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Physiological signals has potential to 
capture emotional well-being in 
everyday life. 

Progress in the field is limited by the fragmented 
nature of existing datasets, making it difficult to 
build generalizable emotion recognition models.



Introducing FEEL 
the first large-scale 
benchmarking framework to 
evaluate emotion recognition 
models trained on physiological 
signals across 19 open-source 
datasets.



We gathered 19 datasets 
with EDA and PPG signal 

data.
 covering lab, constraint, 
and real-world settings.

Spanning different devices, 
sampling rates, and labeling 

methods.

We applied a unified pipeline for 
signal cleaning, segmentation, 

normalization, labeling and feature 
extraction, to ensure all datasets 

follow a consistent format for fair 
comparison.

We benchmarked 16 
models across 19 

standardized datasets to 
evaluate within-dataset 

performance and 
cross-dataset 

generalization..
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Benchmarking Overview

Paradigm Models Motivation

1⃣ Traditional ML RF, LDA Strong, interpretable baselines; 
effective for small datasets

2⃣ Deep Learning on Handcrafted 
Features

MLP, ResNet, LSTM+NN, 
Attention+NN

Combine domain knowledge 
with nonlinear learning for 

improved robustness

3⃣ Deep Learning on Raw Signals ResNet, LSTM+MLP, CNN + 
Transformer Encoder

End-to-end learning from 
signals without manual feature 

extraction

4⃣ Pretrained Representation 
Learning

CLSP (Zero-shot & Fine-tuned: 
5%, 25%, 50%)

Assess transferability and 
adaptability of pretrained and 

fine-tuned physiological models 



Language-Signal Fine-tuning



Arousal Classification



Arousal Classification



Valence Classification



Valence Classification



Four-Class Classification



Four-Class Classification



Key Insights

● CLSP models are top performer in 88/171 
evaluations.

● RF & LDA are strong, fast, interpretable baselines 
with 59/171 best results.

● Handcrafted features outperform raw-signal DL 
models.

● Overall performance was sensitive to dataset 
quality, including factors such as signal integrity, 
labeling reliability, and experimental design.

● Similar performance trends are observed across 
modalities



Cross-Dataset Insights

● Cross data analysis revealed that labelling strategies have overall high 
transferability with each other as compared to device, experiment 
settings and demographics.

● Inter-gender and age transfer showed strong generalization for valence, 
but near-random performance for arousal, suggesting demographic based 
physiological differences in arousal responses.

● Overall, the high cross-domain transferability across labeling strategies, 
settings, and devices indicates the feasibility of combining small 
datasets to train more generalizable large-scale models.



Read the paper for 
more details…
Connect: pragyas@iiitd.ac.in


