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TABLE 1: ACCURACY OF THE PROPOSED MODELS ON THE EXTENDED TABLE 2: ACct

COGNIMUSE DATASET. STA
Arousal Valence
Models MSE PCC  MSE PCC  Models
Feare AAN (only video) 0052 0318 0204 0483 Feature AAN (
Feature AAN (nly sudio 0125 061 0185 05 Featue ANN
[ Feature AAN (video and audio)  0.134  0.630  0.178 0572 | Feature ANN |
Temporal AAN (only video) 0178 0457 0267 0232 Temporal ARN
Temporal AAN (only audio) 0.062 0472 047 038  Temporal ANN
| Temporal AAN (video and audio) 0.153 0551 0238 0319 | Temporal AN!?
Sivaprasad el al. [23] 008 084 021 050 Lweial 56
Chen et al. [55
Yietal [22]
Yi et al. [41]
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*  feature AttendAffectNet outperforms the Temporal AttendAf
*  Audio-based model provides a higher performance than vide

*  Model combining all features (video, audio) reaches the high




