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1. Introduction
[bookmark: OLE_LINK1][bookmark: OLE_LINK2]A new SI for Rel-17 called “Study on enhancement for data collection for NR and ENDC” was agreed by RAN Plenary with SID in [1]. 
The SI aims to study the functional framework for RAN intelligence enabled by further enhancement of data collection through use cases, examples etc. and to identify the potential standardization impacts on current NG-RAN nodes and interfaces. RAN intelligence is referring to the use of Artificial Intelligence (AI) / Machine Learning (ML) approaches used to overcome the challenges of consistent optimization of increasing numbers of key performance indicators (KPIs) and data to be analysed. AI/ML is seen as a powerful tool to help operators to improve network management and user experience, by analysing and autonomously processing the data collected in the network and by the UEs. The application of AI/ML in 5G networks has gained tremendous attention in both academia and industry/standardization fora (see e.g. [2], [3], [4], and [5]).
This contribution focuses on identification of potential use cases for AI/ML-enabled RAN intelligence and their benefits. Another contribution provided by Deutsche Telekom to RAN3#110-e is related to high level principles for AI/ML-enabled RAN intelligence and the functional framework required for its introduction [6].
2. Discussion
2.1 Review of AI/ML-based use cases in the literature
Publications of academia as well as of industry and standardization fora already cover many use cases for the application of data analytics based on AI/ML approaches for optimization purposes in 5G networks. 3GPP SA2 has defined data analytic services realised in the NWDAF (Network Data Analytics Function) which cover e.g. network performance, slice and NF load, mobility, and QoS aspects [7]. Use cases related to mobile data analytics (MDA) in the OAM system considered by 3GPP SA5 are covering also RAN-related topics like coverage optimization, resource utilization, SLA assurance (latency, throughput, …), and mobility management (incl. handover optimization, load balancing, and inter-gNB beam selection) [8]. Use cases described by ITU-T in [9] are mostly defined from an end-to-end perspective (e.g. for network slicing, user plane, signalling, and security issues). ETSI ENI grouped their use cases in [10] into several categories (infrastructure management, network operations, service orchestration & management, assurance), with some use cases addressing RAN-specific topics (e.g. radio coverage and capacity optimization, elastic resource management & orchestration). In contrast to those fora, the O-RAN Alliance is primarily focussing with its use cases [3] on RAN-related topics (e.g. on handover management, traffic steering, and OoS/QoE optimization).
2.2 Proposal for use cases to be studied
In the following some selected use cases are highlighted which can demonstrate from an operator’s perspective the benefits of AI/ML-based approaches in the RAN. Those use cases could be used to verify the application of high-level principles for RAN intelligence enabled by AI/ML and of the required functional framework (see [5]) during further study run time. It has to be noted that the provided use cases are not intended to be prioritized for a possible future WI phase following to this SI.
2.2.1 Use case 1: Massive MIMO beamforming optimization
[bookmark: _Toc423019661][bookmark: _Toc423019946][bookmark: _Toc423020275][bookmark: _Toc423020292][bookmark: _Toc423020300]Background (see e.g. [3], [8]):
Massive MIMO (M-MIMO) is seen as one of the key technologies for NR to enhance the cell capacity and cell edge performance of UEs in 5G networks based on multi-antenna transmission and reception in combination with spatial multiplexing to allow usage of same time/frequency resources on the air interface by different users. Especially in multi-cell scenarios (both inter- and intra-gNB) with 3D beam patterns at the antennas, the high number of configuration parameters per array antenna together with the massiveness of available measurement input data is resulting in a tremendously complex optimization process which may be further challenged by additional side conditions like controlling of electromagnetic (EM) emissions in certain beam directions due to regulatory reasons.
Benefits and reasoning for AI/ML-based approaches:
Due to the complexity of the optimization process AI/ML approaches are seen as suitable tools to handle data analytics for the large amount of input data and to provide appropriate outputs for RAN control plane (CP) functions like RRM and MAC scheduling. Non-real time beamforming optimization (e.g. slow adaptation of SSB beams during day time according to long-term traffic statistics) may be accomplished according to the SON feature Coverage & Capacity Optimization (CCO) currently under investigation within a RAN3 WI [11] where the optimization algorithms can be handled also in the OAM system (C-SON). In contrast to that, real or near-real time optimization (considering e.g., moving users/hotspots, changing traffic distribution, crowd source data) requires the ML inference engine(s) to be placed in the logical RAN nodes (i.e., in gNB-DU and/or gNB-CU). In principle, also a joint optimization process can be driven by setting up an outer loop in the OAM system for long-term aspects (e.g. for beam pattern parametrization) and an inner loop in the RAN nodes for short-term aspects (e.g. for dedicated beam selection).
2.2.2 Use case 2: Link adaptation optimization
Background (see e.g. [9]):
In RAN, the received signal quality at a UE depends on radio channel quality from serving cell, level of interference from other cells, and noise level in the receiver. The link adaptation is applied to adjust transmission parameters such as the modulation and coding scheme (MCS) as well as MIMO transmission rank and precoding to maximize the data throughput dependent on radio channel conditions. Present link adaptation approaches rely on channel quality indication (CQI) feedback from the UE. Based on that information predefined look-up tables are used to find the proper MCS. To further enhance the performance, outer loop link adaptation (OLLA) is also introduced to modify the MCS based on the link feedback.
However, dependent on UE velocity the CQI feedback can be out of date and cannot capture the inter-subcarrier and multi-user/multi-layer interference in the actual DL transmission, which may leads to a mismatch between CQI feedback and the MCS selected for DL data. Link adaptation in 5G with large numbers of antennas and channels is further challenging due to the high channel state information (CSI) dimension, which makes it even harder to find the proper mapping tables between link qualities and link adaptation parameters. OLLA may be perfect for full buffer services but it is hard to converge for services with small burst and fast varying radio channel conditions. 
Benefits and reasoning for AI/ML-based approaches:
To avoid performance degradation by those issues mentioned before, AI/ML-based link adaptation schemes are desired using “historical” radio channel condition data and corresponding KPIs to find the optimized MCS and MIMO rank. For those optimization purposes it is expected that the RAN infrastructure is collecting L1 and L2 data from UEs and RAN nodes (e.g. CQI, RI, PMI, HARQ, RSSI/RSRP/RSRQ, Doppler frequency estimation) that can be used for ML model training. In this way an AI/ML-enabled RAN can support the learning of relationship between empirical observations of the CSI related values and their associated ACK/NACK flows including their relationship with BLER. This is followed by deployment and update of the trained model into the gNB scheduler which executes the MCS and RI selection policy based on the ML output.
2.2.1 Use case 3: Traffic steering
Background (see e.g. [3], [8], [9]):
With the specification of 5G the NG-RAN is supporting a multi-RAT environment that allows the combination of RATs like LTE and NR based on carrier aggregation (CA) and multi-connectivity (MR-DC) procedures across different frequency and cell layers. In addition, NG-RAN also supports network slicing where dedicated slices may be only deployed on dedicated cells and/or frequency layers dependent on slice customers’ needs.
Traffic steering may incorporate both mobile load balancing and mobility robustness optimization (known up to now as SON features MLB and MRO) between different cells and frequency layers in a sliced multi-RAT RAN. Further aspects to be considered are the addressing of RAT-specific bearers or split-bearers across RATs in MR-DC, enhanced handover procedures like Dual Active Protocol Stack (DAPS) to reduce service interruption time and Conditional Handover (CHO) to improve handover robustness, as well as the implications coming with new 5G services like URC and/or LLC. Therefore, any optimization approaches for traffic steering have to take into account a large amount of configuration parameter sets and deployment variants to address all the possibilities how to manage the varying co-existing traffic flows with different QoS demands in the RAN.
Benefits and reasoning for AI/ML-based approaches:
Together with “radio finger print” information which may be derived by classical SON features in the OAM system with longer-term statistical analytics on “historical” data [8] AI/ML approaches in the RAN nodes based on trained models can help to automatically predict and coordinate short-term/(near-)real time proactive actions for traffic steering using latest data knowledge from UEs (measurement reports, trajectory information/speed, QoS/traffic profiles, …), actual cell load situation (slice-specific if required), handover statistics, frequency layer usage policies (e.g. based on RFSP), and other data sources with the objective to achieve optimized or guaranteed user experience with minimum energy cost.  
3. Conclusion
Based on the discussion in this paper, we propose the following:
Proposal 1: It is proposed to further study the following use cases considered in this contribution 
· Massive MIMO beamforming optimization
· Link adaptation optimization
· Traffic steering 
[bookmark: _GoBack]and to use them for verification of application of the high-level principles for AI/ML-enabled RAN intelligence and the functional framework required for its introduction. 
While there are several AI/ML-related use cases more that can be addressed here, the limitation is done to keep them as an example and to focus on the AI/ML capability to enable new efficient solutions in the RAN.
Proposal 2: RAN3 to agree that use cases considered in this SI are not intended to be prioritized for a possible future WI phase following to this SI.
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