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§p: & =

DFT (Density Functional Theory
-Atomic Level Knowledge)

\\w/
Enthalpy Pushes
(Strain & Bonds)

mix

4
Hume-Rothery Rules
(Solid Solution Criteria)

AG, =AH,;—TAS,;,

@==—: *
Q

A A

'ALPHAD
(Phase Diagram Calculation)

A

. Entropy Pull
(Disorder & Stability)
g

EWF
(Electron Work Function )

(I SIAU i8I ROEWSE S A e s ST IS/

SAERFAE ), L ST H Bk TR, Xk Aok
R B R4 50— D sl R R el T
A7 I LRE L SRR R i A L A A B A T
HECs MW 45 AL B 22 o B Bk sl =i DG S
IS R B M E 5 B, B 7R 450451
—PEBE” NTEHK R B iR, e AR R 2 “ B
A HE 71 (entropy forming ability, EFA) "R 4F, 1
fe i i DFT 1158 m e fb ) 0 g o0 A i, iy
TR TG B o BRSP4 52 M, g BELRE RS 1 7 Tl
Bl A Ry B R (R 0 [ BT, N A T s A e L 40 1) T
Bk o A, TR K R R i iE i MD AR AT
DA LTS ol e SR A A 40y v i 2 13 485 38 3765 K Y
fen AR B K S ok P R A AE A R
B, SEIL T W R BOR R BT S 0 SR R
R AR, AT T3 T IR %) 2 )
TE, X ZPERE PR B9 52 22 55 oK, XA X A B A&
B T E SR R S A I S T T R g
AR TR A ) B e T BRAE
14 Feeigite:Al BetrBammn

47, HECs WF 58 1IE 2 19 LA ML 9 #0198 fiE
BT o %8 LU R i = A o
HRR R S I SRR AR, A% O TR
H3E2e ) ARG YR, GBI B A 4508 i
LEFPERE” Z (A1) 5 Je AR LR SR AR AR . ML ARl 24
A 5SS BARnT o3 W 2E 2] | B> R
fh2z2] PR A MR . RN EES: 21 ML
FA) B L S, e 22 2 A ) 4%k B v Ak O A RN

82

(& FPa), AR R B U RE A% 27 > HidiE 7 Al
FFRIEE B A o B, = S B G R .
RERITTE HECs HA I H = 2R ITE 3 DERE TR L.

1) (R B2 8 1 1] B0 - A M o 2T v g 1T 0
SRR, W HECs PYARRSUE M | R, #4
SORAEPERE™, BN, BT IE SR kY1) DFT
BT R A A 2 > R, SR s R A e R ) oA
515 96.4%

2) ARSI RTREEZ A N T W B o S TR =
P2 BUTChR 2 8508 T RSB T2 5 S i A, 48
AR N TE 73 282 IR . Sl T B A I i 2
24y UHTC BYZ5H 3% AT LI 20 53 2 24 T R B 1
[EVA TR A A, iRl HECs Bt iS4

3) 5 RUEE A BLBEASE UL BIL 4% 27 > # (machine
learning potential, MLP) A] LAl DFT [WEAHEE 5 MD
(4 i 280%, UA TR [RIAH ELAE FH 3R, fER A4 R S0
Hh e I A AR L TR TR R ) s TR RO | 3
FRS B B KRB 7Y

LG ML R T C R0 T, ik A X
AL BT R 70 F iAo
CHOIE T RE A% 2% 2] HECs G & bRy Ba s (8] 434
A IS R E TR BEAE PR B BT R ALY . R R
F AR5 [ S SR R AL REIRS, IESEEL
R HE . S HLR )5 LR AE 19 4 TR T A AL ]
W, WARTERL T E 3 Rt 2 43 o AT B RN
AIRE. B REBO U B4, HES) HECs M SE4G % #7
RIEATAARRTE “EdlfL, ThRefl. e B,

www.kjdb.org


http://www.kjdb.org

PSR 2026,44(13)

2 HECs &t FsLHi
P 2 4 828 S e HECs 42 2% (1 oM g
FIROE ZH L T B IR . & AR Y = T Al A
BRI ML, M HE TR RS <A IE e o
,_( B FIESAE )_\

—

Active
learning

MR VERETR R I« Z2 BAREMRIE AL i 4 2
B Z . HECs MR e TR AR A A 5k
YR, T — NS A B L REAE TR L AR 4
5EIER RS TR (K 4).

Generative
active

o models
€ e
7 P N ctual propert;
\_ DFT MD CALPHAD pa, ) \ IELIES y
T S 15

Kl 4 AI4UHTC FREBITHRER B

1) FAs AU - i i B A P TR
AR L RR o B R IR A4S O & R W SCHk . A RS e
i, DA R AR5 AT BN 3 3 v 36 o 1 0R m S 5 4R A5 1Y 4K
. XTT HECs, Fi 538 5 S MBI L i3 . i
IREERE | 285 T2 LA SO0 I R M B CAn B B2 s s
i A ) .

2) FROE T AR FRAE TREAY B b s n it
B BRAS AT SSCRAE MR 19 “ RRIE T B F IR AT, 1E
RN o AP, FRAE T AR A AL 35 R AE 8 56 F g
TEAY 5 $EHURY R L A0 5 H b g & B AH O
HATRAE 2500 2 28: 55 1 R F4R1E, Q)5+
s, Bz PR S, XEERHIE S TR
HCHAL S —E WY BN IR 26 2 i K Rk
SEHR AR AVREE, WP LR . Sk AE, SRR
B HRBURA

3) BRI 25 5 e 3 A0 ME A L RRAE AN H A g
J&, PR A S R TE ARAEAT 55 JE 1 (428 vs 1) e X
“AT R R R A TR o R B SR L
[, 32 $F W] #=HL (support vector machine, SVM) | [ifi
HLAEAR (random forest, RF) . XGBoost. 1 5 #& F- 5%
4 (gradient boosting decision tree, GBDT) M fifi 2 [ 2%
(neural network, NN) & . 3 £ % LA [A] 55035, 928

www.kjdb.org

XEGUES, TEVNZRAE IR FIFAGTERE, e B
RGN AR .

4) AEUTEE 5 BIE: B A TN 25 R el ™
A B SEBIAE o 368 2o 0 AR BT T A o e A4
A ELSEPERE, AT LATPAS B A vErf ez AL RE ST .
SHGAE ARG FAST I, n] fR AR UG | B
EAERRERE RN S B . AR RE R B B L
PEERSR TR RE .
21 AEmRMESEREER

HECs (1] & i S A RE 52 35 TR0 HH A i
B2, TS AR AL BN B R I S50 | RS 3 Sy gt
[ PR s {45 2R, BARE AR BTG Y R/ N TG 12 T e 24 1)
POMESF™ . ML J5 i TR S R i,
R e RETE I R 2 2 [ AR B S R 2R, S e ] A
SEAE A R RE SR S BRI LR B T AT B AR A B A
HTE AE BT IR S AL wE UHTC 1R &R N I B b4
WAL F ERERRERAE, T T 224 HE Y R] & A T3
AN
211 Sk R TE AL

Tl 0 e A A DA e el 7 - T R 0 ) A
e ARk, LUHAE R AR AR, O i e Sk
ARER) BRI R . IR R AL BT ST

&3


http://www.kjdb.org

FHE SR 2026,44(13)

WFsE

KT ez . Ml & DFT 1A, %
& EFA>80 atom/eV 1 SI{EAE R ARTE b4 . T
BEYINZRAYT RE R, X 45 R4 fie Ak 40 1) T o4 1t
IRE 859%™ IR R e 55 AN ST 2 ) 24 ren o ik
A 47 P TIOR3, DI AR B A DN,
15 EFA FEASHR G, T SOBIR S =5 EFA {H /Y T 25
TARAR, [FIEEH FAHE DET 3145 5 52560 80k, AMER
HoAb A ZRA5F, MERATE R %

R GBI, MR oE S22 AR
AR — PRSI )R MRG0, i e
(active learning, AL) 77 7% (& 55%), kA s i, A S5
TR AN R 7 A DX, A a6 T R AR AE )
AR S B AR R AR R BFA U S X 5 4
A, PRI = EFA A TN SR80 55 . 1207154

Step 0: Initial database
of EFA values

=
z

£

=

=3

gl

5

S EFA/(eV/atom)”

!

Step 5: Final Step 1: Machine leaning predictions
model results of EFA and uncertainty value
£ | Initial | MI Final cycle? 3
z v
H I Yes  No 0.077 r iy
ETLLELLLLLL 0_093_' EFA 2
O EFA 0.201
Step & -0.233 EFA 500)
Compute — 1[5
EFA Step 3: Generate initial | |5
values using structures with AFLOW/| |2
VASP Predicted EFA
B H%oNgTaTi((llg
* HfMoNbTaVCs ¢, (]
D SRR
+ NbTiVWZrCs

e B AL W B T R R DT R 15504 T, Sy — R
IR Bk 2 A0, G A= 1B RS ke P A7 1 171
REAR, T E & S A B2 SRR B R (ADASYN)
Fif Bl ML, 38 a2k SCHR S 36 5008 15 B 7 PR e S 2354
P A B OB, K KT &I AR 1) F I e 2 T
£ 92%, I H 454G SHAP(Shapley additive explana-
tions ) Z3 W RFAE E 2LV, WA 12420 2 | W bk 255
SRS AT U S o R S s 2 i T
FEATR BRI, (HdL5 A T ERTA R 25 . ADASYN
Az ) AR AR GE T2 20 A AU SRR K, ik
ZHR— VR B A A R I 2R AR T A A S
iR 2s, Tk LAY WIS A 5 TR X 2 i 25, 3
B A B Y R L) s

200
175
150
125 ¢
100 ¢

75 F=

EFA/(atom-eV™")

50

S S G
]
1
1
|
©
<

Step 2: Select
o]l S1X promising 25|
compositions

0 1~2 3~4 5~6 7+
Cycle

5 mRmAY) AL WA R

IEAh, ol E S = S B O R R B AR
25 FRE)VE R RRAF Hi A TI0I0 AT A )R ™, 7 F
5~9 JCAE S5 7 L AR R B, ML 700 45 Y o A 2% 58
0.938. #%iT DFT S 2R A B o B, 24 0E T 4%
JEF L BB AR AL Gl VIR 25 . BR T B8 S mes, A5
RIBERG (0 T S5 PRI PR 0 UE [RIRE SR . NN A A 5
D3 4 R AL . WAL 400 1) BRLAHTE R D B 3
ik 94.63%™, 454 iR R SRIE N RS, T
D s e A AR TR R AR E Ry 93,491, ik 2
bR E R BRBTT e T I R UL E 1) Py 3 S
S [ZIEZ N
212 BREHAY EBRLSESEREXRR

WE e A e L P I 5 1 2R 1 B, P B A IE ]

84

SERTEAE 2 | RO T B = (0 e AL | RERRER S
PR RER, B2 3 B8 1E,

55 1 JORTLE I R 56 3, Qe k[ A RN B
AR5 GA Bk EE 4 i e Hh OCHRH AR 75 (U 9% K AR K
2% WP, AT LASEELARBE R A S i
£ R R I (HEB R N 93.0% )7 41352 2= s Wi
R TR R A FR PR il =2 R v S A T L A (1 ]
W N AR T R R RN BT 55
G3fE kA BT REMEF N (1 20) 7 55 « BLARAHSS #4145
(27242 9% 72 L IERE b, FIH GA BRI X
2 A2 e AT SRR R AL o K, 1%
FRAL BT TN 6045 Fi Al 1) 22 241 7 Rk R 4%, 44k
HERR TR 96.2%, SEHL T Xt HAARARSE AL (ARG R 2

www.kjdb.org


http://www.kjdb.org

W5

R SR 2026,44(13)

55 2 RBRAR IS AN LR 038 ) 23R4, Sk
FEEAF T 5 SRS B BRI . Divilov 454
“TC ¥ %& —J #1247 (disordered enthalpy—entropy des-
criptor, DEED)”, i ixf fit b 22 20 437 2 rh i 1 505 4
YR 2 VA7, 52 IR 22 20 43 B s AT 5 U 1 3 T 43
%5, Y EFA ML, DEED 45 &8P 248 T T X

EFA predictions

EFA=125 atom/eV MoNbTaVWC;s

Experimental tests

Single-phase &

IR AL S AR 0 TREIORG FE (T 62°°) o BRI,
EFA 1 DEED A% it |- 258 T BRARE B T S 4407
SEREIRTE, 20T UHTC il 8 R vl H G| 30
2R (AR S B &) . BRIk, e
LAV A B AR S S BT T2 AR S HECS
i, 23 5 ) BRI g 25

DEED disordered enthalpy-entropy descriptor
MOEbT‘QlVWCS
—. N

—. 2
— =% o
= a Q(E)E .
v @ N @t a Ensemble (f) POCC tiles
i & <) 8% entroj i
. N Py gamn Ensemble
EFA=100 atom/eV HINbTaTiZrCs . Single-phase I(-)[ﬂ_\ldeaTinC5 (o) X enthalpy cost
*Oxide e !
T . - %L X
EFA=100 atom/cV HfNbTaTiVCs 1 . Single-phase HNbTaTiVCs ‘33; ! y
| 2 .
/ - ,,,,,,’. 2 - \ X (Mmll&
EFA=77 atom/eV NbTaTiVWC;s . Single-phase NbTaTiVWCs \ - o \[Hy]
x Hii  DEED= AH )
. hull
% = . N ;
=] EFA=67 atom/eV HfNbTaTiWCs = Single-phase HINbTaTiWCs C MXC}, M
2 2 1 *Oxide
v .
5 5 - 2 cPOCC to accelerate spectra calculations
O EFA=50 atom/eV HfTaTiWZrC;s E . Single-phase HfTaTiWZrCs
= +Oxide
H _—POCC,xPOCC,
- . POCC, Y S
EFA=45 atom/eV HfMoTaWZrCs Multi-phase HfMoTaWZrCs el-=" 7 < POCC,
7 x -
. x
p : x
EFA=38 atom/eV HfMoTiWZrCs . Multi-phase HfMoTiWZrCs O T ¥ /
Dy i
A Srpn 4
EFA=37 atom/eV HfMoVWZrCs Multi-phase HfMoVWZrCs < Ry
<
0 10 20 30 40 50 60 70 80 90100110 30 40 50 60 70 80 MC. MCN, M,CN;, MCN, MN,

Energy/ (meV-atom™)
(a) RNEERAYHIEFAH

20/(°)
(b) EFA{EX I A e Rl Ak 0 AH 2H i

(¢) DEEDAICPOCC T AR

El 6 EFA il DEED #4576 W = it AL 9 T & sk i vy

55 3 RS R A TR A R, BITE < JRAH
FRORL” fRRG B 5 W B S 8] 55K P . RF AR
I MSi, 7R i3 005 e A ) A AR A5 R R JE 35 96,829,
{EME DL B35 350, SISSO(sure independence
screening and sparsifying operator )X — A fif# P4 ML
BORATLIN T R R ARG RE 9 EFA T, SISSO
AL v i 2 ) v < 2 0 B P SR iR
k2, WO L R BE 5 D RS 22 BOAS  1E HX
EFA BYSTTHLH] o Ik, S0 AN A1 R 25 R 4E
JE, ik py e = O (K] 7), SISSO W] LAKE FiL/ MR
a5t (e X0 s B B i 5 4 52 2% R 34
(RL B Lin 4 LidE), NN 5 GNN W GEEE b7-H
PEARRMEOC R

g5 Lk, B Re i E HECs 1 AT & stk Tl -
WA T 2 kR, (R l  ce—HL B 2 A U
PRt = s B Y R A AR SRR ME LR v
JE HAR S Z AR AR I 5L Y AT 2 B A T iRl
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A BRI T BRI RE 7, 1 UHTC W AR O Pk ik e
TR A BN A AR M S W0 8 IR A
(EFA . DEED)#: TR G ke A 69 55 4 WL , A8 1 52
B B AT AT AT BB 2R AL UHTC RO 45 #4 7 £k
RIS TRest 120 PRIk, AR MRS RN Pl
() B e 1) B+ T8 AU 22, B
Ik Gibbs [ HHRE XY B8 12 240, W besh iR B | &
F1 BT+ R R R AE 25 8], SR AN BRI T 5 T AR
il A 22 (B A 25 5, O+ 3 FH AR g B 1) i s A
2.2 XERREMHEENERLK

HECs MO 84 T HAL S M 2 5ctkhg, o
MR AR R AR AR A, E
T HEST o1 LS5 - R Y R SCIR A AR, I
BRSSP R (A 1 0 5 2 1) 84k, 2 HECs 8 B
TR Bhr. METHT B8 56 SRR (R . )
PELSRPERE ) | SRR RE O L Ak R T
) AR E M (B | T Dl ) A 2 AR

85


http://www.kjdb.org

PHE Sl 2026,44(13) wrs
A HECS B3 i 5k e
o =
PE e
J— < -
= gﬁ\ﬁ, -~
i g RIZAEL LR
Lﬁf e 7 ——— k LRI R
= 2l r
g ‘ 4D A Lk /]
& VI Random Forest XGBoost GBDT /
=} ey . /R
N N\ BB, B JRgrs
: LK.
y—— Bl ab I Ens _- ,z;‘;’g& ) fEEC/HLE
SISSO --" O AR/
OO w24
RS E, SRR ADASYN & SHAP OO RAR M
\_ : / - i
<50 100~1000 >10000 i’
(Ultra-small data) (Medium data) (Large data)
BRI

Bl 7 ML IR L e $E R

e ERETIN H AR .
221 HEFMeemN
22.1.1 FHpE

T i HECss ZE MBS . U T 245 45080 FH A%
AR, T EE A2 A A R | GOWLZH 2L GRoRE RL
oL RS Kl g T2 2 E AR ], U RE TN A 5T
T SRR ) E B AL . R R A
0 S /INEEAS T 2808 3 AR R IT . S Fsr S [l
(support vector regression, SVR)#E %Y 1] DL #4 % %
230 M o AL 19 0 2E v RE S P (R>0.93), JH T
7 1 v AR BE 2H 431 B XA M Y R A B AR, BV ER
A2 A HRSE (W VEC, o, Ay)" 5 “ T 238
PSS TRIE L TR J1) 7 F L) 22 G R I, 4R 2 ) B
BRI R E R S E Y B R R
TETUAR 5 A G B A L /RS 5 I 4
BB 2] AL AE XS B /A B R 75 5 RFAE T
ARV, RS A A PR FRRIE AL 25 ], S35 4k
ZA DR 1 I R AR ASE Y 1) Oy 22 o 7 T e A i
1k Py i B2 I5F, XGBoost 19 M 1L 48 R* Ty 0.827, fIL T
RF(0.763) 1 SVR(0.802), H RMSE &Ik, &I 1 7£
A FREE T r ez ARRE 1 AMb AT ISR FRHE
T BREC SHAP {E /3 #1428 FH & # 1 . SHAP 43
Bréhi& GBDT Sk d AR RIAE R AE AP 3R
B R>0.93, i T Il 2k 4 (0.858) il iX 4 (0.876), 5K

86

T 22.94 GPa fifi i (Hf, ,Zr, ,Ti,,Ta,,Mo,,) B, BIHEH
T AR AR A P A A R IR AR R B A AR
WAL, ke Iy B2, T L Y
CrabNet(compositionally restricted attention—based net-
work )i it TR A HE AL 22 2 (1 70 3 58 B, TR
TR ) 12 e HECs Bsf 2R B HS B i R T S e

FERRAE TRRAERE, BF9¥ 05 7 S A 4 B S HOHE 1)
Bl R A S RHEAE H, Y B AL AL Y
ML ¥ H F 1t 0 HECs A9 B B2 ), JBR 42 18 28 53 7%
(sparrow search algorithm, SSA) ik Jiz [i] 1% 1 #ih £ ]
#% (backpropagation neural network, BPNN) #9 iy A =
B, AR T L5 BPNN 5 i A s e I B Tn) R
AL HECs AR FE(E 5 DFT 1H5345 R0 22 /)
T 3%, WAk, B S+ PUERE ™ 7Y S 15t 30 UEAE
I (] 8) 455 SHAP 23 M il LA 149 /MFRIE
4158 BT I R %K (electron work function, EWF ) 28458 11F
A5 e A 32 %) S B DXL 77, AR LG T L IR, EWF
AN RE LA Ay B il 8 7 o A LG AR A, S g
TG Ml X 53 00 3R Sl A 2 b (] — I U B T R Y 25
k22 21 43 B S T R R T T B AR B ik 5 R A
iy

FEXS PRI & i B A B S T2 AR )
L, AR I I S SR AR, JEad 1120 4
IRFHAFER N B 112 D8 s 0 S B e, e
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Database

Feature extraction

Ko
Cbee
ML
Digital Macro T o
Tl oo Knowledge-base drive .
o0--S5 0 % 0
™\ /**Electron "‘zf;tit}r%’:d" oI
| N\ ~ H )
Y . X | — [ 2 q’osé‘b o Ti
‘4'/' S d ) b - =, 9 e Cr
NG = :‘; @ Mo
eod o Hf
< T .

—

Electronic property

Atomic scale

Algorithm selection Knowledge-based modeling

—a R-Squared 8 & 45| N=67 v
08 —#— Mean absolute enﬁ: 7 % 40 R2=086 i Cl
s 9] £
\ =’ | E R 235 MAE=233
3 0.6 \ooa % p g 30
§ L 5 = 25 v
S 51
F0af N Z W32 ' :
& [ e c B
s / = 4 g g5 4
X e B}
/ 3 G E 12 XGBoost
/ ST 0| gl e n n g
of ¢ 5 10 15 20 25 30 35 40 45 50
2 Reported hardness/GPa

PN S SN
SE S O VST
A 7 O K

ML Model

High-throughput

H,=0.0203¢%+9.

d 5—147.9839

EBs (This work) 40 ———
+ (TICIMoTaW)B

L 40 £3 i
T 4 N
336 £ 3 4
2 36 ) * (VCrMoHfW)B.
£34 & (CzMo MoriOn,
2% 3 8 34| (HEe, *TiNVoTaW)E
£ 30 29 4 (vZiMoTap, +(TCMOHIWE
4 0T
= 28 | 25 5 32 (TiZrMoTa bMoH{W)B,
222 9 §§ 3 b,
« (TiMoHfTaW)B,
D &;‘”4"250’0%@ . *(TiNbMoHIW)B,
sy 07 o g 28 30 32 34 36 38
500" Hardness (ML) /GPa

f/a,,) ©

Validation Performance prediction

P8 B 5 AR Sl o A A e — A A B SR 22 A S

H (ALFe, 2520y ,sMgy ,sMny »5) O, B 1770.6 HV',
B v 5 A B P 4% (data augmentation generative
adversarial networks, DAGAN) 3K 2] i1 1% 11 %€ i 7] LA
fiff R e M LA D R S B 1 [R) R, DAGAN AR i
A B, B ML AR A R4 T 14.67%, i
8 M EFAE 40 GPa MR LY R

JRUAE T AR A TN A B T R B R, (R
WY 22 38 T 2 R R Ecds, X T SR IR 5, o
b e VLA B R A 2 e LB | it B A B Y
K, SZBRT R RS A B =, 2 AR DL
FETUM SR AR . RO AIAUHTC WF5E 545 & Wt
REAY CAnARFTE T RS ML) ), ST DA 2 YR AR T 7 4
T Tl ) 2 D I R 2 2 B
22,12 Mk

DT e ) 249 g A 07 P 8 O SR 0, T 284
I Bt ROBE A PRI AL, 045 TR 5 i B 1Y 52
M, 5 SR R B AT S S SO AR R il

BN 22 LR B B B BB O S, Bl 2B
Yt e SO S ¥ T 1 G 3R % . MR
SLHG 5 ML A (Ti,Ze HE) C A9 REBRET, F
F CALPHAD #& 5: 55 IR IS 850 T 25 A0 1 2 3 A oK
ERARGE R o 3K R AR IR B9 SHOULES K5 T 00 S 1 4
55 28 50w %, (5 04 RLRE B (2780 HV) 5 1B 24 49) 4
(3.47 MPa-m") Be 2538551 AR Tt 32% #1 80% .

TE RS TR 2 B, #4 Wy B RO B TR A A

www.kjdb.org

R 0] DR 23 S E R AL o (A O R g . 8] 9V
71N R Y SR 31 5 TR B B 9 A AR A AR LAk TR
T2, K FRIS P R 5 T (L ks B AR ARS8 ) A Ry S B TR
HRA ALZr,0, B g 810 4 ) i 2L 0 (Ko ) BB LT
ATV T 48 205 10 A R 728 5 67 A BELAG:
AR O P, N 4 T3 AR A G HRORS HE I BE
(Lay,Gd,,Y,Yby,Lug,),Zr,0,, H K. 4 2.8 MPa-m',
BARBIMR RS 35% ., (HIA BWE5E T DFT 115
— R AL, AR5 18 A/B S0, A2 /R
SEARNEB A 2R, 72 UHTC W 5T, Wk
MUK R B R BIRE T, BEHRE T M A
LU Cn s 8 75 S RAT A PR i R i p A
EPERE . B REBITEOL AL IPE A [RTRsE, 06 200 e o5 H Xsf
PN TR, DA IR G5 R ZU A v 5 T 1Yy
SERENE, AR TR B HAL B A A RE S vk B Y T
YRRRIRL, SO UHTC St A SR SR e v
2 Hbniba TR AT .
22,13 PR

LA B R AR A TR T T S B S R, LT AR
AUFE S AR 0 B 5 AR S i s e . 5 A
25 B 2% (convolutional neural network, CNN )& 71 7
FIFHAEARL B 53R FF, T HECs M RR, 859) . 4
TCHPEASE ) 25 SR 5 SCRR IR B 25 R — 3, A
R TR K . ok T 45005 B 5k 80N
R 22, 15 F T RABRA BT 54549 5087, {H CNN
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Explainable machine learning prediction & validation

Database Key physical parameters extraction Algorithm
Pred. 41208 Dataset Feature generation
(; c » Knowledge driven = Data driven o 5?
o O Theoretical formulas 7 Material information @ =
X Yo XGBoog 1 LightGNB
A-site Tm —+ Features Models
Equations parameter| /. W 4 S

Sl : Chose 1 ° R

K0 +0e ® ® @l

K® E+47

. KOBGHG & G €& «

K B+ @@ 4

Cross validation

Best features subset i

3 KPPs * =
Knowledge  Interpretable Performance  Efficiency
16 sets - - 4 sets

182 Dataset - Generalization
Feature selection

Mean RMSE of testing set

Predictive model for fracture toughness

Calculation Experimental

ificati lidati
verilication KO=\/ETGC=\/ET2}) >> K]C=KD+AKHE= EX(2}I+GHE) valigation
Griffith criteria: New fracture surface generation |-J|]:| Increased toughness: Lattice distortion effect

B9 BBk sl 5 R Sl ) g 40 4 A AL DI A i 0 /s v

RROR Sy < JRA R, ke = RTARRENE, DO WIS 222 BAIFEMERETN

SRR R A N AESCIRAIL ] o RIS, X6 T Jed e 5 22 BB P ERE (AL, Pk, RT3 g T UHTC
PBIVE KN SRR MRS W b AR SR PETEAL S AR TEMOmIR G T AR R . 5 AR AR REAN A,
PARIEAT N AR RS S, AR T B M IR S AT e I 3 B AR S s A A
JE R CNN BRI PR . BERPEREACUBR TN ELAEH, DA RE PO E s e T AR 2 MERRAIE 52
BN E RS (), B2 TAWEMBORAL B 53R SN )5 00 ol BT

(bR R AL 565 AR o 2221 ¥
25 FAr T, YRR ) A AR RE T AT 5T, S 1 502 UHTC ZE BB | i as & sl &5 404 g

WYY E R | R MERRAG AR AR AR O TR, R EE b 0 TR A Y S R DA I
i, X FEIE ORISR R BERE R H S TR BRI E” m g At e AL oy # . MLP fig
AL, YT UHTC B TR, “mBIrE” 5 “Pill 951 DFT/MD [ BB 76 Sl T i sh&178,
AR SRR R A T S KRR T G ERE. MRS —oo s S onikib i N SRR R B A T
{EE: T S8 470 1 55 e IR A8 5 B A B ) RUBE T 1y 25 47 15 FH PR ) i 28 ) 2% 3 (neural network potential, NNP),
VRS AR RS, T RARY oy PERET AR AR I MELL  FRISER S DFT H SR m g8, R H
FHPEIX L K A RS | FLBRE AL AR — AP R (deep learning potential, DLP) p& 5¢ 7 ( TiZrTaHfNb )
T WAT R o R, RSR A BEBET T LM BA—FF . Cy7sNoos FOME AR 3580 K, FE48 /R T H L 7 B i it
AU A i) < AR MR SR S PERE PR ORAL, OF5] DA AR L i S PR T I E R
AL RIEFHERLA M, WA e m 2R 2222 BBk R

FERAJEE, R B O ZH ZURFAE, SR PZ K % (coefficient of thermal expansion, CTE)
FH W) BRAE M 28 B 45 (physics—informed neural net-  JEHREIRZ 5KV ECR AL OCHE . it DFT 1)
works, PINN ) RF i %58 ) 24 SRS ARG I B A B GoR - 2 3360 A e i ik FL 9 O B0 A il 38 CTE Ml 2k bk
B, SEERTAE R4 AR A TR D 2 AT S e T ARAb (IR 25 <5%), RF BLAI 2545 SHAP 43 M B #f 1 °F
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YR e, dnAs AR SERRIE 2 52 CTE 1Y G A
2, AR | HL e ST R IC C R Ry Y sk
PEALA R TR
2223 #GHE

fRFAT AR HECs AE N IR IR 2 AR AZ O
B, T IR AR A 7 R RO S R AR
PE, AR Lk A BIRIEAE R . 44 1) Sk
F#IFEZE H. (multi-dimensional anisotropic feature interac-
tion, DAFD) H A 1 S B I AR 25— Ak 227 5%
B HLI, 1T L i 2 B XGBoost Al RF AU 7

FHRUHHLEHIFRAERE ST, T A,B,O, % HECs # 35
HIE 5 ST AE R 22 /N T 3%, TR A AR Bh B
UK Bl ML 5w ] LI o8 45 1 B PH 2 7242 e i
Ak A,B,O, RS ALY A £ 17 Fhs 3 B 2
A7 M\ 6188 F(5RE,,),Z1,0, i AL ik i #h
FRLE 1.2 W(m K)o 88458 YSZ iR 2
FEAIS 50%, FHUERRIRHE 20 K 1B 2415 T 1) b R A8 X6
PTG OB (8] 107) . 1Ak DLP Al 75 1R
JEE I Ze s B, SR (Zr, HE, , Tiy ,Nby, Ta,,) C
IR R T 1 AR A R S AT

[ Domain knowledge assisted machine learning prediction ]
Vs 3
| Data preparation Feature Algorithm Interpret ML Composition
pres-sS ERilon sellesion Knowledge-based key feature selectjon screening
Collection Feature pool Pearson coeffici a5l
W fal‘son (,E)f) .l.Elen N _ eFe%tqre S?t
TalColPr 14 initial features SHAP %“‘ oo
.Nd Pm|Sm| @ Generate by | | Ry
| Eu|Gd|Sc cocktail effect | ET model - ’
Y | Td | Dy mode G RF distribution
Ho | Er |Tm @ RF model o
Generate b + XGBoost model L Banan
Yb|Lu ; Y Prediction | J"
- atomic and Crystal features * GNB model [0 adnniiln
B-site electronic N " - KNN model o R i
Zr | Hf [ Sn information Mg M¥ TalTg 1 . LR model Target : Thermal conductivity :b 6188
Ti | Ce Electronic features * DT model A(k)=(KPP 1, KPP 2, KPP 3) (SRE, ,),Zr,0
\ VEC E,y, ‘ * SVM model ) . A0, Epgs 1) 0.2)241,0; -
ES KPP: Key Physical Parameters
Synthesis & Thermal property
[ . e measurement
| Experimental validation I€
High-throughput calculation
( 1. & Bond behavior
l Computational validation I<

Pl 10 ARG BA 3 3y i 4o P A0 T 8 5 W 1) T AR 0

JRUE LRI AL B A AR L P R A T M 7 ThT
JEBLT s ARE ST, (0 H AT RIS 25 b T AR
SHPERERTIN . £F%F UHTC MRAEF5, MoRM R T
FZ R g oh SAHAS I 2% . AR IR BB T 2
MR T ELL5 5 AIMD 578 FRIT/MT, KRB =
TRAHAE A | FR AL A SN s A s RS
TIMAESE, $5 SR B AR R BB I bR
223 {EEEET
22.3.1 HiE etk

HECs ML AT N R — A2 812 5 8 J12g 8
S b A s i A A2 2 W BRAb 2 B, W SR s A b
AHAE Can S AL B Ak . ¥5 R o175 ) o Bai %542 H
T—MEEH RS ML B9 R RBEE 8T 5,
THEL T i Ak i 2 T 1) RO B R 5 LT 4 B 22, 18

www.kjdb.org

TN T ANTA) 42 J8 0 R SR AL 2E A AR 2 5 o AR
RI, TR AR B A I ) X B ) o AR AT A%
fss o WO T Ta/HE 7GR 7 i AR v A S S Ak
o i), 3 AR S0 SR TE A 30 S AR )2 (0 Ta, 0,
HfO,) 7E 24 E AR T IR S8k 9k 3h /1. £ Hir
AR 1 Y % (TiZrHENDTa) C 2 AT = 4 45 5 0
SRBUEACE, IF HAB/R T g o b i AS S L
TFHEFREAAT R Z (B R A B, (R s s
RITCILA ARSI v R S AR AT . PRI, X5
UHTC 35 B9 B LT, 0200 D\ B4l f) “ 348 7 /2K T 10
D2 iy SR A AR S A AR RS R
2232 iMijEihdE

it JE§ P JE: HECs 746 T Wy TR A5 40 sk 1
FIAZ T 2K, V5 B 2 2 W I AR5 i3 T . LT
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WFsE

i S AT dt 80 J12E AL o B B Al AR Y 2
Bl . TEF - a4k 09 B 5T b 5] AR il 43 25 ek
B, O e M ) S BE R ik R £ (calcium-magnesium—
aluminum-silicate, CMAS ) J& [ ¥ 55 4% 4k by 2 5 1 B
£ B, T LA R AR e AR R 2 ) 4 M R 5 3 R
XGBoost 5k 52BN 350 J7 R AA 1+ (Yb/Tm/Er
85 HOCAR S BE IR A A A PR 0 12 o
224 (EITASEMTEEN

VL A SR 52 e B AR IR 5 B0 A O SO 45
2R, P A B VE A 2 1o S R S L AL
WU B R S = M R — By m AR R L, Y
REBCIHE I ML J) 3B s i Ak ) 0 L 5547 R, T30
M (110)[1 1 01 R RGBT IR B, 487 )™ 5 i
WY AR R s A2 O 3R 8l 1/2<110>0 E5 A% O RS
BEAb, & XT3 T T A A # B LA ZnO. GaN,
SrTiO; & Ty RE P % b B0 iE XoF 42 1) il 28 ) 24 3 (neural
network potential, NNP), %J Efb 27 i1 & Fu A 0 4544 |
I MK R A BRI AR ), S50
R EVIAY, X FhiE H A NNP HEZE AR & HECs
A 2R ) o B T A8 B LRI BR AR TR SR
225 HfbEgemun

B 1B )2 5 I CEFR AR, HECs 76 TR IRA
P THT I P A AR S L TR T A5 A 4
AE 0Pk R o e S MR e T U7 T, SVR BE AU R T
NbTaMoWAIC 2 H Al JC R N5 | ) A )3 5 7
P14 it A1 2 A it A 48 R S R A P DI [ 2500, B A
FILTC AR R AL 30%™; £HX7 mrhi b4 R 38 R 44
N B RO TE, T DFT 8086 B 09 T 28 W) 2%
(artificial neural network, ANN )4 il 1 Z2 20 /3 i
V& IR Ak Y ny s PR | O R R R RS AR R, 1
6T V-Nb—Ta {4 2 rf B A8 57 %60 i B 5 ) M 34 i
TTRR™; FEAR S REPE T 18, 2o 0 4 T e A 4y D)
B, 3 F T A RS b CH R w5 R ) X
TR RIEE5 A, BOIUASEE S DFT kA, S28l T
s AR AT . HER RS ST A B R R

MHif HECs AR5 35 22 42 i 70 A5 BE R LU g =5
[, DA FH e R A A8 e e SR 2548 . (H 3 1A
FIIFFE 2 BH, AR5 EE /R HLi iR 28 HECs M REM FR
B ELRTE . 7F UHTC M8 E 53 E i it #)
I ML 254 il i 5000, & PR i AE SR B R R i 7S

90

ik tets 2 UL e pr BHG A BRE 01 5 122 PR
BT X (TiZrtHINDTa) C I 2R, F#E IWAEfL 3 & LU RE
T I S 5 s W A8 A5 T — AP AR AR R RE Y, A
i 1 ERRER ORISR iR S EE R B EXS TARRRE P L #4
YEVERE T CMAS J& Pl fig 2 G EH 2™, FIH AL
AL B LA SR SR, P DA D K Ay A 45 B8 7R 28 (1] v
R B H AR PERE AR E BT RE L

G BH B 0 B SR AL A1, B S 0L 4B 5 iR
(40 C/N, C/B 55 )2 H Hii & BEF0 i) 22 05 1) . B
BRSO T R B N ER 0 A R T, DT
X AR A TR B AR TR VRS W L TE S e Ak )
AN IE SR ALY, AT DL s A R A AL
PERE™ ), AT ML # R %0 DFT 1153, 7T LUK i
DASTR] C/NHEX e W B A1 ) Hh A W 722 | H 24544
DL Jy 5B PR I 22 B0 52 ), 38 8 5 B S
P Al TR N i AT DU SO R B, SR
DA S5 -1
23 ZBirthEIZIT S EEERE

A —VERE PR AT ARG A PERE ) T 1%, a0
AR AT AL TEPE R Y B 532 (8] v 4R SR AT R A Y
B BF g #4405 . HET HECs ) ML WF 98 R Z L 1E
PEBTHUINAARRS E PR . S G &aic &)z
il FHAE S FCHE P 88 53 (NSGA-TD™ | £ H R DLt
4.4k (multi-objective Bayesian optimization, MOBO)
SRVEAE, T HECs 76V 580 B2 . )Pk R 55 5 T
12 HAREALBIESE i b TRE AP B B o X FBE R
= G e RIS FE R 22 15 78 22 A I ML, PR RE X TOU
R KAL) R R, 30 RACRTE AR
2 VB HORTESE . TR, A 6 1l S Sl 1 B8 1 3R
W, A4 EEE T HECs 19 1E [m) 000 36 ) 35 11 9 1%
THAR, B SBEX — I OG5

B Xt 8 LT i B MR KR, IE ) ML T+
W 1 i S A8 R P [ s Sy B AR TR ALk AR
CALPHAD 5 ML # & n] DA 52 B (Ti,Zr, Hf) C A J&
(2780HV) 511 ($2 7+ 80%) 9 [FI2LALAL™ . 4 Jm 5
SEAA AL o BT AL [ R TE3 [ I B SR
JREII T v P 0000 o A 23R A L ) T B B, AR
i ULEE R L PR IR SR A AL L R RE P 45 A R e
£, R RF BEAYFN 10 H7 58 LEAE . 73 ] B Bt ,
e 5t 55 i R R B e S Z E AR, R GA TR
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P R A ZE 1) 23 (8] R R fe DA, SR g bk e SR
TF 15%~20%"" . il i b5 FEOU AL -5 TR AR M 45,
A SR R AR T G A Y A S S
JRAE T IR AR T 4 0, FE © 1 o T35 s 4
A7 B IR T L2y ) R A% 2 il HECs, FH TP
Pl AR E TE S AR R 28 0P R . Gu SF AL T
B ML G e DU, 4555 ffl B2 T K W B AR 75 IR
91 368 A ol L g 3 2 (A AR 72 184 4500 ) e 2 i e P 14
e ZH 73, SEBL TR v 0 A AL R S B B
i AEPURAT I A RREVE A B R DAL 5 T, aE i
ML 5 GA I PHER SR, 15 22 425 18] S0 i i H 3.
FARRARE PEAL S T A B A SR R IR v i i AL,
FT0 TGl A A MELL SR FAR YRR

Z HAMLALAT A A [ A i 18, S
IER S E Beit”, BT LU A A S R A R AR
o FETH MR R AL L A 1A B 2R 58

(SLICES)""li i3 745 £ SR 5 SC 90 T A IR SR 25 49 1)
A5 RS KR G 55 4 7 A Rh 4 My, o4 o of R
94.95%), 45 GrimAbaE ) SR G T SR
Az L a1 T, AR AT B P8 B A H AR 6 Y
An RSG5 H . HECs 5 1068 sl . o0 R -5 o da 5 1)
AP, T W 25 0 T A RHE R B4R ProME
v1.0 -5 (1), SEBL T 24000 A 4 b 21 (i
R R SREE D) T AR T . SE B
PR TR T 6 4 A BET TR b B S A wfe A (i
R R, FECRUEERE A TR N A RO
RS E, ZFAHES TiHE M RR RS TR
FHAY Rl G 38 5 v B DET AR s e — ) F ML A
RIPZ PR AR AF 5 T R 10 G — 48 L A AT 50
TIE, RS2 30 45 5 R R R, PRI A AL,
SCPL T I E AT TR T R AR, N
HECs 2 i fb i H et 7O 2% %

=2
Professional materials at extremes (ProME )

Models and algorithms Software
‘ Crystal structure search H ABC I
‘ Disordered configuration modelling H SAE I

‘ Zero-temperature properties

H VASP |

correction technique for

Spatio-temporal Conditions

Platform

scale covered
Zero-temperature . .
computation engine: Microscopic scale
Intelligent feedback and error- 0~10°x 10° Pa;

First-principles DFT

multi-tasking management calculations

Self-developed

Thermodynamics under wide l
‘ pressures and temperatures H MEFP?
Elasticity under wide I
‘ pressures and temperatures H HTEM l—l
Electrical and thermal conductivity I
under wide pressures and temperatures H TREX

Multi-component and multi-phase

phase diagram H AutoCalphad

‘ Response under wide strain rates H Hippos

software with
copyright
authorization

Microscopic scale
0~10°x 10° Pa
Properties at 0~10* K
extreme conditions

Commercial based on DFT

software with
added features

—‘ Mesoscopic scale H 1073~10°s! ‘

Bl 11 ProME v1.0 V& TAEm 2

3 HkSRZE

T, B AE I R EL TR A AR R B
WIRE 1, {5 HECs #F A& m] “ & RE R 19 4> T L i, AT
TG A . LB 5 50 e 1A R S AL OIS, R AR,
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Al-powered smart design of ultra—high temperature high—entropy
ceramics

TIAN Dexiang'?, LU Jiagi'?, LI Peixuan'?, GAO Xingyu’, WANG William Yi'?, SONG Haifeng™, LI Jinshan"*"

1. China—Kazakhstan Belt and Road Joint Laboratory on Materials Genome Engineering and Intelligent Science, Northwestern
Polytechnical University, Xi'an 710072, China

2. State Key Laboratory of Solidification Processing, Northwestern Polytechnical University, Xi'an 710072, China

3. Institute of Applied Physics and Computational Mathematics, Beijing 100094, China

Abstract Driven by the imperative demand for extreme—environment materials in strategic sectors—including aerospace, deep—sea
exploration, and advanced nuclear energy—traditional material systems are approaching their physical limits under synergistic conditions
of ultra—high temperatures, severe corrosion, and high stress. High—entropy ceramics (HECs), characterized by a extremely vast
compositional space and exceptional stability in extreme environments, are regarded as a pivotal class of next—generation strategic
materials. However, the traditional "trial—and—error" R&D paradigm is trapped by the vast compositional landscape in a "combinatorial
explosion", rendering development cycles prolonged and inefficient. Consequently, the targeted and efficient design of HECs remains a
critical bottleneck hindering engineering application. A novel paradigm is systematically analyzed for the intelligent design of ultra—high
temperature ceramics (AI4UHTC). With ultra—high temperature HECs selected as representative materials, the deep integration of
high—throughput computation and machine learning (ML) within this paradigm is examined. A fundamental shift in the R&D
workflow—ifrom "empirical trial-and—error" to a "knowledge—assisted, data—driven" framework—is thereby driven. The evolutionary
logic of HEC design paradigms—progressing from empirical and knowledge—based approaches to data—driven and intelligent
strategies—is systematically elucidated. Specifically, the robust capabilities of ML are highlighted regarding accurate synthesizability
prediction, the design and optimization of critical properties (mechanical, thermal, and chemical), and multi—objective synergy, supported
by concrete application cases. Concurrently, challenges currently confronting intelligent design are critically analyzed regarding data
ecosystems, model interpretability, process integration, and the closure of the computation—experiment loop. Ultimately, the establishment
of the "Data—Model-Knowledge—Wisdom" autonomous evolutionary pathway and the "Al Multi—Agent" system will efficiently advance
software autonomy for the intelligent design of ultra—high—temperature high—entropy ceramics and realize typical application
demonstrations of AI4UHTC.

Keywords high—entropy ceramics; intelligent design; machine learning; AI4UHTC
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