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Introduction
A new study item focusing on AI/ML for mobility in NR was approved during the RAN plenary meeting RAN#102[1]. To kick off the discussion in the upcoming RAN2#125-bis meeting, the following guidance has been provided:

	
Study and evaluate potential benefits and gains of AI/ML aided mobility for network triggered L3-based handover, considering the following aspects:
· AI/ML based RRM measurement and event prediction, 
· Cell-level measurement prediction including intra and inter-frequency (UE sided and NW sided model) [RAN2]
· Inter-cell Beam-level measurement prediction for L3 Mobility (UE sided and NW sided model) [RAN2]
· HO failure/RLF prediction (UE sided model) [RAN2]
· Measurement events prediction (UE sided model) [RAN2]
· Study the need/benefits of any other UE assistance information for the network side model [RAN2]
· The evaluation of the AI/ML aided mobility benefits should consider HO performance KPIs (e.g., Ping-pong HO, HOF/RLF, Time of stay, Handover interruption, prediction accuracy, and measurement reduction) etc.) and complexity tradeoffs [RAN2]
· Potential AI mobility specific enhancement should be based on the Rel19 AI/ML-air interface WID general framework (e.g. LCM, performance monitoring etc.) [RAN2]  
· NOTE: This would only be treated after sufficient progress is made in the Rel-19 AI/ML air interface WID 
· Potential specification impacts of AI/ML aided mobility [RAN2]




In this document, we provide our analysis and recommendations for the study item.

Discussion
As outlined [1], this study on AI/ML for mobility in NR will focus on enhancing mobility in RRC_CONNECTED mode by following existing mobility framework i.e., handover decision is always made in network side. In the RRC_CONNECTED mode, network-controlled mobility is utilized for UEs that are classified into two categories of mobility: cell-level mobility and beam-level mobility.


Cell-level measurement prediction
Cell level handover involves the handover process where a UE switches from a serving cell to a different neighboring cell. Cell selection occurs whenever a new camping cell is better than the serving cell in terms of the measured parameters, e.g., Reference Signal Received Power (RSRP) or Reference Signal Received Quality (RSRQ). Increasing the number of small cell deployments rapidly changes the radio channel conditions for the UE, causing frequent changes in the neighboring cell list. This leads to frequent and unnecessary inter-cell HOs with Ping-pong effect, handover and radio link failure, high power consumption, increased interference, and delay. 

[bookmark: _Int_XcIGtKYe]By utilizing AI/ML, UE can have the capability to forecast the signal strength of the neighboring cell. This can reduce the burden caused by frequent cell list modifications and proactively prevent the performance decline noted earlier.

Proposal 1: Utilize AI/ML techniques to predict the signal strength of the neighboring cell to reduce the overhead and minimize the performance degradation.  

[bookmark: _Int_KOlzKjvK][bookmark: _Int_4J0W3Dim]In intra-frequency handover, a UE transitions between various cells that operate on the same frequency. Conversely, when the serving and target gNB are on different carrier frequencies, they are considered to be inter-frequency neighbors. In this scenario, the UE requires measurement gaps in order to conduct measurements on various frequencies. The purpose of these gaps, where no downlink or uplink transmissions take place, is to enable UE to switch carrier frequencies and conduct measurements on the target gNB. Increasing the frequency of measurements can lead to higher battery power consumption for the UE. However, utilizing AI/ML based algorithms can help minimize this impact and enhance handover performance. For example, AI/ML techniques can use intra-frequency measurements to forecast RRM measurements of inter-frequency cells, identifying which neighbors are most likely to provide a better signal quality or capacity. By prioritizing these measurements, faster and more accurate handover decisions can be made, minimizing the duration of the measurement gaps or even avoiding them.

Proposal 2: Utilize AI/ML algorithms to minimize the measurement gap in inter-frequency handover scenarios.

Beam-level measurement prediction 
The recent study on AI/ML for NR air interface [2] explores the benefits of integrating AI/ML focusing, among others, on beam management. It evaluates its performance, complexity, and specification impact, finding potential improvements in physical layer procedures. The findings revealed performance improvements over traditional methods and suggested the feasibility of AI/ML integration.

At the beam-level, a handover refers to the procedure where the UE transitions between beams within the same cell. Beam-level mobility is carried out based on the Channel State Information Reference Signal (CSI-RS). In the utilization of beamforming capabilities with multiple antennas, beam-level mobility ensures good alignment between transmitting and receiving beams for seamless connectivity. In this context, beam-level mobility can benefit from the use of AI/ML models to predict RRM measurements, such as signal strength, quality, and interference levels for inter-frequency and inter-RAT cells based on intra-frequency measurements. By exchanging predicted beam-level measurements between neighboring cells, the network can optimize various aspects of communication, such as handover decisions, resource allocation, and beam steering, tracking and selecting. Hence, AI/ML can offer valuable solutions to mitigate the complexity and minimize the overhead associated with beam management and selection, while maintaining system performance.

Measurements collected by UE are filtered at Layer 3 to eliminate the effects of fast fading and decrease short-term fluctuations in the collected data. This process generally aids in making more informed radio resource management decisions that necessitate a comprehensive understanding of channel conditions, such as handover procedures. Correspondingly, the L3 filtering equation combines historical data with current measurements to create a refined representation of channel conditions. 
Since L3 measurement relies on filtering of L1 measurements, the AI/ML for NR air interface study can be utilized for enhancing mobility by extending L1 beam measurements from the serving cell to the neighboring cell.
Proposal 3: Begin exploring the potential of utilizing AI/ML in the NR air interface for mobility through an extension of L1 beam measurement.
To fully grasp the advantages of AI/ML assisted mobility, it is important to evaluate the performance improvements and complexities, both in terms of model and computational aspects, in comparison to traditional non-AI/ML mobility methods.
Proposal 4: Performance and complexity of AI/ML based mobility algorithms should be compared with traditional non-AI/ML methods. 

Also, the additional signaling overhead and latency associated with AI/ML-enhanced mobility, compared to the legacy mobility framework and its specification impact, must be considered.

Proposal 5: RAN2 to study signalling overhead and latency associated with AI/ML-aided mobility. 

Multiple Measurements from multiple target cells

The recently introduced SI [2] will be focused on evaluating potential benefits and gains of AI/ML aided mobility for network triggered L3-based handover. Moreover, UE-side and network-side AI/ML models are to be considered, however, the handover decision is agreed to always be made at the network side. In a basic L3 HO scenario, it is common for at least one target cell to be configured for UE measurements. However, during the preparation of the handover, the UE can be configured with multiple handover target cells that are potential options for a future HO selected by the gNB. UE can be configured in one or more configurations that are enabled for AI/ML handover prediction. This AI/ML configuration may be more relaxed compared to traditional handover configurations. After configuring the UE with various potential target cells, the UE conducts measurements such as L1-RSRP, L3-RSRP, RSRQ, etc. on the neighboring cells. It may also measure multiple beams of potential cells. The UE then reports these measurements to the currently connected gNB, which uses this information to select a beam for the target cells. Alternatively, the UE can utilize an AI/ML model to predict the target cell and send the output of the model to the gNB. 

[bookmark: _Int_xNH2oEMX]Also, AI/ML model can be used to improve the neighboring cell measurements e.g., enhance the accuracy of the measured parameters. The gNB can then issue a handover command to the UE specifying the cell it should transition to based on the AI/ML model. Knowing prediction information can enhance handover and RRM performance through proactive measures for better decision-making and event prevention e.g., ping-pong effect, HOF, RLF, too early or too late handover etc.


Proposal 6: Study multiple HO candidates for AI/ML improved network triggered L3-based handover.

Conclusion
In this contribution, we have the following proposals:
Proposal 1: Utilize AI/ML techniques to predict the signal strength of the neighboring cell to reduce the overhead and minimize the performance degradation.

Proposal 2: Utilize AI/ML algorithms to minimize the measurement gap in inter-frequency handover scenarios.

Proposal 3: Begin exploring the potential of utilizing AI/ML in the NR air interface for mobility through an extension of L1 beam measurement.

Proposal 4: Performance and complexity of AI/ML based mobility algorithms should be compared with traditional non-AI/ML methods.

Proposal 5: RAN2 to study signalling overhead and latency associated with AI/ML-aided mobility.

Proposal 6: Study multiple HO candidates for AI/ML improved network triggered L3-based handover.
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