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Datasets Overview

In this study, we utilize Antimicrobial Peptide (AMP) datasets to evaluate the performance of various
Protein Language Models (PLMs) from Xu et al.1 and Yan et al.2. Specifically, the datasets from Xu et
al. are employed independently in the "Comparisons between PLMs: Scale Matters" section. For the
"Comparisons with Existing AMP Classifiers: Superior Performance with Minimal Effort" and "Parameter
Fine-Tuning Outperforms Embedding-Based Transfer Learning" sections, we use the curated datasets
and splits from Yan et al.2. The datasets from Yan et al. are carefully designed to minimize sequence
identity between training, validation, and test sets, ensuring unbiased and robust evaluations.

Xu et al. curated datasets

Table S1 summarizes the seven AMP datasets from Xu et al.1, utilized for the comparison of the Protein
Language Models (PLMs) under examination, detailing the number of peptides, the range of sequence
lengths, the mean/median lengths for both AMP and non-AMP classes, and the average pairwise se-
quence identity. Each dataset contains the same number of AMP and non-AMP sequences. These
datasets are publicly available at the following link:
https://github.com/HongWuL/sAMPpred-GAT/tree/main/datasets/independent%20test%20datasets.

The sequence identity percentage in Tables S1 and S2 represents the average pairwise identity of
sequences within each class for a given dataset. Identity scores between pairs of sequences are cal-
culated using Biopython’s function pairwise2.align.globalxx for global alignment. This alignment
implies that only matches between both sequences are counted. The score for each pair is normalized
dividing it by the max length of the two sequences and expressed as a percentage. The overall average
is derived by computing the mean of these percentages for all pairs within the subset.

Table S1. Summary of datasets from Xu et al.

Dataset Number of Length Range (residues) Mean/Median Length Sequence Identity (%)
Peptides AMP Non-AMP AMP Non-AMP AMP Non-AMP

XUAMP 3072 16-100 28-100 62.9/63.0 77.1/79.0 25.4 28.7
DRAMP 2816 16-100 31-100 62.7/62.0 76.5/78.0 25.7 29.0
LAMP 2108 13-100 30-100 58.0/57.0 74.9/76.0 24.0 28.7
dbAMP 1044 17-100 32-100 52.5/48.0 75.5/77.0 23.9 28.8
APD3 988 13-100 31-100 48.1/43.0 75.6/77.0 24.1 28.9
YADAMP 648 11-100 33-100 31.4/32.0 77.1/79.0 25.3 29.0
CAMP 406 11-100 29-100 19.6/20.0 75.8/78.0 24.7 28.7
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UMAP plots

Figures S1 and S2 display the Uniform Manifold Approximation and Projection (UMAP)3 plots for the
embedding representations generated by different models for each dataset listed in Table S1. The
visualizations across the AMP datasets clearly show that the larger ESM2t48 model forms clusters that
are more distinctly separated between the two classes compared to the smaller ESM2t6 model. This
distinction is expected to translate directly into performance improvements.

Figure S1. UMAP visualization of embeddings derived from ESM2t48 (left) and ESM2t6 (right) models
for XUAMP, DRAMP, and LAMP datasets.
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Figure S2. UMAP visualization of embeddings derived from ESM2t48 (left) and ESM2t6 (right) models
for dbAMP, APD3, YADAMP, and CAMP datasets.
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Yan et al. curated datasets

To ensure a fair comparison with the other state-of-the-art methods, we utilize the curated datasets
and their corresponding splits from Yan et al.2 Specifically, for the training of our classifiers we use the
datasets that can be found at:
https://github.com/HongWuL/sAMPpred-GAT/tree/main/datasets/train%20datasets.

As training datasets we utilize the datasets annotated as "NAME_pretrain_train_negative.fasta" for the
non-AMPs and "NAME_pretrain_train_positive.fasta" for AMPs. These datasets are summarized in Ta-
ble S2. As validation datasets for the fine-tuning of our classifiers we use the datasets annotated as
"NAME_pretrain_val_negative(or positive).fasta". The test datasets correspond to those from Xu et al.,
previously described in Table S1.

Table S2. Summary of datasets from Yan et al, detailing dataset size, sequence length range, mean/-
median sequence lengths, and average pairwise sequence identity.

Dataset Number of Peptides Length Range (residues) Mean/Median Length Sequence Identity (%)
AMP Non-AMP AMP Non-AMP AMP Non-AMP AMP Non-AMP

XUAMP 4426 4431 11-100 28-100 47.2/43.0 76.7/79.0 22.4 29.1
LAMP 3858 3852 11-100 28-100 45.8/41.0 76.7/79.0 22.3 29.1
DRAMP 3976 3632 11-100 28-100 45.0/38.0 76.7/79.0 22.3 29.2
dbAMP 4174 4116 11-100 28-100 46.5/41.0 76.7/79.0 23.3 29.1
APD3 4189 4162 11-100 28-100 47.4/43.0 76.8/79.0 22.5 29.2
YADAMP 4345 4244 11-100 28-100 47.5/43.0 76.6/79.0 22.4 29.1
CAMP 4394 4324 11-100 28-100 47.4/43.0 76.7/79.0 22.5 29.2

UMAP plots

Figure S3 displays the UMAP visualizations of embedding representations generated by different models
for the XUAMP, DRAMP, and LAMP datasets. In these visualizations, the training datasets (summarized
in Table S2) are represented by dark blue points for non-AMPs and dark orange points for AMPs, while
the test datasets (summarized in Table S1) are depicted in light blue for non-AMPs and light orange for
AMPs.

The UMAP plots in Figure S3 demonstrate a noticeable distinction between clusters representing the
training and test set samples of the same class, reflecting the low sequence identity between these sets
as enforced during dataset design.
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Figure S3. UMAP visualizations of embeddings generated by the ESM2t48 (left) and ProtT5xl (right)
models for datasets listed in Table S2 (training sets) and Table S1 (test sets).
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Details on Training and Fine-Tuning

Comparisons between PLMs: Scale matters

Tables S3 and S4 present the hyper-parameters examined for Support Vector Machines (SVMs) and eX-
treme Gradient Boosting (XGBoost), respectively. A grid search combined with 10-fold cross-validation
was performed independently for each Protein Language Model (PLM) and dataset to identify the best
configurations.

In the case of SVMs, a second, more targeted grid search experiment was performed, focusing on
values around the best-performing regularization parameter C = 1. This search identified C = 1.8 as the
optimal value across PLMs and datasets. The combination of Radial Basis Function (RBF) kernel and
scale gamma option consistently delivered the highest performance.

For XGBoost we opted on using the default configuration as it showed consistent performance across
different PLMs and datasets.

For the Logistic Regression classifier the maximum number of training iterations (max_iter) was in-
creased to 1000 to ensure convergence.

Table S3. Hyperparameters and their values explored for SVM tuning

Hyperparameter Values Tested

Kernel Type Linear, RBF, Polynomial
C Value 0.01, 0.1, 1, 10, 100, 1000
Degree (for Polynomial) 2, 3, 4
Gamma Scale, Auto, 0.01, 0.1

Table S4. Hyperparameters and their values explored for XGBoost tuning

Hyperparameter Values Tested

n_estimators 50, 100, 150, 200, 250, 500
learning_rate 0.01, 0.1, 0.2
max_depth 3, 4, 5, 6, 7, 10
gamma 0, 0.1, 0.2, 1
subsample 0.7, 0.8, 0.9, 1
colsample_bytree 0.7, 0.8, 0.9, 1
reg_alpha 0, 0.1, 0.5, 1

Comparisons with Existing AMP Classifiers: Superior performance with minimal
effort

The optimal hyperparameter configuration for each dataset and model in this section was selected based
on performance on the corresponding validation set (see Section ‘Yan et al. Curated Datasets’). The
hyperparameters evaluated for SVMs and XGBoost are summarized in Tables S3 and S4.

For SVMs, the most frequently observed optimal configuration consisted of C = 10, the Radial Basis
Function (RBF) kernel, and the scale option for gamma.

For XGBoost, the most common optimal configuration consisted of max_depth= 6, learning_rate=
0.1, n_estimators= 150, subsample= 0.8, and colsample_bytree= 0.8.

For the Logistic Regression classifier the maximum number of training iterations (max_iter) was in-
creased to 1000 to ensure convergence.
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Parameter Fine-Tuning Outperforms Embeddings-Based Transfer Learning

For Low Rank Adaptation (LoRA)4 fine-tuning, we utilize the PEFT library (Parameter-Efficient Fine-
Tuning) in conjunction with the Hugging Face Transformers’ Trainer.

For ESM2 models, we employ the EsmForSequenceClassification class from the Hugging Face
Transformers library, which integrates a classification head tailored for sequence classification tasks.
This implementation utilizes the CLS token generated by the ESM2 model as input to the classification
head. For ProtT5 models, we leverage the implementation by Schmirler et al.5. This approach applies
mean pooling to the per-amino-acid embeddings generated by the ProtT5 model, using the resulting
per-protein embeddings as input to the classification head.

Table S5 summarizes the LoRA-specific hyperparameter values and configurations explored during fine-
tuning. Table S6 provides the general training configuration options tested, which are not specific to
LoRA.

The datasets utilized for these experiments are described in ‘Yan et al. curated datasets’ section.
Throughout the fine-tuning process, model performance is assessed at the end of each epoch using
the validation set. The model instance achieving the highest F1 score on the validation set is selected
as the final model. In the last step the model’s performance is evaluated on the test set.

Table S5. Range of values for the LoRA specific hyper-parameters

LoRA Parameter Value

r (Rank) 1, 2, 4, 8
LoRA Alpha 0.1, 1, 2, 4, 8
Bias Configuration ’lora_only’, ’none’
LoRA Dropout 0, 0.1, 0.2, 0.3
Target Modules query, key, value, output projection

Table S6. Range of values for the remaining training hyper-parameters

Configuration Option Value

Optimizer AdamW
Learning Rate 0.01, 0.005, 0.001, 0.0001
Weight Decay 0, 0.01, 0.1
Learning Rate Scheduler Linear, Cosine
Batch Size (Train) 1, 4, 8, 16, 32, 64
Number of Epochs 3, 5, 10
Gradient accumulation steps 1, 2, 4

Lower values for the rank, r, yielded better performance, prompting us to select r = 1 to additionally
minimize the number of additional trainable parameters. We hypothesize that the effectiveness of low r
values is driven by the limited number of available samples for fine-tuning, which constrains the model’s
capacity to benefit from additional parameters.

The configuration choices that yielded the most consistent results across the various models and datasets
are detailed below.
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LoRA Hyperparameters:

• Rank (r): 1

• LoRA scaling factor (α): 1

• Bias Configuration: lora_only

• LoRA Dropout: 0.1

• Target Modules: query, key, value

Training Hyperparameters:

• Batch Size: 16

• Number of Epochs: 3 (ESM2 models), 5
(ProtT5 models)

• Learning Rate: 0.001

• Learning Rate Scheduler: Linear

• Weight Decay: 0.1

The ESM2t48 model was fine-tuned using QLoRA6 to address computational constraints arising from
the model’s large size, while all other configuration choices remained unchanged.

For the ProtT5 models the inclusion of the output projection matrix of the attention mechanism as a
target module for LoRA, led to better performance, so we included it for the fine-tuning of these models.

For the ProtT5xxl model, gradient accumulation with a step size of 2 was employed to effectively in-
crease the batch size from 8 to 16, addressing computational constraints. Additionally, the learning rate
was increased to 0.002.

Additional Results

Comparisons between PLMs: Scale matters

Figures S4-S9 depict the average accuracy and standard deviation across all classifiers under exami-
nation (LogReg, SVM, and XGBoost), utilizing embedding representations derived from different PLMs.
The average accuracy and standard deviation are calculated by first performing 10-fold cross-validation
for each classifier and then averaging the results across the three classifiers. The figures correspond to
the following datasets: DRAMP, LAMP, dbAMP, YADAMP, APD3, and CAMP. The horizontal axis displays
the model size on a logarithmic scale, and the red line represents the fitted regression line.

Figure S4. Average accuracy over model size on the DRAMP Dataset. y = 0.007x+ 0.602. Spearman
correlation coefficient: 0.832 P-value: 2×10−5. Pearson correlation coefficient: 0.793 P-value: 9×10−5.

8



Figure S5. Average accuracy over model size on the LAMP Dataset. y = 0.005x+ 0.718. Spearman
correlation coefficient: 0.615 P-value: 0.007. Pearson correlation coefficient: 0.466 P-value: 0.051.

Figure S6. Average accuracy over model size on the dbAMP Dataset. y = 0.004x+ 0.762. Spearman
correlation coefficient: 0.753 P-value: 3×10−4. Pearson correlation coefficient: 0.636 P-value: 0.005.
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Figure S7. Average accuracy over model size on the APD3 Dataset. y = 0.002x+ 0.841. Spearman
correlation coefficient: 0.440 P-value: 0.068. Pearson correlation coefficient: 0.414 P-value: 0.088.

Figure S8. Average accuracy over model size on the YADAMP Dataset. y= 3×10−4x+0.952. Spearman
correlation coefficient: 0.054 P-value: 0.832. Pearson correlation coefficient: 0.052 P-value: 0.838.
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Figure S9. Average accuracy over model size on the CAMP Dataset. y =−9×10−5x+0.988. Spearman
correlation coefficient: -0.022 P-value: 0.932. Pearson correlation coefficient: -0.017 P-value: 0.947.

The detailed statistical results, including the correlation coefficients and their respective P-values, are
summarized in Table S7. Additionally, Table S8 consolidates the regression line statistics for each
dataset, reporting the average accuracy, its standard deviation as well as the slope and the intercept
of the linear fit.

The results reveal a clear trend: datasets with lower baseline accuracy, indicative of greater complexity,
exhibit steeper slopes in their regression lines compared to those with higher baseline accuracy. This
pattern suggests that model size increases have a more pronounced effect on improving accuracy in
more challenging datasets. Larger models are likely more capable at learning nuanced features of pro-
tein sequences, potentially enabling improved generalization and downstream performance.

Table S7. Correlation Results on Various Datasets

Dataset Spearman Pearson

Coefficient P-value Coefficient P-value

XUAMP 0.871 3×10−6 0.842 10−5

DRAMP 0.832 2×10−5 0.793 9×10−5

LAMP 0.615 0.007 0.466 0.051
dbAMP 0.753 3×10−4 0.636 0.005
APD3 0.440 0.068 0.414 0.088
YADAMP 0.054 0.832 0.052 0.838
CAMP -0.022 0.932 -0.017 0.947
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Table S8. Regression Line Statistics

Dataset Avg. Accuracy Std. Dev. Slope Intercept

XUAMP 0.772 0.038 0.008 0.546
DRAMP 0.800 0.037 0.007 0.602
LAMP 0.859 0.044 0.005 0.718
dbAMP 0.885 0.036 0.004 0.762
APD3 0.908 0.033 0.002 0.841
YADAMP 0.960 0.029 3×10−4 0.952
CAMP 0.985 0.028 −9×10−5 0.988

Figures S10 and S11 display histograms that illustrate the average accuracy of the SVM and XGBoost
classifiers across all examined datasets, respectively. In each histogram, the models are ordered se-
quentially by their size, from the largest to the smallest.

ES
M2t4

8

Pro
tT5

xxl

ES
M2t3

6

Pro
tT5

xl

Pro
tT5

xlb
fd

ES
M2t3

3
ES

M1b
ES

M1v

Pro
tBert

Pro
tBert

bfd

Pro
tAlbe

rt

Pro
tXLN

et

Se
qV

ec

TA
PE

Bert

ES
M2t1

2

TA
PE

Bab
ble

r

Pro
tei

nB
ert

ES
M2t6

0.82

0.84

0.86

0.88

0.90

0.92

Av
er

ag
e 

Ac
cu

ra
cy

All Datasets SVM

Figure S10. Average classification accuracy and standard deviation of the SVM classifier across all
datasets, using embedding-based transfer learning from various PLMs, ordered by model size.

12



ES
M2t4

8

Pro
tT5

xxl

ES
M2t3

6

Pro
tT5

xl

Pro
tT5

xlb
fd

ES
M2t3

3
ES

M1b
ES

M1v

Pro
tBert

Pro
tBert

bfd

Pro
tAlbe

rt

Pro
tXLN

et

Se
qV

ec

TA
PE

Bert

ES
M2t1

2

TA
PE

Bab
ble

r

Pro
tei

nB
ert

ES
M2t6

0.82

0.84

0.86

0.88

0.90

0.92

Av
er

ag
e 

Ac
cu

ra
cy

All Datasets XGBoost

Figure S11. Average classification accuracy and standard deviation of the XGBoost classifier across all
datasets, using embedding-based transfer learning from various PLMs, ordered by model size.

Comparisons with Existing AMP Classifiers: Superior performance with minimal
effort

Tables S9 through S12 present AUC, Precision, Recall and F1 score values for LogReg, SVM and XG-
Boost classifiers trained on embedding representations derived from different PLMs, for all examined
datasets.

We observe low Recall values for the XUAMP, DRAMP, and LAMP datasets, which subsequently trans-
late to lower accuracy, F1 score and AUC metrics for these datasets.

Table S9. AUC values for various PLMs and classifiers across AMP datasets.

Model Classifier Dataset
XUAMP DRAMP LAMP dbAMP APD3 YADAMP CAMP

ESM2 t48
LogReg 0.811 0.853 0.962 0.973 0.976 0.996 1.000

SVM 0.801 0.842 0.962 0.972 0.977 0.996 1.000
XGBoost 0.786 0.840 0.955 0.965 0.969 0.994 1.000

ESM2 t36
LogReg 0.788 0.833 0.955 0.966 0.969 0.995 1.000

SVM 0.789 0.822 0.951 0.966 0.971 0.993 1.000
XGBoost 0.776 0.830 0.952 0.966 0.967 0.991 0.998

ProtT5 xxl
LogReg 0.785 0.838 0.954 0.971 0.972 0.995 1.000

SVM 0.805 0.857 0.956 0.971 0.977 0.997 0.999
XGBoost 0.785 0.841 0.957 0.968 0.973 0.997 1.000

ProtT5 xl
LogReg 0.765 0.814 0.932 0.954 0.961 0.967 0.975

SVM 0.792 0.828 0.937 0.955 0.962 0.979 0.974
XGBoost 0.773 0.815 0.917 0.945 0.944 0.964 0.955
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Table S10. Precision values for various PLMs and classifiers across AMP datasets.

Model Classifier Dataset
XUAMP DRAMP LAMP dbAMP APD3 YADAMP CAMP

ESM2 t48
LogReg 0.896 0.939 0.969 0.959 0.958 0.955 0.958

SVM 0.890 0.949 0.966 0.960 0.955 0.955 0.962
XGBoost 0.890 0.942 0.956 0.953 0.946 0.949 0.976

ESM2 t36
LogReg 0.873 0.932 0.949 0.944 0.947 0.952 0.949

SVM 0.880 0.924 0.947 0.945 0.949 0.941 0.949
XGBoost 0.886 0.933 0.960 0.957 0.950 0.951 0.944

ProtT5 xxl
LogReg 0.850 0.914 0.946 0.941 0.932 0.938 0.944

SVM 0.899 0.950 0.963 0.948 0.958 0.964 0.958
XGBoost 0.889 0.942 0.961 0.969 0.946 0.964 0.953

ProtT5 xl
LogReg 0.848 0.882 0.912 0.937 0.919 0.934 0.902

SVM 0.843 0.839 0.898 0.899 0.887 0.900 0.886
XGBoost 0.847 0.880 0.900 0.930 0.913 0.914 0.889

Table S11. Recall values for various PLMs and classifiers across AMP datasets.

Model Classifier Dataset
XUAMP DRAMP LAMP dbAMP APD3 YADAMP CAMP

ESM2 t48
LogReg 0.533 0.568 0.793 0.856 0.883 0.981 1.000

SVM 0.518 0.579 0.804 0.835 0.893 0.985 1.000
XGBoost 0.518 0.563 0.740 0.810 0.844 0.975 1.000

ESM2 t36
LogReg 0.523 0.557 0.770 0.812 0.860 0.981 1.000

SVM 0.521 0.568 0.780 0.816 0.864 0.978 1.000
XGBoost 0.519 0.548 0.732 0.820 0.840 0.957 0.990

ProtT5 xxl
LogReg 0.542 0.556 0.787 0.852 0.889 0.978 1.000

SVM 0.527 0.589 0.797 0.847 0.887 0.978 1.000
XGBoost 0.512 0.558 0.777 0.843 0.885 0.981 1.000

ProtT5 xl
LogReg 0.516 0.534 0.760 0.824 0.870 0.873 0.911

SVM 0.577 0.649 0.823 0.889 0.933 1.000 1.000
XGBoost 0.480 0.512 0.685 0.791 0.804 0.920 0.867

Table S12. F1 score values for various PLMs and classifiers across AMP datasets.

Model Classifier Dataset
XUAMP DRAMP LAMP dbAMP APD3 YADAMP CAMP

ESM2 t48
LogReg 0.668 0.708 0.872 0.905 0.919 0.968 0.978

SVM 0.655 0.719 0.877 0.893 0.923 0.970 0.981
XGBoost 0.655 0.705 0.834 0.876 0.892 0.962 0.988

ESM2 t36
LogReg 0.654 0.697 0.850 0.873 0.901 0.967 0.974

SVM 0.655 0.704 0.855 0.876 0.905 0.959 0.974
XGBoost 0.654 0.690 0.831 0.883 0.892 0.954 0.966

ProtT5 xxl
LogReg 0.662 0.691 0.859 0.894 0.910 0.958 0.971

SVM 0.665 0.727 0.872 0.895 0.921 0.971 0.978
XGBoost 0.650 0.701 0.859 0.902 0.914 0.972 0.976

ProtT5 xl
LogReg 0.642 0.665 0.829 0.877 0.894 0.903 0.907

SVM 0.685 0.732 0.858 0.894 0.909 0.947 0.940
XGBoost 0.613 0.648 0.778 0.855 0.855 0.917 0.878
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Parameter Fine-Tuning Outperforms Embedding-Based Transfer Learning

Tables S13 through S18 present the average metric values for AUC, Accuracy, Precision, Recall, F1
score and MCC across five independent runs of each model’s fine-tuning. Each run is initialized with a
different random seed to ensure robustness and account for variability in model performance. All models
were fine-tuned using LoRA, with the exception of ESM2t48, which was fine-tuned using QLoRA due to
computational resource constraints.

To evaluate potential performance differences between models fine-tuned with LoRA and those fine-
tuned with QLoRA under the same training configurations, additional experiments were conducted using
QLoRA across different sizes of ESM2 models. No statistically significant differences observed com-
pared to models fine-tuned with LoRA. These findings indicate that the QLoRA approach does not in-
troduce notable changes in performance metrics, suggesting comparable efficacy to conventional LoRA
fine-tuning.

Table S13. AUC values (mean ± standard deviation) for different fine-tuned PLMs across different AMP
datasets.

PLM Fine-Tuning
Method

Dataset

XUAMP DRAMP LAMP dbAMP APD3 YADAMP CAMP

E
S

M
2

t12 LoRA 0.799 (0.002) 0.840 (0.002) 0.951 (0.000) 0.968 (0.001) 0.970 (0.004) 0.997 (0.000) 1.000 (0.000)

t12 QLoRA 0.800 (0.002) 0.840 (0.001) 0.951 (0.001) 0.965 (0.001) 0.971 (0.002) 0.997 (0.000) 1.000 (0.000)

t33 LoRA 0.818 (0.001) 0.877 (0.004) 0.960 (0.001) 0.976 (0.000) 0.977 (0.001) 0.997 (0.000) 1.000 (0.000)

t33 QLoRA 0.817 (0.003) 0.882 (0.001) 0.961 (0.001) 0.977 (0.001) 0.974 (0.002) 0.997 (0.001) 1.000 (0.000)

t36 LoRA 0.810 (0.002) 0.861 (0.002) 0.965 (0.001) 0.978 (0.001) 0.978 (0.001) 0.997 (0.001) 1.000 (0.000)

t36 QLoRA 0.806 (0.003) 0.861 (0.004) 0.965 (0.001) 0.980 (0.001) 0.979 (0.001) 0.997 (0.000) 1.000 (0.000)

t48 QLoRA 0.816 (0.004) 0.856 (0.006) 0.964 (0.001) 0.976 (0.002) 0.978 (0.000) 0.998 (0.000) 1.000 (0.000)

P
ro

tT
5 xl LoRA 0.807 (0.002) 0.864 (0.009) 0.962 (0.001) 0.972 (0.002) 0.980 (0.001) 0.997 (0.001) 0.999 (0.001)

xxl LoRA 0.802 (0.002) 0.852 (0.014) 0.963 (0.001) 0.975 (0.002) 0.978 (0.002) 0.996 (0.001) 1.000 (0.000)

Table S14. Accuracy values (mean ± standard deviation) for different fine-tuned PLMs across different
AMP datasets.

PLM Fine-Tuning
Method

Dataset

XUAMP DRAMP LAMP dbAMP APD3 YADAMP CAMP

E
S

M
2

t12 LoRA 0.723 (0.002) 0.750 (0.001) 0.880 (0.002) 0.902 (0.003) 0.909 (0.004) 0.962 (0.002) 0.972 (0.004)

t12 QLoRA 0.716 (0.002) 0.752 (0.003) 0.878 (0.002) 0.900 (0.003) 0.917 (0.003) 0.964 (0.003) 0.991 (0.004)

t33 LoRA 0.748 (0.004) 0.771 (0.002) 0.891 (0.004) 0.920 (0.004) 0.925 (0.004) 0.972 (0.003) 0.978 (0.006)

t33 QLoRA 0.748 (0.002) 0.780 (0.003) 0.896 (0.002) 0.919 (0.004) 0.924 (0.005) 0.975 (0.003) 0.982 (0.002)

t36 LoRA 0.753 (0.002) 0.777 (0.004) 0.897 (0.005) 0.921 (0.004) 0.934 (0.001) 0.972 (0.003) 0.981 (0.002)

t36 QLoRA 0.744 (0.003) 0.794 (0.003) 0.898 (0.004) 0.917 (0.006) 0.934 (0.003) 0.979 (0.003) 0.985 (0.002)

t48 QLoRA 0.744 (0.009) 0.778 (0.005) 0.909 (0.002) 0.923 (0.011) 0.930 (0.005) 0.973 (0.003) 0.984 (0.004)

P
ro

tT
5 xl LoRA 0.746 (0.006) 0.789 (0.004) 0.909 (0.004) 0.917 (0.005) 0.928 (0.004) 0.978 (0.003) 0.980 (0.003)

xxl LoRA 0.743 (0.004) 0.784 (0.004) 0.907 (0.004) 0.920 (0.004) 0.934 (0.002) 0.978 (0.004) 0.985 (0.004)
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Table S15. Precision values (mean ± standard deviation) for different fine-tuned PLMs across different
AMP datasets.

PLM Fine-Tuning
Method

Dataset

XUAMP DRAMP LAMP dbAMP APD3 YADAMP CAMP

E
S

M
2

t12 LoRA 0.858 (0.005) 0.905 (0.003) 0.930 (0.004) 0.951 (0.004) 0.937 (0.004) 0.940 (0.005) 0.947 (0.007)

t12 QLoRA 0.853 (0.002) 0.913 (0.002) 0.923 (0.002) 0.905 (0.004) 0.942 (0.023) 0.950 (0.004) 0.982 (0.007)

t33 LoRA 0.890 (0.002) 0.937 (0.003) 0.960 (0.006) 0.968 (0.002) 0.955 (0.003) 0.971 (0.005) 0.958 (0.011)

t33 QLoRA 0.890 (0.003) 0.931 (0.003) 0.951 (0.003) 0.964 (0.005) 0.954 (0.005) 0.967 (0.003) 0.965 (0.004)

t36 LoRA 0.897 (0.005) 0.950 (0.005) 0.964 (0.004) 0.974 (0.002) 0.969 (0.004) 0.958 (0.013) 0.964 (0.004)

t36 QLoRA 0.887 (0.005) 0.918 (0.013) 0.961 (0.003) 0.972 (0.005) 0.966 (0.003) 0.972 (0.004) 0.970 (0.004)

t48 QLoRA 0.910 (0.005) 0.956 (0.009) 0.971 (0.002) 0.977 (0.006) 0.965 (0.006) 0.961 (0.004) 0.969 (0.007)

P
ro

tT
5 xl LoRA 0.868 (0.012) 0.919 (0.011) 0.943 (0.006) 0.962 (0.011) 0.946 (0.005) 0.967 (0.003) 0.961 (0.006)

xxl LoRA 0.892 (0.013) 0.923 (0.016) 0.951 (0.008) 0.962 (0.009) 0.950 (0.005) 0.975 (0.004) 0.970 (0.008)

Table S16. Recall values (mean ± standard deviation) for different fine-tuned PLMs across different
AMP datasets.

PLM Fine-Tuning
Method

Dataset

XUAMP DRAMP LAMP dbAMP APD3 YADAMP CAMP

E
S

M
2

t12 LoRA 0.534 (0.003) 0.559 (0.002) 0.823 (0.005) 0.848 (0.004) 0.877 (0.011) 0.988 (0.003) 1.000 (0.000)

t12 QLoRA 0.521 (0.003) 0.556 (0.006) 0.825 (0.004) 0.893 (0.003) 0.891 (0.020) 0.980 (0.003) 1.000 (0.000)

t33 LoRA 0.565 (0.007) 0.580 (0.004) 0.817 (0.013) 0.870 (0.009) 0.893 (0.007) 0.973 (0.009) 1.000 (0.000)

t33 QLoRA 0.566 (0.004) 0.606 (0.006) 0.835 (0.004) 0.871 (0.006) 0.891 (0.007) 0.983 (0.008) 1.000 (0.000)

t36 LoRA 0.572 (0.004) 0.584 (0.012) 0.824 (0.012) 0.865 (0.008) 0.896 (0.004) 0.987 (0.012) 1.000 (0.000)

t36 QLoRA 0.559 (0.006) 0.646 (0.016) 0.830 (0.009) 0.859 (0.015) 0.899 (0.005) 0.986 (0.003) 1.000 (0.000)

t48 QLoRA 0.540 (0.017) 0.584 (0.017) 0.844 (0.003) 0.867 (0.028) 0.891 (0.007) 0.987 (0.005) 1.000 (0.000)

P
ro

tT
5 xl LoRA 0.580 (0.013) 0.634 (0.013) 0.871 (0.009) 0.869 (0.010) 0.908 (0.009) 0.990 (0.004) 1.000 (0.000)

xxl LoRA 0.554 (0.003) 0.621 (0.010) 0.857 (0.016) 0.874 (0.011) 0.916 (0.006) 0.980 (0.006) 1.000 (0.000)

Table S17. F1 score values (mean ± standard deviation) for different fine-tuned PLMs across different
AMP datasets.

PLM Fine-Tuning
Method

Dataset

XUAMP DRAMP LAMP dbAMP APD3 YADAMP CAMP

E
S

M
2

t12 LoRA 0.659 (0.003) 0.691 (0.001) 0.873 (0.003) 0.897 (0.004) 0.906 (0.005) 0.963 (0.002) 0.973 (0.004)

t12 QLoRA 0.647 (0.003) 0.691 (0.005) 0.871 (0.002) 0.899 (0.003) 0.915 (0.002) 0.964 (0.003) 0.991 (0.004)

t33 LoRA 0.691 (0.006) 0.717 (0.003) 0.883 (0.006) 0.916 (0.005) 0.923 (0.004) 0.972 (0.003) 0.978 (0.006)

t33 QLoRA 0.692 (0.003) 0.734 (0.004) 0.889 (0.003) 0.915 (0.004) 0.921 (0.005) 0.975 (0.003) 0.982 (0.002)

t36 LoRA 0.699 (0.003) 0.723 (0.008) 0.888 (0.007) 0.916 (0.005) 0.931 (0.001) 0.972 (0.002) 0.982 (0.002)

t36 QLoRA 0.686 (0.004) 0.758 (0.007) 0.891 (0.005) 0.912 (0.007) 0.931 (0.004) 0.979 (0.003) 0.985 (0.002)

t48 QLoRA 0.678 (0.014) 0.725 (0.010) 0.903 (0.002) 0.918 (0.013) 0.927 (0.005) 0.974 (0.003) 0.984 (0.004)

P
ro

tT
5 xl LoRA 0.695 (0.009) 0.750 (0.007) 0.905 (0.004) 0.913 (0.005) 0.927 (0.004) 0.979 (0.003) 0.980 (0.003)

xxl LoRA 0.683 (0.004) 0.742 (0.005) 0.902 (0.006) 0.916 (0.005) 0.933 (0.002) 0.978 (0.004) 0.985 (0.004)
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Table S18. MCC values (mean ± standard deviation) for different fine-tuned PLMs across different AMP
datasets.

PLM Fine-Tuning
Method

Dataset

XUAMP DRAMP LAMP dbAMP APD3 YADAMP CAMP

E
S

M
2

t12 LoRA 0.482 (0.005) 0.541 (0.003) 0.766 (0.005) 0.809 (0.007) 0.820 (0.007) 0.926 (0.004) 0.945 (0.007)

t12 QLoRA 0.468 (0.003) 0.547 (0.005) 0.760 (0.003) 0.799 (0.006) 0.837 (0.008) 0.928 (0.006) 0.981 (0.007)

t33 LoRA 0.532 (0.006) 0.586 (0.003) 0.792 (0.007) 0.845 (0.008) 0.852 (0.008) 0.944 (0.005) 0.957 (0.012)

t33 QLoRA 0.533 (0.004) 0.598 (0.005) 0.798 (0.005) 0.843 (0.008) 0.850 (0.009) 0.950 (0.006) 0.964 (0.004)

t36 LoRA 0.544 (0.005) 0.599 (0.005) 0.802 (0.009) 0.847 (0.007) 0.870 (0.002) 0.945 (0.005) 0.963 (0.004)

t36 QLoRA 0.525 (0.006) 0.616 (0.003) 0.804 (0.008) 0.841 (0.011) 0.870 (0.007) 0.958 (0.006) 0.970 (0.004)

t48 QLoRA 0.533 (0.015) 0.605 (0.006) 0.826 (0.004) 0.852 (0.020) 0.862 (0.009) 0.947 (0.005) 0.968 (0.007)

P
ro

tT
5 xl LoRA 0.521 (0.013) 0.607 (0.006) 0.820 (0.007) 0.839 (0.010) 0.857 (0.007) 0.957 (0.006) 0.960 (0.006)

xxl LoRA 0.526 (0.011) 0.602 (0.011) 0.817 (0.007) 0.843 (0.007) 0.868 (0.003) 0.956 (0.008) 0.970 (0.009)

ROC curves

Figure S12 shows the Receiver Operating Characteristic (ROC) curves for various models evaluated on
the LAMP, dbAMP, APD3, YADAMP and CAMP datasets. For each dataset, the panel includes the ROC
curves for various ESM2 models and the ProtT5xl model, fine-tuned using LoRA or QLoRA. The ROC
curves represent the average ROC curve for five runs using different random seeds for the fine-tuning
of the models. For comparison purposes, we additionally include the ROC curve for an SVM classifier
trained on embeddings of the ESM2t48 model. We also provide in the legend the AUC values.
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Figure S12. ROC curves for models evaluated on each dataset. We compare the SVM classifier trained
on the ESMt48 models embeddings (orange) with ESM2t12 (blue), ESM2t33 (purple), ESM2t48 (green),
as well as ProtT5xl (red) fine-tuned with LoRA or QLoRA.
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