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Parameter-efficient fine-tuning on large protein
language models improves signal peptide prediction

Shuai Zeng, Duolin Wang, Lei Jiang, and Dong Xu
Department of Electrical Engineering and Computer Science, Christopher S. Bond Life Sciences Center, University of Missouri,
Columbia, Missouri 65211, USA

Signal peptides (SPs) play a crucial role in protein translocation in cells. The development of large protein language models

(PLMs) and prompt-based learning provide a new opportunity for SP prediction, especially for the categories with limited

annotated data. We present a parameter-efficient fine-tuning (PEFT) framework for SP prediction, PEFT-SP, to effectively

utilize pretrained PLMs. We integrated low-rank adaptation (LoRA) into ESM-2 models to better leverage the protein se-

quence evolutionary knowledge of PLMs. Experiments show that PEFT-SP using LoRA enhances state-of-the-art results, lead-

ing to a maximumMatthews correlation coefficient (MCC) gain of 87.3% for SPs with small training samples and an overall

MCC gain of 6.1%. Furthermore, we also employed two other PEFT methods, prompt tuning and adapter tuning, in ESM-2

for SP prediction. More elaborate experiments show that PEFT-SP using adapter tuning can also improve the state-of-the-art

results by up to 28.1%MCC gain for SPs with small training samples and an overall MCC gain of 3.8%. LoRA requires fewer

computing resources and less memory than the adapter tuning during the training stage, making it possible to adapt larger

and more powerful protein models for SP prediction.

[Supplemental material is available for this article.]

Signal peptides (SPs) are short amino acid sequences typically lo-
cated in theN-terminals of nascent polypeptides and are universal-
ly present in many proteins of a wide range of prokaryotic and
eukaryotic organisms (Owji et al. 2018). Most SPs direct proteins
to enter the secretory (Sec) pathway for translocation across the
prokaryotic plasma membrane or the eukaryotic endoplasmic re-
ticulummembrane. SPs containing a twin-argininemotif (R-R) tar-
get proteins to the twin-arginine translocation (Tat) pathway
(Palmer and Berks 2012). The primary difference between the Sec
and Tat pathways is that the Sec pathway transports proteins in un-
folded conformation, whereas the Tat pathway translocates fully
folded proteins (Palmer and Stansfeld 2020).

Upon successful translocation of the protein across the mem-
brane, the SP is precisely cleaved at a specific cleavage site (CS) by
signal peptidase (SPase). Subsequently, the mature protein is re-
leased on the trans side of the membrane (Freudl 2018). The
SPases are categorized into three groups: SPase I, II, and III (some-
times referred to as SPase IV) (Dalbey et al. 2012). SPase I cleaves
general Sec SPs, whereas SPase II and SPase III cleave SPs from lipo-
proteins and prepilin proteins, respectively. SPase I (Sec/SPI), SPase
II (Sec/SPII), or SPase III (Sec/SPIII) canhandle the processing of Sec
substrates, whereas Tat substrates are exclusively processed by
SPase I (Tat/SPI) or SPase II (Tat/SPII).

The SPase CS is recognized by SPase. Most SPs have a common
tripartite structure, comprising a positively charged n-region, a cen-
tral hydrophobic h-region spanning approximately five to 15 resi-
dues, and a c-region housing the CS for SPase I. Lipoprotein SPs,
cleaved by SPase II, are recognized through the presence of a lipobox
in the c-region. Prepilin SPs, subject toprocessing by SPase III, exclu-
sively consist of a vital translocation-mediating region, as opposed
to the conventional tripartite structure (Owji et al. 2018). The ami-
no acid composition and length of the SP regions exhibit diversity,

which allows them to adapt to the specific requirements of various
proteinswithindistinct cellular contexts. Although these SP regions
are recognizable, the absence of clearly defined consensus motifs
presents a significant challenge to SP prediction.

With the advances in machine learning and deep learning
technologies, numerous applications for SP prediction have been
developed and widely used in bioinformatics research. SignalP ver-
sions 1–4 (Nielsen et al. 1997; Nielsen and Krogh 1998; Bendtsen
et al. 2004; Petersen et al. 2011) are machine learning–based
methods designed to predict Sec-translocated SPs cleaved by SPase
I (Sec/SPI) and the corresponding CS locations. SPEPlip (Fariselli
et al. 2003) employs a neural network approach combined with
PROSITE patterns (Hulo et al. 2004), allowing for the identification
of SPs cleaved by Spase I (Sec/SPI) and lipoprotein SPs cleaved by
Spase II (Sec/SPII). DeepSig (Savojardo et al. 2018) utilizes convolu-
tional neural networks (CNNs) and grammar-restrained conditional
random fields (CRFs) to predict Sec-translocated SPs cleaved by
Spase I and their CS. SignalP 5.0 (Almagro Armenteros et al. 2019)
incorporates CNN and long short-termmemory networks to predict
Sec substrates cleaved by Spase I (Sec/SPI) or Spase II (Sec/SPII), as
well as Tat substrates cleaved by Spase I (Tat/SPI). In contrast to its
predecessors, SignalP 6.0 (Teufel et al. 2022) stands out as a remark-
able tool capable of predicting all five types of SPs (Sec/SPI, Sec/SPII,
Tat/SPI, Tat/SPII, Sec/SPIII) through ProtTrans (Elnaggar et al. 2022),
a robust protein languagemodel (PLM)pretrained on theUniRef100
data set (Suzek et al. 2007, 2015) with amask languagemodel objec-
tive. Nevertheless, its performance in predicting SP with limited
training samples leaves room for improvement.

Large PLMs, such as ProTrans and ESM-1 (Rives et al. 2021),
have become foundational tools for various biological modeling
tasks related to proteins. Recently, ESM-2 increased the number
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of parameters in the transformer model, which has led to substan-
tial advancements in downstream protein prediction tasks (Lin
et al. 2023). The most common approach using pretrained PLMs
for downstream tasks involves fine-tuning these models by updat-
ing all the parameters to leverage the information from the pre-
trained model effectively. Although fine-tuning a model has
proven to be a competitive strategy, the extensive fine-tuning pro-
cess becomes impractical for PLMs owing to significant computa-
tional requirements or a lack of large training samples. To tackle
this challenge, a new strategy of prompt-based learning has
emerged, focused on parameter-efficient fine-tuning (PEFT) for
large language models (LLMs), such as adapter tuning (Houlsby
et al. 2019), prompt tuning (Lester et al. 2021), and low-rank adap-
tation (LoRA) (Hu et al. 2021). These techniques introduced pa-
rameters within the pretrained model, keeping all remaining
parameters frozen during the training phase tomitigate the effects
of catastrophic forgetting (Kirkpatrick et al. 2017). The gradients of
these frozen parameters are neither computed nor stored during
back-propagation, substantially reducing computational and
memory costs, as well as the need for large training samples.
Moreover, these approaches have demonstrated competitive per-
formance compared with fine-tuning for various natural language
processing tasks (He et al. 2021; Li and Liang 2021; Liu et al. 2022;
Chen et al. 2023; Dettmers et al. 2024) and protein structure–relat-
ed tasks (Wang et al. 2022, 2023).

In this paper, we present a novel SP prediction framework,
PEFT-SP, designed to harness the capabilities of PLM for SP and
CS prediction. PEFT-SP consists of the ESM-2 model, a linear CRF
model, and PEFT modules, including adapter tuning, prompt tun-
ing, and LoRA. The ESM-2model serves as the backbone for encod-
ing amino acid sequences and is kept frozen during the training
phase. The CRF probabilistic model takes the representations gen-
erated by ESM-2 as input and predicts all five types of SPs and their
corresponding CS. The PEFT method fine-tunes ESM-2 to suit the
SP prediction task better.Our framework is an end-to-end solution,
focused exclusively on optimizing parameters within CRF and
PEFTmodules. To demonstrate the effectiveness of our framework,
we conducted a comprehensive performance comparison against
existing SP predictors, including a state-of-the-art tool, SignalP
6.0. Our results indicate that PEFT-SP using LoRA with ESM2-3B
surpasses both the state-of-the-art tool and fine-tuned ESM-2
models across all five SPs. Notably, PEFT-SP using LoRA sig-
nificantly improves SP performance with limited training data.
Additionally, we thoroughly investigated the performance of
PEFP-SP using different PEFTmethods with the ESM-2model fam-
ily for SP prediction.

Our framework PEFT-SP outperforms the current state-of-the-
art model, SignalP 6.0, in two types of SPs with limited training
samples, and it achieves comparable or superior performance in
three other SP types with larger training data sets. We comprehen-
sively evaluate ESM-2 fine-tuned and PEFT-SP using different com-
binations of the PEFT methods (including prompt tuning, adapter
tuning, and LoRA) with the ESM-2 model family in the context of
SP prediction. Enhancing the efficient utilization of PLMs is crucial
in improving SP prediction performance, particularly given the
continuous expansion in the scale of LLMs in recent years.
AlthoughPEFT achieves success innatural language understanding,
to the best of our knowledge, this is the first study whose authors
explore the effectiveness of PEFT on PLMs for SP prediction.
Furthermore, to facilitate user-friendly SP prediction, we developed
aweb server leveraging our proposed PEFT-SP framework. The inter-
face allows users to easily conduct SP prediction in batches.

Results

Comparisons with state-of-the-art methods

Because thewell-trainedmodels of SignalP 6.0 for nested cross-val-
idation are not publicly available, we retrained it using the same
data sets and default hyperparameters reported in the original pa-
per. We employed PEFT-SP using LoRA for each model from the
ESM-2model family and trained them independently.We evaluat-
ed the MCC1 and MCC2 scores (see Methods) for each SP type
within each organism group across test sets. Additionally, we cal-
culated the mean MCC1 and MCC2 scores across all SP types
and organisms.

PEFT-SP using LoRA with a ESM2-3B backbone achieved the
best performance (as shown in Fig. 1A,B). It consistently outper-
formed SignalP 6.0 in the SP types (Sec/SPIII and Tat/SPII) with
limited training samples, except for Tat/SPII in Gram-positive bac-
teria. It achieved amaximumMCC1gain of 79.8%andMCC2 gain
of 87.3% in Sec/SPIII for Archaea. It attained a mean MCC1 im-
provement of 5.6% and a mean MCC2 improvement of 6.1%.
For SP types (Sec/SPI, Sec/SPII, and Tat/SPII) with sufficient train-
ing data, PEFT-SP using LoRA with ESM2-3B demonstrated superi-
ority to SignalP 6.0, with MCC1 gains ranging between 1.8% and
7.2% and MCC2 gains ranging between 0.6% and 18.5%. It per-
formed slightly worse than SignalP 6.0, with MCC1 differences
ranging between 0.3% and 3.0% and MCC2 differences ranging
between 0.4% and 11.5%, in Sec/SPI and Sec/SPII for Archaea
and in Tat/SPII for both Gram-negative and Gram-positive bacte-
ria. The Wilcoxon signed-rank test comparing all MCC2 values
generated from SignalP 6.0 and PEFT-SP using LoRA with ESM2-
3B yielded a P-value of 0.039, indicating a statistically significant
improvement. The area under the ROC curve and area under the
precision-recall curve analysis on SignalP 6.0 and PEFT-SP using
LoRA with ESM2-3B further revealed the superior predictive capa-
bilities of ourmethodonmost SP types (Supplemental Figs. S1, S2).
We also visualized the confusionmatrices for each organism group
in Supplemental Figure S3. These matrices illustrate that PEFT-SP,
using LoRA with the ESM2-3B backbone, exhibits strong perfor-
mance in SP-type prediction with fewer classification errors com-
pared with SignalP 6.0.

We also computed precision and recall for CS prediction
in PEFT-SP using LoRA and SignalP 6.0 (as shown in Fig. 2).
Regarding precision, the PEFT-SP using LoRAwith a ESM2-3B back-
bone outperformed SignalP 6.0 in the Tat/SPII SP type, which is
particularly notable given the limited training data for this type.

Comparisons with other baseline models

Considering the excellent performance of the PEFT-SP using LoRA
with the ESM2-3B (Lin et al. 2023) backbone, we compared it
against all other baseline models. The performances for all baseline
models were initially reported in SignalP 6.0 (Teufel et al. 2022).We
included these performances in the benchmark. The benchmark
also included the performance of SignalP 6.0, both when trained
by our team and as reported in the original paper. The original base-
line models were obtained from their publicly available web servic-
es, and all performance measurements were conducted on the
same test sets generated through nested cross-validation. It is worth
noting that, except for SignalP 6.0, the baselinemodelswere trained
on SP types with large training samples, and consequently, their
performance regarding Sec/SPIII and Tat/SPII SP types has not
been reported. Table 1 demonstrates that PEFT-SP using LoRA
with ESM2-3B outperformed all baseline models (Gomi et al.
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2004; Käll et al. 2004, 2007; Bendtsen et al. 2005; Chou and Shen
2007; Bagos et al. 2008, 2009, 2010; Rahman et al. 2008;
Reynolds et al. 2008; Zhang and Shen 2017; Savojardo et al. 2018;
Almagro Armenteros et al. 2019; Teufel et al. 2022) in Sec/SPI for
Eukarya, Sec/SPI and Sec/SPII for Gram-negative organisms, and
all SP types for Gram-positive bacteria. Benchmark results for the re-
call of CS prediction in Sec/SPI, Sec/SPII, and Tat/SPI in four toler-
ance windows can be found in Supplemental Tables S1–S4.

Comparisons with fine-tuning and other PEFT methods

We compared PEFT-SP using different PEFT methods with ESM2-
3B, as well as SignalP 6.0 and the fine-tuned ESM2-3B model. We
trained all models independently with the same data sets generat-
ed from nest cross-validation. The performance of eachmodel was
measured using MCC2 by cross-validation.

Table 2 shows that the fine-tuning approach outperformed
SignalP 6. This suggests that the ESM2-3B model holds promise
as a potential candidate for other PEFT methods. The PEFT-SP us-
ing LoRA performed better than PEFT-SP using prompt tuning
and adapter tuning regarding the mean MCC2. Moreover, the
PEFT-SP using LoRA has fewer trainable parameters than fine-tun-
ing and other PEFT methods during the training stage, reducing
the computing resource and memory storage. The number and

percentage of trainable parameters for PEFT-SP are listed in
Supplemental Table S5.

To comprehensively analyze the effectiveness of PEFT-SPusing
various PEFT methods with the ESM-2 model family, we bench-
marked their results based on MCC1 and MCC2 for SP prediction
(as presented in Supplemental Tables S6, S7, respectively), and pre-
cision and recall for CS prediction (as presented in Supplemental
Tables S8, S9, respectively). According to the benchmark results of
MCC1 and MCC2, PEFT-SP using LoRA with ESM2-3B still per-
formed the best compared with other combinations. PEFT-SP using
adapter tuning with ESM-650M performed better than SignalP 6.0.
It achieved a maximum MCC2 (MCC1) gain of 28.1% (50.0%) in
the SP types with limited training samples and a mean MCC2
(MCC1) gain of 3.8% (2.7%) across all SP types. For Archaea Sec/
SPII and Negative Sec/SPIII, LoRA tuning underperforms the fine-
tuning method. These discrepancies could be attributed to the dis-
tribution of sequence representations. The t-distributed stochastic
neighbor embedding (t-SNE) (Van Der Maaten and Hinton 2008)
plot (as shown in Supplemental Fig. S4) shows Sec/SPI and Sec/
SPII cluster together, indicating a lack of discriminative patterns be-
tween the two groups. Although LoRA tuning preserves the back-
bone model better than fine-tuning to reduce the effect of
catastrophic forgetting, it also more heavily relies on the frozen
backbone model to capture the underlying features relevant to the
task. Hence, LoRA may not always outperform fine-tuning.

A

B

Figure 1. PEFT-SP using LoRA and SignalP 6.0 performance in terms of MCC score for each SP type across different organisms. The bold text in the x-axis
represents the SP type with small training samples. The MCC1 and MCC2 scores are shown above the bars. The sorted mean values for MCC1 and MCC2
are listed at the top. (A) MCC1 scores performance on a negative class composed of soluble and transmembrane proteins. (B) MCC2 scores performance on
a negative class comprising soluble and transmembrane proteins and other SP types.

PEFT on PLM improves signal peptide prediction

Genome Research 1447
www.genome.org

 Cold Spring Harbor Laboratory Press on June 19, 2026 . Published by genome.cshlp.orgDownloaded from 

http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.279132.124/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.279132.124/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.279132.124/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.279132.124/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.279132.124/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.279132.124/-/DC1
http://genome.cshlp.org/
http://www.cshlpress.com


Visualization and interpretation of attention weights

To understandwhy the PEFT-SP using LoRAwith ESM2-3B outper-
formed others, we visualized the attention weights in the last layer
of the transformer in the ESM2-3B model to investigate the motifs
of SP types. We used the sequence logos to visualize the attention
weights, inspired byMULocDeep (Jiang et al. 2021). For a compre-
hensive comparison, we created a gold standard and predicted
label sequence logos for each SP type. We compared the relation-
ship between these logos at each sequence position using the
Spearman’s rank correlation. The SP type with the highest correla-
tion is shown in Figure 3, A–C, and corresponding logos for other
SP types are presented in Supplemental Figures S5–S8.

Based on the sequence logos (Fig. 3A–C), the gold-standard
sequence logo (predicted label sequence logo) shows regions
with high information content (attention weights) in the N termi-
nus and low information content (attentionweights) when it is far
away from the N terminus, indicating that LoRA tuning enables
the frozen ESM2-3Bmodel to capture relevant signals for SP predic-
tion.We compared the relationship between the information con-
tent of the gold-standard logo and the attention weights of LoRA-
tuned ESM2-3B for the first 70 positions at the N terminus by
Spearman’s rank correlation. The Spearman’s rank correlation be-
tween these two logos is 0.728, indicating that the attention
weights can reflect the information content and be used to predict
motif. The sequence patterns between the two logos also look sim-
ilar; for example, the dominant amino acid is L followed by A and
V at the peak positions of the logos. This finding is consistent with
the general features of Sec and Tat SP types mentioned in previous
studies (Freudl 2018; Teufel et al. 2022).

Ablation test on PEFT-SP using LoRA with ESM-2 model family

The PEFT-SP using LoRAwith ESM2-3B demonstrated superior per-
formance compared with the ESM2-150M and ESM-650Mmodels
overall, yet it fell short of outperforming ESM2-150M and ESM2-
650M in specific SP types. Because the number of LoRA modules
in the ESM-2 model family is the most critical factor influencing
the number of tunable parameters that contribute to the perfor-
mance of models, we delved deeper into its impact by training

PEFT-SP with varying numbers of LoRA modules and assessing
MCC2 across cross-validation. Both LoRA hyperparameters, rank
and alpha, were set to eight.

As detailed in Supplemental Table S10,models withmore lay-
ers of LoRA modules tended to exhibit better performance than
thosewith fewer layers. This observation implies that the increased
number of tunable parameters contributes significantly to en-
hancing the overall MCC2 performance. Although models with
fewer LoRA modules may outperform the SP types with sufficient
data, they exhibit much poorer performance in the SP types with
limited data. This tendency suggests that fewer LoRA modules
may bias the model toward certain SP types with sufficient data.
Additionally, when the number of LoRA modules is close to the
number of transformers in the ESM-2 model family, the model
may exhibit poorer performance in the SP types with limited data.

Web server for PEFT-SP

To make PEFT-SP accessible, we developed a user-friendly web
server building on MULocDeep, which is publicly available at
https://www.mu-loc.org/peftsp/. Users can submit jobs by upload-
ing their sequences in the FASTA format through the website. All
the jobs are queued for computing allocation. Our web server ap-
plies the guest privacy policy, enabling users to retrieve their re-
sults without logging in. We have also created a comprehensive
user guide providing instructions on the functions and usage of
the PEFT-SP website.

Discussion

This work presents PEFT-SP as a novel SP prediction framework. It
takes protein sequence as input without organism identifier. PEFT-
SP using LoRA with ESM2-3B demonstrated its capability to effec-
tively handle SP types with limited training data sets and deliver
performance comparable to or better than the baseline models
across all SP types. The effectiveness of PEFT-SP using LoRA can
be primarily attributed to the following factors: (1) Larger scaling
of models can improve future performance of SP prediction; (2)
PEFT-SP leverages the property of the ESM2-3B backbone model,

Figure 2. Results of PEFT-SP using LoRA and SignalP 6.0 in precision and recall for CS prediction across different organisms. The precision and recall were
calculated within a tolerance window size of 0. The bold text in the x-axis represents the SP type with small training samples.
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which captures the evolutionary aspects of protein sequences,
making good representation of sequences; and (3) PEFT-SP em-
ploys LoRA, a lightweight fine-tuning method, to adapt PLM to
SP prediction while preserving the high quality of the PLM.

We explored fine-tuning and different PEFT methods with the
ESM2 family model for SP prediction. The fine-tuned models from
the ESM2 model family performed better than the SignalP 6.0, sug-
gesting ESM2 models may be better suited for PEFT methods than
other PLMs. That said, it is important to choose an appropriate
PEFT method for a given task to achieve optimal performance. For
example, although prompt tuning showed superior performance
compared with the state-of-the-art tools in numerous tasks, we did
not observe the same level of performance in SP prediction, possibly

owing to the ESM2-3Bmodel being too small. PEFT-SP using adapter
tuning outperforms SignalP 6.0 but introduces amassive number of
training parameters compared with PEFT-SP using LoRA. LoRA tun-
ing relies heavily on the PLM, making it sensitive to the quality of
the representations generated by ESM2-3B. The sequences in differ-
ent SP types may have very similar distributions, which could limit
the performance of PEFT-SP if the pretrained ESM2-3B fails to distin-
guish between these SP types effectively.

To our knowledge, this is the first study to explore PLM’s
effectiveness when using the PEFT approach for SP prediction
tasks. There are several directions for future work: (1) PEFT-SP,
combined with PEFT methods, such as integrating PEFT-SP using
LoRA and adapter tuning, potentially yielding complementary

Table 1. Benchmark results for SP prediction in Sec/SPI, Sec/SPII, and Tat/SPI

SP Types Method

Archaea Eukarya
Gram-negative

bacteria
Gram-positive

bacteria

MCC1 MCC2 MCC1 MCC1 MCC2 MCC1 MCC2

Sec/SPI PEFT-SP (LoRA) 0.805 0.783 0.958 0.862 0.809 0.915 0.848

SignalP 6.0 retrained 0.798 0.793 0.952 0.856 0.804 0.885 0.77

SignalP 6.0a 0.737 0.728 0.868 0.811 0.649 0.878 0.734

SignalP 5.0a 0.711 0.67 0.774 0.705 0.586 0.798 0.669

DEEPSIGa n.d. n.d. 0.792 0.735 0.159 0.798 0.146

LipoPa 0.775 0.619 0.347 0.744 0.471 0.879 0.442

PHILIUSa 0.691 0.438 0.448 0.766 0.147 0.752 0.084

PHOBIUSa 0.796 0.551 0.531 0.766 0.153 0.716 0.08

PolyPhobiusa 0.715 0.474 0.478 0.813 0.173 0.777 0.136

PRED-LIPOa 0.733 0.552 0.196 0.710 0.342 0.879 0.484

PRED-SIGNALa 0.908 0.670 0.265 0.662 0.115 0.822 0.171

PRED-TATa 0.781 0.655 0.340 0.736 0.209 0.839 0.238

SIGNAL-CFa n.d. n.d. 0.333 0.52 0.123 0.474 0.1

Signal-3L 2.0a n.d. n.d. 0.605 0.731 0.108 0.878 0.133

SOSUIsignala n.d. n.d. 0.368 0.639 0.123 0.702 0.107

SPEPlipa n.d. n.d. 0.652 0.705 0.489 0.578 0.429

SPOCTOPUSa 0.732 0.448 0.506 0.849 0.165 0.879 0.134

TOPCONS2a 0.711 0.438 0.504 0.844 0.159 0.836 0.078

Sec/SPII PEFT-SP (LoRA) 0.858 0.730 n.d. 0.955 0.945 0.928 0.939

SignalP 6.0 retrained 0.885 0.825 n.d. 0.942 0.929 0.868 0.882

SignalP 6.0a 0.871 0.719 n.d. 0.838 0.841 0.894 0.893

SignalP 5.0a 0.871 0.719 n.d. 0.884 0.874 0.883 0.866

Lipopa 0.871 0.681 n.d. 0.806 0.813 0.71 0.724

PRED-LIPOa 0.728 0.608 n.d. 0.615 0.655 0.762 0.743

SPEPlipa n.d. n.d. n.d. 0.856 0.86 0.842 0.837

Tat/SPI PEFT-SP (LoRA) 0.610 0.579 n.d. 0.975 0.961 0.845 0.85

SignalP 6.0 retrained 0.599 0.563 n.d. 0.978 0.962 0.788 0.799

SignalP 6.0a 0.802 0.807 n.d. 0.946 0.934 0.788 0.806

SignalP 5.0a 0.807 0.763 n.d. 0.719 0.732 0.708 0.700

PRED-TATa 0.937 0.719 n.d. 0.945 0.869 0.823 0.643

TatPa 0.733 0.474 n.d. 0.730 0.591 0.568 0.411

TATFINDa 0.937 0.662 n.d. 0.892 0.845 0.711 0.580

The values are the mean MCC1/MCC2 scores across nest cross-validation. The bold values represent the highest MCC1/MCC2 score among the pre-
dictors in a particular SP type. (n.d.) The model was not trained on the data.
aPerformance reported in SignalP 6.0.
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improvement; (2) modification of PEFT-SP to enhance interpret-
ability, thereby unveiling the underlying motifs associated with
SP; and (3) exploration of the use of structure-aware PLM models
as backbones, incorporating protein structure information to en-
hance SP prediction further. We believe this study opens exciting
new possibilities for applying PLMs not only in the SP prediction
task but also in other protein analysis tasks, such as targeting pep-
tide prediction and protein cellular localization.

Methods

Pretrained large PLMs

In recent years, several PLMs have emerged. For example, ProtTrans,
ESM-1, and ESM-2models have been trained on sequences from the
UniRef (Suzek et al. 2007, 2015) protein sequence database using a
masked language modeling objective. These models are specifically
designed for protein feature extraction and can function as a foun-
dation for fine-tuning in SP prediction tasks. The state-of-the-art
model SignalP 6.0 utilized ProtBert, derived from ProtTrans, as its
backbone model. Unlike ProtBert, which has only a single version
available, the ESM-2 model family has various larger models.
Previous studies have established a relationship between model
scale and learning of protein structure, suggesting that further scal-
ing up of the models may continue to improve the performance
(Rao et al. 2020;Meier et al. 2021; Rives et al. 2021). TheESM-2mod-
el family encompasses varying model sizes ranging from 8 million
parameters to a substantial 15 billion parameters. The ESM-2model
family, including ESM2-150M, ESM2-650M, and ESM2-3B, outper-
forms other PLMs from ProtTrans and the ESM-1 model family in
protein sequence–related tasks (Lin et al. 2023). According to the
t-SNE analysis with the Calinski–Harabasz index, the pretrained
ESM-2 model family generated better clustering of sequence repre-

sentations than the pretrained ProtTrans, suggesting the ESM-2
model family may be promising backbone models (Supplemental
Fig. S9). Furthermore, we individually replaced the backbone in
SignalP 6.0 with three backbones from the ESM-2 model family
and fully fine-tuned them on the SP data sets. The ESM-2
model family also outperformed ProtBert on the SP prediction
(Supplemental Fig. S10). Hence, based on the solid performance
in these protein sequence–related tasks, we employed the ESM-2
model family as the pretrained backbone in our subsequent experi-
ments. It isworthnoting that although ESM-15B is available and ex-
hibits excellent predictive capabilities, we had to exclude it fromour
study because of computational resource limitations.

Unlike existing SP prediction models that require appending
an organism identifier to the protein sequence, PEFT-SP with a
ESM-2 backbone (as shown in Fig. 4A) takes only the protein se-
quence S as input, encoding it into token embeddings. The token
embeddings of the sequence are then fed into a stack of multiple
transformer layers, designed to learn contextual relationships be-
tween amino acids. Each transformer layer consists of a self-atten-
tion mechanism and position-wise feed-forward networks (FFNs)
surrounded by separate residual connections. In the self-attention
mechanism, the attention function processes the input feature X
and transforms it into three different vectors of dimension d: query
(Q), key (K), and value (V). This transformation uses three weight
matrices: Wq, Wk, and Wv. Subsequently, the scaled dot-product
attention calculates the scaled attention score by performing a
dot product between the Q and the K values associated with the
amino acid token. It then converts this score into a probability dis-
tribution using the Softmax function:

Q = WqX; K = WkX; V = WvX, (1)

Self − Attention(Q, K, V) = softmax
QKT��

d
√

( )
V. (2)

Table 2. Benchmark results ofMCC2 for SignalP 6.0, Fine-tuning ESM2-3B, and PEFT-SPmodels using different PEFTmethods with the ESM2-3B
backbone

Method/Backbone Fine-tuning Prompt tuning Adapter tuning LoRA

SP types SignalP 6.0 ESM2-3B ESM2-3B ESM2-3B ESM2-3B

Archaea Sec/SPI 0.793 0.771 0.777 0.825 0.783

Archaea Sec/SPII 0.825 0.864 0.509 0.783 0.730

Archaea Sec/SPIIIa 0.426 0.724 0.500 0.351 0.798

Archaea Tat/SPI 0.563 0.564 0.653 0.538 0.579

Archaea Tat/SPIIa 0.718 0.792 0.182 0.660 0.850

Eukarya Sec/SPI 0.958 0.948 0.954 0.954 0.960

Negative Sec/SPI 0.804 0.813 0.723 0.820 0.809

Negative Sec/SPII 0.929 0.946 0.886 0.950 0.945

Negative Sec/SPIIIa 0.902 0.982 0.970 0.899 0.919

Negative Tat/SPI 0.962 0.902 0.853 0.899 0.961

Negative Tat/SPIIa 0.486 0.358 0.325 0.405 0.520

Positive Sec/SPI 0.770 0.810 0.746 0.814 0.848

Positive Sec/SPII 0.882 0.908 0.833 0.911 0.939

Positive Sec/SPIIIa 0.902 1.000 0.951 0.969 1.000

Positive Tat/SPI 0.799 0.746 0.590 0.752 0.850

Positive Tat/SPIIa 0.786 0.603 0.148 0.669 0.783

Mean (MCC2) 0.781 0.796 0.663 0.762 0.830

The bold values indicate the highest value for each SP type among all methods.
aSP types with limited training samples.
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The output of the self-attention mechanism is a representa-
tion achieved through the weighted summation of values. The
FFN module is constructed from two linear transformations,
each activated by the rectified linear unit function (Agarap
2018), yielding a sequence of hidden states. We removed the spe-
cial tokens (CLS and SEP) introduced from the backbone, and re-
tained a sequence of hidden states h with the same length as the
input sequence S:

h = ESM2(S). (3)

PEFT methods for ESM-2

PEFT is a technique to improve the performance of LLMon various
downstream tasks. It achieves efficiency by introducing tunable
parameters while freezing the original parameters in the backbone
model. Thus, the model can be tailored to new tasks with reduced
computational overheads and fewer labeled training samples. The
PEFT methods reduce computing resources during the training
stage by updating the introduced parameters only. Unlike the orig-
inal configuration of adapter tuning and LoRA, which incorporate
relatedmodules into all transformer layers, we specifically inserted
them into the bottommost L transformer layers within the ESM-2
model. The idea comes from the LLaMA-Adapter (Zhang et al.
2023), designed to enhance the fine-tuning of representations
with higher-level semantics.

Adapter tuning

The adapter tuning (Houlsby et al. 2019) incorporates adapter
moduleswith a bottleneck architecturewithin the transformer lay-
er of the ESM-2 model. These adapter modules are introduced as
distinct components, positioned after the projection phase follow-
ing self-attention and after the two feed-forward layers. Each
adapter module comprises a residual connection and a bottleneck
architecture, which compress the input data into a bottleneck layer
with reduced dimensionality and subsequently reconstruct the
data to match the original input size. The fusion of the ESM-2
model with adapter modules is illustrated in Figure 4B.

Prompt tuning

The prompt tuning (Lester et al. 2021) method involves the addi-
tion of trainable embeddings, as “soft prompts,” into the sequence
embeddings, which serve as inputs to the ESM-2 model.
Considering the high sensitivity of prompt tuning to prompt ini-
tialization, prompts are initially set using embeddings of randomly
selected amino acids. All parameters within the ESM-2 model re-
main fixed throughout the training process, whereas the soft
prompts are continuously updated using gradients. Including
soft prompts in the input sequence introduces extra hidden states
generated by the ESM-2 model. To ensure that the length of the
hidden statesmatches the sequence length,weomitted the hidden
states associated with the soft prompts. An overview of the ESM-2
model with prompt tuning is provided in Figure 4C.

Low-rank adaptation

LoRA (Hu et al. 2021) is built on the idea that trainable weights
have a low “intrinsic rank.” This characteristic enables the weights
to learn effectively, even when randomly projected into a smaller
subspace. We performed lightweight fine-tuning of ESM-2 (Lin
et al. 2023) by introducing trainable rank decomposition matrices
into the transformer architecture, implementing LoRA (as shown
in Fig. 4D). Specifically, this reparameterization is applied to the
projection matrices of the query, key, value, and FFN modules
within the transformer. The trained weight matrix, denoted as
W0∈Rd×k, is coupled with a low-rank decomposition matrix ΔW
= BA, where B∈Rd×r, A∈Rr×k, and r≪min(d, k). Both W0 and
ΔW are simultaneously employed on the same input, and the out-
put vectors they generate are combined elementwise. Hence, the
functions for transforming X into a query (Q), key (K), and value
(V) within the transformer, as shown in Equation 1, undergo the
following modifications:

Q = Wq0X+ a

r
DWqX = Wq0X+ a

r
BqAqX;

K = Wk0X+ a

r
DWkX = Wk0X+ a

r
BkAkX;

V = Wv0X+ a

r
DWvX = Wv0X+ a

r
BvAvX

(4)

A

B

C

Figure 3. The sequence logo of Sec/SPII generated with (A) known Sec/SPII sequences (represented by information content) and (B) predicted Sec/SPII
sequence patterns via LoRA-tuned ESM2-3B (represented by attention weights). (C) Comparison between the gold-standard sequence logo and the pre-
dicted sequence pattern using Spearman’s rank correlation between information content and attention weights. Each dot represents one position on the
sequence.
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where α is a scaling constant. We initial-
ized A with random Gaussian initializa-
tion and B to zero, resulting in ΔW =
BA to zero and preserving the original
knowledge in the ESM-2model at the be-
ginning of training. During the training
state, the pretrained weight matrix W0

is kept frozen, and the low-rank decom-
position matrix ΔW is trainable by up-
dating A and B with a gradient. The
hyperparameters α and r are determined
through the hyperparameter tuning
process.

Linear chain CRF

The linear chainCRF (Lafferty et al. 2001)
is widely used in sequence labeling tasks,
which can capture relationships between
the labels in a sequence and the observed
data. The linear chain CRF takes the se-
quence of hidden states h from the
ESM-2 model and assigns regions of y
for each sequence position based on
the dependencies between neighboring
states. The linear chain CRF can be writ-
ten as

P(y|h) = 1
Z(h)

∏T
t=1

exp( f (ht))
∏T−1

t=1

exp(fyt ,yt−1
),

(5)

where Z(h) is a normalizing constant,
f( · ) denotes a linear transformation
that prepares the emissions for the CRF,
and ϕ represents the transition matrix
governing the probability of yt−1 follow-
ing yt. To accurately predict the defined
regions of the SP class, which include
the n-region, h-region, c-region, and
twin-arginine motif, the ϕ transition ma-
trix is constrained in the same way as
SignalP 6.0 (Teufel et al. 2022).

The Viterbi decoding process computes the most probable
state sequence, encompassing the predicted SP class regions. For
CS prediction, the linear chain CRF predicts the regions of SP.
The CS is identified based on the last state of the region for the
SP class within the most likely state sequence. The forward–back-
ward algorithm calculates the marginal probabilities for each se-
quence position. To predict the type of SP, the probability of a
specific SP type is calculated by summing the marginal probabili-
ties associated with all states belonging to a particular type and
then dividing by the sequence length:

p(G|S) = 1
T

∏T
t=1

∑
c[G

p(yt,c|S). (6)

Loss function and regularization term

We constructed the loss function and regularization term follow-
ing the approach of SignalP 6.0. We treated the SP region predic-
tion task as a multilabel classification problem at the training
stage. Specifically, positions around the boundaries of the regions
were labeled as multilabel. For instance, a position near both the
n-region and h-region was designated as both the n-region and

h-region, reflecting the absence of a strict definition for region
borders.

The loss function is derived from the negative log-likelihood
of the linear chain CRF. At a specific position, the set of ground-
truth labels is denoted asMt. The formulation of the loss function
is as follows:

− log(P(y|h))= log(Z(h))− log exp
∑T
t=1

∑
yt[Mt

f (ht )+f(yt , yt−1)

( )( )
.

(7)

The regularization aims to promote diverse amino acid com-
positions within the three SP regions (n-region, h-region, c-re-
gion). We summed the marginal probabilities of all CRF states c
belonging to region r for all positions with amino acid a, yielding
a vector of scorer for each region r. Diversity scores are then calcu-
lated using cosine similarity for the vectors of scores between the
n-region and h-region, as well as between the h-region and c-re-
gion, for each sequence. The mean of these diversity scores across
all sequences is incorporated into the loss function with a scaling
factor.

A B

C D

2 × DNNs 2 × DNNs

2 × DNNs 2 × DNNs

Figure 4. The architectures for the ESM-2 model and PEFT-SP using different PEFT modules. The light
greenmodules are tunable during training, whereas the graymodules are fixed. (A) The ESM-2 backbone
model uses amino acid sequences for SP and CS prediction. (B) PEFT-SP using adapter tuning contains a
bottleneck architecture. (C ) PEFT-SP using prompt tuning appends soft embedding into token embed-
ding. (D) PEFT-SP using LoRA adds trainable rank decomposition matrices into the self-attention layer.
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scorea,r =
∑

t={t[T,St=a}

∑
c[r

p(yt,c|S) . (8)

score′r = scorer/
∑A
a=1

scorea,r . (9)

Model evaluation

We applied the same metrics used in baseline models, specifically
the MCC, commonly employed in other SP prediction methods
for a fair comparison. Considering that most existing methods in-
volve binary classification for distinguishing SP from non-SP, we
calculatedMCCmetrics (MCC1) using a data set inwhich negative
samples comprised transmembrane and soluble proteins. In addi-
tion, we computed MCCmetrics (MCC2) on a data set in which a
specific SP typewas designated as the positive sample, with all oth-
er SP types and non-SP as the negative samples.

Because the CS prediction in our method relies on the last
state of the region for the SP class, the output of the CS prediction
is the position of the CS in the protein sequence rather than the
probabilities of the CS for each position in the sequence.
Precision and recall are used to assess the performance of CS pre-
diction within a tolerance window of up to three. Precision is
the ratio of correct CSs to the total number of predictedCSs, where-
as recall is the ratio of correctly predicted CSs to the total number
of true CSs. For bothmetrics, a CS prediction was deemed accurate
only if the predicted SP was also correct. For example, if the model
predicts a CS within a Sec/SPI sequence but assigns Sec/SPII as the
SP label, the sample is not considered in precision and recall calcu-
lation. These calculations are designed to measure the CS predic-
tion under the correct SP prediction.

Data set

We utilized the benchmark data set obtained from the SignalP 6.0
web server (https://services.healthtech.dtu.dk/services/SignalP-6
.0/), which includes a diverse set of protein sequences. The data
set consists of 2582 Sec/SPI, 1615 Sec/SPII, 72 Sec/SPIII, 365 Tat/
SPI, 33 Tat/SPII, 16,421 intracellular sequences, and 2615 trans-
membrane sequences. The SP types with limited training samples
are Sec/SPIII and Tat/SPII. Each protein sequence in the data set is
accompanied by information about its SP type and region labels at
each position, with the final label associated with the SP type indi-
cating the CS. The data set was initially acquired from four organ-
ism groups: Archaea, Eukarya, Gram-positive, and Gram-negative
bacteria. The data set was partitioned into three subsets to ensure
fairness and robustness, with similar sequences grouped within
each partition but no significant sequence similarity between
proteins of different partitions. Furthermore, each partition was
meticulously balanced across the four organism groups. Our
experimental design involved a threefold nested cross-validation
process encompassing a twofold inner loop and a threefold outer
loop. This configuration resulted in six distinct test sets. The distri-
bution of the number of samples and the distribution of CS for SP
types within each organism group are depicted in Supplemental
Figures S11 and S12, respectively.

Experiment setting

We employed a pretrained PLM from the ESM-2 (Lin et al. 2023)
model family as the backbone for our model, comprising ESM2-
150M, ESM2-650M, and ESM2-3B. Throughout the training pro-
cess, the backbone model remained frozen. In contrast, the linear
chain CRF and all parameters introduced by our PEFTmethods, in-
cluding LoRA (Hu et al. 2021), prompt tuning (Lester et al. 2021),
and adapter tuning (Houlsby et al. 2019), were trainable. Themod-
el was trained end-to-end with the Adamax (Kingma and Ba 2014)
optimizer. For model selection, we computed a combined MCC2

score for SP prediction and an MCC score for CS prediction. The
best model was chosen from the validation sets based on the
mean of these evaluation values. To optimize hyperparameters,
we utilized Gaussian optimization provided by Optuna (Akiba
et al. 2019). The specific hyperparameters and their corresponding
search ranges are detailed in Supplemental Table S11. All runswere
trained on an Nvidia A100 GPU with a batch size of 20.

We first compared our PEFT-SP using LoRA with the state-of-
the-artmodel SignalP 6.0. Subsequently, we evaluated PEFT-SP using
LoRA against all baseline models trained on the SP data set with suf-
ficient training samples. Finally, we extended our comparisons to
fine-tuning and PEFT-SP using different combinations of PEFTmeth-
ods (including prompt tuning, adapter tuning, and LoRA) with the
ESM-2 model family. Our goal was to attain better performance in
both SP and CS prediction compared with other existing methods.

Sequence logo

We generated gold-standard and predicted label sequence logos for
each SP type. The gold-standard sequence logos were created using
Shannon’s entropy on amino acid frequencies, calculated with the
ggseqlogo package (Wagih 2017). The predicted label sequence lo-
gos were generated using attention weights from the LoRA-tuned
ESM2-3Bmodel, calculated as the frequency of amino acids weight-
ed by position attention weights. We visualized the sequence logos
using ggseqlogo. The relationship between the two sequence logos
was assessed using the Spearman’s ranked correlation between the
information content in the gold-standard sequence logos and the
attention weights in the predicted label sequence logos.

Software availability

The SP data set was downloaded from theweb service of SignalP 6.0.
The source code of PEFT-SP and trained models are publicly avail-
able at GitHub (https://github.com/shuaizengMU/PEFT-SP) and as
Supplemental Code. The web server is available at https://www
.mu-loc.org/peftsp/.
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