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Abstract

De novo peptide sequencing from mass spectrometry (MS)
data is a critical task in proteomics research. Traditional de
novo algorithms have encountered a bottleneck in accuracy
due to the inherent complexity of proteomics data. While
deep learning-based methods have shown progress, they re-
duce the problem to a translation task, potentially overlook-
ing critical nuances between spectra and peptides. In our re-
search, we present ContraNovo, a pioneering algorithm that
leverages contrastive learning to extract the relationship be-
tween spectra and peptides and incorporates the mass infor-
mation into peptide decoding, aiming to address these intri-
cacies more efficiently. Through rigorous evaluations on two
benchmark datasets, ContraNovo consistently outshines con-
temporary state-of-the-art solutions, underscoring its promis-
ing potential in enhancing de novo peptide sequencing.

Introduction

Peptide sequencing is an essential process for identifying
peptide sequences from mass spectrum (Aebersold and
Mann 2003). This technique has wide-ranging applications,
particularly in the analysis of proteins from complex bio-
logical samples (Chi et al. 2010), the identification of po-
tential drug targets for various diseases (Lin, Lin, and Lane
2020), and the discovery of post-translational modifications
on proteins (Mann and Jensen 2003). Database search-based
algorithms have emerged as the predominant methods (Ma
2010; Noor et al. 2021). These algorithms rank the pep-
tide sequences stored in human-built databases based on
the input spectrum, ultimately retrieving the most probable
sequence. However, a significant limitation of these meth-
ods stems from the relatively limited number of peptide se-
quences available in the database compared to the vast array
of peptides found in nature. As a result, the identification of
peptides using such methods can be severely restricted.
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Figure 1: De novo peptide sequencing process involves en-
zymatically cleaving peptides and analyzing them using
mass spectrometry. They undergo purification and ioniza-
tion, and selective fragmentation generates tandem mass
spectra. Sequencing algorithms use this data to decode the
peptide sequence. Deep learning-based algorithms can im-
prove the accuracy of this process.

With the emergence of deep learning techniques (LeCun,
Bengio, and Hinton 2015), new approaches have surfaced
to advance peptide mass spectrum sequencing. Particularly,
deep neural networks have demonstrated remarkable gen-
eralization capabilities (Novak et al. 2018) , capturing un-
derlying patterns that are common across diverse instances.
This elevated level of generalizability successfully circum-
vents the restrictions of the traditional methodologies, en-
abling the generation of new peptides from scratch, a process
known as de novo peptide sequencing, rather than relying
solely on retrieving existing ones from databases. As a pio-
neering work in utilizing deep learning for de novo sequenc-
ing, Tran et al. (2017) developed a deep learning system
named DeepNovo, which employed convolutional neural
network (CNN) to learn spectrum features and utilized the
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long short-term memory (LSTM) architecture (Hochreiter
and Schmidhuber 1997) for generating peptide sequences.
This combination of CNN and LSTM exhibited promising
results, paving the way for further advancements.

Recently, attention-based architectures (Vaswani et al.
2017), particularly the transformer model, have received
considerable recognition for their exceptional results in an
array of natural language processing tasks. Inspired by
these accomplishments, Yilmaz et al. (2022) proposed a
transformer framework, CasaNovo, that exploits the self-
attention mechanism to form a correlation between the se-
quence of mass spectral peaks and the sequence of amino
acids. Their approach attained state-of-the-art results on a
cross-species benchmark dataset, demonstrating the effec-
tiveness of attention mechanisms in addressing this problem.

Nonetheless, existing models often oversimplify the de
novo peptide sequencing challenge, regarding it only as a
sequence-to-sequence task while disregarding the valuable
connections between each spectrum and peptide. It’s been
observed that every spectrum holds plenty of information
that can be utilized to infer specific groups of amino acids,
and this information is frequently shared across different
spectra of comparable peptides. Therefore, by contrasting
the spectra of similar peptides, these shared features can be
extracted more effectively, consequently aiding in the pro-
cess of peptide generation. Furthermore, the contrastive ap-
proach can also be utilized with spectra corresponding to
unique peptides, enabling the model to differentiate between
seemingly similar but ultimately distinct peptide sequences.
In our approach, we use contrastive learning on a large set of
training pairs to efficiently capture and leverage these pair-
wise connections. We call our method ContraNovo, which
aims to improve the accuracy and robustness of de novo
peptide sequencing by harnessing the power of contrastive
learning.

Moreover, though mass spectrometry-based de novo se-
quencing algorithms heavily rely on the masses of amino
acids and peptide fragments, previous methods haven’t fully
capitalized on the importance of this data. For instance,
CasaNovo barely utilized amino acid masses during its
training phase. To resolve these shortcomings, ContraNovo
tackle this issue by incorporating amino acid masses in
two unique ways. First, we supply the decoder with es-
sential inputs. These inputs include the inferred masses of
already identified peptide fragments and temporarily unin-
ferred masses. By incorporating this mass information, we
enrich the context with valuable data to assist in the accu-
rate generation of peptide sequences. Second, we learn the
amino acid feature representation utilizing the mass infor-
mation. With the inclusion of mass data, the model is able to
make better-informed decisions about the amino acid at the
current position, leveraging the knowledge of mass compat-
ibility. ContraNovo effectively includes amino acid masses
both during the decoding process. By doing so, it leverages
this critical information to enhance the accuracy and efficacy
of de novo peptide sequencing algorithms based on mass
spectrometry.

In summary, our primary contributions to this field of study
include:
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* We introduce ContraNovo, a precise de novo peptide
sequencing method developed on contrastive learning.
It significantly bridges the gap between mass spectral
and peptide fragment features by implementing joint loss
training.

* ContraNovo is the first method that incorporates the mass
information of the prefix mass, suffix mass and amino
acids into the decoding process of peptide sequencing al-
gorithms.

* ContraNovo outperforms other methods and achieves the
highest performance on two benchmark datasets. This
firmly establishes it as a leading approach in the field.

Related Work

Contrastive Learning. Contrastive learning serves as a piv-
otal technique, empowering models to acquire meaningful
data representations through the comparison and contrast-
ing of diverse examples. In this approach, the model is
trained to discern similarities and differences between pairs
of data points, strategically bringing akin instances closer
in a learned embedding space while simultaneously push-
ing apart dissimilar ones. This process unveils latent pat-
terns and salient features within the data. Initially proposed
by Gutmann and Hyvérinen (2010), contrastive learning has
found widespread utility in various tasks such as image
representation learning (Park et al. 2020), text summariza-
tion (Liu et al. 2022), and object detection (Xie et al. 2021),
among others.

More recently, the concept of pretrained contrastive learn-
ing, exemplified by CLIP (Contrastive Language-Image Pre-
training) (Radford et al. 2021), has significantly facilitated
downstream tasks in image-text-related domains. Further-
more, CLIP’s impact has extended into biological stud-
ies, where Hong et al. (2021) employed the contrastive
loss on similar protein sequences to enhance multiple se-
quence alignment—a crucial aspect of proteomic research.
Altenburg, Muth, and Renard (2021), on the other hand, ap-
plied the CLIP concept to mass spectrometry and peptides,
leading to learned representations for both spectra and pep-
tides. Distinguishing our work from the aforementioned re-
search, we integrate contrastive learning into the learning
process, culminating in substantial enhancements for gen-
eration of De Novo tasks.

Peptide De Novo Sequencing. The advancement of de novo
peptide sequencing algorithms has been ongoing for over
two decades (Dancik et al. 1999). These methods range from
traditional probabilistic models (Ma 2015) to computation
models that leverage database searches (Taylor and John-
son 1997), and up to advanced deep learning models that are
widely used today. Notably, the use of transformer models
has been significantly transformative in improved de novo
peptide sequencing, as evidenced by recent studies. Pioneer-
ing research by Yilmaz et al. (2022) has successfully ap-
plied transformer architectures to peptide sequence gener-
ation, yielding encouraging outcomes. Informed by these
recent developments, we utilize an attention-based archi-
tecture complemented by multimodal strategies for the en-
hancement of the peptide sequence generation task. The fu-
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sion of these techniques is aimed at boosting the perfor-
mance of de novo peptide sequencing, which underscores
our contribution to the development of this ever-evolving re-
search field.

Methods

ContraNovo incorporates contrastive learning principles to
amplify its spectrum feature extraction capability. By inte-
grating the prefix mass, suffix mass, and the inherent at-
tributes of ContraNovo, a marked enhancement in the ac-
curacy of de novo peptide sequencing is realized. The archi-
tectural of ContraNovo is illustrated in Figure 2. Subsequent
sectiolns delve into the detailed composition of its submod-
ules.

Contrastive Learning of ContraNovo

Mass spectrometry primarily produces m/z values and peak
intensities, which are associated with the fragment ions of
the peptides. Given this, it’s rational to regard this data as a
distinct modality compared to peptide sequences. Drawing
inspiration from the CLIP (Radford et al. 2021), we sought
to enhance de novo peptide sequencing accuracy through
the contrastive learning of spectra and peptides. Our method
demonstrated notable efficacy, as detailed below.

Peak Embedding. Our peak embedding methodology refers
to the encoder approach from Casanovo, mirroring the po-
sitional encoder technique found in the transformer archi-
tecture. Specifically, for the m/z embedding, we employ an
equal count of sine and cosine functions over a wavelength
range from 0.001 to 10,000 m/z. The formula is given by:

oy — sin((m/@/(ﬁ%ﬁz)g “““ e (M Dmin )20/)) - for i < d/2
= Ycoslm/2) (D (WLDain 2510))fori > df2
()

where (M /Z)max is 10,000, (M /Z)min is 0.001, and d rep-
resents the peak embedding dimension, set at 512 in our im-
plementation.

It’s crucial to note that using positional encoding empow-
ers the model to adeptly discern the m/z disparities between
peaks. These relative variations can directly inform on the
peptide’s amino acid composition. Building on this insight,
we introduced zero peak and precursor peak embeddings.
This addition aids the model in discerning the constitution of
the initial and terminal amino acids. For flexibility, a train-
able variable determines the intensities of both the zero and
precursor peaks, with the m/z of the precursor peak being
contingent upon the peptide mass.

Spectrum and Peptide Encoder. The encoders for both the
spectrum and peptide employ the self-attention mechanism,
a technique first popularized by the seminal work ”Atten-
tion is All You Need” (Vaswani et al. 2017). Since its intro-
duction, self-attention has found utility across a plethora of
domains for feature extraction. The core operation of self-

'The source code is available at https:/github.com/BEAM-
Labs/ContraNovo.
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attention is succinctly represented as:
(XWe)(XWwK)T
Vdy

EnLayer(X) = softmax < ) (XWV)

2

Here, dj, stands for the dimension of the input feature,

while matrices WQ, W)I(( , and W)‘(/ have dimensions of
(dry * dix).

Global Feature Extraction. The methodology for global
feature extraction is illuminated by the attention mechanism.
It employs a learnable vector parameter, termed the “’global
feature extractor,” harmonized in dimensionality with the
post-encoder feature. Utilizing the attention mechanism, we
derive global feature vectors for both the spectrum and pep-
tide. These vectors play a pivotal role in the ensuing con-
trastive learning process, expressed mathematically as:

Glo(X) = softmax(VXT)X 3)

Where V' denotes the learnable vector parameter tasked with
feature extraction.

Contrastive Learning. To establish a correlation between
spectra and peptides, we employ a contrastive learning
paradigm. This involves computing the cosine similarity,
scaling pairwise cosine similarities, and subsequently deter-
mining the cross-entropy loss. The contrastive learning loss

is captured by:
* label;;
:c 1 eCSrJ

CSLoss = — ZZlog
+iilog< 5 - >*1abezij /2
L €CSi

=1 j=1
=1 j=1
“)

Here, the B, is the batchsize and the label;; assumes a value
of 1 when i = j and O otherwise. C'S;; represents the cosine
similarity between spectra and peptide, as defined by:

Glo"i-GloSi

C5i = 1@

&)

with Glo™ and Glo®: denoting the global features of the
peptide and spectrum, respectively.

Decoder of ContraNovo

The decoder architecture mirrors the foundational decoding
scheme in the transformer model, but with adaptations cater-
ing to de novo peptide sequencing. Specifically, we incorpo-
rate both prefix and suffix sum masses of the peptide into the
peptide embedding, enhancing amino acid inference. The
peptide encoder further refines this process through its con-
tribution to contrastive learning, thus optimizing decoding
accuracy.

Peptide Embedding. This embedding comprises three com-
ponents: index embedding, prefix mass sum embedding, and
suffix mass sum embedding. The index embedding utilizes
an embedding layer to represent the 20 amino acids and
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Figure 2: The architecture of ContraNovo is comprised of three main components: The red part emphasizes the feature extraction
from the spectrum data, this extractor is trained by the contrastive learning loss. The cyan part denotes the generation process
with the peptide decoder, coupled with the prefix-suffix mass information of leading amino acids. The output is then compared
with the amino acid look up table. The light blue box is the total loss of the training strategy, which linearly combines the CE

loss and CS loss.

their modifications. For the embeddings of the prefix and
suffix mass sums, we deploy the positional encoder elabo-
rated upon earlier. The significance of prefix and suffix sums
becomes evident when inferring the terminal amino acids of
peptides. For example, by gauging the relative difference be-
tween peak m/z values and either the prefix or suffix mass
sum, the model can readily decode specific amino acids. Il-
lustratively, a zero suffix sum will direct the model end the
process of peptide decoding.

Peptide Decoder. The peptide decoder integrates self-
attention, encoder-decoder attention mechanisms, feed-
forward networks, and layer normalization. This synergy
produces an output sequence, grounded on previously gen-
erated tokens and encoder insights. The self-attention mech-
anism retains its original form in the decoder. However,
within the encoder-decoder attention mechanism, the query
vector (Q x is superseded by the peptide’s encoded embed-
ding. Notably, the decoder begins with the vector which
concatenates three components: mass sum embedding with
charge, a positional encoder with a prefix sum zero value,
and a positional encoder with the precursor mass for the suf-
fix sum.

Amino Acid Embedding (Lookup Table). For de novo
peptide sequencing derived from spectral data, the amino
acid mass, denoted as AA,,qss, 1S significant. Essentially,
within the domain of spectrum-based proteomics, mass
stands as the exclusive identifier for amino acids. To encap-
sulate this vital information, we deploy the embedding vec-
tor Concat(E(AAmass), E(AA;iq.)). Here, E(AA ass) 18
the embedding associated with the amino acid mass, and
E(AA;q4,) is the embedding of the amino acid index. Upon
completion of training, these embedding vectors can be re-
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garded as a lookup table. Through evaluating the cosine sim-
ilarity between these embedding vectors and the decoder
output, the corresponding amino acid can be discerned.

Training with Joint Loss
During the model’s optimization phase, two objectives are
pursued concurrently. The first aims to amplify the cosine
similarity for contrastive learning, while the second strives
to reduce the cross-entropy loss associated with the peptide
decoder.
Decoder Loss. The loss function employed for the decoder
is the cross entropy loss (CELoss). This loss function is
widely recognized in classification problems and can be
mathematically articulated as:
n
CELoss(y,§) = — »_ i log(i);) (6)
i=1

In this expression, y stands for the authentic probability dis-
tribution, and ¢ signifies the predicted distribution.
Training Strategy. To optimally use contrastive learning for
de novo peptide sequencing, a combined training technique
is adopted. The final loss function is represented as:

Loss = (1 — X\) CELoss — X\ CSLoss (7

The parameter A is a dynamic hyperparameter in this con-
text. If the C'S Loss is higher than 0.1, the \ is 0.1, otherwise
the A is 0.

Experiments
Experimental Setup

Datasets. Successful contrastive learning across varied
modalities often demands a rich set of training data. In
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this context, CLIP (Radford et al. 2021), which has seen
monumental success in domains such as image generation
and recognition, was trained on a staggering 800 million
image-text pairs. Inspired by this, we employed the ex-
pansive MassIVE-KB dataset (Wang et al. 2018) to bol-
ster our contrastive learning representation. This dataset,
earlier leveraged by studies like GLEAMS (Bittremieux
et al. 2022) and CasaNovo, boasts 30 million high-resolution
peptide-spectrum matches (PSMs), derived from a mul-
titude of instruments, and encompassing numerous post-
translational modifications. For model validation and bench-
marking against leading de novo peptide sequencing tech-
niques, we employed the nine-species benchmark dataset
presented by DeepNovo. This dataset collects approximately
1.5 million mass spectra from nine distinct experiments, all
utilizing the same instrument but analyzing peptides from
different species. Every spectrum is accompanied by a pep-
tide sequence, confirmed through a database search iden-
tification at a standard false discovery rate (FDR) of 1%.
In CasaNovo’s latest iteration, the dataset underwent revi-
sion using the protein identification software Crux (Mcll-
wain et al. 2014), in alignment with a Percolator (Spivak
et al. 2009) g-value < 0.01, based on the same nine PRIDE
datasets (Martens et al. 2005). This reformed dataset en-
capsulates seven variable modifications, including methio-
nine oxidation, N-terminal acetylation, among others. Post-
exclusion of shared peptides and PSMs across species, 2.8
million PSMs were accrued. For convenience, the revised
dataset is termed 9-species-V2, while the original remains
as 9-species-V1.
Hyperparameters. In this study, we mapped all inputs into
a 512-dimensional vector space, which includes peaks, pep-
tides, and amino acids. The peptide embedding specifically
comprises 256 dimensions for the index of each amino acid,
and another 256 dimensions for the prefix sum and suffix
sum of amino acids. The amino acid embedding includes
256 dimensions for the index and 256 dimensions for the
mass of each amino acid. The peptide encoder, spectrum en-
coder, and peptide decoder each employ 9 attention layers.
All our attention layers come with 1024 feed forward dimen-
sions. During the training process, we used 8 A100 GPUs
with a batch size of 4096. As a result, this setup created a
contrastive learning cosine similarity matrix of dimensions
512*512 on each GPU. We set the learning rate at 0.0004
and applied a linear warm-up. For gradient updates, we used
the AdamW optimizer (Kingma and Ba 2014).
Evaluation Metrics. In our study, we used the evaluation
metrics of CasaNovo (Yilmaz et al. 2022) to assess the re-
sults on both amino acid (AA) and peptide levels. At the
AA level, we defined the amino acid is matched when (1)
differ by < 0.1 Da in mass from the corresponding ground
truth amino acid, and (2) have either a prefix or suffix that
differs by no more than 0.5 Da in mass from the correspond-
ing amino acid sequence in the ground truth peptide. Here,
the precision at the AA level is represented as N2, ..., /N,
where N7}, is the total count of amino acids in the dataset,
N}, ien 18 the number of matched amino acids. For the pep-
signifies peptides where every amino

tide level, the N7,
acid matches the given dataset, the peptide precision is de-
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fined as NP°F  /NP'P_ where the N¥” represents the total
number of peptides in the dataset. For a comparative analysis
with CasaNovo, we employed a Precision-Coverage curve,
which categorizes peptides based on their corresponding
confidence scores. The confidence score is the mean prob-
ability of the constituent amino acids as identified by the
model. The curve could indicate the prediction proficiency
and stability of the model.

Baselines. To objectively evaluate the efficacy of our Con-
traNovo approach, we pitted it against several state-of-the-
art tools, providing a broad perspective on its relative perfor-
mance. The tools included:

* Peaks (Ma et al. 2003): This employs a protein database
search strategy, which harnesses tandem mass spectra
of tryptic peptides. By intertwining de novo sequencing
with homology-based algorithms, Peaks aptly navigates
the inherent ambiguities of peptide sequencing.

* Deepnovo (Tran et al. 2017): A deep learning-centric
method, Deepnovo employs both convolutional neural
networks and LSTM. Notably, it adopts the same cross-
validation framework as CasaNovo.

¢ PointNovo (Qiao et al. 2021): Built on the foundation of
neural networks, PointNovo presents a de novo peptide
sequencing model. Its distinct edge lies in its ability to
seamlessly handle mass spectrometry data across varied
resolution levels without escalating computational com-
plexity.

* CasaNovo (Yilmaz et al. 2022): CasaNovo adopts
a transformer-based architecture to achieve de novo
peptide sequencing. It utilizes a leave-one-out cross-
validation framework, where training occurs on data
from eight species and testing on the remaining ninth
species, iterating this for each of the nine species.

e CasaNovoV2 (Yilmaz et al. 2023): An evolved ver-
sion of CasaNovo, CasaNovoV?2 trains on the extensive
MassIVE-KB dataset and integrates a beam search in its
peptide decoding phase. Consequently, there’s a marked
upswing in sequencing accuracy.

Results

As part of our commitment to highlighting the superiority
of ContraNovo, we gauged its performance in contrast to
many established baseline methods using two distinct pep-
tide sequencing datasets. The evidence inarguably displays
that ContraNovo delivers not only high sequencing accuracy
but also exceptional generalization abilities. We conducted
further ablation studies to corroborate the effectiveness of
certain model components. In de novo peptide sequencing,
the presence of amino acids of similar masses often poses
challenges to accurate sequencing. Our analysis demonstrate
that ContraNovo has an exceptional performance in han-
dling such cases.

Performance of ContraNovo on 9-Species-V1 Bench-
mark Dataset. The 9-species-V 1 dataset stands as a corner-
stone for assessing peptide sequencing algorithms, gaining
prominence since DeepNovo’s introduction. In this research,
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Amino acid precision Peptide precision
Species Peaks. Deep. Point. Casa. Casa.V2 Contra. \ Peaks. Deep. Point. Casa. Casa.V2 Contra.
Mouse 0.600 0.623 0.626 0.689  0.760 0.798 | 0.197 0.286 0.355 0426 0.483 0.567
Human 0.639 0.610 0.606 0.586 0.676 0.771 | 0.277 0.293 0.351 0.341 0.446 0.622
Yeast 0.748 0.750 0.779 0.684  0.752 0.797 | 0428 0.462 0.534 0490  0.599 0.674
M.mazei 0.673 0.694 0.712 0.679  0.755 0.799 | 0356 0.422 0478 0478  0.557 0.630
Honeybee 0.633 0.630 0.644 0.629 0.706 0.745 | 0287 0.330 0.396 0406  0.493 0.576
Tomato 0.728 0.731 0.733 0.721  0.785 0.810 | 0403 0454 0513 0521  0.618 0.672
Rice bean 0.644 0.679 0.730 0.668  0.748 0.807 | 0.362 0.436 0.511 0.506  0.589 0.677
Bacillus 0.719 0.742 0.768 0.749  0.790 0.828 | 0.387 0.449 0.518 0.537  0.622 0.688
Clam bacteria | 0.586 0.602 0.589 0.603  0.681 0.711 | 0.203 0.253 0.298 0.330  0.446 0.486
Average | 0.663 0.673 0.687 0.667  0.739 0.785 | 0.322 0376 0.439 0.448  0.539 0.621

Table 1: Comparison of the performance of ContraNovo and five baseline methods on 9-species-V1 test set. The bold font

indicates the best performance.

our main objective was to ascertain the prowess of Contra-
Novo in comparison to other prominent baselines. The de-
tailed comparison is tabulated in Table 1. ContraNovo out-
performs all competitors, both at the amino acid level and
peptide level, over all nine species.

Specifically, at the average amino acid level preci-
sion across all nine species, ContraNovo edges ahead of
CasaNovoV2 by 4.6%. Additionally, it beats CasaNovo,
PointNovo, DeepNovo, and Peaks by margins of 11.8%,
9.8%, 11.4%, and 12.2% respectively. In the realm of pro-
teomics, peptide-level accuracy is often of great interest.
Here too, ContraNovo’s superiority is evident. At the aver-
age peptide level precision across all nine species, Contra-
Novo surpasses CasaNovoV?2, CasaNovo, PointNovo, Deep-
Novo, and Peaks by 8.2%, 17.3%, 18.2%, 24.5%, and 29.9%
respectively. A highlight of our study was ContraNovo’s
exceptional performance on human data, where it trumps
CasaNovoV2 by a remarkable 17.6%. These findings under-
score ContraNovo’s predictive prowess and broad-spectrum
applicability. A visual representation of ContraNovo’s ex-
emplary performance is available in the Precision-Coverage
curve, depicted in Figure 3. This graph is in alignment with
our previous discussions, reinforcing the robust nature of
ContraNovo’s predictions.

Performance of ContraNovo on 9-Species-V2 Bench-
mark Dataset. The 9-Species-V2 dataset, an improvement
on the V1 dataset introduced by CasaNovoV2, includes
a richer diversity of modified amino acids, thereby incre-
menting the sequencing complexity. To demonstrate Con-
traNovo’s capacity to face this enhanced challenge, we con-
ducted a stringent evaluation against this updated dataset.
As shown in Table 2, ContraNovo shows superior perfor-
mance than CasaNovoV2. When we calculate average per-
formances over the nine species datasets, ContraNovo ex-
ceeds CasaNovoV2 by 3.3% in amino acid precision and
3.7% in peptide precision. This high performance of Contra-
Novo is sustained across all species datasets. Minor discrep-
ancies exist in the bacillus and yeast datasets; although Con-
traNovo doesn’t markedly outperform CasaNovoV2 in these
instances, it still yields a greater amino acid precision, and
its peptide precision matches that of CasaNovoV2. These
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Figure 3: The Peptide Precision-Coverage Curve. The hor-
izontal axis represents coverage, and the vertical axis rep-
resents peptide recall. The blue line represents the perfor-
mance of ContraNovo, and the yellow line represents the
performance of CasaNovoV2. All of the blue lines in the
image are positioned above the orange lines, demonstrating
the advancement of ContraNovo.

findings not only attest to ContraNovo’s skill in sequenc-
ing amidst increased modifications but also reflect its potent
adaptability and generalization capabilities. Such traits en-
dorse ContraNovo as an invaluable asset in handling com-
plex and modified peptide sequencing datasets.
Impact of Components on Performance. A comprehen-
sive analysis was undertaken to highlight the significant
roles of different components of ContraNovo. The ablation
study shows the importance of four core components: beam
search decoding, contrastive learning between spectra and
peptides, amino acid embedding via a Lookup Table, and in-
corporation of prefix mass and suffix mass information. The
results are presented in Table 3.

Drawing inspiration from (Freitag and Al-Onaizan 2017),
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Amino acid precision  Peptide precision
Species Casa.V2  Contra. \ Casa.V2 Contra.
Mouse 0.792 0.816 0.520 0.566
Human 0.836 0.893 0.651 0.745
Yeast 0.851 0.875 0.729 0.719
M.mazei 0.828 0.863 0.675 0.716
Honeybee 0.759 0.804 0.572 0.608
Tomato 0.823 0.860 0.692 0.716
Rice bean 0.858 0.909 0.702 0.791
Bacillus 0.852 0.861 0.717 0.713
Clam bacteria | 0.760 0.778 0.505 0.521
Average | 0.818 0.851 | 0.640 0.677

Table 2: Comparison of the performance of ContraNovo and
CasaNovoV?2 methods on 9-species-V2 test set. The bold
font indicates the best performance.

BS CL AA Mass | ‘minoacid | Peptide
Precision Precision

v v v/ 0.828 0.688
v v/ 0.797 0.660

v 0.775 0.633

v v 0.776 0.633

v /7 0.796 0.629

Table 3: Impact of components on performance for bacillus,
BS represents the usage of beam search decoding. CL rep-
resents the training with contrastive learning loss. AA repre-
sents the usage with Amino acid embedding (Lookup Table).
and Mass is the training/inference with the incorporation of
prefix mass and suffix mass information.

we adopted beam search, a proven technique in de novo
sequencing shown by its utilization in DeepNovo and
CasaNovoV2. Following its implementation in ContraNovo,
we witnessed improvement in sequence accuracy, with a
3.1% increase at the amino acid level and a 2.8% gain at
the peptide level, compared to greedy decoding. At the heart
of ContraNovo’s architecture is our key idea: that employ-
ing contrastive learning loss in sequencing and aligning it
with amino acid embedding, along with integrating prefix
mass and suffix mass information, can significantly boost de
novo sequencing accuracy. We conducted unique training,
intentionally excluding these elements and implemented a
greedy decoding approach to confirm this theory. Interest-
ingly, the findings pointed out that ignoring the contrastive
learning loss resulted in a decrease by 2.2% at the amino
acid level and 2.7% at the peptide level. Further, exclusion
of the amino acid embedding led to a fall of 2.1% and 2.7%
at the amino acid and peptide levels, respectively. Neglect-
ing data on prefix and suffix quality triggered a decline by
0.1% and 3.1%, respectively. These results underscore the
critical role these modifications play in enhancing peptide
sequencing accuracy.

Performance of ContraNovo for Similar Mass Amino
Acids. Peptide sequencing through mass spectrometry of-

150

mmm  CasanovoV2

0.8
ContraNovo 0.755 0.761
0.717

- 0.7 0.678 0.689
Ke] 0.648
Q2
§ 0.6 0.591
o

05 0.463

0.4

M(O) Q F K
Amino Acid

Figure 4: The performance of predictions on similar-quality
amino acids (F & M(O) and Q & K). The blue color repre-
sents CasaNovoV2, and the orange color represents Contra-
Novo. The orange bars in the graph are significantly higher
than the blue bars, indicating that ContraNovo exhibits bet-
ter performance in predicting similar-quality amino acids.

ten grapples with challenges related to resolution. This is
particularly significant given that the mass of amino acids
is pivotal during sequencing. Several amino acids found in
proteins bear strikingly similar masses. For instance, the
mass difference between amino acids Q and K is a mere
0.46 Da, while F and M(Oxidation) differ by only 0.33
Da. Given the inherent resolution constraints of mass spec-
trometers, these minuscule differences can significantly in-
fluence the sequencing accuracy. To underscore the profi-
ciency of ContraNovo in discerning amino acids with close
masses, targeted tests were executed. Additionally, to jux-
tapose with CasaNovoV2, we used the checkpoint offered
by CasaNovoV2 and gauged its accuracy on the entire 9-
species-v1 dataset, focusing on amino acids of analogous
mass. For a lucid comparative insight, the performances of
ContraNovo and CasaNovoV2 are rendered as bar charts in
Figure 4. The results lucidly indicate ContraNovo’s supe-
rior accuracy over CasaNovoV2 in predicting these chal-
lenging amino acids. A standout observation is in the case of
M(Oxidation), where ContraNovo eclipses CasaNovoV?2 by
an impressive margin of 13.8%. This exemplar performance
arguably cements ContraNovo’s position as the avant-garde
method in this domain.

Conclusion

In conclusion, our research presents ContraNovo, a noval
approach in de novo peptide sequencing through contrastive
learning. Our studies demonstrate an enhancement in pep-
tide sequencing precision driven by the incorporation of con-
trastive learning and sums of mass prefixes and suffixes.
Contrastive learning proves to be a potent force in connect-
ing peptide and spectra data representations, with poten-
tial for further improvements on employing diverse datasets.
The mutual reinforcement of the two tasks in our multi-
task training method underscores its efficacy. As we navi-
gate through the complex field of proteomics, ContraNovo
stands as a significant contribution, equipping researchers
with valuable insights and propelling further advancements
in this ever-evolving domain.
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