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[Abstract]  Antimicrobial peptides (AMPs) have

become a major focus in the development of novel antimicrobial

agents due to their broad-spectrum antimicrobial properties and

extremely low risk of inducing resistance. Traditional AMP
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design strategies have relied primarily on the isolation and
extraction of natural products, along with limited sequence
modifications, which has greatly restricted the discovery of new
candidate molecules and led to inefficient in vitro screening
processes. With rapid advancements in artificial intelligence
(AI) , significant breakthroughs have been achieved in the
virtual ~ screening of AMPs, preliminary prediction of
antibacterial activity, de novo design of peptide sequences, and
targeted optimization of peptide structures and functions,
thereby significantly shortening research timelines and reducing
overall development costs. This article systematically reviews
the core features of mainstream antimicrobial peptide databases
and the fundamental mechanisms of commonly used Al
algorithms, and further elaborates on feasible strategies for
applying Al to antimicrobial peptide screening, design, and
structural optimization. At the same time, it identifies key
bottlenecks in current research, such as the lack of standardized
datasets, immature in vivo evaluation systems, and insufficient
interdisciplinary collaboration. This review provides valuable
insights and theoretical support for the subsequent research,
translational development, and clinical application of next -
generation antimicrobial peptides.
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AMP B9 B 5 AR R A8 7 4 0 8 R B A IR B9 )7 7
BAf, = BOH A AMP 3248 50 B 8, A TR s &
i, AE K, 2 DL R R B A R L E R
kM M #E A T4 8 (artificial intel]igence,AI)&ﬁ
e Bk & & B2 % 3] (machine learning, ML) 7% &
% 3] (deep learning, DL) #1 4 j& R, A A & AL H A
E& F 5 T AMP 898 & o ff 6, o7 @ o $r 4B 45
W72 5 % GUE A0 A E AL, 2R R K
Pt fFd AHAMPI A RS ZIRERE R, R
KT AMP BB KR I B A E A8 d T
A SCHE [ 48 2 T AL 8y 3 2L AMP 26 3503 A4t 1L
ST WMHAATER(RENHEARE LE D, KT
HEUMFANTRMAKRRET B, 8 ENFA
AMP B IF & A0l )R B R 42 3 X fn 54

45 3R SUHR A & 5K 0 ¢ DA “antimicrobial peptides
AND artificial intelligence OR machine learning OR
deep learning”)’ﬂ &K, & Web of Science .PubMed
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R1 W GUHE K (AMP) 203% &

AL E o 4% i HiEE BAE kB
Database of Antimicrobial dbAMP3.0 B AMP B HE EAn Xk B9 45 4% 33065  htips://ycclab.cuhk.edu.cn/dbAMP/
Peptidesm B4
Data Repository of Antimicrobial DRAMP4.0 %44 AMP %04 & |, &4 % F| AMP 30260  https://dramp.cpu-bioinfor.org/
Peptides'’
Collection of Anti-Microbial CAMP;, %4 AMP %45 JE , 44 & Flfn il 24243 https://camp.bicnirrh.res.in/
Peptides "’ W # AMP
Linking Antimicrobial Peptides'""’  LAMP2.0 424 AMP 48 23253 http://biotechlab.fudan.edu.cn/database/lamp/
Antimicrobial Peptide Database'  APD6 HE T K%K AMP #y %4 = 5188  https://aps.unmc.edu/AP/
Database of Antimicrobial Activity =~ DBAASPv3 % T AMP &5 4 70 & M 45 25069  hitps://www.dbaasp.org/home/
and Structure of Peptides 11
Structured Annotated Therapeutic SATPdb B 9T MR B 5 A AR R 19192 http://crdd.osdd.net/raghava/satpdb/
Peptides Database '
Yet Another Database of YADAMP Lk T AMP W & & B4R, # a 2133  http://yadamp.unisa.it/

Antimicrobial Peptides' "’

FRIE T Uk T AMP B 3 B E

Dragon Antimicrobial Peptide DAMPD FF UniProt 2 B (4 JE F T 838 iy 1232 http://apps.sanbi.ac.za/dampd/
Database'"®’ AMP 34 2 (10.1093/nar/gkr1063)
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HELK A
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QDA ERHELHEUNERIUTFGE L, ER T Z &40 E e AMP 2 %

XGBoost BRI R A BRTONRZE, B S F Wit R G TAERY , o R RAR Y

VE :SVM 2 3 H B AL AMP o 3B Bk RF 4 FEALFRAR s ANN 4 k-3

(2)IF 23] E % - DLA AMP TN & B3 4 #
AL ML 7 E W Mm%, FE T %8 MLE
%,DLEE T KRBA T F R I I8 M HE A LR

HEAEME . FHRITHME, LG FFITAER
HeF) AR &R KBRS Ak B
EEXLER, XKARE T AMP 8y ff # 1% 1+ 3%

F2 ) DL A o | 5| R JE % 5] H A Fo iR B
RAEA AT # £ EF T AMP TR B . 4% 5
M, * F A5 % AR 4 2 KW %4 (convolutional neural
networks, CNN) | 1& 3f # 2 [® %% (recurrent neural
networks, RNN) & 3 & (K K 48 #1217 M % (long short-
term memory , LSTM ) \ Transformer %7 % 25 1€ A 2 | J7
HFNFIIHFEENGAELA, LI AHAMP W £
R, EEAFE T 4 8 45 8 (variational autoencoder,
VAE) . 4 B 70 M % (generative adversarial networks,
GAN) . Transformer ff # 28 £ R AL A LSTM g E |3 4
KA Fo g # A A (diffusion models, DM) 2, &
DL & 7% W& 3.

O B R EF# I B CNNHE K RBUR 7
FIME R, £ AMP BN &, & 5 B R+ % R

HLAF QDA A = K H B 447 ; XGBoost 4 IR A 42 7t

K ZKREFRBEERTFIIRAEN T REE S
% . RNN & 3% ¢k LSTM # 4 4 32 /7 5] i 5 45 31
Xk Z,LSTM BZMAEHNE R T KBS, 7 @R i
K 2 ¥ 30 2 W % (bi - directional long short - term
memory, Bi-LSTM) 4% 7k @ 28 7 7| 85 £ T X &,
AR A T AN IR R R B o 2R A
AMP#%L;U% B ERNARBEXEREE™,

7 & /1 HL#| (attention mechanism, ATT) 7 4 7+
RE#IEA My X @A, £ AMPFUI &, ATT
T %R R o Li%FF & B AMPlify #£ A 4%
& Bi-LSTM 5 ATT, & ¥ $U 48 R % 5 , ik o) I %
2R A P S 4R T A AMP, SFEEAT TR
S5 /N 1 H K JE (minimum inhibitory concentration,
MIC) 9 4l ; Zhang 2F 77 U 48 H AMP-EF 4 % , ¥
XGBoost 5 Bi-LSTM 7 ATT 4 4 &, #1287 — A X
A% B AE A — 77 E F| Al XGBoost 1 Jy £ S 4 2
% 3] 4 34 FE one-hot 4 7 A0 k-mer ¥ 1E, 5 — F &
AR Bi-LSTM 4 3% Bk 7 71 09 | T o & 8 7 71 8y 1K
MK AR, RABLATTH PR REFMER. %
J7 AR 8 Ak oL K 4 & (XUAMP, YADAMP,
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RNN & LSTM AR REEFIHEA RAEFF I FRER R, R ETXER,EHTKF7 AMP B4 E 48 B
ATT AR KRR LA RAREF LR VG0 4
Transformer % 1 HRARREFEIHA DATTHLE h S, TE R A B AL N KB X R EATEAFELERT T

7| #FAE Hg AMP
VA Transformer 4 £ 4 | 3 38 B W B T )| 2 2 BUE B4 4E , M T 42 7+ AMP By 38 ) 1 6
HARMNEFFRBRR  GHNERLELS TR, EEERKKE G HIATFH T4 . E

PLM H 5 RIRJE 3] A
AR WL RAEA

R A FE oy 19 AL
VAE B A RER WA R
GAN WA AR
Transformer % 75 % FE A R A
DM WL RAEA

R 2 B LA T 4R M, SO T4 SR R, MR A N T BT AT AR A IR
ERW TP MG S EEE T, EI LR, AR R R A
AR AR TP R B, £ R G AR E ) AMP, B ) T R
HEPERIE, FHREERR, EBHUTF A ERME N T RE, B NATREN &

7 CNN Oy 3 FR 4 2 5 25 5 AMP O 407 ik s RNN 4 18 21 4 2 19 26 5 LSTM o K 8 3138 12 9 25 5 ATT 29 7 2 7 L] 5 Transformer Jy 7% 4% £ ; PLM
HEAREZEE AR K B E £ RARE VAE B K 2 B 407 8 5 GAN 7 A B 40 M 45 DM 4 7 i 2L

DRAMP ., CAMP ., LAMP ., APD3 . dbAMP #2 DBAASP)
EWART 77.9% ~ 99.8% B F, B A B — K AE
ETAMP-EF A By A TR ERE &, 2
B3 o 3 K Xt AMP-EF # A 354738 L 36 13 .

Transformer 22 44 DL ATTAL# A AZ &, T E it &
FREMERWATT R E, AR EEREHRAN
KRR, L HER TAEAMP F 7| F % S fk F
HWAELBTH]™ . Devlin %™ T2018 4R H 7T £ T
Transformer 22 #4 89 BERT T i) Bl | Lee £/ 5
#F BERT#% T 7 AMP-BERTE &, £ % F Ti%it &
BTG FAE, BT ARAE KT F B S R F
EAEMFET X SN, K> FREEMN
5 2 #6155 ; Gao £ 3t I LA & T BERT 4y AMP
FMTEZR REERFIXHAEE  RAT %
Ttk e An, (BT R P IR AT E LRI, EAR
& & # & (protein language model , PLM ) 1§ % 3% /£ ¢
3 43, DA Transformer 7 2 b, {5 % B 818 5 44 #
(natural language processing, NLP) &7 7 )| % B 48, 1
HHEELREFF B EBETINARRE A e B
#FAE , UniproLead 8 & 2 X & M T1F, %42 Al &£ &
ESM-2  ProtBert ## UniRep & & Ji & 5 B A B A H
FEAE , #r N Bi-LSTM 5 CNN 4 1 8 W %, 2 ATT 4
AFAEAE , 72 AMP IR ] £ I W 46 ik, 2
B 5% # 3 & Xt UniproLead 42 AL 3F 4T 18 52 36 363

FR b 2 SME AR R YR, F AT AL AMP
W — A RRT I HATRD, TERBIRBE =45 H
ME FRERIKRRFREE L, T AMP B IUHE E M.
M EEGERMEEEM, Hl, BFER =%
INFAE R i AT 2] T & R &, 5 B AlphaFold2

ESMPair £ T B i FH FM = &t , Bt H w4 &
M % (graph neural networks, GNN) %7 25 7% 3£ 47 1 A |
3D-CNN 40 22 1k 5 {6 = B SR AE U AT 3 Z % 3 2 X
HFREHME, RATR ZEHINFES H 5T
FAEHAT Z A @A, DL E Y # HR 5] AMP,
GNN & B #T 5L F & R 2 8 7 &, (B A7 77 7 4 A T
i S AWM ERMERE HEHRAmEEEA,

QFJE & AR . @ B A A& R AE A (autoregressive
model , AR) K 48 18 F1 45 # 9L & & 2L 8. 7 7] 8 1R #i ¢
A EEEGMEE FTEAY EZRTKES
KRG, KIKERFHAFI TR REE
BREMTEIEE M, VAEE & BB E & &
A RERDREBEORMNBEESLTHREESR
B, BRI TF R REES S EME R,
MR SR AR 2 M RR TR R A T AR AT, B T K
AMP t T #47 K £ &P, GAN U 3 3 4 K 2 5 H 71
FW X S RARIKF 7l 94, & R AMP 2
MEABERE FF ZFEEEE EER GBI 4
A E & A FP . Transformer 27 24y B B VA 4 K,
MARY T EARERAER 4 H XK HNE
BRI RAE, ERENGE ENEREESY
53 o H A KOT 71 DMAE O 3T — R A& R A,
RS Em g 5 3 £ % 0o b & RG] B &R
HEAE DA, £ R T T B R T
TRIAAMGREY . FEZEAEW L LA TER
W, AR B BT Y A PR R R A
I B AE AMP A B 5 B 1AL T4 5 R T B

Z AT AR IR B H A L AR R IR

12T AT e B9 U BK 0% 2« 22T AT By AMP



AR R BE AR BIF ST 2 (L T ) 2026 4F 8 H 55 20 %58 438] Chin J Stomatol Res (Electronic Edition), August 2026, Vol.20, No.4 283

i ¥ % 48 & By ML.DL % & 3% , 3 % IR 7 7] &\ L
AFERENERFRFEETR A .5 EET
W5 H 7, & BOR A I 0 26 B & B AU E IR
6 AMP, DL R RS2 I 2B 09 THE & 5 oA By
et ws, BT, ALZ AMPAYUR AT R £ &% T b
T, B EREA R AREAR/S KA
X R o AMP 34T 32 48 0 2% , 7T SR BUK & 37 & AMP,

EFEAEH KK AMP I E E X &, b A
AMP 2 48 38 fit 7 7% 72 89 20 4% L # . Santos-Jinior
S T 2 M AL FR AR (random forest, RF) 5 3%
f Macrel T | 45 AL | xf 4 Bk 58 B 4 63 410 /> % 2 F
4587920 RAEEELAFFHAT RSN, ME
T #4863 498 4 E U 4 1% ¥ 5 7| 81 AMPphere %
B, K 90% Hy 4 R fn AMP. 8T 7L B BUF
AR T 100 4 R K, HP 79 A B & KA L H E
M, AMPENREEEA T XRAB 5L HHE
BAE Yoy R R R . Ma %I 2 F LSTM  ATT
5 BERT &4 7F & 7 C_AMP_Purdict # A, )\ A K 7
A A R A O 2B OF 6 Rk 216 5 R 2k AMP,
HP 181 F R A MW B, 438 Rayiak
B 41 % ¥ , de la Fuente F JA 58 & #9 # 7 2 T RF
panCleave # A" 5 3t F & 3% # 4 £ W % (fully
connected neural networks, FCNN) 89 APEX £ &1 47
HFANRZERARSRERAZ A AT AMP,
B RN S A TR AR A RO BR N SE 5 R I A
HiEM; e — PR e EMEAAHATAHIF
6, & 6 e i B 69 4 Ik % 1 I AR 3T 40 H 40 LR R
B K EJUHE 1R R, A /DN BOEORR IR b K R R e A
PERERSZEMAHETHATHE,

ALJF B2 T % #0RK JE B 5 38 & 0% #6 . Huang
EMKE N6~ 9NAIER I 2 F WK EHRATIEN
i %, JRAF 3 4 RN Ik, 1% KR & E T 2 I R A
AER;iEREESE, AR REA T 2 F N5
MELKEAESEERH YN BTER, &,
AW BT AT AMP FAF R EERE T K ERR.
R AL E FER LR L4, BT F 7 7] B R IR
R RmERAEA XA R R4 . LIRkA e E
FE R 4 BHE A R OR LA DA 2 R UK E
MAFARNRIERRAGERFE T &, FH AL
BT AT A, YA B RSN L
2 fo 2 A I I E LA DL R s M R R AR 2
MM E LA T . R FEARE LA TR
RAXBHKRAZH THAARF AN EER

ERA FFRERERIAE T A, T AT AR
B AT At R R R TRy S A0

2. AT AT oy Ul IR It 5 £ i 2T AT
B AMP & it 5 & B, 2 35 T K8 K 45 AMP JF 7
HEAR S AR A F D & B S 8 M IR O S8 30 o R B9 BT
$# T, B ML.DLAw & i R A AIH %, HHEH
EAEREET RS WA BN G JUH Ao
L EKTFH ., GEAFEEXTE, ZEFRET
R IR T 2 €A SO0 B R & 5 BN, TR X % IR
| 7 8 34T M 3k (de novo) W 1t , 7 F 7| ¥ AL . 3
HEmMEREM ST HELERERSE ., BK
T & , AMP 9 JE 3 26 5= 78 LA J7 7| 4248 | 0
o B & B SUH E W R % AMP, JF P AR & 3
AL 2 AT KR IT 5 2 R 38 IR B LA 78 1 K
AL, DL E Jn AMP B J7 71 804 FE b AR AE (3
e | AT A KSR ) A SRR, I A R R AT
Ay EalELFAERTI,

E #7,DM.VAE .GAN . Transformer 72 LSTM % %
AEE WA T AMP 8% it fn £ K . Wang &' 3
T DM.VAE fo BERT & 3% , 3 1$ 5 5] 40 T 4 & 1£ AMP
RN N S N R e S
L, ETRBERG LA ETERT RELMAF NS
B, R AMP X E 2 KPR EZRKARRAE S
B A0 R E AR A R BRI E E M. Lin k"™
U % F VAE A1 CNN & %, 2 6 R SN0 H 5250 L 2 H A
ZMEARI G A HLE R R, AL T £ R B 4% AMP
MAMEREERENRBERNBT B A FHR
% B, 2 T Transformer & 3 #7 2 ) TACa £ A 1O
GAN 5 H % 4% W % (graph convolutional networks,
GCN) & % # # B9 AMPredictor £ A" XGBoost 5
LSTM 4 3% # 2 87 AMPGen £ A" 30 3 F| 7 f p
A (SHapley additive explanations, SHAP) 5
BERT 4 3% 4 # # DLFead AMPGen £ A" 34 52 3]
T B T R R G E TN, H P AMPredictor,
DLFea4AMPGen #£ 4T 7 (K 5h & M AR I 5 /) B &b
%tk g HE AL B A I, TACa AMPGen % JF & th 41 38
LI, TR T PUE VE M L A A S B R R 25
R, RBATERNSI W LR,

ARAERKNTES, BEEREELAT S o
F 31 77 % (molecular dynamics, MD) 4 # 25 & . Das
£ B AMP T3 5 30 Foh ) FAEDL B
AV % K5 40 1 20 o FE 09 A0 AR AR X E3E N
ARG EREMR, ZLR WA, %K%k H 0
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F4 HET AT AD B FUHE K (AMP) i 28 8 % i R0 &
Xk FEHELER EEFI KA LR/ ES=-2F 3 % 5L B AiE
Gawde %10 SVM+RF+ANN / / 5k HEAT I8 5256 95 5F
Wang % ] CNN+ATT+LSTM+ 4 A O ER 4 TRAP LR LB, £ A A AN,
Transformer TENHEE, DR AR LA
Lee 210 NLP+BERT / / K HEATIE 5236 30 4F
Hao %% GAT+PLM / / K IAT B 5L 36 363
Santos-Janior 24’ RF R A E A IR AE EANTHE L1, £ R R,
FEIHEZ, D BE R AR
Ma 24! ATT+LSTM+BERT FEREEH A K AN LR, £ A A AN,
JIN R B R e A
Maasch 24! RF EaR4 RUGERERZBRAM  RAOFHE LR, £ BRI,
ARERA BALE R R, AN B R B Ak R %
HA
Wan 2] FCNN FEHR4 K 4 4y AN L, & A RN,
FEAALFE R R, DRIk B R
SeAh Al
Huang %+ XGBoost+LSTM+RF+CNN HEAENNES AU S B, A M A AR
kAT AR A R E R NGRS SN W
7 %= I8 Pl
Ruiz Puentes 2 4% GCN FF 4 KATHE HATHE E B, TENH K ER
Torres 2141 FCNN EH R4 A RO I, & A A A,
P LA R R, DN BRIk KA R
FMEA
Sharma % 47/ CNN+SVM EEA K K HEAT B 556 33
Yan 41 CNN+RAAC 4 KB A RSN 52
Luo %[ PLM+GAT % fk & UniRef90 % 42 RSN 525, A Ay AR A AR T
Li %50 BERT+CNN S 4 KER £ A RSN ST, A Al AR A M A T
Duque-Salazar 24! RF+SVM+DA+ANN EHRA WokEMEAMSY  ERATUE S, £ AR A A
ENW ALY
Ran %1% SVM+RF+CNN+XGBoost % k4 LR AARAEE FOREEZR, HENHE L, 2
HREEEMEORER  FoohFEN
Kim %% SVM+RF+ANN Ll EIE 2] BRANGUE L5, A AR AP T
Yan 4154 CNN+ATT / / R AATIE L 36 363
Chen %15 SVM+RF+ANN+ENN+CNN+  FHEHE 4 & NPk BRSNS B, A A AR A,
VAE+RNN+LSTM FE AL &
Lin 256 NLP+LSTM / / K HEATIE 52 36 30 4E
Gull £57 SVM+XGBoost / / K AT IR LI 15T
Fjell 2581 HMM / / R AATIE LI I IE
Yang %% RF+LSTM / / RHAATE LRI
Lin 1! SVM+RF / / K HEATIE 5236 304F
Lata 2" ANN+QM+SVM / / K HEAT IS 5236 B 4F
Cai %% BERT / / K AT B 5236 I3
Hartman % %) CNN EZ¢ ! BRI A R AR  RHFTEEZRBIE
= % L=
LeFEEHEHRE G
B9 Ik 40 4k 4 &£
Shehadeh 4/ SVM / / R AT B L5 I
Guan 2% FCNN EaRa HFRAF AN L8, & A A AR,
FEIHEE, DB R LA
Jhong %16/ RF / / AT LB B iF
Veltri %67 DNN+LSTM / / AT LI T
Zhao %) PLM+CNN+BiLSTM+CBAM ~ / / R AATIE L 36 3o I
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Sk4
X Hk FEHEER X3 & 4 ¥ T 5 R 9% 52 36 364
Chen 2% DT+ENN+Light GBM+NB+ / VT R B AT & AN S, A A A AR
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