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Application and prospects of large models in materials science
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ABSTRACT Representative large models and their related applications, such as Bidirectional encoder representations from
transformers (BERT), Generative pretrained transformer (GPT), Segment anything model (SAM), ChatGPT, DALL-E, Wenxin, and
Pangu, have made astounding strides and exerted considerable influence across various fields domestically and abroad. They constantly
attract the attention and follow-up of diverse societal sectors, including enterprises, universities, and research institutions. Large model

applications have been successfully applied in scenarios such as biology, medicine, law, and social governance. Designing, modifying,
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and constructing domain-specific large models are crucial for truly harnessing their application value. Therefore, this paper provides
inspiration for the application of large models in materials science. First, it provides an overview of large models, introducing their basic
concepts, developmental process, technical classification, and features. Second, from the perspectives of the general domain and specific
large models, this paper summarizes the applications of large models and analyzes the application scenarios and functions of various
types of large models. Subsequently, considering the specific needs and current state of research in the field of materials science, this
paper reviews the application of large language models, large visual models, and large multimodal models. It integrates engineering
strategies and zero-shot knowledge transfer learning from specific tasks in natural language processing and computer vision and
referencing typical application cases, clarifying current research paradigms and limiting factors for applying large models to materials
science. To verify the effectiveness and potential of the visual large model, basal experiments of image segmentation and key structure
extraction are performed on the microscopic image data of four types of materials using improved SAM, including Ni-superalloy,
superalloy, polycrystalline pure iron grain, and Inconel 939. The experimental results reveal that the zero-shot segmentation capability of
SAM has enormous potential for accurate and efficient representation of material microstructures. With the help of tailored prompt
engineering, precise masks of the precipitated phase, grain boundaries, and cracks can be outputted without any label. Finally, this paper
proposes future research opportunities for technologies and methods related to large models in materials science. This paper assesses the
feasibility and technical challenges for the development and tuning of unimodal to comprehensive multimodal large models. With
continuous innovations and collaborations, the horizon for large models in materials science seems boundlessly promising. The
integration of these models can produce a new era of advanced research, leading to advancements that were previously considered
unattainable. The symbiosis between materials science and large models can pave the way for unforeseen discoveries, enriching our
scientific prowess.

KEY WORDS large models; deep learning; ChatGPT; SAM; materials science; multi-modality
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Fig.1 Development of artificial intelligence: from machine learning to large models
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Table 1 Representative works on large models

Model Release date Provider Modality Parameters/billion Ref
GPT-1 2018.06 Open Al NLP 1.17 [30]
BERT 2018.10 Google NLP 34 [29]
GPT-2 2019.02 Open Al NLP 15 [41]
XLNet 2019.06 Google NLP 34 [31]
T5 2019.10 Google NLP 110 [15]
GPT-3 2020.05 Open Al NLP 1750 [35]
DALL-E 2021.02 Open Al Multi-modal 120 [10]
PALM 2022.04 Google NLP 5400 [42]
DALL-E 2 2022.04 Open Al Multi-modal 35 [43]
MOSS 2023.02 FDU NLP 160 —
LLaMA 2023.02 Meta Al NLP 650 [44]
GPT-4 2023.03 Open Al Multi-modal 18000 [38]
SAM 2023.04 Meta Al Ccv 10 [36]
DINOv2 2023.04 Meta Al Ccv 11 [34]
PALM2 2023.05 Google Multi-modal 3400 [45]
LLaMA2 2023.07 Meta Al NLP 700 [46]
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P Z 0] 1 i X 5%, DA B R A B AT
FARHERTAT AR R B S, TR
TR, BHEARRMG 2 FREA Birfa , FHA
T oV SEAT 55 A Ak ploE S H KR B e AR BT 55
J71fi, DALL-E I H 2.5 {2 A B SO A7 1 25,
2SR I8 25 28 1) SCASH 318 Az ORI 1) AR s
b — 4, HAR AL R AY DALL-E 2 it — 4k 7 4 1%
BRI T, BER8 7™ A I ) L 50 5 RN 425 1) 55 JXUA 1Y)
EIE, B4 R 0 53 B 58 08 35 200 A MUAS 1Y
k2 Z, |H A1) AL K T HAEZ b, %1t
ST R SR FU S e AN, R T 2R I A A
AU 3, Zhang 5507 £ th T — b 9 K R AR AU (1)
Fems, AT DIMESE A PR . AR OIS, FIH CLIP
AT SCAKT 2 2] | DINO #EA TR 2%~ . GPT-3
HEAT SCAHE il 2 > DL S DALL-E #47 BMG A= i 27

2, FFH A PO A I 25 ) B S A S B R AT
HR AR 5 Rl A, T2 B CaFo(Cascade of foundation
models) KLY IEFE/INEAR 73 AT 55 L U e
E I HATF UL A2, YT AR 2 2R KT
EFERLSBOR D | B X 55 Mk . 7 5k L s 55
[ . ] 5 A%, FEAE BT Blae RBP4k
IR E Z RSBz K AAEN S, 24
A HH R B8 AR it e 7 52

2 KEBR N A

55 H AR B 27 2] 5 R A H, RO A i B o
K BT B RE AR RE A R B (W T, KA A
FEA A GUEEAR T 51 A8 B 0 iSt, i3k 2 FR,
XoF ST R R 2 QU P T Y AL AE SCOAS | B A
KRR AR 2 5 A L
2.1 BRI KRB B
211 i F KA : ChatGPT

ChatGPT J& A GPT3.5 18 5 K A b LAk i,
PR I 2 GPT-3.5 (B ARKRAE, BB 4% 530 1A 7]
B Y 2 5 X AT FH Y L RS — o R AR
AR N [R)F 22 10 0 % s AL A N H SR AR
PSS R IE H IR S, ChatGPT A LRI (131
SC A, KB — 5 T s R B AR B S /i s
[m) ()15 S TR) B g ARBE A 22 2] IR 5 P 258 X
WEE R, B R A R B P R, A Bh A R
BT 5, 3 2 45 A © 2 45 19 i R
FLARXHE ST, 35 W [0 & SCA (17 45 4> 30, I
A R B LA SCA, DSR2 2 A | 22 G5 1 o
e 7, Jie 0 o R L A P A L HEFR SR | LA
WA KN IA. IE & ChatGPT 1Y 33k Fh 5 Pk 1 78
T AATRHE G I KA & 3E B lnl” “ 1212 T
RTINS, TFIAXT ChatGPT B % g AWLAE H.3 5
BT,

OpenAl F K /> #i ChatGPT (k5 ¥ 407, 24 /i
X} ChatGPT KA1t FR A RIFEA R JE T4 T Chat-
GPT & i I # #% £ A 4195 19 InstructGPT' Y, % T.
YEBEAL Sy ChatGPT 1Y “Ib ok T-AE”. H Y, 7 i
AN GPT-3.5 i 7% KA AU 3| ChatGPT AYIEA: 4
D3 T WA B RS AL A (1) R 3C2% 2 (In-con-
text learning, ICL) . 7£ GPT-3.5 # B4 (¥ i)l 2k rh, 4 Ry
— 61 B 9 FBAE 2R B9 T 2% 2 (Meta learning) J7 7%,
ICL w] DAX B 22 () 1N SCfF B HEAT AR fff D e
TEAT S5, AT DU &5 45 Bl AT 55 RO, ik ] DL
U b [0 X TR R AR DR AR 1 24 2 3 5 FE ICL W)
HHFF, GPT-3.5 RANBLIRIICT X NLP A 55 # A 74T:
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Table 2 Representative application of large model
Application Release date Provider Domain Website
Pangu-Weather 2021.04 HUAWEI Weather https://github.com/198808xc/Pangu-Weather
ChatGPT 2022.11 OpenAl Chatbot https://chat.openai.com/
Bard 2023.02 Google Chatbot https://bard.google.com/
NewBing 2023.02 Microsoft Chatbot https://www.bing.com/
ERNIE Bot 2023.03 Baidu Chatbot https://yiyan.baidu.com/
Tongyi Qianwen 2023.04 Alibaba Chatbot https://qianwen.aliyun.com/
Pangu 2023.04 HUAWEI Versatile https://www.huaweicloud.com/product/pangu.html
Xinghuo 2023.06 iIFLYTEK Chatbot https://xinghuo.xfyun.cn/
Wudao3.0 2023.06 BAAI Versatile https://www.baai.ac.cn/
360 ZhiNao 2023.06 360 Versatile https://ai.360.cn/
Zidong Taichu 2023.06 CAS Versatile http://taichu.ia.ac.cn/
Med-PALM M 2023.07 Google Medicine https://sites.research.google/med-palm/
Bai Yulan 2023.07 SJITU Chemistry http://www.baiyulan.org.cn/
TransGPT 2023.07 BITU Transportation https://github.com/DUOMO/TransGPT
Hunyuan 2023.08 Tencent Chatbot https://hunyuan.tencent.com/
Xinghuo v2 2023.08 iFLYTEK Versatile https://xinghuo.xfyun.cn/

TN 2R AN, 3 AT DA AR 4 i 8508, #E SCH AR
B 4 5 45 T 2 5L A B RN 2 R R A A 5
FAHPEAS TR, (2) 5T ARy
2# >J (Reinforcement learning from human feedback,
RLHF). 3 1k 7% 2] (RL) 7EJiiE k12, 421 P 104
SO S T — P RSOR 32 AR R R fig
A 55 BR800 AN iy 28 B v e KAk g 3R LAY 2 Jil
XTI T KA, T B0 H AR B 25 64T I 3R
W ASF A A e . e 5 Ml 2R % ChatGPT
A LB N2, 0 FH 905 58 SC Y RI DU 4 i L
W, W TP B A 0 A i N 2 A A il H: B 5, TR
W T TN 2 — A 22 Jalh pR AR, AR 835 40 N AR TE Y
B, 25 X T AR BN 25 08 TR, DT 8 i
Ak 2 1 Ak
2.1.2  MH KA . Segment anything model
SAM(Segment anything model) 4 71 8 #L i 5
ST 38 R 53 B0 58 AR I 1E7E B R
A5 R 7 FH B 19 F 58 48 K AU, Meta AT 2023 4F
4 JOSFF T iZ B BOR 405, aniEl 2 B, - 44
T #7543 %] (Promptable segmentation) 1 K14 43 %
AT 55 B 592 55 555 I 1) 43 A 780 R — o 5 4 i
R 51 SAM it R Bl B 70 T 1l b 1 R
Bl (P A0 WINZRTE , FEAE a7 i iy S 8 1 A
PR TRMMWESSIA, BB LI LG A W%

TR, IF HAM B 5 K A B REAS 2 Bl RE g . 58
Lt O | Y s A TR i R o L N 2
1155, IF R HARBETAE A 73 JIRE Ty, X 4258 i R
SEHURE HERT AR . i AE AR R R . SAM
FEET —Fh 22 5 o FE S0, T sk
8, 38 o P F R (AN — A B2 A~ 05 HE) Bl
Bk A B AR s, A8 RO 2R A AR Y B AT A
A BEMG 5T H. 58 — WK, A1 T HIN RAFAE B,
M, SAM £ H sl A i I 2 =A% 4 AL A 304y
FIZER S8 T Hm KN EFEASRIG 5 H
Ko F I, SAM RE 8 70 AN FEA7 8 4 U 2 (1915 Ol
T, X R D ask 248 B B 0 G ORFE RS 10 43 FI PR RE, A
15 P AT DA 5 3 I R A 0 52 X 8
22 EHETEKERHE A
22.1  SAM FE A GE Ak Y #5  H

TETF R AL E S, 3L F SAM R R T AR
AW P= A DA 56 AR AS TR 45 o 1038 R, 3
A TAERALETT T SAM TEAS A 5 43 #0455 . #
P4 EACR IS ) e R 5 AT RE ) ek g ). AR
F LA SAM TE & 22 KR 4 5 K dn b B8 55
OO 3 JE PG 4y ) 7V AN ) G503k A TP ) R A
{0 LAY T A,

P 27 G o E 2 LIS v AR E 2 Y 4
B BB = e o A S A A O AR R


https://github.com/198808xc/Pangu-Weather
https://github.com/198808xc/Pangu-Weather
https://github.com/198808xc/Pangu-Weather
https://chat.openai.com/
https://bard.google.com/
https://www.bing.com/
https://yiyan.baidu.com/
https://qianwen.aliyun.com/
https://www.huaweicloud.com/product/pangu.html
https://xinghuo.xfyun.cn/
https://www.baai.ac.cn/
https://ai.360.cn/
http://taichu.ia.ac.cn/
https://sites.research.google/med-palm/
https://sites.research.google/med-palm/
https://sites.research.google/med-palm/
http://www.baiyulan.org.cn/
https://github.com/DUOMO/TransGPT
https://hunyuan.tencent.com/
https://xinghuo.xfyun.cn/
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—» Mask 1
ViT encoder —> Mask decoder —
—>» Mask 2
Prompt encoder
Input image T T T T
T T F» Mask3
CNN Point Box
Mask  Text
Word embedding —>

B2 SAM g5k
Fig.2 Schematic of the SAM

2G5y FIAE 55 v, BERVES 2 Oy e A St H AR
b DX S5l 1 B 45 0 B4 I 25 R, DA BTS2
W o3 A7 SR e R TR . BB R T IR 2 =
22 MG 4 F0 07 1k R g, L HE o B R0 5 AR AH X T
B8R TER#ES . (HHRE TSR 2™
#% o Transformer %) J5 32 8 H BE &1 X 45 52 AT 55, Bk
Z X HAAE S5 iz e ). FE LI 52T, SAM 94
R AL T —FhaE 0 o FIRERR R DY SR B T R A
BMER o FAE 55 Of 45 2 2w g R 5 ekt KA
F& = AR (1) SAM Bl Bids i TAE. B2 22 BG bn
T EEI M R & A 2 R I [H], T SAM
PRAL TR | PEER AR T K SR EE A R
PR . — 2 P T8 SAM 2 ik 4278, SAM
AR B R PR G ZRA A
A AR R IT o B 2SRRI BT 4, F P AR H
Pk If- SR AT 18 el WP 5 AR AT DR SR Bl AR
T T4, (2) SAM 5 HoAh 2 FIBE A P [F]. SAM
BAMRERRERARGH Z AR T, 5T
E AR P T DA Gl A TR SR SE 58 7 ik, S SAM
PEALXT G2 B FAE B IR 5 LA, SAM iR BB S Sl L
% A W BB TR N 5 B A B 1 53 B R
DI BAS ™ 7 bR v B 4, 8 L L 4 s 28 48 i
Ja #EAT AN LR, (3) R AT 55 W1 SAM 1Y Fil
I RAR AL 28 30 i B804l 42 I 2, (H7E 45 W4T 55
SO B B R BUL A R T AT DLaE i fl ] b =
FEEAT 55 B AR T B, SO TN 2R A, fff SAM
PREFE A A 53 F B8 7 0% 7] I % 4 o el ) =
AR BIRCR T A R RS 45 R AR, BRI
BorEUE S b, Fah 4 TR R 17 43 1 2
R T4 B, Bl SAM 7EMH A S 556 iR
(Y 0T RE S 2 P AL R, H SAM 7E 43 #1 30
L5 U B A B B0 A DR T AR RAF, {HAE

B TR 01 G S 78 A2 X35 T AT A7 PR X

K 20 A B8 43 1 ) B 2 A2 31 H 06 T Y 4
B, 0T A0 A 0 A3 R RACR RS A AT i R M A
B AR 7 ). Ke SR 2 T HQ-SAM 5 ik,
FEJR SAM B FLAh b VR I T — J2 A7 9 S 25
AL AR SEER ST, B & T SAM
XA 2B . 22Xk H A 0 o BIRCR, IF HAE
ol o 7 o, HQ-SAM %% 2] £ 1Y token 1 MLP )2
AN o UL R B A B bR e 22, R T TR
J& SAM ¢ HEME i8IS 1Y [l 8, 2T T SAM 7E BT 5K
P B BRI RAUIER T SAM
FETJ7 = 8 b B0 2 i R0R AT B by i A
A5 FVROCR T HL AR U B ARSI 2R A B A A
UG 38 i A A 0 5 VR i — 2 5 I (5 15 el sk
TR A e 7 487 B0 4R 1 SR R 6 4 1 o
N K e

SAM 7 H Ath 5 43 1 45 35 [5) BE A A 18 1
L. Chen 5517 )\ SAM 478 TRAT 55 Hh &, 40 #r
SRR B 5 3 RS o HUE 55 AR A I
T $E R AR AR, S SAM HRAE T R 47 %
B4R, ITTHR T T SAM A5 1 75 32 Ja% [ 45 52 451 43
FE S Ry Be 7. % TAETE K i TR 3 B
AT TS5, JFIEMTESS T A b iR gL T, SAM
I X KA B . 2 H AR B BHEAT v LLARRRAR &5 1)
53 HWKE BE . Wang S5V 75 75 B B AT SR8, otk
REARAEFE UGN . B & 2400, J& F R
By BT 55, 2% TAESFAE KR 75 i 15, 5575
KA 25 0 P 4 X SAM g7 30, &5 S A0 X T
SAM 7 B R A VR B 2% ) J7 AR A R, B
A T 25 0] 3% TAEIEB T SAM 78 75 W 1l 1% 3
SR R 7, A ARG B ROk 37 R R
Bor TSR T A MEN S5
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g5 Lk, M KA A SAM FH A1 T 5 43 )
U AR BB, TEZ RN A R b R B
KA. K TAEUEH] SAM 7EAS [7] 455k 1y K144
Gy EE S A RAF Iz A, o A MR T
IR 53 FIE N 0 S5 S880R o 5080 4R b 385 73 B 4T 55
PRAL TR A i e SR B RAEA A A B4 B AR
GRS AEAE T AT, I HEE X U AT 55 Hh £ dis
/NIRRT RGO | 458 L R iR
i e s iR, AR RE S i — 2042+ SAM YRR
222 HABRAERL) H]

2023 4E 7 H 5 H, {Nature )7E £k & £ Hh E1E N
N A S W S KA (Pangu-Weather) F T4 U
Ak R AT, B2 T O b R R E JE 5
TR = 4 R B i 28 0 2%, R R b sk o o A7 Il 22
Il B2 s %of o7 0 R AR R e ULy KR R AE I
S BT T R B R B, 45 1979—2017
AF () ERA-S B8 A1 2017—2021 4F /) TIGGE #4 5
Blm. 58 s, Bl REBLARLBE 48 iE 47 1. 3.
6 Fl 24 h i 4 BR R S FUHiR . X T F- 43 B B0 1Y
UE, B RBHTE A 09 AR & b, YU T L
>k B BRI H 39 A 4R A0 (European centre for me-
dium-range weather forecasts, ECMWF) 5 &f {1 4% #ff
T, I B Dy R R N T AR s R AR X Y B AR
ECMWEF b 28 T AN TARER M R 4, 4 Pangu-
Weather #5255 A 2 SEFR A FilH TAEH.

722 38 I, A6 0t 2238 R B 2 R &
A1 P O R AT R R A 22l KA Y TransGPT
L, o RBLS T 2 BRI A, BR68 SC LS ETE
SLTIN B Re BT A ERSE MRk 5 . 28 HL
Wit Sl EEHE . PrEE L A RS A
AT H S B B R G5 Thie, BU TR E AL
AT & SE PR (E. TransGPT B9 1 2k 804 +2
B4 5 PO 2R s A G A I o R U 4R (IR
Xof ik XY S e 91T R KR s 4 S T RLHF A Y
SO B , b s, fete il s
W,OMIE B R BRI AR TR AR K. A
5730 A5 iz oy AR iR 5 & 8, JF B g hg L
R B, 7 4R R 1Y A W H 3 b v bl

TE B 5 G, T i 1 5 4 2 RS &l
BEAE BRI A BN R AEER W Lo & R L
AN TR SR AR Y T 2 Rt 1 B S 5 5K
1 — %€ B9 B4 3 Al . Huang 251V &1 XA IF 19 B2 97
IR i = A3 300 B e DA B 155040 3K 3 7 i oY
SOV 0 IR, A48 1 T 1) s B R S B 140 e —
T RB R 22 R A W 4 A A iR i K &

b B A= 3 1) g PR UG B K SOR TS, Wi T —
B4 208414 X ik B QRN H SR TE 5 138 18U
£E OpenPath, F-#& ) T 2 R —SCARKRAE X 55 14
T 25 5K W PLIP 43 il 7655 B KR A 3 KT
WA 55 N2tk o3 AR ERAT: 55 B IS 1 AR ECE
TN 2545 7R B8 4 (R PR RE . b4, BE T PLIP Fl il 25
FEWE, IF R T AR Bk R R Ge, P AT LLE
PTG il A R 1 7 AR BB AR L )9 1 Rk 3% T
Y B2 T 1 R0 PR 40 2 AR 8 B R
X, [R) B 7R B2 7 BG40 36 iE T R A 4 =
B TF A B L F R OB B (Y mT APk 5 A Rk
4 W2y Al B9 DeepMind HTBA 32 1 T 281385 4 il
A AW B A R AR UO S AR T A A Y AL
IR . SCA 21 22 55 2 B 5 F A7 KB i
T BB SRR, M EB 1 2R A ey I A
e MultiMedBench, %% 45 [ 77 [1] 25 | 4 A B4 i B
9o I3 A L PR 2 AR SR A I A AT 55 % AT A RS T3
FH AR5 fY) PalM KA RLED, B & T Med-PalM M 3l
AW BT KLY, S B A 1) 24 AT 55
LTS O = IRV B W K R A IV O 4 Ny s S 1
Gh, B T X F A BRI RS B
22 20 TR SR A 0 5 R 22 497

3 AREEMBRMERIEAIRSIIE

DRAGE TR 1) 137 FH 45 SRR (B 3Bk T B 1 T 3
BT A T KM RUAS By (i H AR i, HL
7 HL o A 5 Y TR SRE 5 45 45 A D 4 ST
FSE A SR H RS A = L. A SE s AR 2R
B BB RL 2 SR KB R TR, TG M
BB P AT 55 st L B R AL L R R R
SETTH, 0 O AR B SY 080R R B PRI
RAGETITERPRLRE 7 o B S IS8 A A (1) Bk
F R A SRS IZ . KRR AR R Y
—AEE T A Bl 3 BORIHZ 4 SCHR P e s fE
BB YNGR, B 58N B3RT LOKE FEN ] T
i SCHER B, DR R S AR L A T R
REPPAN S5 GRS B X AT T WF 9 N B R
BRI 1], A B T A S B A A A RS 5, Db
BHROHEMEE Z 2% E 8. (2) bR RERI 5
DAl KALESa] LUK B A 19 52 56 25000 far AR 2 it
FTUNGR, 22 BB B 454 2 [ (4 G BB, DA T
IS A4 RL B PR RE . X AR T A BT IE A R R
LR, ol AR R R A BAS , I HE SRR R
BAIT %, (3) A4k & BE. B 58 N B3 onl Lk it
R RE I RAT 55, MR A Bl 2R R A R P TR
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(19387 A1 R 5 48 . 3 R R T A BN O SR A RL L A
iR T AR N R B, A AR Sl A R S Y 5w
HETE . (4) MR RN B 5 0 A8 . RO RS AT LA
A BESCAAF B, 8 AT DL 2k 4 A SCER R OC R
5 5L A R S SRR R, 48 R AR Z TR
CHR AN V. X A B T 5RO b B A R R A 4
BWHITRIE R,

A B AR A4 R RE 27 G088 1Y I FH 1 J7 2% oKk 3L,
I 375 3 B A A A B S R A )
L3580 SR 18 R bt RS T R e s K ) 22 B 2 FH R
RV e
3.1 MERZEGUEHIES KEE

A RERE 2 = — A 22 4 oy 0 3R HL 45 S A
OGRS W 1Y 25 A Mk 2E BV T i R S SO
F5E AR B AR S B R R, 3 S R A Al
AR A BB At Y A oY R B Fl T 4 R
5 KA BERT 7R 45 SR L )% OCHR 7326
A5 IS T 05 W RS, bR 2 41 ek
T BERT &2 i 48l 5 KA AUt B A 35 1) BERT
BT VAR, IR AT oK £ AR R R 18 S I I Sk
ZIRTERAR AL S TR0, 458 HARTE S AL
PREE AR, A AR 22 400k £ FH 18 5 KA.

Trewartha 55 U2V 44 X0 ] < 50 1 10 12 bl 28 ) 2%
(Bidirectional long short-term memory, BiLSTM) #
A5 =R AR R 22 R BERT (A 38
W) . SciBERT(HA — R A1) B Hil MatBERT
(EA AR 210 JE 4T Fe . S50 25 2 4 =) i 1,
MatBERT L& 32 8 i, R & HoA 8 20 KR}
SRR TS R RS 7 MR 2 A AT 55 Hh 3R
PR GF, % b BERT SE M 4. % MatBERT i ]
TR B BT 55 vh, Hm B s i a5 Rl LA
R4 b B R A RERE 27 SCHR AR 1R B I A0 . Gupta
L B R R A N NI e Sy e
AT R A5 R R R U gRe AT R B
B2 A BERL 22 LA R E R T 5, iR
FFIFUR T MatSciBERT # 2, e F B g () BERT i
BRI 7R R 22 R AT PE IR B RERE A SCRR
B E AT ISR, TEar 4 SRR E R 2B
PR =AFEAES L, BUS TR TR22 0
IR AR SCIBERT B 5 f4) HE T 5

T LG, TEAMOBL R L A A U S5 4
IR, 5 iR £F (Descriptor) 1E A A% 3¢ BUHE R 1E 19 25 44
AEIHE , X7 35 T2 2 19 5 3k S R DG E L el JA
5o 40l R PR S 08 SCAS AR B 4R BB o B O
A5 B E R Y 1R AT — AR B G Y [

LI, 38 08 A 44 SEAR R B9 75 1 BEA T 1A 75
(4 B, 25 T BERT (1% 4% Ff K3 5 1 B 0 4 1% AT
551 O 75 R T I E A 2T R ok A IR 5
SR IVNPNE P S 0 S S /AT LR TN
ST B XA B B IR TE AL BT 55 DN A
MatSci-NLP?l, TEAIFAR T AR iy 3 28357
REBRAT 55, A4 : (1) iy 44 SEAR RO AR BB 27 3C
ARG R ORRT | B IESE CHEE B (2) %
RN PA AR Z H B2 R ) B)F
2R (B R BB 22 R i A 2 805 S 50U
) (4) Bk o 28 (FIBI R Beik Je 15 Ji T 5 Mkt
BERL2 20 73 AU 5 (5) & RSl VR R GRAIAT R
7 A Bl VR B B2 I IR e BE A R A e
i) 5 (6) 41 73 28 CHI W oA 1) 1 19 AH 56 S 3 5
525 (7) MBS (BRER 2 SR G v A ) v
e UMY BOFE AT, I £ 92 56 1o 7 14 SO o 1000 5 35
FERE ) . MatSci-NLP il i = 5t 2 HL2S 1 m] Y
FEREBE 2 SCA Kt , IF45 6 A AR TH 5 AL BT 55 10
LR REAE AT BT L A A PP T S
PR TET i) A4 ORE Rk 27 BT I e 1 5 R T, AT A
KRN BH 5 22 R 1 B BT S AR B
TF v, SN B M R T T T R R X R Al A3
F7 0 . PR RE SR T4 S B 1R Y 52 0, By 0 3 AR
AWt S AR,
32 MRRFTEARKRERNNA

A A Gl P 5 10 Ak 35 A A i ) 2 A
) B 0 S A 4R UL BRI R A AR BE S VLR
7B PN A5 R R4 SRR 5 2 6] 0 A, S B
PSS F 5 72 WA BE A SCHK 5C R — B RHRL
AT E T B A S S R E AR Y
HEAC, AFRIZE AN RIS B9 bR i el 1A R K
S LTGRO R TS, N o | e 28 £ U el o
(Y 5% HE 1 25 S5 A R AR AR AR 7 8 A R A
1, B2 NTHARR EWN Z 0. 4k, T
DRI =7~ 53 HLL S8 HOAR i PRde K g, BiF 5 A
SUER X AR UER B A R A5 K ) — R AR
TiEOR AR DL BB A 5 L D R T X S
5, BEAF BRI B fel AT

L 9 AR S S X b ek A ol 1 0 R R A
Y, B — 88 T 22 i I ] DR 2 1 Tt ok
TSR MG, (ol FH R MUKt £ et ST AR B R R e A
(1 A0 5 T I 2 ASE R0 LA S B0 A 4% RS 1 43 1. Stue-
kner ZE0 B TR BUIEHSR LB E R Micro-
Net L5 ZMATF LAV RS T 54 FibAHY 110861
SRR, 5K R 9 73 B RO 1048x741 R 3%,
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KT ARG 5 KR 43 S5 4 TmageNet 1Y 469x
387 1R Z . F T BLECE 45 FUAR B 0 U 6 o, 1T
T ARk S e PG 2] A R 1) TN 2 O s I A 2 Tl
R R Y AN oA O S (T [P U w2 A= s I % 11|
Sk 1) G i 2 1 R T U R 43 BT 55 P B R AR 42
PEPEATWOUE , 764045 U-Net, DeepLabV3+%5 35 FH
28 28 B A [ OIS R A DI 5 R Y,
AH F7E 8 AU 5 TmageNet [ (19 I 25—k 25
W, 207 R B B AL A AR T, AE S Ik
B Bt AS [ 19 B A5 2% 1 R R O b, B 2 A Sl
GRBHE AN — B, R R T R L A,
FE AN FH B 5K b 0 R SR T ORI 2Rt 280
MicroNet £ 45 42 T 11| 25 i 155 7 AT SR B i i1 o it 48
e H 58 4 ] T8 43 J0 45 S L TAE M A 1) 2% 48
RISk CNN 2248, AL TE R 2 R e &R, IR A
K VIT B2 ] KFE B 25 M) G R . Alrfou 46
TEZ TAER B Al g 7 i — D IE AR R .
J6, WL BIAY B CNN 2244 #0722 ) CNN+VIT 2244,
I 25 By B 45 AL BT Swin transformer Bt 3 [H]
2 )RR R AR, R R R A3 B B T el ) 2%
[FVE R W0 46 2 5 4 04 25 B 0 1 R RRAE 1 4T R BE
fill A, [ B Swin transformer [ 28 Sl A S %) 4R i
i 2%, 3 Fh ¥ CNN I VAT [R5 FHZE RS R 22 5] | T
5 By Bt B 3R W RE 08 A5 5 45 & 4% A 4% 2 > [l
AL BB g AR, R UE T A Swin
transformer [ 45 f) 55 U 76 44 38 1 B HE 46 Th (A9 1O
sk A RE G EMR) BE 02 B B 4 Y o B OR, HLAE
DAL 2 AR A I A i S5 AT, A R ORG B
1) 53 E 45

SR T 3 9 A 34w A% e 00 A I A
T B — 25 ORI G A BE Ik B BGE o F AL
M2 SAM A HE R RIS 45 4l A2 4 1 . KA Al
AT B $ 7R TR S M N FH BB B i AR A )
B2 Gk & B, KA B Y A b R R 2 4 Y
o FH A3 F 1 5 A R AL F e A5 By B, 5 4
B R e 2 AR L AT R B A (DR R
3CL B BRI R 5 AR A5 O R
(2) 18 75 AR B BIF 55 41 DX A 57 BN 5E 35 (3) 44
BB 22 U A T GBI SR B = 5 (4) MBHRL
ST S L HE AT 55 B4 i I 2 o 1 A fl 4. S
ANE R e B A B A S AR, IRBUR A AR, A
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