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Broad Siamese Network for Edge Computing Applications
LIYi-Kai' ZHANG Tong"?> CHEN C. L. Philip"?

Abstract Edge computing is a paradigm that allocates computing, storage, communication tasks to the edge of network. It em-
phasizes that data processing should be placed in the proximity of user terminals in order to reduce latency and energy con-
sumption while protecting user privacy. However, resources for computation, storage and power at the edge of network are lim-
ited, which brings new challenges to edge computing applications. With the emergence of edge intelligence, people prefer to
combine edge computing applications with artificial intelligence techniques to bring more convenience to our lives. Many arti-
ficial intelligence methods such as traditional deep learning methods, need to consume a lot of computation and storage re-
sources with a huge time consumption. It is not conducive to the popularity of edge computing applications, which always re-
quire low latency. In order to resolve such a problem, we propose that shallow network methods such as broad learning system
can be applied in edge computing applications and design a broad Siamese network algorithm. We combine broad learning sys-
tem (BLS) with Siamese network for classification tasks. Experimental results show that our method can reduce the cost of time
and resources, while achieving a similar result as deep learning methods, consequently improving the performance of edge
computing applications.

Key words Broad learning system (BLS), edge computing, Siamese network, shallow network, edge intelligence

Citation Li Yi-Kai, Zhang Tong, Chen Jun-Long. Broad Siamese network for edge computing applications. Acta Automatica
Sinica, 2020, 46(10): 2060—2071

1 =430 AT NT TE B 27 2] R 45 (Broad learning system,

BLS)AFHIZEA W 2% (A 5% e FREAT ] ZL 1 ) 4.

ek 11 2020-07-15 3% F1 4 2020-08-27 FATVRE 53 590 I T7 32 S8R0 L I F 98 9 A # e
Manuscript received July 15, 2020; accepted August 27, 2020 Ji X‘Jﬁ/i E@ﬁ}'\élﬁﬂ‘ Eﬂ% U\&; BE‘EZH% lﬁﬁtﬁ\gﬂ

E & [ R B4 (61702195, 61751202, U1813203, U1801262,
61751205), EREH#HE ML (2019YFA0706200),

2019YFB1703600), " i B ARHEL I H (202007030006) % B 1.1 BEEIRSG
Supported by National Natural Science Foundation of China
(61702195, 61751202, U1813203, U1801262, 61751205), National ANETIRE=ES] 73‘/35" TS R T
Key Research and Development Program of China (2019YFA0706200, X s, < N - s
2019YFB1703600), Science and Technology Major Project of Guang- gﬁj /%‘Lﬁ El/‘] '_%L' > %51‘@ Eﬁ%ﬁiﬁi P é%‘/;kﬁ E‘Jﬁ
zhou 02007030006) SR 31, TR AR B 37 SR 40 N A
Recommended by Associate Editor YANG Tao e R E 8. wE I RN E B

1. AR TR LR S TSR 1M 510006 2. BEsE N S e e »
s o s0sss O e, ERRE T ORI R L N TR ) R

1. School of Computer Science and Engineering, South China Uni- 235 PN 28 A RE AS B 35 B AT A TR A4k N AE 45 S A

versity of Technology, Guangzhou 510006 2. Pazhou Laboratory, N N
Guangzhou 510335 BESm A R AR LT RE 2 5 2] e, R



10 3

ZEIRA S5 THT [T 2R T BN P 11 5 BE 2R A X 4%

2061

H i A AR LB AL A0 7 U SR 7 A2, 48 985
W5 MAFAE 9 3 PABERL O 3 e /5. 21, BEJa RS0k
AL RURTIG 581 RO AE — kS, I8 B A R AT
2P . AT MERTREE 5 5100, S
SR G ST S BURR D RO RFAE T R
FEGRAT SA R SR, nGh KB AR 22 R Y] a6 1k
— K, AEIGRIERE T R 75 5 2 BRF R 45 m A0 5 25
U B 2 RIBUA. Bk, 5982 W 4% 07 A
EE, B8R 57 21 R G N 2% S K RE R 1 51, BT 7 25 2T 1
SRS D, T DL bR 6 AT 7T A A AT
R SR EIVR (S o] i TR 7S e s & R )
W BE 5 2] RGN % 5.
111 FENER

TS 3] R G e AL BE N ) £ e B0E 1A 2
%% (Random vector functional-link neural network,
RVFLNN) (2Rl E A i R . 1% 58 1 BEAL 1) =
oA OB e 2 4% (RVFLNN) B 358 FRE A 504
ANAE B I 5 25 kAR D I 48 B A L. T 5 32
> 2 G N S K B N R AR R AR WS R AE 45 o5, T
ARG, R G B2 A, AR IR S5 ORI R 45
— VRN NS B B ) RER A ]
PRSI N =AP IR, 15 e, il WSEREALBE Ik
SR R A AR AR AE RS R AE S 5. S, 2R R
AR AL 45 KR I BEATLBE 2 AL B Al 22 13k — 21 i agt
DBGBER S R EARER S, AR BURFIE 4SRRI B s
s FRASLEE N i 22 {1 T 2 RE LD a6 AL ), 7 i S )
SR R AN TR ZAIE — AP I 2 2 IR R AR AR SS
K PR S 8 RURE T W 2% B[R] — R U, X R A A B8
HZ R T W% B S5 B m, AT RFAESS /O
R 45 3 5 A5 RO R R, JF R SRy i
(R VEAR SR R B AE XA R v, AT TR E

2Q0%Q - O
T J \ T J ! T

J

!

FRIESE i DL R G s p 5t 45 R TR AR A s
BAE, WA WZEE. BT AR ERREY 2 Tk —
FEE I B 5 B AR I ZrAH R 2480, I HLT 75 22
()57 21 SR B S B D, 56 FE 5 =) RS 25
I FEAE XL, AN 1 I [A) 4.

PAGr RAT 55 A0 T, 56 B 2] RGP IR 4
R AT E SR N R AR B Y (X,
v} e RVXMFO) o YR FEARKHE SR, ¥ AFEAR
PR%E, N ARRFEARIEE, M RN ANREAREIE 1) 4E
[, C FoR B INEE. 7R S AR R A Ny
TEZS LT, ATE T EE LS n MSH p. Ho
n FINFHIES: mUMEEL, p RN HRHES A p A
Sh R NRE AR R IR A R AE 5 i i AR =X
(1) Fox.

Zi = 0i(XWi + Bzi), (1)

Hrr, X e RVM W, € RM*P, 3., € RV JfRH W,
B.i LABEALA 77 AR, 43 ARG T =2 58§ 44
LS AL RV 2. Z, Fon 8 i 4L U R AE 45
RLBRATKE BT ) n GURFESS s PR TE — A9 B

LIRS G 20 b 20 = (24, -, Z,).
AR FRATT RT LA 18 5 485 K LA m,
NN g D R RFAE 45 R AR R 5

gh s i I (2) ps.
Hj = &(Z"Whj + Bnj),

i:l,...’n

j:]_v...,m

2)

H, Z, e RV W, € RPX4 ) By e RV, JEH
Wi, Bn; VABENLIG 5 SRAE B, 70 AR T r= A2 26
JARSIESS SR R AN . H; R 5 j A SRy
AEZE 55 AT BT 1 m AR AR 25 S P — 1S
Pl RANFIES S EE H,, X9 H, =[Hy, -,
H,].

T T L

RHIESE R 1 RFIESE A 2!‘\\ ﬁﬁ?ﬂ%)ﬁ n o HEBRLA

Z =¢(XW,; + B,),i=1,---,n

k|

]

X

1 HRLE N 2% ﬁﬂ%ﬁi%ﬁn

%[ Hj :C-‘:j(ZnWhj+ﬂhj)’j:1!”'!m ]

BT — R R 58 R 2 ) RG2S A
Fig.1 A typical network structure of broad learning system (BLS)
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