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Cross—Attention Fusion

( Cross—Attention Fusion for Audio—Visual Multimodal Emotion
Recognition )

(@] ok
I =

2yenFd HeEmd 74 A48 $13)] cross—attention 71¥F &
A% 2 A JHE AA 224x224%3 A7 2 AfshEH, o4 A
wav2vec2.0-large-robust APASHE RHS Fa A7k o]F3 Iy Al X2(Batch, T, 1024)2 Wgkdt} F megjEs Z
transformer QFEE E3) A A2 55 EAS 85381l o]F cross—attention R ES Eal A% HH ARE Aelxon A
oy v WE A EY o due HERY 58S A Alde W] 45S A58 98l CREMA-DS 283}
A it AA dlolE = 80%9}F 20% HIEZ SHFHAE AER B&s13ion, 74 dolge Fdi 543 EA4S
a183}e] accuracy?} weighted Fl-scoreS 8 H7}F A Z =2 Q&5 ). Weighted Fl-score: precision®} recall®] %3} ¥
T 2 g e NFE HERE w3t gate AR 54 2AY 574 v go] U AT 2F d5S +3 JA H7t
sk = 9l o] k. A3 Ay AokEl= cross—attention 7|WF HE| Y 2 ElS A3 88.3%, weighted F1-score 0.8839]
A 715s vd B 7| B = O early/late fusion ) dib] fojulshAl 4 g Bl

I

el u

Abstract

In this paper, we propose a cross—attention fusion architecture for audio-visual multimodal emotion recognition
utilizing both face images and audio signals. The visual information is normalized to 224%X224X3 through face detection
and alignment using RetinaFace, and the audio information is converted into a time-dependent embedding sequence
(Batch, T, 1024) using the wav2vec2.0-large-robust pre-trained model. Each modality learns sequence-level features
through a transformer encoder, and the cross—attention module selectively combines complementary information to
generate more sophisticated multimodal representations than simple merging methods. To validate the performance of
the proposed method, we conducted experiments using the CREMA-D. The entire data set was split into training and
test sets at a ratio of 80% and 20%, respectively. Accuracy and weighted F1-score were adopted as the main evaluation
metrics considering the class imbalance of the emotion data. Weighted Fl-score is calculated by multiplying the
harmonic mean of precision and recall by the number of corresponding classes and adding them together. It has the
advantage of being able to evaluate classification performance in a balanced manner even in situations where the
appearance rate of a specific emotion class has lower quantity. Experimental results show that the proposed
cross—attention-based multimodal model achieved an accuracy of 88.3% and an Fl-score of 0.883, demonstrating
significant improvements over single-modality models or simple early/late fusion methods.

Keywords : Multimodal emotion recognition, Transformer, Convolutional neural network, Self-supervised
learning, Affective computing
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