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Survey on Evolutionary Recurrent Neural Networks

HU Zhongyuan,XUE Yu and ZHA Jiajie

School of Software,Nanjing University of Information Science and Technology,Nanjing 210044, China

Abstract Evolutionary computation utilizes natural selection mechanisms and genetic laws in the process of biological evolution
to solve optimization problems. The accuracy and efficiency of the evolutionary recurrent neural network model depends on the
optimization effect of parameters and the structures. The utilization of evolutionary computation to solve the problem of adaptive
optimization of parameters and structures in recurrent neural networks is a hot spot of automated deep learning. This paper sum-
marizes the algorithms that combine evolutionary algorithms and recurrent neural networks. Firstly.it briefly reviews the tradi-
tional categories,common algorithms,and advantages of evolutionary computation. Next, it briefly introduces the structures and
characteristics of the recurrent neural network models and analyzes the influencing factors of recurrent neural network perfor-
mance. Then.it analyzes the algorithmic framework of evolutionary recurrent neural networks,and the current research develop-
ment of evolutionary recurrent neural networks from weight optimization, hyperparameter optimization and structure optimiza-
tion. Besides,other work on evolutionary recurrent neural networks is analyzed. Finally,it points out the challenges and the deve-
lopment trend of evolutionary recurrent neural networks.

Keywords Recurrent neural network, Evolutionary computation, Weight optimization, Hyperparameter optimization, Optimiza-

tion of structure,Ensemble learning, Transfer learning
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Fig. 1 General flow of evolutionary algorithms
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Table 1  Research on the evolutionary optimization of recurrent neural network weights
Year Literature Method Model Taskordataset Comparison
2001 [45] GA RNN Fuzzygrammatical inference RTRL
. . Ultrasonic Motors speedidentification and .

2007 [36] PSO ENN GD

control
2007 [37] PSO-EA ENN Pvrcdicl.ion of .1hc missing values from the PSO.EA

given time series

. Impedance identificationof power electronic- .

2007 [38] PSO-BP ENN PSO,BP

systems
2012 [44] PSO-GA RNN Control of athree-dimensional tower crane PSO,GA
2013 [39] PSO-EA ENN Solar radiation prediction —
2015 [52] GGABC RNN Breast cancer prediction ABC, Guided ABC,Global ABC

. 7-Bit Parity. Selected UCI benchmarkclassi- ABC-BP, ABC-LM, ABC-NN,

2015 [48] CS-BP ENN L .

fication datasets BP-NN,CS-BP-RNN
2017 [47] DE NARX Prediction of the contact area of the tire GD

TECG dataset, Two NASA space shuttl

2017 [40] PSO-BP ENN Q atasel, WO space shuttie GD

datasets, MGH/MF dataset
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(830
Year Literature Method Model Taskordataset Comparison
2018 [41] PSO RNN Voltage instability prediction GD
2018 [50] H‘S.GW(). LSTM Brvcasl canccr. ?NiS(‘OnSil’l dataset, Epileptic -
SCA,ALOA seizure recognition dataset
2019 (497 MA NAR,NARX, Pr%\di.cl of future energy consumption in Sequential and ?aralln\lmcmclic
ENN,LSTM buildings algorithm
2019 [42] PSO-GWO ENN Endometrial samples classification GD,PSO,GWO
Energy management of micro grid connected . B
2019 [51] ALOA RNN GA.ABC.BFA
system
2019 [46] GA NARX SoC Estimation for Lithium-Ion Battery GD
2019 [57] EA LSTM Beijing PM2. 5,SML 2010, MSR Action3D Traditional models,GD
2020 [53] WOA MEEMD-LSTM Carbon price forecasting Traditional models,GD
Nine imbalanced datasets: yeast-2 _vs _4, X .
. With and without SMOTE.
2020 [54] WOA BRNN yeast-1_vs_7 and ECBDL 14.et al, Datasets .
o Traditional models
of balloon, breastcancer,iris and heart
Ten benchmark classification problems of
2021 [43] PSO ENN . PSO-NN
breastcancer, heart and hepatitis, et al
2021 [56] ES LSTM Character-level language modeling BPTT,RTRL

BT RE SRR AR R PR bR 22 190 2% A AEE A R f 4 iR
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Table 2 Research on the evolutionary optimization of recurrent neural network hyperparameters

Year Literature Method Taskordataset

2016 [60] CMA-ES LSTM Vocabulary speech recognition

2018 [61] DE LSTM Electricity price prediction

2018 [62] GA LSTM Daily Koreastock price index data

2018 [63] GALES RNN Car parkoccupancy prediction

2019 [64] GA LSTM Predicting housing price in Shenzhen

2019 [65] ES LSTM Waste generationprediction

2019 [66] ES LSTM Waste generationprediction

2019 [67] GA LSTM-FCN Emotionestimation

2019 [68] GA LSTM Building energy consumption forecasting

2020 [69] FOA LSTM NN3, Energyconsumption prediction

2020 [70] LSTM GA.PSO Electric load forecasting

2020 [71] GA LSTM-FCN Blind fastener installation

2020 [72] DE LSTM MNIST,IMDB, UCI HAR

2020 [73] CMA-ES LSTM Short-termwind speedprediction

2020 [74] SCOA LSTM Buildingenergy consumption forecasting

S T el

2021 (761 GA LSTM-FCN Iflduslrial prognosis under changing condi-
tions

2021 [77] GA LSTM Sentenceclassification

2021 [78] BO-ES GRU Edgeresource usage prediction

2022 [79] GA LSTM Prediction of geophysical flows
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Table 3 Common hyperparameters of recurrent neural networks

Classification Hyperparameters Description
Value Cell number of per layer The depth of RNN
Type Activation function Type of nonlinear activation function
Value Number of layers Number of memory cells that stores the temporal information
Probability randomly zeroingout the partial weights or outputs of the hid
Value Dropout
den layers
Type Optimizer Type of weight update method
Value Parameters of optimizer Setting of relevant parameters
Value Epochs Number of weights training
Value Number of batch size Number of samples pergradient update
. Function that measures the degree of difference between the predicted
Type Loss function
value and the true value
Value Window size Input number of the time series data
Type Weight initialization The way the initial weights are set
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Fig. 9 General flow of hyperparameter or structure evolutionary

optimization of recurrent neural network
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