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» How to tackle speech emotion recognition (SER)

problems?

» Small datasets - task-specific models generalize poorly

» Approaches:

Motivation

» Handcrafted feature sets

» Self-supervised DNNs as audio/speech

representations

» SER performance can vary with the evaluation protocol
» Multi-dataset benchmarks already exist for:

» Computer Vision [1]
» Natural Language Processing (2]

» Non-semantic speech processing [3]

» SERAB = a benchmark for SER:

» 9 datasets
» 6 languages

» Different sizes (500-7,500 samples)

» Different emotion classes (anger, fear, sadness...)

Dataset Language Classes Samples

AESDD [4]
CaFE [5]
CREMA-D [6]
EmoDB [7]
EMOVO [8]
IEM4 [9]
RAVDESS [10]
SAVEE [11]
ShEMO [12]

SERAB: tasks

Greek
French
English
German
Italian
English
English
English
Persian
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604
864
1442
535
588
5531
1440
480
3000

Baseline approaches

Compare well-established/state-of-the-art frameworks:
* Acoustic feature set: openSMILE [13]
» Speech representation: TRILL [3]

» Audio representations: VGGish [14], YAMNet [15], BYOL-A [16]

Proposed:
> BYOL-A retrained on speech samples only > BYOL-S
> BYOL-A with CvT [17] encoding =2 BYOL-S/CvT
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BYOL-A framework. Adapted from [16]

SERAB: evaluation
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SERAB: A multi-lingual benchmark (Geassp 2022

for speech emotion recognition
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