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Active regression learning method for material data
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ABSTRACT To date, artificial intelligence has been successfully applied in various fields of material science, but these applications
require a large amount of high-quality data. In practical applications, many unlabeled data points but few labeled data points can be
obtained directly. The reason is that data annotations require fine and expensive experiments, and the cost of time and money cannot be
ignored. Active learning can select a few high-quality samples from many unlabeled data points for labeling and use as little labeling cost
as possible to optimize task model performance. However, active learning methods suitable for material attribute regression are poorly
understood, and the general active learning method cannot easily avoid the negative effects of noise data, resulting in decreased costs.
Therefore, we propose a new active regression learning method that includes the following features: (1) outlier detection module: using
the labeled data prediction from a task model trained to fit and the labeled dataset to train the auxiliary classification model for
classifying outliers and then excluding the samples that are most likely to be outliers in the unlabeled dataset; (2) greedy sampling: an
iterative method is adopted to select the data farthest from the data in the labeled dataset and the selected data in the geometric space to
fully consider sample diversity; and (3) minimum change sampling: selecting the unlabeled data with minimum change before and after
the task model, which is trained on the labeled dataset. This part of the data is relatively lacking in the feature space of the labeled
dataset. We performed experiments on the concrete slump test dataset and the negative coefficient of thermal expansion dataset and

compared our method with the latest active regression learning methods. The results show that other methods do not necessarily improve
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task model performance after labeling data in each active learning circle on noisy datasets, and the final performance cannot reach the

level of the task model trained by all data. Under the same amount of data, the performance index of the task model trained by our

method is improved by 15% on average compared with other models. Because of the addition of an outlier detection mechanism, our

method can effectively avoid sampling outliers when selecting high-quality samples. The task model trained using only 30%—40% of the

data can achieve or even exceed the accuracy of the task model trained by all data.

KEY WORDS active learning; material; outlier detection; regression; high-quality samples

Bl & T R R R, FLAS 2% > 76 TR M
ARk g 07 FH R A g, T R R A 1 S R —
W LN . — M 5, laess > Bk RO/
W BE, I ZREHE I A FEAR KB b T
PLER S IR PR RE. BT 00 AN S AH ], &
BT BN T 2855 7 4 4 L5 H R
22, BEAR T 8 B nT SRR, AR, BARMOBIE T
SRR Ty, AH 2 4R BCSE 55 55 40 1) e ] Bl A A
BERMARK =, BT 7 ARV, 13X S8 R 25 1L
W H T AR A ok T 2Bk k. E B
> (Active learning, AL) tA B0 A A X AT 45 A5 74
JEA R S F 2, 78 o 2R ) R v A D BORE AR 58 X
T oy e, HoA KR Z BRI R Z RN, AR IH
[l [)AE T DL SRy [l U5 il £ B 3 %) 20 BRobE A
X [ P45 3 1) 5T R AR, AR AS 1 BTHR /).
I, HEEEAR T X e BT A R 1Y /AR, T BB i R
SR AL SEPEE B R R AR AR 0 B A
A, I AN L K (Oracle) X ETHEAT bR, 3@
o ALEMER 7 =, AL AT LSS T ge /b 1A
FREEFEA, Y ZRA5 BIKG B ] 5E 5y AT 55 12 8.
U, B AL FHF 4R P01 2 5000 m] L REARAT: 55
R DOR A €/ A N = R R iUl N < i

1 IRE=

B DRI N T HIL A T R
BARF ORIk, e = (D E T,
(2)F T (3) ARG WP, FE T T3 > /Y
FEA () G S5 JE A — A A A8 K # R 49
GRIEZR SPLINEE DN O oY 2o 4 €L S DL AR € TR B
Ao 3R AR 9 7 MBS b 2 T — s 19 £ i 5K
M 8 9 o A 95 A5 R M BB 2 T e R ) — AL B AR A
PEATARTE, SR SR VI 2R 46 R b, L =ik 3 —
E R E AR DR A 1R 92 B AR 5 3144
DR TR i A, T LR 4 E I B R ok e 4
TR TR E s I k. R i
RIS IR fE— A (D5 B, SRR A B
1T 55 BT fie A7 U A B AR RS REAR s (2) ZHEAE, i
B S ARSI o R2E 5 B AR ZEREA; (310

FeMk, P B TR 2 B b b e B AR E R AR
U LA 3 8l 2 2 17F RS Gk 5 48 22 1 2 KR 43
HAE55. B, 3 T8 B 28 W2 1Y 3l ) BHR
432851 ¥ VAE(Variational autoencoder) H T 3 3l
) AW G AR B A S W E B AN £
e 5 A WIS, BN
geE B & Rz A, e ) ERG KRR
BUG TR0 HbRA Y SRS A AR 2 T IZ AR

F B2 I AE o Fe mlE B Tz, B AE R
(] 0 A5 3 Y O T b, HA R AR 1Y 7 VA O
T TR R R AR OR RO . FE 3l AE 2D FE A RLRE
SR N A 22 W B B AR YR R 1 Th e
B — BRI HLAS 2T A0 T AR S i iR v
BORTE AU AL, HZR TR REMME R,
Bl 2% 2 AT T 1k o 0 H, 58 X — AT 55 . 1 E 32
> DAy DGR 2 S0 AR, TR B R R 4 R 25 )
51 HLAS 2= > 50k w1 2 PR R A 0 b LS5 A T )
2, T Dy ae A B F . 5140, Kusne %5
Wt T —AH3® A BN EhET 5%, AT I8
AL Z 18] B A d5e KOG 2 i B8 22 1) o A A 28 A L
KALAYiAA Min Fl Cho | Lookman %5 Bassman
USRI F2 3l 27 20 s B AL R . HLaR e
I TEM R W v 2 B i R AR Tz,
Ko A BRI R fifr g B U p AR OO0 S L
8 F Bl 2 > 783X A5 1 B D, BT B X M R
R W S B 20k — R LT Y FE B2 2 Bk
BRI, X6 A RS i W P A 22 B R A, AR SOt R T
BT R B 7 IR U i X i e o) K=o K< R
ALY DTRRAE T

() FE FE B2 I A R a6 THARK 26
PR BIFHERR T B R A Y 17 T 52 05

() ST ARG E, 35T AR e A
JE )RR 2

@) B EI I L EEFBEATKL, &
H T AL 2 ) T Il 52 7

2 EEMBEENESEEFES]
B BRI I P R R L, AR SCER T



- 1234 -

TRERLF2ER, 26 455, 5 7

— R B Bl (Bl 5 ) 5 ik, AR R T S A
) M P R 7 A DO A ), AR 3 =4
REBR: B SRR | ST R | SR/ VAR
RIEREER.
21 BESWNER

H T 32 Sh I, Bt 4 P AR TR A A — 2E R
F LSRR A B B AR A TR S [ A, k2
P AR A P B R 0 R AR B . A R AR R A Y
TR, AR SCHE T B R AR A B, & 7 A
A 55 B 5 B 4 K00 B 45 8, 201 B3 T A 2 i dle
b iRcA AT REJE B AR A IR R AR

BB AT 55 B B 2 16 A b 2 Kodle 4 LA
XA A R T, R A S5 A I
7R T2 AR B T R AR L G S Y [ —
ARSI, PR A B (R A 0~1 Z (1Y
R R BB RIAR A, H:

~ (1, if diff > mid(Diff) . .
y_{ ( ), dlff:|))pred_y | oy

o, otherwise
Horr 5o 8 e b 2, VAR B RE AT, 0fR

FENIE BB 255 mid ()2 XA A 28 B 4 b T A AR
I 1) U 5 LA R 25 (E O AR, BRI 2
Bl 09 E PR AT, Bl LR 232 AR T g b 4
Sl —2, By = TR A AS T8 432 30 2 0 o501 A 02 I
SEH RS RE R DI 42 AT b A5 RS B9 diff 20 A A
IR AR 5 Yprea N AT 55 51X Y T AT b 25 £5 s 1Yy i )
1B, y* R ST bR 2 B ) B AR 4%

A A 28 B8040 A0 28 2 (1) 48 38 9 s 28 1 2
B SR I A3 AR AL, K 5 % i A TR A AR i
AT BRI, 2 O E R B /N KR 38
iof P KB RN DU E T RAE IR, S50 T
ST D 2 A S0 M R AL, AT LA AN [ R P R
A G 4.
22 WERFER

GS,(Greedy sampling on the inputs) J&— Fl {f 75
F) 25 FE PR SR AR B Y, 3 ik 2 AR Y T iR N T bR 2
HIEE TR BEA 2R, GS, i i
INFE B N bR BB A B 2 FE R AR AR, X R
FAE MRS R B BOE 45 2 BERE B M 75 05 AR SOR iR
B AR ME S R B, g TR AN o 43 B R
ZHE:

AR — W, B EEREAESHS, FR
B R, THEA R S B AR A R T R
A R B

dyn=lxtn—xpll, n€ER; me S (2)

THIA R A Bl b R AR R B R PR R A B9 2 B

k
1
d;=z§§¢; 3)
m=1

T PRI L B A P P R i R YRR AR, BRIV 4
IREAS Oy

x = argmaxd,,
X

HARGE P WA 1.

Algorithm 1

Input: labeled data set Dy; unlabeled data set Dy; number of sampling K
Output: result of sampling Dk, |[Dg| =K
Set Dg =@
For k=1, ..., K do
Calculate d;;,,using (2) where R = Dy, — Dk and S = DU Dg
Calculate d¥ using (3)
Choose x = argmax d,;
Reset Dx = Dk U {x}
End
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Fig.1 Data flow diagram of active regression learning for material data

3 SLIg

AN 53 AR S FEEE AR AR A T EE 4R
B A SO 7 1k 5 R 1Y JLRD 32 3l 1l 05 2% ) 5 vk
ATXT b, S S5 R4 T 1 I Rl S 5 ok i — 20 M IR A
SCHE 09 3230 [0 )5 27 2] 7 i ) A B
30 HEEMIKEE
3.1.1 Bl

(1) TR &k + 9% 5 I3 5 P8 4 (Concrete slump
test): 7% B2 R IV BE - By L R R ML fRK
PERE 1Y — F E A AR, BT TR I B i IR
BT RYVERE. TREBE TR B SC AR AR 103 5%
BARFEA, BABIRFEAA 7 AR, TN AR 250
R34, B YHEE (Slump, cm)., i & (Flow, cm),
28 d J5 B R 5# i (28-day compressive strength, MPa).

(2) TAFFZIKAT BRI EHESE (Negative thermal expan-
sion material): 1 #AI% Ak hy 45 I ik 2 5%, i e BAR
PR i — S AR AR TR A AILIE Y. SR
N A Y £ B8 0 K A R B PARZ ik 22 B80dE D)
P, M L AT RE SR, O T R4, FeAT3k

AT 5280 IF HAR A T — 28 M G5, A A FHPL AR
S )RR B BRI K BB AT RO s A 4
A5 132 SRBURFEAS, Hod 9 SR8 AC R AT i
TIRE B 20 15 B0 Yy, AR 123 S BURHEA R TR 4%
FKOCHR PR B0 A BIRREAR A 18 1
ik, S BRZEECHR 3 A4, 4350 A H B G0 ik B4 1
IR (T), °C) ZOEIRE (T, C), Al | T
5 T, ELIRPE ().

3.1.2 SLEINE

2 4% 7] & [1] )5 (Support vector regression, SVR)
F& 5 ] = ML (Support vector machine, SVM) 7£ [1]
U458 A 15 . SVR T SVML 245 ¥ XU B /M
RO, DL v A 2 LRI AL RE 0 O e I 28 3 XU
FVE AT D] A/ NAVERHE 48 - R R 47, R,
RS2 50 i FH SVR AE AT 55 8 8, SVM 1R B i
SRS A Bl A A

M T 2.3 79 BT 3R 1Y B /N AR AR SR AR i EE AL AL
SR E R I 25 SR, SVR 7 2 AT I 2 A ] LA
HEAT T, PR A AR SCHY vk R e R AT
—UCRFE. R TR A 20, 5 IR IR
FEA AR A, B Tobn 25 s 2 h AT 3Rk, 2k
OO B, EBEE B A R B L R A
TR, I IAA PR E AR 4.

B, AR 5 5256 0 R s £ RV, CE K = 40,
M =20, B=10, F3°# TR UCEE & 4 K. 1
RO K 4 BB 4 b 9 A% B A AR 2 FR AT DR 9 5
AR, B 3 R FE A SE IR B o BRAR,
WG 3 SR8 FEAAE AR, Higr 6 SRl
AN RPIIR NG . TREE T Ik B S g i 48 I
AT 4 3 gt HE A [R) A 1% AR R 1 R AR )
gy, WEERME, B WREREANTAFIE
R UEL.

3.2 XA EMIEG RS
321 XA

(1) FEHL R AE (Random sampling, RS): i /L )\ TG
T 285 54l 4 v 2k URE AR AT B 3, 2 — ol o AT R
B RAE DT i, 2 F ah2e > v H B9 FEME (baseline)
k.

(2) el 1Y 9738 R A (Improved greedy sampling,
iGS)?": 4545 GS, #il GS, (Greedy sampling on the out-
put), 050 % JE T i A 25 (R F S A R A I 20
PR, SEI T FE B2 2 SR AT R R

(3) T LAY P31 Fsh a3 24 2] 454 iGS (Repre-
sentativeness and diversity with iGS, RD—iGS): Wu!*"
15 i A 58 LUAT A 2 s B P RE AN B0 1 2k



- 1236 -

TRERLF2ER, 26 455, 5 7

AR AT R, A5 A b 508 1 28 v
255 HAh e B 07 L e B AR B AR ST AR, B
FIRFIGRICHEAR B R KB, A SCK S iGS ##17
ZhG, AR5 8 T AR A A, ORIIE T A 3hE.
322 iFriEbR
e R (R 2 fw ) B AP /Y
FEARPL AR SO S8 B R e R (R 1E
P S bR, THE AN
37 -9
RP=1-2L
307 -5

Horr, yr g REAS B LI HR 255 9,k 1] UA S R ) 5T )
{8 3 AR BLSCAR S HF(E. R Y U Y R
IS 2 1, ML 1, R0 f 000 2 v
33 XJLEsEIE

TEW A 4R By st a5 R an &l 2. &1 3
7. BR ) x Bl I R AR B R 20, y Bl oy = A 1l
HZH00 e RBCF AR

0.6 |
0.5F
0.4
o 03¢} \
02F

—o— QOurs

0.1 - RD-iGS
-+ iGS
0.0 —+— Random
0.1} # . . .--- All datzi
16 26 36 46 56
Number of labeled data

B2 DURMALTEIREE I DA A AR

Fig.2 Performance of four algorithms on the concrete slump test dataset

o Pl 2. & 3 AT AL, X AN MR BN 4 L
iGS F1 RD-iGS % 46 ¥ 3 2% >J 116 ¥F 5 165 8 14 e 42
FEANHI R, A AR GRS B G ST . RN AR
TFRYEE S H KB M, iGS 1 RD-GS # % & T
FEA I Z R, T LASS B Ve 3% B8 BF A E AT AR .

FE LB e ), MRS B 7 E R, S )
TREAVULG B A A, BRG] 2 R 3
fefa bR e U ZRnt W i s K. RD-iGS [A] iGS #H Lk
BOM T R ERAE, TEAR T AR BRI R
BT iGS vk, W e % AR5 B 2 A,
W T AR B R A MR, AT LG I R AR AT
{BAE R 3 v RD-GS 7 e Ja AR TR PR BE A T iGSS,
2 DR R 07 BRI T A S8 4R R B R 220k 7 S
R, AR TR EE MDA AR 5K IF H RD-iGS
M T AR B A, S B B e S A AR

_10 L
S5 o AT
2.0
i -2.5

_340 L

—o- Ours
33y -+ RD-iGS
—4.0 -+ iGS

— Random
—4.5 --- All data

16 26 36 46 56

Number of labeled data
B3 TR AR R R B
Fig.3 Performance of four algorithms on the negative thermal

expansion material dataset

B 22 S K, 7R 5 JLAS R 20 v £ A 1Y o7 o
JEBEA B T 0 iGS FE TG bR 25 B Tt AR AR
AN BERE RS Fe AR N, TR ) S R R AR AR,
Fir LA T80 iGS e 3 | JE AR BLE T RDGS.

S AT bk, DAAH R B 00 46 S5 s AT R
Bl AL R AR, e 2K 25 SR T35, A e, fl
HLRAE IR 2 A AR KA 20, I H M 75 8K 3
SRR, ARSI R I T B B S R I BIL ], 7 X
PR W P 5 R A e AR T R IR AR DL 75 . R4S
JURCHE PR ME RS Qi 3, (H A Bk 3, Bl
BB TEAEAS 0 1S I, AT 55 B Y A P BB L AR AN 45
EF FEVNGREER 46 DHEAHT, BIAYE 280K B fif
FH 2 TR B s DI 2 A3 8 B, JF B M g ik mT LA i
— PRy FE T, 3 S A T AN B .
34 HBLICIG

FRAT 3 ) 2 B B A SR I S e | B A SR A AR
PR /INAR AR FE R, 7 TR B -+ I B 3k
B A RN A R I AR B A AT 4 8 B
G, RVJBR TR EE R, RRFEIN 4 9%
VG IR 5 A 55 AR T (1 37 Y He e R AR

A ARSI ABE B 1) T i S S R TG b 4 B8 A itk
rh R B AR A, A X S O AR v 25 B R R
B 5 1 BB 48 A A0 A B B R A R R, SR AE MR S
LU TR R AL 5 g T R T e i 3 K
BIVERT. [, 76 VR EE 1 3% R R R P 4 e 2
A R FERHR S YEREFE A5 T B Y R BE LE 2 B B /N AR
R AR S P 48 Ar T B A9 R R K, T A B
A LR B AR, BT A 2 R S AR Y
KA Ty VR A% By R B M 75 A, 3ok DA N T %
T AURE KA SO B B R RS RE R TR — 2 DA
HkRF, X =B T R — RS T B
PEREFE PR B AR, D0 B X = AR B X 4% AR FE AR
ANA] B Y TR



K BRAE: T BRSO A 2 2l [l 2 ) Ok

- 1237 -

R TEIRBELIIE I R A0 S R R RO 4 L T A s
EEieE S

Table1 Ablation experimental results on the concrete slump test

dataset and the negative thermal expansion material dataset

R2 for negative coefficient of
thermal expansion dataset

R2 for concrete

Method slump test dataset

Without outlier
detection module 0.39 -2
Without greedy
sampling module
Without minimum
change sampling 0.46
module

Complete method 0.52

0.43 —1.42

—-1.83

—-0.97
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