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Overview Motivation

A multi-stage hierarchical approach to multi-modal emotion recognition in
conversational contexts.
e leveraged features from speaker recognition, speech recognition, face

o Multi-modal approach: Unified emotion labels across all modalities
o Unimodal datasets: Comprehensive emotion foundation per modality

recognition, and a sentence transformer. o Speaker & Speech features: 352 speakers, complementary acoustic cues
* Integrated diverse unimodal datasets across text, audio, and facial expressions. o Fusion Strategy: Inspired by I-vectors in ASR
* Fusion methods with Mamba based state space models. o Mamba Block: Linear time complexity for efficient processing

e Achieve a promising 64.40% weighted accuracy on MELD with speaker, face, text.

Unimodal Datasets Mulimodal Dataset: MELD

e Audio: Crema-D, RAVDESS, SAVEE, e Face: JAFFE, CK+ RAF-DB, FER2013 Audio: Extract audio from multiple channels Text: Re-transcribe audio with Whisper, filter out misaligned
TESS among videos. utterance through 2 metrics.
i T e e Distribution of Cosine Similarities Distribution of Levenshtein Similarities
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Utterance: “Become a drama critic!” Face Processing:
Emotion: Joy Sentiment: Positive e Relabel videos for 352 distinct speakers.

e Sample utterances per speaker.

e Extract faces using YOLO-v8 @1 fps.

e Manual inspection to filter out incorrect detections

e Generate speaker embeddings with FaceNet.

e Extract faces for all videos using segment
timestamps.

e |dentify speaking individual by comparing
extracted faces to speaker embeddings.

Text Audio Visual

anger disgust fear Ambiguous = Joyous tone ' Smiling Face

Crowdflower (2016)

Emotion Dataset, Elvis et al. (2018) Utterance: “Great, now he is waving back”

GoEmotions, Demszky et al. (2020)
ISEAR, Vikash (2018)
SemEval-2018, El-reg, Mohammad et al. (2018)

Emotion: Disgust Sentiment: Negative
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*Figure reproduced from the MELD paper.
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e Investigate domain adaptation between MELD and IEMOCAP



