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(1) The complementarity of multimodal information has not been well
exploited.

Utterance: “Chandler is a great name!”

Speaker: Phoebe Emotion: Anger
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Figure 1: Ilustration of the significance of multimodal
cues for an accurate prediction, with blue indicating key
modalities responsible for the emotion of the utterance.
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(2) Unsatisfactory performances in minority emotion classes

MELD IEMOCAP
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(a) Class distribution in MELD. (b) Class distribution in IEMOCAP.

Figure 2: Illustration of the class imbalance problem in MELD and IEMOCAP.
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(3) The difficulty of distinguishing between semantically similar emotions.

SACL-LSTM (IEMOCAP)

Happy (8.9%) 0.011 0061 0000 0274 0.001 0.8
0.7

Sad (15.1%) - 0.011
0.6
Neutral (23.7%) - 0.056 0.5

Angry (10.5%) - 0.000

Excited (18.4%) - 0.227 - 0.2
Frustrated (23.5%) - 0.000 -0.1
- 0.0
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Models MELD
Neutral Surprise Fear Sadness Joy  Disgust Angry Weighted-F1

BC-LSTM 73.80 47.70 540  25.10 5130  5.20 38.40 55.90
DialogueRNN 76.23 49.59 0.00 2633 5455 08l 46.76 58.73
DialogueGCN 76.02 46.37 0.98 2432  53.62 1.22 43.03 57.52
IterativeERC 77.52 53.65 3.31 23.62 56.63 1938  48.88 60.72
QMNN 77.00 49.76 0.00 16.50 52.08  0.00 43.17 58.00
MMGCN - - - - - - - 58.65
MVN 76.65 53.18 11.70  21.82 53.62 21.86  42.55 59.03
UniMSE . . . - - . . 65.51
MulttEMOy/o visExiNet | 79.16 5822 2480 37.61 60.65 31.73  52.08 64.89
MultiEMOy /o MultiAttn 77.72 5405 21.76  33.10 5828 2480 4998 62.50
MultiEMOy /o swrC 1oss | 79.51 56.54 2059 3296 5852 2581  51.23 63.83
MultiEMO 79.95 6098 29.67 41.51 62.82 36.75 5441 66.74

66.55
Table 2: Experimental results on MELD. The best results are highlighted in bold. "-" means that the results are

unavailable from the original paper.
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Experiments
Models 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
DialogueRNN 33.18 78.80 59.21  65.28 71.86 58.91 62.75
DialogueGCN 51.87 76.76 56.76  62.26 72.71 58.04 63.16
IterativeERC 53.17 77.19 61.31 6145 69.23 60.92 64.37
QMNN 39.71 68.30 55.29  62.58 66.71 62.19 59.88
MMGCN 42.34 78.67 61.73  69.00 74.33 62.32 66.22
MVN 55.75 73.30 61.88  65.96 69.50 64.21 65.44
UniMSE - - - - - - 70.66
MultiEMOy /6 VisExtNet 65.06 84.80 66.13 6798 76.16 69.66 71.72
MultiEMOy /6 MultiAttn 55.18 78.29 62.06 63.84 73.11 63.98 66.57
MultiEMOy6 SWEC 10ss 59.88 83.96 66.57 67.03 75.35 70.04 71.08
MultiEMO 65.77 85.49 67.08 69.88 77.31 70.98 72.84

73.14
Table 1: Experimental results on IEMOCAP. The best results are highlighted in bold. "-" means that the results are

unavailable from the original paper.
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Modality IEMOCAP MELD
Text 64.48 61.23
Audio 38.89 33.55
Visual 35.37 33.16
Text + Audio 69.18 64.21
Text + Visual 67.86 63.78
Text + Audio + Visual 72.84 66.74

Table 3: Experimental results of MultiEMO with differ-

ent modality settings on IEMOCAP and MELD.
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Utterance: “Chandler is a great name!”

Speaker: Phoebe Emotion: Anger

Figure 6: Visualization of the heatmaps of a prone-to-misclassification utterance in MELD.
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