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[Abstract] Antibody drugs have become the core therapeutic means in the field of
biomedicine due to their advantages of high specificity and targeting, low toxicity and engineering
properties, and have achieved great success in the fields of tumor, autoimmune disease, infectious
disease prevention / treatment, cardiovascular metabolic disease, ophthalmic disease and so on.

Although hybridoma technology, phage display technology, yeast display technology and other
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traditional antibody discovery technologies have successfully promoted the development and
marketing of a large number of antibody drugs, these methods have inherent limitations such as
long development cycle, low screening efficiency, and weak response to complex antigens.
Artificial intelligence not only significantly improves the efficiency of antibody discovery, but
also provides scalable and adjustable technical support for personalized precision therapy. This
paper systematically provides an overview of artificial intelligence applications in antibody drug
design. It reviews Al's role across the entire design workflow, including sequence generation,
structural modeling, affinity prediction, and maturation, and discusses its future challenges and
research directions.
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Table 1 Quantitative Comparison of Traditional vs. Al-Powered Antibody Discovery Workflows

g5y ERBR (B EARRE) Al TREETRFE (F3/8510/% BARERE)
W% & ~6-12 N H (ZRARESTHE) ~1-3 AN GEEFEA insilico A +E
IF1) 206 I )
15 396 MAR 2 2R 106 T [ 20 ) () S 6 i 2 1073-10M (RN IR FERR, Jeltk ik sh
TP S e o 4
B AP R R R o T A B K RS e T T 52 70 ) 7 SR 5 A1 TR HARRALIEAT S 7 A B EE, 1B
(<5% W) KEZFRE (>30%% WAEESD
BERA (BE) B R 5 KA S5 AR (PS4 NAASE SE ) 526D
YR 5 MK AT &3P0 arrh R AR KRR R R S MR, B
FIRAS
e R REIERTE, B XA T R B AR ERR ST & 4 Bl AT fE B AR
[,
2 ANTE R e Pt miE
2.1 Btk 5 54 54 B

FUH Al FARS RS FIEAEBEAT 700, W] AR PO 51 R AE R, dnaa 2
BRALS FHIRFE. T A 2RSS . XS5 B T BRI D RE R Z5 R H A B3
ITAE SRR 22 Fh T35 B S 5% (Protein Language Models, PLMs) HJ Al FiA, ix bt
TAFERAR BT 51 iy L R SORBME  RARSEm J D Re e THD R B th sl e . 7E 7312
B 5 X I E A4 771, nanoBERTPLZ %L T- BERT (Bidirectional Encoder Representations from
Transformers) 4H. L APKHUIR 570 8 SO0 BT RITBR BE 27 SIRRL . AR AL DL INDI
Bl 2P T R M AR AR S AR, RS AR ERE AR AT HE S, Ty
SENL B R IR B e, FRAE BOBT Y (1 H A He 2 X (Complementarity-Determining Region, CDR)
Feol. WHFEEEREH, £V XFFIERES P, nanoBERT AHE T LLAUEHUA NI SR &
2912 ANESY A IgLMPPUR S — U8R ARFR P AR, 56T GPT-2 B, CHFx ik
JF 5 AR X 2 A B (Inpainting) - I BEARSE AN R4 Rh R 420/ o SR AL SR TG A 8 14t
TG, HPREALE M. SREEIN, 9 T ARSI R A K A S SR v e 0 o
BRTRIE, WA T AntiBERTYM A1 AbLang®™I# AN . AntiBERTY J&—Fist
BERT ZLMIHUAATE 5 B2, ‘E/E#E I 5.58 1246 NIEHU M B RERIER 57 51 L AT HERD 15 5 Tl
IR, RN B BB E MBS, B AR IR A OGS G ik RE, N FIFR



AL TR ST R PP A B A 17 R EL B A AR R SUARHERY . AbLang TR Observed
Antibody Space (OAS) H#it i b (f) K UM B 410 32 14 73 SUEAT YN 252, o7 KA T %
FeofE e, BT DAz bR A AR f) o 8 v A SE BE DU 81, ANTRIAE P B B AL L SR AR HA
Bt S Jm SR TN A B 77 th R B BB AR5 . Bdh, VRONIE A Pl S A AR,
ESM-2P V8L 4%t 4 (K5 SR N BiE F0, A FH T SCRRER T G5 M T L A 1 2 A7 5 D B R 54T
%o TEPURLE SO S TRIMAES H, ParaAntiProt™ AL ESM-2 1E R iESn e, &ERT
TR SR TYERE . AR K 2.

XL AR ST AE X HUAA 81 R SO U BERE AR S5 H DI R R I s ki i, A
SR ZRTT T PR PSS 45 G AL R RR AL R S 1, titEsh T AgR Pt
PR B R 2R AN )RR R GENE VAR o« EA TR RS S5 PR TARIEIE A — 4> KL
PEORAD . IR PEARETL 5 KR e v ET AR,

R 2 Prikih E A%

Table 2 Example of antibody language model
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Table 3 Examples of antibody structure prediction model

e eS| [N | Kt e &SR PR
ABlooper®! CDR[X  E(n)-EGNNs 5. SAbDab (3.4k) . AR L H B MSA,
1k TR P
. RAB (49); JMR: AR A S L
«  SAbDab Latest w,
(114)
tFold-AbEY! Ptk ProtXLNet + WZ5: SAbDab (9.5K) 34 454 PLM 55 AF Evoformer
Evoformer AR : T, R
SAbDab-22H1-Ab/Nano
« 235 antibodies;
« 69 nanobodies;
xTrimoABFoldBY EIIREN AntiBERTy + %: PDB Jifk (18.4k) {35 f#fl AntiBERTY iR AR
AlphaFold2 WR: PDB Pifk (470)  DLABUEAR AR S 2 S
DeepAble] Ptk LSTM +ResNet  ill%k: OAS J#41 (118k) fL¥h: FoiF /i,
+ Rosetta + SAbDab £544 (1.6K) SRR : T Rosetta, 7 B #5018
TR
. RAB (47);
o IERMIEEDUA
(45);
EquiFold® E/IREN SE(3)-equivariant  il%: SAbDab (6.9k) 3 T MSA B PLM R A%
NN Mk: SAbDab (50) e, SEEEDL
JRIRR: A IR AR LY
W
IgFold* EIRUS AntiBERTY + e HRFA i 2y I, LT
Graph SAbDab (4.2K) 5 AlphaFold-Multimer 5 2428 5

Transformer +
IPA

AlphaFold 1455 —
Paired (16k)
AlphaFold 1455 —
Unpaired (26k)

Tk -

PDB #ifk (197)
PDB gKpifk
(71)

s
JRBR: SCREASLHUAL ), A
SCHFPUA-FUR 55 T 5

2.3 HUR-HUAAH EAEF TR

PURPUARAN AR R PUAR R FE D RE R LA, PRI BT - TR IR 2 thg By 238 2R
TIAVRE AR FRIAZ L3RS, FL T DS RS Tt R R0 J B2 AR AT T P, G B B DA
HEMIHS. BEE Al SRR, SUR-GUARM AR TNEZ D WL S 2k 5t



PeI7 kL L GNN RIER [ 5T J 0 ) AT HRRAE A% O R R i S T 2 B % . PECANPRLZ —3K
THI ) LA B SR 45 5 T P 2, BRI PR BRI 2% (Symmetric GCND R Hifk
S0 S [ B e N B D 2 g4 v, I s ST\ 3 — 7 48 B B RS, AT SEE 1
PR LA A HR BAMLEES « PRI . R4 PECAN RAEBTH T BIX A EA T DR
T EREE I, (ERARRAERAL LS & XTI ) PR-AUC 5% 0.70, JEnih REFHIZALRE
7. PECAN [ H o S ELAE @A, (HOE TS & i WG S s A 0L,
DA B TR NIFAC RS AN IS R IR 5% o SR, H T AR i ot = R 25 A s
Bl RERLLE S5 K AT SRAT BAFAE R G A 18 5 T PT RE M Im PR REMRAIT. R T GNIN X 5
T Ji 120 B RLER AR AN, ) LAY SR BT (4 732 T A 7 3 AR 328 B P T P B A 1) i e
JE AR KA 45 4 LT 10 25 1R PR 5 B AL . MaSIFRLR 2 Kk R R B . —, 4]
R 4= R = R (AR PN BN -2 A K A e (1P EPAN - F IR CIRSE R A (T
FERTRBUES PRI G, TR B8, JFERBEHI dMaSIFR s R 4k 7
RCEAL, HFEIRA RIS B RS, B E T A hR AR ey 138, KIESET ) LR IE 2
WG RE (-T2 600 ), FFAEF m Tl HS ROC-AUC 5% 0.87 AR IL. dMaSIF [
AR IS A R PUER R BIT S, A SRR 58 B S R 5 il ik
PUAPHAL, EDUATTR MG M Bor AR o R I R IRV A RE Sy RIS B0 7). A EE PECAN
A MaSIF s bl N A7 I BE K 773, AbAdapt®PHR AL T — Rl 51 H A O B AR 7 56
& T A A AR EE BRI 5 . 2SI T DNN 757, DL AR i) 551 4
BN, B GRS TR, H T OB A5 S i . R AR TR A AT
RS AR T LT RSl , {EL7E 5110 15 BRIP4 45 44 A 7T SRA5 137 St h B ke A
H, IR I S A B E MR TR AR 4.

X LEREY 73 55 NI GE AL RS . R LA 2 2] 5 P AR B A i AF R AR DN, LI N BT
SCRFINLE] S 2 R UCRHES IS, B IRTT T PR Ss & AE R R S T EE . EATA
DGR 1% HAMY - EAERL @R, R T IESRRI A S R4S Sk
FUSHUIR I T B R T, IEAE B AL BREDPUIAR BETHAURE h i GBS e

K 4 YRR AR AL ) 2

Table 4 Example of epitope prediction model
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Table 5 Examples of antibody design model
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