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[ Abstract] Research on multi-domain Speech Emotion Recognition(SER) faces the problem that most available speech corpora
differ from each other in crucial ways, such as annotation methods, recording scenarios, interaction mode, etc. , thereby making
the construction of multi-domain SER system more complex.This paper proposes a multi-domain SER model based on a multi-
operation network.First, databases such as CASTA;EMODB,and SAVEE, are combined for the first time to construct 4 multi-
domain speech emotion databases.The HMN network is composed of two heterogeneous parallel branches.The left branch
is composed of two isomorphic parallel one dimensional convolutional layers, both of which comprise 128 neurons.The right
branch is composed of parallel Bi-GRU layer and Bi-LSTM layer, both of which have 64 memory units.The original data are
projected to different transform Spaces for calculation so that the emotional information of speech can be more accurately
represented.Multiple fusion of different features extracted from left and right branches is performed by hierarchical multi-
operation operations Concate, Add, and Multiply.Accordingly, the advanced statistical functions of Mel Frequency Cepturm
Comfficient(MFCC) ,chroma, contrast, and other low level descriptor features were calculated, and 219 dimensional features
were obtained as the input of model HMN.Experimental results reveal that the F1-score of the proposed model is 82.22%,
65.02%,70.59% ,and 73.47% ,respectively, with good robustness and generalization.
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Fig.1 . Hierarchical multi-operation network structure
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