SUPPLEMENTAL MATERIALS AND METHODS
Data and code availability 
[bookmark: OLE_LINK41][bookmark: OLE_LINK43][bookmark: _Hlk177850851]All codes were written in Python 3.9 and executed on standard laptops (Intel i7-10875H CPU). This study utilized currently available AMP and non-AMP sequences. The highest/normal performance of each model strategy (A, B, C, and D) was evaluated via iterative training and comparisons. The "Model" directory at the provided GitHub link contains the highest/average performance data and .h5 files for each model strategy.  Gut microbiome sequencing data from the omnivorous cockroach Blatella Germanica1 at various growth stages were collected to identify potential AMPs and were used to predict ORFs. A Python in-house script named “ORF_hunter.py” was created for ORF mining, which is available at the aforementioned GitHub link. AMP information was curated from public repositories,2-4 which encompass diverse currently existing AMPs sequences. The non-AMP dataset was acquired from different sources available in UniProt by excluding entries with specific annotations, such as antimicrobial, antibiotic, antiviral, antifungal, or effector. The original dataset consisted of 24,620 AMPs and 2,350,000 non-AMPs. These datasets were reduced using the cluster database at high identity with tolerance (cd-hit)5 with cut-off threshold values of 90% and 50% for AMPs and non-AMPs, respectively. Finally, only peptides ranging from 11 to 50 amino acids (AAs) were included, as this range typically is consistent with the most potent AMPs.6-7 This strategy can be beneficial in avoiding bias from divergent lengths between AMPs and non-AMPs. Eventually, we obtained 8,859 AMPs and 79,675 non-AMPs for building the model. Using the Needleman–Wunsch package in MATLAB R2021a, the AMPs, and non-AMPs were divided into train/validation/test sets with ratios of approximately 8:1:1 and 4.5:4.8:0.7, respectively. The data splitting aimed to address the imbalance between positive and negative data during model training.  The available sequences were divided into a training set (7,065 AMPs and 36,339 non-AMPs) for model training, a validation set (804 AMPs and 5,006 non-AMPs) for hyperparameter tuning, and a test set (990 AMPs and 38,263 non-AMPs) for final evaluation.
Force fields selections for molecular dynamic (MD) simulations
The molecular force field documents were generated via CHARMM-GUI8 (C36 CHARMM force field for membranes and peptides,9-10 and CHARMM TIP3P force field for water solvents11). The initial structure of AMP 1 for subsequent MD simulations was predicted by Alphafold 3.12 The initial structure of AMP 1 was subsequently equilibrated by MD simulations for 50 ns (one 125 ps isothermal−isopyknic (NVT) ensemble and one 500 ps isothermal−isopyknic (NVT) steps before final MD equilibration), using the aforementioned force fields. The well-equilibrated structure was then used as the initial structure of AMP 1 in further simulations with membranes. Atomistic MD simulations were performed using CHARMM-36 force field, with solvation water thickness of 4.5 nm on top and bottom- of the membrane, and membrane length of 7.0 nm along both the X and Y axis. The AMP 1 and membrane were set to align the first principal of the Z axis, without contacting with each other at the initial stage. The system was solvated in explicit water using the TIT3P water model. The truncated simulating box was truncated at a cutoff distance of 12 Å for non-bonded interactions. The system was initially equilibrated using the steepest descent method for two 5000 steps. Then the system was gradually heated to the temperature of 298.15 K within 100 ps. Next, three 125 ps isothermal−isopyknic (NVT) ensembles and three 500 ps isothermal−isopyknic (NVT) suggested by CHARMM-GUI were performed. Finally, the 100 ns molecular dynamic run was adopted for sampling. All MD simulations were performed by 2 fs time step and were performed on a high-performance server equipped with GPU RTX 4090 (90GB).
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Figure S1. Statistical analysis of the selected AMP sequences. (A) Amino acids distribution of AMPs collected from various databases for model training. X represents unknown or unconventional amino acids. (B) Length distribution of AMPs collected from various databases.


New Self-attention module design
Here we designed a new self-attention module, which was proposed for the first time and was demonstrated to be more effective than a 9-layer dense block in this work. 
[image: ]
Figure S2. New Self-attention module design. (A) The designing of the new self-attention module in this work. (B) The core part of the model.
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Figure S3. Establishing AMP prediction deep learning models. (A) Summary of four model strategies for testing and building. (B) Training Loss and circulation periods for different combinations strategies. (C) AUPRC evaluations for different combinations of strategies A, B, C, D, and A-without protein descriptors (A-WPD).
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Figure S4. Assessment of antimicrobial activity of AMP produced in a cell-free system against Bacillus subtilis. Positive control (PC) represents 100 μM kanamycin.
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Figure S5. Percentage of hemolysis induced by AMP1. Visual inspection of the tubes containing diluted total blood after exposure to AMP1 is shown here.
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Figure S6. Antibacterial activities of AMP1-2L towards different bacteria. PC, positive control. In the evaluation of the antimicrobial activity of AMPs against B. subtilis 23857, E. coli 25404, and S. aureus 6538, the positive control was represented by 100 μM kanamycin. In the assessment of AMPs against P. aeruginosa 27853, the positive control was represented by 100 μM ampicillin.
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Figure S7. The MALDI-TOF mass spectrometry of AMP1 for assessing the structural composition and potential existence of intermolecular disulfide bonds.
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Figure S8. The SEM examination of S. aureus cells treated with AMPs. The scale bar represents 5 μm.
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Figure S9. The representative histological images selected from repeated experiments for indicating IL-1β and MMP-9 levels of the AMP 1 treatment group and control group at Day 1 and 12. The statistical analysis of bio-markers IL-1β and MMP-9 indicators levels are calculated by ImageJ software among the control group, Vancomycin treatment group, and AMP 1 treatment group at Day 12 with 3 sampling replicates in each group. The scale bar represents 100 μm. The overall significance was assessed by t-test.  


Table S1. Comparison of the average performance of different model designing strategies.
	Method
	Sensitivity (%)
	Specificity (%)
	 Precision (%)
	AUPRC
	F1 score
	MCC

	A
	87.307±2.553
	99.820±0.026
	92.407±1.210
	0.947±0.002
	0.931±0.012
	0.897±0.008

	B
	84.540±2.885
	99.033±0.208
	69.607±4.198
	0.837±0.012
	0.912±0.013
	0.760±0.011

	C
	83.870±1.731
	99.640±0.125
	85.773±3.511
	0.904±0.007
	0.911±0.008
	0.844±0.007

	D
	85.287±3.447
	99.653±0.091
	83.867±7.129
	0.923±0.005
	0.919±0.016
	0.841±0.020




[bookmark: _Hlk177834027]Table S2. Comparison of the average performance among frequently-used algorithms in AMP prediction.
	Method
	Sensitivity (%)
	Specificity (%)
	 Precision (%)
	AUPRC
	F1 score
	MCC

	Random Forest
	84.373±0.451
	99.693±0.006
	87.657±0.403
	0.920±0.002
	0.914±0.002
	0.856±0.003

	XGBoost
	89.663±0.844
	99.753±0.021
	90.300±0.860
	0.947±0.004
	0.944±0.004
	0.897±0.007

	Decision Tree
	87.170
	98.250
	56.260
	0.927
	0.924
	0.691

	Linear Regression
	47.370
	99.560
	73.400
	0.608
	0.642
	0.581

	Dense-Net (CNN)
	85.083±2.857
	99.200±0.470
	74.567±10.058
	0.864±0.014
	0.916±0.012
	0.789±0.036

	LSTM
	82.997±4.967
	99.277±0.331
	75.577±8.092
	0.869±0.025
	0.904±0.024
	0.785±0.023

	Transformer
	79.193±3.974
	99.220±0.131
	72.577±2.582
	0.817±0.005
	0.880±0.020
	0.751±0.007




Table S3. Information of the 79 predicted AMPs with their ORF frequencies and AI scores.
	No.
	AMP sequence
	ORF frequencies
	AI scores

	1
	MILLLKQKCGKRWARVRLVSW
	20
	0.922884

	2
	MYYTNKCRQNSVPAAAA
	28
	0.996706

	3
	MRQEMACVRLVSW
	55
	1

	4
	MNLAGKGGLCICFRFLMSPRPIS
	38
	0.564942

	5
	MEAILTQPCRVQE
	188
	1

	6
	MQLYRKVLVAKDLSL
	1
	0.967685

	7
	MTKYGNGVRNLTGKFSGTWERFFKA
	1
	0.683356

	8
	MKAFWLLKLCRLERNLEDRK
	2
	0.563153

	9
	MQRRRRRRREYYG
	1
	0.984714

	10
	MDRRVRRIRGPILRVAPKKFFRKW
	1
	0.919332

	11
	MKCIAWYIWKAAFCRT
	6
	0.793245

	12
	MTALWVGKLTFVTGVKNG
	1
	0.780433

	13
	MAPFHLGVKGGLCICFRFGMSPRFIR
	4
	[bookmark: OLE_LINK8]0.578276

	14
	MKAFGRNLCQWGRKLTLC
	1
	0.993227

	15
	MGKVKVKGRVTGYVYRFYV
	1
	0.860543

	16
	MTALWVGKLLLLWEVK
	3
	0.779023

	17
	MGCKLLLLGNKKVTCT
	1
	0.543409

	18
	MGLFAKGAIRLWEWACRSY
	1
	0.784531

	19
	MQRRRVGEDGLV
	5
	1

	20
	MDRGSERKVPTLV
	3
	1

	21
	MGMRDIKLVGKVTAYQGDDV
	1
	0.939921

	22
	MTALWVGKLTFIRGSKKVNV
	1
	0.757754

	23
	MVRLNLLLLRKVKK
	6
	0.514305

	24
	MGRGSERNGPPHWY
	4
	1

	25
	MRVERSAPKDPFGVI
	1
	0.999999

	26
	MQVEGQHRSSLLLLIGDRRTGA
	3
	1

	27
	MSSPGGDLRERKGIYFGIGWARI
	1
	0.852232

	28
	MDCKLLLLREAIKCYA
	2
	1

	29
	MTALLGLVKLAFTWGK
	1
	0.689854

	30
	MNPLWELASRWGKGLT
	1
	0.570124

	31
	MTALWVGKLLLLGEVRKR
	1
	0.568082

	32
	MTALLGWLNLLFIKGK
	6
	0.603932

	33
	MRRRRPPRRSSSS
	2
	0.52049

	34
	MTALWVGKLLFIMGIK
	1
	0.510357

	35
	MQVYLILRVKVTDG
	2
	0.998252

	36
	MTALRVVNFFCTRVKRGCPLLQV
	2
	0.763586

	37
	MPRAGRRLYRVVNCF
	2
	0.587061

	38
	MTALWVRKLLLYGNK
	2
	0.67049

	39
	MQQCRVGKESKVFGFS
	2
	1

	40
	MRWTRGLLASWWGNGHQGDDG
	4
	1


Table S3. Information of the 79 predicted AMPs with their ORF frequencies and AI scores (continued)
	No.
	AMP sequence
	ORF frequencies
	AI scores

	41
	MQVYLILRAKVADG
	4
	0.999384

	42
	MTALWVGKLLLLRG
	4
	0.580463

	43
	MYPMNKHRSNSVPAAAA
	2
	0.784118

	44
	MKAFGRKLLYKREI
	2
	0.501982

	45
	MNLAGKGAVCICFRFLMSPRPIS
	2
	0.592878

	46
	MAIFVKIIGCRWRCVP
	6
	0.551034

	47
	MGSICLKYLPVRR
	2
	1

	48
	MRILLRIIRCRWRCVPIGSW
	2
	0.914474

	49
	MRILLRIIRCRWRCVHSSVGNGVT
	2
	0.626375

	50
	MIYRGRMALVSRFIAERWASRLIS
	2
	1

	51
	MTALWLVTLLLLGVIKKTLT
	2
	0.690894

	52
	MLYRILLTGRPDLVIERL
	2
	1

	53
	MRREGRRFTVV
	2
	1

	54
	MTALLGWLNLLLLREVK
	4
	0.542591

	55
	MTALLGWLNLLLLMGK
	2
	0.555391

	56
	MTALWVGKLTFIKGIIRRDVS
	2
	0.525956

	57
	MTALLGWLNLLLLRVRK
	2
	0.768355

	58
	MTALLGWLNLLLLKGK
	2
	0.648647

	59
	MAIFVKIIGCRWAMRSIR
	2
	0.701702

	60
	MTALLGWLNLLLLGEGRKR
	2
	0.629536

	61
	MFVRYRPRGRTPAG
	2
	1

	62
	MTALWVGKLTFIKGK
	2
	0.738182

	63
	MTALRVRKRSFCYG
	2
	0.935848

	64
	MSWDECRYRLGSSV
	2
	1

	65
	MGISEVRRTFCYVPYE
	2
	1

	66
	MNASGGLNTCKSRGSTIFGLVATGARVRNAYVTYP
	2
	0.99994

	67
	MQRRRVIVRSNFGM
	2
	0.697635

	68
	MTALWISKLTFVTRR
	1
	0.504694

	69
	MTALWVGKLTFIRGSKKS
	3
	0.567128

	70
	MAIFVKDLFGCRWACVP
	2
	0.55694

	71
	MAIFVKDLFGCRWAMRSIR
	2
	0.627131

	72
	MTALWVVKLTFIKGK
	2
	0.74968

	73
	MIYRGRMALVSKYLSLERVGSRLY
	2
	1

	74
	MTALWVGKLLLLCRITTTEVT
	2
	0.591913

	75
	MGCKLLLYGNKVKVRVPFCIVPYE
	2
	0.668845

	76
	MLKLWCLRWHALISWL
	2
	0.916546

	77
	MSRPSRLILVGSG
	2
	0.998348

	78
	MKASVVTVLSRGRSSMVVT
	3
	1

	79
	MRHEMGVRPIVSW
	2
	1
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