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Cooperative Scheduling — is an optimal scheduling strategy to improve
efficiency of the limited radio resources, see Figure 4.
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Fortunately, the spectrum utilization in the real-world is quite sparse The spectrum awareness is then 9 @ N ) We find that our system has much

better prediction rate overall and is
significantly more responsive to
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(Figure 2), and in this work, we attempt to leverage the sparsity of the
spectrum. We explore techniques of smart scheduling using a limited

used to propose regions of interest.
The entropy of the signal's arrival
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Given the limited radio resources, with only about 1-5% real-time coverage
of the spectrum under observation, our observations are severely under
sampled. This introduces errors in the estimated arrival process, these errors
are particularly severe during the initial learning phase. In addition, the
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These issues are severely debilitating for the system, and we tackle them Figure 7: Accurate prediction rate (Higher is better) Figure 8: Learnt Poisson distribution
quite effectively using the following three techniques — Cooperative
Scheduling, Adaptive Combining and Maximum Likelihood Attribution :
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everything in between.

Figure 4: Cooperative Scheduling for optimal radio resource use



