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Research progress of artificial intelligence in desiging protein structures
CHEN Zhihang, JI Menglin, QI Yifei
(School of Pharmacy, Fudan University, Shanghai 201203, China)

Abstract: Proteins are essential to life as they carry out a great variety of biological functions. Protein sequences
determine their three-dimensional structures, and therefore physiological functions. Proteins with specific functions
have important applications in many fields such as biomedicine, where they are utilized in drug design and delivery. In
the past, protein engineering and directed evolution are commonly used to improve the activity and stability of proteins.
These methods, however, are both complex and expensive, as they require a large number of biological experiments for
validation. Computational protein design (CPD) allows the design of amino acid sequences based on desired protein
functions and structures, and more intriguingly, generation of proteins even not found in nature. Conventional CPD
uses energy function and optimization algorithm to design protein sequences. In recent years, with the rapid
development of artificial intelligence (AI) technique, the accumulation of big data and the development of high speed

computing, Al has made great progresses in learning, and been successfully applied in CPD. In this review, based on
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the input constraints and sampling space size, we present a systematic overview of recent applications of Al in protein

design from three aspects: fixed-backbone design, flexible-backbone design, and sequence structure generation. We

focus on algorithms and protein feature encoding, present the effect of dataset size and architectural improvements on

model performance in prediction, and showcase several enzymes, antibodies, and binding proteins that were

successfully designed using these models. The advantages of Al compared with traditional CPD methods are also

discussed. Finally, we highlight challenges in Al-aided protein design, and propose some strategies for solutions.
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(a) d; is the distance between the Ca atoms of residues i and j, d;=0.4 nm, and (b) matrix for residue-residue distance of a protein structure.
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5 CNN 7, BB AT 24 CNN
FE B Kb 3 R AN B R B L R Al S5 R, DT IR/
T G B 0 BRI AR T R A . GNN fig
8 78 428 45 M5 B IR SR AR T Sk 2 %,
BE 6% 1F 1) A B2 7 51 Hp Bk R 6 i K L R A AR
F 9% &, T LLTE 20K OR K B 22 1A B A5 5 4 1)
P .

It o ] 5 B AR T A T A R S T
J& TN R RE RRS BEOK 0E BEER L B K
TRZEDERT, WNHEREZEDEK (K1,
#2).

R [EEE T B CATH 4.2 ISR B
FE B} Pk 52 2 R R 2%
Table 1 Sequence recovery rate and perplexity of the fixed-
backbone sequence design model on CATH 4.2 test set

el WELZRI%(T) MWL)

Models Recovery/% (1)  Perplexity ()
GraphTrans 35.82 6.63
StructGNNV" 37.1 6.49
GVP-GNN-large 39.20 6.17
GVP-GNN-Transformer 38.30 6.44
GVP-GNN-Transformer+AF2 51.60 4.01
ProteinMPNN 45.96 4.61
ProDesign 50.22 4.69
PiFold”" 50.22 4.62
LM-DESIGN"!(PiFold) 55.65 4.52

2 RGNS

5 A AR R, A R R
LS 2B TR B ) P 4 4 K
(K, DB E W A2 o 5 9 2% AR P 5
it

21 RBigit

TR JE 57 ) A 22 ) 4% e 8 I\ 2 1 o 45 4 BT R
K Z IR A BUREAE FF4 01X SRR AE 0 25 0 08 S
Wit . HRHEAITZ, XA ITTHRA SR
FRAE, bR PR SO0l o F] e R X LE AR
R E S, LGB LRI, 2%
Fe Ak AR AL BV B8 A Bl iR &3 B B A A1 BRAS A .
2015 4 Google & Afi ) DeepDream {§ 42 & % LA It i
FAE B b P AR AR, A R B[]
A5 5 R (1 1 T — A

i SCHE B trRosetta B 05 BRI P — AN 85 2 0L 7
B 43 (A1 Z 4, Anishchenko 2§ " EHrillZ: 7 — 4
R, KN trRosetta /7 51 78 H B (1) 4t &5
o B ANWTIEAR, A I 45 A 1Y) A TE] 4 SR A
TEMTI 2 A, XTI AR LA (hallucination)
Wit . EHAK - ABENUT AR TSRS

F2EEE T IR E TS50 &TSS00 MHAREE 1[5 511k 52 3 70 PR 2K
Table 2 Sequence recovery rate and perplexity of the fixed-backbone sequence design model on TS50 &TS500 test sets

KoK _— TS50 TS500
Group Models WEZRI%( 1) WAz L) WEZRI%( 1) Wz L)
Recovery/%( 1) Perplexity( | ) Recovery/%( T) Perplexity ()

MLP SPIN 30.00 — — —

SPIN2 34.00 — — —

Wang’s model 33.00 — — —

CNN SPROF 39.80 — — —

ProDCoNN 46.50 — — —

DenseCPD 50.71 — 55.53 —

GNN StructGNN 43.89 5.40 45.69 4.98

GraphTrans 42.20 5.60 44.66 5.16

GVP-GNN 44.14 4.71 49.14 4.20

GCA 47.02 5.09 47.74 4.72

ADesign'™ 48.36 5.25 49.23 4.93

ProteinMPNN 54.43 3.93 58.08 3.53

PiFold 58.72 3.86 60.42 3.44

LM-DESIGN(PiFold) 57.89 3.50 67.78 3.19
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T BB DURD S 56 I AR 45 & i SR B R
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Wi, R e Mk AL 76 AN
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R e, JFHRBRe S SRS EG. LM
WU RS = AR B R T 1T b = A Zn™ e A7 4H 20 R A
W LI IR R, JF IEHIRE Zo™ Bi ;s 4]
MR RIE T 25 SRR Y& s D5-3-
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RS RRGARGER L E 2L . XEFIEER
T )RR v I I [ B SR B R 4 S B R A A
M, B E E R AL T Ginpainting) B H H 4] #H
(hallucinate) 4T ()2 MRITEARY G &
F R . b it i 454 2 H pdll_inp_1 5 PD-
L145468 71 (K=326 nmol/L) % T % 4= % PD-1
(K=3.9 mmol/L) H§5#; Wit TrkA fEC A 45 &
RIS KRR A R R Mt
(1) Mdm?2 i JE R 45 4 8 5 3098 82 pS3 I RIAN
Uiy W e 45 B B

SR1M1, RFDesign 7£f# H RoseTTAFold 2E B
1T SR H B G AT T Bk R g5 4 1 7 X, B R
F7 B B AN 45 1 o 0 52 31— 5 BR i

Zhang % "™ 5T FSCHE B hallucinate 7572 ,
et — M kBTt A BT S R A B 3 A
T. A8 AutoFoldFinder, it 77440 175 2077 4
HA B EA o507 N R P51 5 854,
A 42 R E B X 5% (congruence coefficient map
alignment, CM-Align) % #t hallucinate 77 2 "1 [
KL#E, TLHRBEAZMERN AR, s
i 2 b e Bt 42 f P81 E R 8 — R A ) AR 2 R
AutoFoldFinder i i3 J7 #4040 K A2 il — T 2 8 1
J7 5 AR AR ABLRE 5 31 Ee A5 A 22% 2 %2 30.9%,
A CM-Align 775, HE 50% 4514 5 C A 4
BREER.

i Baker HIBA ™ Al 1 AME R ES ) T
ML BT 2ROCBE A TAE . W FEN Tk 4% 5 ik
WO B R ) — K BE R hr % (diphenylterrazine,
DTZ) £y B Arlg /Ry, 1EH E i 1
DTZIAE TR RLE, WEEESEGE MR, A
RIFGen J7 ik "% #2615 DTZ M BAF HI 0= £ 1R
55 i e iR BAE S (RIE), &5 A
RIFDock #§ & 4> DTZ 1) 5 A RIF ££ £ 4000 > % 24
HEFEA PO E P EAT R, R EH-
DTZ M HAEH . tb77 % L5 DTZ 45 1) FAM 1 25
G HEP REZNZEIZH F 2 (nuclear transport

factor 2, NTF2) FREH, $X 83815 1) & 4L
1 4% ] family-wide hallucination 77 3% i3t 17 1 {k
Wit

family-wide hallucination £& i%, 1 Jc R 1l XJ 48 1%
T 1 %1 5 Rosetta [ 41 ¥ 11 7714 B, XFEE (loop)
FIA]AF X 35k (variable regions) [ ¥ 51 Fll &5 ¥ i3E 47
MR BETE S FF R R 0 X 35k 1) 45 A 3R AT BAR AL
ZITVEM 2000 S RAANTF2 P4k, 12751751
AT SR RIS R, B BT — P SR
1k, FFA8 H trRosetta AT 5 A4 TR o B2 1 453 2% 1R
B W K Rl Z5 40 OR 57 X383k T 5 NTF2-like
S0 &5 A TR i O\ B Rk R AN T ) 43 A I — R
PEFEAT VPG s T R AR X3 T 4% TN S S
A 2 1) ) KL 50 T 550 00 o0l B 2 1) ) L AT 56 4 1)
15 BEAT VPAl . B B gy N BT I 5 i
DA B I 45 46 5 S M o S0 58 04 R family-wide
hallucination 4= B[ 1615 /™1 B AE Ji AR 45 1) 1) 75 (]
WRFEH 2, FEHEAEESEARRE Y &
DA BB 3R B BRI PR B S5 R R R

W FEN Diia DL B v AR i i i B 4Rkt
TNTRGER, Refs LLs i £ M4 DTZ 1%
et kot . Horb s M f 9 I B LuxSit-i ZEORFF 5
R AR O Bl A A R AH 24 1) [R] IS DR OK$ & 7R TR
YIRVRE R A AER e CEMEIRE>95 °C).

2.2 BLERE

AT AR SR ) E BT AT R g A R AR A
0 A2 s A ] 58 B R BT PN ML AR S . P
B AR R g Ml 7 $2 7 —Fh B, fi
FH i 22 0 2% T 2 RE B I 4t 1 B B ——SCUBA,
el 56 T 3% 21 R FE AL AL 3 B A0 BR B TR W TR
FEEMITIENRCONTTRE . SCUBA B0 3 4 1 7T %
A RBRRKAEN, G RBER
) 1 A U U ART R G DL R T B A R R
T ARB OB PIT B R E] . BEA A Siat
Ae B UR RN & MAHEAER, H—Fh & 888t
Hoph 28 W 4% (neighbor counting-neural network,
NC-NND )38 F 77 ¥E Il 5 . NC-NN £, &5 i 25 i
P2, B AT A (RSB H0
MR GG SR BAR AL TE S Re A, AR IGME
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Mg (ZEAEEBRAID KB, /BRMST
RER I, BT T DARRAL 5 F ik 5 1 bR 25 (i A 5 5L
TS5 fR BRI AL, 7T DL s R B R R &
eI e o EL e P AH O (19 S S A5 A B A A

TERSSRR AR FI S AT T, A8 1 22 X 2% 7 =X R
2 I SCUBA 5K ) 1 B AL 2 71 %% (stochastic
dynamics) MR K H % (simulated annealing)
ok 2B BT VU IR B AR R R R A, P AT
H 4 B (1 ABACUS2 ™ ) 3 85 & 427 51 3547 17 )
oA RN Ze kAt U BRI AR, AT 58 Bt 2R
JoR ) AT AR 28 S T S5 . 7E 9 B A SCUBA ¥
R R R E A, HApo 4R B
AR RIR G . X — 25 R 78/ JE 7R T SCUBA R &
AR S M, RRRRE R R E AR,
B 12 oR K0 0K B 111 R SR RE AR A AT LUAR 75 5 B gk
froe ], DMREESt M m i ZmE. Bk,
SCUBA+ABACUS2 " S fr & 71 1 & 1 il 2 A
BT RARE A FUE MR e, BT R Y
N42% (38 /NE SIS IR UE I 2 1 i A 16 AN Ehdr
2, 14 MH2E4EARMANHAEAFD, WitiE
PSSR I AE M — B, IR B E RS, RIS
1T H2E4 MTH4 5 3 5 BA MG/ I SRR R
AFREGEFEE M CPEIRE—14%).
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Design 7E lll 5% 1 loop Fil 4T 5% 1 5 OSCAR ™ FI
LEAP "V —FEHER . 75 MK IETHTES ', OSCAR-
Design 7 3 574 5] 38%~43% KR 74K 5 &K,
FRINIE TR T 75% HISR B K PR 2, 2R R 2H I
AR L F] 90% o

3 BRI A sy

TR — E A R E AR B TR, it
R NSO E A ERESMIT M, &8 )
CLJR B R SR B 5, E 45 A 100 A B 1 i o
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Fig. 10 Generative adversarial network for generating contact map and 3D backbone structure.
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FSCHR &5 S AN Wi ik ARG Ak FH DA B 40 1) 2%, B A8
B i AS B G BRI RO BE B . 15 B FE
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53 1) 77 3K OE 42 P RN 4 AL A R S B AR bR ) T
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FEZ G, KHABRMEME, @ik [ ik
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Fig. 11  Architectuer for the famliy-wide hallucination protein structure generation model
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Fig. 13 Schematic diagram of the diffusion model for protein structure generation""”



478 BRENE F45E

P (X |X)
B 14 FoldingDiff Il Zxifif2
Fig. 14 Training flow of the FoldingDiff model

(1) 3D 451, A 0 A A P 2 TR Ak ik 1) ) A B2
(s v o 05 0,n 0) KER, HP3NMHAT
A, BN NHREM. WERREAE XTI
4, I IE ) AR ) R AR s e A, B
B X W2 B TCEHRR . I EF, BHEEATR
7 — WU [ Transformer 88, 7F 1E 7] i £ A
13 2B S b2 o e e LR R . 20 I 2515 3
PH B A v LA R R E R . 2R, R4
Vv E MM EBREN. AR EA T
P, (R R I H v FE E RT AT

B T bR A e AR B ER B B SR IR AL,
DDPM #4 BY i G 4% 6 A A 1% H 1 ot () 45 R FL 7 31
56 R H R I MCK B ITHES -

ProteinSGM "' #5571 ] DM Sk 7= A BUSE I BR (
B, I AT DU SN 0 B A 2R D Re AL g B
NTE LKL E B E A 45 . ProteinSGM K P
ANFRIE 2 A 6D AL AR FFAEAE N NRRIE, f %

Inter-residue 6D corrdinates

%il‘i
EJ

a ¢

dGC)

Forward diffusion

ox=f(x, 1)dr+g(r) dw

1628 2D B B AR SR SR AR B (B 15) . B
RUTE 2D B A AR [ b 22T S I S IR AREAT 2
IE T HOP ERE YN 25 58 B A5 R B ) e 78 e 1)
B, M A S (1 B i A Ml R
A, JEEEARE A 6D ARFR . {3 ALY [ fa R
2 K8 T Rosetta Design " Fll Relax 4 i 5 6D
AR 240 A T B IR B BT A5 A . DR D B I TR
BB 1) SR 75 K & IE 1) 4% 7R 10 45 43 ) 28 >k 5k
fift S 1Al B B2, T RosettaDesign 4K #i T &5 57 [ 5 KF
R SR 3 [ 2 e R TR B SR 8 e /M E S B
MCRE 45 1, DAl I A 28 7 vy il 2 W 1A 55 ik
PR AN 25 ) T 5 7% (i AlphaFold2 25) SR 98/
.

Ingraham % "7 $ Hi [ Chroma £ ), AE65 B
FEONF B ) B BT A6 AL AT Y A AT SRR, IR R T AR
BOL R, AR B BT R R A D RE, RIS
e R A G 3D S5 A A1 G S AR HLut

Protein
structure

; ¢a
Residue \J
piar

Residue

r R
pair :

T FastDesign

% - 52 Rosetta

x=[f(x, N-g(1)v logp (x)]5r+g(1)ow
Reverse diffusion

El15 ProteinSGM 2K [ 4 i AT 71 28 44 [&]

Fig. 15 Protein structure encoding and model architecture of ProteinSGM



%£4% www.synbioj.com 479

AT BB AT DUEAS A 4R N SR 2%
PR, T EBT ISR . Chroma SEIL | —Ffm]
a A E RO R, O O AR R e
AR B i i I B B B R T RAT .

Anand " 1R 38 I S G A R N B R 4 fl
FE P2 AR N B e 42 8], P TPA AR [ 4 3
= YEA A R AE B A 450 . F 35 {8 FH AlphaFold
W 2 20 B9 R [ R AR S B /T (invardant point
attention, IPA) 1% 5t & # Transformer 77 i) b 1 13-
T IR R AR AR B 1~ 2 e e AN AR, Ad SR A
T BERT """ {4 B BB 28 BA T 5. 55
fit DDPM AR AL AS ], 2 458 R ANt I B B ™ A2 1) v
W R T A G e A AL 5 Ay Rk 2k, 7E [0,1]
HAE D ¢ 1 BR OB AT B PR AT A R SR B s 72 AR
I, RERULE ¢ = T AT A 10 5 2 >R AT e ) ik
e, Mie=T2]r= 0K E D HEATIERRE, B8
W RVF NG EFME BRI E A S %58
FTEeMNALEALSSWEIE ), JFFERERR
FAN BRI A2, DU AR 4 5 i A B DL
S P VI EE . AR F T 3 N BhAL ISR AR Y
Sl A R A T AR S A, IR
BN T RTINS EENE PR
4k g i e M R AHF SR AR 5, SRR HEA
A Sy 21 ity 16 2 1 R MG T TR A ).

Baker 41 "™ [ifi J5 4 H 3£ T- Rose TTAFold (RF)
9 B A RFdiffusion. K47 B B #4550 1)1 25
J& 1 I 1] RoseTTAFold #£ 8 (& 16) » 71 H
RoseTTAFold #EAT £ ML &5 kg TN, 5530 (1 &5 44
AR B RV AR 25 1, B AR 45 0 #56 AH Q1Y
AR R “BEE” 8. 7F RFdiffusion 1, %5

SN R B T80 () WMEERsii, BIGER
TE#% B 5 2 5000 LR OR 2 /1 25 e i IR 25, R
TEZIT )25 (1) 26 A0 B EAT 5 T, SR 5 TH 54
IS A N 45 ) 280 T 00 1) ot 2% 65 M P W S R AL, A AR
ZME 2R H N B N — AN )25 . RFdiffusion 4
% RF M7 5045 Ba@iE, K0T 85 b 32 31
RFjoint, A&W5 163 H A R 3 7 Hh VK &2 5 308 i 11
FE ), 38 A N 4 8 W 51 R0 5T R 4 A AR
SR T A 0 7 B ) R R Ay A, SEBLER 43 T B
The N T A B F VI sHE T 190 m e B 1 R 25 44
VE# F N-C-C ‘B 22 % 5% JE 4 B 5 k47 1E [0 9 8
PR, 3D e 0 6 ik AR C AR AR HEAT R 0
Pezh; T hesk, M SR SO(3)-Transformer "™
1E e i 0 B 1 AR A B3 3 A g s U, el 1 A
BHE &R e A AR M s e R RE 1. 1E
Ji 82 T 25 A 20 RS s VU1 R PR ) S 45 8 B 1T R
FhEENE T, RFdiffusion Wit 1V AFEE HBTERAR .
HB-IKEAEY . NRERE. AM&REEED
EZMEMPEMA, UE T RFdiffusion 7£ £ [ %
T 55 Hh R 2880 R 3 P 1

2022 A1) e 4 T B2 H Y SCUBA-D, 1 LA
AL AN T) 248 25l e e S ) S 6 R S R A R
JREME A, ARG = A FELy: —A
K7 HE R s e, T AT UR 15 242 45 F A i o
BB ARGE R — NG S B A B ) SR BB R,
F T A s o HR 2 (0 i 25 s — A 000 28 W 4%
F T4 Bl G 2 e i e . 7R AR B2, WG
ZERJTT DL SE BRI AT DL A A T AR, (&
I3 3R 5 W AR 28 3 I 5 AT DA Ak B AN [ 28 R 4
AR . XNEASRIMIWIGE 450, 1ZBEE W B br 2 A

/ i g0
2 0

i

A

X B g L e
— L __,.,\:‘- \._—p o] 0“ i —)% :
/ W )
RoseTTAFold

/-‘ %
%&g X

X, = interp (X, Xor+e —

on
.

il
e >y

Bl 16 RFdiffusion 1 5Y J5 H R i ]
Fig. 16 Schematic diagram of the RFdiffusion model



480 BRENE F45E

Be— 2R R RS B 2R g h, IR IR BT fy
WIE SR AS K IMEE . 515 S B A 4B
1) G5 A8 47 BRORE e SR ARG 70 7% 3 25 g B e 11 iy 14 5
Ba BRaity, A — R0 LMD RN kT 4u4k,
AR BN = o R A A, R R R
JPHIE SR (ESM-1b AR M) A Bl 45 F 9
AR AT RIEAE G S BSR4
R GEAE T P GAN XU B R 28, FE I ZR
FRALBAN WA O o T 5 B T R 2 A T T
A E 2R BV A, R VR AR A BE SR
i, A RKE, BIAAT DLAR 2 AR R T R
ZRGER, BA ) R R A5

H AT, ¥ 8B e SR worh A i N A 2 ik
A TAE. 2022 4F Luo 5 ™ $ 1 1 DiffAb BL%Y,
A B T HIONE 2 A5 AR DA% S5 A A 22 X 4% of i
Ji BT AR B #h 3 52 X (complementarity-determining
regions) HEATIRG AR, AT DLAR BT 6 RE 8 Pt 5
AROE 7R N O e (R DS S s | I LY 4
RN EERR W7 ] #R AT T A, AR AL ] A
SEBL IR T 200 43 AR B B B vh HOR e B A F R
G, BRI E G, WAL AR N T T
I NGRS S N e s KR N AR S i Ve
PURRACAE S5, S5 R RIARAE 3 MESS EIF
IRENIE ST

BT HEE BRI B 5 A5 TR R R
% 4R 4 b A 3K 7 91 R0 25 1 22 8] 1) 2% 2 9 75 P2 HE1f
Hh R 3D S5, ABAEAR RE ) R ES s Tk
S5 71 Il 11~ [ N 1 S A £ T = = (A 5

k-

Random vector

Generator

(hallucination) 528 [ 14 B8 =5 B A6 T~ Fan N 14 /7 371
AR AN bR o A HIOSE A A R ) 2k T 5 A
Y ) 3D M F ik AT, RetE Il I AR 2k AR B
e DhRe i Bodt AT wh, WREAE TR I A1 AN
SR R FATIR R, R RUE 2 B E B S B
5 2R

3.3 EHERIIERK

EE AR BRI T2 E T, 824G 2R &
()7 41 LAUG AC 3 2 %0 — 4 25 /) R AT RE e 2B
Dhee, JThE—NEXEHK. T4k EREKA
THREBITEAMBTE HER, MR THEIEM
R, BEREEMINGEAR Y 2 2 P8 5 450 ThRe i
KER, RARREAGTHZ0E, 19205880 &
B 51 o DU R 1) S 4130 4 R R 3R 1) 3R E i
JF B AR AR A

B T A AR A ) K e S B H ARE
T AR Y ) 5 K . Repecka 5 M 4R
T PR T AR O B 2% 1 R 5T A AR AR
iyl ProteinGAN (& 17) . ProteinGAN #& 7 {i
FH A2 BSOT T 9 28 28 440, I 50080 o S R i & X
JEHI 16 706 N 751 AL NN 128 IR BE AL
mE (BMEANO0, HENOS), HMAMMEEREN
AR L R g R . £S5 EREART
FILCE I, 00 48 615 200 7 S0 3EAT 4T 4, I W
HNBRF ISR E BT A A a5 S A S
H AR 5130 AL 1) 2 25 R e 40 A DL B 4 ) 2% . &2

G MEKLMCGSY
Generative sequence

Discriminator \

Natural?
Generative?

¢ MAKCGARIWPY

MAEPIRVIVTGIV

Natural sequence

B 17 ProteinGAN J&E A< 42§
Fig. 17 Architecture for ProteinGAN



$4% www.synbioj.com 481

2 5M BN 5, 98% A i 51 A 5 38 SR g
it S I ) 4 S A A A I, IR A1) S SR A A
I 58 3 IR T 471 2 T) AR AL BE AN O 10%, 1% 3% B AR
RO RR R EARER T3 IR I &6 0k (1 )7 41
(A

B % Transformer #5584 0 75 [ SR 1% 5 Ab BE AT
K, BORELZ (19T 78 % FF Transformer 22 1)
N FH B  E 5 A0 A A, A T VR B A
T Transformer [¥] 7 %1 A4£ B AR 7 . 2020 4F Madami
S R T ProGen B . ProGen /& — i 4 1
Transformer 15 5 1528 . Z AR B H 77 5 — R VI &
118 5T AR 25 1 2 B R 7 B AT I 2, SR T 45 4R
. ProGen A& E HERRE LS5 RAEH R
AT, HAFEEMAEYINGE. H Elnaggar 55 1 2
i 1) ProtTrans B8, (FEH 4 FORFRIE S HE (K
A [ UHE F B Tranformer-XL. XLNet UL A
Pl 4w 15 A7 Bert. Albert) 7F 8% (A i 395 45 L3t
ITWINLR, T F 5 ST S BCH F I RRAE, TS
FINTWMBATS, LBl AN REM B E A
PEJFR  FIU o 33X A AR TR U] 1 B B A e
2021 4 Gligorijevié &5 ™ $E i T —Ff 7 51 5 1k H 4
Mg, ZEAME—ANIhEETM B AHL &, TR
KE AR PRI & B R T % 2] A B 2
FEME, T Th BE 0N 2% 1T X 7 51 R A 10 O A 3R AT FR
Fo MK B, BEFCE S — PRI TR A R
TH A & @ 45 A 00 s 10 7 51 DL R B8 3T BT E T e A
SHR 1 #1 J0 15 )

2022 4 Moffat % " 4 t 7 DARK 424y, H
TAEARWIERY & 1) & i B 5781 E A Rl
GRAE Y, AR AU A T AR #E ) Transformer fi#
T 28 2580, AR B E A A R P S5 R T A
B )5, Ferruz N3 7 ProtGPT2 BL%Y 1%, 1248
& —/~H [ )9 Transformer #2784, #1H 7.3812%
. AR ZRAE Uniref-50 ¥4 4 EiE4T. U4
56 R AR B R A SR S E SR 0 A AUk i) TR
et S sh SR, FNEE LS YHNEA
T 5 25 [ AR BE HL 7 . Hesslow 25 1" $2 H RITA £
BUE— N A 1222800 B B A i By . %A
RUFE UniRef-100 £ 4 S8 2.8 2 EH A B4 1
AT R . WEICE MR IE T BB R /N XT (5] 5
RIVERE 2, 45 R 3R W B A A A AR 1 3 K

BRI RIAE T & 8T 1 J5 Nijkamp &5 7
$& H 1 ProGen2 H [A] )| Transformer £ 4 H A4 5 K
MIRIAR, A Z 2 v ik 6412, BERYHIII Rt
NI DRI 20 | 5 kDR 28 B 9% T2 500 12 o i B R
i 1042 A E 3 5T B AS [R] 7 210 45 1 1 4080 4 AT
T VPl ProGen2 A BT FI I RE T, WEFL I 6 AE
PLR =P B0 2 b AT VA%, BP: TN G —
FBCFE F AR R, O S R T DA T S R B 6 A 1)
VARG, BARAFEDUIE T 51804 4 b AT Tl 2k
Ja PR P A A . SRR, BZ ProGen2 4
P&, ProGen2 £E A4 B& BT 41 J7 TH I R I 4
iIEEER

4 e

i L HBES, N TR REEORE SR [ 3
i BB T BRI T . SRk N TR RE A L AR
LSRR AR SR . odle G T AN ek e 5 RE T
MBLA H 3 J 45 0 AP 51508 Hh 25 2] 2 A )RR AR
MM EAEH R AR, W& EAZ R R
B, DM T &EREARIAES . B0 RE S
HAEARRA R EA SRR
Pt B 5 RO DI fE -

TR JBE = ) R (Y 28 B v S A T A T T 1
ZAEVERUHE o R S B R BN S SR
S50 4 R R USSR B 5 T A R A O D R
R, XA WA R A B 7 DA L A g
Ja 7 ReAF IR BE 5 IR i R R AT R .
DRAUE R B 27 5] 4 2 I 4 BE % 78 20 il R A N\ 2R F R
5 R AN PP B o B — PR BRI AE AR R &R, —
AN B & A B AN AT A i BRI R o T 3
NEE, i ] B ER R AR D . AR
AN A B R 5 E = 4 A (A vh o B AR b, B v 4
22 E) AN T, P AR A 40 T R A R A 1 3
SR Ty 2, D[R] I S S B 6 (1 o R AN 42 )R
MR e BRAL, WA R T 2 Fh R A R4S
Fe M1 B0 P 5 AIE 5 RN 20 8 3 7R T ¥ o 0 4 SE Y
HARRIHES, WAES S K E A 548504
RAETT AN TR RERE AL, & F 703 1 i 1) e
FE )L

FUAT, TR 22 IR R AR 8 A R AR 55 B



482 BRENE F45E

W SR L FHAR SRAEAE 3 185 22 1) /AR o

H—, MiBEMEATFIIMELL, EAdm
8 2 AT s A T AR AN A . AR B R = 1)
LT, MRS 1 i 455 1Y e X DA e I G v v 1
Mgz AbRE 1. S 4h, FEIREE %% ) BRI R 2K
P vh AT A B B Y 0 BlE B R B AT )
AR PR R BT T

=, HATA T E B v A A R B VR AL K
% NIRRT H W 52 26 F0 P 245 46 15 Ji 235 ) 22 T 1)
55, SRTTIX P FE AR A e 08 47 5 U T 41 B4
W5 JFEEAN2RAAHBIEE, ARG E
WAt B AW Y AL % i . Dauparas 55 7 7R
ProteinMPNN 3 & H 45 H R IR 7 51K 52 200 4t
SRR, I H S R R B R B R 2 A R
(R 21805, FFAN T — AR AR I HO AT AR
BT ST R BE TR AR o A B R R T
U FRY A8 158 0 AR R AR 7 B SR F R e AN K, (R
JF AT & e J1 2 SR PER . SRR I T M) ] BE A2 Al
AN Z I fads, RiBiEsaE — RE Mk E
A NI A TN S s el e o Y= A 1
S U R TH A R B A R VAL R LS 4 A T A
MMMt EE5 B lmzER: K
oy B 7 LR 1 BT A AT S S A M R AR
T, RINGEEEOERSAZRMMHEE/ERBS.
BIREF A TESESENETRERSEN EA R
BT J7 VR P BHT Ja AL, B IR B o) R AR R
(1) R B 3 7 4] 345 A i N ik T 3 AL 22 T e =
BR R TR o 3R AT 0 UE AT R, Bk W B AR T B
ITRIGIE . 7850 RKIEIRFE % SR &l & 7
HIAE BCRE S AN AR, 2 AR S0 T B AT SRk
RV DA R 5 B S S B A A M T R T 4

H=, BARAEHEIGENLIKRZ Z—13)
SMEE, FHBREEM SRR —EN L.
HAlE AWM AEE TR —E AR R R
iR BT B 2, IR BT R B R &
AT PE ARG E M, SR AE D Re AL AN 4 A S TH]
Z R E . R TR T R4S A AR A B
R, AR A RTEE T B HE A

W, 48K 2 BB R DL A I 2 IR R TR B
I, el RIAPE . R RRENE. B R
P, H2WE T RINE A NG 27 51 Bt

KA o MK BETH FA 55 % P (ER S 28 J 1k A0 2 1k
ME AR AY, JFECLRRERNED LR R, 2
NTEREE AR 7RI A O FE B A 5
A 1175 Ko

& Gt H F J5t ve vE 7 9 A AR A BN T HE S Y RE
ERARTENHEN, RTEEAFISME
AR BT, I HR &AM B AT AE YL b
(AT Rk o TR SE A 8 I 2% 2 5] B 1) i R R L
e G B SERE A, L o 28 ) 2 A5 TR | 5 40 P AIE 3%
N AVECHE AR 4 PT RE Bk = — € O AT ARREPE . i R
KRR BEW B FT TR L 27 S B A A« 8
BT, FERRL R A R AR R A S AR A AT
R LA PTG

EEEAERFE S 2 RE T 88 A B i it 1
DhARMEBMERE T RER . RRNTHE RER
REL LN THik. M. RS &K
REH A e ATRATUL IR, #4275 Wi Zhhg
EE Il NEAMAIER DI

2 % X #

[1] HUANG P S, BOYKEN S E, BAKER D. The coming of age
of de novo protein design[J]. Nature, 2016, 537(7620):
320-327.

[2] KHERSONSKY O, LIPSH R, AVIZEMER Z, et al. Automated
design of efficient and functionally diverse enzyme repertoires[J].
Molecular Cell, 2018, 72(1): 178-186.¢5.

[3] GLASGOW A A, HUANG Y M, MANDELL D J, et al. Com-
putational design of a modular protein sense-response system[J].
Science, 2019, 366(6468): 1024-1028.

[4] ANFINSEN C B. Principles that govern the folding of protein
chains[J]. Science, 1973, 181(4096): 223-230.

[5] LEAVER-FAY A, OMEARA M J, TYKA M, et al. Scientific
benchmarks for guiding macromolecular energy function im-
provement[J]. Methods in Enzymology, 2013, 523: 109-143.

[6] LEMAN J K, WEITZNER B D, LEWIS S M, et al. Macromo-
lecular modeling and design in Rosetta: recent methods and
frameworks[J]. Nature Methods, 2020, 17(7): 665-680.

[717 NADRA A D, SERRANO L, ALIBES A. Chapter one-DNA-
binding specificity prediction with FoldX[M]//Methods in en-
zymology. New York: Academic Press. 2011, 498: 3-18.

[8] HUANG X Q, PEARCE R, ZHANG Y. EvoEF2: accurate and
fast energy function for computational protein design[J]. Bioin-

formatics, 2020, 36(4): 1135-1142.



% 4% www.synbioj.com

483

[10]

(1]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

(21]

[22]

ALFORD R F, LEAVER-FAY A, JELIAZKOV J R, et al. The
Rosetta all-atom energy function for macromolecular modeling
and design[J]. Journal of Chemical Theory and Computation,
2017, 13(6): 3031-3048.

KUHLMAN B, DANTAS G, IRETON G C, et al. Design of a
novel globular protein fold with atomic-level accuracy[J]. Sci-
ence, 2003, 302(5649): 1364-1368.

SIEGEL J B, ZANGHELLINI A, LOVICK H M, et al. Compu-
tational design of an enzyme catalyst for a stereoselective bi-
molecular Diels-Alder reaction[J]. Science, 2010, 329(5989):
309-313.

SILVAD A, YU S, ULGE U Y, et al. De novo design of potent
and selective mimics of IL-2 and IL-15[J]. Nature, 2019, 565
(7738): 186-191.

MOHAN K, UEDA G, KIM A R, et al. Topological control of
cytokine receptor signaling induces differential effects in hema-
topoiesis[J]. Science, 2019, 364(6442): eaav7532.
CHEVALIER A, SILVA D A, ROCKLIN G J, et al. Massively
parallel de novo protein design for targeted therapeutics[J]. Na-
ture, 2017, 550(7674): 74-79.

CAO L X, GORESHNIK I, COVENTRY B, et al. De novo de-
sign of picomolar SARS-CoV-2 miniprotein inhibitors[J]. Sci-
ence, 2020, 370(6515): 426-431.

LANGAN R A, BOYKEN S E, NG A H, et al. De novo design
of bioactive protein switches[J]. Nature, 2019, 572(7768):
205-210.

DAWSON W M, LANG E J M, RHYS G G, et al. Structural
resolution of switchable states of a de novo peptide assembly[J].
Nature Communications, 2021, 12: 1530.

SHEN H, FALLAS J A, LYNCH E, et al. De novo design of
self-assembling helical protein filaments[J]. Science, 2018, 362
(6415): 705-709.

HSIA Y, BALE J B, GONEN 8, et al. Design of a hyperstable
60-subunit protein icosahedron[J]. Nature, 2016, 535(7610):
136-139.

ROCKLIN G J, CHIDYAUSIKU T M, GORESHNIK 1, et al.
Global analysis of protein folding using massively parallel de-
sign, synthesis, and testing[J]. Science, 2017, 357(6347):
168-175.

BERMAN H M, WESTBROOK J, FENG Z K, et al. The pro-
tein data bank[J]. Nucleic Acids Research, 2000, 28(1):
235-242.

FOX N K, BRENNER S E, CHANDONIA J M. SCOPe: struc-
tural classification of proteins—extended, integrating SCOP
and ASTRAL data and classification of new structures[J]. Nu-
cleic Acids Research, 2014, 42(D1): D304-D309.

(23]

[24]

(25]

[26]

[27]

(28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

CONSORTIUM T U, BATEMAN A, MARTIN M J, et al. Uni-
Prot: the universal protein knowledgebase[J]. Nucleic Acids
Research, 2017, 45(D1): D158-D169.

MISTRY J, CHUGURANSKY S, WILLIAMS L, et al. Pfam:
the protein families database in 2021[J]. Nucleic Acids Re-
search, 2021, 49(D1): D412-D419.

FRAPPIER V, KEATING A E. Data-driven computational pro-
tein design[J]. Current Opinion in Structural Biology, 2021, 69:
63-69.

KWON'Y, SHIN W H, KO J, et al. AK-score: accurate protein-
ligand binding affinity prediction using an ensemble of 3D-con-
volutional neural networks[J]. International Journal of Molecu-
lar Sciences, 2020, 21(22): 8424.

JIANG D J, HSIEH C Y, WU Z X, et al. InteractionGraphNet:
a novel and efficient deep graph representation learning frame-
work for accurate protein-ligand interaction predictions[J].
Journal of Medicinal Chemistry, 2021, 64(24): 18209-18232.
JONES D, KIM H, ZHANG X H, et al. Improved protein-li-
gand binding affinity prediction with structure-based deep fu-
sion inference[J]. Journal of Chemical Information and Model-
ing, 2021, 61(4): 1583-1592.

JIMENEZ J, SKALIC M, MARTINEZ-ROSELL G, et al.
Kppep: protein-ligand absolute binding affinity prediction via
3D-convolutional neural networks[J]. Journal of Chemical In-
formation and Modeling, 2018, 58(2): 287-296.

SLEDZIESKI S, SINGH R, COWEN L, et al. D-SCRIPT
translates genome to phenome with sequence-based, structure-
aware, genome-scale predictions of protein-protein interactions[J].
Cell Systems, 2021, 12(10): 969-982.¢6.

BARANWAL M, MAGNER A, SALDINGER J, et al.
Struct2Graph: a graph attention network for structure based
predictions of protein-protein interactions[J]. BMC Bioinfor-
matics, 2022, 23(1): 370.

WANG S, CHEN W Q, HAN P F, et al. RGN: residue-based
graph attention and convolutional network for protein-protein
interaction site prediction[J]. Journal of Chemical Information
and Modeling, 2022, 62(23): 5961-5974.

SHEN W X, ZENG X, ZHU F, et al. Out-of-the-box deep
learning prediction of pharmaceutical properties by broadly
learned knowledge-based molecular representations[J]. Nature
Machine Intelligence, 2021, 3(4): 334-343.

BUTTON A, MERK D, HISS J A, et al. Automated de novo
molecular design by hybrid machine intelligence and rule-driv-
en chemical synthesis[J]. Nature Machine Intelligence, 2019, 1
(7): 307-315.

DE CAO N, KIPF T. MolGAN: an implicit generative model



484

BENZF

£4%E

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

for small molecular graphs[EB/OL]. arXiv, 2018: 1805.11973
[2023-10-01]. https://arxiv.org/abs/1805.11973

WINTER R, MONTANARI F, STEFFEN A, et al. Efficient
multi-objective molecular optimization in a continuous latent
space[J]. Chemical Science, 2019, 10(34): 8016-8024.

DING W Z, NAKAI K T, GONG H P. Protein design via deep
learning[J]. Briefings in Bioinformatics, 2022, 23(3): bbac102.
JUMPER J, EVANS R, PRITZEL A, et al. Highly accurate pro-
tein structure prediction with AlphaFold[J]. Nature, 2021, 596
(7873): 583-589.

BAEK M, DIMAIO F, ANISHCHENKO 1, et al. Accurate pre-
diction of protein structures and interactions using a three-track
neural network[J]. Science, 2021, 373(6557): 871-876.
DAHIYAT B I, MAYO S L. Protein design automation[J]. Pro-
tein Science, 1996, 5(5): 895-903.

DAHIYAT B I, MAYO S L. De novo protein design: fully auto-
mated sequence selection[J]. Science, 1997, 278(5335): 82-87.
LI Z X, YANG Y D, FARAGGI E, et al. Direct prediction of
profiles of sequences compatible with a protein structure by
neural networks with fragment-based local and energy-based
nonlocal profiles[J]. Proteins: Structure, Function, and Bioin-
formatics, 2014, 82(10): 2565-2573.

DAIL, YANG Y D, KIM H R, et al. Improving computational
protein design by using structure-derived sequence profile[J].
Proteins: Structure, Function, and Bioinformatics, 2010, 78
(10): 2338-2348.

YANG Y D, ZHOU Y Q. 4b initio folding of terminal seg-
ments with secondary structures reveals the fine difference be-
tween two closely related all-atom statistical energy functions[J].
Protein Science, 2008, 17(7): 1212-1219.

WANG J X, CAO H L, ZHANG J Z H, et al. Computational
protein design with deep learning neural networks[J]. Scientif-
ic Reports, 2018, 8: 6349.

O'CONNELL J, LI Z X, HANSON J, et al. SPIN2: predicting
sequence profiles from protein structures using deep neural net-
works[J]. Proteins: Structure, Function, and Bioinformatics,
2018, 86(6): 629-633.

CHEN S, SUN Z, LIN L H, et al. To improve protein sequence
profile prediction through image captioning on pairwise resi-
due distance map[J]. Journal of Chemical Information and
Modeling, 2020, 60(1): 391-399.

KRIZHEVSKY A, SUTSKEVER I, HINTON G E. ImageNet
classification with deep convolutional neural networks[J].
Communications of the ACM, 2017, 60(6): 84-90.

ZHANG Y, CHEN Y, WANG C R, et al. ProDCoNN: protein

design using a convolutional neural network[J]. Proteins: Struc-

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

[58]

[59]

[60]

[61]

ture, Function, and Bioinformatics, 2020, 88(7): 819-829.
ANAND N, EGUCHI R, MATHEWS 1 1, et al. Protein se-
quence design with a learned potential[J]. Nature Communica-
tions, 2022, 13: 746.

QI'Y F, ZHANG J Z H. DenseCPD: improving the accuracy of
neural-network-based computational protein sequence design
with DenseNet[J]. Journal of Chemical Information and Model-
ing, 2020, 60(3): 1245-1252.

HUANG G, LIU Z, VAN DER MAATEN L, et al. Densely
connected convolutional networks[C]//2017 IEEE Conference
on Computer Vision and Pattern Recognition (CVPR). July 21-
26,2017, Honolulu, HI, USA. IEEE, 2017: 2261-2269.
SHROFF R, COLE A W, DIAZ D J, et al. Discovery of novel
gain-of-function mutations guided by structure-based deep
learning[J]. ACS Synthetic Biology, 2020, 9(11): 2927-2935.
LUHY, DIAZ D J, CZARNECKI N J, et al. Machine learning-
aided engineering of hydrolases for PET depolymerization[J].
Nature, 2022, 604(7907): 662-667.

NORN C, WICKY B I M, JUERGENS D, et al. Protein se-
quence design by conformational landscape optimization[J].
Proceedings of the National Academy of Sciences of the Unit-
ed States of America, 2021, 118(11): e2017228118.

YANG J Y, ANISHCHENKO I, PARK H, et al. Improved pro-
tein structure prediction using predicted interresidue orienta-
tions[J]. Proceedings of the National Academy of Sciences of
the United States of America, 2020, 117(3): 1496-1503.

WANG X, FLANNERY S T, KIHARA D. Protein docking
model evaluation by graph neural networks[J]. Frontiers in Mo-
lecular Biosciences, 2021, 8: 647915.

KIPF T N, WELLING M. Semi-supervised classification with
graph convolutional networks[EB/OL]. arXiv, 2016: 1609.02907
[2023-01-10]. https://arxiv.org/abs/1609.02907

INGRAHAM J, GARG V K, BARZILAY R, et al. Generative
models for graph-based protein design[C/OL]// Advances in
Neural Information Processing Systems 32 (NeurIPS 2019),
December 2019, Vancouver, Canada, Neural Information Pro-
cessing Systems Foundation, 2019[2023-01-10]. https://dspace.
mit. edu/bitstream/handle/1721.1/129731/NeurlPS-2019-gener-
ative-models-for-graph-based-protein-design-Paper. pdf?sequence=
2&isAllowed=y.

VASWANI A, SHAZEER N, PARMAR N, et al. Attention is
all you need[C]//Proceedings of the 31st International Confer-
ence on Neural Information Processing Systems. December
4-9, 2017, Long Beach, California, USA. New York: ACM,
2017: 6000-6010.

STROKACH A, BECERRA D, CORBI-VERGE C, et al. Fast



% 4% www.synbioj.com

485

[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

(71]

[72]

(73]

[74]

and flexible protein design using deep graph neural networks[J].
Cell Systems, 2020, 11(4): 402-411.e4.

JING B, EISMANN S, SURIANA P, et al. Learning from pro-
tein structure with geometric vector perceptrons|EB/OL]. arXiv,
2020:2009.01411[2023-01-10]. https://arxiv.org/abs/2009.01411.
ORELLANA G A, CACERES-DELPIANO J, IBANEZ R, et
al. Protein sequence sampling and prediction from structural
data[EB/OL]. bioRxiv, 2021[2023-01-10] https://www.biorxiv.
org/content/10.1101/2021.09.06.459171v3.

LI AJ, LU M, DESTA 1, et al. Neural network-derived Potts
models for structure-based protein design using backbone
atomic coordinates and tertiary motifs[J]. Protein Science,
2023, 32(2): e4554.

ZHENG F, ZHANG J, GRIGORYAN G. Tertiary structural
propensities reveal fundamental sequence/structure relation-
ships[J]. Structure, 2015, 23(5): 961-971.

HSU C, VERKUIL R, LIU J, et al. Learning inverse folding from
millions of predicted structures[C/OL]//Proceedings of the 39th In-
ternational Conference on Machine Learning. Proceedings of Ma-
chine Learning Research, PMLR. 2022: 8946-8970[2023-01-10].
https://www.biorxiv.org/content/10.1101/2022.04.10.487779v2.
MCPARTLON M, LAI B, XU J B. A deep SE(3)-equivariant mod-
el for learning inverse protein folding[EB/OLY]. bioXiv, 202[2023-
01-10]. https://www. biorxiv. org/content/10.1101/2022.04.15.4884
92vl.

ZADEH A, CHEN M, PORIA S, et al. Tensor fusion network for
multimodal sentiment analysis|[EB/OL]. arXiv, 2017: 1707.07250
[2023-01-10]. https:/arxiv.org/abs/1707.07250.

XIONG P, HU X H, HUANG B, et al. Increasing the efficiency
and accuracy of the ABACUS protein sequence design method[J].
Bioinformatics, 2020, 36(1): 136-144.

LIU Y F, ZHANG L, WANG W L, et al. Rotamer-free protein
sequence design based on deep learning and self-consistency[J].
Nature Computational Science, 2022, 2(7): 451-462.

XIONG P, WANG M, ZHOU X Q, et al. Protein design with a
comprehensive statistical energy function and boosted by ex-
perimental selection for foldability[J]. Nature Communica-
tions, 2014, 5: 5330.

RONEY J P, OVCHINNIKOV 8. State-of-the-art estimation of
protein model accuracy using AlphaFold[J]. Physical Review
Letters, 2022, 129(23): 238101.

DAUPARAS J, ANISHCHENKO I, BENNETT N, et al. Ro-
bust deep learning-based protein sequence design using Pro-
teinMPNN][J]. Science, 2022, 378(6615): 49-56.

HUANG B, FAN T W, WANG K Y, et al. Accurate and effi-

cient protein sequence design through learning concise local

[75]

[76]

[77]

[78]

[79]

[80]

[81]

(82]

[83]

(84]

[85]

[86]

(87]

environment of residues[J]. Bioinformatics, 2023: btad122.
ZHENG Z, DENG Y, XUE D, et al. Structure-informed lan-
guage models are protein designers|[EB/OL]. arXiv, 2023:
2302.01649[2023-02-10]. https://arxiv.org/abs/2302.01649.
INGRAHAM J, GARG V K, BARZILAY R, et al. Generative
models for graph-based protein design[C]// Proceedings of the
33rd International Conference on Neural Information Process-
ing Systems, 8-14 December 2019, Vancouver, Canada, Curran
Associates Inc, 2019: 1417[2023-01-10]. https://proceedings.
neurips.cc/paper/2019/hash/f3a4{f4839c56a5f460c88cce3666a2
b-Abstract.html.

GAO Z Y, TAN C, LI S Z. ProDesign: toward effective and ef-
ficient protein design[EB/OL]. arXiv, 2022[2023-01-10]. https:/
arxiv.org/abs/2209.12643v1.

TAN C, GAO ZY, XIA J, et al. Generative de novo protein de-
sign with global context[EB/OL]. arXiv, 2022[2023-01-10].
https://arxiv.org/abs/2204.10673.

GAO Z Y, TAN C, LI S Z. AlphaDesign: a graph protein de-
sign method and benchmark on AlphaFoldDB[EB/OL]. arXiv,
2022[2023-01-10]. https://arxiv.org/abs/2202.01079v2.
ANISHCHENKO I, PELLOCK S J, CHIDYAUSIKU T M,
et al. De novo protein design by deep network hallucination[J].
Nature, 2021, 600(7889): 547-552.

TISCHER D, LISANZA S, WANG J, et al. Design of proteins
presenting discontinuous functional sites using deep learning
[EB/OL]. bioXiv, 2020[2023-01-10]. https://www. biorxiv. org/
content/10.1101/2020.11.29.402743v1.

WANG J, LISANZA S, JUERGENS D, et al. Scaffolding pro-
tein functional sites using deep learning[J]. Science, 2022, 377
(6604): 387-394.

ZHANG S H, XU Y J, PEI J F, et al. AutoFoldFinder: an auto-
mated adaptive optimization toolkit for de novo protein fold de-
sign[EB/OL]. 2021[2023-01-10]. https://www.mlsb. io/papers_
2021/MLSB2021_AutoFoldFinder.pdf.

YEH A H W, NORN C, KIPNIS Y, et al. De novo design of lu-
ciferases using deep learning[J]. Nature, 2023, 614(7949):
774-780.

DOU J Y, VOROBIEVA A A, SHEFFLER W, et al. De novo
design of a fluorescence-activating P -barrel[J]. Nature, 2018,
561(7724): 485-491.

CAO L X, COVENTRY B, GORESHNIK I, et al. Design of
protein-binding proteins from the target structure alone[J]. Na-
ture, 2022, 605(7910): 551-560.

HUANG B, XU Y, HU X H, et al. A backbone-centred energy
function of neural networks for protein design[J]. Nature,

2022, 602(7897): 523-528.



486 BRENE F4E

[88] LIANG S D, LI Z X, ZHAN J, et al. De novo protein design by 2256-2265.
an energy function based on series expansion in distance and [100] WATSON J L, JUERGENS D, BENNETT N R, et al. Broadly
orientation dependence[J]. Bioinformatics, 2021, 38(1): 86-93. applicable and accurate protein design by integrating structure

[89] LIANG S D, ZHENG D D, ZHANG C, et al. Fast and accurate prediction networks and diffusion generative models[EB/OL].
prediction of protein side-chain conformations[J]. Bioinformat- bioXiv, 2022[2023-01-10]. https://www.biorxiv.org/content/
ics, 2011, 27(20): 2913-2914. 10.1101/2022.12.09.519842v2.

[90] LIANG S D, ZHOU Y Q, GRISHIN N, et al. Protein side [101] TRIPPE B L, YIM J, TISCHER D, et al. Diffusion probabilis-
chain modeling with orientation-dependent atomic force fields tic modeling of protein backbones in 3D for the motif-scaffold-
derived by series expansions[J]. Journal of Computational ing problem[EB/OL]. arXiv, 2022: 2206.04119[2023-01-10].
Chemistry, 2011, 32(8): 1680-1686. https://arxiv.org/abs/2206.04119.

[91] LIANG S D, ZHANG C, ZHOU Y Q. LEAP: highly accurate [102] WU K E, YANG K K, BERG R V D, et al. Protein structure
prediction of protein loop conformations by integrating coarse- generation via folding diffusion[EB/OLY]. arXiv, 2022: 2209.15611
grained sampling and optimized energy scores with all-atom re- [2023-01-10]. https://arxiv.org/abs/2209.15611.
finement of backbone and side chains[J]. Journal of Computa- [103] LEE J S, KIM P. ProteinSGM: score-based generative model-
tional Chemistry, 2014, 35(4): 335-341. ing for de novo protein design[EB/OL]. 2022[2023-01-10].

[92] ANAND N, HUANG P S. Generative modeling for protein https://doi.org/10.21203/rs.3.rs-1855828/v1.
structures[C/OL]// 6th International Conference on Learning Rep- [104] LEAVER-FAY A, TYKA M, LEWIS S M, et al. ROSETTA3:
resentations, Vancouver, BC, Canada, April 30-May 3, 2018[2023- an object-oriented software suite for the simulation and design
01-10]. https://openreview.net/forum?id=HJFXnYJvG. of macromolecules[J]. Methods in Enzymology, 2011, 487:

[93] ANAND N, EGUCHI R, HUANG P S. Fully differentiable 545-574.
full-atom protein backbone generation[EB/OL]. ICLR 2019 [105] INGRAHAM J, BARANOV M, COSTELLO Z, et al. Illumi-
Workshop on Deep Generative Models for Highly Structured nating protein space with a programmable generative model
Data, 2019[2023-01-10]. https://openreview. net/group? id= [EB/OL]. bioXiv, 2022[2023-01-10]. https://www. biorxiv. org/
ICLR.cc/2019/Workshop/DeepGenStruct. content/10.1101/2022.12.01.518682v1.

[94] EGUCHI R R, CHOE C A, HUANG P S. Ig-VAE: generative [106] ANAND N, ACHIM T. Protein structure and sequence genera-
modeling of protein structure by direct 3D coordinate genera- tion with equivariant denoising diffusion probabilistic models
tion[J]. PLoS Computational Biology, 2022, 18(6): e1010271. [EB/OL]. arXiv, 2022: 2205.15019[2023-01-10]. https://arxiv.

[95] LAI B Q, MCPARTLON M, XU J B. End-to-End deep struc- org/abs/2205.15019.
ture generative model for protein design[EB/OL]. bioRxiyv, [107] DEVLIN J, CHANG M, LEE K, et al. BERT: Pre-training of
2022[2023-01-10]. https://www. biorxiv. org/content/10.1101/ deep bidirectional transformers for language understanding[EB/
2022.07.09.499440v1. OL]. arXiv, 2018: 1810.04805[2023-01-10]. https://arxiv.org/

[96] GUO X J, DU Y Q, TADEPALLI S, et al. Generating tertiary abs/1810.04805.
protein structures via interpretable graph variational autoencod- [108] DE BORTOLI V, MATHIEU E, HUTCHINSON M, et al. Rie-
ers[J]. Bioinformatics Advances, 2021, 1(1): vbab036. mannian score-based generative modelling[EB/OL]. arXiv, 2022:

[97] HARTEVELD Z, SOUTHERN J, LOUKAS A, et al. Deep sharp- 2202.02763[2023-01-10]. https://arxiv.org/abs/2202.02763.
ening of topological features for de novo protein design[EB/OL]. [109] LEACH A, SCHMON S M, DEGIACOMI M T, et al. Denois-
ICLR 2022 Machine Learning for Drug Discovery, 2022 [2023- ing diffusion probabilistic models on SO(3) for rotational align-
01-10]. https://openreview.net/forum?id=DwN81YIXGQP. ment[EB/OL]. ICLR 2022 Workshop on Geometrical and To-

[98] HO J, JAIN A, ABBEEL P. Denoising diffusion probabilistic pological Representation Learning, 2022[2023-01-10]. https:/
models[EB/OL]. arXiv, 2020: 2006.11239. https://arxiv.org/abs/ openreview.net/forum?id=BY 88eBbkpe5.

2006.11239. [110] LIUY E, CHEN L H, LIU H Y. De novo protein backbone gen-

[99] SOHL-DICKSTEIN J, WEISS E A, MAHESWARANATHAN eration based on diffusion with structured priors and adversari-

N, et al. Deep unsupervised learning using nonequilibrium ther-
modynamics[C]//Proceedings of the 32nd International Confer-
ence on International Conference on Machine Learning-Vol-

ume 37. July 6-11, 2015, Lille, France. New York: ACM, 2015:

[111]

al training[EB/OL]. bioRxiv, 2022[2023-01-10]. https://www.
biorxiv.org/content/10.1101/2022.12.17.520847v1.
RIVES A, MEIER J, SERCU T, et al. Biological structure and

function emerge from scaling unsupervised learning to 250 mil-



% 4% www.synbioj.com

487

[112]

[113]

[114]

[115]

[116]

[117]

[118]

[119]

lion protein sequences[J]. Proceedings of the National Acade-
my of Sciences of the United States of America, 2021, 118(15):
€2016239118.

LUO ST, SUY F, PENG X G, et al. Antigen-specific antibody
design and optimization with diffusion-based generative mod-
els for protein structures[EB/OL]. bioXiv, 2022[2023-01-10].
https://www.biorxiv.org/content/10.1101/2022.07.10.499510v5.
REPECKA D, JAUNISKIS V, KARPUS L, et al. Expanding
functional protein sequence spaces using generative adversarial
networks[J]. Nature Machine Intelligence, 2021, 3(4): 324-333.
MADANI A, MCCANN B, NAIK N, et al. ProGen: Language
modeling for 2020:
2004.03497[2023-01-10]. https://arxiv.org/abs/2004.03497.
ELNAGGAR A, HEINZINGER M, DALLAGO C, et al

protein  generation[EB/OL]. arXiv,

ProtTrans: towards cracking the language of lifes code through
self-supervised deep learning and high performance computing
[J]. IEEE Transactions on Pattern Analysis and Machine Intelli-
gence, 2021, 44(10), 7112-7127.

GLIGORIJEVIC V, BERENBERG D, RA S, et al. Function-
guided protein design by deep manifold sampling[EB/OL].
bioRxiv, 2021[2023-01-10]. https://www.biorxiv.org/content/
10.1101/2021.12.22.473759v1.

MOFFAT L, KANDATHIL S M, JONES D T. Design in
the DARK: learning deep generative models for de novo
protein design[EB/OL]. bioRxiv, 2022[2023-01-10]. https://
www.biorxiv.org/content/10.1101/2022.01.27.478087v1.
FERRUZ N, SCHMIDT S, HOCKER B. ProtGPT2 is a deep
unsurprised language model for protein design[J]. Nature Com-
munications, 2022,13(1): 4348.

HESSLOW D, ZANICHELLI N, NOTIN P, et al. RITA: a
study on scaling up generative protein sequence models[EB/

OL]. arXiv, 2022: 2205.05789[2023-01-10]. https://arxiv. org/

[120]

[121]

abs/2205.05789.

NIJKAMP E, RUFFOLO J, WEINSTEIN E N, et al. ProGen2:
exploring the boundaries of protein language models[EB/OL].
arXiv, 2022[2023-01-10]. https://arxiv.org/abs/2206.13517.

LI Z X, YANG Y D, ZHAN J, et al. Energy functions in de no-
vo protein design: current challenges and future prospects[J].

Annual Review of Biophysics, 2013, 42: 315-335.

BIRAEE: BUR € (1983—), 53,
WEAE O3, WL A R . BT 1 R A2
KT G5 FI D e B LA S N TR e 2
Wikt
E-mail: yfqi@fudan.edu.cn

E—1EE: PREA1998—), 55, Mt
o 118 S i W /4 AN O = s = D
Wit
E-mail: zhihangchen2!@m.fudan.edu.cn

F—1EE: FHWQ000—), %, il
BRI STl W LTS DN B 4 g = D
Wit
E-mail: 22211030067@m.fudan.edu.cn




