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Multiple Instance Learning (MIL) pipeline
for Leave-One-Subject-Out evaluation

voting strategy is used
to determine the la-
bels of videos. We
classify high and low
emotional states.

* Mine important signal segments
* Subject invariance
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Self-assessment Labeling

Russell's valence-arousal scale is used for self-
assessment. Arousal ranges from inactive (e.g.:

We use MAHNOB-HCI, a publicly available multi-
modal database with records of physiological signals
from 27 participants who are shown 20 emotional

uninterested, bored) to active (e.g.. alert, excited),
Valence ranges from unpleasant (e.g.. sad, stressed)
to pleasant (e.g.: happy, elated).
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In the first row, red circles show the fixation points and their radius depicts the
time spent on it. Red lines indicate indicate the moments at which each
snapshot was captured
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