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Multimodal dialogue Systems. ACM International Conference on Multimodal Interaction (ICMI) 2021, pp.141-149
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Bo Han, et al, 2018. Co-teaching: Robust training of deep neural networks
with extremely noisy labels. In Proc. Conference on Neural Information
Processing Systems (NeurlPS). 8527-8537.
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Yuan Gao, Shogo Okada, et al.
DOMAIN-INVARIANT FEATURE LEARNING FOR IMPROVING

CROSS CORPUS SPEECH EMOTION RECOGNITION, IEEE ICASSP 2022
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S: Softmax loss function
C: Center loss function
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RN A & > BN H AT

Arousal BEEEE (HZE-J7vIR) Valence R¥[&{M(R-AIR)

Model Loss| MSP SAVEE Emodb Average,l MSP SAVEE Emodb Average

Baseline S | 59.72 73.75
DANN 1 S | 60.51 74.58
DANN 2 S | 6357 74.79
DANN 2 S+C| 6297 75.2

6735 66.94 || 59.52 54.79 49.73 54.68
66.05 67.05 || 59.19 56.15 4753 54.29
69.58 69.31 || 57.57 57.08 49.05 54.57

71.64 6994 || 57.26 58.12 49.46 54.95
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Context —
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Control angry mob

to go. /Sad] JFPB

Response PAJF - tkno%j;gat to tell you.

Y. Fu, S. Okada, et al., CONSK-GCN: Conversational Semantic-and Knowledge-Oriented Graph Convolutional
Network for Multimodal Emotion Recognition, IEEE ICME, pp.1-6, 2021

Y. Fu, S. Okada, et al., "Context- and Knowledge-Aware Graph Convolutional Network for Multimodal Emotion
Recognition," in IEEE MultiMedia, doi: 10.1109/MMUL.2022.3173430.
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Surprise Neutral

Neutral Anger -
(Positive) (Neutral) | A(_Neutral) (N egative) ‘
. U i, W choat  OWhatapouttne
MELD: Multimodal Y e v i e
£
[ ] [ ] g
Emotion Lines Dataset |2
©
5
2 FRUNTZ 5T — '
- : was surprised to " !
2)Oh, yean! g S)eggn';a;gr;'g;;ﬁa Finmony
Emotion Joy \ Neutral 4 Surprise ‘ Sadness i
(Sentiment) : (Positive)  (Neutral) | (Negative)  (Negative)
S. Poria, D. Hazarika, N. Majumder, G. Naik, R. Mihalcea, E. Cambria. MELD: A Multimodal Multi-Party Dataset for Emotion Recognition in Conversation. (2018)
Models Neutral Anger Disgust Joy Surprise Sadness Fear W-F1
CNN [4] 67.3 12.2 0.0 32.6 45.1 19.6 0.0 45.5
LSTMs [5] 67.6 12.3 0.0 36.0 45.7 17.2 0.0 46.0
be-LSTM [6] 77.0 38.9 0.0 45.8 47.3 0.0 0.0 54.3
DialogueRNN [9] V3.7 41.5 0.0 47.6 449 23.4 5.4 55.1
DialogueGCN [10] - - - - - - - 58.1
ConS-GCN 7.0 20.3 2.9 8.8 H9.1 30.8 0.0 62.0
ConK-GCN 80.0 51.6 0.0 26.3 08.1 30.1 13.7 61.9
ConSK-GCN (Ours) 78.1 54.1 0.0 61.1 61.0 36.9 10.5 63.8
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Fuminori Nagasawa, Shogo Okada, Takuya Ishihara, and Katsumi Nitta,
Adaptive Interview Strategy Based on Interviewee’s Speaking Willingness Recognition for Interview Robots, under review.
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