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Error Estimation for Material Simulation Data Based on Hybrid Learning
Algorithm

Abstract

Abstract: In order to obtain high quality material simulation data from Density Functional Theory material
calculation software package, a modeling method based on BP neural network was proposed to build
model estimating the error of material simulation data. A novel hybrid algorithm combining simple
particle swarm optimization algorithm that excludes speed item with BP algorithm, also referred to
tsPSO-BR was proposed to optimize the connection weights of the BP neural network. The hybrid learning
algorithm not only makes use of strong global searching ability of the PSO, but also strong local
searching ability of the BP algorithm. The BP neural network model was trained using tsPSO-BP on the
dataset of experimental and calculation data of elastic constants for binary alloys with cubic crystal
system, and the results show that the prediction accuracy of the error of C11, C12 and C44 were 88.19%,

87.83% and 88.26%, respectively.
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Abstract: In order to obtain high quality material simulation data from Density Functional Theory
material calculation software package, a modeling method based on BP neural network was proposed to
build model estimating the error of material simulation data. A novel hybrid algorithm combining simple
particle swarm optimization algorithm that excludes speed item with BP algorithm, also referred to
tsPSO-BP, was proposed to optimize the connection weights of the BP neural network. The hybrid
learning algorithm not only makes use of strong global searching ability of the PSO, but also strong local
searching ability of the BP algorithm. The BP neural network model was trained using tsPSO-BP on the
dataset of experimental and calculation data of elastic constants for binary alloys with cubic crystal
system, and the results show that the prediction accuracy of the error of Cy;, Ci; and Cyy were 88.19%,
87.83% and 88.26%, respectively.
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WHL ARG B AS N DFT V-5 4 ScpFh
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Tab.2 The data source and data sets for training and testing

HASH MABH
DFT RS H4 S gi%i s MR
% A A
PT=PAW_PBE,PREC=accurate 43
PT=PAW_PBE,PREC=high 43
PT=PAW_PBE,PREC=normal 43
PT=PAW_GGA ,PREC=accurate 44
PT=PAW__ GGA,PREC=high 45 305 76
PT=PAW_ GGA,PREC=normal 45
PT=PAW_LDA PREC=accurate 39
PT=PAW_ LDA,PREC=high 40
PT=PAW_ LDA,PREC=normal 39

PT: Pseudopotential Type fiff #2357

PLER 2 (1) 305 SRS M IZRFEA, H
tsPSO-BP SyEXTE 1 W0 o &40k 5 4 DFT
TPRARZAG TG AR TINS5 FfLLER BP
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PN LR T7 0. tsPSO-BP 128 [ 24 Y11 45 512
FHFEH R SCFE R &ML (Support Vector Machine
for Regression, SVR) JikPERE. PRI Ao #vt
SR A T RER T2 Hds, AT
SR AL, JF HATASFEAE, FAHTR K DFT
SN ST S R B R R ZE A R OR,
A A Bl 1) N Pt — 0 — A B -1, 1]
YA

SEIRRR T, 3 FOTERMMSEA T . T
SLFN fifi 28 b 2 i 8, JRAITae % AT AR PR
Levenberg-Marquardt %% >J 5L REA T 5L 5, M48 T0H
THERBOE ] “tansig” BREL:  f(x)=exp —exp "/
exp’+exp " o ML LA IR BRI 2 R 2 Tn AN B
4, BRUGHBIE 1, BORMEICAEOR N 350 R T T
P48 XUk Ty Rk PR T I BR  JE A& T .
tsPSO-BP J5 %, it R BOR I SCHR[ 1174
P L PE LTINS, K40k 20, kit
WARKLEE N 50; ¢1=cy=2; T1=3; T&=4. XIT SVR Jj
% MR EUE R 0 BE e A, AT AL 7k
PR SH C My Cc=[2'"2°, ..., 271, y=[2",
2%, L 2719 A 20%20=400 R4S, W Fh
Her, AT 7 P8 XS e F L) € My,
MM BACH C My, XB AT RS ISR, 193]
2K SVR Ut e R H 8 DFT vH 5 40
R ZE TIMIAR Y
3.2 BELYN SRR AL BE BT

PR A 6 T AN [R] B A R FIAS [R) v S 4m N 2 504l
B SRR RO SRR R A ZE ORI LAAS
SCHIF) U7 % (Root Mean Square Error, RMSE)FI°F-

T8, 5 BETRGE  SERA R SRR R A
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PIR0T4 0% % (Relative Absolute Error, RAE)P
ol It R R VA R oG A A R R BT S AR
KR 2 TN B () VR AR . BP. SVR Al
tsPSO-BP 3 Flyikredk 2 Hade Ll g
PEREWIRR 3 P

3 PR S 25 ) S R SRR A
B BN B Bt e a5 AL, SEpp L=
2510 I BOLPBMEE B aEi R . W3R 3 AL
F i, BP Fll tsPSO-BP #1485 [ 4% I 25 53076 ik
PEAE FIIAR RAE b SVR B/, 5 W 28 j4 2% 5
VR REIME BTSN . n A g BT
HHDFT AR R e S & #bE s 40 DFT 1145
WE KRR, HA RGNz
(generalization performance); tsPSO-BP Lt BP [#]i)l|
ZRAIK RAE 1 RMSE %)/, 1iiH] tsPSO-BP i
28 W 2 I 5 77 1 Ll B Al ] BP SRV 2R 28 ) 44 1)
A PERE LT . EMNAEHREE [, tsPSO-BP J5ik
TP Cys Cra F1 Cay 1) DFT vF SR ZE FIUER %
I3 HIEE) 88.19%, 87.83%F!1 88.26%, Lt BP Tl
(FIUERR > 3R T 2.06%, 2.14%K1 1.33%, Lt
SVR Jiik il T 5.26%, 3.19%F1 5.49%.

T AT 3P EELEUIZRMT B IR [R] VAT
M 4 WLAFEH, BP HikIZIN M, SVR
i) B K, b BP &9k K4 50 f%,
tsPSO-BP (1] {Il k34 )% Eb BP Il 538 B 18 3 15 2247 o
M 3 FI 4 F i, BP I ) PERERZ AL PERE Y
T SVR ik, W R IR ), Rk
tsPSO-BP [l ZiIif [ 22 L BP IR IR AR
X5 BELE BP s

*£3  ZFASFEEER RMSE Fl RAE L

Tab.3 RMSE and RAE errors for training and testing data in BP, tsPSO-BP and SVR

BP 1) RMSE BP ] RAE tsPSO-BP /) RMSE tsPSO-BP f#) RAE  SVR ] RMSE SVR f¥] RAE
JIZ4E  WREE UNgkdE MR4E UIZREE R4E IgRdE IRAE JIgRdE IRME IgRdE IR4E
Cu  0.065 0.071 12.96% 19.49%  0.052 0.062 11.74% 18.16% 0.072  0.084 14.42% 19.91%

C,; 0.073 0.081 13.78% 19.23%  0.062 0.071 11.81% 17.17%  0.081 0.098 15.85% 21.11%

Cp, 0.076 0.082 14.08% 17.82% 0.068 0.072  12.17% 15.68%  0.078 0.095 16.12% 19.31%
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Tab.4 The comparison of training time for different

RGN AR
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algorithms
ik i al/s
Cua Cu Ci
tsPSO-BP 36.98 34.38 33.45
SVR 595.74 776.11 599.45
BP 10.06 12.49 11.77

Ry 0 2 SRR iy N v i A 45 R A AR RE XF
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4 RGO SOG4 Al A S5 R AH [R5 AH AL B
WA 1, R 0. 205, Bk E LT miiks;
FIARBLRE, THE AN

sim=N,/N, D)
Kb, N, RN, 5300k R R FIAE O R 45 44 1)
MOTHE S AN, Lhln, JSAE R Zn AL
PR E T A Chy, Cra, Cia, Css, Cag 38 54, 3277
2 AuZn FHSZHVEE B8R Cl, Cro, Cudl 3
A, 4 Zn FI AuZn 1A SE R ARBUEE A 0.6 AH
BT RERE 2 78 SR ARG A ARALLE , AIORE 2 52 S
LR AL E 5 » BEBFRINIK) Cyy, Cio FH Cra ) DFT
TR ZE PRI = T 2.09%, 1.1%, 1.86%.
A LUE A5 B E SO AR ZE R AHADLRE , 23 B 7Y
A v I HERAE o

3.3 AR ENH

h TR IAR R  F E RE FRATTH R 2 S
R RIR K s S5 H tsPSO-BP J7 v kit £
W2 BEALIEAT O SO FH o 1 2 45 T B T )
A BT AL 5% 22 RS2 o B A S B S A
PR ZEMI LA, e a7 RoRB AL K TN {E
W) “o” RIRLPRITRIE R £ DFT TR 7.
RELe F IR R R RTINS
e 22 RIS (R 3 0 s B SRR ZEAH A

M 2 ] UF Y AR T R S AR R
WRZE ST BUAERIER A FEL, 29 90% [ POl v 70 R e
b, RUSEBR VR R ZE V) A R LU . R 2
WAL, 3 NMPESr&E Cy, Co Al Cyy 1 DFT

Vol. 30 No. 10
Oct., 2018

TSRS DR 22 K AR 2 JOA AE 0GPa i [, BE]
DFT VSRR L v 5t Ay 5 1 S0t AT
CIE =i

200 : : : :

100 =50 0 50 100 150 200
SEERAIC, R IR (A GPa)
(@) TBREAR A O, T AR R R B

sz B i e
120
#1001
é 80

—-80 —60 —40 =20 0 20 40 60 80 100 120
SEFRAC SRR 22T : GPa)
(b) MR BE L C ot SR, 5 2 AR T
Fi 9z A e A

80
E‘j
& 40"
o N -
T &
_-L—;b 20+
§;3_~ 0r
=~
B 20 -
B 40t

-60  —-40 =20 0 20 40 60
FFRECoy T SEBIIR ZE(LAL: GPa)
(c) MHRHCIRHE £.Cy i SR IR 2 B0 T
MR ERE 57
2 A7 EL A AN S 1 FL R
Fig. 2 Relationship of predicted values and experimental
values
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FNZE G BB TN DET v A0 S50 A (R
i, DFT V& s Bk s it 2. Al
FEoPE R A DFT v SRS AN S50 A8 3 il id b
Vorr MV, o HPIRECAEAROR R ZE, — ik
Vorr M Vi 248, H Eppr =Vppr — Vi B
MO R % RN Rppr = (Eppr [Vig) %
100% o FEARJ7 RS R 5 Fros, T e ) R
i, 5 ALHIH T4 DFT tH ARS8 BALTI
W) DFT oF S8R 22 ML PR iR 22, DA SRS
R .

SIS 3 B, TH 7 B EAT R
DFT i+ S HUAN A N 3R 2 Cry Co M Cas

() DFT THERRIR 2, 5 4 51 SERR ) DFT 14
Bl 2, 55 5 HI BRI 2, B 2 g A
T DFT AL 22 SRR 6 DFT SR L35
ZEMZEA. WK S ATLLE I, ALK IR E KZ
7E[-5Gpa, 5Gpa] Ju[lPY, FIASCHE HIFHA A
AR rnEsE, B .

H T, MR SRR 10 KR AR 5 2 IR
LR T HRIES P HAR R WS H0HAT DFT
SR, DAIRAH T S v S, IR 9 I [
TR A SCHTEE LI e ek % 8 DFT
VISR 52 72 A VIR AN 5 B AT P i 4K
TR, AT AN R S 504l A R R S DFT
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Tab.5 The model prediction results for testing materials

—Jt  DFTHZH BAHI Eppr (Unit: GPa)

SCBRIY Eppr (Unit: GPa)

B2 (Unit: GPa)

H4 HeE Rg Re

Cy Cpy Cyy Chn Ci, Cy Cy Ci, Cy
_ XC=PBE 81.04 21.27 29.43 80.35 22.27 33.62

GeNi; 0.69 -1 -4.19
PREC=accurate 30.81%  14.88%  28.57%  30.55%  15.58%  32.65%
) XC=LDA 148.41 70.41 56.35 150.76 68.95 58.28

GeNis 235 146 -1.93
PREC=normal  56.43%  49.24%  54.71%  57.32%  4822%  56.58%
XC=PBE 14.54 23.94 1.20 19.97 16.50 —0.04

MgCu, ] —543  7.44 1.24
PREC=high 11.63%  33.39% 2.84% 1597%  23.01%  —0.09%
XC=GGA 96.51 56.78 17.14 95.78 55.72 18.29

MgCu, 073  1.06 -1.15
PREC=normal  77.21%  7920%  40.51%  76.63%  77.72%  43.25%
) XC=PBE 168.58 64.89 48.20 168.66 69.11 51.04

NisFe —0.08 -422 -284
PREC=normal  73.16%  44.93%  40.44%  73.20%  47.86%  42.82%
XC=PBE 57.14 9.96 20.92 56.11 771 20.36

Cus;Au 1.02 225 0.56
PREC=normal  30.54% 7.38% 30.86%  29.99% 5.72% 30.04%
XC=LDA 130.22 39.29 42.74 134.29 43.09 34.00

FeAl _ -406 38 874
PREC=high 71.92%  34.56%  33.63%  74.17% = 37.90%  26.75%
XC=GGA ~13.07 -0.72 0.45 —13.45 -1.91 -0.83

AlLa 038  1.19 1.28
PREC=normal -8.82%  -2.25% 1.03% -9.08%  -5.99%  —1.89%
XC=LDA -1.27 4.11 1.18 3.58 5.30 1.46

AlLa i 485 -1.19 -028
PREC=high  —0.85%  12.89% 2.71% 2.42% 16.62% 3.35%
XC=PBE 5.04 ~11.94 -3.67 4.95 -11.2 -3.25

AuAg 0.08 -074 -0.42
PREC=normal  3.02% -9.01%  -7.54% 2.98% —-8.45%  —6.68%
XC=GGA 3.89 ~11.67 -3.38 2.07 ~13.85 433

AusAg 1.82 218 095
PREC=accurate  2.33% -8.81%  —-6.96% 1.24%  -1045% -8.92%
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