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Abstract: Protein structure prediction is an important research field in life sciences and medicine,
and it is also a key application scenario of artificial intelligence in scientific research. AlphaFold2
is a protein structure prediction system developed by DeepMind based on deep learning, capable
of efficiently generating the atomic-scale spatial structure of a protein from the amino acid
sequence. It has demonstrated superior performance in the prediction of protein structures since
its inception, thus attracting much attention and research. This paper introduces the model
architecture, highlights, limitations, and application progress of AlphaFold2. Furthermore, it
briefs the capabilities, highlights, and limitations of several other types of protein structure

prediction models and prospects the future development direction in this field.
Keywords: AlphaFold2; protein structure; protein structure prediction; deep learning
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KFEAE, IF A X 28 R AR AT DL 3 A
SARS-CoV-2 5 & F AR AZ UK 54 [ 52 14 25
EAE ISR , I A= 7 SARS-CoV-2 5542
Z R % 1 2 (transmembrane protease serine 2,
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TMPRSS2) il 45 511 ipTM 1 Confidence AH .
T Omicron % SARS-CoV-2 BT 455 | X
B Omicron 5 TMPRSS2 541 FH 58 AR T
HPA L, XS SE R4S AT Bartas S
WM RESAH Zo H(Z-DNA/Z-RNA 4545 E 1
BWORE AT, N AF2 TINS5 F B0 Hh )
185 Fhnl €5 Z-DNA/Z-RNA 255 I 7 Z Fh 4 i
R R R EEAMEAE; Yin FPE A
AF2 B Z B4 AlphaFold-Multimer™, Fiii]
T 4000 2 EoR I E B B E SRR
TRURCIRAR (2548, PEAS T P AR DA AR AR A
T AR, X S v SR, B 1l 1 67%
BIZER , JF RS BE T 23%A0 254, T [A] YR
FUm, NIRRT 69%AY 45, I Eks TR
WM 34% K454, X s AR B 5804 1Y & A
T T A EAE NS i . T 00104
R, LI AlphaFold-Multimer A4t A 3%
FunElm ) ik, HA RSN TEEE. Gao ™
TE kT —FhFEF AF2 H A T B MSA 1) 5
%, WA AF2Complex. AR AT DLFu 22 5 {4
EARH EHEYIEMEEAER, JFLEaER o4
Wik 2501 R E], 5k T LR RE . X
B2, AF2 7] DLk 8 11 5 AH B I 45 42
HEA AR E R, 5 BE /R 8 5z ] 4] i
A TAE

AN AF2 i AT DL 48 RSS2 11 5T
SERPBRIE , N A A S S T ]
SEMITEVE N, Wang IR AF2 B0 E9 A
KEA AR TAE AN 4854, i
CAVITY F2 )7 I\ Rt 7 7 (A B SS A7 1
FEHEE T CavitySpace $4##)% . CavitySpace B
JE AT LR 38 2o S 1 % 4 9 i A T B R )
RETI0I AN 254 PR S, BB T — SV 8T
FEARFH i s Ma VOB AL BT HIE
450 0 B 1 BT Y RE PSS Y AT LA P i AF2
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TN (%) 25 A6 A B R LN 2R s A TN 2, B =
U AF2 F0 B LI 2R8I 2R i i i
BT RSE A AR BEAH XY . Varadi
AW 7 T — AP AlphaFold 2 1R 45 44
B8 % -AlphaFold DB, ZE0E RN T KR
B2 (%) 28 11 T 45 1 SO ASE Y | Sy A= W~ it o de
T 5 R PEIR ; Hekkelman 257 FSZ 560 52 1Y
BB /N B, X AlphaFold &
10T 235 4 50 0 o ) B 1 SR B R A T T BB A
#hFE, HEST T AlphaFill 0887 o 28 AEloR
T 995 411 4~ AlphaFold %I 12 029 789 Ik “F%
P ZER, IR T AH G A 35 UE 8 A5 A AT Ak A
16, F& T AlphaFold Zls I RIE R,
5N Rt TR R R L BRI AR X
SE B, AF2 W] DL R RISE ) B 1 T 2
A BSCHRE 2 i AL w3 IO i R R I 2B RN 43 BT
B, AR B A AR A R SR A TR
AF2 [ 5T 25 AR B0 T2 1) B 1T DL 28
AAE E S GBS AR R, R L 0 £ s A
(7% S, 4N, Blaabjerg 25U T —FhF
TR BE 2 > FAF P o o T 28 (1 oA Pk AR 1k
HIRE Y | kA RaSP, RaSP A] AR Aok B AEA
F| 1 s A IA] Py S P AR RN A8 ol PE TR . RaSP
BT NSO AT D2 32 52 36 I 1) 2 1 o 45 R A
BN, WA]LIEZ AF2 TINA S5/ VR A,
HWdgesa Y, SLERARS. Bk, AF2
J RaSP A AUER AL T 5@ K S 45, (I ARAS SC B
FHUA 1 26 1 S Fe e PE T 5 Sun 25RO H Sk —
NETTHT AT A B A2 16 (AAG) Y T
W B B R 22 4%, FR2A Pythia, Pythia |
FH AlphaFold %4 22 119 2 600 J7 4N TiIN£E544)
THE TP A Al RERY HA G 878, /R T Pythia 7K
FARE 5 72 TN 5 T £ 7 2550 1k AN 7 < Cheng 20
T AF2 it T — A FRA AlphaMissense
ZMRIYE AlphaFold fy3Eat FiE47T T 000, FIH
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N R AR AR 5595 2, ko
TN T EBMEIR, AlphaMissense AJ LAX}
JIT A AT BB A FR G R IR S S A TR I, o 89%HY
i AR S IX 43R AT BEBOR EL AT AR R o X S 5] 5
FWT, AF2 A B e JoT 1 1) A 1 B 45 #4) 78 T 2
P A P AR Ak 1T A A AL, A B FIRAGH
MraE A B & 22tk o

AF2 & —Fh T IR AL 2% ) (1 8 B 45 44 1
W73, EAEAS RS W P R T HE R
i AT 5 o AF2 AN AT DA a] 52 A9 85 1 BTl 2
AU SR G B e T LA TG AL
A IS IR A5 R , 76 TR BT ) BE G HE S ]
gEky . SRR R e R R B AR E A
Wy F A AT B 1 B () Bl B S At T
Z ] R AE B R 4% ) AR 43 B RS F 2 1
JoT 35 RE B B S 22 THI B AL i A T TR
AF2 8 R il e 17 AL Ak AR,
o N TR RRTE R0 5% v 2 0 KA P At
TR

3 HAtEFEREHTNNER

A 545 b PO A B 2 4 4y A= o
TRIE 2 ) S8 USRS #45  BR T AlphaFold2
&k, A 4l RoseTTAFold”™  ESMFold™*', Umol (¥
W26 11T -/ A3 T A ) YA RO AR £ B R
SER TR ALY 3 BEASTIRY BE T A [7] F i B 28
¥y, BA MR DL ARG , AR R LA R
P15 45 F4) T A
3.1 RoseTTAFold

RoseTTAFold®? 2% DeepMind Ji k& £ T

JIE 2 > ) B 1 45 R T vk, BB SIS AR A 2 1 R
(R R LR 7 9 A T H: = s e 254 e T =
BRI, A ] (0 B B R0 0 1 . 8 AR
TARPRIK R AR, DT B 5 1 Tl iy v ff e A sk
B e NIV LIV B AR N 1 B i = SO
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ST OGBS A5 R 1) B R B BE ) L REAS TG
T2 1 S R S A

{HJ&, RoseTTAFold {35 71—t [n) fi>
(1) AT 2 50 19 8 0 285 0 B8 1 2 )7 41
b X, A RE TG I 0 A P A s A Y 2R PR
JEH; (2) XA R ESG K ES], ATReik
AT RS R (3) T ISR AT AR A
e, ELATYORTS I SR g E A 18 fee L
3.2 ESMFold

ESMFold™** g — Fift 3 F Wi Il 2k 175 5 455 7
PR 11 T 485 R0 8000 5325, AT LA KB 3 11 BT
B B A T2 ) = 4 2 [A] 254, T AR T AR
T 22 17 51 Lo X sl AR AR Y o ) R RS 13
YRR A BE S AR ESM-2 (435053
150 12, J& B Al K 0 ER 150 75 B POtk
X MSA. ESMFold i Z5H8 Tl RICR e 1 5 %
TR P RIS X T 4] Fr B AP R T 4 v (5 R R
EAHK), ESMFold ATl # B 3T MSA
) 7 e — RO G, ] DL RO IR R AR Y
A i =S (A,

ESMFold {3777 — 26 [a) 5 ; (1) ESMFold
FA) T o 2 5 56 271 R 2 B A O, B Y
T T AR OV PR AR — 457 9] R X DA I
ZER s (2) BRI T 248U AP B 5 =10
SEA TN AE S1 7] AlphaFold2 AH M43 20,
ESMFold i 7 2L iE— 5 Hh gl it A Ak
3.3 Umol

Umol ™V — 35 4 8 o 2% (1% 25 (9 Joi - i
IREEF TR 5%, BT AN U580 B 45
AL EAE T A A BB A A A
IR T = Y2 [ 2548, TN TG ZAT A S5 05
Bo BWAF Evoformer e Ab BRAR T AIBC A K
FRIE, 7RSS PR 00 28 1 -l AR A A )
PIREGE . Umol & X 8K 11 o R C A4 1) S M AU
T BRI, PR T DA 58 4 sh A g i . VR
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TE PoseBusters JE/ESE FiF45 T Umol, Umol F
RoseTTAFold All-Atom (RoseTTAFold )45+
FRA) TR 22 (AN 75 22 L HI R 1 R A A 1
Jp A BT B, Umol (45.3%) 7E i 5 28 (L {4
RMSD<2A) I fii. T RoseTTAFold All-Atom
(42%), HAL T L2 & A g e
i A ) AR 1 BT - e AR 4 1

{HJ2& Umol {1577 1E—2[a] Y (1) Umol 1
U R 1 O AAR R O INRI A A BE A G, X TR
REYBCAR, F00AY 5w AT REAS IERf ; (2) HET
Umol 7£ PoseBusters J& 8 114 B 1 R AT SR T 75
PR CIOE AR Vet ook (S PN S DLW Z )
$ 740 AutoDock Vina; (3) A2 %R
45 PDBbind /2 M 2019 4/ PDB HH&HU, 1M
TEMZ )5, PDB W XARAZ TV 2 85 1 oL - i
REZ AW, X R R AT BESE R .

4 RES5RE

AlphaFold2 1585 TR 2% > & 1 45
P PG RY , 3 3 AR Y DS SR 28 R, SR T
YA B O DR 2 1 S 4 R N, JFAE AR W) 2
LR R Z T HER . (HiE AF2 47
T 0] BT 5 SR AR, X LT RIS
L IF AR A A5G 000 W A 45
PR 2E , A AE GBI T AR R LA Tk R DA
AR Z N5

H AT T3R5 2 IF R YR B A A ) 2 9
A& W AR RS AU T IO A s
Fy, B A D RS R L T TR, i T
WAL APy - 8 A A EAEH Y DeepDTA
DeepCPI, WideDTAP®, AlphaFold2 H.A 5 Ay
AYAYE | JCTFHNERE N R RS, TR T
AlphaFold2 T\ JF A& th Z Rt Ay DU St i £
FITHEE, 4N F3CiE3AY AlphaFold-Multimer##!
AF2Complex* | ColabFold*' il AlphaMissense""!,
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PA M DeepMind ¢4 Isomorphic Labs A AFF % H
AT ASECELHI AR -0 . AT SRR
AHE AR R EcH—1% AlphaFold2: AlphaFold-latest
(https://storage.googleapis.com/deepmind-media/

DeepMind.com/Blog/a-glimpse-of-the-next-genera
tion-of-alphafold/alphafold latest oct2023.pdf).

7E CASP15 HRZEMFINET =44 Yang-server,

UM-TBM #il PEZYFolding #F i@ i ¥ 0 %
AlphaFold2 78N 24T L A5 A O
T Bk i S BURA ALY, X R AR AR

Al

B4R TP MER A 7 18] o BT L, OROR

AlphaFold2 BT % J7 In) AT LA A5 76 A Ak Ao it

2R, 2 S MR Sas T, LASE BT AE

JTRIFRTH AT S RER) 2 04k, S HE AR 2 i 1a]
LS T T T B
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