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* X = [Visual features + Audio features]
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* X = [Visual features + Audio features]
* Y = generated Emotion / VAD annotation

* Dataset: 17,112 videos with generated
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® Works, but not enough dataTable 2: Results for emotion estimation.
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e Results

* Train separate
models for each

Dataset: 17,112 videos with generated
Emotion/VAD from their top-100 comments

Table 1: Results for VAD estimation.

| Valence | Arousal | Dominance
Features | MAE Corr. | MAE  Corr. | MAE Corr.
Visual 2.99 0.47 2.00 0.51 1.98 0.32
Audio 2.83 0.54 1.99 0.51 1.95 0.36
Combined 2.84 0.55 1.95 0.55 1.93 0.38

* Works, but not enough data
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Table 2: Results for emotion estimation.
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Avg. Precision Avg. Recall Avg. F1 Score
Visual 0.30 0.39 0.28
Audio 0.36 0.41 0.34
Combined 0.33 0.41 0.31
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