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Machine Learning-Based Communications for mmWave Multi-Hop MU-MIMO Systems
using One—Bit Relaying
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Crash to Not Crash: Learn to Identify Dangerous Vehicles Using a Simulator

Developing a computer vision—based algorithm for identifying dangerous vehicles requires a large amount of labeled accident data, which is
difficult to collect in the real world. To tackle this challenge, we first develop a synthetic data generator built on top of a driving simulator. We then
observe that the synthetic labels that are generated based on simulation results are very noisy, resulting in poor classification performance. In
order to improve the quality of synthetic labels, we propose a new label adaptation technique that first extracts internal states of vehicles from the
underlying driving simulator, and then refines labels by predicting future paths of vehicles based on a well-studied motion model. Via real-data
experiments, we show that our dangerous vehicle classifier can reduce the missed detection rate by at least 18.5% compared with those trained
with real data when time-to—collision is between 1.6 sand 1.8 s.
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Sphere Generative Adversarial Network Based on Geometric Moment Matching
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