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Figure 1 Overview of popular massively large Al models
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Table 1 Comparison list of popular massively large artificial intelligence models
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Table 2 Popular biomedical benchmark datasets
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JORINFRF 1] PR 5% 1 . L, Wu AR — AN T
153 R R TT SR B ANHESEME2 Vee, B 56K 7 2 4514
IR RS IRSS BB, B = 2RRE R, RE
FIFHEHREGERF /1, #9188 5l & BEFPRF 8 SEAR IR
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FESEEERS b, Dy 1 AR A PR 0 T o s fs
VR % S AT EHR AU T 224, Rasmy%5 A1
R SORNBOR NGB, AN KRBT 25
5 F A Med-BERT, i 1IN A HEEHR I 25805 4k
HEATHOR TN, RN, HongZe N3 FFghHi \ a4
(knowledge extraction via sparse embedding regression,
KESER)#VE, JFR ARSI R G S HPRFIEIE A 25
W25 53t 3L 2 o R RS AR RN, TR0 B R
PN IR SARFAE, AT R4 22 Ml PR R, HEB) 5
T2 O I EHR B A B FU R,

4  ENIR

LA, AR SCHIT T A BAAE AR R AS K dfs
ARER AR SIL BT AN S ) BRI S OB AU N K
BN, wHEEIE. Jf H, 8 S E s RN KR,
AW ISR AR AUET, RREHERAZ OBORM R AITE ., 8
e S A A, 70— B A B R ) KRR B R
M6, PanGuAll 22 AR 4R BRI fll] R (1), 1E15
BERR. FHE . BEEE . ST REAT LN
R R

4.1 KRR

BRI A, [ AR 2B R R R
A%, LEHES AR AL, KRR R
SRR RBEARIE AR R
B EERIWT.

H—, WAERA SR, EEM. EinMe™),
PanGu'®, fEIESCIRBriVLYY, sl KAl 43 5
WA R F GBI B2 A TBUA BRI EIR . ST M
AR R, R TR ZR, 30E 5.

AT, N TR R T A ABE IR S . IR
21 B EHUR A5 O T2 EERFAE A B Bris EE 2 DL S A
KRR IRED . A, 55 B AR S H B, A

BUGE S AT S e RS AE I R A R AT iz A M
BERE. R RIREARSEE NEEARRTI. P, XL A
A BREE. AU B ARE B A YE R B R IE R
FFBEE T RS B KR LAl

B, NAE IR, mHAT. B, K
TR I BLE X ARE S AR . BURRLE b SO
BIG A B 5 o) K e, e 2K, EARBE . RIS, KAs
BRIV SR 75 B AT S 4E 2 RS R . U Pz SRR
JEUGERAA, X ) BT SRR K.

Rk, KRB 2Rk 2 T A 20 AT
HAEN, A RABEIAT . HURIEAT SRR A R
HOVER RS, AW ss KA R I 2530158 7). [
B, RAIZIRE A AR 5 5 ik 2 A B KW 7,
) AR A A . TR A S,

0=, FIES SO TS RE AT, KRB K
PR TR, TR B a5 P R
ok EEACE R A A S A, — 5 TE e K=
WML ZH, REEK, IREE R, AR
ENA], $EEIEAT b, DR R S R SR i, R
SR AR R S BRI S P 1 g

T, 2T R G T AR A A R R 0 T A
P FEREGRIR Y 25 K, B a0 T8 55 % 58 #4 (Da-
Vinci) AT, 5 T MoE [ /& P GE 4 2 HE 2 IN -
FMoE", DA &% 3 T Transformer 1) 3 A 43 7 135 S Ak
R S WSS EE T SRS
S5 A PSR TH AL RLRE P RN S .

VY, B AT MR SR . [ ) — LRt
F B\ IR %L A S A S e T
SHH AR RIFREAB T, B8 B, fh, &
AP B SR, RR BT AR HE R
N, AREERETR G JE M. SRR I 4 R U AR 5,
SEYLTH )2 W B R B, A5 <R B BB HLES A\ RE
Pl syl [ K E I dAR R thah, BT R
SIRBER ORI SRR, 72RO P EdE EBCE
GRS, SCIUBRAERR . BRFARY S (E
JRAS 2 (T, N T B s .

WL, S BRI, Nz, 20214E 111,
BRIV X 4 22 DR T #2 B (International  Digital
Economy Academy, IDEA)Rt &4 H S #iBs 51
WA, QFEH T BAE S EE R« AR, ik
I8 AT 55 1R XT > LA R THT [ I8 7 40 338 P < 4% o6 > S A
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RO Ho B 13S0 - 1.3B” KA E
WO B AR AR PE N 3 #EFew CLUE B2 0, 7E
CHID(f B =) TNEWS(HT [H 43 2%) % 101 _E K IR
NS A3 HIN R IT-3.5B” KB AL Ry T 5
SN b R B 90%,; 1T B 7. 714351
KT -770M” AR G865 1R 47 1 58 Bk H AR5 5 AR RT3
AT

20224E 11 A LK, B3 ChatGPTHLAY (i B, &
— LURIF FTHLAL AN B fif SR 2 AN KE S R (R,
WEIET . ¥, &, e BTS2 ANA
S,

X RTE 5 B O\ 2R % A 327K (prompt).«
N 584k % 3] (rein-forcement learning from human
feedback, RLHF)LL 5T B 4E5E (chain of thought,
CoT)[I M A SRR, AWiie A2 o) B S
R ™. Hh SOR TR AR @A —
PR HE, ARG ENE S A, fH
ARG E TR SO B TN R Rk ]
FOR, MIREET NE RGBT 2], RS
UF B T A ARG B, JE R R A T AR A
HEF SRR, SOk B A — RYNHEED IR, RS X
ZABERIEAT R, JRE R ENISE R R AL R,
NI 2 e K18 5 AR AL 5 A 1 0 A M .

WEAR, AN A R BT 2 2R SRR B AR

R4 I A AT B0 E EHE S R R

HEFE PP 4E )7 T 755K, HuangZs N7 R H— A K
B S AR A B RE 1P B 4FC-EVAL, L4
S2A R R E OGS B, X GPT-4, ChatGPT,
Claude, LLaMA, Moss“5:9-/™ [E Py #h KAR Y 7E i 3222 )
Wl P REREAT PEAL . S5 R EOR, fEFTH SUE AR
o, A GPT-4 1) S5 HE 2 8 12 60%(968.7%), 1
AR AR v 26 LB I B Mini Max R B UE B R L A 49%,
PR R TH 25 1]

[EE, S8 -0 174 B0 AR A 47 42 il A, ]
WFFEN AT — 5K 44 955 W) (Chat ALL) Y S FH B A
(https://github.com/sunner/ChatALL), =75+ Jefl = fif
BE, FEREAAEYEEN . SHEEEEA, B33
TREFIEZE, DL ZHIMEEED) 5, HARAEM 5115
il APIVj R S5 mlikti s, A /HEShiE S B &
K.

42 BErfF Rk

AR, R E SRS B ARG B RS
NFSERET), BN ESERASARE . LR RIR
Rl R SO 5 B AN R 1 B I B e 4 it
i, ULR I ) A= B 2 ) KT8 5 AR 7T 45 07 T T Je
BARBEK.

B, BRSSPI S AR EE . H AT,
BRI AR LA T AR Mok, 1 0 38 P 37 5 A K A =

Table 4 Summary of important language models recently released in China

EX7 XA BRL A FR KA U 10 4
TCIEE e Chatyuan 2023-02-07 https://www.clueai.cn/
REDN Moss 2023-02-21 https://moss.fastnlp.top/
AR T 2023-03-14 https://www.langboat.com/potal/Mengzi-model
] B =1 2023-03-16 https://yiyan.baidu.com/
EREpNES ChatGLB-6B 2023-03-28 https://github.com/THUDM/chatGLM-6B
Fif L2 T 1A 2023-04-07 https://tongyi.aliyun.com/
360 360%4 i 2023-04-10 https://www.360dmodel.com/
BRI K WO JGAF 2023-05-06 https://xinghuo.xfyun.cn/
- SRR 2023-05-13 https://github.com/pengxiao-song/LaWGPT/
FE/INif Ao R 2023-05-19 https://github.com/Duxiaoman-DI/XuanYuan
KRR L RIFRIC 2023-05-20 https://www.nscc-tj.cn/index/
T EE 2 e S SRR 2023-05-23 https://github.com/thunlp/WebCPM
= 1Lty K AR A 2023-05-24 https://shanhai.unisound.com
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2 NS UMLSE HITE SCEARY, H2 HA TR 19 B 27 S0
5 A B ) R A SRR Y, WA R IR KR
W BRI VIR 220k, R T T =
STARBRVEERNE. BEJE, PO AR
CMeKG'™, CPubMed-KG, OMAHAIEHIH 22 %% %
Giltisk B, A NIRRT T RSO E EAE B A E AR ELL
I BE ALK HE.

55, RS RIS FE v B DI A ST
GLUEHMSuperGLUE%: H 2R 8 5 BRI HE RS, NiE
SRR RE VPSR OE T A HEZE, BORREE T 3L
HARE S BRI ARS ) Z M. ZHEK, Xu
iz NVOHR y— A PUE B ARG S MECLUE. X2 — 4
][] S SCARAE BACER T Si—IRBPET &
Gi, S T a2, A28 DA R KL 2% 1L 59 5
HSCIE AR SS. BEJS, HBIFewCLUE" Tz vk
P CBLUEY®, PMC-Patients"” 25 547 4E.

Hrf, FewCLUE&CLUE#E H 11— b SCNEEA
I VPR AE,  F TP AL TS R AR D REA )
R EARERE I B AAME S PR RE. CBLUEZ R
(R SO {5 AL BRI S v B 4, R 2 SRS
BAEL BEEARIEAREL . BRI, BRI T
BN LR HE . BG5S R R 525144 FAF
2. PMC-Patients ] & — AN K HUARE 5 S5 1) 47 22
R R AZbmESAESE, 8IS MPubMed Central H B %42
B i 2, 9 LA N SCE I metadata f1 32 35 8] 5|
KRN RNBAERRE, JERE16.7 75 5095 i 2.

=, POCTISRE S EARRIE . A H A,
. HHILPCL-MedBERT, MC-BERT, eHealth®”, Hua-
Tuo™"8 LA b L AR W BE S TR 508 S M. Horh,
PCL-MedBERTHIMC-BERT /& 11 53[5 §7 4% ek, 1 it A%
T, TE = 2 A AT P R AN R AR W & TR A
—ANEET 2 BRI R SR S S
B eHealth#% B fECBLUE /I 111 25 ZNLPAE 55,
HFECMeEE(H 3CIE % 44 SRR 1))« CMelE(H 3
P2 2 SCAR SEAR O R AMEL) . CDN(I R AR B br AT
%) STS(EEM MZ LB 2]). QIC(RITHEMR
BB ). QTR(IE YT 1 2% 25 1) il - UL THI b 8 AH 5%
PE). QQR(IZE 7 44 2% 7 1 7] - 2 i) 1 AH o M ) &5 b B 2%
BT PCL-MedBERTAIMC-BERTH:E#!.  eHealth#¥i %!

K RS ARy B T Sk, El AR R ) 9 35 43
SEMLA K, JFEELECTRAZ: A 40 BB AL 4 43 M
tokenflsequence A Z 1T, AMKAAMEE TT I8, fH T4
AURE .

HuaTuo A& R H FFIRLLaM A SE Rl 71
JH i B A SR A AR S CMeK G I 45 R AL FHE 45
TR 5 AR, R 5T EnR 48 228 H.LLQA I
ZI AT RE A, (ERIE B A S I R AU Tk
FIR, TR = 8 e 12 W i Ak S R .

LEAb, % e 7l (intelligent pre-consultation, IPC)
P B s &y b, T RATESE N EEE
BRGHAENA. BT REHEEHRZ R R, A4
A ] T4 TR SR IR A A TR IR, R, Zhang%F
NIRRT I 23R — R R, 2 — R
BRf A7 56 11| 88 7 ) LU Ak 7177 (bi-hardNCE), 5% FI A
RIRIAA L, 075 B e 7R RA I e

IREIARSE R E AN, W EANHT, S EHE E Py o
REVEA ROCHETBR UL EFEAREAR 2RI, H12
H UL BB SEIEARAL DL R Z R, T, &
Y N AE RS S b E S, A BTN LA e R
D AT S R EERIE.

5 BRI

RAR RN 0 e Z RSB . I S) A7 I
TR, BEMSERN. P51 G BN DL S AR
PR AR ORI S5 2 AN D7 T, BEFT N D14
R DU T 50 3 B0 R 7, G A i
Bt 2 R S A R T g I
FOR . BRG], T7 R G R IR, I8
JEAATRAGAL I, (AR BT R RRIENT Z YR 24k,
FEREARATIREE TR ORI, AR My B E
1 5 5 2 TBUH T o AR v e

[FIF, BRI A, DLEARES A, SCARKE
8 A S B AR IR K ABE Y 28 I\ SJAE 255 3 1)
FRMBAT SRR E A R G50, BT A AT
5 TR AMESS TE R IR R 450, HTERC K
B, st ORI AR, JFH, XA E
f£JE % Transformer, MoE(mixture of experts), MMoE
(multi-gate mixture of experts), LA & F-47 7340 i)l 25
TR s 4 03 5 AR AR AL AR R PR A .
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4 %% (Transformer) ;& Google fE20174E 42 H FH T
AR E 5 A0 B — Fh & SO 2 I 4 442, 546403
AP ZE X 2% (convolutional neural network, CNN)FI1/F
R ZE [ 2% (recurrent neural network, RNN)M £ AS[A],
Transformer ™ 2% 45 #4 32 % HEncoder, Decoder A 2 4=
A Attention =4 2 Rk, @ISR HEE IHL
AT NG L, AMUE TR EI2RERE, mH
FIFHEmigrd . [FR, Transformerfd H 2 3k (kiB
AN NR)E E TN, Bk SO M AL, X Fh
2 Sk R I T BN AN [B] D0y AL I X 3845 B,
AJ DLBE 38 s AR AS [R AL B S S IR BRI AR AR TR 51
AEJ.

WER2 AR, AE & N BERTEAY, 4= =0
GPTHERL, &S [ BN DALL-ERE RIS #R2E 3T
Transformer AT DI RESE M H . FEX LA
Transformerdf #3125 T 550380 55 8 0T % A Bl R FIRSE i R
FIFFAT AL BE, R TT AT A F GPUSE #8443 47 R 2 s, 4
RSP,

H #ill, Transformerd R I 7E PO & JEIE A, A M A
B R ME A .

8, M XS, RNHVEE. BTER
ML RESS A R IR CARHIE 2/ E S, A LRtk

CNN [k 57 5 /N T oK e A 240 B R 4 JR SRR IR 11
Rz, DRI H B — B8 3T CNN 5 TransformertH 45 & HIAL
i Transformer i A ViTE, VAN®ZE B T+ HL
o A G AL FR AT, [RIAE, T X Transformer B P A2 20
MR REA R, HI—F2E T RNNAI Transfor-
mer 135 42 IRWKVY, BEAS T kb o 28 0 2 28 K 78 1
SR FIRIB R ) 2200, AT A g~ —fE
AIRESE, IR T i )7 A A PR AR TR T .
Ab, FEBERTH A (1) X A gt 4 5 GPTHL AL [ /e 245 5
W fRTDASAHSS &, W —FiJE T TransformerZ5 4. /5
BIF 7 51 F) 22 8 1 4 T )1 R BARTARR Y 20 i 7y
TR AT A R AR S B A AR ), R IS
FH A 5 2 AT ) 2 i 3 75 1R BioBART /4%
T DO A, PR T AR PR RE. 7E4S M Trans-
formerti Y i, 3+ HyE & /1 HJtoken mixer X 15 Y BT ik
8. {HJE, PoolFormer, MetaFormer&s 5  i@ i {#
FH 187 Bt Ak 35 1 5 A Qattention R B S B B 3 A [ token
mixing DA, 7 LATE 2 MG AL BEAT 55 R I T AR
S [ERE, WLE AT B 8% Visformer 7F ImageNet
Sy REEE T, LT 2E T Transformer A1 3L T 45 R 1A
A, JUH B 2 FERRE I RS BN, A3
BEmEE. BAN, BRI SRS B e Rt
PH, VideoFormer, TextFormerfIBridgeFormeras il %

ChatGPT StyleCLIP
A A
M6 BioBART GPT-3 CLIP
A A A A
BioBERT mBERT BART GPT-2 CogView VAN
\ A A A
RWKV BERT GPT DALL-E ViT
A A A

RNN

Transformer Encoder/Decoder

CNN

i

Bl 2 T Transformer%s 1 1) 5 WAR L /2%

Self-attention based

Figure 2 Model classification diagram based on a Transformer structure
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Table 5 Structural parameters of some massively large artificial intelligence models

RIERL TR BB BERESHE 2RERST ZHEEWR) FERE
CLIP 12 512 8 0.63 Transformer>% Fi /)N 5 {52715 % 4 i (BPE) & 7~
MengZi 12 768 12 1.03 K % =4 i) Transformer
GPT 12 768 12 1.1 KA BRI B = AL RS Transformer
BERT-BASE 12 768 12 1.1 K X0 Transformer
BERT-LARGE 24 1024 16 3.4 K FH XA Transformer
GPT-2 48 1600 32 15 K1 £ J2 ¥ 15) Transformer(F RS i), 22 1E 55 T4k
CogView 48 2560 40 40 X F #.17 Transformer
Megatron-LM 72 3072 32 83 FEF-PyTorch Transformer ] #2515 5 15 7Y
DALL-E 64 3968 62 120 R H A [8] 3 Transformer
T5 48 1024 128 110 1 F b #EEncoder-Decoder Transformerfi 4
CPM-2 24 10240 64 110 BT XA GmAS A%« B [f) AL 2% ¥ Transformer 32 44)
M6 24 1024 16 1000 FH [H 93 Transformer 14 p 2 1 15 W0 45 (FFN) 2H 3%,
CPM-2-MoE 24 10240 64 1980 F T GmA% s« [ ARG 2% Y Transformer 42 44)
FH 2 )2 X7 Transformerm i 25 )5 B DA & 22 Sk E = JIHL ZAES 5 21T RE.

i, BEfS SEAT ORI TS 5 1S, WA AL 2
F45 5 38 1) AT R

52 LFREANEK

L F IR A5 (mixture of experts, MoE) & —F
ZABIRG B — A BT S R A E N L, 2
B K (expert) LA fl, BT SR B — 1 1] B 1) AT 45t
FRZE X 28 FH— AT Y SR 28 F R, FE e — A8
FIT T R TR B KA A kb B N5 dE, I
SCHR[25].

G, SCNNAIRNNEH LA E, MoERE
A5 P 7 B SRS U SRt 2 MR, R &R 1t
BAR MR AL, W 2 RIS B A PSS,
SEMZAES . Z HARES], K N“One Model To
Learn Them All”.

R, I A MoER Y (1) 2% FHAILHI, J& T Trans-
former MoEM 2% 45 #Switch Transformerst& 7Y ] &
B A T 450 2 0 R AN AR TR R e 0 R, DA
MoERE A A BT AL Y — s e i A, ml it — D4
ZARS 2 I AAERACR. Flhn, @i 2R R
FHE. embedding. WIZ&5tt DL B H P X B2
Wik, IRFEAMAGEE N IR — T2 H
PRI AL FIMMOE £ AT 4523 SIHEZERY B T

BEAN, EEXTMOoERE Y HER N B, 3l i e vH BT A
MoE Z2 1) FISE Y e 247 500, Tk it — A o 3] o 1)
MoE Il 4k 5 #: 3 £ 4iDeepSpeed MoE"", H rf1Pyra-
mid-MoE# i 75 1% )2 % & /b Sexperts, 1M7L= H
 Zexperts, L PyramidIR KD SH5m. IR,
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53  ERIIgGHESR
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Table 6 Key frameworks for massively large model training
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Table 7 Key technologies for model optimization
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Recent years have witnessed rapid advancements in massively large artificial intelligence (Al) models based on natural language
processing and video image analysis. In order to meet the requirements of relevant application fields, the universal pretraining model
is developed by the efficient collaboration and deep integration of big data, large-scale computing power, and complex algorithms.
The model demonstrates adaptability to a wide range of downstream tasks. In addition, the massively large model presents
considerable opportunities for advancing the quality of medical Al development. Therefore, this paper comprehensively analyzes the
progress of massively large models within domestic and international contexts in recent years, with an emphasis on their key
technologies and algorithmic framework. Meanwhile, the developmental characteristics of a series of standard datasets and
pretraining models in the biomedical field have been presented in detail. Incorporating our team’s practical experience in medical Al
research and development, we undertake a comprehensive analysis of the application requirements, our solutions and experiences
related to the construction of massively large models in the medical field and persistently promote innovation and development within
the realm of large-scale medical models.

medicine, artificial intelligence, massively large model, natural language processing, medical image analysis
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