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LSTM neural network model optimization algorithm based on APSO
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(School of Cyber Science and Engineering, University of International Relations, Beijing 100091, P. R. China)

Abstract: Due to the slow convergence speed of the model with many hidden layers in the LSTM (long short-term
memory) recurrent neural network, the updating of its weights and thresholds depends on the gradient descent
algorithm, which may lead to the local extremum phenomenon in the weight correction of the network nodes,
resulting in the reduction of the generalization ability of the LSTM neural network model. Based on this, this
paper proposes an optimized LSTM neural network model based on APSO (accelerated particle swarm
optimization) algorithm (APSO-LSTM). In this model, root mean square error is designed as an appropriate value
function, and APSO algorithm is used to build an optimization system to optimize the weights of each neuron
node globally, so as to improve the prediction performance of the model. The experimental results on the classic
DataMarket and UCI datasets show that the prediction accuracy of APSO-LSTM model is significantly improved
compared with the traditional LSTM model, which verifies the effectiveness of APSO-LSTM model.
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Fig.1 LSTM neuronal structure
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Fig. 2 3-layer implicit LSTM neural network structure diagram
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Fig.3 Model coding diagram of APSO-LSTM
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daily temperatures dataset, MDTD) A J UCI £ H& J&E 1) 5 480 7K - 46 1) %% 4% 2E (ozone level detection dataset,
OLD). H v, SSD Zim 1 3 4F W [] Y Bt Bk & A8 8 Bl , 5 3o = 2 3l L 4% 8 &2 s MDTD 38 1 A8 /R AT
25 10 4F 1 R A0 BE B A 52 50 S B0 L H e AR BE 2R AT B0 OLD 4R 4% 48 ) i Sf 17 b 17 5 40k 3 540
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APSO-LSTM I i 25 ) £ 00 A5 Y b 950 b B J 1) 5040 4, BUHIT 70% 1 A IR AE L 20% 1F S ik 5, 10%
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PR 227 5 RN SSE A Ay I A 78 T M B 9 4 B L a0 =X (12) R

n

SSE=Y (yi-p.) . (12)

e n AR B R 5y} 2R AR B T 45 2R 5y, o8 SR o SSE R /D, WU 5 B 1245 AR T 00 A L
e A TR TR 3 ol 00 A TR g S X L 23 B AR 1 TS o
F1 AREBIRET 3 T F0 A% B 5 65K BE

Table 1 Convergence speed of 3 prediction models under different datasets

222 T 245 T AR RS SO0 B (2% K6 )

LSTM PSO-LSTM APSO-LSTM
SSD 341 310 280
MDTD 370 361 330
OLD 402 389 357
R CPIRy 371 353.3 3323

P2 1 AT BT X R ) Bl 4 L 5% ARG B2 o H AR I 2k , APSO-LSTM 4t 25 [0 4% Fiit il 45 1 fir 7 A9 Wi S04
B /b W SKGH R
43 XBERRHM

P2 ) 25 A5 Y I 2 50 S, AR 3 R S0 R A i B A VR i A B AR I AT AR B S O LA R
%2 5 GA-LSTM ,ACO-LSTM ,PSO-LSTM & APSO-LSTM 45 4 fifi # %1 /£ SSD .MDTD . OLD 4 ¥ 48 4 F (1
SSEfH, [l 5 ARG 2 2 Hl AT LR I8 . 2 2 FIEL S AT i1, GA-LSTM A5 1 7 4 Fh AS [ B4l 45 T B9 4% SSE B
% K, ACO-LSTM #E B FI PSO-LSTM # B YR 22, i A SC BT 42 ) APSO-LSTM 5 8 75 25 5 £ 4 48 - 1) SSE i 1
PRAF I AR, 22 BHIZ A A 1 000G 2 B i 12 Ak RE 0 S RAERE I B A .

Il 6 /R 7045 B 5 T 3 Fp s AU 1) F- 24 SSE fH A5 fk i %%, APSO-LSTM £ 74 (1 °F- 1] SSE {6 % PSO-LSTM
FER R [ 9.7% , 58 ACO-LSTM 5 8 F [ 15.9% , %8 GA-LSTM B8 K [ 22.6% ., 48 , M XF T W) 2 i BLA A
L35 , APSO-LSTM #5584 (%) 150 I %k fig 54 , 1% 22 0 /N, ASPO 853 %) LSTM 4t 28 8 £ 1) A A fL A AT 12 1 A



% 8 EHAR SR T APSO 49 LSTM 4 2 W &85 A AL 5 = AF 7% 109

M, o 345 2 Ry i .

x2 AEHEFEETIMBMNERL SSEE

Table 2 SSE values of 3 prediction models under different datasets

i 22 19 2% T ) 458 A

LSTM PSO-LSTM APSO-LSTM
SSD 312.0 277.8 245.6
MDTD 292.7 267.1 2432
OLD 369.4 330.3 301.8
F- 34 SSE i 405.0 307.5 256.2
4007 GALsT™ -
380 1 —— i
ACO-LSTM 361.3
360  —— PSO-LSTM
a 340 L —— APSO-LSTM 330.3
175} 332.0
® 320 t SR
4];_ 300 | 2984 -
W 280 | 2778
iy
260 245.6 243.2
240 L
220 t+
200 I 1 .
SSD MDTD OLD
B 5 3#h#EE SSE XYk &
Fig. 5 Comparison chart of SSE values for 3 models
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Fig. 6 Average SSE values of 4 models

MDTD %8s 8210 3¢ 1 88 /KA T 7 25 10 4F 1 K A0 B, AR S8 70 0 alid 7 e 3¢ 17 82 R KL A 19 3%
2210 K H Fe AR EE B SE PR A -5 4 FP R A O E , 25 R 3R 3BT o X L APSO-LSTM #6818 15 H Al 3 il 46 241
F4 T P BE , 384 56 S S B 1 11 7 5 AT 8 R AR 2R 2 T s Y AT R AT . 181 7 O APSO-LSTM BEAY G T 85 /KA
RS 10 KWL S . WK 70 LLE i, APSO-LSTM A5 784 1l i) il 28 55 5 P i B iy 28 10 d0c K1 22 R

if 1 eC, Fm R R K4 o

8 % GA-LSTM .ACO-LSTM .PSO-LSTM } APSO-LSTM %5 4 il 5 1 5 T 5B /R A RS 4L 10 K11 T
MLE SRR IWE ST A H , GA-LSTM #E BY 1) 1% 22 (H fe K, e KR 22 #i3d 3 °C, H A5 APSO-LSTM #5 A iy
2 d M S PR E £k, X HE— A R W] T BT HE APSO-LSTM A5 R At A7 2% 1 Fn B 8 1
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Table 3 Prediction results of four models for Melbourne weather °C
- el R GA-LSTM ACO-LSTM PSO-LSTM APSO-LSTM
: S R 1 2 ‘ ‘ ‘ ‘
T A T AE it By RIUEE)
1 20.7 18.4 18.5 19.6 20.5
2 17.9 18.9 17.2 18.6 18.3
3 14.6 12.1 12.6 12.7 13.7
4 18.3 17.2 17.5 19 18.4
5 17.1 16 16.3 16.5 16.7
6 20.3 21.5 18.9 19.6 20.1
7 19.6 21.2 19.5 20.5 19.9
8 15.5 14.3 14.9 16.1 15.1
9 16.8 16.2 16.4 17.3 16.9
o B[ — Sk
= 20 — APSO-LSTMTi il i
|
E 15
1
= 10
E7 APSO#EEXFERAXSHITANELE R
Fig.7 The prediction results of APSO model for Melbourne weather
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Fig. 8 Prediction results of four models for Melbourne weather
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