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Introduction
[bookmark: OLE_LINK1][bookmark: OLE_LINK5][bookmark: OLE_LINK8]A study item of Study on AI (Artificial Intelligence)/ML (Machine Learning) for mobility in NR was approved in RAN#102 meeting [1] and revised in RAN#103 meeting [2]. In this contribution, we discuss the AI/ML based RRM measurement prediction for mobility in NR and present our views on scenario, sub-use case and metrics aspects.
Discussion
As mentioned in the SID, the study will focus on mobility enhancement in RRC_CONNECTED mode over air interface by following existing mobility framework, i.e., handover decision is always made in network side. Mobility use cases focus on standalone NR PCell change. UE-side and network-side AI/ML model can be both considered, respectively.
In RAN2#125bis meeting, following agreements about RRM prediction are made.
	Agreements
1	For cell level measurement prediction model, at least consider the following cases:
Case 1: To predict beam level results, then generate cell level results based on the predicted beam results; 
Case 2: To directly predict cell level results based on cell level results.
Case 3: To directly predict cell level results based on beam level results 
1 We will consider intra-frequency intra and inter-cell spatial domain measurement predictions, for beam and cell level measurements.  
2 For temporal domain measurement prediction, we will consider the AI-PHY beam management Case A and Case B from the RAN1 AI/ML PHY TR and it applies to both beam level and cell level.   As baseline we will focus on pure temporal predicition.  
3 The following items can be considered as a baseline for the prediction accuracy of the cell-level measurement prediction：
Spatial-domain prediction： RSRP difference to the actual measurement
Temporal prediction：RSRP difference to the actual measurement
measurement reduction rate as one KPI
4 As a first step we will focus on measurement prediction accuracy.  FFS whether and what system level performance evaluation is needed



In the following section, we discuss the RRM measurement prediction use case scenarios, sub-use cases and metrics respectively.
Scenarios and sub-use cases
Regarding the discussion on simulation assumption and evaluation methodology in former meeting, RAN2 has agreed to start evaluations on FR1-to FR1 and FR2-to-FR2. 
	Agreements to start evaluations 
· FR1-to-FR1
· Focus on intra-frequency in time domain prediction for the purpose of measurement reduction 
· Study inter-frequency scenario in terms of which scenarios can be studied without requiring new channel model and also resolving any simulation assumptions (if possible). 
· FR2-to-FR2
· Focus on intra-frequency
· Perform evaluation both in time and spatial domain



If we assume the agreements made for simulation are also useful for use cases discussion, based on the agreements we can draw the initial sub-use cases in the following table:
[bookmark: OLE_LINK2][bookmark: OLE_LINK3]Table 1. Initial sub-use cases for discussion
	
	Frequency domain prediction
	Finer granularity
	Restriction for evaluations

	Time domain prediction
	FR1-to-FR1
	intra-frequency
	Beam-level, cell level
	

	
	
	inter-frequency
	Beam-level, cell level
	without requiring new channel model

	
	FR2-to-FR2
	intra-frequency
	Beam-level, cell level
	

	Spatial domain prediction
	FR2-to-FR2
	intra-frequency
	Intra-cell, inter-cell
Beam-level, cell level
	 



Proposal 1: Confirm the agreements to start evaluations on FR1-to-FR1 and FR2-to-FR2 are also useful for sub-use cases discussion. At least sub-use cases definition should consider both FR1-to-FR1 and FR2-to-FR2 as baseline.
Proposal 2: Consider Table 1 as the baseline of the discussion on sub-use cases.
For FR1 deployment scenario, the handover success rate is generally high in practical. However in some typical scenarios there are problems such as high ping-pong HO rate or high handover rate with a short time of stay. Therefore, for FR1-to-FR1, we think that AI/ML can be used for RRM measurement prediction to enhance and improve the handover performance, such as ping-pong handover rate and HOF rate etc. Besides, in practical multi-carrier deployments are commonly used to guarantee the network performance and satisfy the UEs’ quality of service. UEs in multi-carrier deployment scenarios typically require much more measurements for RRM to perform handover. AI/ML can be introduced to perform RRM prediction and reduce the measurement gap, which can save UEs’ power. 
[bookmark: OLE_LINK6][bookmark: OLE_LINK7]For FR2 deployment scenario, millimetre wave (mmWave) has the potential to establish future communication systems due to its abundant bandwidth resources and high transmission rate. Because of its high frequency, the mmWave signal has the characteristics of short wavelength and is severely attenuated during transmission. The handover performance may be affected by high blockage and propagation loss. As the agreements have been made, FR2-to-FR2 handover have been considered as shown in Table 1. However, FR2 are usually deployed to provide high peak rate in hotspot areas with FR1 network deployed for a continuous coverage network layer. Then, heterogeneous network deployment is a typical scenario for FR2. Therefore, the handover case between FR1 and FR2 can also be considered. Since it is the case corresponding to both FR1 and FR2, only inter-frequency need be taken into account. Due to FR1-to-FR2 case may have uncontrollable evaluation work, and FR1-to-FR2 case may suffer high ping-pong rate and high rate of short-time-of-stay, it can be only used for analysing the additional specification impact regarding the progress on FR1-to-FR1 and/or FR2-to-FR2. Since the measurements gap reduction may need to have inter-frequency correlation. It is not very clear whether it may have the correlation between FR1 and FR2 due to the large bandwidth between them. We may study the FR1-to-FR2 case without the goal for measurement reduction.
Based on the discussion above, the study on AI/ML based mobility enhancement in NR should focus on the following two aspects:
(1) HO performance enhancement: ping-pong HO rate decrease, HOF rate decrease.
(2) Measurement reduction: measurement gap reduction, UE power saving.
Proposal 3: FR1-to-FR2 may not be excluded and only studies the specification impact based on the evaluation progress on FR1-to-FR1 and FR2-to-FR2. The study goal may only be HO performance enhancement with analysis due to high evaluation working load.
Proposal 4: The study on AI/ML based mobility enhancement in NR should focus on the following two aspects:
(1) HO performance enhancement
(2) Measurement reduction
For FR1-to-FR2 case, due to it may suffer high ping-pong rate and high short-time-of-stay rate, inter-frequency domain prediction can be considered for inter-cell both beam-level and cell-level. Since FR1-to-FR2 may not have valid inter-frequency correlation, spatial domain prediction for measurement reduction cannot be considered. Therefore, the suggested sub-use cases for discussion are listed below.
Table 2. Suggested sub-use cases for discussion
	
	Frequency domain prediction
	Finer granularity
	Restriction for evaluations

	Time domain prediction
	FR1-to-FR1
	intra-frequency
	Beam-level, cell level
	

	
	
	inter-frequency
	Beam-level, cell level
	without requiring new channel model

	
	FR2-to-FR2
	intra-frequency
	Beam-level, cell level
	

	
	FR1-to-FR2
	inter-frequency
	Inter-cell, beam-level, cell-level
	only for analysis the specification impact

	Spatial domain prediction
	FR2-to-FR2
	intra-frequency
	Intra-cell, inter-cell
Beam-level, cell-level
	


Proposal 5: Consider Table 2 as the sub-use cases for discussion.
1      
1.1     

Metrics
Based on the discussion about scenario and sub-use cases, proper metrics should be considered to reasonable evaluate the performance of AI/ML based mobility enhancement. Since we have analysed that AI/ML may be used to improve HO performance and/or reduce measurement gap compared with traditional methods. Following KPIs may be considered.
(1) Intermediate KPIs: e.g., prediction accuracy
(2) HO performance KPIs: e.g., ping-pong HO, HOF/RLF, short-time-of-stay rate
(3) Measurement reduction KPIs: e.g., overhead, latency, power.
In RAN2#125bis meeting, there is an agreement that as a first step we will focus on measurement prediction accuracy. FFS whether and what system level performance evaluation is needed. Therefore, the intermediate KPIs (e.g., measurement prediction accuracy) should be confirmed as baseline metric for performance evaluation. For other metrics mentioned above, it can be discussed based on the study goals separately.
For measurement reduction, obviously measurement reduction KPIs should be considered as baseline. Different metrics should be defined for the sub-use cases for spatial domain RRM prediction and time domain RRM prediction. In this case, the main study goal is measurement reduction, system-level performance can also be provided by companies.
For HO performance enhancement case, system-level metrics (e.g., ping-pong HO rate, HOF/RLF rate, short-time-of-stay rate) should be provided to demonstrate the technical feature effectiveness.
Therefore, we can summarize the metrics for different cases.
For all cases: RRM prediction accuracy is the baseline
For HO performance enhancement cases: HO performance should be considered
For measurement reduction cases: Measurement reduction KPI should be considered. HO performance can be provided by companies.
Proposal 6: The metrics for different sub-use cases can be different.
For all cases: RRM prediction accuracy is taken as the baseline
For HO performance enhancement cases: HO performance should be considered
For measurement reduction cases: Measurement reduction KPI should be considered. HO performance can be provided by companies.
Conclusions
In this contribution, we discuss the AI/ML based RRM measurement prediction for mobility in NR and present our views on sub-use cases and metrics aspects:
Proposal 1: Confirm the agreements to start evaluations on FR1-to-FR1 and FR2-to-FR2 are also useful for sub-use cases discussion. At least sub-use cases definition should consider both FR1-to-FR1 and FR2-to-FR2 as baseline.
Proposal 2: Consider Table 1 as the baseline of the discussion on sub-use cases.
Proposal 3: FR1-to-FR2 may not be excluded and only studies the specification impact based on the evaluation progress on FR1-to-FR1 and FR2-to-FR2. The study goal may only be HO performance enhancement with analysis due to high evaluation working load.
Proposal 4: The study on AI/ML based mobility enhancement in NR should focus on the following two aspects:
(1) HO performance enhancement
(2) Measurement reduction
Proposal 5: Consider Table 2 as the sub-use cases for discussion.
Table 2. Suggested sub-use cases for discussion
	
	Frequency domain prediction
	Finer granularity
	Restriction for evaluations

	Time domain prediction
	FR1-to-FR1
	intra-frequency
	Beam-level, cell level
	

	
	
	inter-frequency
	Beam-level, cell level
	without requiring new channel model

	
	FR2-to-FR2
	intra-frequency
	Beam-level, cell level
	

	
	FR1-to-FR2
	inter-frequency
	Inter-cell, beam-level, cell-level
	only for analysis the specification impact

	Spatial domain prediction
	FR2-to-FR2
	intra-frequency
	Intra-cell, inter-cell
Beam-level, cell-level
	


Proposal 6: The metrics for different sub-use cases can be different.
For all cases: RRM prediction accuracy is taken as the baseline
For HO performance enhancement cases: HO performance should be considered
[bookmark: _GoBack]For measurement reduction cases: Measurement reduction KPI should be considered. HO performance can be provided by companies.
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