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A Stochastic Incremental Learning Model With Maximizing

Spatial Geometry Angle and Its Application

NAN Jing' DAI Wei' YUAN Guan® ZHOU Ping’

Abstract Aiming at the problems of insufficient interpretability and incompact network structure caused by ran-
dom generation of hidden nodes in random weight neural networks (RWNNSs), this paper proposes a stochastic in-
cremental learning model with maximizing spatial geometry angle (SGA-SIM). Firstly, the random incremental
learning process is deeply analyzed from the perspective of spatial geometry, then an interpretable spatial geometric
angle maximization constraint is established to improve the quality of the hidden nodes, and the universal approx-
imation property of this model is proved. Besides, the Grenville iteration method is introduced to optimize the out-
put weight calculation, which improves the learning efficiency of the learning model. Experimental results on the
real datasets and numerical simulation examples show that the proposed model has obvious advantages in modeling
speed, model accuracy and model network structure.
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XPbgh . Hod ) SdE 4 B 1 AN BUE B
T 2 ANSEBR A R 2 S S BR 4 2
T FHARARGORIE T AT S 2 B e [F)
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FEHREE 7372k B UCT £d: P 1 KEEL 248 .
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Ea N o A f (2) ##OE— 6] [0, 1.
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CPU A E3-1225 3.3 GHz. W47 N 32 GB RAM
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3.1

AL S A A B B X SGA-SIM-T.
SGA-SIM-II. IRWNNs DL & SCNs U433t 47 L,
FLARS S JE T A A [ A8 AR R 22 (RMSE)
(1)1 S AR 1 22 S PE AR TR T S0 45 S dE AT 7 A
(1T BLS 5 HoAh A5 78 45 H R /], HOX BUR i B
). BARSEIG AR AR 3 pion, b L BoRBRE 2
T RAL, AVE Al DEV 43 5l R R B AL RMSE
(RS- 21 A bR v 22

MR 3 T CLE H, fELRIEAHF Y stop RMSE
I, AT SGA-SIM-I. SGA-SIM-II Al SCNs =
HHEBERDIIBRE R A, X R AR ST A
AEMEHIMHA. sh, Bid =FHEYIZRE A L
W EAHEMIH, Kl 2 SGA-SIM-II. SGA-SIM-
IT AHEEF SGA-SIM-1. IRWNNs F1 SCNs 43l A
7 94.44%. 95.39% F1 94.88% IYIZEIa]. 45 k.,
BEATL I AL SR AR TR I 6o B B 2 S R o A2 AT 2
HA BT 1 B 2 X B AN B A i AR ). A,
£ SGA-SIM-I. SGA-SIM-II A1 SCNs it ka5 2
BN LT, SGA-SIM-IT 75 A5 i
) b B Wt B OR339 B 4 U B AR SR K
A BUETHE AR A RUE. M 7E RMSE 1) AVE
A DEV JTH, ASCHr$E SGA-SIM-1 il SGA-SIM-
IT #f3z8/NF TRWNNs. [, i B AR SC BT g A 2 (1)

* 2 BBRBEAFEBEE LRYIRSH
Table 2  Initial parameters of each model on different datasets
Bl QRERE ¢ ) TRWNNS ( Luax 5 A5 Thax ) SGA-SIM ( Luax s Y, Tax ) SCNs ( Luax s Y, Thuax )

nonlinear function (0.05) 100, 150, 1 100, 150:10:200, 20 100, 150:10:200, 20
Abalone (0.16) 100, 0.5, 1 100, 0.5:0.1:10, 20 100, 0.5:0.1:10, 20
Compactiv (0.15) 200, 0.5, 1 200, 0.5:0.1:10, 20 200, 0.5:0.1:10, 20

Tris (0.01) 50,1, 1 50, 1:1:10, 20 50, 1:1:10, 20

HAR (0.01) 500, 50, 1 500, 1:1:10, 20 500, 1:1:10, 20
Gesture recognition (0.05) 500, 0.5, 1 500, 0.5:0.5:10, 20 500, 0.5:0.5:10, 20
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Table 3  Experimental results of numerical
simulation examples
[t WREL (L) B (s) AVE DEV
IRWNNs 100.0 3.25 0.1060 0.0301
SGA-SIM-I 79.8 2.70 0.0014 0.0003
SGA-SIM-IT 79.2 0.15 0.0010 0.0002
SCNs 79.3 2.93 0.0014 0.0003
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PEIK N S HLE A Al & 1 7 vk, o) 1 —sindp > o
M T EEEET S SN EEIKEh4 4, T
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Fig.2  Convergence curves of four models
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Fig.3  Fitting curves of four models
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Fig.5 Frame diagram of gesture recognition system
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Fig.6 Frame diagram of smart gloves
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Table 6  Gesture recognition result
HE AT (s) IOk TR
IRWNNs 67.84 81.92% 500
SGA-SIM-I 110.80 94.49% 500
SGA-SIM-IT 15.26 95.19% 500
SCNs 113.08 94.49% 500
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