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1. Introduction
In RAN1#85, the agreements on the study of the beam forming procedures and their system impacts has been made in [1] as follows:
Agreements:
· RAN1 to study the beamforming procedures and their system impacts at least for multi beam based approach
· Physical layer procedures for beamforming optimizing different metrics such as overheads and latencies  in multi beam and single beam based approaches 
· Physical layer procedures in multi beam based approach that require beam training, i.e. steering of transmitter and/or receiver beams
· E.g. Periodic/Aperiodic downlink/uplink TX/RX beam sweeping signals, where periodic signals may be semi-statically or dynamically configured (FFS)
· E.g. UL sounding signals
· Other example is not precluded
In this contribution, we introduce compressive sensing based beam training method, which can significantly reduce the training overhead.
2. Compressive sensing theory
The classical theory behind the encoding analogs into digital streams and decoding streams back into analogs is based on the famous Shannon/ Nyquist Sampling Theorem. It tells us that in order not to lose information, we must sample the signal at least two times faster than its bandwidth. However, when the sampled signal is sparse(only a few elements of the digital bits are none-zero) or approximately sparse, it is possible to introduce a new sampling and processing method to significantly reduce the sampling rate, which is called compressive sensing.
Compressive sensing has been widely studied in signal processing, statistics, and computational harmonic analysis etc. See [2] [3] for a detailed description of compressive sensing theory. In order to review the theoretical principle, consider a linear measurement model

Where  is a known measurement matrix comprised of the measurement vectors as its rows,  is an unknown vector, and  is stochastic noise. The goal is to reliably reconstruct  from the knowledge of  and . One of the central tenets of compressive sensing theory is that if  is sparse or approximately sparse, then a relatively small number—typically much smaller than the length of —of appropriately designed measurement vectors can capture most of its salient information. 
In addition, recent theoretical results have established that if the measurement matrix obeys the restricted isometry property (RIP),  in this case can be reliably reconstructed from . It has been proved that independent and identically distributed Gaussian random matrix can meet the requirement of RIP, other measurement matrices can also be considered, e.g. Bernoulli, random partial Fourier or scrambled block Hadamard ensembles, etc.
To achieve a robust reconstruction of , Candes[4] pointed out that if the number of measurement time is more than , where ,  is the sparsity level, N is the length of , then we can reconstruct  stably with high probability via the l-1 optimization which is a simple convex optimization problem. Among the existing reconstruction algorithms, basic pursuit (BP) requires a minimal number of measurements but has high computational complexity. Another popular recovery algorithms is based on iterative greedy pursuit which has much lower computational complexity, e.g. matching pursuit (MP), orthogonal matching pursuit (OMP), etc.
Observation 1: Compressive sensing is a promising estimation method when the unknown sequence is sparse.
3. Compressive sensing based beam training for NR
For NR scenario where large antenna array is applied, the set of candidate beamforming vectors is very large at eNodeB side. If beamforming is also applied at UE side, the number of candidate beam pairs can be much larger. This will lead to very large training overhead if using exhaustive searching method. Nevertheless, the direction of each beam generated by a specific codebook is typically different, and the sidelobe has much lower power gain than the mainlobe. Thus, the effective channels combining different beam pairs have limited high power combinations, which can be treated “sparse”.
Compressive sensing based beam training has been studied for a long time, here we give one example, and detailed description can be found in [5].Let  denote the maximum delay of discrete channel,  is the channel coefficient,  and  represent the reception and transmission steering vectors, then the channel model can be expressed as

Assume the training pilot is  with CP and normalized power, and the transmission and reception training vectors are  and  respectively. Then the reception symbols of the i-th training beam pair are expressed as

Where


 is complex white Gaussian noise with zero mean and variance equals as the antenna number of the receiving UE.
In most cases, the best beam pair of the channel is the same as the best beam pair of the dominant path. We can estimate the effective channel using classical channel estimation method, e.g. LS, MMSE, etc.
Assume the dominant path is , the candidate reception and transmission codebook are  and  respectively, then the best beam pair  is depicted as


Where , , meanwhile , .
Thus the estimated effective channel can be expressed as
                       
                            
                             
                             
Hence, the equation can be , which is a typical compressive sensing expression, where , . Finally we can obtain the best beam pair by estimating  through reconstruction methods.
Notice that in order to ensure measurement matrix  obeys the restricted isometry property, the transmission training vectors  and reception training vectors  should be randomly generated. In case of beam training from a small number of beams, the random training vectors could be generated by weighted summation of the candidate beam vectors.
Observation 2: Beam training can be modeled as compressive sensing problem, and solved with much small training overhead.
4. Application of compressive sensing based beam training for NR
From the theoretical analysis above we can see that compressive sensing based beam training can be achieved simultaneously among multiple UEs. Moreover, this beam training method has better performance when the channel has fewer paths, thus it’s more applicable in high frequency band than low frequency band. It’s suitable in both FDD and TDD mode (even TDD reciprocity is not applicable). Multiple TXRUs can be used to further reduce the training over head. If a UE has single antenna or receive diversity technique is used, beam training at eNodeB side can be achieved. If beamforming is used by the UE, beam training can be performed at both sides.
The beam training procedure comprises of the following steps:
· At the beginning of the beam training procedure, eNodeB broadcasts the training pilot to all UEs using different transmitting beams, and each UE receives the pilot separately using different receiving beams. Notice that eNodeB uses the same training pilot for each beam, and the transmission beamforming vectors are known by each UE.
· After receiving all the training pilots, each UE estimates the channel responses and determines the significant path from the estimated channel, and then detects the corresponding best beam pairs among the candidate beamforming vectors.
· Each UE successively feedbacks the training results containing optimal beam pairs to eNodeB. Beam training procedure finished.
Observation 3: Compressive sensing based beam training is applicable to multiple communication scenarios.
5. Conclusion
In this contribution, we introduced a new beam training method called compressive sensing based beam training which is very suitable for NR scenario where the large antenna array is applied. And we have the following observations and proposals below:
Observation 1: Compressive sensing is a promising estimation method when the unknown sequence is sparse.
Observation 2: Beam training can be modeled as compressive sensing problem, and solved with much small training overhead.
Observation 3: Compressive sensing based beam training is applicable to multiple communication scenarios.
[bookmark: _GoBack]Proposal 1: Compressive sensing based beam training schemes should be studied in NR to reduce training overhead.
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