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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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M LU 8 A 18 1) X 28 b 25 4, FOAE A id i S8 U7
FARE . 78 SL bR BTSN 4 40 425 i
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—IUEE I TAE. M3E R, B VR A IE ) Ay
ST PP R X 28 A 225 ) I P S R OR . BT R
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ERAEWREX S, B BLS & ek A FEA
WS AL AL, SRS H X LR ALY R A i o
A, BB PR AR AR T SO SR — R AR,
BLS £ S E iy PRk #y @ A, (5 i BLS 548
A7 AE B 2 ML 73 B T 5 2500 90 48 25 M AN S 2]
AL A RT, BLS S48 i2 N - oMk i A A 3PS
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12) Fieo—ep, L=L+1: Gesture recognition 3595 1241 54 24
13) end while et 32 e —
B by b ey, VR 2 S A TR S R A
v Pt = teb e S T b0 R RS
I 2B ERN
3 MM SERA 3.2 MHEESHR

A ¥ R SGA-SIM 5 IRWNNs #1 SCNs
16 5 MR SRR — AN B BRI F AR RS B
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)
HIFFC A TF- S 00 R . 1% 22 G0 B0 435 A5 A4 R0 3 A 794 3
g3, Fo AR o S B R T A R AR,
BB 32 B PR AL T AR g T R

SRHESRE

S TR HUE B T s A R R B AR
PR N S AR 2R (22) BENLAE K. 4 Fhsfr b
RS 7ok B UCT #ds 2 A KEEL £ 2.
EA14 7 & Abalone. Compactiv. Iris 1 HAR
(Human activity recognition) Z(#i4E. ALE 4L
A A g T SR E A A A BE L 7 BRI 2R AR A
. BARRITENE B R RTESR 1.
flz) = 0.267(10174)24_ 0.587(80x740)2+ 0_36—(80%20)2

(22)
Ea N o A f (2) ##OE— 6] [0, 1.

AT FTA 256 # 2 F ] Matlab 2019b, 7E
CPU A E3-1225 3.3 GHz. W47 N 32 GB RAM
f\] Think Server _F#4T. Sigmoid & IE NATH
SIZEG RO R AL, S RLEAN R ER AR B IAG 2

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 BN 3 pion, b L RORBRE 2
T RAL, AVE Al DEV 43 5l R R B AL RMSE
(RS- 21 A bR v 22

MR 3 AT CLE H, ELRIEAF 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

FILREIHLT, B nfase.

KR, SCNs BARTEMERE L5 SGA-SIM #f
oL, AHANEE QL SRR MR AT 4 & R APt
e, 1M SGA-SIM i i =% [B) J LA r] AR AL BE TR 1 e
RS AR R IGE TRRY RTARREE, HEOR
7 RWNNs [ Ba 7 m. X 2&H T SCNs
T A& ZES B AE LK ((e),_y 0 91) >
D26, 0 q=1,2, -+, m )P AR LR ZE A
T R U R S AR (R B BIR B v i e B B
PG — A E T, R S BBENLAE L 4T
fiftRe. B, SCNs A LAMALEE J5 1] [ 2 A AT A ik R IX
LT A H . AFTF SCNs, SGA-SIM i
FA B 25 8] JUART A B e RAL 0 (3R (12)) & —Fh3L
PEIK N S HLE A Al & 1 7 vk, o) 1 —sindp > o
M T EEEET S SN EEIKEh4 4, T
(Or, = Z(en—1, L)),y T A2 300 3 20 1801 325 00 745 A5 T 1)
B 2 5 O R B2 1) ORI EE % 22 R 3 R g ek i
SHT S B AT R R 2.

T RIS gk Far sk, AR H A
A FARE A () 22 1) L AT A B e KA T R A R 7 A B
TR BAVAT 25 0 a2 270 s R SRk (R 45 4 B
B8 MSGERAERIARE ), RN, & i AU v
HO7 A Bh T AR A AR (1], RIS A A R
2 D) 245 5 A) AN K B4 R AT 55

N T E# IRWNNs, SCNs. SGA-SIM-I Al
SGA-SIM-II VU It ek E0E T RE 1, A K stop
RMSE ® &N 0.1 Ja 4 7 4R Suth e fdil &
MhZk, Wi 2. B 3 pros, eAi14r 7l ER T RMSE Fifi
ST 218 0 P AR A BAORR I PR ARS8 T A AR AL
. I 2 aTCUE ) AHEET IRWNNs, AT
$& SGA-SIM Fl SCNs £ #HIE. SGA-SIM-1. SGA-
SIM-II. SCNs 43 H{#i ] 18+ 19, 18 A& 27 A fF
EE] T W RMSE. 1fif IRWNNSs 78 R il f 5
RUE A BEE BB ) RMSE. [, IRWNNs 78 fa 2
JETSBOE R 37 AN, (R M 3 0 w2 ok
P IRWNNs W8k, 3 115 B A SC T 2 18] JU
1] £ P B KA T ST RO VA B TR B S R 5 A
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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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GAENNIMANIMEAN 0. 7250 0.5 HIS 5. Ik 4
ALHN, S IR R A IS B R 22 IGRAE
W G0 3k 200 IS5 G B A A, )
FERITE 155 2 Al ris 22 RN IR 22 S bl 2 15 R 3
I B, 155 AN Az fE, MR Z I a3,
LT WA, XU R E MR BRI, B
BORR AR DR o P 2 ) B L. A, AE SEBR R
TFEP A TR E S| N early stop HL#, fif SGA-SIM
PR LE 2 ) Rl R b — Bk L& Bz 10 25, e Ak,
W EE 7% 7 N B T S PR R ARAT 45 T SR . Bk
MR ZRE N 0.05, RIEE 4 751, SGA-SIM £
116 N9 AU RIAT A 2 EE 25 72 | A Y v 1
B A. 0, B AERE/NT 0.044619,
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0.40 Testing - Table 4 Experimental results of public datasets
035 RMSE = 0.05
5 (- RMSE = 0.03] 1 N ) " i g Rk
Rl TR (L N oo .
0.30 RS B D g w2 a2
53]
©0.25F IRWNNs 0.2543  0.2209 0.2178
P
~0.20F L =116 L =155 1 bl SGA-SIM-I 0.8190  0.1479 0.1763
v _ Y _ alone 100
0.15F RMSE = 0.05]|RMSE = 0.044619] | SGA-SIM-TI 0.2024  0.1446 0.1727
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0.05 e IRWNNs 1.3461 02720 0.2715
0 50 100 150 200 SGA-SIM-I 53443 0.0573  0.0695
. Compactiv 200
Number of hidden nodes SGA-SIM-II 1.8827  0.0571 0.0670
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B4 AL A AR R ST
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Fig.4  Effect of nodes on fitting performance i ”
SGA-SIM-I 0.0794  0.0167 0.0333
Iris 50
A2 M B A 1) RMSE 1A% 0.044619 B, early SGA-SIM-II 0.0616  0.0167 0.0333
stop ATLHIPRE 2 1 i & 57 2045 1R )1 2. SCNs 0.0918  0.0173 0.0333
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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 5 Smart gloves sensor description
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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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