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Goal: Predict six continuous emotional mimicry
intensity dimensions from in-the-wild multimodal
video clips.

Target emotions:

Key challenges:
§ Long-tailed sequence lengths
§ Sparse and imbalanced labels
§ Missing or incomplete text modality
§ Noisy in-the-wild audio-visual signals

§ Text and audio were the strongest unimodal
predictors, showing the importance of semantic and
vocal cues.

§ Visual and motion features were weaker alone but
still provided complementary affective information.

§ The 4:1 split improved performance, suggesting
fusion benefits from more supervised training data.

§ Motion gave only modest gains, indicating that
temporal facial dynamics need better modeling.

§ Possible future improvements
- Use pretrained feature extractors specialized for

affective modeling.
- Handle missing modalities more explicitly using

learned missing-modality tokens.
- Add auxiliary supervision to preserve strong

unimodal signals.

§ We proposed a two-stage multimodal framework for 
EMI prediction using text, audio, vision, and motion.

§ Multimodal fusion improved performance over 
unimodal models. 

§ Our best system achieved 0.57 test Pearson and 
ranked third in the EMI challenge. 

§ Future work can explore stronger motion 
representations and more adaptive fusion methods. 
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Dataset split shows sparse label distributions. Our two-stage framework: unimodal feature learning followed by multimodal fusion.

Validation performance of individual modality encoders.
Modalities provide complementary cues while also 

reinforcing common affective patterns.
Our submission: Fusion performance across modality combinations 

and data splits.
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