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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+ Al”. 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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FRAGEI 4328 DA B 2 800G AT 45 AL AR SO %
AR I R S AR G2 07 2 AR S LA 7
Ji ik HEAT X A AT 0T AR AL O TR
VERCREE B e T — 0 1Y R R A2 il £ )7 4
A7 4 DT Ak B, JEC R A S8 & R 45 0 MR R AR T
7 9 5z s AR 2z 1) 4 BE S AT ) T i A
S5 R AR UL .

(2) Blgw 2] I ik

AR SCHERE 7 R R R BT 55 rf R TR L AR 2
TEAE AR AR Ml £k AT —ar 2k, Hop 4%
3 FE S HLES % 2 8 (KNN, Decision Tree,SVM)
I 4 Fp i B 2 S B8 (CNN .GRU ,FCN, TCN).

H T 0 A nT LA B R L DR HAS S
B f e fE o KNN 5 3% A Decision Tree
SVM TC ik B HAL B 1) B8, A S04 BRSCHR (100 ]
AR A » DO il 2 v 4 BB 13 b R AR AR, 2 T A A
#| Decision Tree 1 SVM w1 #E 7791 25 5 0 . 1t

3 P Ge ML g2 S BRI ] Scikit-learn™ ™ 523, %
FES B0 o P RS 4 R A5 5.

T AR i R R AR AE L A S ] S A
— ZRO67E M £ Y R I R CNIN A Y 3 A5 4y
25, RNN 5 A 48 A 4 317 51 B4 A Sk 45 4 4
T B GRU fE 8 RNN BRI S £, 540, i F
FEVFZ 1 O0 T CNN XT3 51 g 455 0] DLt RNN
WA T4 v R T e 1 &K% IR AR SCffE AT TCN
M FCN PR B4R Sy CNN i % 26 B 2 4L 3 )5 5]
B, It 4 PR BE 2% o BERL P Keras® STHL L i 5
2056 VN WK R S B AR 8 ) TN 2 Ak

D &G Ik

AR SRR G B8 T7 v S AL A J7 s B
MU AT RS VG FC R AL 45 2 > 07 o DT 5 — 35 45
A Bl 5 AR R ASE AR DS x5 i AT
1B o 7 I DAy T 5] B R A B U R R LA
Y A AU rp AR — 25 ) W K P D 3 28 T Sy 1
{18 B8 AT Sy o 26 1) T80 1 5] HE AR AR Sy 7 451
4.2 KBHR

AR SCN P # BE 3 A SR 45 20 0 ) g ST A% B
T3 AR VE C) 15 4% Fh AL 4 2% > T3 86 B9 06 45 % L
AN TR G 7 3R 80O X Bl (RS Al DG e 2% 166 ML 2
52 J5 vk LA R 2 2 7 iR R L 2 TR

B K W R (Precision) . B 7 2 (Recall)
DA Fyscore fE LAY PEA 36 br. B T B 2= 1
B E KR S PR 2 BT 55 76 10 300 1 o 1Y
(L7 N | G S S e S | B A 2 i - D R
SRR DR A SO BRSO R [R] I B  m]
I Fyscore VERPFH 48 AR 0 & AU JE 47 1FAl

(D) GUAE 5875 1% 5 WL o 21 J7 i 0 HE

3 WoR AR UL IC J5 VA FIBL AR A 7 ORI
AYIRALSE . BARH B VEBC R SRR L SRR 1 L
SRR A B v (ORGSR R TR B S R
Tk P EOR Y S5 WU IR A9 A & it k. CNN
HTECN 1 2 B 28 ) 2% 1) 55 A BAS: T AR S LAY
RO B PR K R A R L Fscore K. GRU
KN A5 7 (8 1 3 4 1] 32 24 AN R il 2 20K
TCON FERIRCR e AR B 5 2 22 IR K.

S5 TE B o AR A DG IC B AL 4 2% ) 5 iR AR AT LA
R ILGEEBEE F A AHRES o A AT A 2 T s ).
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R3I EBHZFESHEFSFER Precision.Recall . F, score

PEM I B 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) AN[A)“ g™ J5 3k i X EE
AS SR IR 3 iRy A (] R A R L A A T
PEAT“GRIR” A5 45 » MU AE R B 25 A (0] R 2 ] AR

REERW (BIHEHEAF) G R RS 3 p & Hp—
LR A [0 AR R , [6) B 42 TF 7 414 8 R 8 o
RONMEE K HEREIR F, score 4 36 A 2 52

S AEF A IR E 3 g o SN 4. B AR Rk 2 & I 2
%%IJ *”ﬁﬁ*ﬁ ﬂi [E —@a +Decision Tree,SVM = ﬁl} ji7£ [ Single MTemplate EISVM-+ME Decision Tree+

XA A AT 90 05 o 14 G0 L AR A B A — 25 4 .

Matching +

B2 W], 3 Rl g k” oy 0T, 4% 4 A BB Y - M PI(;:;)igef
F2 score *Hxﬁﬂ:ﬂi“ﬁ@é”ﬂgﬁ—*ﬁﬂﬂﬁ%%ﬂ ‘E\ Matching

4 (0.7035)

PRI 5 X A GEALAR = ~) A B4R TH R J3E 5 W TR L
o ) AT (1 B T R 0 S DR AE T A R TR
BRI C ik BRI A ROR . BB E I 4 o
1T 3 A0 0 75 3 B A (81RO 1L i ST 1 49 (o]

.
N

il

5 oo
B 5

TCN  GRU

CNN  FCN

TKNN DT
Bl 2 KRG H =R ORI T RSB Fyscore X LG

R4 ZMREBEARXTEZEAEEEE Precision F,score LI R 1E 3T B — & BB IR TR E F19E

“ERR T PEM 18 R KNN Decision Tree (DT) SVM CNN FCN TCN GRU /\Average
Template Precision 0. 8065 0. 6364 0.7778 0.9000 0.9000 0.9643 1. 0000 +0.3390
Matching+ Fyscore 0.8742 0.8974 0. 9459 0. 9507 0. 9507 0.9643 0.9124 +0.2042
SVM-- 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

F 4 hiJE PN FORFE 3 PRI T L A4
HA BRI Z A48 bn b AH X B — BRI R (% 3) iy 42 T+
W FE P 5. X LRI, BOSR ff ] SVM Al Decision
Tree AT 0 [ A AT LA 52 255 25 2H G A5 24 A0 RS 1 %2
AR AR AN B A PR A A DG JE 50 SR B & L {7 TCN —
RS AR b 18400 7 A8 R DA T A AR DG T ARl D P 2
B AL 5 27~ BEBU LL AL 2 > A5 AU AH B G R
S R B L TR MR Y AR DL E U7 i T LA
I VB s BSHE SR B AL A 2 2 O I TR e 4 BRI AR GE
FEAR.

S UE W L 7 A AR DT e B A g [l 25 ) i R R
filt b o 30 3 B SR DC TBE 5 ML 27 ST BB AR 25 L T LA
Spc KR i v 2 45 B B 9 6 W 5 A S0 4R TR A

W5t (Class Activation Mapping. CAM) ff) J5 =, %
FCN LY 1) 43 2 25 R AT 7T ALK 4 7. CAM 2
— PG T CNN LY 5 fi B vk, Hod o 1 5 4
FE H BRI 5 AR AL B R I ASURT SR A — > 42 )R
Ik P 0 e TR A 2 R RO RN IR T A
A DA SRR B — A A A P XZ R i B AR

Kl 3 i i FCON IE#i 73 28 19 K A CAM
PO B AT AL A T AR B O B ER 43 O
GBS LS N N B SOR R EL R SN N N
I AT AT A SCI 25 A A5 R A 4 38 1 I 41 bR
Th 18 TR AL B — 8 I B T i
FEE.

S5 B0 . TR UL T AR 16 57 1 -3 oo
TR 3 1 L2825 3 J7 A 4 7T BT a5 E o
B 5 BT 55 = F AR F A b 20 1 . 0007
1.3 BERE s 0006
1 5
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B AR RBRE . 72— MO0 il 2 i B 1E
S5 75 R BILA 27 >0 B R A g R L R LA S D A A Y
PR 2 A5 Ry AR OCIE  ansCrk 102 i i LIME
AT HLAS 5 2 B ALK 55 E p s A AR 2K R
UKJELAR » 45 SR 2 W1 0 28 i 0% 1 Dt R oAy A5 80 O 7 1Y)
ESRUNIE | B NE =T & 1 EE N A I ST i S D = a9
AR RE ARG IR SR T o Bk 2 A v 2 55 5 R
PRI S AR Y e SR AR A 5 © A S 0 U A L B
5 GRME LA ) W A 114 e SRR B0 DAy jEE AR G 1B 3 oK R
AR 2 TR DT X LA HI TR 2% 2 31 ] & k.

= RUYE (8] /. H Rk A O A Y AT S R
(B 5% AR R 43 T 1) B — A A, B AT A Ak 1)
Ti XA BEA 2 i B B B 2 R MO A A
BERY Y 56 U 15 5 R 27 28 SO AT, Y T 0 i £ 2K
i i 1 b 5 22 AR Bk 2 2K R 1 I [) FUKS ) L
e B Ry 5 . DR I R Ok i B2 45 B IR R R T
Rt BRI, BTS2 b Y U R T
X LB 27 GO BSCHE RIS Y 1) B A1 D0 AT SE 0 B Y
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WA R MR, 75 kI #E A L g
2 2] J5 vk AT DA A R B R (H S B T
Bl 27 21 JUHR TR B 2 20 6 TR 22 AT SR AP AR 3 =i
TS, 4% TensorFlow!'® | PyTorch " 4 ¥ &
2 HEZRARE = T ML AR S ) 0y R S H HDE R T e
55 1 R 25 TR R A2 U 7 3K

TEX—J7 T AR P S0 O 42 40 5E 30t — 2. Paddle
Helix® J2 3 F 1 B CAE B 2 ) HESL I 2 (1 A= )
WEFGE TR RO RIEET %2
FIAT 55 BN 22 AR G5 Tl FL 456 iy H. R ok 2 5t
55l B 5 SRR 50 T koG A S [ BORT i R
F I Al Vit 4738 8 RE R 2 i B At R F 3 m) 44, 35 1)
A2 R AT 5 R A T 5L 52 B K R 2 S

s e N AL 57 ) 58 URE 2 R BT 55 1 i
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MEEIFEHETeE. VG ML RS
ARG R 2L R R & T
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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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