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Usages of Contrastive Losses, 
Introduction and Applications
for sensor data



About me

• PhD on using DeepLearning to 
detect Human Factors from 
BioSignals


• Prof. Eduardo Veas and Herbert 
Danzinger


• Sometimes very Sparse Data!


• Bring fractioned Data Sets 
together with Contrastive Loss



No Labels?

Deep Learning Troubles

Nasty Noise Effects?
Fragmented Datasets?
Time Shifts have huge effect?   Clustering?
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• little labels

• fragmented datasets

• noise
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Fractioned Datasets of 
Drowsiness

• We have a unit generating a 
signal


• Unit: f.e. a driver of a car


• Signal: Physiological signals 
for modes (alert, normal, 
drowsy, asleep)


• We have data from 4 
experiments, but they all used 
slightly different sensors of 
the same type (EEG, ECG, 
GSR)

GSR Signal Sensor 1

GSR Signal Sensor 2

Much more noise!



Fractioned Datasets of 
Drowsiness

• Contrastive Loss:


• Use all data


• Transform data into 
embedding where differences 
of sensors are mitigated


• Fine-tune classifier on that

GSR Signal Sensor 1

GSR Signal Sensor 2

Much more noise!



Fractioned Datasets of 
Drowsiness

• Bad news: I can not show you 
exactly this use case 
(confidential datasets)


• Good news: I have a “surrogate 
problem”

GSR Signal Sensor 1

GSR Signal Sensor 2

Much more noise!
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Sinus Peaks Spikes Square

Fantasy device 
generating Signal
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Fantasy device 
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examples/different-sensors-jsimon/problem-description.ipynb



Unifying Sensor-Recordings 
for later Supervised Training

Sensor 1 Sensor 2



Sinus Peaks Spikes Square

Noise

Sensor 1
Sampling Rate

Noise

Sensor 2
Sampling Rate

Noise

Sensor 3
Sampling Rate

Noise

Sensor 4
Sampling Rate

Senses

Senses

Senses

Senses

Experiment 1

Experiment 2

Experiment 3

Experiment 4

Random Series



This means we can 
not directly calibrate 

sensors
Because we do not know when they sensed the same



Noise

Sensor
Sampling Rate

Common Representation (100Hz)


Noise


Sampling Rate


Ablations (sections of sensor failure)

⃗x =

0.932 0
0. 1

0.031 0
0. 1

0.618 0





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

examples/different-sensors-jsimon

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


Summary





2005

2012

2020

Noise

Sensor
Sampling Rate



Thanks for the 
Attention
We will continue for an Q&A 
in discord (we will post the 
link in the twitch chat)


