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Machine Learning

An ML algorithm learns the execution of a particular task T, maintaining a
specific performance metric M, based on exploiting its experience E.
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ML Applications in todays networks

» Ranging & Localization
Network MAC Layer PHY Layer » QObstacle Detection
Layer « PHY layer Security

Resource Allocation Multiple Access Channel Coding

RAT Selection

Link adaptation Channel Estimation
Handover & Mobility
Management

Network Slice Error Correction MIMO Precoding
Selection & Allocation
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Why ML for PHY?

1.ML algorithms (especially ANNSs) are universal
functional approximators and are Turing complete

2.Block optimality versus E2E Optimality

3.Rise of computation power through GPUs and DL
frameworks



Examples
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Learning Method

Normalized Input Training Data (X)

X_train (10%)

Prediction on
Validation set

Grid Search witN Predition

5-fold Cross 11 1 5 t_ I Evaluation
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Selection
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Fx 1 — Obstacle Detection

Objective : Detect the presence and the proximity of
humans to the transmitter using only UWB baseband
signals
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Grid Scores - Accuracy

MotionFiltered data
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Ex 2 — PHY Layer Security

Objective: Use the channel impulse or frequency response to indicate the origin of transmitted data packets

If a receiver needs to authenticate a packet from a specific transmitter, it checks whether the respective channel
estimation matches with the previous ones based on the received packets of that user
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Ex 3 — Channel Coding

Objective: Study the feasibility of using Neural Network based architectures for decoding Turbo codes
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Conclusion & Vision

Research
Direction Vision
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Further Evolution
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