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Sometimes very Sparse Data!

Bring fractioned Data Sets
together with Contrastive Loss
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Fractioned Datasets of
Drowsiness

 \WWe have a unit generating a I I ' I
signal
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e Unit: f.e. a driver of a car
GSR Signal Sensor 1

e Signal: Physiological signals
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for modes (alert, normal, M
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e \We have data from 4
experiments, but they all used
slightly different sensors of
the same type (EEG, ECG,
GSR)




Fractioned Datasets of
Drowsiness

0 10 20 30 40 50 60s
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e Contrastive Loss:

e Use all data

e Transform data into Wﬁﬂ/\ /\ P /‘w“\/(\ M /”“'“[)\f'”\/

embedding where differences

of sensors are mitigated M, \
GSR Signal Sensor 2 s
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Fractioned Datasets of
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e Bad news: | can not show you GSR Signal Sensor 1
exactly this use case

(confidential datasets) M

e Good news: | have a “surrogate
problem”
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examples/different-sensors-jsimon/problem-description.ipynb
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This means we can
not directly calibrate
Sensors

Because we do not know when they sensed the same
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Demo Iime

https://github.com/grazai/contrastive-learning-june-2020

examples/different-sensors-jsimon
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