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Abstract  Probing valuable scientific phenomena is very important for revealing the laws of the
universe and verifying the proposed scientific hypothesis. The rare scientific phenomena prompt
people to build many large-scale scientific devices or carry out large-scale scientific experiments
to collect a lot of scientific data for analysis, which is called data-intensive scientific discovery. In
this paradigm, relying solely on the expertise of scientists is no longer feasible and scientific
discovery needs a kind of more efficient method. As a result, a kind of key artificial intelligence
(AD) technique, machine learning, plays a more and more important role in it. In other words,
“Al for Science” is booming. Scientific big data and scientific discovery tasks are different from
general big data and tasks on the Internet. For example, scientific big data has a more long lifecycle,

more uncertainty, and hard to get be repeatedly. Scientific discovery tasks are not only innovative
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but also rigorous. Because of the above characteristics, there are a lot of tough and common problems
when different machine learning methods meet scientific discovery. However, the existing work
only focused on specific machine learning algorithms to accomplish specific scientific discovery
tasks, rather than giving a general research framework of Al-driven scientific discovery to solve
these common problems. In this paper, we first summarize the latest development of intelligent
scientific discovery in six scientific fields, in which machine learning has been widely used. On
the one hand, we analyze frequently-used methods in scientific discovery tasks from machine
learning and deep learning two perspectives. On the other hand, we classify scientific discovery
tasks into 5 kinds of machine-learning problems from basic science and applied science two
perspectives. Secondly, we propose a general research framework for intelligent scientific discovery
as an example of “Al for Science”. It describes an efficient mode of applying machine learning to
scientific discovery and helps scientists make sense of how to use machine learning efficiently in
scientific tasks. Corresponding to the scientific discovery pipeline, this framework is composed of
six components. Every component solves several challenges when scientific discovery meets
machine learning. These six components are scientific data integration and sharing, scientific discovery
task transformation, scientific data pre-processing, scientific discovery method, scientific discovery
verification, and domain knowledge constraints, respectively. Thirdly, we verify this framework
through a series of experiments. We choose time-domain astronomy as a typical scientific field of
“Big Data+ AI”. In this field, we aim at discovering a kind of transient event, which is called a
stellar flare. To compare different discovery methods, we use seven machine-learning methods
and a classical method in time-domain astronomy. One of the most important conclusions is that
machine learning is not omnipotent. Only when combined with domain knowledge, will machine
learning reach its full potential. Lastly, we summarize three challenges that need to be solved in
the future and three lessons learned. Machine learning has its advantages and disadvantages for
scientific discovery. Scientists should make more efforts in science-oriented machine learning, not
only developing machine learning applications for scientific discovery.

Keywords scientific discovery; machine learning; scientific big data; transient event discovery;

intelligent scientific discovery
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I 4 F i 2 5] B8 (CNN .GRU ,FCN, TCN).

TP BRI wT DR S S R B A AR S
B Bl 264 KNN R[5 A Decision Tree FI
SVM TG ik B HAL BP9 B4, A SCH BRSCiEk 100 ]
AR A » DO il 2 v 4 BB 13 b R AR AL, 2 T A A
#| Decision Tree Fl SVM i 47 Il 25 5 # .

3 P& Go L4 F > SR ] Scikit-learn' " SZ B, fi
FESH0E o P RS 4 R A5 5.

T AR it R R R AR AE L AR S ] S A
— RO M £ IR I R CNING AR Y 3 A5 4
5. RN A58 70 48 K Ao 355 9 B3040+ A4 S0k FH 495 4 48
MR GRU /E 4y RNN BRI 0. 5 4. F
FEVF 245 0L T i F CNN 5 41 #2455 1] ) b RNN
IS B A PR BE L B R AR SCffE ] TCN
1 FCN PP A AU AF Sy CNN 4R 3% B 422 40 385 91
B M 4 PR B 2 2 B fif ) Keras® SCEY L i 5
25 10 AN T ] R AR 25 4 R 2R 2 B

(3) Hi5ITk

ARSI GIB AL 58 7 s S AL A O ik B
MR AL A VG FC R AL 25 27 > 7 1 o DT 5 = 35 45
A HAHh 1 )R ASE A D x5k 4 i AT
1B o 4 TN DAy T 5] ) B A B U 2R G R LA o
Y AGEHY vp AR — 20 ) W K P RD 5 3 38 T Dy 1 A
18 B50HI A Sy 5 2% 19 T T 5], AR R AR A Sy 7 457
4.2 KBHER

AR SCNPHAN £ BE 43 B S 30 45 28 43 3] Ry s A% 2
T5 2 AR VE C) 15 4% Fh AL 2% >0 T3 ¥ B 06 45 % L
AN TR 93 Ty 2 RCR XF He CBE A DG T * 9 056 ” AL
5 7 VA RIS 57 2 7 V5 R Bl o A T o).

AR B i 2 (Precision) . 3 0] 2 (Recall)
LA I Fyscore E BB TFAN F6 45, B T B # F 1
AR R SO R 2% & B 55 76 VE TR i 2 1
HAR T B o g A 8, RIS Ay B2 8t O o 2 A R
SRR DR A SO B O R [R] IR S B A ]
I Fyscore VERPFH 48 bR 0 & A5 B £ 47174l

(1) SR A% 52 J5 1 5 WL 2 20 J7 B A% 1

3 W BN UC AL 7 2 AL AR 2] T ik IR IR
AU, BARH SR VT BC R SRR L SRR 1 L
=5 A [ A ey {EURS B AR B A L S B
TR P EOR I S5 W IR A9 A & it k. CNN
FTECN Wi 2 B 28 ) 2% 1) 455 R B AS: T AHZSL Y
RO R R R A 2 Fyscore RAE. GRU
1 KNIN T (3 4 i 3 R[] R 3% A B il 2 oK.
TON FERIRCR e AR B AL 5 2 22 AR

S5 TE B L AR A DG JiE SR AL 4 2% ) 5 vE AR AT LA
S BRIBEAE BL 2 F A AR KER A LTS A 42 T =5 ().

https://github. com/915466648/gwac_{lare
https://tianchi. aliyun. com/competition/entrance/531805/
introduction
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K3 EEFESWNBRESIHEM Precision Recall | F, score

PEM 8 FR Template Matching KNN Decision Tree(DT) SVM CNN FCN TCN GRU
Precision 0.3218 0.0357 0. 2667 0.3011 0.6279 0.6923 0.9310 0. 7576
Recall 1. 0000 0. 8929 1. 0000 1. 0000 0.9643 0.9643 0.9643 0. 8929
Fyscore 0.7035 0.1539 0. 6452 0.6829 0.8710 0. 8940 0.9574 0. 8621

(2) AR GHK T 12 O L

ARSI bR 3 s A ] A A A A
HEAT“GER 25 G o DT AE K ) 23 R0 A [ 48 22 [) A
I APl X EE 3 R Oy SN e 4. Bk,
A3 A PR AR D L | Decision Tree,SVM = fift Jy i
Xof R AR SR AT 40 0 o P B0 L A A T Al — 20 4 W

2R3 MR AT, S AA BRI
Fyscore A% F ARG 1 5 — BRI A7 pir 42 7. &
PRI 5 X A% GEHL A 2 >0 5 R T i 8 A8 R X IR
2 ) R AR T B A I R TE T A PR — R A
SRR 285K B AT I ROR . BARBUE N 3R 4 PR,
BT 3 R 7 0 LR R 1, 6 g SRR R Y A [a]

FRUEA TR RV A B2 B 77 (8] A 5 3% 3 4% A —
BRI B 4 (0] A ) o [R] I 2 T 1 21 5 R TR AN
AT 45 25 2 B BERL Y F score B3 AR 3 2 52
PRk A B 2L

Single  Template SVM+  Decision Tree+
Matching+

1.0

E,score of

0.8 Template

N Matching

S 00 (0.7035)
0.4
0.2

KNN DT SVM CNN FCN TCN GRU

B2 KRGS =F Gk T BB Foscore Xt

R4 ZSFHGEHARXTREEESHEEIY Precision . F,score LA R AX B —#ERNIEAIEEEHE

“RE IR T R AR KNN  Decision Tree (DT) SVM CNN FCN TCN GRU A Average
Template Precision 0. 8065 0. 6364 0.7778  0.9000 0. 9000 0. 9643 1. 0000 +0. 3390
Matching+ Fsscore 0. 8742 0. 8974 0.9459  0.9507 0. 9507 0. 9643 0.9124 +0. 2042
SUML Precision 0. 4808 0.3784 — 0. 9000 0. 8438 1. 0000 0. 8929 +0. 1975
Fyscore 0.7622 0. 7526 — 0. 9507 0. 9375 0.9712 0. 8929 +0. 1473

. Precision 0.5319 — 0. 3784 0. 8710 0.7941 1. 0000 0. 8621 +0. 1820

Decision Tree-+

Fyscore 0. 7862 — 0. 7527 0. 9441 0. 9246 0.9712 0. 8865 +0. 1407

4 EJE—FNFIRTE 3 BRI T T L A A
A RERILE 22 46 b A X B — B AL (3 3) iR Tt
W B2 2. X BT 1, B8R (] SVM Fl Decision
Tree HEATHD 0 [F]AE AT L2 55 25 20 6 A58 70 (1 5 1 28
LR A B AfF R A Al DG i 3% S B L A TCN —
S Y | 11449 7 280 SR A T A5 Al DT T o RS Al DG i
HR AL A5 27 > 1S B LL AL 2 2 > A5 AU AH B G0 R
WG R BT BT AR A AR AR DL IC ik AT LA
T U B SR Bl ) WL 2% 2 O T T AN BB 43 BRI R E
FEAR.

S IE B AR A AR DT HLAT A TR SR R O
fitlh L= 38 2 R AR DT L 5 ML 2 S B R AR S5 4 AT LA
T5e KRR 2 8 v L A B R ) G 0 %, A RO R T B 2
RIMHERTE. L R 3 T L RN g kS
FE TR SR Bl i AL 25 2% 2 5 i AR G A RT DAE 4F i o
BB R AT 55 3 BAH B AN S A .

4.3 HEERE

URBE2F 2 BB F i FE AR ZR P R A2 A B Gl
ME LI RE. Ry 1 A SR T TR B 2 2] B A AT
F R L AS/INT B FON B AY R 4R34 1 T 28 BT

Wi (Class Activation Mapping, CAM) iy J7 2, X
FCN LY 1) 53 2 25 R4 T PR 40 7. CAM 2
— P T CNN BB i i B 7 v Hoil o 1 F 33
FE H BRI 5 &R AL B R AR, SR A — > 42 )R
I P 0 e TR R 2 I R RO RN IR S
A LA A — A A G B 0 T2 2 ol Y R AR

Kl 3 i i FCON IE# 73 28 i & HE A CAM
Py ELL b TR AR T AR B S R ER ) Ok
AR R rh b TR BT R AR 3 % AR R 45 2R TR R
I AT AT A S5 A 5 B A 4 3 1R & 7 41 B
T M8 TR A B — 58 W) B S LT fi
Rk
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RS R MR . 75 R L I b A TP A
2 2] J5 ¥k AT DA S A R B AR AH S B v R
BL 27 2 JCHOR TR BE 27 2] X T RE 22 AN R AL B =
T, 4% TensorFlow!'® | PyTorch!" & ¥ #&
P REZREE S T ALAR 5~ 09 By R L {EH: 38 T Je)
i 55 1 R 25 TR R A2 U 5 5K

FEX—J5 Tl A U ) 22 40563t — 25 Paddle
Helix® 231 B CI B 2 SIS R A4
HEFE HTHAM L R HEEIT S 2
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A2 R A T 5 R A TR 52 B T K R 2 S

I s e N AL 27 ) 58 URE 2 R BRAT: 55 10 i
B ARG LT = mamal .

MBEEIFEHETE. EVLGF WL RS
ARG R 2L R R A& T
B2 5 HAB L& 2~ B A 5 DX AR AL A%

S ) 7 W MAT » (05 T L MR Y U A% S8 5
EA A B A L5 AN TR 5 o B a3l 1 7
OB SR AL G2 T7 1 5 WL AR 2 ST S & . A BE S 4
S8 IRk K BT 55

MBRFIFEHREEE. X TRITWERILE
o7 o] 5 BT 28 I 4% 1 TR B o ) A A I B L T
FASIR I 55 OB A K AR AN R 1) 3
SRR A IS M P AR A~ 7k 5 OB L A A HTAL
o A BOR RWAL G2 7 1 1 JR R 52 B i 2R B
PR

QY EHTEEEME M. 75 A F 1Rk
Bl > BOAR R OF 5T 55 07 2 A 22 . 7E 90 A
e ) 2 R () B 0 4 32 X [l AL ) R 2 ek
RAREIIR e K I /S ) AP s SR Ol A T R
e A T E B T AL G b4 o > T7 i A9 B Ok
2 (0 TR S P ST, LB T B O R R R

Bl -~ BE45 LA A sk s A s b i X8 B
Bl 207 B2 AR B e Bk e B 00 . A T X
T R B B2 2% 14 [ AL A7 7 2 N T RS2 15 4%
U R 2 AL R A — B B S — it R 4E L [
A 21 e Ak 3t A FH AL A% 2 >0 T2 R A BB T R K Y
Bhoi A BLS F58 R

z %

X

[1] Jumper J. Evans R, Pritzel A, et al. Highly accurate protein
structure prediction with AlphaFold. Nature, 2021, 596 (7873):
583-589

[2] Segler M H S, Preuss M, Waller M P. Planning chemical
syntheses with deep neural networks and symbolic Al. Nature,
2018, 555(7698): 604-610

[3] Akiyama K, Algaba J C, Alberdi A, et al. First M87 event
horizon telescope results. VIII. Magnetic field structure near
the event horizon. The Astrophysical Journal Letters, 2021,
910(1): L13

[4] Akiyama K, Algaba J C, Alberdi A, et al. First M87 event
horizon telescope results. VII. Polarization of the ring. The
Astrophysical Journal Letters, 2021, 910(1) . L12

[5] Huerta EA, Khan A, Huang X, et al. Accelerated, scalable
and reproducible Al-driven gravitational wave detection. Nature
Astronomy, 2021, 5(10): 1062-1068

[6] Meng Xiao-Feng. Scientific data intelligence: Al for scientific
discovery. Bulletin of National Natural Science Foundation of
China, 2021, 35(3): 419-425(in Chinese)

G/, B8R e N LR RRERZ R b mhlE 5
Pk, hERER A, 2021, 35(3): 419-425)

@ https://paddlehelix. baidu. com/



54

M R BT B T T TR 5 891

[7]

[8]

(9]

[10]

[11]

[12]

[13]

[14]

[17]

[18]

Li Jian-Hui, Shen Zhi-Hong, Meng Xiao-Feng. Scientific big
data management: Concepts, technologies and system. Journal
of Computer Research and Development, 2017, 54(2) . 235-
247(in Chinese)

CROARWE, TR, /D, Bh KB . M HARYS
RY. BT SRR, 2017, 54(2): 235-247)

Deiana A M C, Tran N, Agar J, et al. Applications and
techniques for fast machine learning in science. Frontiers in
Big Data, 2022, 5. 787421

Guo Hua-Dong, Wang Li-Zhe, Chen Fang. et al. Scientific
big data and digital Earth. Chinese Science Bulletin, 2014,
59(12): 1047-1054(in Chinese)

CERARZR . £, BRor . Bhe REUR S8 ek, Blid
i, 2014, 59(12): 1047-1054)
Guo Hua-Dong. Scientific big data—A footstone of national
strategy for big data. Bulletin of the Chinese Academy of
Sciences, 2018, 33(8): 768-773(in Chinese)

(AR, B2 KRB — E X RBIE S s . P EAR
2 BEbE ], 2018, 33(8): 768-773)

Hey T, Tansley S, Tolle K, et al. The Fourth Paradigm:
Data-intensive Scientific Discovery. Redmond, USA: Microsoft
Research, 2009

Tao Yi-Han, Cui Chen-Zhou. Zhang Yan-Xia, et al. The appli-
cation of deep learning in astronomy. Progress in Astronomy,
2020, 38(2): 168-188(in Chinese)

(P —9€, IR, KEBTSF. W TFERICF PRI
Bk, RICaEE R, 2020, 38(2): 168-188)
Zhu Yun-Qiang, Pan Peng, Shi Lei, et al. Progress and
challenge of scientific big data integration and sharing. China
Science &. Technology Resources Review, 2017, 49(5) ; 2-11
(in Chinese)

GEz B, NS, 47955, B RO S 3t = HF e K i i 19
PR P EBHRES T, 2017, 49(5): 2-11)

Wang Cheng-Bin, Ma Xiao-Gang, Chen Jian-Guo. The appli-
cation of data pre-processing technology in the geoscience
big data. Acta Petrologica Sinica, 2018, 34(2): 303-313(in
Chinese)

CERM , Ty/NNE, PR L B0 B4k B8R 7 b 2 KR
M. AR, 2018, 34(2): 303-313)

Hutson M. Artificial intelligence faces reproducibility crisis.
Science, 2018, 359(6377) . 725-726

Wang Lu. The application of deep learning in high energy
physics. Physics, 2017, 46(9): 597-605(in Chinese)
GHERE. TR 2 1 & RE 4 208 rh i i . 3, 2017,
46(9): 597-605)

Liu Yi-Di, Yang Qi, Li Yao, et al. Application of machine
learning in organic chemistry. Chinese Journal of Organic
Chemistry, 2020, 40(11); 3812-3827(in Chinese)

Gl i, wak, 2E5. Plas AN RRI . A
BLAE2E, 2020, 40(11) ; 3812-3827)
Huang Fang, Yang Hong-Fei, Zhu Xun. Progress in the
application of artificial intelligence in new drug discovery.

Progress in Pharmaceutical Sciences, 2021, 45(7): 502-511

[19]

[20]

[21]

[22]

[23]

[24]

[26]

[27]

[28]

[29]

[30]

(in Chinese)

(BEDF . ApLr e, AR, N T RE AT 25 2 3 v iy g 3k e
ik, 2021, 45(7); 502-511)

Mi Xiao-Xi.» Tang Ai-Tao, Zhu Yu-Chen, et al. Research
progress of machine learning in material science. Materials
Review, 2021, 35(15): 15115-15124(in Chinese)

CRIEAT , VR RWRE. LAY S AR R 2 U
H PR MRS, 2021, 35(15): 15115-15124)
Qiu Chen-Hui, Huang Chong-Fei, Xia Shun-Ren, et al.
Application review of artificial intelligence in medical images
aided diagnosis. Space Medicine & Medical Engineering, 2021,
34(5): 407-414(in Chinese)

CHEBRME . #5526 B4, A RBAE B8 2 2 AR 40 D iz i
N LR, AR BE 2 5 B2 TR, 2021, 34(5): 407-
414)

Zhou Zhi-Hua. Machine Learning. Beijing: Tsinghua University
Press, 2016 (in Chinese)

AR, PLE¥ . bt R AL, 2016)

Li Hang. Statistical Learning Methods. 2nd Edition. Bei-
jing: Tsinghua University Press, 2019(in Chinese)

L. Geat 22 0k (55 2 O, dbat: W4 K% At
2019)

Sendek A D. Yang Q. Cubuk E D, et al. Holistic computa-
tional structure screening of more than 12000 candidates for
solid lithium-ion conductor materials. Energy & Environmental
Science, 2017, 10(1): 306-320

Raccuglia P, Elbert K C, Adler P D F, et al. Machine-learning-
assisted materials discovery using failed experiments. Nature,
2016, 533(7601): 73-76

Shandiz M A, Gauvin R. Application of machine learning
methods for the prediction of crystal system of cathode
materials in lithium-ion batteries. Computational Materials
Science, 2016, 117, 270-278

Xie Q Q. Zhong L., Pan Y L, et al. Combined SVM-based
and docking-based virtual screening for retrieving novel
inhibitors of c-Met. European Journal of Medicinal Chemistry,
2011, 46(9): 3675-3680

Song D, Chen Y, Min Q. et al. Similarity-based machine
learning support vector machine predictor of drug-drug
interactions with improved accuracies. Journal of Clinical
Pharmacy and Therapeutics, 2019, 44(2) . 268-275

Haake R, Loizides C. Machine-learning-based jet momentum
reconstruction in heavy-ion collisions. Physical Review C,
2019, 99(6): 064904

Marquez-Neila P, Fisher C, Sznitman R, et al. Supervised
machine learning for analysing spectra of exoplanetary atmos-
pheres. Nature Astronomy, 2018, 2(9). 719-724
Malanchev K L, Pruzhinskaya M V, Korolev V' S, et al.
Anomaly detection in the Zwicky Transient Facility DR3.
Monthly Notices of the Royal Astronomical Society, 2021,
502(4): 5147-5175



892

it ®

i 2023 4F

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[44]

[45]

Webb S, Lochner M, Muthukrishna D, et al. Unsupervised
machine learning for transient discovery in deeper, wider,
faster light curves. Monthly Notices of the Royal Astronomical
Society, 2020, 498(3): 3077-3094

Weber 1. M, Robinson M D. Comparison of clustering methods
for high-dimensional single-cell flow and mass cytometry data.
Cytometry Part A, 2016, 89(12): 1084-1096

McWhirter P R, Steele I A, Al-Jumeily D, et al. The classi-
fication of periodic light curves from non-survey optimized
observational data through automated extraction of phase-
based visual features//Proceedings of International Joint
Conference on Neural Networks. Alaska, USA, 2017 3058-
3065

Gabruseva T, Zlobin S, Wang P. Photometric light curves
classification with machine learning. Journal of Astronomical
Instrumentation, 2020, 9(1): 2050005

Yang Q. Li Y, Yang J D, et al. Holistic prediction of the
pKa in diverse solvents based on a machine learning approach.
Angewandte Chemie, 2020, 132(43) . 19444-19453

Liu B, Xiong X, Hou G, et al.
learning at BESIII/ /Proceedings of the EP] Web of Conferences.
High Tatra Mountains, Slovakia, 2019, 214 06033

Kumari P, Nath A, Chaube R. Identification of human drug

Applications of machine

targets using machine-learning algorithms. Computers in Biology
and Medicine, 2015, 56 175-181

Kobak D, Berens P. The art of using t-SNE for single-cell
transcriptomics. Nature Communications, 2019, 10(1): 1-14
Techa-Angkoon P, Tanakul N, Bootkrajang J, et al. Identi-
fication of discriminative features from light curves for
automatic classification of variable stars//Proceedings of the
18th International Joint Conference on Computer Science
and Software Engineering (JCSSE). Lampang, Thailand, 2021
1-6
Visser K, Bosma B, Postma E. A one-armed CNN for
exoplanet detection from light curves. arXiv preprint arXiv:
2105. 06292, 2021

Mahabal A, Sheth K, Gieseke F, et al. Deep-learnt classification
of light curves//Proceedings of IEEE Symposium Series on
Computational Intelligence. Honolulu, USA, 2017: 1-8
Parks D, Prochaska J X, Dong S, et al. Deep learning of
quasar spectra to discover and characterize damped Lya systems.
Monthly Notices of the Royal Astronomical Society, 2018,
476(1) . 1151-1168

Komiske P T, Metodiev E M, Schwartz M D. Deep learning
in color: Towards automated quark/gluon jet discrimination.
Journal of High Energy Physics, 2017, 2017(1). 1-23
EstevaA, Kuprel B, Novoa R A, et al. Dermatologist-level
classification of skin cancer with deep neural networks. Nature,
2017, 542, 115-118

Zhang K, Liu XH, Shen J, et al. Clinically applicable Al
system for accurate diagnosis, quantitative measurements,
and prognosis of COVID-19 pneumonia using computed

tomography. Cell, 2020, 181(6);: 1423-1433

[47]

[48]

[49]

[50]

[51]

[52]

[53]

[55]

[57]

[58]

[59]

Xu Yang. Automatic recognition of optical transient in short

timescale and super large field of view: Research and
application[Ph. D. dissertation]. National Astronomical Ob-
servatories, Chinese Academy of Sciences, Beijing, 2020 (in
Chinese)

CER V. TR RS i B b 06 2 8 B A 2l 100 5 32 5% 5 L
L 23], hEBE R EE KSR, e, 20200
Coley C W, Jin W, Rogers L, et al. A graph-convolutional
neural network model for the prediction of chemical reactivity.
Chemical Science, 2019, 10(2). 370-377

Morningstar W R, Hezaveh Y D, Levasseur L P, et al.
Analyzing interferometric observations of strong gravitational
lenses with recurrent and convolutional neural networks.
arXiv preprint arXiv:1808. 00011, 2018

Yun J P, Shin W C, Koo G, et al. Automated defect inspection
system for metal surfaces based on deep learning and data
augmentation. Journal of Manufacturing Systems, 2020, 55
317-324

Naul B, Bloom J S, Pérez F, et al. A recurrent neural
network for classification of unevenly sampled variable stars.
Nature Astronomy, 2018, 2(2): 151-155

Louppe G, Cho K. Becot C, et al. QCD-aware recursive
neural networks for jet physics. Journal of High Energy
Physics, 2019, 2019(1); 1-23

Segler M H S, Kogej T, Tyrchan C, et al. Generating
focused molecule libraries for drug discovery with recurrent
neural networks. ACS Central Science, 2018, 4(1): 120-131
Olivecrona M. Blaschke T, Engkvist O, et al. Molecular
de-novo design through deep reinforcement learning. Journal
of Cheminformatics, 2017, 9(1). 1-14

Shen Z, Bao W, Huang D S. Recurrent neural network for
predicting transcription factor binding sites. Scientific Reports,
2018, 8(1). 1-10

Li Y, Wang S, Umarov R, et al. DEEPre: Sequence-based
enzyme EC number prediction by deep learning. Bioinformatics,
2018, 34(5): 760-769

Quang D, Xie X. DanQ: A hybrid convolutional and recur-
rent deep neural network for quantifying the function of DNA
sequences. Nucleic Acids Research, 2016, 44 (11): el07-
el07

Sun Y, Zhao Z, Ma X, et al. Short-timescale gravitational
microlensing events prediction with ARIMA-LSTM and ARIMA-
GRU hybrid model//Proceedings of International Conference
on Big Scientific Data Management. Beijing, China, 2018;
224-238

Ravanbakhsh S, Lanusse F, Mandelbaum R, et al. Enabling
dark energy science with deep generative models of galaxy
images/ /Proceedings of the 31st AAAI Conference on Artificial
Intelligence. San Francisco, USA, 2017 1488-1494
Mustafa M, Bard D, Bhimji W, et al. CosmoGAN: Creating
high-fidelity weak lensing convergence maps using Generative

Adversarial Networks. Computational Astrophysics and Cos-

mology, 2019, 6(1): 1



54

d /NS BhoE R B R PSR XD D5 TR 893

[60]

[61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

[72]

[73]

[74]

Schawinski K, Zhang C, Zhang H, et al. Generative adver-
sarial networks recover features in astrophysical images of
galaxies beyond the deconvolution limit. Monthly Notices of
the Royal Astronomical Society: Letters, 2017, 467 (1).
L110-L114

Van der Maaten L., Hinton G. Visualizing non-metric similarities
in multiple maps. Machine Learning, 2012, 87(1). 33-55
Gomez-Bombarelli R, Wei ] N, Duvenaud D, et al. Automatic
chemical design using a data-driven continuous representation
of molecules. ACS Central Science, 2018, 4(2) . 268-276
Gilmer J, Schoenholz S S, Riley P F, et al. Neural message
passing for quantum chemistry//Proceedings of the 34th Inter-
national Conference on Machine Learning. Sydney, Australia,
2017 1263-1272

LeCun Y. Bottou L., Bengio Y, et al. Gradient-based learning
applied to document recognition. Proceedings of the IEEE,
1998, 86(11) . 2278-2324

Krizhevsky A, Sutskever I, Hinton G E. ImageNet classifi-
cation with deep convolutional neural networks, Communications
of the ACM, 2017, 60(6): 84-90

He K, Zhang X, Ren S, et al. Deep residual learning for
image recognition//Proceedings of the 29th IEEE Conference
on Computer Vision and Pattern Recognition. Nevada, USA,
2016 770-778

Long J, Shelhamer E, Darrell T. Fully convolutional networks
for semantic segmentation//Proceedings of the 28th IEEE
Conference on Computer Vision and Pattern Recognition.
Boston, USA, 2015: 3431-3440

Wang Z, Yan W, Oates T. Time series classification from
scratch with deep neural networks: A strong baseline//
Proceedings of the International Joint Conference on Neural
Networks (IJCNN). Alaska, USA, 2017, 1578-1585

Bai S, Kolter J Z, Koltun V. An empirical evaluation of
generic convolutional and recurrent networks for sequence
modeling. arXiv preprint arXiv:1803. 01271, 2018
Hochreiter S, Schmidhuber J.
Neural Computation, 1997, 9(8) . 1735-1780

Cho K, Van Merriénboer B, Bahdanau D, et al.

Long short-term memory.

On the
properties of neural machine translation: Encoder-decoder
approaches//Proceedings of the SSST-8, Eighth Workshop
on Syntax, Semantics and Structure in Statistical Translation.
Doha., Qatar, 2014, 103-111

Zhang Aston, Li Mu, Lipton Z C, et al. Dive into Deep
Learning. Beijing: Posts & Telecom Press, 2019(in Chinese)
G« B3, 20K, SEfie $LR BAE. ShFF IR ). Jeat.
N RHR R AL, 2019)

Hu Ming-Fei, Zuo Xin, Liu Jian-Wei. Survey on deep gener-
ative model. Acta Automatica Sinica, 2022, 48(1): 40-74(in
Chinese)

CHAREE, Zefi, XA, BRI U B g5k, B S (b2 4.
2022, 48(1): 40-74)

Kingma D P, Welling M. Auto-encoding variational Bayes.
arXiv preprint arXiv;1312. 6114, 2013

[75]

[76]

[77]

(78]

[79]

[80]

[81]

[82]

[83]

[84]

[85]

Goodfellow I, Pouget-Abadie J, Mirza M, et al. Generative
adversarial nets//Proceedings of the 27th International Con-
ference on Neural Information Processing Systems. Montreal ,
Canada, 2014 2672-2680

Chen Yuan-Qiong, Zou Bei-Ji, Zhang Mei-Hua, et al. A
review on deep learning interpretability in medical image
processing. Journal of Zhejiang University ( Science Edition) ,
2021, 48(0): 18-29+40(in Chinese)

(BRI S, AL SE, JKIEAE AR, B2 S AR AL B Y IR B2 2% 2 T fifp
FEVEDFTEE . WRTL K 2 2 4R (B2 D 2021, 48(1): 18-
29+40)

Ai Peng-Cheng. Online feature extraction algorithms for high
energy physics based on convolutional neural networks[ Ph. D.
dissertation]. Central China Normal University, Wuhan,
2020(in Chinese)

MR, BT B 2 W 25 1 w3 iR 4 2 = 1) 4 FiE A5 B 1E 2R
BRI A 608 3. PR, I, 2020)
Hermann J, Schatzle Z, Noé F. Deep-neural-network solution
of the electronic Schrédinger equation. Nature Chemistry,
2020, 12(10) . 891-897

Liu Xiao-Fan, Sun Xiang-Yu, Zhu Xun. Current situation
and challenges facing artificial intelligence in its application in
new drug research and development. Progress in Pharmaceutical
Sciences, 2021, 45(7): 494-501(in Chinese)

e L VBT, ARl N T BEAE B 25 WF & v i) i T AR
5k, 25, 2021, 45(7) . 494-50D)

Ravuri S, Lenc K, Willson M, et al. Skilful precipitation
nowcasting using deep generative models of radar. Nature,
2021, 597. 672-677

Racah E, Beckham C, Maharaj T, et al. ExtremeWeather:
A large-scale climate dataset for semi-supervised detection,
localization, and understanding of extreme weather events//
Proceedings of the 31st International Conference on Neural
Information Processing Systems. Long Beach, USA, 2017.
3405-3416

Wan M, Wu C, Wang J. et al. Column store for GWAC: A
high-cadence, high-density, large-scale astronomical light curve
pipeline and distributed shared-nothing database. Publications
of the Astronomical Society of the Pacific, 2016, 128(969)
114501

Yang Chen, Weng Zu-Jian, Meng Xiao-Feng, et al. Data
management challenges and real-time processing technologies
in astronomy. Journal of Computer Research and Development,
2017, 54(2): 248-257(in Chinese)

(B J, ST, /NI A5, R ST RO Bk R 15 5 i) b 31 4
AR HEHLBITE S &8, 2017, 54(2): 248-257)

Cui C Z, Zhao Y H. Worldwide R&-D of virtual observatory.
Proceedings of the International Astronomical Union, 2007,
3(S248): 563-564

Baker N, Alexander F, Bremer T, et al. Workshop report
on basic research needs for scientific machine learning: Core
technologies for artificial intelligence. USDOE Office of Science,
Washington, USA; Technical Report: 1478744, 2019



894 L2 - S v/ A SR 2023 4

[86] Hoi SC H, Sahoo D, Lu]J, etal. Online learning: A compre- [96] Ba Y. Zhao G, Kadambi A. Blending diverse physical priors
hensive survey. Neurocomputing, 2021, 459, 249-289 with neural networks. arXiv preprint arXiv: 1910. 00201,

[87] Masana M, Liu X, Twardowski B, et al. Class-incremental 2019
learning: Survey and performance evaluation on image classi- [97] Liang En-Si. Detection of stellar flares via photometry and
fication. arXiv preprint arXiv:2010. 15277, 2020 confirmation of an exoplanet [ Ph. D. dissertation]. Nanjing

[88] Zhang C, Wang C, Hobbs G, et al. Applying saliency-map University, Nanjing, 2020(in Chinese)
analysis in searches for pulsars and fast radio bursts. Astronomy CRREEL 5RO B R AT B A UE A L 42
&. Astrophysics, 2020, 642; A26 B3], MR R, R, 2020)

[89] Yip K H, Changeat Q, Nikolaou N, et al. Peeking inside the [98] Yan Y, He H, Li C, et al. Characteristic time of stellar
black box: Interpreting deep learning models for exoplanet flares on Sun-like stars. Monthly Notices of the Royal Astro-
atmospheric retrievals. The Astronomical Journal, 2021, nomical Society: Letters, 2021, 505(1). 1.79-1.83
162(5): 195 [99] Davenport J, Hawley S L, Hebb L, et al. Kepler flares II:;

[90] Sedaghat N, Romaniello M, Carrick J E, et al. Machines The temporal morphology of white-light flares on GJ 1243.
learn to infer stellar parameters just by looking at a large The Astrophysical Journal, 2014, 797(2). 122
number of spectra. Monthly Notices of the Royal Astronomical [100] Richards J] W, Starr D L, Butler N R, et al. On machine-
Society, 2021, 501(4): 6026-6041 learned classification of variable stars with sparse and noisy

[91] Vidal R, Bruna J. Giryes R, et al. Mathematics of deep time-series data. The Astrophysical Journal, 2011, 733(1): 10
learning. arXiv preprint arXiv:1712. 04741, 2017 [101] Pedregosa F, Varoquaux G, Gramfort A, et al. Scikit-learn;

[92] Smith L. N. Cyclical learning rates for training neural networks// Machine learning in python. The Journal of Machine Learning
Proceedings of the IEEE Winter Conference on Applications Research, 2011, 12, 2825-2830
of Computer Vision. CA, USA, 2017 464-472 [102] Ribeiro M T, Singh S, Guestrin C. “Why Should I Trust You?”

[93] Moseley B. Physics-informed machine learning: From Explaining the predictions of any classifier//Proceedings of
concepts to real-world applications [ Ph. D. dissertation J. the 22nd ACM SIGKDD International Conference on Knowl-
University of Oxford, Oxford, UK, 2022 edge Discovery and Data Mining. San Francisco, USA, 2016

[94] Daw A, Thomas R Q, Carey C C, et al. Physics-guided 1135-1144
architecture (PGA) of neural networks for quantifying uncer- [103] Abadi M, Barham P, Chen J, et al. TensorFlow: A system
tainty in lake temperature modeling//Proceedings of the 2020 for large-scale machine learning//Proceedings of the 12th
SIAM International Conference on Data Mining. Ohio, USA, USENIX Conference on Operating Systems Design and
2020 532-540 Implementation. Savannah, USA, 2016. 265-283

[95] Udrescu S M, Tan A, Feng J, et al. Al feynman 2. 0: Pareto- [104] Paszke A, Gross S, Massa F, et al. PyTorch: An imperative
optimal symbolic regression exploiting graph modularity// style, high-performance deep learning library//Proceedings
Proceedings of the 34th International Conference on Neural of the 33rd International Conference on Neural Information
Information Processing Systems. Vancouver, Canada, 2020 Processing Systems. Vancouver, Canada, 2019. 8026-8037
4860-4871

MENG Xiao-Feng, Ph. D. , professor, YANG Chen, Ph. D. , postdoctoral fellow. His primary
Ph. D. supervisor. His main research research focus is real-time analysis of big data, performance
interests include scientific data manage- profiling of big data system and artificial intelligence for IT
ment, cloud data management, privacy operations.
protection and interdisciplinary researches MAOLINIYAZI Ai-Shan, Ph.D. candidate. His main
like social computing. research interests include natural language processing,

HAO Xin-Li, Ph. D. candidate. Her main research interests
include intelligent scientific discovery, time series analysis,
interpretable machine learning.

MA Chao-Hong. Ph. D. candidate. Her main research
interests include scientific data management, machine learning

for database systems and learned indexes.

knowledge graph and machine learning.
WU Chao, Ph.D., associate professor. His research
interest covers data mining and astronomical transient search.
WEI Jian-Yan, Ph.D., professor, Ph.D. supervisor.

His research interest covers observation and science of astro-

nomical transients.



54 d /NS BhoE R B R PSR XD D5 TR 895

Background

“Al for Science” has received extensive attention from
academia and industry and has become a research hotspot.
With the construction of large-scale scientific devices and
the development of major scientific experiments, scientific
discovery research cannot completely rely on expert experience
to capture and study rare scientific phenomena from massive
data. Using machine learning technology to discover rare
scientific phenomena, study complex objects, and solve
complex problems from massive scientific data has become
the preferred solution in the scientific field.

However, the current research only focuses on specific
machine learning algorithms and has not abstracted a general
machine learning research framework for Al-driven scientific
discovery tasks.

Therefore, this paper first comprehensively summarizes
the research status of machine learning in various scientific
fields and discusses the common problems and challenges.

Secondly, on this basis, this paper proposes a general
research framework of intelligent scientific discovery based on
machine learning. It describes an efficient mode of applying
machine learning to scientific discovery and can guide scholars

in various scientific fields. At the same time, it opens a window

for scholars related to machine learning to further understand
scientific discoveries.

Finally, this paper conducts a case study to verify the
effectiveness of the framework. It is a time-domain astronomy
scientific discovery mission: celestial transient event discovery.
A series of experiments demonstrate that only when domain
knowledge is properly combined, machine learning algorithms
can better serve intelligent scientific discovery. Before this
paper, the authors analyzed and managed scientific big data
since 2016 in the National Key R&.D Program “Scientific Big
Data Management System”. They have developed a relatively
deep understanding of scientific discoveries during working
with astronomers. A series of related works are published in
ICDE., TKDE, EDBT. etc. In the process of participating in
the National Natural Science Foundation of China project
“Intelligent Analysis of Astronomical Big Data for Large
Field-of-View Short-Timescale Sky Survey”, the authors have
further thought about the scientific discovery of intelligence,
thus completing this paper.
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