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Machine Learning
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Learning
* Accelerometer + Mean and Ma erati * Random Forests
« Battery level * Battery drgm Ievelg in the last hour e XGBoost
 Network data activity + Datareceived during the day . ..
« Noise level . Average.amb[ent noise level during
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* Call logs Time since the last outgoing call
* Location Current distance from home

Screen Status Number of device unlocks



Who needs Feature
Engineering’?

Input Data > Deep
(Raw) Learning
* Accelerometer
» Battery level
 Network data activity
« Noise level
* Ca ||| ogs
* Location
* Screen Status



Deep Neural Networks
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Recurrent Neural Networks
(RNNSs)
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Deep Learning Pipeline

S: Sensor event (one-hot encoded)

t: Time delta

X: Sensor values

y. Ground truth

w. Weight

Structure Sensor
Data and GT




Deep Learning Pipeline

S: Sensor event (one-hot encoded)

t: Time delta

X: Sensor values

y. Ground truth

w. Weight

Normalisation




Deep Learning Pipeline

S: Sensor event (one-hot encoded)

t: Time delta

X: Sensor values

y. Ground truth

w. Weight

Capping



Deep Learning Pipeline
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Time-based
Compression




Deep Learning Pipeline

Bucket
Batch Batch Batch

Batch Size
Bucket contains.<
3 users

Input Sample

Sequence Length
Number of time-ordered
events per batch, per user

x: [Sensory, Sensor, ..., Sensor,]

Structure Data

for Training




Case Study: Predicting
Reactiveness to Notifications




Conclusions

Introduced an approach for preparing time series
data for deep learning applications.

Demonstrated the effectiveness in a case study.

Achieved a 40% performance increase compared
to a probabilistic random baseline.

The model generalises to unknown users.



Future Work

 Comparison of the performance to canonical

approaches.

* Improve the compression strategy.

* Explore more sop
techniques (e.g. t
adversarial netwo

nisticated deep learning
ransfer learning, generative

'KS).



llias Leontiadis Martin Pielot Joan Serra

Jelefonica




