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4 Mobility & Reliability are Key Challenges N / ML for Highly-Mobile mmWave Systems: Beam Prediction and Low-Complexity Coordination \
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» Large training overhead to find best beams (RF multipath signature) forallkn £2L for all n Time

» Frequent hand-off between BSs

» Learning is transparent to the comm system operation
» Support highly-mobile applications in large-array systems
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» Learning to map RF signatures to beams

] Reliability Challenges

> : | o block » Negligible training overhead » Achieve almost the same performance with perfect CSI | |
mmwaYe signals are sensitive To blockages \ Works indoor and outdoor, LOS & NLOS » Learn different environment settings (robust system) P S S /
» Large difference between LoS & NLoS SNR
» Reliability is a main challenge with mobilit : . . .
Na : : . -/ / ML for Reliable mmWave Systems: Blockage Prediction and Proactive Hand-oft \

Phase 1: Learning Hand-off Phase 2: Proactive Hand-off N
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/ Proposed Solution: Leverage ML /DL
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Deep Learning Dataset Size (Thousand Samples)

User moves with a random speed (8,16, 24, 32 40}km/hr
BS has 32-element ULA, user is single-antenna

Number of beams = 128 (oversampling factor=4)

Two BSs, and one main blockage

J Intuition: mmWave channels are functions of
» Environment geometry, materials
» TX/RX locations

» Beam sequences have diff. lengths depending on user speed, trajectory, time served by this BS
» Adopted a gated recurrent neural network to handle variable-length sequences

h = f(environment geometry, TX/RX locations,...)

» Ray-tracing based simulations
» 95% success probability in predicting hand-off

Objective: Max. hand-off prediction prob.
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Environment geometry, Channel .
materials, by h beam forming vector 4 Conclusion and Future Work A
TX/RX locations, etc To learn f(h/inputs) channel covariance

J Conclusion J Future work

» ML enables prediction the beams with negligible training overhead » Extensions to multi-user scenarios
0 Use cases » Proposed solutions is general for LOS/NLOS, indoor/outdoor scenarios » Extensions to multi-antenna users
> Learning this mapping = Predict best beam or set of beams » Novel solution for reliability & latency problems in mmWave » Developing analytical guarantees for the performance
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