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VAD Emotion Distribution Augmented Fine-grained Emotion Recognition
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(School of Computer & Information Engineering, Jiangxi Normal University, Nanchang 330022, China)

Abstract: Fine-grained emotion recognition models, which employ dozens of emotion categories to model human emotions, are ca-
pable of capturing subtle emotional expressions more accurately than traditional models. However, existing emotion prediction mod-
els have not fully considered the complex correlations that exist among the numerous fine-grained emotions. To address this issue,
this paper proposes an VAD (Valence-Arousal-Dominance) Emotion Distribution Augmented Fine-grained Emotion Recognition
(EDAER). EDAER models the emotional correlations in the VAD space using emotion distributions and combines textual semantic
information with psychological priors for fine-grained emotion recognition. The EDAER model consists of three modules: a seman-
tic information module, an emotion distribution information module, and a fusion prediction module. The semantic information mod-
ule extracts textual semantic features using a pre-trained BERT (Bidirectional Encoder Representation from Transformers) model;
the emotion distribution information module generates emotion distributions for emotion words based on VAD distance metrics to

measure the similarity between emotions; and the fusion prediction module integrates textual semantic features and emotion distribu-
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tion information through an attention mechanism to predict emotions. Experimental results on the GoEmotions dataset demonstrate

that the macro-average F'1 score of the EDAER model reaches 51.75%, outperforming both the KEA (Knowledge-Embedded Atten-

tion) model, which uses emotion lexicons as external knowledge, and the HGCN-EC (Hierarchy Graph Convolution Networks based

Emotion Recognition) model, which utilizes hierarchical emotion relationships as external knowledge. Notably, for three emotion

categories with fewer samples, EDAER significantly outperforms other models in terms of F'1 score. These results validate that mod-

eling emotional correlations in the VAD space through emotion distributions can effectively capture knowledge related to rare emo-

tions, thus improving the model's ability to recognize fine-grained emotions.
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Table 1 Emotion labels of the GoEmotions dataset
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K2 B A SRR £ GoEmotions 2 B & L F1 /24 #F 1t (%)

Table 2 Comparison of F'1 scores of multiple emotion recognition models on the GoEmotions dataset (%)

WLk TextRCNN BERT KEA-BETR,, . KEA-BERT,,, HGCN-EC EDAER
neutral 67.02 67.37 68.00 65.33 68.33 66.02
admiration 66.15 69.14 68.18 67.40 69.25 70.28
amusement 80.80 81.80 82.59 82.93 83.39 80.75
anger 48.45 46.80 50.45 51.01 51.38 49.18
annoyance 32.54 34.79 34.49 33.90 35.26 36.30
approval 37.75 38.86 38.59 38.82 38.98 40.81
caring 25.71 41.87 41.15 39.04 40.16 42.48
confusion 34.34 47.05 43.20 44.71 47.27 45.21
curiosity 52.75 56.05 57.49 55.23 58.13 59.26
desire 45.20 49.66 52.41 51.53 49.62 51.66
disappointment 15.95 29.39 33.60 30.82 32.64 34.84
disapproval 35.91 40.81 41.54 38.61 40.76 42.51
disgust 48.62 47.24 48.32 46.02 47.56 48.67
embarrassment 40.00 45.61 46.37 46.67 48.48 49.18
excitement 45.97 46.07 44.10 39.59 47.89 44.21
fear 64.47 66.30 66.66 66.29 66.74 67.80
gratitude 90.96 90.47 92.48 92.13 91.67 92.50
grief 0.00 0.00 0.00 0.00 0.00 0.00
joy 61.04 62.58 63.12 57.75 62.34 61.54
love 79.92 80.80 81.08 80.31 80.23 81.10
nervoushess 0.00 31.58 37.20 34.44 35.33 40.00
optimism 57.72 54.68 55.93 53.40 55.22 54.45
pride 0.00 43.47 45.45 38.10 44.78 45.45
realization 19.21 23.14 25.70 21.30 24.11 23.11
relief 0.00 0.00 30.76 0.00 35.49 42.86
remorse 66.66 64.82 67.10 64.52 64.39 67.18
sadness 49.66 58.30 54.54 54.54 55.11 56.19
surprise 49.26 57.23 54.29 53.15 57.08 55.33
FFHFL 43.43 49.13 50.89 48.13 51.15 51.75
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Table 3 Ablation results of the EDAER model
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