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ABSTRACT

De novo peptide sequencing aims to infer the corresponding peptide sequence
from a mass spectrum, which is a fundamental task in proteomics. However, miss-
ing peaks are common in mass spectrometry-based de novo peptide sequencing
and significantly influence the accuracy of peptide reconstruction. Existing meth-
ods mainly rely on the original mass-to-charge ratio and intensity of peaks, but
fail to reconstruct a complete peptide sequence when key peaks are missing. To
address this issue, we propose PeakNovo, a de novo peptide sequencing method
that integrates candidate mass spectra search with masked self-distillation. To en-
hance the robustness of the mass spectrometry (MS) encoder in handling missing
peaks, the Masked Self-distillation module feeds a masked local spectrum into the
student branch and a complete global spectrum into the teacher branch for align-
ment. Enabling the encoder to learn consistent representations from local to global
views, mitigating the effect of missing peaks. Meanwhile, PeakNovo employs an
MS Fusion module to retrieve a set of candidate spectra similar to the input spec-
trum from the database. These candidate spectra are fused with the representation
of the input spectrum to provide supplementary information for potentially miss-
ing peaks. Experiments on benchmark datasets show that PeakNovo consistently
outperforms existing methods, achieving state-of-the-art performance. Our code
is available at the anonymous link: https://anonymous.4open.science/r/PeakNovo-
SAES/README.md.

1 INTRODUCTION

Proteomics studies the composition, expression levels, and dynamic changes of all proteins in cells,
tissues, or organisms. It investigates protein functions, interactions, and regulatory mechanisms in
biological processes. Environmental factors and cellular states influence protein expression, and
proteins often undergo various post-translational modifications. These characteristics highlight the
importance of proteomics in studying biological functions and disease mechanisms (Lin et al.,2020;
Uzozie & Aebersold,2018)). With technological advancements, proteomics has been widely applied
in biomarker discovery, drug target identification, and systems biology research. Tandem mass
spectrometry (MS/MS), as the only high-throughput method, is the core analytical technique in
proteomics (Aebersold & Mannl, [2003). It identifies and quantifies proteins in complex biological
samples by ionizing peptides, separating and detecting them based on the mass-to-charge ratio (m/z)
(Zhang et al.| 2013).

The core of protein identification is peptide sequencing, which infers the peptide corresponding
to the input mass spectrum through computational algorithms. Currently, there are two main ap-
proaches to this task: database search and de novo peptide sequencing (Nesvizhskii, [2010; [Griss,
2016). Database search compares the observed spectra with theoretical spectra generated from pep-
tide sequences in a reference database, and selects the peptide with the highest match score as the
output. Commonly used database search tools include SEQUEST (Eng et al.,|{1994), pFind (Li et al.,
2005)), MSFragger (Kong et al.l 2017), and Open-pFind (Sun et al.,2019). However, its reliance on
known peptide sequences limits its ability to identify peptides absent from the database (Mal 2015;
Ma et al} 2003)). In contrast, de novo peptide sequencing predicts peptides directly from the in-
put spectrum without relying on a reference database, making it suitable for identifying previously
unknown peptides.
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Figure 1: The workflow of protein identification using a mass spectrometer.

Most de novo peptide sequencing models adopt an encoder-decoder architecture (Tran et al.,|2017aj;
Qiao et al., 2021} [Yilmaz et al., 2022; Xia et al., 2024bja)). The MS encoder converts the input mass
spectrum into hidden representations, which are then passed into the peptide decoder to autoregres-
sively generate the corresponding amino acid sequence. Due to the fragmentation process and the
detection mechanism of mass spectrometers, the observed spectra often suffer from missing peaks.
The absence of critical peaks degrades the encoder input quality, thereby reducing the accuracy of
peptide reconstruction (Zhou et al.| [2024).

To address this issue, we propose PeakNovo, a robust de novo peptide sequencing method designed
to handle missing peaks. The model consists of two components: a Masked Self-distillation module
and an MS Fusion module. In the Masked Self-distillation module, a partially masked spectrum is
used to simulate the missing peaks scenario. The masked and complete spectra are encoded by the
MS encoder and then passed to the student and teacher branches for alignment. This encourages
the encoder to learn consistent representations from local to global views, reducing the impact of
missing peaks during encoding. In the MS Fusion module, candidate spectra are retrieved from a
database using precursor mass and spectral similarity as constraints. These candidates are fused with
the input representation to provide external evidence for potentially missing peaks.

We highlight the core contributions of this work as follows:

* Motivation: We propose PeakNovo, a novel de novo sequencing method that integrates
masked self-distillation and candidate spectrum retrieval, to alleviate the problem of miss-
ing fragment peaks.

» Algorithm: PeakNovo enhances the MS encoder both internally and externally: it learns
consistent representations from local to global views via masked self-distillation, and in-
corporates complementary spectral evidence through candidate spectrum fusion.

* Experiment: Experimental results on multiple public datasets show that PeakNovo con-
sistently outperforms existing state-of-the-art methods, validating the effectiveness of its
design.

2 PRELIMINARY

2.1 BACKGROUND

Mass spectrometry (MS) based proteomics is a powerful technique for characterizing proteins in
biological tissues, enabling comprehensive analysis of their identities, structures, and functional
properties. As illustrated in Figure [T} the overall analysis consists of several key steps. The work-
flow begins with protein extraction from biological tissues via cell lysis and centrifugation, yielding
a heterogeneous protein mixture. This crude extract contains all native proteins without prior separa-
tion. The proteins are enzymatically digested (typically with trypsin) into peptides, which are more
amenable to MS analysis due to their smaller size and uniform charge distribution. The resulting
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peptides are then analyzed using a mass spectrometer. The peptides are ionized and analyzed by
MS, which measures their mass-to-charge ratios and generates a mass spectrum. The spectrum con-
tains mass information for different peptides, which is critical for subsequent analysis. In addition
to the initial mass spectrum analysis, the instrument performs tandem mass spectrometry (MS/MS).
This step further fragments the peptides to obtain more detailed mass spectra. The MS/MS spec-
tra provide additional structural information that helps determine the composition and sequence of
peptides. There are two common approaches for peptide sequence interpretation. Database Search
compares the spectral data with a known mass spectra database to find highly matching peptide
sequences. It enables quick identification of the source protein of each peptide. De novo peptide
sequencing infers the amino acid sequence of peptides directly from the spectra without relying on
any database. It is especially useful for analyzing unknown proteins in antibody sequencing (Tran
et al.,|2017b) or vaccine development (Mayer & Impens, |2021)). Through these interpretation steps,
the complete amino acid sequence can be reconstructed. Through peptide-spectrum matching and
sequence assembly, the complete protein sequence can be reconstructed, allowing annotation of
functional domains with statistical confidence scores.

2.2 RELATED WORK

Recent advancements in deep learning have led to the development of various neural network-based
models for de novo peptide sequencing, which can be divided into traditional deep learning mod-
els and Transformer-based models. Traditional methods such as DeepNovo (Iran et al., [2017a)
and PointNovo (Qiao et al., [2021)) use architectures like CNNs (Alzubaidi et al.,|2021) and LSTMs
(Yu et al., [2019). DeepNovo converts spectra into discretized vectors processed by ion-CNN and
LSTM, with decoding constrained by a knapsack algorithm. PointNovo improves input represen-
tation by using (m/z, intensity) pairs and a PointNet-like structure. Transformer-based models like
Casanovo (Yilmaz et al.| [2022)) and InstaNovo (Eloff et al.,[2023) take (m/z, intensity) pairs as inputs
to the MS encoder, while InstaNovo (Eloff et al., 2023) further incorporating a precursor encoder.
AdaNovo (Xia et al.| [2024al) introduces a peptide decoder to model spectrum-peptide and amino acid
mutual information for adaptive training, and 7-HelixNovo (Yang et al., [2024) improves spectrum
completeness by integrating complementary spectra to solve missing ion problems in MS2 data.
SearchNovo (Xia et al., [2024b) retrieves candidate peptides and integrates them into the decoder to
enhance peptide reconstruction.

3 METHOD

3.1 TASK FORMULATION

De novo peptide sequencing aims to infer the amino acid sequence of a peptide directly from tandem
mass spectrometry (MS/MS) data, without relying on a reference database. Formally, a mass spec-
trum is represented as x = {(m;, t;)}£,, where each pair (m;, t;) denotes the mass-to-charge ratio
(m/z) and the intensity of the i-th peak, and M is the total number of peaks in the spectrum. The pre-
cursor ion, corresponding to the peptide selected for fragmentation, is denoted as z = (mprec, cprec),
where M. € Ris the precursor mass and cprec € {1,2,...,10} is its charge state. The correspond-
ing peptide sequence is represented as y = (y1, ¥o, - - - , YN ), Where each y; denotes the amino acid
at position ¢, and N is the peptide length, which varies across peptides. The goal of de novo pep-
tide sequencing is to model the conditional probability of the peptide sequence given the observed
spectrum and precursor information, typically in an autoregressive manner:
N
P(y|xaz;9):Hp(yj ‘y<j,X,Z;0), (D
j=1
where 6 denotes the model parameters and y.; denotes the prefix subsequence consisting of the
first 5 — 1 amino acids. Model training typically minimizes the negative log-likelihood, that is, the
cross-entropy loss over the sequence:
N
Lep(0) ==Y logp(y; | y<j,x,2:0) 2
j=1

to optimize the parameters f. During inference, the model predicts the probability distribution over
amino acids at each position in the sequence and typically uses heuristic search strategies, such as
beam search, to generate the most probable peptide sequence hypotheses.
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Figure 2: The overview of PeakNovo, contains Masked Self-ditillation and MS Fusion components.

3.2 MODEL ARCHITECTURES

As shown in Figure [2| PeakNovo consists of two main components: the Masked Self-distillation
and the MS Fusion. The Masked Self-distillation component contains a Teacher MS Encoder, a
Student MS Encoder, two projection layers, and a Self Distillation module. Following previous
work (Yilmaz et al., |2022; Xia et al., [2024a; |Yang et al.l [2024)), the MS Encoder is based on a
transformer, and transforms x = {(m;, I;) };2, into a d-dimensional vector representation. The MS
Encoder first applies a fixed sinusoidal embedding to m-value of each peak, calculated as follows:

max min 2j/d . d
sin (mz/ (:; i (mZTr ) J )) , forj< 2’
— min 3)
d (

fl] o Mmax (mmin)Qj/d f .
cos [ m;/ ol G , forj> %

where f;; denotes the j-th component of the embedding for the i-th peak, d is the embedding di-
mension, and Mmmyax and My, are constants set to 10,000 and 0.001, respectively. Each peak’s
intensity ¢; is projected into a d-dimensional vector using a linear layer. The representation of each
peak is obtained by summing the embeddings of m; and ¢;. The embedding is then projected into
the hidden representation space through the transformer. The projection layers for both the student
and the teacher are implemented as single linear layers. The self-distillation module computes the
self-distillation loss between the student and teacher logits’ representations. The MS Fusion com-
ponent consists of an MS Encoder and a cross-attention-based MS Fusion module. The Peptide
Decoder is an autoregressive transformer decoder that takes the previously decoded amino acid se-
quence and the encoder-derived cross-attention representation as input to predict the next amino
acid. The amino acid vocabulary includes 20 standard amino acids, several post-translationally
modified (PTM) amino acids, and an [EOS] token that indicates the end of the decoding process.

3.3 MASKED SELF-DISTILLATION

Inspired by the success of self-distillation paradigm in the visual domain (Caron et al., [2021) , we
adopt a masked self-distillation strategy to enhance the encoder’s representation capability under
missing peak conditions in MS data. Specifically, unlike the multi-view augmentations typically
used in the image domain, we apply peak-level masking on peak sequences. By combining random
masking with contiguous neighborhood masking, we effectively mimic real-world missing peak
patterns caused by intensity thresholds or instrument-related errors. Given an input mass spectrum
x = {(m;,t;)}M,, we randomly mask a subset of the peaks based on a predefined masking ratio
to obtain x’. The masked positions are filled with [PAD] tokens to simulate the scenario of missing
peaks, which frequently occurs due to noise, intensity thresholding, or incomplete measurements in
real-world mass spectrometry data. The original and masked spectrum x and x’ are embedded by
Teacher and Student MS Encoder and their respective projection heads,, resulting in represntations
{t;}M | and {s;}}£,. To encourage consistent representations under missing peak conditions, we
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compute the distillation loss between the peak representation token as follows:

t; — i
t = softmax( C), s = softmax(S—)7 4)
Tt Ts
| M
L = i Z; KL (t:]ls7) . ®)

where M is the number of mass spectrum peaks, KL(:||-) denotes the Kullback-Leibler divergence
loss, 7; and 7, are temperature coefficients, and c is the center vector of the teacher outputs, com-
puted as a moving average over batch-wise teacher features. The centering operation dynamically
shifts the teacher’s outputs to stabilize training. It helps prevent early representation collapse, where
the teacher outputs degenerate into uniform or trivial solutions. The temperature coefficients smooth
the probability distributions, thereby stabilizing gradient-based optimization. The parameters of the
Student MS Encoder are updated via gradient descent, whereas the Teacher MS Encoder is updated
using an Exponential Moving Average (EMA) mechanism:

ege) _ me . 9§8—1) + (1 _ me) . 9(6)’ (6)

S

where Gge) denote the parameters of the student model at step e, and (‘)t(e) denotes the parameters
of the teacher model. The momentum coefficient m, € [0, 1) controls the update speed, where a
higher value leads to slower but more stable updates of the teacher model. Through masked self-
distillation, the teacher model leverages the complete mass spectrum to generate informative soft
labels that serve as a stable supervisory signal for the student model. This mechanism encourages
the student model to align the representations of partially observed spectra with those derived from
complete inputs.

Our adoption of masked self-distillation over mainstream self-supervised methods is based on the
unique characteristics of MS data. Unlike reconstruction-based approaches such as masked au-
toencoders (MAE), MS data often contain missing peaks with unstable intensities due to noise, or
instrument limitations, making reconstruction prone to overfitting on uninformative signals. Instead,
we use KL divergence to align the soft outputs of teacher and student models, guiding the learning
of robust and discriminative representations that are invariant to missing peaks. Furthermore, con-
trastive learning faces challenges in MS, such as ambiguous definitions of positive and negative
pairs—different spectra may share common fragments (false negatives), while the same peptide un-
der varying conditions may yield weak positives. In contrast, masked self-distillation allows the
teacher, which sees the full spectrum, to provide stable supervision for the student, thereby avoiding
the sampling noise and instability inherent in contrastive methods.

3.4 MS FUSION

The Masked Self-distillation component aims to improve the model’s robustness under missing sce-
narios by enforcing representation consistency between complete and masked inputs. In contrast, the
MS Fusion complements the missing fragments by retrieving and integrating information from ex-
ternal spectra. Specifically, given a query spectrum x = {(m;, t;)},, we use MatchMS to search
for top-k most similar spectra {x1,...,x} from a database, within a mass tolerance window of
+20 Da. If fewer than k candidates are found, the search window is gradually expanded (e.g., by 10
Da increments) until £ candidates are retrieved.

Since the spectra in the candidate set potentially contain peaks that are missing in the query spec-
trum, we embed both the query spectrum x and the candidate spectra {x1, ..., Xy} using the shared
MS Encoder to obtain representations z € RM*9 for the query spectrum and {21, ..., 2} for the
retrieved spectra, respectively. The MS Fusion module then applies a cross-attention mechanism
to integrate information from the retrieved candidates into the query spectrum representation. For-
mally, the fused representation is computed as:

2/ = CrossAttention(z, {2 }%_,, {z:}7_) + 2. (7
This mechanism allows each peak in the query spectrum to attend to informative peaks from the
retrieved candidate spectra. By computing similarities between peaks and aggregating the corre-
sponding representations, the model learns to incorporate relevant external evidence. A residual
connection is used to preserve the original query information during the fusion process. The fused
representation 2’ is then used as the input to the Peptide Decoder, which performs autoregressive
peptide prediction based on the enriched spectrum representation.



Under review as a conference paper at ICLR 2026

3.5 TRAINING OBIJECTIVE & MODEL INFERENCE

During training, we minimize the following joint loss function to optimize PeakNovo:

N
LO) ==Y logp(y; | y<j» %, 20) + Lais ®)

j=1

The first term is the autoregressive loss from the Peptide Decoder, where each amino acid y; is
predicted conditioned on the previously decoded prefix sequence and the encoded spectrum repre-
sentation. The second term is the masked self-distillation loss introduced earlier, which enhances the
model’s robustness under missing peak conditions. During inference, only the MS Fusion compo-
nent is used. The query spectrum is first used to search for similar spectra from an external database.
The retrieved spectra are encoded using the shared MS Encoder and fused with the query through the
MS Fusion module. The fused representation 2’ is then passed to the Peptide Decoder to generate
the peptide sequence in an autoregressive manner.

4 EXPERIMENT

4.1 DATASETS

Following the benchmarking protocol of de novo peptide sequencing from NovoBench (Zhou et al.,
2024), we conducted comprehensive experiments on recent baseline models and PeakNovo using
three datasets: Seven-species, Nine-species, and HC-PT. The Seven-species dataset contains low-
resolution mass spectrometry data along with the corresponding peptide labels from seven different
species. The model is evaluated on the yeast species, while the remaining six species are used for
training. This setting simulates a practical scenario in which peptide sequences that have never been
seen before need to be identified. The Nine-species dataset is the most widely used high-resolution
mass spectrometry dataset and contains spectra and peptide labels from nine different species. The
HC-PT dataset originates from the InstaNovo paper and contains synthetic tryptic peptides that
cover all human proteins and their isoforms. This dataset contains high-resolution human-derived
mass spectrometry data, and the peptide labels come from high-confidence search results using
MaxQuant(Tyanova et al.| 2016)). It is important to note that in all three datasets, there is no overlap
between peptides in the training and test sets. Traditional database search methods perform poorly
under these conditions, as they are unable to identify peptide sequences that are not in the database.
Detailed information about the datasets is provided in Table[T]

Table 1: The statistics of the datasets summarize the mean values of the spectra characteristics.

Dataset \ precursor m/z  precursor charge peaks num. intensity  peptide len.
Seven-species 719.07 2.42 466.05 956.17 15.79
Nine-species 679.68 2.47 13491 175082.65 15.01

HC-PT 635.32 2.31 184.21 143363.17 12.53

4.2 METRICS

To evaluate de novo peptide sequencing performance, we calculate precision and recall at the amino
acid, post-translational modification (PTM), and peptide levels. A predicted amino acid is con-
sidered correct if its mass deviates from the ground truth by less than 0.1 Da and aligns with ei-
ther the prefix or suffix within 0.5 Da. The amino acid-level precision and recall are defined as
Precision®* = N o/ Npreq and Recall** = N2 /N2 . where N2 is the number of correctly
predicted amino acids, and N3t and Ngi,, represent the total predicted and ground-truth amino

. . .. . . PTM __ ptm ptm
acids, respectively. PTM-level precision and recall are calculated as Precision = N, ch /]\7pred

and Recall’™ = Nig?ch / Ng::;v where a match requires both correct localization and modification
type. At the peptide level, a prediction is considered correct only if all amino acids match exactly;
precision is defined as Precision”*? = NP o/ NE, where NP - is the number of fully correct pep-
tides and V], is the total number of predictions. We use the area under the precision-recall curve

(AUC) to summarize model performance across different confidence thresholds.
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4.3 BASELINES AND EXPERIMENTAL SETTINGS

We compared PeakNovo against seven recent and representative baseline models, including Deep-
Novo (Tran et al. [2017a), PointNovo (Qiao et al., 2021), Casanovo (Yilmaz et al., 2022),
CasanovoV2(Yilmaz et al., |2024), m-HelixNovo (Yang et al., [2024), AdaNovo (Xia et al., 2024a),
and SearchNovo (Xia et al., |2024b). We trained PeakNovo with a batch size of 32 for 30 epochs
on an Nvidia A100 GPU. The learning rate was set to 0.0004, and the weight decay to 1 x 1075,
We applied a linear warm-up schedule and used the AdamW optimizer to update model parameters.
Optimal hyperparameters were selected based on the performance on the validation set. In the ex-
periments, we treated the training set as the database to search for candidate spectra. For baseline
models, we use the same hyperparameter settings reported in their original papers.

Importantly, for key peptide-level metrics such as precision and AUC-especially critical since our
main goal is to reconstruct the full peptide sequence-when the missing rate reaches 60% and 80%,
CasaNovoV2’s peptide precision and AUC drop close to zero, while PeakNovo still maintains re-
construction capability.

4.4 MAIN RESULTS

PeakNovo Outperforms State-of-the-Art Methods on Benchmark Datasets As shown in Table[2]
PeakNovo outperforms all baseline models on three datasets at both the peptide and the amino acid
level. At the amino acid level on the Seven-species dataset, PeakNovo achieves a recall 4.7% higher
than SearchNovo and a precision 4% higher than DeepNovo. On the Nine-species dataset, PeakNovo
achieves a precision of 0.823 and a recall of 0.822, surpassing the second-best model, m-HelixNovo,
by 5.8% and 6.4%, respectively. On the HC-PT dataset, PeakNovo achieves precision and recall
values of 0.712, higher than CasaNovoV2’s 0.694 and 0.695. Notably, at the peptide level on the
Nine-species dataset, PeakNovo achieves a peptide precision of 0.630, 8% higher than SearchNovo.
In terms of AUC, it exceeds the second-best CasaNovoV2 by 8.6%. On the Seven-species dataset,
PeakNovo achieves a peptide recall of 0.276 and an AUC of 0.229. On the HC-PT dataset, PeakNovo
achieves a peptide recall of 0.550 and an AUC of 0.550, outperforming CasaNovoV2 by 2.3% and
3.1% in these metrics, respectively.

Table 2: Empirical comparison of de novo sequencing models using amino acid-level and peptide-
level metrics. The best and the second best are highlighted with bold and underline, respectively.

Amino acid-level performance Peptide-level performance
Method |Seven-species Nine-species ~ HC-PT | Seven-species Nine-species ~ HC-PT

\Prec. Recall Prec. Recall Prec. Recall\Prec. AUC Prec. AUC Prec. AUC

DeepNovo |0.492 0.433 0.696 0.638 0.531 0.534|0.204 0.136 0.428 0.376 0.313 0.255
PointNovo |0.196 0.169 0.740 0.671 0.623 0.622|0.022 0.007 0.480 0.436 0.419 0.373
Casanovo |0.322 0.327 0.697 0.696 0.442 0.453 |0.119 0.084 0.481 0.439 0.211 0.177
CasanovoV2 [0.179 0.181 0.752 0.750 0.694 0.695|0.029 0.017 0.543 0.514 0.527 0.489
m-HelixNovo |0.481 0.472 0.765 0.758 0.588 0.582|0.234 0.173 0.517 0.453 0.356 0.318
AdaNovo [0.379 0.385 0.698 0.709 0.442 0.451(0.174 0.135 0.505 0.469 0.212 0.178
SearchNovo [0.489 0.488 0.748 0.746 0.652 0.658 |0.259 0.174 0.550 0.489 0.447 0.413
PeakNovo |0.532 0.535 0.823 0.822 0.712 0.712|0.276 0.229 0.630 0.600 0.550 0.520

Post-translational modification (PTM) is a mechanism through which cells fine-tune protein func-
tions after translation . Its diversity and reversibility enable proteins to respond flexibly to internal
and external environmental changes across both temporal and spatial dimensions. Therefore, PTM
analysis is important in proteomics, disease mechanism studies, and drug development (Deribe et al.,
2010). As illustrated in Table El, at the PTM level on the Nine-species and HC-PT datasets, Pea-
kNovo achieves a recall of 0.652, surpassing SearchNovo by 5.3%. PeakNovo also achieves a recall
of 0.830, outperforming CasaNovoV2’s 0.796. Specifically, on the Nine-species dataset, PeakNovo
surpasses SearchNovo by 4% in PTM precision. On the Seven-species dataset, PeakNovo achieves
a PTM recall of 0.452 and a precision of 0.522.

In addition, we observe that PeakNovo performs better on the high-resolution Nine-species and
HC-PT datasets compared to the lower-resolution Seven-species dataset. This indicates that high-
resolution mass spectrometry data provides more informative data and benefits both the Mask Self-
distillation and MS Fusion components of PeakNovo.
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Table 3: Empirical comparison of de novo sequencing models in terms of identifying PTMs. The
best and the second best are highlighted with bold and underline, respectively.

Method ' PTM' Recall ' ' PTM Prec. '

Seven-species  Nine-species HC-PT | Seven-species Nine-species HC-PT

DeepNovo 0.373 0.529 0.615 0.391 0.576 0.626
PointNovo 0.094 0.546 0.740 0.117 0.629 0.676
Casanovo 0.251 0.566 0.460 0.360 0.706 0.501
CasanovoV2 0.117 0.553 0.796 0.209 0.714 0.750
m-HelixNovo 0.366 0.598 0.667 0.473 0.680 0.568
AdaNovo 0.321 0.570 0.482 0.448 0.652 0.552
SearchNovo 0.447 0.599 0.772 0.472 0.764 0.715
PeakNovo 0.452 0.652 0.830 0.522 0.804 0.753

PeakNovo Effectively Mitigates the Impact of Missing Peaks We further evaluate PeakNovo’s
performance under missing peak scenarios. Using the high-resolution Nine-species dataset, we
randomly dropped spectral peaks in the test set at missing rates of 20%, 40%, 60%, and 80%.
We comprehensively compare PeakNovo with CasaNovoV2, a model trained on large-scale mass
spectrometry data, under different missing rate conditions. As shown in Figure [3| across different
missing peak ratios, PeakNovo consistently outperforms CasaNovoV?2 at the peptide, amino acid,
and PTM level. When the missing rate is low, PeakNovo can make full use of the available spectral
information. Notably, at a 40% missing rate, PeakNovo achieves higher peptide precision than
CasaNovoV2 at a 20% missing rate.

Peaknovo CasanovoV2
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Figure 3: Performance of PeakNovo and CasanovoV2 under different missing peak ratios.

4.5 ABLATION STUDY

In this section, we investigate the individual contributions of the two components in PeakNovo:
Masked Self-distillation (MSD) and MS Fusion (MF). We ablate four models on the Nine-species
dataset: PeakNovo, PeakNovo without (w/0) MF, PeakNovo w/o MSD, and the base model without
either component. As shown in Figure[d] both the MF and the MSD component outperform the base
model, demonstrating the effectiveness of the two modules. PeakNovo w/o MSD performs better
than PeakNovo w/o MF, indicating that external information is more important under missing peak
scenarios. Furthermore, PeakNovo outperforms both PeakNovo w/o MSD and PeakNovo w/o MF,
showing that enhancing the encoder’s robustness and supplementing missing peak information from
external sources complement each other.

Sensitivity Analysis In this section, we investigate the impact of the mask ratio r in Masked Self-
distillation and the number of candidate spectra k£ in MS Fusion on the performance of PeakNovo.
As can be observed from Figure [5] as the mask ratio increases during training, the performance
of PeakNovo first improves and then declines. When the mask ratio is high, the few remaining
spectral peaks prevent the model from effectively learning the consistency between local and global
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Figure 4: Ablation performance of PeakNovo on various metrics across the nine-species dataset.

representations, which in turn affects the de novo sequencing process. Similarly, the performance of
PeakNovo with respect to k shows the same trend. When & becomes large, the candidate spectrum
set fails to provide additional useful missing peak information and instead introduces noise.
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Figure 5: Sensitivity analysis of mask ratio r and the number of candidate spectra k.

Case Study To verify whether the candidate spectra used by PeakNovo can alleviate the missing
peak problem, we use Pyteomics (Goloborodko et al.,2013)) to annotate the b and y ions in the spec-
tra. As shown in Figure [6] the reference spectrum and the query spectrum share several common
peaks such as y2, y4, and y5. In addition, the reference spectrum contains the y14 peak, which is
missing in the query spectrum. This enables the MS Fusion module to provide additional informa-
tion and mitigate the impact of the missing peak in the original spectrum.

Peptide: FGVTAAAATVAAAGPAAAAAEEQTEFTIVIAEAGDKK Peptide: FGVTAAAATVAAAGPAAAAAEEQ(+.98)TEFTIVIAEAGDKK
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Figure 6: Comparison of query spectrum and reference spectrum annotated by Pyteomics.

5 CONCLUSION

In this paper, we introduce PeakNovo, a de novo sequencing method that integrates masked self-
distillation and candidate spectrum search. The Masked Self-distillation and MS Fusion modules in
PeakNovo enhance performance under missing peak scenarios by improving the MS encoder and
incorporating information from external candidate spectra. Experimental results on public mass
spectrometry benchmark datasets show that PeakNovo achieves state-of-the-art performance while
effectively mitigating the impact of missing peaks. Future work includes exploring methods to
reduce the influence of noise peaks in mass spectra, enabling broader application in proteomics
analysis.
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