5 51255 2 11 Ve B N Vol. 51, No.2

I

2023 % 2 A JOURNAL OF THE CHINESE CERAMIC SOCIETY February, 2023

http://www.gxyb.cbpt.cnki.net DOI: 10.14062/j.issn.0454-5648.20220811

% DR FUR B 24 X TR A e G DA

M, THEC, REEES,  # Y

(1. 55 BREOR:, LRt R R TR s A hoty, JEst 1001015
2. desUE BRI ENLERE, dEat 1001015 3. R RS BRAHEOR YT, T 511442)

W F: D OREHERE R AT R SR 1 EAEE TR . FERR AR i, AR R A TTESE AR E R R 2 0 T 5 AR AR
BURZERE o X T2 1 Sem LA 22 21 50K, B FE N SO SR AR HOHO Rt 1 & Ak . SR AT E B A A N 77
%, PPOTASIRIWE A R L SRR AN R 2 (R B 2 2 U7 VAR, B IS AP RIS TE B B IR TR RE A R S5 RER
Bl: 2RI A 7 A B R B, F & 7 A p A B S RS AT SR B B R AE (AN [ P 2R 5 i
Hey 3 Y F) 22 B S L, 15 a0 T K TR A Ol R 8, 3 I R AT R PR 5040 ) —Omion ™ Il 2577 X B 2 410 T #2004 i 5 W
FEUR/NTT FEAS AT IR DT K A8 2 IR R IR, e T b A s B Je IR T7 3, 2ok A e BB T R i B/
X T RFEMRFERUL, LRSI L U T SO B AR, R SR SR . AN, R A R DL L D U A
P S - E Y, TS A HEAT A AR R b P

KHER: ZREE; BTN, AR EEMA !
FESES: TPI8I MEARER: A XEHRS: 0454-5648(2023)02-0405-06 1
4% R ATIE) : 2023-01-17

LIU Xiaotong"*, WANG Ziming®, OUYANG Jiahua®, YANG Tao'*
(1. Beijing Advanced Innovation Center for Materials Genome Engineering, Beijing Information Science and Technology University,
Beijing 100101, China; 2. School of Computer, Beijing Information Science and Technology University, Beijing 100101, China;
3. School of Information Science and Technology, Jinan University, Guangzhou 511442, China)

Abstract: Most data in material science are multi-fidelity data. From the viewpoint of data producer, there is a system error for any
quantum method. For machine learning algorithm, as a data consumer, various methods have been designed to maximize the number
of knowledges extracted from the multi-fidelity data. In this paper, a quantitative method of noise addition was used to evaluate the
influence of different noise types and intensities on some multi-fidelity data learning methods. And the effective scope of the data
correction method was verified via iterative noise reduction. The results show that the ways to exploit the multi-fidelity data are
crucial. It is necessary to consider comprehensively both the size and the noise level of the datasets. On a variety of datasets
constructed with different noise types and intensities, the "Onion" training method that gradually deletes lower fidelity data is better
than the "one by one" training method in the direction of noise reduction due to the synergistic effect of different multi-fidelity data.
No matter what kind of noise intensity and training method, linear noise has less impact on the final performance of model. However,
the data with sampled noise added, which the final testing results are similar to the real multi-fidelity data, were recommended to be
adopted in a future research. Also, the complex noise in data is difficult to be corrected by a small amount of true data, thus being
more suitable for the iterative noise reduction processing.
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Table 1 Distribution of the data as a function of the band gap (E,)

E~0 E;<2 E,=2 Total
Functional Data Distribution Data Distribution Data Distribution Data Distribution
number fraction number fraction number fraction number fraction
PBE 19903 38% 15218 29% 17227 33% 52348 100%
HSE 2775 46% 1019 17% 2236 37% 6030 100%
SCAN 16 3% 291 63% 165 35% 472 100%
GLLB 0 0% 531 23% 1759 77% 2290 100%
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different noise level
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Dataset '
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A 90 60 30
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D 0 0 0
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Fig. 1 Training results of MEGNet on different single fidelity datasets and type of noise added
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(a) Linear

(b) Sampled from normal distribution
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Fig. 2 Comparison between _lby1and _Onion‘ to exploit the multi-fidelity data on different noise level and types, type of noise added

(a) _Ibyl® on linear noise

(c) _Onion°‘ on linear noise

B3 2 Bl ORI A7 AEAS ]

(b) _Ibyl* on sampled noise

(d) _Onion‘ on sampled noise

g 7 S 2 N R PR IS AP R A R

Fig. 3 Denoise effects of _lbyl‘ and _onion‘ on different noise levels and types:
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