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Abstract

Abstract

With the advent of new high-resolution telescopes and a series of sky surveys,
the field of astronomy has seen an unprecedented surge in data. The continuous emer-
gence of astronomical data has promoted the rapid increase in the astronomical liter-
ature, which is an indispensable resource for researchers to carry out new research.
However, currently, there is a low level of correlation between astronomical data and
literature, which poses significant challenges for astronomers in gathering relevant ce-
lestial information. Astronomical knowledge entities such as celestial object identifiers
and telescope names serve as crucial links between astronomical data and literature, and
they are fundamental elements for achieving the correlation and retrieval between astro-
nomical data and literature. Accurately and quickly extracting astronomical knowledge
entities is of great significance to astronomical research. Traditional knowledge entity
extraction method have many limitations when dealing with large-scale and complex as-
tronomical literature. The recent emergence of large language models has brought new
opportunities to complex natural language processing tasks in various fields. Facing
the complex and diverse entities in astronomical literature, this thesis explores how to
leverage large language models to overcome the challenges faced by traditional extrac-
tion methods and more effectively complete the task of astronomical knowledge entity
extraction from literature, in order to achieve a rapid association and integration between

astronomical data and literature. The main contributions of this thesis are as follows:

Design and application of prompt-KEE prompting strategy. This thesis pro-
poses a novel prompting strategy called Prompt-KEE, which consists of five prompting
elements: Task Description, Entity Definition, Task Emphasis, Task Examples, and
Second Conversation. These elements are designed to guide large language models in
performing astronomical knowledge entity extraction tasks more effectively. This strat-
egy, through meticulous prompt design, activates the latent capabilities of large lan-
guage models in the field of astronomy, reducing the reliance on large-scale annotated

data and thus accelerating entity extraction tasks.

Research on knowledge entity extraction in astronomy literature based on
large language models. This thesis attempts to use large language models to extract
astronomical knowledge entities, and therefore, four representative large language mod-
els (Llama-2-70B, GPT-3.5, GPT-4, and Claude 2) are selected. To accommodate the
token limitations of these models, two datasets were constructed: a full-text dataset of
30 literature and a paragraph collection dataset of these literature. Based on Prompt-
KEE strategy, eight kinds of combination prompts are designed, and the performance

of these models under different combination prompts and different data sets is tested

I
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and evaluated. The experimental results demonstrate that the Prompt-KEE strategy ef-
fectively improves the performance of large language models in extracting astronomical
knowledge entities, and large language models exhibit significant ability in performing

astronomical knowledge entity extraction tasks.

Comparison analysis between other entity extraction methods and large lan-
guage model methods. To further explore the advantages of large language models
in the extraction task, this thesis also applys rule-based, machine learning-based, and
small-scale pre-trained language model methods to the task of astronomical knowledge
entity extraction and compared their experimental results with those of large language
models. The comparison results show that large language models have significant ad-
vantages in multiple aspects, such as dealing with complex entity boundaries, entity

disambiguation, and generalization capabilities.

By systematically studying the application of the large language model in the task
of extracting astronomical knowledge entities, this thesis not only provides a useful
reference and inspiration for the research of astronomical knowledge entities extraction,
but also lays the groundwork for improving the efficiency of correlating astronomical
data with literature.

Key Words: Astronomical Literature, Data Fusion, Correlation and Retrieval, Entity

Extraction, Large Language Model, Prompting Strategy
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RIS HAT A KIS A R4 H ISR B, 2 M AR R
FIERFETEBE™ o KR R SCHFTE I ST B4 T SRR, 1Mk SOk R
X BERAGFRAL  KSCIGR ST SR 22 B T R e Al . ety ik . RC
S B R FRAN SR T WL B AR B E A, M )2 SCHR DA B R RS IR A B
FRE 2 AR o TR, SR SO 5 SO IR BE Rl . RIS R N 1 RS8R
PR BN RL A BT B — I 255

L1l ERIRIHEESXHEEETELEEHN

WF9E N DL 5 BEAE AT AR o KSR S8R A2 SOl A TR R, X
PR RERE L S ) T AR, MREMEAERT AT BUER Z TSR & . 2471, E NS
CAfFEE 2 ROCEHRASCIIG R P&, 1% 10 ADS. SIMBAD. NED. ESASky.
NADC RIHIR R 6%, HRICHOIHRAL TR 5t S T A
ADS (The SAO/NASA Astrophysics Data System) ! (Kurtz 28, 2000; Accomazzi
&%, 2000; Accomazzi, 2024) 3 [E i K )5 (National Aeronautics and Space Admin-
istration, NASA) 2 B, 720 Kk Pid.0y (Harvard-Smithsonian
Center for Astrophysics, CfA) > [ s 8545 KA 4 (Smithsonian Astrophysical
Observatory, SAO) “EHLRILEYT, J&RBRICHEEN TG R R Y. ADS iz
' ADS ‘5 W https://ui.adsabs harvard.edu/
NASA ‘& [#https://www.nasa.gov/

3CfA ‘B Phttps://www.cfa.harvard.edu/
4SAO ‘B M https://www.si.edu/about/astrophysical-observatory
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WA AR SR, ARG AT PER AT SCEE . UGBS ULINES s 25 DA S Tt
EDASE, [ T EE RS, P, RIRYHEY: . KR, 2R
2 HERPI PR DA KB R BT S AR PR, R 2023 AR SRR T 1500
TiRESCHR . ADS (5 K Z AAUAE T H T B A Sk B 45, IR7E T Hmmi R
RE AN RO T P R i vt . W P ] DA 2 A0 s B TR &R, Blandi i rEss .
WHRAEGY . CHETR S AR, Bhal, ADS iR RS s RIhte, i A P T
RS EC IR, DAROE HIME 18 R 45 /R #6331 (Eichhorn 4%, 2000).
SIMBAD (Set of Identifications, Measurements, and Bibliography for Astronom-
ical Data) © (Wenger %5, 2000) J&—~% ¥+ K BH R S R 8 SR SRR ,
o E TR 2% R SC B 0 (Strasbourg Astronomical Data Center, CDS) 7 7
TF RGeS, BE 2024 4 3, AR EC RIS Tl 1700 R,
MR THE ., BR. BE. 7R, BHESAZEE; FHi, Ed
T 6200 s A REFRRAFH 43 27457 015 5. SIMBAD fuifH Pl
WM AR RREEE, BRRENSIR. AARe RS 2 PR R EER
if1, SIMBAD i i 55 VizieR AR FE AN Aladin’ ({4200, I P REDS 1A
DIIAH ) R . R SRR DA SO H 75 o Ak, SIMBAD H RAK I BREAT
HiEET (R4 (Dictionary of Nomenclature of Celestial Objects'?)
IR AT MR ENZ KR R Se Bk, T ReRg EL 1) CDS SRty 23R .
SIMBAD 3 3 #3538 53 45 R RARAR AT B H B RARAG 2 5 2ORRIGA E A K AR
FH K SCHERIY Bibcode, jX4E Bibcode £x#11) CDS. ADS F1H & m T 3 1)
R H, RGN AR BHRBOS A3 MR, R e SOk rh A 2
RUEFREAF, 3T Bibcode [A]FE LA RAFRECE H R AR INAFII R o
NED (NASA/IPAC Extragalactic Database) '!'(Helou %%, 1991; Mazzarella %%,

2007) & — LTI AP RAEFAE KA TR SR AP RSB . H NASA [,
e S2 8525 (Jet Propulsion Laboratory , JPL) i £ T2 (California Institute
of Technology, Caltech) {41 #Mib 3 543 #7 .0 (Infrared Processing & Analysis
Center, TPAC) "JLI4Ef. NED A5 H bR & SR R SC# FAEHEATI M R 20
GUITRERS P R UG BANEE . B OUBGR TRk B T8 K CE B HY
LA, O FE T BISA B AIBISE  S5 R . 0 By 85 2R 80 KAk ARk
W 28, B, 2B AR SO S . BT X SR dE, NED 4t T 2 A

5 ADS f#]/vhttps:/ui.adsabs.harvard.edu/about/

SSIMBAD ‘¥, https://simbad.u-strasbg fr/simbad/

CDS ‘E M https://cdsweb.u-strasbg.ft/

$VizieR ‘B M https:/vizier.cds.unistra.fr/

9 Aladin ‘F{ W https://aladin.cds.unistra.fr/aladin.gml

R4 fiv 4 7 MLhttps://vizier.cfa.harvard.edu/viz-bin/Dic

NED ‘W https:/ned.ipac.caltech.edu/

2NASA WS fEHES2 3 2= https://www.jpl.nasa.gov/

BN F T 2% Fhttps://www.caltech.edu/
Y21 AT 5 434 Lohttps://www . ipac.caltech.edu/
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BRTHMEED, fH PR RS R F7 K- TR r gk 2, anidad R ik
HR AR AR RS T R . AN, NED th3CRr 5 H B AR o
2N, BN, NED 5 SIMBAD. ADS £ BRI HHEN:, REne—#XE A
FHESCERAN R, DA P ade— AR ZRE A A gl .

ESASky & —AN i [ 23 17] &) (European Space Agency, ESA) !6(Giordano
&%, 2018; Baines %%, 2016) T & FERYN 2518 K 3L Ly (European Space Astronomy
Centre, ESAC) Hl2£%4 7.0 (ESAC Science Data Centre, ESDC) '8 [ BA 23711
RICEARTT, BT RCEEFME G E RS — MU A L, METIRR
A HTR B ESA £ 2 18] BRI 5 F1AT: 55 1 R SCEE DA SO B 1) SCHRBE . XA
FEER T ZA RSO H s, GFEEART W (Gaia) (£45. #EUR
(Herschel) ZS[ARCHEES. v (Planck) RS AKKILE (Euclid)
fE55 . FFRFXsegidls, ESASky WE T ZMEdEath TR, WilE RS 2k
288 THABHOI TH , SCRH P R A EdE Al ik . XA LT
A, ESASky $EHE T EA R A, (045 A AT DA S 7 B A T A e ) W
A R SCEHE, TTHRWRA TR B EAES . B, M mT LB
AN RO G R PR R UM 56 Bk 27 SCRRFIBIF 98 4 o X 28 il 45 7T AT B
FH P S G S R AR A R SCE R A AR T e SR — B 7T 1

E % KRk gdE g0y (National Astronomical Data Center, NADC) °(Cui
&, 2020), VEANEN R SR EHMML W EZ] -, Rt T ma. EEE
MIFELART RIS 6. ZRGEA N E N R SR IA R SR P it 7 58 Ky
SCRE, T HBCR T E R RSO A R R A B . A% 2022 4F 3 J], NADC &
SIS KA T 30 ZEE B 3@ AE FR A AR BB R SRR IR, iX
SRR AR T T B TRDUL I 2 25 TR R AT 55, B3 {HRFRT LAMOST, FAST,
AST3, SCUSS. BASS. SkyMapper. Gaia. WISE %, /0] DA NADC #Y
VR ARG, BT MRS 2% 28 42 5 1) R SCER R . R R S RN AT PAFE M T
RS, AT AR N AR, ARORHL S 3 TR S B SRR
To e AT AR IR BB E E M, NADC ML T 5imA i 8ds SCke. R
NADC 7 K SCE A R 07 T HUS T 2 35 n0gh, (H B Al 6 = — 5B K S
5 Rb2E SO BB A G S I R R I R G

1.1.2  RIEIES ik B R m GBIk

B PA LG AT DARC B, R SCHOE 5 SCRR Y S IR 28 32 2 AP,
0 R AR A e PR A R AR 25 W) A s e A R
ARSI AR R R B CR H - B PRI B D TR R, i S

SESASKy ‘F Whttps://sky.esa.int/esasky

SESA ‘B [ https://www.esa.int/

TRk 23 1) K 3C HCohttps://www.cosmos.esa.int/web/esdc/home

I8 i 2% 18] K 3¢ LR85 U https://www.cosmos. esa.int/web/esdc/home
Y [E 5 R SCRFE %R PO https:/madce.china-vo.org/
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R 11 PSSR RSB 5 SO R B R
Table 1-1 Major platforms supporting astronomical data and literature retrieval domesti-
cally and internationally.

e FEAK AT AL

1 ADS FE ARG

2 SIMBAD W LR £ R SCR T O

3 NED SRS % & I T2 BE
4 ESASKky R 25 18] R SCH OB O
5 NADC o ] R SR B

TR SR B STk, Bilin ADS, U I EE-F- S HE— @ RE S b R DASE Bk 3R AT
55, BRIMTEANT T M T S Rl PR BCAIL ] o il R SCSCHRECRBOR B, X Rl
BT R AR Ty FUIE I 2 B AR 22 R R

1) F PR PER R SCHRE R, PR3t Hh e 24 ) 5 Bt 1] AR 15 By MEBE 5 o,
JUP B M 317 AHEASCRR, S4TTT SIMBAD 5% —JE AT 39 AR
Gl

2) MR R ELAE IR RSB N R S5 R 5 fian, it ADS SRR K
PRbRIRAT “HD 2138937 JEyRZRHKENMEATSCHR, MFsE b, & XA RIEPRIRAT
R SR B AT -

“The data features used for this work include photometry in eight bands (r, i, z,
J, H, K, W1, and W2). As an example, we show the spectra of HD 213893, which is
classified as MO type and plotted in Figure 4 from optical to infrared.” (Qu %%, 2024)

3) B PG 2R BAH 5 SCHR, R n] BETHT b AR 4 2R b e — 25 i e
IEA M ESCHR Y EBUE 55 . BIRARI: SRR T & 22 1Tl A S M A 3
BREATHER , DAE TR ALEINAT & 1 P E A R AR, HE RSO EEAR
N, B, fERZREEEAFT “LAMOST (Large Sky Area Multi-Object Fiber
Spectroscopic Telescope)” A& SCHRIN, ADS i [m] R SCHR, 107 H: A HE R SE R
ASCR L ELS “LAMOST” RIFAREEEARAYTEOL, EATT R BB SC A ek
it LAMOST,

“With the advent of very large data sets of stellar spectra such as the SDSS, LAM-
OST, RAVE, and Gaia, it is no longer remotely possible for an observer to digest the
contents of an entire data set visually.”(Carbon %%, 2017)

4) TERICHGE, T2 WARER) Z M A 2, 2B
FrERE LEAIG, BE— B ] GEXT N 2N [ AR & sl SE AR . IX AR B
AL SCHRAZR I AT RE St BLIRIA, A R AR 5% SR TRl 904 T 1R A R T RE 2l
KREHAMRAGE . Bltn, WRKERELFEAFR “FAST (Five-hundred-meter

20M 31 5 R 14015 B https://simbad.cds.unistra.fr/simbad/sim-id ?Ident=M31
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Aperture Spherical radio Telescope)”, £5% i< H B K A0 &9 S BAR] “fast” 1Y
SCHR, A ORER sy “fast” ARRRYE B “PRAY”; AN, FEER AR
Hr ST N2 R B e B O AT 45 254 T A 44, 11 “Hubble” | X [A] 145 5C
MR 2R 1 HR A

“Fast radio bursts (FRBs) are very bright radio pulses with millisecond durations
... The most sensitive single-dish telescope at present, i.e., the Five-hundred-meter Aper-
ture Spherical Telescope (FAST), is extremely powerful in the fine characterization of
repeating FRBs.”(Jiménez Martinez, 2023)

“An intensive reverberation mapping campaign of the Seyfert 1 galaxy Mrk 817
using the Cosmic Origins Spectrograph on the Hubble Space Telescope revealed sig-
nificant variations in the response of broad UV emission lines to fluctuations in the
continuum emission.” (Homayouni %%, 2024)

SER AL PEAS R R P8 18 11 & S 5B IT RIRIF B E AT R
Bt SIMBAD ., B {173 5 165 A G5 A4 AL IR A 1) SCER BEA TR 524 (A0 RAR AR
£F) FOL FIBCRIERY , S AT A AL IR SC IR AR A, AT DRI P4 T P
O R SCHR AR E o FEDEATIR TS5 I, i A7 T BAE SR Rl 8 7 VAR A2
SEIFIIRSEARNIBG BJS, T R OR i IBCEE AR AN e B, B AT RIBARR AR AR
N RS e B iR(E BRI, SR, FlE R SCEEEHEFI SOk
TR REAR R, HGERY N LR T IR E ZME DA R 7oK o IX B8 VATEAL BER
BHARAE ZAE ST INRCRANT , Tovk K 5e s i S0 73 A A

RISl WL, e AR LR ST R R GERS, AN e S 5 S AR BN
[F)-50K5 75 i V- 5 25 SRR A BAcdh PR R A TR 28 T DA B POKS T S SRR
FH R B STk, AELE PR B 508 -5 SRS (A2 AT AT BAKEDAFH B . R SCHH
TSR SR SO AN SRR IR O S Ay o PRI, 3SR GG R TR SE A4l B
Tk, Baite. BB ARG R KSR R BGE HER R SEAR(E S, TR
HR A B ZE AR AR PR, © 4 BUR R S ek — T A A A R S

AR SCEAEIRER — Pl RS K R ST SER IO ¥, PR i dls
FISCHRAG R ARG MIER M, b2 2 RGBT« FR AR
Stk A I S

1.2 ERSMAR IR

AN A LA AT AR STt CUAEAH CE  KJE A
PARAEA TR =2 U B EAR , 5 @AE R ST BT BhA, Iat—2 0t
RPEARAEAL B M R SCSCAS g F 4 DA B T ) B A
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12,1 LML

SCAREE AT DA S . B8, EWINAS L i A L BT BRfE. IR
A A e SE A, A R IR TR 2R . AERTHE, AR A A2 R
B SN SR, ERR AR S A (Knowledge Entity) (Chang 4%, 2008; Ding
45 2013; 5E 45, 2018; Al-Moslmi 45, 2020; 2= @ 48 2023), Q4 EE 24450 b
HE AR, SEgn i es . BUeRIANSE; (bt b &Y. e V. e
FEEE RIS R HAT. B3R, RICME . BmGEaAR. WIER,
RV RI RS . 2 1-2f8R T AN R G TH SR ) 7R B

12 AFPEFFST RS A R B

Table 1-2 Examples of knowledge entities in different subject areas.

2E R4 TR AT 275 Sk
Iyt MOBHEEL . AN . OSSR . Pr3bE T . feabE . BRI, Weston 45 (2019); %%
INTHAR, LIRSS ¥ 4 (2022); B R
45 (2022)
f TE . At K. HTLE. WAL . RIRUTE. Elyeb % (2014)
IIHTR AR Leaman 4§ (2015);
W% 45 (2018)
Be UL AR AL g AR, 2. JRIT R AMERRS. BB Lin % (2017); #
A BEERENH . BE% #(2021); BAHA 4%
(2024); FHnHG &
(2024)
e i BN B B, . AT RSy VIR 3E Zhang % (2013); Per-
B2 N EWFANZ NN era S (2020); FhEH
021)
Jy 522 TSR, T AN, T EH . BOA®IEE . X S5E#. ¥EAtS Byrne (2007); EH 4
ME ., P, MBS Sobisress & (2022); fEFE S
(2023); Ehrmann %%
(2023)
TENERE  IHENUARSH . BURERS. wEET . By SEUREH. M #3535 % 2019); D’
B ARG, BIRE. S5 TN Souza % (2022); B
FE 4F (2023)
R KR, BEaEE. B, RICHE. WA 8RR . FESAA,.  Murphy £ (2006);
KRIFG Grezes 4§ (2021);

Shao % (2023);
Sotnikov ££ (2023)

SEARAHEL (Entity Extraction) & H AR5 = 40P (Natural Language Processing,
NLP) il —Ii AR, & BTEM IS 140 S0 B 2liH SR A R
JE T CHY LS S (Sundheim, 1995; F85-BR 4%, 2015; X 4%, 2018; XIEm 4%,
2023). SEAHIEUEAE BRI (SetAHhBG XRMMEG SR B EE T
%, RN SCIRKG R L (R BRI SRR . IR B i S A 55 10 Bl A
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(Chinchor %%, 1998; Jiang, 2012; Piskorski &%, 2013; [4: 4, 2016; 4441 5¢ 4%, 2020).,

SRS EUR AR B9 A e s AT DAGE IR 20 tHad vy, A BT AR
EPAEM HARE S SOR RIS AL SR B S, XA a5 G SR B AR 4] 25
TR G B CAlle 55, 2016; XIS, 2016; Zong 4%, 2021), feixX— W], mMAEAR
FVERIBFFR I H HEAE T RAEF . 20 22 60 4L H I, fEEEERRERE S
£ (National Science Foundation, NSF) 2! F @ Rl24(5 Bk S Ip/A % (Office of
Science Information Services, OSIS) *% B, 42Kk 2) T Linguistic String
T H (Sager, 1981, 1990), ST MFL¢ F AR AEHEORBORL 7 SCk 5 S IR 5% - 1
TR RIEREZ — Sl T B TE S, WA SEETBIEYR, A
SEMRE A R I T (5 B AT 42 . R0, HREK2Em) FRUMP 240 il o i 47
FIE, BT BT AGE PR SRS B, WAREIEIREL. #LoRE RS
W5t E A, (DeJong, 1982), X 20T H ik T Sl R AR AR FE A ST

HEA 20 HHE2E 80 AEAUK, SEARHIEAFFE I iz sl &, X F 2454 T A
R BB R L B AU BRI R R U O TH BB R &
1 (Message Understanding Conference, MUC) (%475 (Sundheim %%, 1993), i <> 18
5.3 T EE E D mEm BT R R (Defense Advanced Research Projects Agency,
DARPA) *[yv), J14E 1987 & 1998 4E | L2907 -LJi; Hr, MUC-6 5
A THE BRI S, ffhans S5 (Named Entity Recognition) . 345
1417 (Coreference Resolution) F15¢ ZHlEL (Relation Extraction) 4§ (Office, 1995;
Grishman 4%, 1996), XSE4E45 R TG E BB i A mEZ
. MUC U T — BRI 55 8 LA R PP AR, AiZ sl i oe
PEAE T HIER 7 I AR AR, IR RE T SR PR R R I I S & e

BEA 21 th2e, BshNZEHEL (Automatic Content Extraction, ACE) [E] By %l
VIR MUC. 2 WU H AR A ek s BACRI SCAR /R, SEIix) £
T 5 ORI = 3 A2 (Doddington 4%, 2004) . ACE PN S BN E
G SCA P SR B AP, ISR 7 SR PR RE S A ZR G PN R R I EL, X AR
A SRR AR T RN T3

BEE £ R AR, ol SCAR SR LA SURIBE I o TR 28 R i A
GRUREE , MR AR SRR TR SR H a3 . PRI, PSR N T X S L
HAR SEARTIEUIF S, B0 4% B S R s TIRARIRR , A B i S Al
PR M ARG AP B SCAS e Hes R B P R S

122 HE USRS HER A IR
RRSEHAHO RS, N DA R R — P L G F B X Fh5 iR
T GO0 SCA R RO RR SR IR A T R R IR AR, DABEAA R i 2R

2o [ [ Rl B 4y Sehttps://www.nsf.gov/
2R (E B R4S A Ehttps://www.ncbi.nlm.nih.gov/pmc/articles/PMC200417/
B Linguistic String I H https://cs.nyu.edu/cs/projects/Isp/LSP_intro.html

24 2 [ [ 95 9 v S BF 9T R JRihttps://www.darpa. mil/



https://www.nsf.gov/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC200417/
https://cs.nyu.edu/cs/projects/lsp/LSP_intro.html
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PEAE e iERHZE (QasemiZadeh 45, 2016; =5 A& 45, 2021). 40, Howison 45 (2016)
X} 90 fe Az 12 SCEE R B HIAE AN AT N TARYE, SROfE th H b 4k 424 PR Wang
&5 (2020) WFFTIRAET NLP Ui RS0k, i T TARYE k@ oar TN
o RS N TARTRE IR S . RIGHESR, (HE WA AE S E S, AN TR
b, TAERCRBANGE . MO, N LARYER T sz R Ayt iy ol KA 300
Wr, AR SERRESIRIA—ZE. g, b T N TARERBIEEX T I
HoAh B B SR UREAY 2 O FE 2L, R UAE — 80 AR el ORI, A IR R 2
AEYIBED . RS, N TR AR R E AT ERIIIER . HEE BRI
K, NLFRYE A AW 5 H e e SRS &, i BoAMATE iy S
U AR M

ST RO SRl O O T T 5 SO AR 3ok B DU 3 % T
JE U HIR FE RN A L, i a5 A SO B AT SRR B AT VLD R S8 BN
PRI H . Friedman 2 (1994) Si800F 57 M B DR S5 22 oy kil
FENRYGE, PAROKFRE M T BT S A SE AR U S5 9 350R . Puccetti
25 (2023) M T LA s iR L, I LA O ) 2Rk AR B A & ) SCAR HR R B
AW ERHTRIEAR s ARAIAR (2013) 32 F 1A 325 HAH G 5 5 Y& M SCER Al O
VEARE s VAR 4 (2015) SR A EE T 0 5 v Sh B2y it A B A5 rh 58 . RER A
B =PRI SRR . SR, XFP O VAR AE T H R IE N R, T S
AT B HTRSEAR T REMEAIE Y, « (R, RN TR e AT, DA
SN R AR AN 2 . eAh, RN PR 1 B R A s, X AR AT AR MERE
8. FH 381l 5 A i e 2 A T R R S AR ) Al U 55

G HIMLAR 2= > VEAE A SRS BRI 8 T BB £ o KPP 8 o R
SRR BTSSR 43 B P AN BR v 8T, 38 S R AR B RS B 25k S B (B
¥, 2006). B 5, TR TR AR RHME N &, XL R T IRNATA AR
B K5, P nE K (Maximum Entropy Model, MaxEnt) (Jaynes, 1982).
Fe /R Al KA (Hidden Markov Model, HMM ) (Baum 4%, 1966, 1970). £<{4-bti
#Hl3% (Conditional Random Field, CRF) (Lafferty 2%, 2001), 3 #5[aj&=4 (Support
Vector Machine, SVM) (Cortes %, 1995) &, %f X SU4AE 36470041, DATR B F14)
FAR, RZFH (2015) FIH A RENUABIIT & T — B P00 £ 303 IR EE A4 PR
BRI S SLR I R SE s Ju 55 (2011) Sl ) Sy 1) A LA A 4 52 SR
BUE A . EFH DNA 4401524 ; Sobhana %5 (2010) 3L T4 FENLI  ¥ETE
ST SCA PR LBk, B, B S SRR R AR E R . R XA
TrESE R T AR SO A D TN N AR RO, (HARRE TR
SR )R SR AR TR H R SR DA SR 5 Az A R AT e T R R

F TP RHE TARR) TAER, BT I ABRIES: ) 07 AR RS2 4 . IR
FE2ES IR FE AT BN TORFRCRHE, B8 B 305 SUARFE iR A (em-
bedding) {5 KE., AJEMIXLE(FE 23 SCREHR IR ZFHE (Li 4%, 2020; Le-
Cun %, 2015), 3% SEHFAE S T 3Rl 18 SUAE BLA S EATTHE SCAS R i) B R Sk
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FRo XLEAHERA BRI EM T, B &M 2% (Convolutional Neural
Networks, CNN) (LeCun 4%, 1995). {REMZ M 4% (Deep Neural Networks, DNN)
(Hinton %, 2006) A 45 B2 M 2% (Long-Short Term Memory, LSTM) (Hochre-
iter %, 1997) &5 BJ5, P2 M 28 TR EMKIRIX SORFAE R R B SR I AATE , e
B AR RS BIFEIE o o TSR SCRR A, E 2R — RSB
Y%, W0 SVM., CRF &—SUE G (LR > ik, ROCAR R BgRANR #7702
3K, DA R I R Sk . B 1- 1R T RS2 2 YR S B R sl B 3=
BP0, Huang 4% (2015) 2200 M) Y LSTM 5 CRF MiZ5 G421 4L
() BILLSTM-CRF #5241 ; Qin %5 (2018) 1| Ff AR ALAE SR S5 F A0 1) o (0 1H Sl
IRBEFASAR(E B 5 Luo 45 (2018) FEX ML ELAl F I AER LS, P& moE SCry
LA A PRI BE T THR 4% (2020) Bl A BiLSTM-CNN-CRF B84 54
HARER TARER G| XS B aCIR B vE . 18205/ DATE AH B TR 3
2 2] BT VEAE SRR BT 55 R 5, (D B AT TS AR T ik 35 X6 R RS Y 4L
W (AEFRERHE) MR AT S PR TR SRS S R 8. o T e il 2k ik, BF9%
FANEARIRR WA B2 F0Hi 3 o 2 50 R SR 4 i B BY 1R 12 A6 RE ) Ak

e >m

features P . z= .
e CNN. LSTMZF SVM. CRFZF

N Wy N N AN
XA B 81 % ) SCAHFE RS ES ORES 3 €7z

Pl -1 SRS 2005 TEhIBUIC Ay 1 BB B

Figure 1-1 The main steps of extracting entities in deep learning methods.

TRBE 2 2] I YEAE AL BSOS I, AR A HORE T[] ROT a8 D 8B %, X
(A5 LT AR DATR S0l 5B B B e R B 2 M S AR SE AR . B, TR 2 2T B Y
WHFEAEFEREWIRTE S, BRSO, WAL R E IR, X2
RELWET P PERERNZ LR ). AR, IS4, E T Transformer B4R
I ZRiEF AL (Pre-training Language Model, PLM) & &ifud, EATHYH BN
I E A A TR S A AL AU 5 %€ (Thirunavukarasu 45, 2023), [ Devlin
%% (2018) £ 14 BERT (Bidirectional Encoder Representations from Transformers) %%
BPASK, HT BERT AU HY 25 Ll U A A A G . lan, AR BE 2240
15,11 BioBERT(Lee 2%, 2020) £l PubMedBERT(Gu 45, 2021), IR EE2~H) Clinical-
BERT(Huang 4%, 2019a), 4:Eh4uisk) FinBERT(Liu 4%, 2021) 4%,

[Fl, BRI, BEY RSB, nTDA R E 3R T s S A
PERE, LI T BERT S8/ NIRRT AN & HIRFIREE ST . N T T XA 2
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BRI, RN R T “RKIEF AL (Large Language Model, LLM)” iX
— AR, FRFERIPE A SEE L 2 TS E B G0ES#EL, 41 GPT,
Llama, Claude RF|HEAILE, X LAY EL T 51 SCARBAR AT SR, RRISHE
RFEFEH LT SUE R, I BB o5 8 HE R SR i) RN 51 o X R 32
S W TR AR AT R Y B R AR, B TR AR Al R R S AR Y
BB 71, JUHAERBIRE Je ki LB €. Bilan, Bian &5 (2023) RS R HEUE 55
3R R SIS 5 PR BRI S AR S TR o PR I 1A 55, 1) R S i ) R i A Y
a2 R A ) BR 2 5 2 SEAR HURI ATl B 8T Gonzalez-Gallardo 45 (2023) 1
ChatGPT 7£ JJ7 52 SCHR H iR A = SRS ISR 4% (2023) i ] GPT-3.5 6%
PRV B R BUAEAR 5818 SC R A LR AR SR . 38 0 1) R S A Y
PR SCHRRE T, BIEETERRRS SR OL T, RS M REAS TE A A e A
ISR T 55

SRR TT %

=~ GPT35

Lol GPT4

."é"> Claude 2
* Llama 1
~ Llama 2

Pl 12 S 32 5 05 T4 ik tY

Figure 1-2 The main method or model of entity extraction.

1.2.3 R 3CUE AR S B 52 BMK

RICEAAFI I FITR SEAAAH BT 55 72 4 ARG AL I SCAR BT I v 3 TH 1)
SRt 7 FEHA RIS SEAR . 5 HAM SRR LRI L, RICARSEARE
ZREMILIR . FR1-3R T AN SCHR AL 5 i KA bR IR AT A L B 44 K P A 1R
S T AL ISR SCRITH SRR L, AT PAKEIUR &5 1 RS2 ) R
SEATRBUFAE LA PRk :

D) FFAE R & R BT A RSCHIR SR B, e O R AR RAT
“LAMOST J151003.74 + 305407.3” 2 )5, A “I1517 KAEREAR; #H

10
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“SMC” 378 “Small Magellanic Cloud”; ffi[f] “Fermi-LAT” &/~ “Fermi Large
Area Telescope” .

2) T N ER R B, AR RESPA B4 PR JHHMMSS. ss +
DDMMSS.ss” §5F1L i) fiv 44 U B, 21 LAMOST J151003.74 + 305407.3; i
) RAR 2 A T A A R A A AR Stk i 4 TE B, 21 AS 245, RT
Cru. 354.98-02.87; A 1Y KA DANAT I MEHIFRIT HE BLAG, 4 Aldebaran. the
Crab; HZWA I RIKAFR A REIRFAF, W o® CVn, SgrA*, BG4
J7 A5 Z K.

3) SEARIIFMELATRE . BlAn, RIEERIEAT PN H2-5, SMP LMC 88, Large
Magellanic Cloud, 24544 5 Tsinghua-NAOC 0.8 m telescope, RATAN-600 %5,

4) A A AEE ZT Y R SCRIRSEARXE AR BN, RARARIESF “J0917 Fi
BILHE AR “Nanshan” FEil = [ SCH 5209 00T MERAE A # LT BT
B

REUR SCHITR SR ARG Z i, (H 2 B R SCEons SO Hh SE A A
BRFEKH g K, PR AW T T — LR R MR BEE .

5 H B U RN RSSO R K RSB, R ST 40 A i S AROS
TF-iR] AT EE N ¥ . DIIN (Journal of Identifiers and Names Detection) ZR 45k
e BT AUEF] 2010 4F, TAEHRIBARYE CRIKAr44IR8L) (Lortet 5%,
1994) FE R G B 2215 it 7kad 50000 S IE k=, RN S0 iy KA R
WA (Lesteven 4%, 2010). % RGEAEHTFHLH &8 R SCHE O H UV, &
SR, RCERGRIOGEEM, T SIMBAD B)—WifFlRss . iXFh
SR IMAEAS A SCHBR A 2R A BRAS S A L 3 W A7 17 ST P 2 21 i RAR TR A
K5 AR AT DA o FARAR R AT LIRS SCRRI G2 o IX TR 95 A UAL T RS0
FARBUARI AR, 058 BT AR S AR SR IO Bl A R S 27 4 P 4% b B R
PR (SR

TE R SRR A ) & i B rf, Murphy 25 (2006) BIBFFEAER T
g Jrkin Bt Gt I RS S — 0 o T A — DR T I KA
B RSCRARAR IR GE, HRENS WX BN S 835, I HERR IR Bl i a2k
AU PRAATRATILIN 5 A 55 B SR . Tl A R EAR RS, ARG T
SERR BB HERR T, o RSO AR SR IR R A R AL T TR

FF BERT filillZiE 5424, Grezes 55 (2021) i i 395499 fi K SC2AWF5T1E
SCHYTERHZE YIS D e ) 18I [1) SR SC 27 U Y astroBERT #5024 . JX AN ] T
ADS (i 44 SRR T H TRl SOk i g RSCH 2L TH L RIESEA
WK, HF HAETEAESE R, astroBERT 78 K SCHITH SSAHIRAT 55 ERIRIIET
Frfe BERT B, 0 TARRUS N I, 76 2022 4F iF e 55 RS
1 (AACL-IJCNLP, Asian Association for Computational Linguistics and International

Joint Conference on Natural Language Processing) /55— i Flo# R Y15 B 4L BT
174> (First Workshop on Information Extraction from Scientific Publications, WIESP)
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K13 AN SCHRBE S PR A bn AP R L 85 A PR M RIOR SCRIR S A il
Table 1-3 Examples of two kinds of astronomical knowledge entities, celestial identifier and
telescope name, in different literature passages.

etk I R SCHkBe % RPN

We performed a detailed chemical analysis for a few objects from
this list and showed that the estimated abundances of the CEMP-
/s star LAMOST J151003.74+305407.3 (hereafter J151) could
be well explained by the model yields ([X/Fe]) of i-process nu-
cleosynthesis of heavy elements, and LAMOST J091608.81 +
230734.6 (hereafter J091) ...

(Purandardas 4%, 2022)

Only a handful of SySts exhibit noticeable signs of such variations
in their SEDs (e.g., 2MASS J17391715-3546593, 356.04+03.20,
AT IRAF AS 245, H 2-34, PN H 2-5, RT Cru, SMP LMC 88, UV Aur, (Akras %, 2019)
BI Cru, Hen 2-127, AS 221, Hen 2-139, K 3-9, RR Tel, V347
Nor, V835 Cen, 354.98-02.87).

However, no apparent periods have been detected in the mil-
lisecond to second range for either FRB 20121102A or FRB (Niu %, 2022)
20201124A, two of the most well-studied repeaters ...

These data cover ~30 d eg2 in the SMC, including the main bar of
the galaxy, the wing extending to the east, and the tail extending ~(Kuchar 4, 2024)
further in that direction toward the Large Magellanic Cloud.

...which was identified from the LAMOST spectrum. The photo-

metric data were collected with the Tsinghua-NAOC 0.8 m tele- (Li %, 2023)
scope(TNT), Transiting Exoplanet Survey Satellite(TESS),

Zwicky Transient Facility(ZTF), and ASAS-SN ...

Gaia measurements of G29-38 will build on existing observations
with Keck, the Hubble Space Telescope, Herschel, and ALMA (Sanderson <, 2022)

HinHis pr
The first observation for this pulsar was from the Arecibo tele-
scope at 327 and 430 MHz..., Although FAST is the largest and ~ (Shang %, 2022)

most sensitive radio telescope in the world ...

We present the Fermi-LAT photon flux at the top of Figure 5,
along with the Nanshan and RATAN-600 radio flux density (Kun %, 2022)
curves, the integrated and core 8.6 GHz flux densities obtained

from VLBI observations in the bottom panel of Figure 5.

DT OB, S A IR R AR AR LI DA B £ S A S 4 R -

PR T R SCSCHR SE AR 4G (Detection Entities in Astrophysics Literature, DEAL)

12
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JL 22T %2 (Grezes 4%, 2022), DEAL LT 4580k & 5 W05 B SR BUR
LA A AR R GE, Horp— 25T A =i U 2R B2 Al mTS(Ghosh 4%,
2022) F11 BERT(Alkan 45, 2022) 3% B T 251 5 B4R SO 2 BUR SCRTR
SR, RS T REEUR .

Il , KB SR AR 2 AT 55 h R B T R AL AR DR AR 2 3] g
7 XA AT RENS R 5T ) 40k . R b, OB F R B A 58 N SURR S
FRCFRSZAAEUT S . Sotnikov 25 (2023) F| F T i% 40 InstructGPT-3 (Ouyang
4%, 2022) A1 Flan-T5-XXL (Chung %%, 2022) %5 K15 SRS M Astronomer’s Tele-
gram HP) LA GCN Circulars #1754 LR BOR SURITR SR, A dGF: ID A1
RIEZFRE AR T A3EHER LA (Prompt Engineering) FIFZLfHH (Model
Fine-tuning) 7E W14 F ARG IOE S RAUNRE 1. MATIRFR S T KiE
BB R SR PN SR U 55 T T

13 FEMARAET

T SCHR P R SCHIR SR Y H i 2l AL TN 2 R4k, A R B SE R bRyt
RENGHEAE T RS KB AT R ny . W, AR RNE
FASTALTE R SCSCHR AT R SCHIRSE ARl (Knowledge Entity Extraction, KEE)
EFHIET T

ASCGEEET B AR R RIE F AL, B Llama-2-70B, GPT-3.5.,
GPT-4 #11 Claude 2, FH#2H T —F44 4~ Prompt-KEE [{J#2 /R %% . Prompt-KEE 2
TN TP AL T S R R EER, KPEIX LR IR, A G T AR A HE R H A
Fg RIE B R STk B B A BR TR A A B 8 555 44 R 7 v e ML 23 ) R S
HIPHSEAA

T 18 WX SETE F AR ALY token BRI, A SCHYEE T PIRNEESE , 43l 30
fres SCRAR 1) 4 SCSCAS BR A S NI BE SOk By SCAR S B i B . 4 /R 42
N, ACEH] GPT-4 il Claude 2 754 SOCAEHRAE AT, B s
TR Bl SO SRR TINS5 A SEgngR, A SeEl i gk
T B AR OR SO R SR PERERY B 2R, FF AT A R R S Sk ) i 1R 5
RIS 3R TR

WAL, ASSCAR R BT AN A . BT AL > R T/ N )| 2y S e
R IR EAT 7 R OSCHR SRR B, FF B4Rt b T o RIE S BAL S BATIH
SEEREE, FEPERE. TAERS. SRTRIZEY Oy T RS KB SRR S S

L4 XELEH
ARSI N FAET

BDEAL #t524T- 45 https://ui.adsabs.harvard.edu/WIESP/2022/Shared Tasks



https://ui.adsabs.harvard.edu/WIESP/2022/SharedTasks

TR S B K SCOCHR AR SE A O TA BT 7S

B B, ERNE TSRS R R . AR SR
REANGE T IR RANRSCBUN, E T SRR . HL e S I S A
BFFEBUR . FSCATI A AR S AR S BUR = TN . I8 T AR 30
EIG A S .

B KBRS AR IR . BN T R R
R 3525, B T KB S B R R RR . b, A2 e T KB e
S SRR AR BRI A SRR T 11 FE 7 A HLAIAN Transformer
.

R T RIE R R SR SR, T S R T
55 R R SCHTR SRR , (A AT I . S50 K SCTR S b 5 i
SRUHPER. BRI, CREE. S NI R

I SO R R BT H . X RUN . ETHL
25 FF NI B S RO THGT, 95 Llama-2-70B. GPT-3.5,
GPT-4 Al Claude 2 PURATE 22 952 B0 45 ST TIRANMIRTEL , WD T ki
EIAE T R SR ST 55 1 HA 27T 95«

W AR AR TR A T RS, IR T AR
SR A ST DA — BT N 28

14



52 m KIS AR R R K SR R

$28 XESHEREBEXFEEEST

KRG FRAIEAER) Zis 1 TR MaEbrit 55, A A SATE S AL B R
MRS, FHEIRERMIEE TR, Kb S Z WSO NSRS Y
ZH T R F ISR T 5 B AN AL B RE ) AR 1 2 SUBRR A 45
R, M PR B AL R BRI MR T 5. AR G G A
TR SCATR SRS NS, A G B T T A R U T 2

2.1 EXFEEFS

TEN TR e, FiIlgk (Pre-training) 287/ MBI FFE 155 98
£ FiFA7400d (Fine-tuning) Z T, 7ERMBEHEE FIIZBIA S (Qiu 47,
2020; Han %%, 2021),

WE 2-1F7R, KIEFEALIE et il g N TR RERSE, EATF
G2 FAR, JeH R ET Transformer ZEA IR N 4%, FE R B SCA S
R EIATHIG, R E T B nIRBCRIERIE, MR A SR KAz hE
i BB % S A b B AR A AL PRS- A RA AR 1 B SR1E T SCAR (Zhao 55, 2023),

ATHHE - REF ISR

MBSy S Wulgasm
-7 ! /
R { P

e - ~ \\\ -7 T
N -
BGESER -
£ -7 1
[/ R !
)

Pl2-1 AN TR & HIRESE s i

Figure 2-1 Research areas encompassed by artificial intelligence.

AJ L, KB F RS AN IO 65 SR A Ak 1, Ha2 52 M
o, KB HHALE A DA LR R

o KABBRINZ: SOEFHALERAE TB LA EELE PB Z 51 KA A
Wnde EIbATIgy, XEBRE T RE G 1R . WL, i WIThE SRR 2 Ahe
B SCABT

o MBRRE): BEE B, KiE S HRAA I SR — 2/ MBI AR
FIREST, ANty B SHERE . BRI M, ISR RE AR B AR S B
111 2 B R 2R A 2 B T B s 428 1 B

o HIKALE S YR : SRR 1A P BN SBEE . KiESEALE
HAAHERMIGE N SE, XESHAEA Gad R PR WTREE, DA i
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TR FRIBES E k. B, GPT-3 (S EE e 5 1750 124 (Brown 2%,
2020).

o SHCKIY LR SCRRRE ) dEad PR, OB F A BRI AP 2R S AL
ZE AR SO, A TTAE AR B SCAR I FE 3] R SCfE L, SRS e A B
PR Y

o ZALSFEAMZALRE ). KiE S B AN AT R & 1Y B 815 5 48
1155, QNSCAAR S SEARIME. THIROATEE , IR BENSH b 3T 1 AR Bk AT 55
I AT Rz ALEE T

o HAMEIZMATRL %] KIESEAMINGIEEE S H F1, BN
WAL [ B WA ST, AN AR 8 TR S B R, SRR R TE S
A A A RE T

o BRIV GEIRNGEE: TG 2, PARSEOR TR 2 A BRI B
FUBE R, OB S BE I 2R B BT B RE By B, YIlZk% GPT-3
SRR AR TR B TECT JACAC IR 77 22 55, 3K 38 o =g 2Ll i MERE ) GPU
mg TPU £E8EK 52 i (Anthony £, 2020), 33X S84 180G IR K T FE AR B0 AR AL 7 8
FEE, TR REIETEFE R AT A

1F S 6 B 5 A A5 R S A A P S IR AN R S I SN
SR T RE X, RS R SR T T e AR AR5 S AL B4R ) St
PEREFIT {2 B HH R 5

22 KRIhiE

HAl, KiEFEBCECH T AN TR e E R R S L 2 —, HERM
PEE WA N T B R KU bz, SR, T2 7E ChatGPT 'R )5, Kif
BB 2B . L, 7E ARG ARSI O & T — R VI BRI
FAME, T RIESHEAR I 2 X EHEL

T E A TS B RG24 > ik, X ORI AL o 4 T B e B
TEAE SCAS o BRSO T B 5 A5 . RS T —E R, (B2 FR T4
MITERE Sy, X LE R E SR BT PR RE + 0 A B o B AT o B T T B
n-gram FE%Y (Shannon, 1948; Brants 4%, 2007), {HICYEREHE K IE BSMKHI % & .

bt G R E 2 S BRI KRR, MM I ineia | ABNEF A Y, Jalim A
(Word Embedding) 45 AR 454 A~ 1] 5 K0 15 BE 05 1 WL Sk v 4 2 ] v 1 ) 2
AT B S Mg i 1) S ] 2 ] B R &R o X — B B, 4l Word2Vec (Mikolov 4%,
2013b,a) i1 GloVe (Pennington 4%, 2014), A J5 4L 1E FBIAU R R BEE T BEAil .

2017 4%, Transformer %Y (Vaswani %, 2017) (942 B S AU & i sk
TR, HET BEE AR, R0 TR IR L, A
JE SRR K S BEE T Bk Ailf. Transformer B4, FRiE H AATE 5 AL 45

!ChatGPT ‘F W https://chat.openai.com/
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52 m KIS AR R R K SR R

MAEER 0 28 0 2% 1) 333 AL 472

2018 4f, BERT %Y (Devlin 4%, 2018) (1) & bRk & Il 218 5 BB Y
FF1f . BERT i KASSCAEHR I, R T BT SO ae s, Jf
TEZ W H G T AT 55 _EUS THIFT AR BPERE. BERT 1y, 514& T il
GBI R, SRS IR IR R T B

RN R R, WHEBRNSHREIRHEM, Bz fE T, X
PEFE T AT R K . GPT RAAREIY) &7, JoH 2 ChatGPT fy
BCA T RIE EBAUL R AR . HE W4, #51 GPT-4, Llama 2, Claude 2 %
BAIRIEFEAZ MAGT, TRAR 248 .

SRS, R 220K, o 5 B AR B A ) s S RIAIL 2 Iy T g A~
KB B

<
KIESHE
v - ChatGPT. GPT-4. Llama 2. Claude 2%
FlSRB SR
v_. BERTHEEI

© | weEEMm

v Word2Vec. GloVe. Transformert&#i%
@_. gt iEE D
v n-grami# &I

Pl 2-2 i S B PUAS CHER B B

Figure 2-2  Four key stages of development of language models.

2.3 XA
23.1 AEESiA#HAN

Al (Word Vector) 246 5™ B i) Bl A0EFE 1 45 ) 2 25 0] — 245 e
R, TRl A (Word Embedding ) /2 H8 4 B 1] 5 5 e 1) SE 4 m) & 1)
1 FE (Mikolov 4%, 2013b,a).

RS A, B PREER R A L, I HaxX S R T R
VB SUHRRAE , AL A ARy SCR) B AIAE [) 25 [A) H A AT . PRI, 7R AR At
A ) S R 2 R AR

WK 2-3f@/R T e s B EpyiEmER . Hrh N TEE”. “HAE
FAE” RN CRIBEFRAY WEE R, ORI, T B AR
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ALE®

BRIBELE

Pl2-3 sl LRl fon bl

Figure 2-3 Example of word vectors in a two-dimensional space.

2.3.2 Token

TERIE S AL, token @ X SCAS AT 43 FIAN G A I 1) B/ NS, e 523 4k
PESCABR I B, 052 H IRTE S e A LA ol b TE X X H 20 BR (Borgeaud
4%, 2022; Zhao 4%, 2024). B HA AR L A4 :

o JBEXZHE: BRI, . FAF. A s alH AR SR R B
fEATE] “face” N HEH 42— token, Ifif “transformation” 7] GEHE 4> B “trans-”
, “forma-” , “-tion” = tokens,

o ALERR: HAIRE S8R A fi ) token & YA 45 1Y token K
#] (Hoffmann %, 2022), fi#l Llama 2. GPT-3.5 fil GPT-4-32K 43 %I 5 2 Rt ib
PR Z) 4096, 4096 FI 32768 4 tokens., X & KA Transformer Z244 Hh i ] i1 5 11
B IIWLHITEALFREE A token BIERTR 225 BN AT A, X S BOTHE ERTHIK
FERIT K . 9 AMUAFHE T U . A2 B DA S A P A 5 T ) R 1
I, AT IRFEFEARR S RGETT, FFERGTIKE.

o KL PY: Token 7E KI5 F B YA = kWb 23 (B o LA i TE A TE
I, i 2-4f7R, RIE S RAAEACEE B IR TE 5 SCAS I 3 R H 45 il token J7
A, BRI, gl — RIS, FREENT token FEAIDAH MBS
TR L i i

- -
--\--

Pel 2-4 Kl 5 BARUAL B SCACTE) token S 45tini f

Figure 2-4 The token conversion process of a large language model for text processing.

233 fRRIFE

“Prompt engineering is the art of communicating with a generative Al model.”>

2R TR LLMs $5Eghttps:/github.blog/2023-07- 17-prompt-engineering- guide- generative-ai-1lms/
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2% KB RO R A

$2/R T (Prompt Engineering) 25 3HAIIE L A$E/R (Prompt) 5[5
B AR Ry o i tH AR . FERIE F R, $RUR 0 I PR HE A A Y SCA g
A, BA AR, AT . B e e Sk, |
) A U S AR 7 A A 5 TR (A e Y B A T

PR TREMEEHAET, KIESHELEF 2ET LT SORERSURR, X &
WG AT (1) Ay o T AR KA B L BT 4 AR 17 i 2 (Amatriain, 2024). RL4F
(B AT AT A 25 5 | AR BT 45 755K, AT ZE B VR . BEAH G, BT A
e PRt (Bsharat 55, 2023). A, OpenAl £ Meta S5 5 ¥ & 78 FH e {4
TEFERER TR, DUT 2 ik B4 B4R g — b 5¢ fe b iz ) -

o SR FEFRR IR N A AT DA RIS SR R B 2R il
W BRI AR T R, B SR I L RN RZ ) DL AR

o MRATESS: KR BTSSR — R 5 & R T35 A TR

o SR HPAT LN TR S5, HERR A ST A T SCRT DAKS Bl A
RS

o PRALRHI: LECRBR AT AT S0, 5 RAT S R BRI DR AR R
TRNIAE T B A E R R 22 e EE

o WA H A /R IR ER FE FIA BT 55 55 (5 5 T DA SRR i
=,
o PABHRLIN :  FHAA AL DA A AU SR iyt P 25
FRAE DA 3 7R TRE A P9 25 0] DAE— 2551 H M 6 A, BRI Seee>)
FE 4SS

234 LETFXEIESBRH45E

EF32>] (In-Context Learning) 2 5 K 1 5 BB REAS ARG 45 72 ) BR3¢
H R BRARAN A S B RE ST (Dong 2, 2022) . SXFPHE ) SEVFRLAAE SR 41X EF
EESHATHOMNGRIEOLT , B — RG] ORYEVER AR ) Rz
WHTHRATHNE S5 (Liu 4%, 2022; Zhang 4%, 2022a), b N 3C2# ) (KB T iG55 R4
) —FhAILEE /T -

B4E5% (Chain of Thought, CoT) 22—l T-HE I KB TR DA I
LS5 BRI (Wei 4%, 2022; Lyu 2%, 2023), Bl A /R — &b R R
B, FE B A REE P AR, 5[ SR o] 25 M 2 /R R R . XA
AT LA B B S s AL PR 2 A R AR A R, A A R R
% (Fu 2%, 2022) . BAEFESE Sl 700 SO M o Z2 A h B 22 3K, S il s
A A XA IR, AT i e R A R HER P (Zhang 45, 2022b).

] 2-5 7R 1 RIR SR A E A TAT 55 NGB R S0y > 3R AUB SR s A X
HoRBl. ETRSCE I RR MR T 60 B ARE ST A . BRI R KIE SR,

30penAl #27 T 1545 Fghttps://platform.openai.com/docs/guides/prompt-engineering
“Meta #5275 TR 48 Eahttps:/github.com/meta-1lama/llama-recipes
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TR S B K SCOCHR AR SE A O TA BT 7S

7 AR /R I S 5 | 5T S R I T i 2 Y P

ETxEIRTR

5 AT B4R 6] 7 -

B EBHERIMEEFARIIHHE, SFLEFEZE
T3, BERERERRINT ZPBHE?
% RIEMEHLLITHIHE.

i8] RE MR E R SR E S U AR50
HEHE, THFRRNNEE EFFMNLME, BRSFE—
BELRES DO STREUE?

BHHEIRT

12 AT B9 HERE ja)

B EHEEIME LXFLLIMISTHE, SFEHEFESTL
M71/3, BERERERERINT ZLEHE?

& FELNTISHTHE, SFEURFEZ XU T3, BS
FRI T 15+15x1/3=20 FHE . FrIASIEMEILKI
15+20=35 BiH L.

8 FRE RN R &R ORI RE S F L F 3 sR5010
SCRREEE, TR FRENDER EFFNLAME BESE—
BELWED DO STIRETE?

l & SF R FERRRS0NIEIE, TF

FWENHER EFFNLAE B

B R SRR Lt ——  KEEME > 14x50-70 ), FRIMSESUEES0+70=120
£ SRR
L RS D RSB LB L jEERiE sk

Bl 2-5 b RS0 I B RIS HEBE B Rt e il
Figure 2-5 Example of a comparison between a contextual learning prompt and a thought

chain prompt.

235 4n

REFHEMZIE (MFRN “ZITERON” 8 “KJEAR") A i
R BAEES I I I AAAE, 88 SRR OANAT, e 5 A E AR
A, AR AIDA— PR AR 5 10 07 SR TRk o XA IRAE RIE SR o o
W, PN ENHEAE OO T RES G F5E . 5 AFAER A PR SR HEA HEH
AR (Li 55, 2024)0 K19En] 0 A WIAPZER, RIHSCPEL) S ALE SE )0 (Huang
4, 2023),

FIAELI SR AR E B (5 BT GBS AR F L. B iR
-G FEA—FP ISR,

o PREHESL: B A T H IR AAEN R .

o A8 BRI AT EEIFINER .

B SEMELTE SR PRI AL R AR5 45 E 1 R SO AT, S EE I
A GHINH A —EE A S 7 EE RIS, RECTLAS IR A—EL BT
A2 A HE ML,

o GIRAA—E HIEFHRMPEORPATRENE S, WERBOCAR T I KA AR
PAFANRSE IR, (HAR S A R B Be A B, O TS 5B R RIA—
2.
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52 m KIS AR R R K SR R

o b FICA—Be: BIA B SCARS i AR SCATE AR B EANDERL, 6
wn, SCARTHR R R I AL S B R NG TORE, (ER i N AR O
TO-ANYE LS B B T

o A AR RS RASGRARE, L, HPmEE: b
BRAEMRAS B AR b ? AR R - I E R AR, REHARAER R, KR
FEREARBMANILERR, (HRHRAGHRE: WHIENRERERT.

SUE LSS AT A I B I Gt o . Se AN . DR R S <
JrAAFAZE M, H2 A ATH BB SR L) 0 BRR JC IR 5E 4zl % (Dhuliawala
&, 2023; Ji 5%, 2023; Xu 45, 2024),

24 KERARFE

KRB F R o 2 ) KR SO, N2 RS SRR 5 MU R 1o 22 R 245
HA AL T A 2> B0 TE FRCROCER , SR AT J5 22 1] 8504 1 BL, An 2-
OFT 7R o LA I, AT ARG 40 I R w OO R IR & A A
RBHIISCAS o X F 5 TARRE IS MO T 2 RS 508 3R

b

= | H
= |
= | ik
= | il
= | |
= |
= |3
= [
= | &
= K -

t ¢ttt 1ttt tt tit;
& [3] (2] [2] [=] [ ] (8] [8] 2 I 2]

Pl2-6 kil S BRI A e SCA 7R RE el

Figure 2-6 Illustration of text generation by large language models.

241 BiEENNH

H = SPLH] (Self-Attention Mechanism) 2 3T Transformer ZEH 1) KiES
TR A AZ O 21 87 (Minih 4§, 2014; Bahdanau 4%, 2014; Vaswani 2%, 2017)., ‘B &
— AL AN AL, (AT RR RS TR 2 ) AR AR f A7 4 B
FTIEEPEARFNCE RS o XAAILE AR VPBBAE AL B K 781 B R R =k, [H)
IHAAE 2 P2 AN R B F KR

TEEER LR, AP S i d A ST R AR R AR, X
WEFR T HZICRA R R RN, X E R A (Query) .
(Key) FME (Value) ML ATTREATH, b anifg FORAT B Y i B i i, 4
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F A B AL E A S, T E N SR AR R CER . AR L
REAT)-5 58 2 1] AR LB O AL, R P 3k A F 5 A B A (ELAT e SR AT
KR MR AR . HE R ACE T L AR T DA AR AR -

. <QKT>
Attention(Q, K, V) = softmax Vv 2-1)
Vi

Hip 0, K Vo lfUREN . 8. (1, d REMENAERE (TR,
SERIBEEE), Vd RILTIM, BTGB 2R AREMEE . softmax B
VR LB S5 AR BN AR R 20

2.4.2 Transformer Z2#4

HHl, 4Rk ZH00E S AR R /2 Transformer 4244, HAZ.O BT 4
HF {3 AL AL B S Bl . Transformer 20 2 35403 DA R JLA 4L
AR

o FIERENIE (Self-Attention Layer) . H Y= I S VAU AE AL BT 51 54
Pt , REAZAR I P 2 7 ) £ B S S M A B A I 2R o X AL
B AR P8 R RS B R T, 3R B T35 51 P R K BE 24k
[IPE$

o Z3LAMEJ) (Multi-Head Attention) . “& F VAR A [ B 56 Y 7 41 H R[]
(UE) LR SCe TP T2 AR 3k, RRIS LRI S ) 3k2E S BR ]
R HARH:

MultiHeadAttention(Q, K, V') = Concat(head, head,, ..., head h)WO (2-2)

Hilr, head, = Attention( QW2 KWX,vwy, w2, wX wY B& i Ml
Sk, B (A EREE, WO BRZ R AR, h Bk

H o
o HifhZeM 4 (Feed-Forward Neural Network, FNN) . fFHHERE 2 )5,
FEAML B R S R AR A N S I TR P A B, AU

FFN(x) = max(0,xW; + b)W, + b, 2-3)
Hr, Wy, by MWy, by 52 B3 28 R A
e JZJ1—4t (Layer Normalization ), 7& H 12 Sy A1 HiBt 0 265 1) . A A
—tk, BT RENgGdRE. HAXXCh:

IN(x) =y < et ) +p (2-4)

ox+e€
Hop, x REAIE, p & xHE, ol B xF2, e B A/NEEVAR G
PAZE, v # B v 2 S50
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o 7JE¥EH: (Residual Connection). &1 2 (HEREIMAEIBIMNE) B
ARSI A, AEEA TR IE A, AT BT RS TR 45 B R T R A )
A, Hasoh:

Output = LayerNorm (FFN (Attention(x)) + x) (2-5)

Hrp, x Z2EIEA
G _E, Transformer A2l Zhid R K EAT DARA A -

WO Output(x) > 2-6)

T
H, P(y) WA, WO IR, Ouwpur(x) B H
T 2RESE, H TG e,

T DA AL ERE, Transformer A 847 E PRAT i BE AP ORECRT AR 430 =
NEABRRPZ, WE 2-7TF7R .

P(y) = softmax <

‘ ERERE
AT 5T 20

REXERE

BiE58EZ (6,
BiR 56T

REREEE
S BT

02

01

Pl 2-7  Transformer BIRIHFTRE P S IIZK

Figure 2-7 Layers included in the Transformer model execution process.

o JiBPRAFRIZ: BE, Transformer B i — Nl A2 RF SCA P A
FRFE R B SR I R . X — IR T R A, B AR AL P B A
AN BATA] R 0 ST 1 SUAE L

o RIKPIRIZ: RBiE, FEEIE T HRIMSL & L 2 )5, Transformer 12
GONS Pas =g 1N bl s 2 NN il ST QP P P = MR DG el 21 VOB =W
R, AALRENS PR T IR E LR SO A EAE T o X — 2 0 AL B (A5
REAS TN TR W BB BRAG B3], G0 “ RScg e — T TR Z SR vl B
I R

o &JmBfR)Z: HJ5, Transformer #5224 %) AL 25740 53 1 FH S A 174 o i >
[Ea| [ T BERLAGRE T T ) PR 2, KR B TN i ) - 28 S E . AU SR
AT LB, R REIS IRAZ 2 jiTA) T R s B, AR el B sk 4 5 oA
% R R KB B R UK R
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25 FREING

AT B G2 R ORI B R AT RSO IR SE AR 55 1 18, | sl T
KRB TR SCRRR G, B OB I GRI BE D . B RS A T
BEJT . SROKEY LR SCREARRE T AR AL S5 22 ST RNz AL RE ) . 33, AEAH] TR
TR R SRR, IR SETT 7 iR B BLACAY Transformer 2844, 1M 15
R AR AT BHE AN U0 4 ST A IR R F A AL, AFEIETRANTIE
TRIEF AP — LRSS, i) ) 53R L token. $R TR, B
IO MU LR, X SRR PRI O SR AT B AR TE S AL E A R
FORJFBEER - TR SRE T B LA Transformer 2844, JX & )& RiE 51
ZREAS S A B S R H Al A B B O O R A%
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83 F BT RIEE BN K SCRHIR L Al

BIE EBTXESERRICARSLEHER

RIS KR b R SCRIR SR, AR RRAT A B 544 K
XL SR 3 A A AR A 0 . SIS A A 2 B SRl T T H AT 55
BB, BE TR U, JUHR RSO A R4, AR
BEATTRREA REIR B e RE . TR, BT e TR 7 SRS R AT B 23 B dey i P
FRMIAEE IR ST IR SR I R TR oK o 322.3. 3/ TRE R A, 414
R WFFEE BRI MG B — . Ty ELAS B ) TP AT, AR SR R SR SCRR Y
FUARAE L 18T T —F 44 4y Prompt-KEE [R50, 5758 1 sos KiE S
B R SCOURINTEAERE F7 , D8RS KSR B i 40, AT S B T e it
URIATHIBCR SCRIR SR . S8 Prompt-KEE $R i, AR5 A1) I = A
THEE T — B BRSO SL A IUE S, AR A i SEh KSR SE
RS RIE R, FAnEmE. LW E. SIS RorirsE.

3.1 Prompt-KEE 2R %R/E

Prompt-KEE $2/5 50BN Fr Be X HE s . FESB—BrEL, $nedE 4
ANFEZE: AT SHHA (Task Descriptions) . 5£{4 % X (Entity Definitions) . {£45 &
55 (Task Emphasis) F1{F457~%1 (Task Examples). fE56 B, #6514
TE, BIZ4%HE (Second Conversation ), | AT 45 Z a5 i (R /3 B EHL R L]
T REFE HFRIE . DA H RARPR R A BB g5 4 BRI, $5 B
Prompt-KEE SEHE A SCE— 20 e it ) T —2H BRI PR B, anE3-1s .

3.1 ESHIRER

ARSI — R HEAT T AR BT, DA R SR SRR U S . FLAR U,
H5E, T MR E A T AR A R SCF IR, TR A AR RSO U A Y
FIRBRERE ), AUHEXS ROORE . SIS RTRAL R, (R RIR 2SR e
A BB RICER A, FHEMENFEERN TR ) (Kong 4%, 2023;
Chung %§, 2024),

e You are an experienced astronomer, capable of easily recognizing knowledge
entities (7 celestial object identifiers” and telescope names ) in a paragraph of as-
trophysics paper. Specifically, your task is to perform Knowledge Entity Extraction
(KEE) task.

o BREMIZBFFHRLFER, ABIENIARN REMIZLLBE T ah4
RER (REARRFARZ R L) BRRIL, RERHITR LI IR F R8I
£%-.

FU, N T DR A i ) £ B R R 2R USCER M SE B, AT 55 f ik
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<Task Descriptions>

You are an experienced astronomer, capable of easily recognizing knowledge entities (" celestial object names" and "
telescope names ") in a paragraph of astrophysics paper. Specifically, your task is to perform Knowledge Entity
Extraction (KEE) task and meet the following basic requirements: 1) The output should be provided in JSON format.
JSON format example: {"Celestial objects": ["XXX"], " Telescopes": ["XXX"]}. 2) Knowledge entities in the paragraph
may have both full names and abbreviations, please prioritize abbreviations based on the semantic context. 3) Please do
not extract data from the tables and focus on the unstructured textual data.

. J
( )
<Entity Definitions>

A celestial object is a naturally occurring physical entity, association, or structure that exists within the observable
universe. A celestial identifier is a unique tag or code used to identify and classify celestial objects. These identifiers
typically consist of a combination of letters and numbers, uniquely distinguishing one celestial object from another. A
telescope is a device used to observe distant objects by their emission, absorption, or reflection of electromagnetic
radiation. Telescope name refers to the unique designation given to a specific telescope.

. J

<Task Emphasis>

1) The paragraph may contain some celestial object names in forms such as "several letters or numbers + constellation
abbreviation" or "abbreviation of telescope name + coordinate". 2) The paragraph may also contain some telescope
names represented by their own characteristics, a person's name, aperture length and address information. 3) Don't
create entities that's not in the given paragraph. 4) The given paragraph may not contain corresponding knowledge
entities. If not exist, do not output such entities. 5) Entities should be verified repeatedly before returning them. 6) Please
ensure that all entities from the paragraph have been extracted. 7) After outputting in JSON format, please provide your
reasons for selecting these celestial object identifiers and telescope names.

[ <Task Examples>
1) Examplel: Input: In order to study the periods and period variations of CVs, we carried out photometric follow-up
observations for several CVs using the SARA RM 1.0 meter telescope , Xinglong 85-cm telescope, and Lijiang 2.4-m
telescope. Due to the limiting magnitudes of our telescopes and observing times, we selected five bright CVs as our
photometric follow-up objects (UU Aqr, TT Tri, PX And, BP Lyn and RW Tri). Output: {“Celestial objects”: [“UU Aqr”,
“TT Tri”, “PX And”, “BP Lyn”, “RW Tri”], “Telescopes”: [“SARA RM 1.0 meter telescope”, “Xinglong 85-cm
telescope”, “Lijiang 2.4-m telescope”]}; 2) Example2: Input: LAMOST spectra of a PN candidate LAMOST
J004936.62+375022.8 (upper panel) and a H II region candidate LAMOST J003947.69+402059.1 (bottom panel).
Vertical lines with different colors mark the positions of the different emission lines. Output: {“Celestial objects”
[“LAMOST ]004936.62+375022.8”7, “LAMOST ]J003947.69+402059.1”], “Telescopes™ [“LAMOST”]; 3) Example3:
Input: Based on this method, many EBs with a third light have been discovered, for instance, AS Ser , AO Ser, KIC
9532219, KIC 5621294, KIC 9007918, MQ UMa, V548 Cyg, EP And and VZ Psc. Output: {“Celestial objects™: [“AS
Ser”, “AO Ser”, “KIC 95322197, “KIC 5621294, “KIC 9007918”, “MQ Uma”, “V548 Cyg”, “EP And”, “VZ Psc”],

k“Telescopes”: [1}

<Second Conversation>

The knowledge entities you extracted may not be complete and accurate, please re-extract them in combination with the
extraction result of the previous stage and experience. Emphasis: 1) The paragraph may contain some celestial object
names in forms such as "several letters or numbers + constellation abbreviation" or "abbreviation of telescope name +
coordinate". 2) The paragraph may also contain some telescope names represented by their own characteristics, a
person's name, aperture length and address information. 3) After outputting in JSON format, please provide your
reasons for selecting these celestial objects and telescope names.

Pel 3-1 9 Prompt-KEE 373380 115 UK 7 b DARF AR 8 5503 2R SO iR e 1A iy — 41

HARER
Figure 3-1 A set of specific prompts that follow the Prompt-KEE prompting strategy for ex-

tracting two types of astronomical knowledge entities: celestial object identifiers and tele-

scopes.
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R 5 TR T B DA — PP A A g A U X SR SR (E S, BT JSON A% X
(Munnangi %%, 2024),

o The output should be provided in JSON format. JSON format example: ~Celes-
tial objects”: ["XXX"], "Telescopes”: ["XXX"].

o VL JSON # X4k 45 R . JSON #& X 7= 19): " Celestial objects”: ["XXX"], ”
Telescopes”: ["XXX”],

WAL, 25 FEE RS SCHR T &8 2 Rt SR i s Mga G2, AR5
T LR SRS IR B AR A 5 I, X2 NE ARG, K3
S RO 1) {68 Y 4555 SR i vy SCAR B SR R A w51

e Knowledge entities in the paragraph may have both full names and abbrevia-
tions, please prioritize abbreviations based on the semantic context.

o BIET IR TKART R T A A L feti BN, HARIEE LT U
AF BB X

e, BT HBIZBO0E SR SR B ACPEDA PDF BRI A=
FEE (Bisercic 2%, 2023), At DAY 1SR RIS AL 1) T, AR5t
BREAUAE T A SO A IBCRIR ISR, B R T R S I A IR e — Sk

e Please do not extract data from the figures and tables, focus on the unstructured

textual data.

o I REME R PRI, £.&KIEIELE LAY TARIIE .,
312 EEENEZSE

TRYNZRIN R IE S A 73 B v BE L AR K SORIE Ty T ] BESAFAERR AR,
HVEZ A ARIES S HORE S BB E ), g A m) R . Hi, 5
PR SR RIE B R T RSO IR SEAR A HERf & SC, 35 BB B o Ay s 4T 48 &
T

B, XHESZTYHILER (Wikipedia) , % “Fik (celestial object)”
“HHitgr (telescope)” AT TS, H:

e Celestial Object : A celestial object is a naturally occurring physical entity,

association, or structure that exists within the observable universe. !

o Rik: RRZIMAETTRWMFTH P A RAELGDIZFER, KIRK R
ZEH
e Telescope : A telescope is a device used to observe distant objects by their emis-

sion, absorption, or reflection of electromagnetic radiation. 2

o BUREE . Aikfia — B WA I A K AT, BN SRR R AR AL M
HagiR &,

LR 52 X https://en.wikipedia.org/wiki/Astronomical_object
2HH LR ) RF X https://en.wikipedia.org/wiki/Telescope
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HE, EXT “RETRRFF (celestial object identifier) ” DA “BEitHi#
& (telescope names), Hfi:

e Celestial Object Identifier : A celestial identifier is a unique tag or code used
to identify and classify celestial objects.

o RUEBRIAFT : RAATIRA A RoE—AF IR R I 209 LR KRBT .

o Telescope Name : Telescope name refers to the unique designation given to a
specific telescope.

o BLURBIHIR - ARSI L T BayvE—ARIR,

TENERORE, TR 064 S BB, KR I2R T R R AR,
40 Sun . Vega 33X FhIE 230 3 9 FR R KA 4 Fr, 1T LAMOST J004936.62+375022.8
AS Ser &5 SGEH PR N RATR AT 017 ERTE SRR, SR e
i KA IRAFVE N B AR . AN, ASSORCA TA% X BRI A4 R . HABUL
WO A4 FRAE R R B B 485, Blanok RIKAR 2 B bRt e tnk R S C i
(LAMOST, Large Sky Area Multi-Object Fiber Spectroscopic Telescope ) . 4 FR K4k
& T#{Y (Gaia, Global Astrometric Interferometer for Astrophysics) . HrfE%F
fLiK  (SDSS, Sloan Digital Sky Survey ) ; 5L b, {ERFAIFSEH, KA
WAL ENTZ BRI ZE R, H, 78RO X LeARTERAE PATF 2 B % 5
L. i, R T O SRR L g, A SO S R R E A G — H N F
BB .

313 FRESRER

TEX—F4y, AR5 E TR A T KIE SR BRI T R SRR SE R B
55 B 75 B 1 S A R R AN R AR, X ER A A H B2 s AR
TR AT AT 55 I 1 TR dE R BE 7, AR TR RE A% B U A b TH AT U 2
) SEAA

B, ESEARAREKSARSIRREA, W AT NPT + £
ARG . UL AR S + ARFR” 4, Il AS Ser. LAMOST J004936.62
+ 375022.8.

e The paragraph may also contain some celestial object identifiers in forms such
as “several letters or numbers + constellation abbreviation” or ”abbreviation of tele-
scope name + coordinate”.

o BRAEFTTRILAES LA “FFAFEHRMT + ZREHEE” X 4
ML GRS + 47" F X ER 0 RAIKARIRAF

Hok, Bl v DUEL B SRR AL b E B DR K B4, a0
KRXEFRZ H bt er e R e Hiss (Large Sky Area Multi-Object Fiber Spec-
troscopic Telescope, LAMOST ). £l - 35/ 21745 (James Webb Space Telescope,
JWST) . iYL 2.4 K24k (Lijiang 2.4-meter Telescope ) . X 285 JF S {iL AR Y
TEAL R SCAS IR 513 T 0k 28 R -5 R AR RA R B e 58 4% PR e A o
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o The paragraph may contain some telescope names represented by their own
characteristics, a person’s name, aperture length and address information.
o EHELFTHROLA-ENAAGHR. AL, TEREFIE LG L0972

AN, AR5 SRR ] B AR R R 8 R S A S R 2 MR AR R S, A
2 TE iy VR AR (Gero 4%, 2023; Dan 45, 2023).
Entities should be verified repeatedly before returning them.
B FARZAT, FATE NEAT 5 ORI,
Please ensure that all entities from the paragraph have been extracted.
AR R P ARICE T AT A o9 521k

After outputting in JSON format, please provide your reasons for selecting these

celestial objects and telescope names.

o fEVA JSON #4 X4k &, & DL th iX 2 RAKARIRAF Fo 12 45 % AR89 R
A

5, RS TS HEA 2R . RiESEANE S M IAT]
FERLIW MR, X7 2R TR AU BB 3 SO AR SE 14645 B (Wang 45,
2023). BERFEALFZIPOH S SLAA R U, BEAE Y B R S AR A e 26 R AR S A AR 2
RS RR, 5n Ho tHACR (Zhang 2%, 2022b; Huang 4%, 2023).

e Don’t create entities that’s not in the given paragraph.

o TRAEHTERET RAEENFEAR,

e The given paragraph may not contain corresponding knowledge entities. If not
exist, do not output such entities.

o LE B ET TR LA A 4o iR Ak, o RIX AR, 5 R R4 A e ot
N

o After outputting in JSON format, please provide your reasons for selecting these
celestial objects and telescope names.

o fEVA JSON #& Xk B, w351 8 RAKAFIRAF Ao Z L 50 & by &
A

3.14 ESTHIER

R T AR RIE B AL ) K SCHIR SRR T 55 M A 2 4 s s, 4155
ANBIERML T — RSB R B Fe AR AL . X R B B AR SEWATE 55 5,
15 BB B L R M AR R SO SR B i 44 BN DA S BEATTHE B R SCH R &, A
M2 E B A ER 2R (Levy 45, 2022; Su 45, 2022; Ye 4%, 2022),

Hrp, B siamtl, s 7T RIS, Wad TRIEGEAR. H
Hr, RUEPRIRFT 2 2 A PR S AR g 5 48, 1 B2 i 44 R 32 B |
EAT RS HALE M O 25E B K. X =A/RB4] 5% HHan 55 (2018),
Zhang % (2020b), #1 Zhang % (2020a) [#E3C.
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o Example 1:

Input: In order to study the periods and period variations of CVs, we carried
out photometric follow-up observations for several CVs using the SARA RM 1.0 meter
telescope, Xinglong 85-cm telescope, and Lijiang 2.4-m telescope. Due to the limiting
magnitudes of our telescopes and observing times, we selected five bright CVs as our
photometric follow-up objects (UU Aqr, TT Tri, PX And, BP Lyn and RW Tri).

Output: “Celestial objects”: [“UU Aqr”, “TT Tri”, “PX And”, “BP Lyn”, “RW
Tri” ], “Telescopes”: [“SARA RM 1.0 meter telescope”, “Xinglong 85-cm telescope”,
“Lijiang 2.4-m telescope”];

55 AR BN ER XS KA J3 —Fh 2 fin 44 0720, X B BRHATE 5 H BT
TR 48 5 2 AH K A bR A 4R

e Example 2:

Input: LAMOST spectra of a PN candidate LAMOST J004936.62 + 375022.8
(upper panel) and a H Il region candidate LAMOST J003947.69 + 402059.1 (bottom
panel). Vertical lines with different colors mark the positions of the different emission
lines.

Output: “Celestial objects”: [“LAMOST J004936.62 + 375022.8”, “LAMOST
J003947.69 + 402059.17], “Telescopes 7 [“LAMOST” ],

R T IR B AT 55 1 PR ATl R B A S B 44 AR
A AR, THE%ﬁiﬁﬁﬂgﬁJHjﬁél_%téﬁiﬁo 1_$¢szf¥§ﬂbﬂ:ﬁiﬁéﬁ‘_JﬁnfTﬂiﬂ%J:
I ICE SR AL BEAN [RI SRR SRR SE A, BIBEAE R e S Ay 5wl
RUE IS TR LR

o Example 3:

Input: Based on this method, many EBs with a third light have been discovered,
for instance, AS Ser , AO Ser, KIC 9532219, KIC 5621294, KIC 9007918, MQ UMa,
V548 Cyg, EP And and VZ Psc.

Output: “Celestial objects”: [ “AS Ser”, “AO Ser”, “KIC 9532219, “KIC 5621294,
“KIC 9007918, “MQ Uma”, “V548 Cyg”, “EP And”, “VZ Psc”], “Telescopes”: []

315 Z®INEEE

KIBEE B ENE IR, FE5— UGS FE o] BR A7 7RSSR it
ﬁﬁﬁ@%%%ﬁmﬁmw,I%Thmﬁ%$mﬁ?*?%%%ﬁﬁo

— B B E R S B B2 51 SR F G 58 il ) B A R A T gk A

Y IET] ﬁfmﬁm#%ﬁuﬁm%uo%LLﬁﬁﬁ,ﬁﬁT%i%%
B IE 54 Bl (Retrieval Augmented Generation, RAG) (Huang 4, 2023;

Gao 5, 2023), M MT$ =R SCRITH S A R RG A E

o The knowledge entities you extracted may not be complete and accurate, please

re-extract them in combination with the extraction result of the previous stage and ex-
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perience.
o TRIBING S0 iR TART RE TR TR T A, Fss A Al — a9 iR I R Ao
ZIE I,

32 MAMXESHEENE

EEIDTNWNESE D EIDEIESS EAS I EE e siliUp N EEIVAiE P&
SR R SRS EOT 7 28 O 2 . S5 BV A5 Ah AR SR R R, AN SCEER
TR H B 22 OEE R, 73502 Llama-2-70B. GPT-3.5. GPT-4 7l
Claude 2, FH HAFXTE N ZEAGRE R YIGRALH DA SR R SCFSCA A3 A v i 1
BT T4

3.2.1 Llama-2-70B

Llama-2-70B & Meta 23 & *JF & i) — e O RIB S B2, &2 Llama 2 &
B (345 7B, 13B fil 70B =FpifiAs) pyHdz—, #A KL 700 {4240
Llama-2-70B i A O e v B B RN A, RRAS AR 2 Fh S5 i il 3 v RS
S ESGT. BARKUL, Llama-2-70B 7Edtt . Fes MRS 2T 55 R @,
[Fi] B8 22 [l 6 00 35 0 22 SORY #9281 5 B S T e S AT 45 vh Je iR Hh i ok
AEJ]. IEE BN, MRAE S5 AR B RIS, R EX Gk
FANERAE 51 (Touvron 45, 2023),

Llama-2-70B iX £85i K g 15 a0 T H B B NTERME. 58, BEXRH T4
ifyEE J) (Grouped-Query Attention) AL, XFhHARA B THI8Y T & afchbab
HREMFEL, 5 THEAT EE. HIR, Llama-2-70B HABKH)_EFSCH
I, BEfBALFRAC A 4096 4 tokens [HI A, X BEFETF T HAHK AR fE
WA, BRI GRB BE i TRk B AT RIEREE, S X i Se s )
WA S, FERFA T INGER R R, W58 Tz e T, WD THHER)
IR A o

Llama-2-70B £ F3X 28 Py FE O 35l B A RS0l N — AR R i T
H (Nguyen 4, 2023; Perkowski 45, 2024) . [ifi 5 K SCSCER R AR B K AR ATZ
i, Llama-2-70B A3 S 7EHE S R SCEHIHE K SR8 5 TR A B s ZE g /E A

3.2.2 GPT-3.5

20224 11 H 30 H, OpenA’ %1 T GPT-3.5, 5 —[fl &1yt 4 ChatGPT,
ChatGPT {E>4 GPT-3.5 WA A, J&—3KI M AR BRI R N, —& K
A3 T et iz X3, 80N T %6k AL 448, GPT-3.5 2 GPT-3 &

3Llama 2https://llama.meta.com/llama2/

“Meta A 7] B M https://1lama.meta.com/
SOpenAl /A 7| B Mhttps://openai.com/
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FCHIHER A, B AR RERI AR T TGS T BRI AR T, %A R
M T ety Transformer 2844, (I RHIBIRG M 0T . 4. 4EEH BSOS
AT SR, iR T IEEAE SRR, R B AR A o AU R

db =
SRS

GPT-3.5 AU I Zadt F2 43 PR A B - P ZRAn i o ZE PN ZRB B , ALY
T 1 T 2 3T K AR A R, T e B B ) e A M e ST it — 2
AT, A o Gy b [ AR Y 5. X — RIG R I 2SR s (15 GPT-3.5
B 2 AE, R SORER. FE. fFE. MEERSGEZMES. F,
XWERE T GPT-3.5 #1145 235 ChatGPT. GPT-3.5-Turbo. code-davinci-002 ¥E A
[RIARZ AR

4k, GPT-3.5 L E &AW LT CHE A, B GPT-3.5-4K. GPT-3.5-
Turbo-16K, 4} BIGENSALTE 4096 F1 16385 /> tokens (24 3072 F1 12289 4™ BAiH]
100 tokens =75 words” ) i A® . B TR SCET H TSR A B SCA TS T
PIRESI L MR, AP PR AR A A S 45 A B R SCR &R .

GPT-3.5 {£4 GPT R4 1— AW, NMUER AR ZEBUG 785,
AR Y i R R T 3 K S Y B 7. BRI B AR S A H U,
W TR BRI Ty ), (R 3 G0 R SC 2R S5 52 it 5 AU ) SCAR Ab P T AR
HETALE.

R GPT-3.5 pyZhfesi ok, (HE By A A R R . Hids OpenAl 19
W%, GPT-3.5 (3% H 2R PE A RIBZ AL FLE token ZUEH1T1H3Y (%
BT B AT 27 OpenAl ‘%10

323 GPT-4

GPT-4''J2 OpenAl 4k % 7ii GPT-3.5 2 J5 i) X — HALRAR AR A, FHF Al
BRI R, RAE GPT-4 B3R L RIS, A% id BRI SCA K A4
SRR JE I, B E RERS PR AR PR 2R A X (Achiam 45, 2023), {H P i > 1
PRZ RGBSR, 3 32 B0 R B i KA SCA A MR BEAE A7 . AR
TEPL St R L3750 rb . GPT-4 IRE Iy AT BER To k5 A Mt s, (AEfr £ &
A AR BN L A, B B 2RI NI, B ANTERBTI I 54 2% 1
Hr, GPT-4 [ Gt HE et A Bl 10%(Katz 45, 2024).

5 GPT-3.5 2:{bl, GPT-4 [RIFEHA AR Z RAFIAN[H 1R SCH D BL & . GPT-4
O, R BIE I GPT-4-32K A (SERpAFE K 32768 4 tokens, £ 24576 4
HH]) |, ARG E KIE SR BE A PR R SCAREE e 1A T B8 1 Tt

SGPT-3 ‘E M https://openai.com/blog/gpt-3-apps

"Token Tt AT https://help.openai.com/en/articles/4936856-what-are-tokens-and-how-to-count-them
8GPT-3.5 {#21{Z L https://platform.openai.com/docs/models/gpt-3-5-turbo

90penAl 7 i1 7 Zhttps://openai.com/pricing

10Token 14475 # https://platform.openai.com/tokenizer
""GPT-4 ‘B M https://openai.com/gpt-4
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GPT-4 Turbo &%l 128K [ F 0B 1 (A FEA 2 128000 4 tokens, £ 96000
ANEIE] ), (A EREE AR 24T 300 2 T SCARI NS, X0 T 75 B AL A
PR K SRS B S B2

SR E, GPT-4 FEALHK SCA T TH B A SRV AE ST, (BRI AL H K1Y
RICZEWFFTIR S, XX Tl L) 2 1 SO B SOR IR AR A 2204 K SO 4 A1
PEZR XEE, A, GPT-4 JeitpgHERRRE JJ A B0 51 K SCSCrk H &= 7% HLI
RSLARGE R . 2R, MHIET GPT-3.5, GPT-4 [ APL M4 5NN &5 51

3.2.4 Claude 2

4k GPT-4 fEI 2 LM AR 2 5, N TE RS Rk T3 &
325 H IG5 B8 ——Claude 212 %2 1 Anthropic AT %, FEIEZ 7T
JEI T H A ERE, R AERTESCAN T il AR SR TR IUC
(Caruccio 4%, 2024),

Claude 2 Y ZRiEEHER Z PR R B, A0FE BB IR0 X% 20
2. W BEE . 5L RIS DA S B 2 R U R A A, R T
A A () ST ) B A AN A 7 RE

5 GPT-4 Z5{bl, Claude 2 tHREMSACPRME K SCAS, I HAEIX J5 T £5 2 ik T
GPT-4, Claude 2 [/J_I F 3C % 1A DA 9K tokens 3™ J@& 5| T PILER 200K tokens'
RS H 1 AT ICAAN S FF 100K tokens , {HIX—f8 7 f DA BRS04 4b 7L
LR -

I B B A5 Claude 2 BBAE 1A R SCOTE N I S TR, FRileErE
K el 2R S SCHR ) AR SRS T

gr b, B TRk SUAR R (1) 45 HRCAS (5 2R3 1 E ) R DA B A SC S5 1) S B
TSN, R APEEE T Llama-2-70B ., GPT-3.5-4K. GPT-4-128K #I Claude 2-100K, &5
PR, N T AU RIS, A SOk 4 —# ] Llama-2-70B, GPT-3.5, GPT-4
FI Claude 2 45 i LU 1) 2 WUAS

3.3 SEEEMK

AR /NI T DR OB I ST R TRAIRZR RIE S AR AU RS A IR LR SR
55T ) SRR T 30 MR R SCAESCHR, M T A SOOI S SURSEG
PHFPER AR . DATE B 2% KR S AR token FR o SEI0 R ] DU A 32 iR 1E S AL,
HeiaZMAGieR, BTEPRNE TR BOR SOOI AR & 5214 J7 T 9 RS iff 2 A1
AR . BT X SSLIR I 45 R, A SR I RIS S AR AR AL B Ik RS
BRI DL B FIRAR, AR A0 N R 4G =2

2GPT-4 {41115 https://help.openai.com/en/articles/7127966- what-is- the- difference- between- the- gpt-4-models

BClaude 2 F Mhttps://claude.ai/chats
YClaude 2 i#41{Z H https://www.anthropic.com/claude
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33.1 HR&E

R T AT P RS F AR AT SRR AT 55 O BE Sy, AR SCHHRR 00 A v
Vet TR SOoEk . Koy, B AU PRI T RSUR SR R S, Bl
INRARARRFFFI B B A PR, DAL h AR LSRR SR A . 735, i
PRIEFERY SCRWFE UL Al e 2 A 35 K OC & MH e 7 9il, BiEE R, B
B.TES; FNRFRZEAE0E. S X RS R M E, SREEaESE
REAS TE R RSO R Z R S5 20 . IEAh, BTk SRR . ZHRE
W7, WATE, XX TP SCA RS . HERR IR AR BOR SCRITH SE R 22 K
B AR B AR R TR, AN SCE TR B — R A A RBAS ELIE R IR
B AE R S SCHR TP DA TR R S AR AL 555 )

A SCM R S 22 AU T ok o Bkt T 148 R 1 30 A SCik, XLl
1T 4135 Astrophysical Journal (ApJ) ', Astrophysical Journal Supplement Series
(ApJS) '®. Astronomy & Astrophysics (A&A) 7. The Astronomical Journal(AJ)'® .
Monthly Notices of the Royal Astronomical Society (MNRAS) '°#il Research in As-
tronomy and Astrophysics (RAA) 2,

SR, SS9 GPT-4 l Claude 2 B MK R SCAEERE )y, EATREW 2K
token £ H /& PA— IR PEARAT R SCCIRZ IS BERY SCA, {H Llam2-70B I GPT-3.5
H Hi S H#1Y token £ H W AR TGRS HF . $ BB SE R B K token 8 H R H K
A3 SCHRSCAR R B SOE E R, X R GICHE S B B ) . %
J& % Llama-2-70B F1 GPT-3.5 S HFI1) K token £t H 1 DAE B SCHR H ) BE K3
PRIt , A S BE B 1) IO e o g s SCRRAEAT T 4981, e RARJE R B R SCE Ly
R GERE . St AbH, X 86 Sk 43 i 20 1 100 AR B, TERL 30 Bt
T SUAREES .

zi b, ARSI TR EIAEAE B 30 f SR Y 4 SCUAS R AR AT 8 S
BRI By SRS B8R4 . FRBROLIePR s S iy B ), A SO0 He v 0 35 1) KA R
AR T A AR AT TARYE, 43 BIFRAS 446 T RAKFRINAT AT 224 T 22 1t 4 44
Ko DELECHRAY DOI DA S BAR IR SER B &8 A% 2 v [ i U R S e S 8
TEek e, - SAhttps://doi.org/10.12149/101357, & 3-2)&R T Hd— AR R i .

332 XWIRE

AN AT LA T TXT et . BI3-316H] T Se i . g
“Descriptions ({f§i£)”. “Definitions (5 % )”. “Emphasis (5 )", “Examples (75
%i1)” i1 “Second Conversation ( —#&X145)” 43 77~ Prompt-KEE $& 7R 56 % FH 1)

1S ApJ ‘E W https://iopscience.iop.org/journal/0004-637X
16 ApJS ‘B M https://iopscience.iop.org/journal/0067-0049
7 A&A ‘B Whttps://www.aanda.org/

18 AT ‘B M https://iopscience.iop.org/journal/1538-388 1
YMNRAS ‘F W https://academic.oup.com/mnras/

2RAA ‘B Mhttps://www.raa-journal.org/
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“paper 3": {
“DOI": “10.1051/0004-6361/202244417",
“entity”: {
“Telescope name”: [
“SDSS”, “ROSAT”, “INTEGRAL", “Swift", “2MASS”, “Hubble Space Telescope”,
“James Webb Space Telescope”

I
“Celestial object identifier”: [
“SDSS J110511.15+530806.5", “small magellanic cloud”, “RX J0439.6-5311",
“IRAS 14026+4341", “Milky Way", “PG 1211+143", “PG 1048+213", “Mrk 509",
“RX J0439.6-5311", “PG 1115+407", “Ark 120", “PG 1448+273", “NGC 5548",
“APM 08279+5255", “PG 2112+059", “HS 1603+3820"

el 3-2 SCHRA R SO SE A brTE 7 Bl

Figure 3-2 Example of astronomical knowledge entity annotation in literature.

PiZk “Task Descriptions ({E454#iA)”. “Entity Definitions (SZfA%E X )7, “Task
Emphasis ({455 )7, “Task Examples ({£47xf)” F1 “Second Conversation
(ZH%HE) 7.

HE, HTAESHA S SRR, FERLFSi 5 MR ERMES,
PR A R BB O F BB R R SR B 52 . 3K 2020 & A0 45 -

1) Des_Only: (LS AMER “AT55HA"

2) Des_Def: “fL554#iid” 5 “SLffE X7 BHA;

3) Des_Emp: “fE55HiA” 5 “4EHSEL” MHA;

4) Des_Exa: “fE&54#id” 5 “4E5/nm01” WAHA;

5) Des_Def Emp: “fE554#iik", “Seikme L7 f AR5 E S MAHE;

6) Des_Def Emp_Exa: “fE55HiiiR”. “SLikE 7. “UE55EA” Al AR5 m
B” A

7) Des_Def Emp_Con: “fE454iA”, “SiffE L7, AR5 E " Fl « 4%t
RO RS

8) All: “UES5HEIR” . “SLfkgE 7. “UESEN” . “AESRBI” F o« 5%t
W A

TR SC B2, WFFE N RSSO0 SE R 1) SO 45 i s AR A RTE &
B A IR ) HARCE S AT, MESESERBIE, Hui#Es KiE
FEAR R V] RE S R I 2 A 1 (Zhao 4%, 2021; McKenna 4, 2023; Shi
&5,2023); BHIL, ACFEHEG4). 6) FI8) HABIIMAT “UES5AE” KEHE
EAPRTREME. HeAh, ARXHE R FRURIATR 0 ARSSE A, B DAAH R
BHAT) 8,

G AL AP FRR R A, K 30 fm TR 2 SR B A4y GPT-4 F
Claude 2 JFA7555; X T 30 fm SCER I Bo s SCRSEAERSE, MG aiXtd G
PUREE AT H A% Llama-2-70B . GPT-3.5. GPT-4 £l Claude 2 1., T EH B2,
XfF Llama-2-70B 1 GPT-3.5, ME& SCASE G BHESE H i BN R SRR 2 4
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Descriptions Definitions Emphasis Examples Second.
Conversation

36

]

'
Combination

Pre_Only

1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
: Descriptions :
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
.

Pre_Exa ]

1

1

1

1

:
1

1

1

1

:
1

1

1

1

r 1 1 r
E Pre_Def Emp ] I Pre_Def Emp_Exa | | Pre_Def Emp_Con | - All .
] 1 1 i 1 I i
1 1 1 1 1 1 1
| | ] | |
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(3-1)

Precision =

TP
TP + FN

F1 Score: JUARMEZREHRA MR GREFFHME. 1B — LGN+
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Recall =

(3-2)

' Precision - Recall

F1 Score =2 (3-3)

Precision + Recall
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#*3-1  GPT-4 fil Claude 2 53 5 /A FREL & P73 A 30 G SCHRI 42 SCrb S IRUR (b5 B
BLZBE A PR RN ARSI S R

Table 3-1 The results of GPT-4 and Claude 2 in extracting two kinds of knowledge entities,
celestial object identifier and telescope name, from the full text of 30 articles using each
of the eight combination prompts individually.

Celestial Object Identifier Telescope Name
Combination Prompt
Precision Recall F1 Score Precision Recall F1 Score
Des_Only 0.7913 0.4081 0.5385 0.8112 0.5179 0.6322
Des_Def 0.7813 0.4484 0.5698 0.8145 0.5449 0.6530
Des_Emp 0.8118 0.6480 0.7207 0.8540 0.7054 0.7726
Des_Exa 0.8309 0.5179 0.6381 0.8125 0.5223 0.6359
GPT-4
Des_Def_Emp 0.8504 0.6502 0.7369 0.8549 0.7366 0.7914
Des_Def Emp_Exa 0.8420 0.6569 0.7380 0.8684 0.7411 0.7997
Des_Def_Emp_Con 0.8713 0.6682 0.7563 0.8763 0.7589 0.8134
All 0.8739 0.6839 0.7673 0.8769 0.7634 0.8162
Des_Only 0.7456 0.1906 0.3036 0.6951 0.2545 0.3726
Des_Def 0.6912 0.2108 0.3231 0.7142 0.3571 0.4761
Des_Emp 0.7083 0.4193 0.5267 0.7952 0.5893 0.6769
Des_Exa 0.6987 0.3587 0.4703 0.7059 0.3750 0.4898
Claude 2

Des_Def_Emp 0.7410 0.3722 0.4955 0.6927 0.6741 0.6833
Des_Def_Emp_Exa 0.7892 0.3946 0.5261 0.6748 0.7411 0.7064
Des_Def_Emp_Con 0.7500 0.4507 0.5630 0.7255 0.6964 0.7107
All 0.7955 0.4798 0.5986 0.7652 0.7277 0.7459
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Figure 3-4 Comparison of precision, recall, and F1 Score for GPT-4 and Claude 2 in extract-
ing celestial object identifiers (COI) and telescope names (TN) from the full texts.
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B M CR A S TR AR AR RAFIIRCR « 3 4b, R RS R AT A B i
AR BGSCR FT AR L, GPT-4 FEX AP SEAR_F )R BB AH T, 177 Claude 2
MR BT LM BACRUL, GPT-4 4 UG A PRI HCRIS LT, B2 Bk
BN T Claude 2 $2 B T 44 FRATRCR SR E it i T HE BUR PR
FFROR , JUHZ A 113 H1 F1 Score.

o, TEMAAGHR RGO T, A EER AR T TR . X R,
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342 KREXAEGHESEIRERSSH
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30 fim SCHR I BV SCAS SR A I 4R Hh Al O AR TR N B2 978 455 44 R R o AR S 1
IZESR . FERIZ-5, 43 FOAE T HAS B % . A [ F1 Score =FiTM4a4r. 7F
Xk BEZE B LU A BT rh, A/ N5 T ILAS R 5L .

Llama-2-70B 7£4 [ Z  TH R LT, JoH A E G4 P8 5. JR1M,
BBTEAG IR TR 2=, Bl “DES_Only” F “Des_Exa” WIIZH &R
SRR B RAKRFRRAFHHYA 0.0450 F1 0.0320, 3% 55 F1 Score B MR BEFHIAIL -
X FEPH Llama-2-70B B 8K GEA% IF A 17 50 KB 1 AH AR S ik, [R5
PR IR SC R, W H, X FE ST A AR PAAEAE, Ui
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#:3-2  Llama-2-70B. GPT-3.5. GPT-4 fll Claude 2 4} Fl AR 4275 30 55502211
B A A SEUR TR bR ARF R 2L B2 A BRma A LS AR i 45 21

Table 3-2  The results of Llama-2-70B, GPT-3.5, GPT-4 and Claude 2 in extracting two kinds
of knowledge entities, celestial object identifier and telescope name, from the paragraph
collections of 30 articles using each of the eight combination prompts individually.

Celestial Object Identifier Telescope Name
Combination Prompt
Precision Recall F1-score Precision Recall F1-score
Des_Only 0.0450 0.6687 0.0843 0.1341 0.7098 0.2256
Des_Def 0.0680 0.6816 0.1237 0.1381 0.7232 0.2319
Des_Emp 0.1100 0.7085 0.1904 0.1861 0.7768 0.3003
Des_Exa 0.0320 0.5897 0.0607 0.1121 0.6429 0.1909
Llama-2-70B
Des_Def_Emp 0.1330 0.7197 0.2245 0.2100 0.7500 0.3281

Des_Def Emp_Exa 0.0930 0.6099 0.1614 0.1450 0.7634 0.2437
Des_Def_Emp_Con 0.1563 0.7197 0.2568 0.1912 0.7723 0.3065

All 0.1337 0.6300 0.2206 0.1591 0.7188 0.2605

Des_Only 0.2902 0.7197 0.4136 0.3605 0.7500 0.4869

Des_Def 0.3322 0.6928 0.4491 0.3707 0.7232 0.4902

Des_Emp 0.5105 0.7646 0.6122 0.4101 0.7946 0.5410

GPTA.S Des_Exa 0.3101 0.7287 0.4351 0.3723 0.7679 0.5015
Des_Def_Emp 0.5404 0.7803 0.6386 0.5112 0.8125 0.6276
Des_Def_Emp_Exa 0.5703 0.8094 0.6691 0.5903 0.8170 0.6853
Des_Def_Emp_Con 0.5505 0.7332 0.6288 0.6111 0.7857 0.6875

All 0.5906 0.8184 0.6861 0.6301 0.8214 0.7131

Des_Only 0.7804 0.7489 0.7632 0.8026 0.8170 0.8097

Des_Def 0.8455 0.7242 0.7802 0.8251 0.8214 0.8232

Des_Emp 0.8474 0.8094 0.8280 0.8414 0.8527 0.8470

Des_Exa 0.8313 0.7511 0.7892 0.8326 0.8214 0.8270

or Des_Def_Emp 0.8518 0.8117 0.8313 0.8458 0.8571 0.8514
Des_Def_Emp_Exa 0.8414 0.8206 0.8309 0.8727 0.8571 0.8648
Des_Def_Emp_Con 0.8535 0.8363 0.8449 0.8744 0.8393 0.8564

All 0.8536 0.8632 0.8584 0.8694 0.8616 0.8655

Des_Only 0.8208 0.7085 0.7605 0.7702 0.8080 0.7886

Des_Def 0.8029 0.7399 0.7701 0.7883 0.7813 0.7848

Des_Emp 0.8005 0.7915 0.7960 0.8210 0.8393 0.8300

Claude 2 Des_Exa 0.8234 0.7108 0.7630 0.7712 0.8125 0.7913
Des_Def_Emp 0.8009 0.8206 0.8106 0.8000 0.8571 0.8276

Des_Def_Emp_Exa 0.8408 0.8408 0.8408 0.8430 0.8393 0.8411
Des_Def_Emp_Con 0.8518 0.8117 0.8313 0.8514 0.8438 0.8475
All 0.8444 0.8520 0.8482 0.8319 0.8616 0.8465
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Figure 3-5 Comparison of precision, recall, and F1 Score for Llama-2-70B, GPT-3.5, GPT-4

and Claude 2 in extracting celestial object identifiers (COI) and telescope names (TN)
from the paragraph collections.
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Figure 3-6 Comparison of precision, recall, and F1 Score for GPT-4 and Claude 2 in ex-
tracting celestial object identifiers (COI) and telescope names (TN) from the full texts

and paragraph collections.
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$4E HeHHBMBESKESEEGENLL

N T B T IERGEF R AT R SCRIR SR S LTS, AAErZialif
FRHE SRR PO RS AR PO R P RCR , IR S35 1 S 45 SR ok
PR L o X B85 IR 1.2.3/ N RS R TR S ARl U 78 BEAR 42 31 0 B
TR BEFALa T 0 . PASGEST /NI 28 SRR A

4.1 HEFENSE
4.1.1 EFHNE A%

L% 2010 4=, DIIN REE7E R Ar24 ALy B9l A T— Mok
1 50000 N IEMERR X LS, BFEM SR PERBUS AT EEZ 1) RAKFR AT it
142, SIMBAD %A 2k DIIN #)35 B] A 1 DA Ik 26 1F ) 0k i SR B =X,
X E RS A EATESE SIS VA R A TATH . AL, BAR Bk AER L
SN 352 £ M AE G LAl B T R i gl R R 2R B2 A R Hon] ARE e 48T,
HH I EA — MR BRI S F 2%

R, A SCfE % T Lesteven %7 (2010) T L &5, BT T —E0 4 116 4
PLRMAFFIRSF (U LAMOST J151003.74 + 305407.3 . NGC 1866) [ BN, F4-
125 7 AH % 19 1 Wk PR B Rl . 1 B2 45 44 F1 (41 Hubble Space Telescope .
Arecibo Telescope) [FJ$2H, 2SSOSR A =L DCECRY) vk, Horp A 53 45780,

# 41 IEWRGE APLRCR A br AR Bl

Table 4-1 Regular expression matching examples for celestial object identifiers.

IE kA PURC 45
LAMOST\s+N\d{6 \\d+\s+[+-]+\d {6 }\.\d+ LAMOST J075807.54 — 043205.3
[A-Za-z]4+\sNd+ NGC 1866, HZ 3, Ton 927, HD 213893
TYC\sH\d+[-]\d+[-\d+ TYC 4895-599-1, TYC 170-779-1
[A-Za-z]+H\sH\d+H\s* [+-\s"\d+ KPD 0033 + 5229, IRAS 14026 + 4341, PG 1115 + 407

412 EFNR[FINAGE

AR SCHEE T HE T AR A S O R P R RS (MaxEnt) SREEFTSCIRXT L
B AR SR B 5 e dpoh B M TR —

F FIZA ARG RO UR SRR SR I Rl B2 2 A i 5E R s B i A b
TR RSO R . I, A SRRt & RARAR IRAT I B IL 5 44 FRARvEI) DEAL
BAREIERINGRERE . TEERENZ, RS, “Celestial Object” ({4
2510359 i) SEARZEFINT N T4 SR “celestial object identifier”, B RAKFRIEAF;
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Classifier ZEFNH B X R E5E T 1AL A I RN B 2 S Bl il A

4.13 HEF/IAEESEENAE

7% Alkan %5 (2022) TAERY B &, A C%k#E T PyTorch HuggingFace [ SciB-
ERT % (Beltagy 2%, 2019) [ scibert_scivocab_case JIg 45 /5 b 3 F /N 1B 25
RV FATSE TR R H . HiT scibert_scivocab_case AN IR AL A R B RF221E
SCHIERHE BT T RTINS, I B T 50 RkASus O el 22, A
M BEAE 5T 4yt PR A P R E AR TR A & . R, 0 ARSI AL A T, mT DA
O — DA, REOE TN B 2R SCSCHR A MR SE A BT 55

TERORPT B, A SCURSEfd 1] DEAL (55 (Grezes 4%, 2022) 3K 58 il 26 TAE
H B T 38 B BERT B2 [y 5 K SCA P K FER R H (G & 512 /> tokens) |
AR T Dokng . FEUIZRIT B, ARSCRE T 30 WillZkfe sk, whfrisiad
B hFE RS 3] DEAL S48 h 1 44F

42 XEEWESLERSH

H1 X 2875 VR RE IS AL PRI SCAS S JE IR, Sy T ORIEE AT R Hh 2R
A DAS DU RIS SR AL PR IS R AT IR, ARG £ 1 30 & Sk
By SO A BRI EA1E B TR A, S5RIE SRR s SO 4
AR PR UM SSAAR ) AR S, X B0y YRR 58 LB SUAR SR UG
TR TEH . RELH,

X PURP R S, A R3-2H I T B A4 B ey F1 Score firfE )
H PRSI 45 R RAE F LA B . 36 4-2/8/R T Llama-2-70B . GPT-3.5, GPT-4,
Claude 2 PAJSET M (Rule) . Rzl (MaxEnt) F1 SciBERT =Fh 75 VAR)
PEREXS E o 4= 1 ] 4-2 2 3 28 5 543 S B AR AR R AT RN B 58 44 PR PR RE AT
Foo DA @R eEATng ke A B A BRI AT T 4047 .

PERE - M 3-21 F1 Score A DAMEGE HY , JTHIN By 07 VAR B RO JRiABE 28 1 2 £
PEREA] AR T PUMRIE S B ML Z N, /R4E SciBERT 7Ry 252 (4 Lt # a3
B AT Llama-2-70B , {H 2 HoRE #4201 F1 Score B H AL . HAK3Ki%, SciBERT

'DEAL J: 24T 45 (14725 & Y https://ui.adsabs.harvard.edu/WIESP/2022/Label Definitions
*DEAL 4545 12441 4 https://ui.adsabs.harvard.edu/blog/ads- models-and- datasets
SDEAL #3245 T #k ik https://huggingface.co/datasets/adsabs/WIESP2022-NER

1 SRiE S TR/ ZBhups://www.nltk.org/
SciBERT 5%l https://github.com/allenai/scibert
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Performance Comparison for Celestial Object Identifier
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Figure 4-1 Performance comparison of four large language models and other methods for
extracting celestial identifiers.

Performance Comparison for Telescope Name
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Figure 4-2 Performance comparison of four large language models and other methods for

extracting telescope names.
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Table 4-2 Performance comparison of four large language models and other methods in
extracting two Kinds of astronomical knowledge entities, celestial object identifier and
telescope name, from paragraph collections.

Celestial Object Identifier Telescope Name
Method
Precision Recall F1-score Precision Recall F1-score

Llama-2-70B 0.1563 0.7179 0.2568 0.2100 0.7500 0.3281
GPT-3.5 0.5906 0.8184 0.6861 0.6301 0.8214 0.7131
GPT-4 0.8536 0.8632 0.8584 0.8694 0.8616 0.8655
Claude 2 0.8444 0.8520 0.8482 0.8514 0.8438 0.8475
Rule 0.5185 0.1211 0.1963 0.8529 0.1518 0.2577
MaxEnt 0.2817 0.1592 0.2034 0.2898 0.3080 0.2986
SciBERT 0.4624 0.3879 0.4218 0.5517 0.6473 0.5956

TEHEH R ARAR AT RN B A 5% 44 F% 7 1T 4 531 b Llama-2-70B # H 0.1650 £ 0.2675,
AV HETEN G, AU T EZ S5 E R T — R &R
M IGYEIREL, P AT ZEIIRA R 2, XS0y SR EOR SRR SR ry Mg T BB I AT
iK% 5 DIIN 5 ARG S 1K B, ASCRAE 2 s R H
BRIH SR O 22 M EREZE S . M, A SCHE SR e EM UL 2
H R R 22 R b X B2 R ANRA-BRIZRA-4PT7R . DA @ XTSI 45 R 1
531

1) X F4-3F1F4-49 1) 6 W22 70 AT, AT A& B0 K 5 AR A e 1
S R AR PR A A S 70458 44 BRI R R SCHRIR SEAR W BE 7 T HAh 5 ¥

2) NFTE R ZERP A VA, KIEFHREBEA AR SR B R (e &4
WA E) HHEEMEL. i, “Small Magellanic Cloud” 22— AN &Sk,
SABIREA AR MEENE R, BTN T A A
RS A B SR A BB TR I X S 254, T e KRB RN SciBERT FE AL E A/ THsT
FIREL 2B R R M. SR, BEIfE “Small Magellanic Cloud” . “LAMOST J0037 +
4016”7 E5B A BRIA BT, PUAMGE S BB ARRR R E N 1R — Ak

3) FRA-IPER 2 R4 7 2 KW, KiEFEA ARG Tz i
H1 o A SRR I IR SE AT WL e 40f A, (HR RE S B A K i o 2
TR A B A B SRS R W AR N SRR S, X AR B AT T I SCAS s
RIGEH . FHZ T, A EARME N X A E O -

4) RIS HEBAE AR E AR . ERA3WZEF 2 H, “An-
dromeda galaxy” 1 “M31” IR — B R, KiEFEAGRGE AR eI
[ &, FHRFEMIPA “Andromeda galaxy (M31)” JEZAE — 8K HHL. 7F
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Table 4-3 Comparison of key results between four large language models and other methods

in extracting celestial object identifiers from paragraph collections.

Number Sentence Method Output
Expected [Small Magellanic Cloud, IRAS 14026+4341]
_indicated that the Llama-2-70B  [Small Magellanic Cloud, IRAS 14026+4341]
reddening of the quasar GPT-3.5 [Small Magellanic Cloud, IRAS 14026+4341]
is steeper than in the
Small Magellanic Cloud GPT-4 [Small Magellanic Cloud, IRAS 14026+4341]
1 ,
and perhaps even steeper Claude 2 [Small Magellanic Cloud, IRAS 14026+4341]
than for the galaxy IRAS
(Marculewicz 4%, 2022) MaxEnt [IRAS 14026+4341]
SciBERT [Magellanic Cloud, IRAS 14026+4341]
Expected [J1334]
Llama-2-70B  [J1334]
For J1334, the primary
component is near the GPT-3.5 [J1334]
0.04 Gyr isochrone and GPT-4 [J1334]
2 the secondary
component is not far Claude 2 [J1334]
below the 10 Gyr Rule 0
isochrone. (Lu 4%, 2018)
MaxEnt [
SciBERT [
Expected [LAMOST J0037+4016, Andromeda galaxy(M31)]
In this Letter, we report Llama-2-70B  [LAMOST J0037+4016, Andromeda galaxy(M31)]
the discovery of a new
LBV - LAMOST GPT-3.5 [LAMOST J0037+4016, Andromeda galaxy(M31)]
J0037+4016 (R.A: GPT-4 [LAMOST J0037+4016, Andromeda galaxy(M31)]
3 00:37:20.65, decl.:
+40:16:37.70) in the Claude 2 [LAMOST J0037+4016, Andromeda galaxy(M31)]
Andromeda galaxy Rule [LAMOST J0037+4016, M31]
(M31). (Huang %%,
2019b) MaxEnt [LAMOST J0037+4016, M31]
SciBERT [LAMOST J0037+4016, Andromeda galaxy, M31]
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Table 4-4 Comparison of key results between four large language models and other methods
in extracting telescope names from paragraph collections.

Number Sentence Method Output
Compared to the limits Expected [Chandra, XMM, NuSTAR]
placed by Scholz et al. Llama-2-70B [Chandra, XMM, NuSTAR]
(2017) on X-ray emission
at the time of radio GPT-3.5 [Chandra, XMM, NuSTAR]
bursts from FRB 121 102 GPT-4 [Chandra, XMM, NuSTAR]
1 using Chandra and
XMM, the limits placed Claude 2 [Chandra, XMM, NuSTAR]
here using NuSTAR are Rule [Chandra]
not as constraining for
the low absorption MaxEnt [Chandra]
. .(CTUCCS é\_“]‘:, 2021 ) SciBERT [Chandra, XMM]
Expected [60 cm reflecting telescope]

The first time was on Llama-2-70B  [60 cm reflecting telescope]

2014 November 15 and

16. We used the 60 cm GPT-3.5 [60 cm reflecting telescope]
reflecting telescope to GPT-4 [60 cm reflecting telescope]
2 perform R-band
photometry. The second Claude 2 [60 cm reflecting telescope]
time was on 2019 Rule [cm reflecting telescope]
January 17 and 18. (Lu
5 2020) MaxEnt [reflecting telescope]
SciBERT [60 cm reflecting telescope]
Expected [XMM-Newton, Swift, Fermi, Planck]

...XMM-Newton (Page
et al. 2004), and Swift

Llama-2-70B  [XMM-Newton, Swift, Fermi, Planck]

(Grupe et al. 2010) GPT-3.5 [XMM-Newton, Swift, Fermi, Planck]
-..Giommi et al. (2012) GPT-4 [XMM-Newton, Swift, Fermi, Planck]
3 did not detect LAMOST
J113143114 in y-ray or Claude 2 [XMM-Newton, Swift, Fermi, Planck]
submillimeter ranges Rule [LAMOST, Planck]
using Fermi and Planck.
(Shi %, 2014) MaxEnt [Swift, LAMOST, Fermi, Planck]
SciBERT [XMM-Newton, Swift, Giommi, Fermi, Planck]
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FA-AmESR 3, JRAFFRIFEAEN 4 (Page, Grupe Fl Giommi) F1PAN 4 i 44 11
BILHi4 PR (XMM-Newton, Swift, Fermi, Planck), {HPUFH R EFAZUK IR REDS 1fE
XA BN HWEENE, RAEPRRAF “LAMOST J1131 + 31147 4l & py Bt
BEAFR “LAMOST” W3 EiHES: . R “LAMOST” 1 “J1131 + 3114”7 #4i,
TR, BEHEALE CHEmE” MAMAHEE L. AR, HAth A yATEX Sy
TR IAA > NI

PR AR AR SO B PERE 25 7 5 X Be T ¥R 4% B I TAER U )
T . KBS R SAETINGN Br2E > T REMIISE SHE, FILEII7ER
T 55 B AR BAR D B HE s A5 B AT DASE BN RAR AR THAF A 0455 44 R B T
FHECZ R, BT B0 ) S A B ¥ 7™ B S T 10 S R0 D £ D 7 M b A T A8
[ VERE, X FECLPE BRI BIR Je SR 1 e I A R o S KBS SciBERT
RUT- ) 3k 26 [v) A T 22 A, ABE AT 7R A 1 Jo R S S A SR 348 i A B S
PRITBE ST o AHXT T RIE BB B fa] B pRAE A U, X SERR I 1. B4t
AR T o7 s 4RSS, Ak, HE hEEX =555 7.

SFAAEY A A SR X 2 VA ST BT AR S A U A S g, (.
TESEBR Y o, YR E R R B AL e — T R AT 45 o BT R
[ 5 AT e R Y 5 B e S BT, DA S A ORI A R SO S A, 3X i 2
T B FETR R AN JJ. SciBERT 524 T HAE L i) {2 MRk SR 58 i il 25
e EE R R RE A, (BT IR TR ZE M B . AT, KBS A
B LA T HAZEY, SO M /DEE Bl T P AR OE SR R,
RS SEAR U S5 R AL T AT R S R U 2R

43 FKREING

AFEATRETHUNA . BT BT/ NEGE SR =M
YT TG, 95 Llama-2-70B. GPT-3.5. GPT-4 1 Claude 2 PUfh R iE Az
P SEIRAE AT TR b o XS FE SR, AT e BRRTE B B AU AE R SR S ARl
BUESs R B 009, JUHBTEAN PR A2 SR A . SEAI B A iz Ak e
JI%E M Wb, ARSCGEHT T X A TARRK . SERrRn 4Edm oy T A 4 A
Fe B T EATTFESE BRI F A nT BETANING Bk A DA S T H AR Y A L5

53



TR S B K SCOCHR AR SE A O TA BT 7S

54



Bl R SCFIIAWT R R, ROCER I GE R 2 it — 25 e i T RSk AL
FRFLR BT, . XS SCRR AL B B R SRR DA SO BICR R ER A BER , X TR S0
IR 2 R T SR, 245 K SCEE S SOk 22 [ BRI AR B 45 R ST o i
BT AT R SCHIE SR A R R SCHHE 5 SCRR i - Al 2 S8 80 R SCEk
P55 SCHR I R ER R A I EEAR LR . L, A KA R SCdE 5 Gk 5t T, R
SCTIHAT AT SRR ARSE TR . AL G SE R I A T X AR 2
ZREAL B T SCENR SR B A SR AL, TRIE, B2 S e R iy SE A B e A
AAENAT. UETRIE SRR M A RIES OPTS5 R RRE S, W
WASGHE IS — RN SE IR R T K5 T BT R SRR SR U T 55 B g7
A SCWFFE N2 £ ZAFE DA LR

R A8 S RE T AR AR K SR RE S SN SO BOR 98 R sE A, AR
SCHEH T Prompt-KEE #2560, Hrp G & R4k . sofioe . (RS E S T
55 NI S RGN B

i 5E Prompt-KEE $/R 560, A SRR —H B KPR R, FRX
Se BRI R BRI TE S WE I T AR H AT R R TIEAWFSE Prompt-
KEE #7856 A R, A8 SCHRHR AT 55 5 SR AR B AR S BRI T D0 A R S A 2
W72, 4> 4 Llama-2-70B, GPT-3.5. GPT-4 fil Claude 2, B4, 248 3Cifik
T RARAR A A A8 B8 44 FR P A28 (1 SR SRR SEARVE O 52 . AE LA
il b, A SCH B PR AR TERR L T 30 A8 R SCCHR, X I i RARAR IR
BB APRIAT TARE . AU, 8 T & A RIS F B8R token FRAE], 24
SR 30 i SCHR A I T SCRR 42 SCSCAS LB T SCASE S AP R 4E

PRGN, A CE e GPT-4 A1 Claude-2 X 42 SCSU A i S 3
Frrinst, SRJ5 6 DU Rh RIS 5 AR B B VG SCARSE AT TR, SLgRsh Rk
H, KBS AR T R SRR SR U T 45 178 23, (EFEPERE bAFAE — L2z
o XX EEIER ASCE RN TR LR

B, ASOF ST RN T ALERE SRR T/ NS 5 AL ) = A e s
REREO T T8, 965 Llama-2-70B. GPT-3.5. GPT-4 1 Claude 2 PUffik
T BB SC IR 25 AT T L o AT B SEHE , AN SCR BRI H R AL FA
FRSLARTHAL . SCURTHIE: . IZARE ). TARRGK . B4 Sl L R
B

ASCHWFFERIE T R UE 5 BRI T R SCHTTH SE A U 55 38 T Fn AR 95
[l Bt 2R B T Prompt-KEE $# /R S lE 453 E SRR A Rk . B T4y TAE,
KRATIATHEZ AT M FATHAL I, o Foan, AR RIE S A T HEEE L, #
Lol AL ) SRS IBURCR s AT Q0T A SR SC SRR 1 A R Fe e v A B T
RICFNRSAR . Beoh, AREBBFIES 5, WTReRZA R R LRI . DA
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1) SR IR OE SRR . AN LR T n R B R, AT
IR SCEFAFOR NG RTE F AL, W DASE— 203 1 AT BROR SRR SE AR 1)
AEJT.

2) WEEMNIRGEEA—E B THEA R ERE, S5 RO HE R m]
RE2X SO R H TR PE O R RCR X R /R 75 BB T e B AN 37 stk
rFaiTt. B, #—2PREMIL Prompt-KEE JEHg 2N EHY .

3) SCHR A SCSCAR R R AN Bk U S A B S SR IS RAPAE I B 22 5
X R IR AR W RHAE 2 SE AL B Y B T A0 L, T SE M B B () R BE - AT
5| AR PIANAS [ B ) SO R4, 2RI 09T

4) RIC2EZ AL A I R R I RAAAR AT SE Ll FN R SE ik, Tl
A B R Z BT S = M SCHER R 25 AL A BRI BE T ARk T PAZE R
Jl OCR (Optical Character Recognition, Y2 FFHR) AR L X250
I

YERH E R PLR SCE MRS R 2 — A SO =3 i) R SCHIR SE AR S U
VETE A RARF DAELAAR ) 2 ol A 3] [ 58 R SRR 85 v O B R SCSC R R 95 R e A1
R G R G, RSB E BN R 55 ST A A FEH

ASCHIBIFSE N 2R SR AT REAN AR 1 R SO 5 SRk - IDEAS: 2R 7 T AP 9T
IS Bh RSB AT . AR A B R SCBEtiRg Scik = i H sh ik
PEAR DA S B R SO 5 S A T e
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