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Abstract

Given a set of data (such as some points and function values at corresponding points), finding the
expression formula of the unknown function—the function approximation problem is a funda-
mental problem in mathematics and engineering applications. Traditional numerical methods
mostly use polynomial interpolation (such as Lagrangian interpolation, Newton interpolation, cu-
bic spline method, etc.). In this paper, the expression of the unknown function is obtained by con-
structing the feedforward neural network function, and the advantages and disadvantages of the
approximation problem of the processing function are discussed. Specifically, the detailed calcula-
tion process of the feedforward neural network for training multivariate functions is first intro-
duced, and then the influence of the number of hidden layer nodes on the accuracy of the network
is analyzed. Finally, the numerical results show that the feedforward neural network can be used
to approximate the unary function, the binary function and the ternary function, which can
achieve higher calculation accuracy. The discussion in this paper is applicable to the study of mul-
tivariate function approximation problems of other artificial neural networks in quaternary or
quadruple, and it also helps to understand the basic properties and effects of related artificial
neural networks.
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Figure 1. Feed forward neural network diagram
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Table 1. Absolute value error (|F (%) -y, (X)|) of F(x) _{
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Figure 2. (left) A comparison between the output of the network and the input sample, and (right) an abso-
lute value error (\F = Yup (X \) graph approximated by the network
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Table 2. Absolute value error (‘F (%) = Yuo (X)‘ ) of neurons in different hidden layers of this binary function
% 2. R TRERTERE BMETALIEIRE(F (X)- v, (7))

1 JER SIS
~__ QEXJ iR ‘F - (7()‘ 15 16 17 18 19
52 RB AR A N
15 1.76e-04 1.11e-05 5.28e—05 1.04e-05 1.14e—-04
16 1.71e-05 9.95e—-04 9.95e—-06 9.99e-06 1.05e—-05
17 1.03e-05 3.60e—05 1.13e-05 1.38e-05 9.98e—06
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19 1.24e-05 1.67e-05 0.000013 9.97e-06 0.00001
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1

Figure 3. (left) original function image, (middle) output result diagram, (right) absolute value error (‘F()‘()— yw,b(i)‘) dia-
gram of the network approximation

3. () REMER, (F) ZMERHERE, (4) ZMEBEOETERE(|F(%)- v, (V))E

33 =ZmEH

YT = JCER BB T 2%, FRATIESE “1-n-m-k-17 KRB AT PR 285, RIZNZEEH — MR E
— MR =R R, KPS ESE M Es, =NMREES A n A m ANk A
PR T

DLER 3 F () = X2 43 432 LN, 58 LR =(x,%,%)» I X, %, % e[-3,3] B [N 03 [
(X, F (X)) B A AR NEAR, A BT R 2 N 2% S 808 ISR RIRECN 10° 1k, ISR H BRIt
ZANF 1x 1070, HEas 2T A H 0N 8~12 M, MR NHZ R BUE TR 2 I 3~% 5 Fin:

Table 3. When the number of neurons in the first layer is 8, the absolute value error (‘F()‘()— ywvb(x)‘ ) of the network ap-
proximation to the ternary function

%3 %1 EREERETHE N 8 M, MEMZE TREEEHEIRE(F (%), (%))

T RIERIEWRHEMN

AR (01, (%) 8 9 10 1 12
B2 RRERWRBHA
8 0.00011 2.35e-05 1.80e-05 1.13e-05 1.86e—05
9 4.33e—-05 1.76e—-05 1.86e—05 2.38e—05 2.45e—-05
10 3.82e—-05 2.33e—05 3.96e—-05 2.65e—05 1.22e-05
11 3.74e-05 3.66e—05 2.56e-05 2.05e-05 3.06e-05
12 6.67e—-05 1.74e-05 7.26e-05 3.89e-05 3.70e-05
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Table 4. When the number of neurons in the first layer is 9, the absolute value error (‘F()‘()— yw_b(x)‘ ) of the network ap-

proximation to the ternary function

F4. 81 ERESERETHEN 9 M, WML TRMBENBIHERE(F (X)-y,, (3)])

~ F1EREEY BB
- T 8 9 10 11 12
\é@ﬁiﬁ%ﬁ F (%)= Yoo (%)
F2BREETAKEN
8 3.09e-05 1.94e-05 1.03e-05 3.42¢-05 2.44e-05
9 1.55¢-05 4.19e-05 2.37e-05 9.67e-05 9.99¢-06
10 1.98e-05 1.72e-05 2.26e-05 0.000014 1.45¢-05
11 0.00001 3.91e-05 2.45¢-05 3.16e-05 2.08e-05
12 2.42e-05 1.90e-05 3.17e-05 1.47e-05 5.82e-05

Table 5. When the number of neurons in the first layer is 10, the absolute value error (‘F()‘()— yw,b(x)‘ ) of the network ap-

proximation to the ternary function

#5 81 EREERETHEN 10 M, WML TRMEENESHERE(F (X) - v, (X))

. BIRRARPAHAN
e Ry (1) 8 o 10 1 12

02 R A
8 ‘ 1.49e—05 1.51e-05 1.51e-05 3.17e-05 2.60e—05
9 1.30e-05 0.000021 2.22e-05 1.46e-05 4.86e—05
10 1.87e-05 3.00e—-05 9.98e—06 1,22e-05 1.84e-05
11 2.04e-05 3.15e-05 1.07e-05 1.06e-05 3.54e-05
12 5.74e—05 5.63e—05 1.29e—05 3.12e-05 1.8e—05

IIMTRASE 3y 4 4 AR 5 B, SiEAFRRE RN S8 H M SEIL m WSS, ZRRER

M2 TR B0 10 I, XER AR B foe o

AL L i Fa & AR o8 H e, GBI ZRAZIM 2%, SRt I 25 D00 6% PR AL AR R e R o) R

L/
[ 0.0836 -0.0225 1.4970 | [ 5.7915 | [ 0.1991 ] [—2.4620]
0.3326 -0.3347 0.0401 -2.3379 5.7050 5.0485
0.0282 -0.0558 -0.5615 -1.9746 1.0819 —4.7870
0.0282 —-0.2551 0.0003 2.9009 3.5540 3.4847
" 0.0282 -0.4149 0.0363 ble 0.3804 2o 0.4308 b3 = 3.4674
-0.3693 0.3385 -0.0704 0.2849 3.9779 -0.5793
-0.3166 -0.1202 0.0061 —-1.3349 3.7134 2.5626
-0.0017 -0.0395 -0.5043 2.4243 5.0181 —2.5435
1.0237 0.9184 0.8995 5.6608 0.0286 2.6451
| 01001 05558 -0.0516 | —2.5790 | | -0.2320 | | 1.1902 |
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[ 0.1489 -1.2592 -0.6252 0.6565 -1.9817 2.3197 0.6367 -1.4759 1.0787 -2.2479]
—0.5982 4.6431 28179 -1.9800 -2.4183 -0.9405 6.5865 -3.4205 -0.7129 2.1821
3.0404 0.3904 1.1372 -0.5190 -0.5646 -2.8891 2.3506 0.0118 -0.7921 -0.4121
0.1027 0.8304 -1.4192 -1.6764 -1.1641 -0.5833 -2.4755 -2.2549 25575 -0.9718
1.6900 3.1445 0.6508 3.0838 -2.2925 0.4650 0.4518 -4.4013 -0.7923 0.0261

w2 =
11173 -1.3508 -1.7383 -2.5259 -0.2260 -0.7103 -2.7721 3.4172 -3.6923 -1.5190
0.5790 -3.4405 2.6726 0.4454 1.7916 -0.6335 —-4.6042 -3.6064 0.0606 -1.8064
0.4809 -1.0025 -3.2142 0.8175 -0.5893 0.2096 2.6041 -3.4490 -1.3181 -2.4099
-1.6148 0.4207 0.7285 -2.5659 -2.1103 -2.4858 1.2063 -0.9127 3.5801 1.9192
| 1.6121 -2.7586 0.0855 1.7616 4.2070 13123 0.6139 -2.6655 -1.9198 0.3693 |
b4 =2.5851
M ET RS R O BE, AR R A R R S
Yo (X) = pureline(logsig (Iogsig (iw2* logsig (iwL* X +b1) +b2) + b3) + b4) (10)

MIE 4 EP(E)ﬂLJ%ﬁiﬁiﬁﬁzfc@iﬂtﬁﬁﬁﬁ’ﬁﬁﬁéﬁm%ﬂ@i%%é@XﬂEE(0,10><10‘5)‘ZI‘EH, ZiaH
o L o i PR AR A 2 B o 85 SRS L M RT R, 2 A ROR BT -

0

X, -5 -5 X X, -5 -5 X
Figure 4. (left) original function image, (middle) output result diagram of the network, (right) absolute value error
(‘F (%)= Yo (>‘<)‘ ) diagram of the network approximation

B4 () RESER, (F) ZNEHHERE, () ZNHEEGLIHERE(|F (X) - v,,, () E

4. 4B

ARSI I BB T A RAE SERT T 22 X 2% 0] P RAEIE — o . oneR . =B, RESIAFIEL
ETHERE L . RV AREAR N ECE 2 /D 2R S W 2% TH IR BERRE B, o 2 a5 B8 s
SR ZE X 28 IR AE L, LRI O S AR AR I SR AR TR 8 SR I 22 X 2% (R B IE S P . A
SCTHE R — B, & AT AR N TR 2 W 2% £E DY Jo DY 7o PA_E 10 2 e s o R T g, e
BT BRARAR ¢ N AR A8 WA 2% AV T SR HT

SE K

[1] B, &gk & sk fidk(—) [0]. #CEFEw T &N A, 1982, 2(2): 171-180.
[2] #HFER. NI R EEIIRD]. M5, 2017, 47(2): 239-242.
[3] Bulsari, A. (1993) Some Analytical Solutions to the General Approximation Problem for Feedforward Neural Net-

DOI: 10.12677/5a.2020.96110 1058 Giih 5 R


https://doi.org/10.12677/sa.2020.96110

ISR 4

(4]
[5]

(6]
[7]
(8]

[°]
[10]
[11]
[12]
[13]
[14]
[15]
[16]
[17]

works. Neural Networks, 6, 991-996. https://doi.org/10.1016/S0893-6080(09)80008-7

Suzuki, S. (1998) Constructive Function-Approximation by Three-Layer Artificial Neural Networks. Neural Networks,
11, 1049-1058. https://doi.org/10.1016/S0893-6080(98)00068-9

Twomey, J.M. and Smith, A.E. (1998) Bias and Variance of Validation Methods for Function Approximation Neural
Networks under Conditions of Sparse Data. IEEE Transactions on Systems, Man and Cybernetics, Part C (Applications
and Reviews), 28, 417-430. https://doi.org/10.1109/5326.704579

Ferrari, S. and Stengel, R.F. (2005) Smooth Function Approximation Using Neural Networks. IEEE Transactions on
Neural Networks, 16, 24-38. https://doi.org/10.1109/TNN.2004.836233

Yao, S., Wei, C.J. and He, Z.Y. (2013) Evolving Wavelet Neural Networks for Function Approximation. Electronics
Letters, 17, 586-594.

Fkd, &, RFRE. ST Z 2 A% 2 AR EOEIT R KM EE[]. BT 5E RN, 1997, 19(4):
433-438.

Eom, A0, skibm. FIH N TSSOl MBOEIT[]. tHEANLTE, 2002(5): 44-47.
BEARAL. BT MG R AT R4 X 28 1 ek Bos i 5 R [D]: [ 2608 50]. Kb g K2, 2009.
AL, G T #2245 5 1 2% R B0 8 I 14 BRATF 7R [D]: (A 2A 008 3], #1152 B K%, 2016.
VFPE. AT B W 2 R T [J]. EAS, 2014(13): 66, 42.

Heaton, J.B., Polson, N.G. and Witte, J.H. (2018) Deep Learning in Finance.

JATER]. PRE 2SR K MATLAB (i BAZF W [M]. dbat JEHRR % IR, 2005.

FhKAE. RECEITIR[M]. bRt JERMRE IR H R, 1989.

ZhedR, HHEME, BERIR. —Fraiisteh & M2 r i 5 =) L], 5540, 2004, 20(2): 184-187.

Foresee, F.D. and Hagan, M.T. (1997) Gauss-Newton Approximation to Bayesian Regularization. International-Joint
Conference on Neural Network, 1930-1935.

DOI: 10.12677/5a.2020.96110 1059 Giih 5 R


https://doi.org/10.12677/sa.2020.96110
https://doi.org/10.1016/S0893-6080(09)80008-7
https://doi.org/10.1016/S0893-6080(98)00068-9
https://doi.org/10.1109/5326.704579
https://doi.org/10.1109/TNN.2004.836233

	前馈神经网络在多元函数逼近中的应用
	摘  要
	关键词
	Application of Feedforward Neura Networks in Multivariate Function Approximation
	Abstract
	Keywords
	1. 引言
	2. 理论准备
	2.1. 前馈神经网络
	2.2. 函数逼近问题
	2.3. 构造函数的逼近网格

	3. 构造逼近多元函数的前馈神经网络
	3.1. 一元函数
	3.2. 二元函数
	3.3. 三元函数

	4. 结语
	参考文献

