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Fig.1 Molecular structure, detonation velocity, detonation pressure, melting point, decomposition temperature and mechani-

cal sensitivity of MC-1-MC-8""")
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Fig.2 Molecular structures of high energetic materials designed by machine learning based on CHONF"'!

CHINESE JOURNAL OF ENERGETIC MATERIALS

N XK 2025 4% %334 # o6 (671-680)



674

FHgE R EREA X

BRSNS BE T RS B S R R Y
P 5T 0 A A gl /D 1 S A RN (] HE B 1R A
REA R DA 23 1 B3 B 5L 50 50 TE 1Y 2 AT A
=0 TS R AL REY I & AN H o

BLES 27 2 HORAE & Be MR T o) — 1 1
SO AL A o T AR, LA TR AE 1 AR M R U e
IR B e 0 BIF 5 R P A (B S S 3 T R TR R GE
PR 2 & RE 3L S 2H O3 AR AE AR (2 O H R IRIHAEE
KR, S5 T, DU K 2 3 25 A A A
P SR ML 2 2 R NS b 70000 5 B 3k 4 4y,
T P T R AR ROR . T -
B, I A AR T — N 7871 AN FEAR I PE R B
e i ) ECE A R ER T — Fh 4 Co-Crystal
Graph Network(CCGNet) i 7 1 [&] #i1 22 1% £ (GNN)
A, CCGNet BRI 1T 15 10, 40 3 1 B A% 8 B Bt
e B B 7RI S A% i B B il i £ 4> CCGBlocks
SEBLT FURA B 5 UL 4 5 s A R 7R B B L
A JRy i Ty WL AR AR AT 255 8], DA T i S A8E  Xof A
FERedL IR R RMEGE T . A T 2 M4 CCGNet
BERL Y VEBE L 3 5 A P BAORE LS E R 32 0 5 A (g
5 S HF ) 5 AL (SVM) | B HL R AR (RF) 1B 45 BRI 2%
(GCN) ,Graph-CNN enn-s2s ., DNN-des fll DNN-FP)
AT TR Lo P AT BB B AE 58 B E A b ik
TIN5 PRl . W98 45 3 7R , CCGNet 78 T #r 58 X
56 9F 4 b (%S 47 o 5 2R (BACC) 5534 98.54% , B & 1
FH At 75 G AR (e 55 N 94.46%) o AE Sl SE R P,
T &gt ik R, &l BB = b5 , CCGNet
BACC 43 £ 7+ & 97.83% (TNT) #197.22%(CL-20) ,
HE— 25 B AE T H R K 1912 A RE Ty R0 TR . 3
T CCGNet W8S 1B 11 K 1000 25 2, 3 =5 4 141 Al o)y
AT —Fh A fig CL-20/1-H H-4-fif
FEe e o X — BUR AR IR T ML 2 S HORTE & et
fm BT B B RV T 3 R BE A A o Ak E o 4 it
TR A S AR AT 0 S5 T v

X AR B R R AR B I K AR 2 A% B Y

R IRy I B M 245 R X 0 4 R A RMSE i 2
Table 1

R?and RMSE values of different featurization and method combinations for HE-related density prediction '

TR ) RE AL | Rk L S B 9K Bl Y 7 1) il 3
JE7R T Bl > BORTE T B & RE o 1 M3k Bt b g
BRI T, D0 L 55 RE B RE I BIF K DT RE TR N e A

SR HE Bl B RE A4 RL G R I BT A AR B B o ARG, H AT
I BILAS °F ] BORIT 5 BE AT BT B B 58 b AU
DR TR N AT T H bR o1, R oK aDR AL & 52 2]
AR B A AR BB, DL — A R A
MR b, AT 2 R T B2, HLas o T 3%
ARAEAE 25 IC T BT Hh 8 LA AT B, iR R R AR

2 TEHEMBR—MREMNREEE

W IR T B R B RE MR Y B
RE 250, 33X 26 M 8 S B0 T B 6% e £ v 1 R A R
W& 8% AR 4% B BN SR AL &5 2 2] R
XiF 2 A A4 R BE I TR0 AR T K RS AR RIS T
AN R BIE G HE R HES) T A AR R R R

MK-) 5 B AT LU, & BB A ORL B g i I AH
O, RE Y RN R R R BE AR A R R R
B 27 2 VB SRy — T 24 0 P R 000N L R |, BB A ) I A4
BEFL 5 R Z B INTE G R B T80 R S 8O 3 R AL
T AA R B R, LB R 228N, 2021 4, Fa R AHL
K27 W4 R FE CCDC Rt i 2002 B i il
S G W B R R B R T BERL AR AR (RF) &1 o 22 k4
2% (GNN) FI 37 #7 1i] BEHL(SVM) = Fft 340 3 e 7 465080 i
I BE M R B B . RO 2 SR W - GNIN A AL fif ]
3 FEUVE i A BRIV AT 52 303 R b ek 285 Y v oA g R T
M. [FAE, Nguyen 2524 )\ CSD Hh fifi i B 4% , 41 4 1 4
F10521 A4y 7 B9 BOHE L OF kT S HF m R AL
(SVM) (BEHLAR A (RF) i f5 /1y — 3Fe 1] ) (PLSR ) 1
AL AN 2 45 (MPNN) DU BR A [H] (9 L2 27 T 53 12531
S LA RS . % TAE T, Nguyen 25124 3 51 5%
Extended 3D Fingerprint,RDKit # {1) 2D /3 1 iR 75 4
LK RDKit vty 7 Ji 1 B AR A4 9 1] s vk 1 T 4% 2
O, N 1 s MPNINJAG S5 I T TSR L 78K

1

Feature Input information Feature processing Method R RMSE?

E3FP Atomic, 3D positions precomputed SVR 0.683 0.085

RDKit (molecular) Physicochemical/mathermatical precomputed RF 0.878 0.053

RDKit (molecular) Physicochemical/mathermatical precomputed PLSR 0.900 0.048

RDKit (atom/bond) Atomic/bond, molecule graph learned MPNN 0.914 0.044
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Fig.3 Comparison of the experimental results of thermal decomposition temperatures of the four categories derived from the RF model *”
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Application of Data-driven Strategies in Energetic Material Design and Performance Prediction

WANG Hai-feng, WANG Kang-cai, LIU Yu
(Institute of Chemical Materials , China Academy of Engineering Physics C(CAEP) , Mianyang 621999, China)

Abstract: Technological and industrial transformations driven by data science and artificial intelligence are profoundly impacting
the field of materials science, presenting both unprecedented opportunities and significant challenges for the innovation of ener-
getic materials. As an emerging technology, machine learning offers novel research paradigm for the molecular design and syn-
thesis of energetic materials. It is expected to solve the long-standing bottlenecks such as low efficiency, high cost, and lengthy
development cycles. Although some successful cases have been reported, the application of machine learning across the full re-
search cycle of energetic molecules—design, screening, synthesis, and performance validation—remains in a relatively imma-
ture stage compared with the application in other advanced materials domains. This review outlines the current research status of
machine learning-assisted development of energetic materials, summarizes its applications in molecular design, single-property
prediction, and multi-property simultaneous prediction. Nonetheless, the use of machine learning in design and synthesis of en-
ergetic materials with targeted properties remains fraught with challenges. Future efforts should prioritize the control of data quali-
ty and the construction of standardization frameworks, the development of interpretable machine learning models, and the estab-
lishment of interdisciplinary integration platforms, further promoting the efficient creation of high-performance energetic materi-
als.
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