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Design and Preparation of High-Entropy Nitride Ceramics via Machine Learning

LIU Juan'?, TIAN Chuanjin', WANG Chang’an’
(1. School of Materials Science and Engineering, Jingdezhen Ceramic Institute, Jingdezhen 333403, Jiangxi, China;
2. State Key Laboratory of New Ceramics and Fine Processing, School of Materials Science and Engineering,
Tsinghua University, Beijing 100084, China)

Abstract: As one of emerging ceramic materials, high-entropy ceramics become a research hotspot in the field of ceramics.
However, their compositional design has some challenges for component design based on experimentation and “trial and error”.
In recent years, the combination of machine learning and experiments can provide an effective method to solve this problem.
In this paper, four machine learning models were established, the best-performing gradient-boosting decision tree model
(R2=O.92) through training and evaluation was selected for prediction. A single-phase (Tip,V.2Zry,Nbg,Hfy,)N high-entropy
nitride ceramic was then synthesized based on the predication by the model. This effective approach can provide some ideas
for the design of high-entropy nitride ceramic and discover new systems.
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Table 1 Filtered features'®!
Feature Description
EPB.A. m.ta.d Average deviation of the melting temperature for the composition

E.P.B.A. m.t.max
E.P.B.A. m.t.range
EPB.A.s.vem
E.PB.A.s.ve.ad
EPB.A. mtm

E.P.B.A. c.min

E.P.B.A. u.s.v.e.max

E.P.B.A. c.r.range
EPB.A.awad
E.PB.A. awfwm
EPB.A. mt.fwm
E.P.B.A. c.rmax

E.P.B.A.m.n.fw.m

Maximum melting temperature of all the elements in the composition

Range of melting temperature of all the elements in the composition

Mode of the s-valence electrons for the composition

Average deviation of the s-valence electrons for the composition

Mode of the melting temperature for the composition

Minimum column of all the elements in the composition

Maximum unfilled s-valence electrons of all the elements in the composition

Range of covalent radius of all the elements in the composition

Average deviation of the atomic weight for the composition

Fraction-weighted mean of the atomic weight for the composition

Fraction-weighted mean of the melting temperature for the composition

Maximum covalent radius of all the elements in the composition

Fraction-weighted mean of the Mendeleev number for the composition
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Table2 MSE. MAE. RMSE. MAPE. R?and tuning parameters of the machine learning model on the test sets

MSE of MAEof RMSEof MAPEof R?of .
Model Tuning parameters
test set test set test set test set test set
KNN 83.64 7.00 9.14 0.22 0.62 n_neighbors=3
SVR 42.29 4.72 6.50 0.14 0.81 Kernel="rbf’, Gamma=.001, C=100
RF 38.34 4.74 6.19 0.15 0.82 Random_state=1 050, Max_depth=6, N_estimators=100
GBDT 18.50 2.82 430 0.08 0.92 Random_state=2 100, Max_depth=3, Learning_rate=0.1, N_estimators=100
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MSE is mean squared error; MAE is mean absolute error; RMSE is root mean squared error; MAPE is mean absolute percentage error; R? is R-squared.
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Fig. 4 Comparison of evaluation metrics for machine learning models
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Table 3 Prediction results of GBDT model

Composition EFA/(eV-atom™)™ Composition

EFA/(eV-atom ™)™ Composition EFA/(eV-atom ™)™

AITiCrMoWN;5 60 SiTiZINbWN;5
SiVNbMoWN;5 60 AICrNbMoWNj5
SiTiVMoWN;5 61 AITiNbMoWN;5

61 TiVNbMoWN5 63
63 SiTiCrNbWN;5 64
63 TiVCINbWN;s 68

FA is entropy-forming ability.

#* 3 Nt GBDT HiZAYRE H ¥ EFA &3
60(eV/atom) ' 9 FfZH 475 20, Frfr: (AITICIMoW)N,
RO CERRIES . e THER, FEAHT 5T BT
TR NT AL AR 2 ST ) R B ) v M R A M e L
A BB HNE .

24 KIERK

BETFREE BN HEF SR, RIATRAIGER
(114 51 5k 505 0 2 1 RE I (BLA7FE R DR K &R
DRt 78 3o 3 0 3 IR L T TR B SR EURUN T Tis
V. Zr. Nb. HEE N m i B b & M 2 ot = -
B 25N B 2507 1Y GBDT #5784 b i EFA #E47 7
MW, 133555 )9 73 (eV-atom) ', A5 HIX —
YA M I AT REPEAR K ARG it sEae,
Ik A Joe 45 BRI A T BRAH I v A A A B
(Tip.2Vo.2Zry ;Nbg ,Hfy 2)No

K5 NIREFM 5 &Yk kM
(Tip2Vo2ZroNbg Hfy2)N P % (1) XRD 1. &l 5 7]
W, FEMIERAE1R 3] T B —RE SR, Hr,
A Z A I B R TR I AR T AL
BEER B TERBREE T 5IN . Begi T R 5 Fhod
S XRD ATSF I AL, 281800 CHUEREL HIX 5
FRAT SR G —L, TR 7 R — AR Ehahi .

6 JYRRJE L il £ 1(Tig 2 Vo 2Zr0,Nbo . Hfy 2)N
PRI I SEM #8 v DL HAHRE Y EDS JC 2 [ 43
fi. HE 6 WTLLEH, 5 FGERMAN(Tiv V. Zrs
Nb. HOEWCKREL S 040, BEHEmE. 4
4 XRD YIAHA T, HHRERTIL, BT ALES A I B
W 1 (Tig 2 Vo.2Zro 2Nbo Hfy )N Fi 8 1] LLIS iiE A
WL SL ) GBDT B8 B R 43z 4k e ) Al
k.



+ 3100 - (RERR Sh2230)

J Chin Ceram Soc, 2023, 51(12): 3095-3101

2023 4F

(a) 20°-80°

(b) 33°-38°
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Fig. 5 XRD characterizations of (Tig,V2Zro,Nbg,Hfy2)N samples before and after hot pressing

(a) SEM photograph

(b) EDS compositional maps of Fig.6(a)

6 (Tig2Vo2Zro,NbgHfy )N Fg 21 SEM )7 LUK EDS 731 45
Fig. 6 SEM image and EDS compositional maps of the (Tiy,V,Zro,Nbg,Hf;,)N surface
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