using
the cross-entropy loss function and Noam scheduler, excluding the loss
for the padding token (PAD). The label sequences are smoothed with a
smoothing coefficient of 0.1. The model was trained for 16 epochs with a
batch size of 2. The training was performed in parallel, taking a total of
164 h. The large-scale model was pre-trained for 6 epochs with a batch
size of 5, taking 209.78 h through CosineDecay scheduler. Each of the
large-scale speech or signal fine-tuned and scratch models (97,137,664
parameters) was trained for 10 epochs with a batch size of 5, taking
124 h through CosineDecay scheduler. The joint loss training by War-
mupLR scheduler with bidirectional decoder (29,700,511 parameters)
was performed 50 epochs, consuming 240 h totally. The joint loss
training by WarmupLR scheduler with unidirectional decoder
(21,414,938 parameters) was performed 35 epochs, consuming 130 h
totally.

2.8. Accuracy evaluation

The basecalling results are aligned to the reference genome using
minimap2 [35] and the prediction accuracy is calculated as the simi-
larity between the basecalled sequence and the corresponding true
sequence. The similarity is defined based on the following four metrics:

Identity: the percentage of matching bases between the basecalled
sequence and the true sequence. It represents the proportion of correctly
identified bases.

Number of matched bases

100%
Length of alignment x °

Identity =

Mismatch rate: the percentage of bases in the basecalled sequence
that do not match the true sequence. It represents the rate of incorrectly
identified bases.

Number of mismatched bases
Length of alignment
Insertion rate: the percentage of bases present in the basecalled

sequence but absent in the true sequence. It represents the rate of false-
positive insertions.

Mismatch rate = x 100%

Number of inserted bases

0,
Length of alignment x 100%

Insertion rate =

Deletion rate: the percentage of bases present in the true sequence
but not detected in the basecalled sequence. It represents the rate of
false-negative deletions.
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for step > warmup_step

comparation.
3. Results and discussion
3.1. Autoregressive termination constraint

In autoregressive decoding, it is crucial to appropriately constrain
the generation of the end of sequence (EOS) token to achieve optimal
model performance. Here, we introduce a parameter called the
constraint weight (w). The value of w ranges from 0 to 1. w= 0 indicates
no constraint on the generation of the EOS token, and w = 1 means that
the model does not consider generating the EOS token and decode until
it reaches the maximum length. We compared the prediction accuracy of
autoregressive transformer under different values of w on the same test
data (Fig. 7b). The results indicate that the model performance signifi-
cantly deteriorates when there is no constraint on EOS generation (w=0)
or when there is a strict constraint (w>=0.8). The model performs stably
and well within the range of 0.1 to 0.7.

3.2. Mapping between current signal and base sequence in the cross-
attention layer

The cross-attention mechanism enables the decoder to derive hidden
representations of the electrical signals from the encoder’s output and
apply them to the base sequence decoding process. In the cross-attention
layer, the queries Q come from the base sequences, which serve as the
input to the decoder, while the keys K and values V are derived from the
encoder’s output, originating from the current signals. This mechanism
establishes attention relationships between the generated base se-
quences and the current signals.

At each position in Q, the cross-attention mechanism calculates the
attention weights between the current base and all positions in the en-
coder’s output. This allows the decoder to focus on and utilize the cor-
responding current waveform information related to the base sequence.
In the temporal domain, there is theoretically a linear correspondence
between the current signals and the base sequences. Specifically,
changes in the base sequences result in corresponding changes in current
signals, and these changes are approximately linear.

Next we investigate whether transformer models can learn and
capture this correlated relationship. To achieve this, attention weights
were extracted and visualized from the cross-attention layers in autor-
egressive transformer (Fig. 8 and S1). It is revealed that the strength of
the linear relationship varies across different layers of the transformer
decoder. Specifically, the relationship exhibits a weak-strong-weak
pattern, with the highest strength observed in the fourth to sixth
layers, indicating these layers are most effective at capturing the linear
correlation. Conversely, the linear relationship is weaker or absent in the
first to third layers and the seventh to eighth layers.

The lack or weakening of the linear relationship in the first to third
layers can be attributed to their focus on local features and limited
ability to capture the overall linear relationship. These layers may pri-
marily concentrate on extracting local patterns and features, resulting in
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Fig. 8. Cross-attention weights between current signals and base sequences in transformer decoder. (a) Visualization of cross-attention weights across different
decoder layers for a specific sequence. The linear relationship between signal and sequence follows a weak-strong-weak pattern among layers. Layers four to six
exhibit the strongest linear relationships, indicating that they effectively capture both local and global features. In contrast, layers one to three and seven to eight
show no or weaker linear relationships, indicating a focus on either local or global features without integrating both. (b) Visualization of cross-attention weights

across different sequences in decoder layer four.

a weaker capacity to learn the global linear relationship. The weakening
of the linear relationship in the seventh and eighth layers can be
attributed to their emphasis on global features while overlooking the
local linear relationship. Both layers may excel in capturing global
patterns and features but exhibit a weaker ability to learn the local linear
relationships.

In contrast, the fourth to sixth layers demonstrate the strongest linear
relationship, suggesting that they strike a better balance in attention
weight learning, allowing them to simultaneously capture both local and
global features. These layers appear to be more proficient in capturing
the linear relationship between the base sequences and the current
signals. It is particularly noteworthy that in the fourth layer, the
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attention heads all exhibit a strong linear relationship.

Thus, it is suggested that the attention weights from the fourth to
sixth of the cross-attention layers can be extracted to establish an
appropriate weight threshold. To determine this threshold, one potential
approach involves analyzing the distribution of attention weights across
the fourth to sixth layers of the cross-attention mechanism. By exam-
ining this distribution, researchers could identify natural cutoffs or
peaks that may serve as effective thresholds. Another method could
involve the application of statistical techniques, such as selecting a
threshold based on the percentile of weights, to isolate the most sig-
nificant attention contributions. By doing so, the current signal points
that exhibit a strong correlation with specific bass can be identified. This
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Fig. 9. Performance comparison of different large-scale models. (a) Performance comparison of different fine-tuned models. Among the 7 fine-tuned models, the
model with one additional linear layer achieved the best performance, reaching 95.86 % identity after 10 epochs of fine-tuning. (b) Accuracy comparison of large
models under different training conditions as indicated. (c) Training loss curves for signal fine-tuning, speech fine-tuning, and training from scratch.

approach enables the assignment of current signal points to their cor-
responding bases, thereby establishing the correspondence between
current signal points and bases to achieve alignment. This alignment
method, based on attention weights and thresholds, offers a new strat-
egy for data chunking and training set construction.
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3.3. Performance of large-scale model pre-training and fine-tuning

In this study, the large-scale model underwent five rounds of pre-
training based on nanopore sequencing signals, followed by fine-
tuning (signal fine-tuning). To determine the optimal fine-tuning strat-
egy, we loaded the pre-training weights of wav2vec2.0 into our large-
scale model and performed fine-tuning training (speech fine-tuning).
After 10 epochs, we found that the model with only one added linear
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layer exhibited the best decoding performance, achieving 95.86 %
identity (Fig. 9a).

To address concerns regarding potential overfitting, we carefully
monitored corresponding metrics throughout the training process
(Fig. S2). Specifically, we tracked the loss on the validation set and the
training set across each epoch, as well as monitoring the identity on the
validation set. The results demonstrated that the loss on the validation
set consistently decreased alongside the training set loss, without any
divergence that would indicate overfitting. Furthermore, the validation
identity improved steadily throughout the training process. These ob-
servations confirm that all 7 fine-tuned models did not experience
overfitting, maintaining strong generalization capabilities throughout
the training phase.

The finding indicates that incorporating too many or overly complex
fine-tuning layers in large-scale pre-trained models does not necessarily
enhance performance. Instead, adding just a linear layer based on the

Computational and Structural Biotechnology Journal 23 (2024) 3430-3444

requirements of the task can yield desirable results. Excessive or com-
plex fine-tuning layers may introduce too many parameters and
complexity, leading to overfitting or performance degradation. There-
fore, in subsequent fine-tuning studies, we opted to add only one linear
layer.

Simultaneously, we also trained the large model from scratch using
CTC loss (training from scratch). The results (Fig. 9b-c and Supplemental
Table 1) indicate that signal fine-tuning yields the best performance.
This is understandable, as during the pre-training process, the large-
scale model learns efficient, robust, and generic high-dimensional fea-
tures from the input signals. Fine-tuning with supervised data refines
these ‘generic features’ into ‘task-specific features’, thereby effectively
applying these features to downstream tasks. Notably, the evaluation
accuracy of speech fine-tuning significantly surpasses that of training
from scratch, despite having similar training curves.

In speech recognition, the model extracts speech features from the
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Fig. 10. Performance comparison of different basecallers. (a) Identity comparison of different basecallers. (b) Identity comparison of different basecallers under
different sequence lengths. Error bars represent standard errors. Fine-tuned model performs best across all lengths, and when the sequence length exceeds 20,000, the

Joint-CTC model outperforms the Bonito-CRF model.
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original audio signal, while in nanopore sequencing current decoding, it
extracts base sequence information from the current signal. These two
tasks share similarities in signal extraction processes. Additionally, both
speech recognition and nanopore sequencing current decoding require
the model to recognize and learn specific patterns in the data.

These findings suggest shared underlying structures or patterns be-
tween speech recognition and nanopore sequencing current decoding.
The high-dimensional hidden representations for both tasks exhibit
similarities within the model, indicating that current signals and speech
waveforms share common ‘generic features’.

When researchers discover a new nanopore protein, the task of
rapidly and cost-effectively constructing a high-quality dataset from
scratch can be overwhelming. Insights from above studies suggest a
potential solution to this challenge. By performing unsupervised pre-
training on large-scale models, researchers can leverage existing
knowledge and subsequently apply few-shot learning using a limited set
of known full-length sequencing signals. This approach can reduce the
need for extensive labeled data and expedite the initial development of
decoding models, enabling quicker iterations toward the creation of
high-quality datasets and the refinement of high-precision models. In
future studies, we will experiment with this approach, assessing the
effectiveness of combining large-scale pre-training with few-shot to
rapidly adapt BaseNet to new nanopore protein.

3.4. Joint loss training improves model performance

Next, we compared the performance of unidirectional and bidirec-
tional decoder rescore models in the task of nanopore sequencing signal
decoding. The models were evaluated at the 35th epoch, with the uni-
directional decoder achieving an identity of 94.57 %, while the bidi-
rectional decoder slightly outperformed it at 94.66 % (Supplemental
Table 2). Both models were trained using a combination of weighted
CTC and AED loss (joint loss), enabling independent decoding by the
encoder.

To further investigate the decoding capabilities of the encoder, we
conducted ablation experiments by comparing the performance of the
encoder-only approach with the encoder-decoder architecture. Surpris-
ingly, both the unidirectional and bidirectional decoders achieved
comparable performance to their respective complete models when
using the encoder-only approach (Supplemental Table 2).

Subsequently, we focused on training the encoder alone using the
CTC loss. The results revealed that training the encoder solely with CTC
loss resulted in 94.18 % identity after 35th epoch (Supplemental
Table 2).

These findings suggest that the non-autoregressive transformer
rescore mechanism has limited potential for performance improvement
in nanopore sequencing signal decoding. However, joint loss training of
the model using CTC and attention mechanisms proves to be highly
effective in enhancing model performance.

3.5. Comparison of different basecallers

We compared the performance of five different basecallers, which
are deep learning-based decoding models for sequencing data, in terms
of decoding accuracy and inference speed. These basecallers include the
Fine-tuned model, which is a large-scale pre-trained model fine-tuned
with one linear layer, the Joint-CTC model trained through joint loss
and bidirectional decoder, the Bonito’s CRF model, the Fast-CRF model
which replaces LSTM layers of Bonito-CRF model with fast attention
layers, and the latest third party open source basecaller SACall.

The inference was conducted on an NVIDIA RTX 3090 24 G GPU. The
Fine-tuned model outperformed the latest ONT basecaller in decoding
accuracy after only 10 epochs of training (independent t-test, p = 0.0;
Fig. 10a, S3a,S3b, and S3c, and Supplemental Table 3-4). Although the
performance of Joint-CTC model and the Fast-CRF model lag behind the
Bonito-CRF model (independent t-test, Joint-CTC: p = 3.67e-57, Fast-
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CRF: p = 0.0), they significantly surpass SACall (independent t-test,
Joint-CTC: p = 0.0, Fast-CRF: p = 0.0). Further, the performance of
various basecallers was compared at different decoding lengths
(Fig. 10b, S3d, S3e and S3f). It can be seen that the Fine-tuned model
performs best across all lengths, and when the sequence length exceeds
20,000, the Joint-CTC model outperforms the Bonito-CRF model. These
findings establish that BaseNet achieves reasonable performance and
compares favorably with the ONT basecaller. Thus, BaseNet provides the
state-of-the-art open source basecallers.

We acknowledge that the current decoding speed of BaseNet, while
providing competitive accuracy, is slower compared to existing ONT
basecallers. This is primarily due to the complexity inherent in the
Transformer-based models that BaseNet employs, as well as its imple-
mentation in Python, which prioritizes flexibility and accessibility for
researchers. In contrast, ONT basecallers benefit from highly optimized
production code written in C+ + and CUDA. To address this, we are
actively pursuing several optimization strategies. Our future work will
focus on techniques such as model pruning, knowledge distillation, and
quantization, which have the potential to significantly reduce compu-
tational demands while maintaining accuracy. Additionally, we are
exploring more efficient transformer architectures, such as Linformer
[36] and Longformer [37], to further enhance BaseNet’s speed. We are
also considering the integration of hardware-aware techniques like
Flash-attention [38,39] to improve performance. These optimization
efforts are a priority in our ongoing and future research.

While BaseNet was originally developed for decoding DNA
sequencing signals, its model architecture is theoretically adaptable for
RNA basecalling. However, due to the distinct physical and chemical
properties of RNA, such as differences in pore velocity and direction
compared to DNA, specific adjustments to the model are necessary.
These adjustments may include increasing the convolutional stride,
increasing the model complexity, and implementing reverse decoding
strategies. In future work, we plan to explore these modifications and
assess BaseNet’s performance in RNA sequencing applications.

4. Conclusion

We introduce BaseNet, an open-source toolkit for nanopore
sequencing signal decoding based on state-of-the-art transformer algo-
rithm. Experiments and comparisons between BaseNet and other base-
callers demonstrate that BaseNet achieves reasonable performance and
comparable results. In addition, our study reveals several insights: cross-
attention weights of transformer effectively map the correspondence
between current signals and base sequences; joint loss training with the
addition of forward and reverse decoders aids in better model conver-
gence; large-scale pre-trained model achieve higher decoding accuracy;
and there are common ‘generic features’ between speech waveforms and
sequencing signals in model representation.
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