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Hyperparameter Optimization of Convolutional Neural Network
Based on Multi-Strategy MRFO Algorithm
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Abstract; The performance of convolutional neural network is closely related to the configuration of
hyperparameters. However, the selection of optimal hyperparameters is time-consuming and labor-consu-
ming. In order to improve the efficiency of hyperparameter selection, a multi-strategy manta ray foraging
optimization algorithm is proposed. On the one hand, half uniform initialization strategy is adopted to im-
prove population diversity. On the other hand, it combines new weight factor update strategy and splitting
strategy to improve the convergence speed and fitting accuracy respectively. According to the real coding
strategy, this algorithm is applied to the research of convolutional neural network hyperparameter optimi-
zation, which can be iterated according to three foraging methods to obtain the optimal hyperparameter
configuration. In order to evaluate the effectiveness of hyperparameter optimization, the proposed algo-
rithm is compared with the mainstream convolutional neural network hyperparameter optimization algo-
rithms on mixed national institute of standards and technology and CIFAR-10 datasets. Experimental re-
sults show that the proposed algorithm achieves higher accuracy with less resources.

Key words: convolutional neural network ; manta ray foraging optimization; hyperparameter optimization

LA M 4% (CNN, convolutional neural net- Hit, A UBE S & RS 2 —. S
work ) FUPERE S S BN B DIMOC, R S BB MEUE TARG M MBS A R e )
B w5 N THCE  FESR T R By B ] R g U BT, o)A AU A e S 0000 B R ) e

Fm B 20210420
ELWA: BEARFFESTH (61872126) ; TR w54 miAHIFH H (194520004 )
TEE /I XKF(1980—) , B, #dz, Mi+AFI0, E-mail: yongli. buaa@ gmail. com.



84 =AU S

944

Vet SRR ZEoTR RIALTRAIE L R 2 15 1
JEZHON 20 HAE R PERERYSE R, HoA AL 2 1
TSR A i 2 T 2 Ry i A .
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