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Image recognition based on dynamic attenuation network and algorithm

Fei Chunguo Liu Qixuan

(College of Electronic Information and Automation, Civil Aviation University of China, Tianjin 300300, China)

Abstract: To address the problems that the gradient descent method is easy to converge to the local optimum and the convergence speed
is slow under large sample data sets, a dynamic attenuation network and a dynamic attenuation gradient descent algorithm are proposed
by changing the network structure and gradient descent process in the paper. On the basis of the existing network, an attenuation weight
is added between each neuron of each two layers, while an attenuation weight term is introduced in the gradient descent process. The
attenuation weight value decreases continuously with iteration, and eventually converges to 0. Due to the addition of the attenuation
weight term, the gradient descent speed and convergence speed can be accelerated in the early stage of gradient descent. At the same
time, it can avoid crossing over the optimal solution and oscillating around the optimal solution. At the last, it can also improve the
probability of the network to obtain the optimal solution. The experimental results on MNIST, CIFAR-10 and CIFAR-100 datasets show
that the proposed dynamic attenuation network and dynamic attenuation gradient descent algorithm, compared with the original network
that used Adam optimizer and stochastic gradient descent with momentum, improve the test accuracy by 0.2% ~ 1. 89% and 0. 75% ~
2.34%, respectively, while having a faster convergence speed.
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18 H 45 E S £ 1% (back propagation, BP) Bk I 4
25 ) 2%, LT A PR O 4% S {0 D 8% 1 i 1 JE B
VT ESHE , AHSEHA M7 TR 1Y ) B 6 BE T 2% B A
TREE2=SIME N T2 BE S — AN B4 37, #h & Je AR, PR 4 T A B R A R A

0 3l

i3

P 25 2 AR 3 FE IR 52 2% b 48 I 465 4 FH T i Bkt Ry B It — B AR SRR A R S . W T
Pegs g e qu VHEBREIZ I HAREREES . P — (A, 1951 4F Robbins 451 $2 1 T REHLIE T, J5
KGR 3 ST 25 SR Bl 0 4% 2 K0 38, 4% AT ZE T BE BLBR BE R B 5875 (stochastic gradient
f?lﬂnitﬁfiﬁiﬁﬁiEo descent, SGD) . SGD FEIEAAEA HBEHLPEE—DFEAS,

BERE T FEE R HATUIZRIRZ 2 M 48 iz 05k, il T — DA BB BER B AU R A O B E | AR

Yk H 4 2022-03-25 Received Date; 2022-03-25



57 3

BT Bl AR R 45 A1 Y P 5 - 231 -

PR M4 S8k, SCD BRI I T T i B AL
i) | NSRS Sy L S i [ e N S R
FRREA BB RE N T84T T B N AF . SGD Bk A
O TABGE AR BT B i | LU A B 3 1) T 3 0 S PR 1Y
WCSGHFE . HHT, SGD Bk AL T 48 A 5K il ) 245 S f i
[l F

SR SGD S A7 AE 1Y ) R th T H AR S 80
M A — D REAS O B2, 2 50 8 5 1) RIS R A ) o 2
S 22 AR 2 5 BP9 J ) HH IR Y 72
Ak, i 90 2 WAL SI B 4 o do PR e 1 SR R AR 0 L R T kR
WIS BOE B, — L5 SGD SRk iy ik 7 vk pl 4
H o 1999 4F, Ning %5 7E AL GE Y SGD 553k 2L il |4
ey B & W, 5 T A 3 & 0 B LR BE R REGEE
(stochastic gradient descent with momentum, SGDM), &
T L 3hE 6 2 BT 2 3 1 [ AL, bR 1 1) 26 3R A e AL i
FOHRE , (F B AT I 2 {7 0 265 kit e DG A, I 12 PR IE
WSl B Rt fit, 53— PR B R kol R B TR Y
b/ N i o S E [P AN DR 3 I B S o S
Adagrad'"  Adadelta ' Adam'" % X EAE W41
I ZRid R AR A1 I s 6 BE A5 L, X S A R] 43
R R HAT, Adam BRI Gl 22 0 45 rh i
PR TT %, AT S i B B2, SR A U SR B2, (H R
FYSCERUE I, B 5 LR, Adam BIEUE I E T HA
PR, AR A 1 R B AR A I SGDM ™

BEXE E AP A SRk 25 MR BT I BT 1 A B K
L IAEAE— 8 [ Ta) L, A SC DA B ) 266 45 1 >fe 30728 A
TR AR K, B T — gl 2 5 M 45 ((dynamic
attenuation network , DAN) FIBH A6 B T K% ( dynamic
attenuation gradient descent, DAG) 5 ¥:, HAKMOE T .
P2 255 AR 220 28 TC2H N, AN () )2 22 T) 1 ot 28 T ok
HERERCHE BAREHE A SCHEAS ) J2 4Pl g oo Z a1 g
T S (AN T S 0 1Y) HE R i 44 R S A L 7
S G R SR R o R v il i S A R AR S B CE T A
AP GIAT A I, B R 28R A (R
PEAT— VR R AR RO, A BT 0, 7E X — i 72
rh AT AR RSB T AR RIS 25 T — BN
ST B85 e DG ip AR A o DIC A B A IR 37 , 11 4 ) LB
MR RAG 2 SR e . T RS G T IRZ 45 F1 SGD
LRI M2 BAT AR PERE . A S0 548 DAN
A BRI RIS AN AR JFf ] DAG k5 B i
I LA R T X e Se s, S 45 R 3R B - ity R A
A B )0 3 R D B PR A WA S E

1 WEEBIME LA

R T A DRAS T % B TR, — L6 A SR A

NI BE T B A 3 o J3E 25 e 3 00 T b 8 I 445 4
FaxF P 25 M RE A 2R, Pasini 25T A, 1 25 0 28 194 1
SEFGT LIS B 45 14 . SGDM B33 BB T B
kN

AG, =nVf,(6,) +pAb,_, (1)

6, =6, - A, (2)
K. p Ml REL

A BRI SE PR A S, AT e O B R
AT AR R AEREE T B R it T —A 01,4 A0 &
VA E , 3 Aol 1 7, Sk e 70 0 0 7 el A8 67 1 S
TR, AH T RWT A I , 3 B i K T AR
TSR AN T3 0T AR W7 A 0/ N 28 2 Mz s S O A s S i
T, S RT A A a4 R e AR A MR DL SRR
FEhl B 0E A2 1) B B AR B R T — A B R BOR
W U 1) R B, TR E R (0, 1) Z I BEHL/INE S T
WU S5 ER R 2 A Pl e Z [ 51 A — SR (A
DR 2 il ) A S s X A S DB R AR, Y fif ] BP Bk A
Tofs B SR N St B 2 A

TEMEER T, DA 3 23 M 45 M ), AN [R] )2 4
AP TTZ AR SR A B 7 e b, B T — FR s Ja AL
&R 3 RS IR 4% (DAN) , @&l 1 s, K’
) HE £k 257 TR . DAN B2 R4 # 2 i — 1
TR LA A (AR RS BRI N T — 2% 3 Bl A, LS
B SN T R LA O 26 23, 3k i 45 IO 28 A5 75 (1) Y%
o, EOLEA T @ IR R KRR

2 u

B 1 3JZ DAN M4E45H

Fig. 1 Structure diagram of DAN network with three layers
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