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Introduction
As part of Rel-18 Study Item on Artificial Intelligence (AI)/Machine Learning (ML) for NR Air Interface [1], 3GPP has agreed to study the framework for AI/ML for air-interface corresponding to target use cases considering aspects such as performance, complexity, and potential specification aspects. One of the identified use cases include:
· CSI feedback enhancement, e.g., overhead reduction, improved accuracy, prediction [RAN1]
For each of the use cases, one of the objectives is to 
· Finalize representative sub use cases for each use case for characterization and baseline performance evaluations by RAN#98
· The AI/ML approaches for the selected sub use cases need to be diverse enough to support various requirements on the gNB-UE collaboration levels

This contribution focuses on a sub use case for CSI feedback enhancements, specifically focusing on improved accuracy, and prediction, for enhanced MU-MIMO user selection and pairing. 

CSI Feedback Enhancements for AI/ML MU-MIMO Optimization

Cellular networks optimization is an increasingly complex operation. The aggregate number of parameters available for optimization at various layers e.g. MIMO beamforming, power levels, coding and modulation rates, resource allocation to users, etc.  is increasingly large, and the choice of these parameters depends on the channel states of the users. Centralized optimization becomes even more non-tractable, and decentralized approaches need improved accuracy channel state information. This can be especially important in the context of multi-user MIMO (MU-MIMO) user selection/pairing and parameter configuration. 

When scheduling users for MU-MIMO operation, a channel state dependent optimization problem needs to be solved at each time slot, where a subset of users need to be selected, and transmission rates and power levels need to be jointly determined for each of these users from a set of constrained allowable parameters. The optimization problem at the network usually relies on SU CSI feedback from the scheduled users.  This limited channel state information can further be potentially out-of-date when used at the DU for optimizing resource allocation.   

Another aspect to consider is that this optimization problem is dependent on the deployment scenario (indoor, UMi, UMa, etc.), and can vary considering different loading/use case scenarios; despite this scenario dependency, hand-tuned policies are often chosen at the network for good average performance across many scenarios. 



Observation 1: CSI feedback enhancements are needed to improve MU-MIMO user scheduling and parameter configuration

This motivates CSI-feedback enhancements through improved accuracy, and overhead adjustment to implement an online AI/ML MU-MIMO selection and transmission at the network. The AI/ML approach is a decentralized, auto-tuning online learning at the network.

Observation 2: An auto-tuning AI/ML scheduling algorithm can use deployment-specific CSI feedback adjustments to optimize user selection and scheduling based on the local environment

The UE can adjust the periodicity and/or content of its CSI feedback based on a request from the network. The network can use the CSI feedback enhancements to implement an auto-tuning online learning algorithm that exploits the channel states feedback to reduce the dimensionality of the optimization problem, resulting in a user or channel cluster dependent rate regions that can be used for user and rate selection, consequently reducing the complexity of user selection and scheduling, and improving the probability of successful transmissions, and average throughput of MU-MIMO transmissions.
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· Figure 1 Sub use case: CSI feedback enhancements for improved performance of MU-MIMO transmissions. 


 

We hence propose, in this contribution,  a CSI enhancements sub-use case whereas the CSI enhancements are used by the machine learning training and inference at the network, to considerably improve the average throughput and probability of success of MU-MIMO transmissions. This CSI enhancements sub use case, as illustrated in Figure 1, is an example of a use case where the training and inference are both done at the network side, and the policies inferred, and actions requested are sent to the UE. The UEs send corresponding channel state information to the network, to be used in training and inference. 
Proposal 1: Include a sub-use case on CSI feedback enhancements for an AI/ML based multi-user MIMO user scheduling and parameter configuration.
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Figure 2: Average throughput per second performance comparison for a single cell scenario with 4 users
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Figure 3: Probability of successful transmission performance comparison for a single cell scenario with 4 users
To illustrate the gains that can be achieved by an auto-tuning AI/ML scheduling algorithm for MU-MIMO scheduling, we provide preliminary results based on a single cell scenario with 4 users served with full buffer traffic. Figures 2 and 3 show, respectively, the average throughput and  the probability of successful transmission achieved by the AI/ML scheduling, as compared to the hand-tuning baseline scheduler. Figure 2 shows that over 30% gains in system throughput can potentially be achieved using a better informed online learning algorithm. The probability of successful transmissions in this case are on average increased by 10%. 

Note that, in addition to the performance of the algorithms in terms of throughput, coverage and probability of success, the KPIs should consider the CSI feedback overhead, as well as the latency incurred and the complexity of the AI/ML algorithm. This is detailed in our companion paper [2]. 


Conclusion
In this contribution, we discussed a sub-use case on CSI feedback enhancements related to MU-MIMO scheduling optimization. We made the following observations and proposals.

Observation 1: CSI feedback enhancements are needed to improve MU-MIMO user scheduling and parameter configuration
Observation 2: An auto-tuning AI/ML scheduling algorithm can use deployment-specific CSI feedback adjustments to optimize user selection and scheduling based on the local environment
Proposal 1: Include a sub-use case on CSI feedback enhancements for an AI/ML based multi-user MIMO user scheduling and parameter configuration
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