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Abstract2

The de novo peptide sequencing, which does not rely on a comprehensive target sequence database,3

provided us a way to identify novel peptides from tandem mass (MS/MS) spectra. However, current de4

novo sequencing algorithms suffer from lower accuracy and coverage, which hinders their applications5

in proteomics. In this paper, we present PepNet, a fully convolutional neural network (CNN) for high6

accuracy de novo peptide sequencing. It takes an MS/MS spectrum (represented as a high dimensional7

vector) as input, and outputs the optimal peptide sequence along with its confidence score. Our model8

was trained using a total of 30 million high-energy collisional dissociation (HCD) MS/MS spectra from9

multiple human peptide spectral libraries. The evaluation results show that PepNet significantly outper-10

formed currently best-performing de novo sequencing algorithms (e.g. PointNovo and DeepNovo) at both11

peptide level accuracy and positional level accuracy. In addition, PepNet can sequence a large fraction of12

spectra that were not identified by database search engines, and thus could be used as a complementary13

tool of database search engines for peptide identification in proteomics.14

Introduction15

The past decade has witnessed the great advances of mass spectrometry techniques, in particular liquid chro-16

matography coupled tandem mass spectrometry (LC-MS/MS). With enhanced throughput and sensitivity,17

LC-MS/MS has become one of the most commonly used approaches to functional studies of proteins at the18

whole proteome scale across various physiological (e.g., diseases) conditions in higher organisms including19

human.20

In a typical proteomics experiment, after MS/MS spectra are acquired, the first and arguably most21

important step is to identify the peptides from these spectra. Numerous algorithms have been developed to22
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address this problem, which mostly falls into three categories: protein database searching, spectral library1

searching, and de novo sequencing. Pioneered the peptide sequence tag method1 and the Sequest algorithm,22

protein database searching is the predominant approach used for peptide identification. Till now many3

peptide searching engines have been developed, including commonly used tools such as Mascot ,3 X!Tandem4

,4 OMSSA,5 MyriMatch,6 Protein Prospector7,8 and MSGF+.9 Those methods compare the experimental5

spectra with the theoretical spectra generated from the peptides in a protein database and report those likely6

true peptide-spectrum matches (PSMs).7

In contrast, the spectral library search approach compares newly acquired MS/MS spectra against a8

library containing previously characterized experimental spectra that were used in early computational anal-9

ysis .10,11 Thanks to the improved repeatability and reproducibility of MS/MS data as well as the increasing10

availability of massive experimental spectra (e.g., from the proteomics data repository 12 and large-scale11

synthetic peptides projects 13), the spectral library search approach has become more increasingly adopted12

and is implemented in software tools such as X!hunter,14 SpectraST15 and msSLASH .1613

Finally, de novo sequencing algorithms attempt to derive a peptide sequence directly from its MS/MS14

spectrum without using references such as a spectral library or a protein sequence database.17 Many de15

novo sequencing algorithms adopted a graph theoretical formulation to compute the longest path in the16

spectrum graph by employing a dynamic programming algorithm18,19 and adaptive scoring schemes .20–2217

With the advancement of high-resolution MS instruments, the performance of de novo sequencing algorithms18

improves significantly ,23,24 in particular with more sophisticated scoring schemes. More recently, DeepNovo19

25–27 and its successor PointNovo28 was developed using deep learning algorithms, which automatically20

learn the fragment ion patterns relevant to peptide sequences from massive MS/MS spectra of peptides and21

reported improved performance.22

Results23

Accurate HCD-MS/MS spectra de novo sequencing by deep learning24

We present a deep learning algorithm, PepNet, that directly outputs the peptide sequence from a given25

HCD-MS/MS spectra with high accuracy. As depicted in Figure 1, the input for our model is a 20, 00026

dimensional vector representation of the spectrum (for details see the Method section). The input vector27

will go through six continuing temporal convolutional network (TCN) blocks29 and down-sampling layers28

to capture the relationships between observed peaks, as depicted in the TCN branch of Fig. 1. Apparently,29

those TCN blocks working on different resolution levels. Thus we add a merging branch (top-down branch30
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Figure 1: The neural network architecture of PepNet for de novo peptide sequencing.

in Fig. 1) that fuse the global and local information into a single feature tensor. Finally, the feature tensor is1

then converted by a softmax decoding layer into a probabilities matrix of size 30× 23, in which each column2

contains the softmax probabilities of the target amino acid at the corresponding position in the peptide.3

From the final probabilities matrix, we derive the optimal peptide sequence by choosing the amino acid with4

the highest probability at each position. Additionally, the feature tensor is also sent to several relatively easy5

auxiliary tasks (auxiliary tasks branch in Fig. 1) to guide and regulate for the target de novo sequencing6

task.7

It’s worth noting that, we did not force the model to output a peptide that has the matched precursor8

mass; instead, we design the loss function to encourage the model to output the peptide sequence containing9

as many correct amino acids as possible. This approach can prevent the model from outputting a peptide with10

the desirable amino acid composition, but neglect the sequence information in the input MS/MS spectrum,11

in particular during the early stage of the training process when the model has not learned sufficient rules12

and patterns.13

We collected the HCD spectra from multiple peptide spectral libraries (see details in the Method section)14

by retaining spectra with the charges of 1+ to 4+ and from peptides of length no longer than 30, which result15

in 3,041,570 HCD-MS/MS spectra from 1,066,296 distinct peptides. We implemented using Tensorflow30 and16

train the model using the Adam optimizer31 for 50 epochs (using learning rate of 0.001). The entire PepNet17

model contains about 10 million parameters. Notably, we did not distinguish spectra that were acquired by18

different types of instruments during training and testing, as we observed that the HCD spectra acquired19

using different instruments (e.g., Orbitrap, Fusion, or Q-Exactive) could all be sequenced at high accuracy20
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by a single model. PepNet is released as open-source software for de novo peptide sequencing at GitHub1

(https://github.com/lkytal/PepNet). We also provided an online tool (https://denovo.predfull.com/) for2

submitting MS/MS spectra (in MGF format) to de novo peptide sequencing.3

Evaluation Criteria4

We evaluated the performance of PepNet over several proteomics datasets. For these datasets, we used the5

database searching results from MaxQuant 32 with scores above the threshold of 80 and the precursor mass6

differences smaller than 100 ppm as the ground truth to compute the accuracy of the de novo sequencing7

results. Then we computed two measurements to evaluate the accuracy of the de novo peptide sequencing:8

the positional accuracy, defined as the fraction of correct amino acid residues reported by PepNet, and9

the peptide-level accuracy, defined as the fraction of spectra that the sequenced peptides are completely10

correct. Note that in both measurements, we do not distinguish the amino acids of Leucine and Isoleucine.11

The two accuracy measurements, as well as the Precision-Recall (PR) curves of PepNet, were compared12

with the current state-of-the-art de novo peptide sequencing algorithm PointNovo 26 and its predecessor13

DeepNovo .25 Finally, we present here only the de novo sequencing of 2+ and 3+ HCD spectra of unmodified14

peptides as they are most common in shotgun proteomics data, although this model can be easily extended15

to sequencing spectra of other charges or sequencing those from the peptides containing common Post-16

translational modifications (PTMs).17

Performance evaluation on a large-scale human proteomics data set18

We first evaluated the performance of PepNet using the HCD spectra from a large-scale human proteomics19

project (ProteomExchange ID: PXD019483) in comparison with PointNovo and DeepNovo. Here, we report20

the de novo sequencing results on the subset of identified spectra from the original study ,33 in which 468,26621

charge 2+ and 87,977 charge 3+ spectra were identified by MaxQuant (i.e., receiving the score 80 or above22

and mass difference smaller than 100 ppm, as described above), respectively. We will report the de novo23

sequencing results on the remaining unidentified spectra in a separate section below.24

As shown in Fig. 2, PepNet reported completely correct peptides on 79.1% 2+ and 51.4% 3+ identified25

spectra, on which the positional accuracy reaches 92.4% and 77.7%, respectively. In comparison, among the26

peptides reported by PointNovo, 70.4% and 44.2% are completely correct for 2+ and 3+ spectra, respectively,27

on which the positional accuracies are 72.6% and 55.3%, respectively; among the peptides reported by28

DeepNovo, only 53.2% and 24.5% are completely correct for 2+ and 3+ spectra, respectively, on which the29

positional accuracies are 72.5% and 48.5%, respectively. Also, the precision-recall (PR) curves (Fig. 3)30
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Figure 2: Comparison of the performance of PepNet, PointNovo and DeepNovo on the charge 2+ (a) and
charge 3+ (b) spectra in the human proteomics dataset. Here, the Filtered Peptide Accuracy is referred
to as the peptide-level accuracy on the sequenced peptides after removing those with unmatched precursor
masses.

Figure 3: The precision-recall (PR) curves of the peptides sequenced by PepNet, PointNovo, and DeepNovo
on the spectra of charge 2+ (a) and charge 3+ (b) in the human proteomics dataset. The two dotted lines
represent the precision of 0.99 and 0.95, respectively.

showed that PepNet can sequence most peptides with higher accuracy; in particular, it can sequence the1

peptides from a majority of spectra (i.e., high recall) even when a high threshold of precision (95% or 99%)2

is used.3

We further investigated the performance of PepNet, PointNovo, and DeepNovo on spectra from the4

peptides of different lengths, as depicted in Fig. 4. Not surprisingly, the performance of PepNet (as well5

as PointNovo and DeepNovo) is reduced with the increasing lengths of peptides, perhaps because 1) longer6

peptides are more challenging to be de novo sequenced (with less peptide sequence information in their7

MS/MS spectra), and 2) the training dataset contains relatively fewer training samples of longer peptides.8

However, the performance of PepNet is persistently better than PointNovo and DeepNovo, especially for9

longer peptides.10

Performance evaluation on proteomics data from non-human organisms11

Next, we evaluated the performance of PepNet on the proteomics data from a variety of non-human organ-12

isms. We used the HCD spectra from a large-scale proteomics project (ProteomExchange ID: PXD014877)13

aiming to elucidate the evolutionary landscape of the proteomes in 57 organisms including bacteria, fungi,14
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Figure 4: The performance of PepNet, PointNovo, and DeepNovo on the peptides with different length for
the spectra of charge 2+ (top) and charge 3+ (bottom) in the human proteomics dataset. Here, filtered
peptide accuracy indicates the peptide-level accuracies of the sequenced peptides after removing those with
un-matched precursor masses.

plants, and animals. Similar to the results shown above, here we report the de novo sequencing results on1

the subset of identified spectra from the original study .332

As illustrated in Fig. 5, the performance of PepNet is consistent over various organisms. The positional3

accuracy on the peptides reported by PepNet is 0.87± 0.02 on the sequenced peptides from 2+ spectra, and4

0.79± 0.07 on the sequenced peptides from 3+ spectra, while the peptide-level accuracy are 0.76± 0.03 and5

0.49 ± 0.09 on 2+ and 3+ spectra, respectively. The performance of PointNovo is consistently lower than6

PepNet by about 0.1 for the positional accuracy and by about 0.15 for the peptide-level accuracy, while the7

performance of DeepNovo is even lower. Notably, the performance of PepNet on the proteomics data from8

these varieties of organisms is largely comparable with the performance on the human proteome data (see9

above), indicating that even though PepNet was trained using MS/MS spectra mostly from human peptides,10

the model is generalized well for the de novo sequencing of non-human peptides.11

De novo sequencing of spectra not identified by database searching engines12

Here, we demonstrate that PepNet can identify a large fraction of MS/MS spectra that cannot be confidently13

identified by the database searching engines. We applied PepNet to the subset of MS/MS spectra that were14

not unidentified by MaxQuant in the human proteomics dataset (ProteomExchange ID: PXD019483, as15

described above). We then computed a confidence score for each sequenced peptide as the product of the16

probabilities of the amino acid at all positions in the peptide. After removing sequenced peptides with17

unmatched precursor masses or with a confidence score lower than 0.5, PepNet reported 5,772,599 unique18

peptides from 8,856,090 MS/MS spectra (out of the whole set of 19,360,564 MS/MS spectra). Note that19
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Figure 5: Performance of PepNet, PointNovo and DeepNovo on the spectra of charge 2+ (a) and charge 3+
(b) in the proteomics datasets acquired from different species.

here the confidence score reflects the probability of the sequenced peptide to be correctly considered by the1

model; hence, we choose the threshold of 0.5, when the probability of the peptide to be correct is higher2

than that to be incorrect.3

We then searched these sequenced peptides against the human proteins in the UniProt34 database by4

using RAPSearch235 (without distinguishing amino acids of Leu and Ile). We observed that 375,043 (4.2%;5

including 54,644 unique peptides) of these sequenced peptides matched perfectly with human proteins, while6

another 179,368 (2.0%; including 35,083 unique peptides) contain only one substitution comparing with hu-7

man proteins (Fig. 6). These results suggest that the de novo sequencing by PepNet is complementary to the8
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database searching engines (such as MaxQuant), as further analyses of the de novo sequenced peptides that1

were not identified by database searching engines may lead to the discovery of additional peptides/proteins2

expressed in the proteome samples, including those not present in the target protein database (e.g., the3

peptides containing substitutions).4

Figure 6: Comparison of de novo sequencing results of PepNet (the pulled out parts) with database searching
(identified by MaxQuant) on spectra of (a) charge 2+, and (b) charge 3+. Here we only retain de novo
sequencing results that with matched precursor mass and confidence score > 0.5, which further searched
against the Uniprot human database.

Performance of PepNet on proteomics data from Data-Independent Acquisition5

(DIA)6

We further demonstrate that PepNet is also capable of the de novo sequencing of the MS/MS spectra derived7

from the data acquired by using Data Independent Acquisition (DIA). We compared the performance of8

PepNet against PointNovo and DeepNovo-DIA on a dataset acquired from a human plasma sample (used9

for the evaluation of DeepNovo-DIA 36), which contains a total of 57,909 MS/MS spectra derived from DIA10

data. Notably, DeepNovo-DIA is a refined DeepNovo model using DIA-derived MS/MS spectra as training11

data; in contrast, we directly applied the PepNet model trained on the HCD-MS/MS spectra from Data12

Dependent Acquisition (DDA) as described above without any further refinement.13

It’s not surprising that the performance of PepNet is significantly better than PointNovo, as PointNovo14

was not trained on the DIA data. Interestingly, PepNet also outperforms DeepNovo-DIA which is especially15

fine-tuned for the DIA-derived spectra. As shown in Figure 7, PepNet achieved comparable performance on16

the DIA-derived spectra as on the DDA-acquired spectra, with the positional accuracy of 0.69 and peptide-17

level accuracy of 0.49 on the combined set of 2+ and 03+ spectra. These results indicate the PepNet model18

is robust for the de novo sequencing of not only the DDA-acquired MS/MS spectra but also the MS/MS19

spectra derived from DIA data.20
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Figure 7: The sequencing accuracy (left) and the PR curve (right) of PepNet, PointNovo, and DeepNovo-DIA
on a dataset of DIA-derived MS/MS spectra. The Filtered Peptide Accuracy is referred to as the peptide-level
accuracy on the sequenced peptides after removing those with unmatched precursor masses. The two dotted
lines in the PR curve represent the precision of 0.99 and 0.95, respectively.

Observed factors related to performance1

We found multiple factors influencing the performance of PepNet that are worth discussing. We observed2

that the number of most intensive peaks retained in the input MS/MS spectrum to PepNet has a significant3

impact on its performance, as shown in Fig. 8; the performance of PepNet significantly increases when4

more peaks are retained in the spectra given as input the PepNet. This result indicates that the peaks5

of low intensities, including some non-backbone fragment ions that were considered as “noise” peaks and6

thus ignored by conventional de novo sequencing algorithms, also provide useful information for the PepNet7

model, especially helpful for determining the residues at some positions where the supportive backbone ions8

are missing.9

Figure 8: The positional and peptide-level accuracy of PepNet on the input 2+ (a) and 3+ (a) spectra in
the testing dataset, on which different number of most intensive peaks are retained. The error bar represent
the 99% confidence interval.

Besides, we observed that the positional accuracy by PepNet shared a similar trend for the sequenced10

peptides of different lengths. As shown in Fig. 9, for the charge 2+ spectra, the positional accuracy is low for11

the first few amino acid residues at the N- terminus, and becomes very high before decreasing gradually until12

the last residue at the C-terminus. It’s not surprising that the C-terminal residue is determined accurately13
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because most tested spectra are from tryptic peptides. This trend of sequencing error distribution is largely1

due to the coverage of the observed fragment ions: the first few residues are easier to determine because the2

b1 and b2 (and even some b3) ions are often missing in HCD spectra, while y-ions are weaker than b-ions,3

causing the C-terminal residues are harder to be determined.4

Figure 9: The positional accuracy at each index of the peptides, for sequenced peptide length from 6 to 20.
(a) for 2+ spectra. (b) for 3+ spectra.

Discussion5

In this paper, we present PepNet, a novel deep learning model for high accuracy de novo peptide sequencing6

from HCD-MS/MS spectra. We first show that PepNet is capable of sequencing human MS/MS spectra with7

high accuracy (with 92.4% and 77.7% positional accuracy on 2+ and 3+ human spectra from PXD019483,8

respectively), then we show that the PepNet can also perform constantly well across the proteomes of many9

non-human organisms (by testing on dataset PXD014877). Furthermore, the de novo results on unidentified10

spectra show that PepNet could discover a comparable number of new identifications as the protein database11

search engines, and thus can be used as a powerful tool for proteomic data analyses when a comprehensive12

target protein sequence database is not available (e.g., in metaproteomics 37).13

We believe that the ability to sequence peptides with high accuracy will enable the increasing applications14

of de novo peptide sequencing in proteomics data analyses. In addition to the peptide sequencing for HCD15

spectra as presented in this paper, PepNet can be extended to the MS/MS spectra acquired by using other16

fragmentation methods, such as the electron transfer dissociation (ETD), Electron-Transfer/Higher-Energy17

Collision Dissociation (EThcD), photodissociation (PD) and the infrared multiphoton dissociation (IRMPD).18

These methods were often considered to result in complex MS/MS spectra, in which those rich information19

embedded in the complex MS/MS spectra may hopefully improve the accuracy of de novo peptide sequencing.20

Furthermore, the low positional sequencing error rate of PepNet will enable the de novo sequencing of whole21

proteins (e.g., antibodies) based on overlapping peptides (e.g., generated from multiple protease cleavages).22

Therefore, we anticipate that PepNet will enhance the efficiency in proteomics data analyses and will benefit23
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the community of life science research.1

Methods2

Representation of the MS/MS spectra3

We represent the input MS/MS spectrum as a one-dimensional (1-D) vector by binning the spectrum with4

a given bin width. We considered only the peaks within the range of mass-to-charge ratio (m/z) between 05

and 2000 as most experimental spectra do not contain peaks with m/z above 2,000. By default, we use a bin6

width of 0.1, which yields the vector representation of 20,000 dimensions. Based on our experiment, using7

an even smaller bin size (i.e., higher mass resolution) did not improve the performance of de novo sequencing8

but required longer running times. Finally, we removed the precursor peak in each spectrum, and normalized9

each spectrum by dividing each peak over the intensity of the maximum peak in that spectrum, similar to10

our previous work for MS/MS spectrum prediction .3811

Deep Neural Network Architecture12

As depicted in the Result section (Figure 1), the input for our model is a 20, 000 dimensional vector repre-13

sentation of the spectrum as described in the previous section. As depicted in the TCN branch of Fig. 1,14

six continuing temporal convolutional network (TCN) blocks29 and down-sampling layers are designed to15

capture the relationships between observed peaks.16

Although those TCN blocks are capable of extracting most information from the input MS/MS spectrum,17

they work at different levels of resolution, and thus retrieve complementary information: the topmost TCN18

block emphasizes the detailed local structures of the input spectrum whereas the bottom-most block considers19

mostly the global features of the spectrum. We follow the idea of the Feature Pyramid Networks39 by adding20

a top-down branch that merges output from all TCN blocks into a single feature tensor (thus fusing the21

global and local information together), as depicted in Fig. 1.22

The above feature tensor will be concatenated with meta-information (e.g. charge of the spectra, M/z23

of the precursor, normalized collision energy) to yield the final feature tensor, which is then converted into24

a final probabilities matrix of the size 30 × 23 by a softmax decoding layer. As each column in the matrix25

represents the probabilities of each amino acid at the corresponding position, we can derive the optimal26

peptide sequence by choosing the amino acid with the highest probability column by column, until we meet27

the position at which the ending character is of the highest probability. As a post-correction to this strategy,28

if the theoretical mass of the inferred peptide differs from the experimental precursor mass more than 10029
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ppm, we attempt to check if any sub-optimal peptide has matched precursor mass: we substitute the amino1

acid at each position with the one with the second-highest probability; if the resulting peptide has the2

matched precursor mass, it will be output as the final de novo sequencing result; otherwise, the original3

optimal peptide sequence will still be reported.4

In addition to the de novo sequencing task, several relatively easy tasks (auxiliary task branch in Fig.5

1) are trained simultaneously for archiving better performance, including 1) whether the target peptide is6

a tryptic peptide; 2) the length of the target peptide; 3) the amino acid composition of the target peptide;7

4) the composition of adjacent amino acid pairs in the peptide. These auxiliary tasks serve as guidance and8

regulations for the de novo sequencing task.9

Because the PepNet model is fully convolutional, it decodes the entire peptide sequence simultaneously10

rather than one amino acid at a time as adopted by the Recurrent Neural Network (RNN) in DeepNovo11

.25,2612

Training Datasets and Process13

To compile the training data set, we collected HCD spectra from multiple peptide spectral libraries including14

the NIST HCD library,40 the NIST Synthetic HCD library,40 the Human HCD library from MassIVE,41 and15

the synthetic HCD library from ProteomeTools.13 The number of spectra in these libraries is summarized16

in Supplementary Table 1. In total, by retaining spectra with the charges of 1+ to 4+ and from peptides of17

length no longer than 30, we collected 2,962,341 HCD-MS/MS spectra from 1,048,993 distinct peptides.18

The whole data set was randomly split into the two subsets, one subset containing 2,908,323 (95%)19

spectra as the training data, and the other subset containing the remaining 133,247 (5%) spectra serves as20

the cross-validation set. We ensured that the training and testing data shared no spectra from the same21

peptide in order to avoid information leakage. The complete training and testing data sets are available in22

the supplementary files.23

We use the Adam optimizer31 with the learning rate of 0.001 to train the model for 50 epochs (batch24

size of 64 spectra per GPU). We warm-up the learning rate linearly from 0.0001 to 0.001 within the first25

10 epochs for training stability. The complete training process takes around 20 hours using 8 cards of26

NVIDIA A6000 GPU. We pick the model weight from the epoch that performs best on the cross-validation27

set after the training finished, which achieved over 0.9 positional accuracy on charge 2+ spectra and over 0.7828

positional accuracy on charge 3+ spectra. More details can be found in the Training performance section of29

the Supplementary Materials.30
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Configuration of PointNovo and DeepNovo1

To build the PointNovo and DeepNovo for compassion, we directly used the source code provided by their2

original publication without modification. For DeepNovo (and also DeepNovo-DIA), we directly used the3

provided pre-trained weights for all testing tasks. While for PointNovo, as the authors did not provide4

pre-trained weights, we retrain the model using the intact training dataset provided in the paper. Both5

PointNovo and DeepNovo were executed by using their default configurations without modifications.6

Data availability7

The proteomic data of used for this study were taken from previous datasets with the identifier PXD0194838

and PXD014877. The MaxQuant searching results provided in these studies were directly reused. The trained9
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Code availability12

Source code and scripts are available on GitHub at https://github.com/lkytal/pepnet.13
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