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Abstract

Objective: To develop an antimicrobial peptide generation model based on multimodal contrastive
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diffusion by integrating peptide sequence, backbone structure and residue-level surface descriptors,
thereby improving the novelty, stability and functional relevance of generated candidates. Methods:
Public antimicrobial peptide resources were integrated and subjected to sequence normalization,
redundancy removal, structural completion and quality control. A dataset containing 20,104 anti-
microbial peptide samples was constructed, together with an equal number of non-antimicrobial
peptide samples. A multimodal contrastive diffusion model termed SSSCD (Sequence-Structure-Sur-
face Contrastive Diffusion) was proposed. Sequence representations were constructed using amino
acid one-hot encodings, substitution matrices and hydrophobicity-related features, whereas struc-
tural representations incorporated backbone coordinates, AAindex physicochemical descriptors
and residue-level surface geometric-topological features. A Transformer-based discrete diffusion
branch was employed for sequence denoising, while an equivariant graph neural network was used
for continuous coordinate denoising. Cross-modal contrastive learning and energy-guided sampling
were further introduced to improve sequence-structure consistency and local geometric rationality.
Results: SSSCD achieved Similarity, Instability, Antimicrobial and Docking scores of 24.93, 40.05,
0.87 and 1740, respectively, outperforming LSTM-RNN, AMPGAN, HydrAMP and DiffAB. Conclusion:
SSSCD effectively integrates sequence semantics, backbone geometry and surface-level descriptors
within a unified contrastive diffusion framework. The model improves the generation of structur-
ally plausible and functionally relevant antimicrobial peptide candidates, providing a feasible com-
putational strategy for antimicrobial peptide generation and downstream screening.
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Table 1. Physicochemical properties of the antimicrobial peptide dataset
= 1. MERSUREEL TR

ECLA Giit i HUH
B s R R L 451 Mean 0.2507
PRk R LA Mean 0.0418
etk R L A1) Mean 0.1211
B PR S LR LA Mean 0.4689
34 pl Mean 9.4950
-5 L Mean 2.8596
F gk Mean -0.2207
E L R 3 5 B Percentage 82.59%

2.2. SSSCD & &Y & {4524

W 1 i, SSSCD SR XUy 324 HU AR+ 5 B A X LU 55 IR AR M o 3 51043 ST 1) B8 MR R
£, FIH] Transformer 2% 2] 7 41 bR SCHOBUT 58 i 0 #2348 Transformer 1 15 73 & I L& & 4
SRFP B oS [ B A B 2 R KRR AR R DG R [11] . 454 0 ST )04 8 = 4k A, 1) FH 25240 PR o 46 X 4%
(equivariant graph neural network, EGNN)% ] JIKE =85 14 G 1) KM ST I 72 s EGNN RERS 75 AL b 5 1 72
HHORRE = 4E LTSN, & AT 0 FRRER[7]. EHRNZER, SRR FIRE. SRR
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Figure 1. Overall architecture of SSSCD model
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213 . Ramachandran JG56 A1 R -FRERE FE ST o ZHLHIA SRS B T L%, 102 7R KRR G 2R = ) LT
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3. &R
3.1. XJEECIELER
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# SSSCD 5 LSTM-RNN. AMPGAN. HydrAMP FI DiffAB i#E47 L%, Hhiss v L7 2. AMPGAN
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(1) R 73[16] - DiffAB AR B 75 85 1 s &5 M BT HE 25 IR 77 M1 [17]- LSTM-RNNL AMPGAN
1 HydrAMP EZ T8, AL RS ME R, IR 75 Docking score; DiffAB 1 SSSCD #5m it
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Table 2. Comparison of generation performance among different models
2. PEMEEIAE R REEL IR

it Similarity Instability Antimicrobial Docking
LSTM-RNN 39.61 45.08 0.85
AMPGAN 38.30 51.52 0.86
HydrAMP 31.06 59.63 0.81
DiffAB 28.98 43.36 0.80 1608
SSSCD 24.93 40.05 0.87 1740

3.2. jHRUSCIO4ER

NBAIE GRS TTRR, BB R IARE . PSRN 2) . e s SoRFEMSE M3, T AL
ZER N 3, AR EIR, 589 SSSCD 7 Similarity. Instability A1 Antimicrobial _E35ft. ZBRE5HI 532
Ji N H &, Similarity 7+ 5 27.31, Instability 7+ % 42.59, Antimicrobial [%% 0.81, FHLEHI(E B X2
BEIKT S - G R EERAE R . ZBRRIRE . BRI L BRE & 51 535 t DA (R 2 R AL
Yo X LU AIFE D BEAH S RAE . MRS — FUME AN T LRI IE T 1 A3 189 2 A

Table 3. Ablation experiment results of SSSCD
7 3. SSSCD ;MR SLINEE R

fic & Similarity Instability Antimicrobial
SSSCD 24.93 40.05 0.87
w/o surface 25.12 41.78 0.80
w/o contrastive 25.44 40.63 0.84
w/o energy guidance 25.28 40.47 0.83
w/o structure branch 27.31 42.59 0.81
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KH t-SNE XHIR A Hh bt B IR AN AEH0 TR ik 1) 4 = o EAT B 4 nT A [18], 45l 2 R, Hh
av by ¢ HINFFIRT LA R] SR bl s ) 5 S AR S D IE 25 [B) AT AT AL S S . SR BT be s il PR
AT T T B WU A e, e FE S A 40.2342, 4k cosine silhouette %04 0.8295. 454 %t Lb 45 1]
2R s, YEFUGEE RN 40.1621, 4k cosine silhouette %A 0.7970. EEARASILHAD 2% (7]
H, PR KT AR R SRR mERES, YOI EIUN 0.2483, “FHRGEMLIE R 0.9341, ik
ZERLR W, SSSCD MY BEHE 43 Al 2 21 7 H R0 G546 23 [A] Hp (1 28 A0 BIRFAE, 34 Re 884 R —PU s Ik 1) /7 4101
SR BR G5 AL BRI 31— SR S R A ]
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Figure 2. t-SNE visualization of SSSCD representation spaces
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Table 4. Physicochemical properties of generated antimicrobial peptides
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izt LS A U
B 2 R EL 451 0.2507 0.2410
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gk -0.2207 —0.2247
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Figure 3. Docking conformations of representative generated antimicrobial peptides with PDB 6MI17

3. RRMEIMEIS PDB 6MI7 FEI MR

B R SK B SRR ) ) — S it . t-SNE A SZ AU 45 SR B, U F I8R5 45 FRoR
REfE AR L 2 (B R ORRE B — B8, Ui BB R R T SR 2 JRARAE, TR AEFEAR GO AL T P FIE LS
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