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MMGCN: Multimodal Fusion via Deep Graph Convolution Network for Emotion Recognition in Conversation(ACL2021)

This approach not only adds redundant information due to inconsistent data distribution
among modalities, but also may risk losing diverse information in the conversational graph
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Fig. 2: The illustration of graph-based multimodal ERC, which includes uni-modal encoding, graph based cross-modal feature

complementation and multimodal emotion classification.
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IEMOCAP MELD

Happy Sad Neutral Angry Excited Frustrated | Accuracy wa-F1 || Neutral Surprise Sadness Joy Anger | Accuracy wa-Fl
be-LSTM 32.63 7034 51.14 6344 6791 61.06 59.58  59.10 || 75.66  48.47 2206 52.10 4439 | 59.62 56.80

CMN 3038 6241 5239 5983 60.25 60.69 56.56  56.13 - - - - - - -

ICON 2991 6457 5738 63.04 6342 60.81 59.09  58.54 - - - - - - -
DialogueRNN | 33.18 78.80 59.21 65.28 71.86 58.91 6340 6275 || 76.79  47.69 2041 5092 4552 | 6031 57.66
DialogueCRN | 51.59 7454 6238 6725 73.96 59.97 6531 6534 || 76.13  46.55 1143 4947 4492 | 5966 56.76
DialogueGCN | 47.10 80.88 58.71 66.08 70.97 61.21 65.54  65.04 || 7597  46.05 19.60 51.20 40.83 | 58.62 56.36
MMGCN 4545 7753 6199 66.67 72.04 64.12 65.56 6571 || 75.16  48.45 2571 5441 4545 | 5931 57.82
GraphCFC | 43.08 8499 64.70 71.35 78.86 63.70 69.13 6891 || 7698 4936 26.89 51.88 47.59| 6142 58.86

Model
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_ ) IEMOCAP MELD
Modality Setting Accuracy wa-F1 Accuracy wa-F1
A 54.16 53.85 47.55 41.62
V 31.61 27.67 47.59 33.26
T 59.95 60.09 60.77 56.81
A+V 54.17 53.89 47.61 41.67
A+T 64.20 64.74 59.96 57.46
V+T 63.15 62.96 59.46 57.29
A+V+T 69.13 68.91 61.42 58.86
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Fig. 4: The effects of the number of GAT-MLP layer and skip

connection on our model. The figure shows the results on the

IEMOCAP dataset. w (w/o) indicates the use (non-use) of

skip connection.
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TABLE V: The effect of the multi-subspace loss functions.
Lowr and LS., (¢ € {a,v,t}) denote shared and separate
subspace losses, respectively.

C. s IEMOCAP MELD

s S€P | Accuracy  wa-Fl Accuracy  wa-F1
- wlo - W 68.70 68.35 61.00 58.39
- W - w/o 67.53 67.56 60.27 57.99
- w/o - wlo 68.70 68.36 60.38 58.09
- W - W 69.13 68.91 61.42 58.86
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TABLE VI: The influence of speakers and edge types on our
GraphCFC model. S.,,;, and E.,,; indicate the embeddings
of multi-speaker and edge types, respectively.

g > IEMOCAP MELD
emb emb Accuracy wa-F1 Accuracy wa-F1
- wlo - W 68.02 68.04 60.69 58.35
- W - wlo 65.26 65.91 60.46 57.91

- W - W 69.13 68.91 61.42 58.86
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Fig. 5: The effects of j nodes in the past and £ nodes in the

future on the proposed GraphCFC model. The figure shows

the results on the IEMOCAP dataset.



@ Chongqing Lhiversity ?dvTaQeld Technique of

of Technology Atificial Intelligence

—t
NOp)

1
d
1
1
1
1
1

[T
X
O
(D
=

-
D

TABLE VII: The statistics of the merged emotion labels.

New Label IEMOCAP MELD
Positive Happv, Excited Jov
Surprise, Fear, Sadness,
Disgust, Anger
Neutral Neutral Neutral

Negative Sad, Angry, Frustrated
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TABLE VIII: The overall performance after converting the dataset into three-emotion labels under the multimodal setting.

Model IEMOCAP MELD

Positive  Neutral Negative | Accuracy wa-F1 || Positive Neutral Negative | Accuracy wa-Fl

be-LSTM 90.58 55.63 84.04 79.54 79.10 36.97 75.12 61.46 65.13 64.26
DialogueRNN | 88.36 57.99 83.81 78.87 78.94 40.29 74.95 62.10 65.52 64.93
DialogueCRN 79.39 61.51 83.09 75.66 76.97 40.80 74.40 62.87 65.98 65.32
DialogueGCN | 84.22 56.88 83.66 77.57 77.48 32.92 75.64 63.96 66.67 64.80
MMGCN 85.20 64.21 83.73 79.36 79.95 43.32 75.5 65.57 67.93 66.92
GraphCFC 88.48 62.03 84.35 79.91 80.20 50.66 75.12 66.26 68.54 68.12
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(a)

(b)
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Fig. 6: The cases of ERC on the IEMOCAP. (a) An example shows that multi-modality can be used to compensate for the
shortcoming of single-textual modality. (b) Emotional-shift in one-speaker scenario. (¢c) Emotional-shift in two-speaker scenario.
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