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Study and Evaluation of Spiking Neural Network Model Based on Bee Colony Optimization
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Abstract In order to improve the training ability of Spiking neural network, this paper takes multi-label classification problem as
the research breakthrough point and adopts bee colony algorithm to optimize the model. There are many neural network models
based on the concept of Spiking. Probabilistic Spiking neural network (PSNN) is selected for multi-label classification. Firstly,a
probabilistic Spiking neural network classification model is established. The ignition time sequence is coded, and the pulse res-
ponse is triggered to realize data transmission. Then, the weight,dynamic threshold and forgetting parameters of Spiking neural
network are used to construct bee colony,and the accuracy of multi-label classification is used as the fitness function of artificial
bee colony(ABC) algorithm,so that the optimal individual can be obtained by constantly updating the fitness value of individual
bee colony. Finally, the multi-label classification of probabilistic Spiking neural network is completed with the optimal parame-
ters. Experimental results show that ABC-PSNN algorithm can achieve high multi-label classification accuracy by reasonably set-
ting the individual size of bee colony and honey source search range. Compared with other Spiking neural network models and
commonly used multi-label classification algorithms, ABC-PSNN algorithm has higher classification accuracy and stability.

Keywords Spiking neural network, Probabilistic Spiking neural network, Bee colony algorithm, Multi label classification; Impulse

response
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Fig. 1 Classification process based on ABC-PSNN algorithm
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Table 2 Classification accuracy of PSNN and ABC-PSNN
(N 7S -

& /NME THHE &K
PSNN 0.8475  0.8542  0.8611

Langlog
ABC-PSNN  0.9287  0.9301  0.9365
PSNN 0.8535  0.8637  0.8665

Enron
ABC-PSNN  0.9189  0.9213  0.9231
] PSNN 0.8560  0.8605  0.8692
Scene ABC-PSNN  0.9306  0.9323  0.9381
o PSNN 0.8572  0.8628  0.8667
Emotion  spc psSNN 00,9187 0.9205  0.9223
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Table 1  Classification sample sets
HARE g AR & % Al
Langlog EE XK 1460 1004 75
Enron HE X AR 1702 1001 53
Scene B 2407 294 6
Emotion &R XA 1593 72 6
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Table 3 Classification RMSE of PSNN and ABC-PSNN
B ot RVSE
) BAME THE RAR
PSNN 0.8311 0.8342 0.8381
Langlog
ABC-PSNN  0.8111 0.8132 0.8144
PSNN 1.0283 1.0305 1.0332
Enron
ABC-PSNN 1.0252 1.0268 1.0283
PSNN 1.1215 1.1366 1.1293
Scene
ABC-PSNN 1.1052 1.1061 1.1071
X PSNN 1.1604 1.1621 1.1653
Emotion
ABC-PSNN 1.1531 1.1552 1.1568

3.2 ABC-PSNN FAHE fih SNN By 4> 4% gE 33tk
435 % | ABC-PSNN, STDP-SNN F1 LSTM-SNN % % 1
B R A A R AT R BE O L L 58 IE S ) Jhk oA 2 R 28 Bk 1
fE. g5 RNk 4— %%NMIJ
F4 3 Bk b ph 48 R 28 B RY B A S HERR R

Table 4 Classification accuracy of three spiking neural network

models
. s
A% Ny
STDP-SNN LSTM-SNN ABC-PSNN
Langlog 0.8226 0.8415 0.9301
Enron 0.8317 0.8562 0.9213
Scene 0.8144 0.8479 0.9323
Emotion 0.8103 0.8632 0.9205
53 ik ehh 2 2R AR (1 4326 43 Il R

Table 5 Classification recall rate of three spiking neural network

models
. B
A% N
STDP-SNN LSTM-SNN ABC-PSNN

Langlog 0.8151 0.8327 0.9215
Enron 0.8237 0.8347 0.9049
Scene 0.8025 0.8219 0.8927
Emotion 0.7962 0.8525 0.8883
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