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Research on multimodal sentiment analysis technology
based on conversations

Zhao Yafang Liang Zhijian

(School of Computer Science and Technology, North University of China, Taiyuan 030051, China)

Abstract: Focused on the issue that multimodal emotion recognition in conversation (MERC) is difficult to effectively
capture cross-modal semantic associations in conversation rounds and has limited discrimination ability for minority
classes and semantically confusing classes of emotions. a new multimodal sentiment analysis model (FuseNet) is
proposed. This model adopts the bidirectional attention dialogue encoder (BiDRN) to capture the context dependency of
the dialogue, effectively integrates audio and visual cues from different speakers, and realizes dynamic multimodal
fusion through the Hi-gated fusion module based on the hierarchical gated mechanism. Meanwhile, class-aware
multimodal contrastive (CAMC) loss is introduced to enhance the inter-class discriminability and improve the
discrimination ability of minority classes and semantically similar sentiment categories. Experimental results on the two
benchmark ERC datasets of IEMOCAP and MELD show that compared with the current advanced model CORECT,
the F1 score of the proposed framework has improved by 2. 91% and 2. 00% , respectively, which are better than the
existing baseline model in terms of classification performance in most emotions, especially in identifying a few classes
and semantic similar categories of emotions.

Keywords: multimodal emotion recognition in conversation; bidirectional attention; hierarchical gated mechanism;

dynamic multimodal fusion;contrastive loss
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Table 2 The experimental results on the IEMOCAP test set
o IEMOCAP
Happiness Sadness Neutral Anger Excitement  Frustration = Weighted-F1

BC-LSTM 34.43 60. 87 51. 81 56. 73 57.95 58.92 54. 95

DialgueRNN 33.18 78. 80 59. 21 65. 28 71.86 58.91 62.75

DialogueGCN 51. 87 76.76 76.76 62. 26 72.71 58. 04 63. 16

SCMM 45. 37 78.76 63. 54 66. 05 76.70 66. 18 67.53

MGLRA 63. 50 81. 50 71.50 61.10 76. 30 67. 80 70. 10

TS-GCL 70. 00 81.70 64. 20 61.40 76. 50 64. 60 70. 20

CORECT 58.74 80. 95 69.52 65.91 76.19 68. 11 70. 81

FuseNet (4 30) 58. 17 84. 02 72.63 67. 86 76.41 70. 42 72.87

&3 ZEMELD MiXE EWIRER
Table 3 The experimental results on the MELD test set
. MELD
Neutral Surprise Fear Sadness Joy Disgust Anger Weighted-F1

BC-LSTM 73. 80 47.70 5. 40 25.10 51. 30 5. 20 38. 40 55.90

DialgueRNN 76.23 49. 59 0.00 26.33 54.55 0. 81 46. 76 58. 73

DialogueGCN 76.02 46. 37 0.98 24.32 53.62 1. 22 43.03 57.52

SCMM - — — — — — — 59. 44

MGLRA 80. 60 56. 40 5. 20 43.70 66. 30 2. 60 48. 50 64. 10

TS-GCL 80. 80 59.50 0.00 27. 80 66. 50 0. 00 48. 40 64. 90

CORECT 81. 60 49. 60 26. 47 43.78 63. 32 31.58 51. 64 65.92

FuseNet(430) 79.98 59. 35 30.59 43. 45 65. 48 33.90 55.59 67.24
T R LWL AR IEMOCAP $dli % b FuseNet £ BU7E A7 B AR v 14 8 3R B a4 - 72 AP 39 F1 20 %
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Table 4 The experiment results under different

modal settings

B IEMOCAP MELD

Text 65. 48 62.23

Audio 57.42 49. 83

Visual 48. 34 43.16

Text+ Audio 69. 20 64. 34

Text+ Visual 67.73 63. 36
Audio+ Visual 67.49 58.33
Text+ Audio+ Visual 72.87 67.24
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Table 5 The ablation experiment results on the IEMOCAP test set
IEMOCAP
iR
Happiness Sadness Neutral Anger Excitement  Frustration = Weighted-F1
-BiDRN 51. 83 83. 00 71. 32 67.66 75.04 68. 62 71.02
-Hi-Gated Fusion 48.53 81. 45 69. 00 66. 30 74.74 67.00 69. 37
“CAMC 52. 14 82. 43 71.78 65. 19 75. 08 66. 75 70. 38
6 FEMELD MiX&E LAMHMIWER
Table 6 The ablation experiment results on the MELD test set
) MELD
B
Neutral Surprise Fear Sadness Joy Disgust Anger Weighted-F1
-BiDRN 79. 24 58. 24 21.69 41.93 63. 85 22.68 54.62 65. 81
-Hi-Gated Fusion 79.49 57.44 24.72 41.18 64.18 23.66 54. 34 65. 88
-CAMC 79.51 58. 05 14. 93 41. 46 63. 26 27.37 54. 41 65.75
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