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1. Introduction
At the RAN 102 meeting, a new SID [1] on ‘Study on Artificial Intelligence (AI)/Machine Learning (ML) for mobility in NR’ was approved. Some of the objects are shown below:
	...
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]
...


In this contribution, we’d like to discuss the RRM measurement prediction in terms of simulation model, use case and corresponding KPI.
2. Discussion
2.1 Usage of RRM measurement prediction
Currently, the UE performs RRM measurements based on network’s configuration, based on the UE requirements defined in RAN4 spec, no matter of intra-freq or inter-freq measurements, the UE is supposed to detect and measure serving and neighbor cells periodically and sends measurement report to network, the network then triggers handover based on the received measurement report. Considering measurement accuracy and test cases are well specified in RAN4 spec. in real deployment, at least for FR1-FR1, the handover successful rate is already good enough in most cases.
For AI/ML based RRM measurement prediction, the intention is to predict the measurement results without actual measuring it. However, no matter of which use case (spatial-domain, freq-domain or temporal-domain), we have to admit that it is impossible to reach 100% measurement prediction accuracy, and the wrong predicted measurement results may influence handover performance (e.g. HO success rate). So, in our understanding, the main usage of RRM measurement prediction is not to improve handover performance, but to reduce UE measurement efforts as much as possible, because with AI/ML, the UE is not required to detect measure all beams/cells/frequencies. Furthermore, if measurement gap can be avoided, the UE throughput can also be improved. 
Proposal 1: In the study of RRM measurement prediction, aim to reduce UE measurement efforts without affecting the handover performance (e.g. HO success rate).
2.1 Model of cell measurement prediction 
The existing measurement model defined in TS 38.300 is shown in Fig. 1. The UE averages the measurement results of one or more beams to derive the cell quality. 

Fig.1 Measurement model
Observation 1: In the existing measurement model, the L1-filtered beam level measurement results are used to generate cell level measurement results. L3-filtered beam level measurement results are reported to network to facilitate the target cell to select RACH resource.
[bookmark: _GoBack]Therefore, regarding cell level measurement prediction, one possible way is that the UE/network predicts beam level measurement results first, then generate cell level measurement results based on predicted Top N beam results. In this way, we can use the simulation platform for AI-PHY beam management as much as possible, which can reduce our simulation work. The prediction model is shown in the Fig .2.
· Case 1: To predict beam level results, then generate cell level results based on the predicted beam results;

 
Fig.2 Beam level prediction --> cell level prediction
In this case, the main motivation of beam level measurement prediction is not limited to RACH resource selection in target Cell, but also cell level measurement prediction. Therefore, compared with point E in the Fig. 1, we need to focus on the beam level results obtained at point A1. In other words, no need to consider L3 beam filtering in the beam level measurement prediction for AI-mobility.
In addition to cell level measurement prediction based on predicted beam results, the UE/network also can predict cell level results based on the cell level results, as shown in Fig. 3:
· Case 2: To directly predict cell level results based on cell level results;

 
Fig.3 Direct cell level prediction
Compared with cell results prediction based on predicted beam results, direct cell level prediction may bring better performance benefit in FR1, since the number of beams within one cell in FR1 is limited. Of course, this needs to be verified by simulation evaluation. In our view, both Case 1 and Case 2 should be studied.
Proposal 2: For cell level measurement prediction model, 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.
Proposal 3: For beam level measurement prediction in AI-mobility, no need to consider L3 beam filtering.
2.2 Use case
Similar to AI-PHY beam management, both spatial domain prediction and temporal-domain prediction can be considered in the RRM measurement prediction. Besides, frequency domain prediction also needs to be considered. In this subsection, we discuss these three use cases in detail.
2.2.1 Spatial domain prediction
The main motivation of spatial domain prediction is to reduce the number of actual measured beams or cells. Depending on whether the measurement results of AI input and AI output are from the same cell, the spatial domain measurement prediction can be further divided into two cases:
· Case 1: same cell prediction;
· Case 2: different cell prediction.
For Case 1, the UE/network predicts the beam results of a cell based on smaller set of beams in the same cell, similar to AI-PHY beam management BM-case 1. The only difference is that the prediction is extended to neighbour cell. But from UE’s perspective, the UE is still required to measure serving cell/all neighbor cells, just the measured number of beams can be reduced. The model is shown in the Fig. 4:

Fig. 4: Spatial domain measurement prediction within the same cell
Observation 2: Spatial domain measurement prediction within the same cell reduces the number of measured beams, but not reduce the measured number of cells.
For Case 2, the UE/network predicts the measurement results of one neighbour cell based on measurement results of other cell(s). In this way, the measured number of cells can be reduced, which can reduce UE’s measurement effort. The spatial domain prediction among different cells model is shown in Fig. 5:


Fig. 5: Spatial domain measurement prediction among different cells
Observation 3: Spatial domain measurement prediction among different cells reduces the number of measured cells.
Proposal 4: For spatial domain measurement prediction, consider the following cases:
· Case 1: To predict beams results of a cell based on smaller set of beams in the same cell;  
· Case 2: To predict measurement results of a cell based on the measurement results of other cell(s).
2.2.2 Frequency domain prediction
Frequency domain measurement prediction means the UE/network predicts the measurement results of one cell based on the measurement results of other cell(s) in the different frequency. The frequency domain measurement prediction model is shown below:


Fig. 6: Frequency domain measurement prediction model
The motivation of frequency domain prediction is to predict inter-freq neighbor cells based on the measurement results of intra-freq cell(s), so the UE can measure less frequencies, and measurement gap can be avoided, not only UE’s measurement effort can be reduced, but also UE’s throughput can be improved. Even with the same measurement pattern (i.e. the measurement gap is not changed), the measurement periodicity for other measured frequency can be shortened, which makes the network responses channel quality change more rapidly. 
In the Annex, we provide some initial simulation results for frequency domain prediction, for both FR1-FR1 and FR2-FR2 inter-frequency prediction, compared with same cell spatial domain beam-level prediction, RSRP difference of inter-freq prediction could be 1dB larger but the accuracy of Top-2 beam is even better. Therefore, we think inter-freq prediction should be considered as the same priority as intra-freq prediction. 
Observation 4: The frequency domain measurement predication can bring the following benefits:
· Reduce UE measurement effort;
· Improve UE throughput 
· Shorten the measurement periodicity for other measured frequencies.
Proposal 5: Inter-freq measurement prediction is considered the same priority as intra-freq measurement prediction.
Depending on the frequency range of Cell A and Cell B and the deployment, the frequency domain measurement prediction can be divided into the following cases:
· Case 1: To predict the cell B in the FR1 based on the measurement results of cell A in the FR1:
· Case 1.1: in co-located scenario
· Case 1.2: in HetNet scenario
· Case 2: To predict the cell B in the FR2 based on the measurement results of cell A in the FR2:
· Case 2.1: in co-located scenario
· Case 2.2: in HetNet scenario
· Case 3: To predict the cell B in one frequency range (i.e. FR1 or FR2) based on the measurement results of Cell A in another frequency range:
· Case 3.1: in HetNet scenario
Based on current deployment, FR1 SA inter-frequency cells are usually deployed co-located, same as for FR2-FR2 inter-frequency cells. While, case 3 is mainly deployed in the HetNet scenario, but FR1-FR2 handover is not a typical use case in the field. Also considering the difficulty of building the HetNet scenario in simulation platform, , we suggest to prioritize case 1.1 and case 2.1 first. Case 3 can be studied later. 
Proposal 6: For frequency domain measurement prediction, following cases are considered as high priority:
· FR1-FR1 inter-band prediction in co-located scenario;
· FR2-FR2 inter-band prediction in co-located scenario.

2.2.3 Temporal domain prediction
Temporal domain prediction means the UE/network predicts measurement results of one cell based on the historical measurement results. In this case, we can reuse the Case A/B/B+ of the AI-PHY beam management BM-Case 2, as shown in the Fig.7: 


Fig 7: Case A, Case B and Case B+ of AI-PHY BM-Case 2
Proposal 7: For temporal domain measurement prediction, the AI-PHY beam management Case A, Case B and Case B+ can be considered as baseline.
Compare with Rel-18 beam management, for mobility purpose, temporal domain prediction can be considered for both serving cell and neighbor cells. Depending on which cell to perform prediction on, the temporal domain prediction can be divided into:
· Case 1: To predict measurement results of serving cell based on the historical measurement results of the serving cell;
· Case 2: To predict measurement results of one neighbour cell based on the historical measurement results of the same neighbour cell
In the existing mobility framework, event A3/A5 are usually used to trigger handover, which evaluate the measurements results of both serving cell and neighbour cell. Therefore, both case 1 and case 2 need to be considered. On the other hand, since serving cell and neighbor cell may be predicted separately, it is also possible to use separate model for them. For instance, Case A for serving cell and Case B+ for neighbour cells, but this can be further studied.
Proposal 8: For temporal domain prediction, both serving cell and neighbor cell measurement results prediction should be considered at the same time, but whether the same model must be used can be further studied. 

2.3 KPI
In theory, for RRM measurement prediction, instead of evaluating the reduction of measurements, it would be good to see the potential impact on handover performance, such as handover successful rate, ping-pong rate, etc. However, if we intend to monitor the handover results, then in system-level simulation, both measurement event evaluation and handover model (such as sending HO CMD, performing RACH) should be considered. This is quite different from Rel-18 AI-based beam management, because it requires continuous AI prediction which requires extreme longer simulation time and stronger computing capability, and the date set should be updated in order to compare AI and non-AI cases. 
Observation 5: To evaluate of handover performance of RRM measurement prediction, both measurement event evaluation and handover procedure model should be considered, this requires huge work in simulation. 
So, we suggest to split the the evaluation of performance metrics/KPI into two phases, and different performance metric are monitored at different phases, as shown in Fig. 8. 


Fig.8: simulation evaluation process
In phase 1, companies mainly focus on the accuracy of predicted measurement results (similar to Rel-18 AI based beam management) and UE measurement reduction, the detailed metrics includes. 
· Prediction accuracy of RSRP:
- The CDF of RSRP difference for top-1 cell
- The CDF of RSRP difference for top-1 beam
- The average difference between the ideal RSRP value of Top-1 predicted cell and the ideal RSRP value of the Top-1 genie-aided cell
- The average difference between the ideal RSRP of Top-1 predicted beam and the ideal RSRP of the Top-1 genie-aided beam
· Prediction accuracy of Top K:
- Top-1 (%): the percentage of "the Top-1 genie-aided cell is Top-1 predicted cell"
- Top-K/1 (%): the percentage of "the Top-1 genie-aided cell/beam is one of the Top-K predicted cell"
- cell prediction accuracy with 1 dB margin for Top - 1 cell
- Top-1 (%): the percentage of "the Top-1 genie-aided beam is Top-1 predicted beam"
- Top-K/1 (%): the percentage of "the Top-1 genie-aided beam is one of the Top-K predicted beams"
- beam prediction accuracy with 1 dB margin for Top - 1 beam
· UE measurement reduction:
- reduced number of measured frequencies/cells/beams; 
- reduced number of measurement occasions, or extended measurement periodicity; 
During phase 1, companies can discuss and compare the prediction accuracy of different models in different use cases, after sufficient progress of phase 1, the simulation platform can be ready for further study measurement event prediction and evaluate HO related KPI in the phase 2, including:
· Measurement event prediction accuracy
- Event-triggered Cell prediction accuracy: the percentage of “predicted event-triggered cell is the actual event-triggered cell” ;
- the CDF of time difference between the predicted event-triggered time and actual event-triggered time;
· HO performance
- handover failure rate (e.g. too early handover, too late handover);
- Ping-pong rate;
Proposal 9: For RRM measurement prediction, split the simulation metrics evaluation into two phases:
· Phase 1: Focus on Prediction accuracy (e.g. RSRP difference, Top-K, Top-1); UE measurement reduction;
· Phase 2: Focus on Measurement event prediction accuracy; HO performance (e.g. HOF rate, Ping-pong rate).
Proposal 10: Phase 2 starts after achieving sufficient progress of Phase 1.
3. Conclusion and proposals
In this contribution, we have the following observations and proposals:
Observation 1: In the existing measurement model, the L1-filtered beam level measurement results are used to generate cell level measurement results. L3-filtered beam level measurement results are reported to network to facilitate the target cell to select RACH resource.
Observation 2: Spatial domain measurement prediction within the same cell reduces the number of measured beams, but not reduce the measured number of cells.
Observation 3: Spatial domain measurement prediction among different cells reduces the number of measured cells.
Observation 4: The frequency domain measurement predication can bring the following benefits:
· Reduce UE measurement effort;
· Improve UE throughput 
· Shorten the measurement periodicity for other measured frequencies.
Proposal 1: In the study of RRM measurement prediction, aim to reduce UE measurement efforts without affecting the handover performance (e.g. HO success rate).
Proposal 2: For cell level measurement prediction model, 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.
Proposal 3: For beam level measurement prediction in AI-mobility, no need to consider L3 beam filtering.
Proposal 4: For spatial domain measurement prediction, consider the following cases:
· Case 1: To predict beams results of a cell based on smaller set of beams in the same cell;  
· Case 2: To predict measurement results of a cell based on the measurement results of other cell(s).
Proposal 5: Inter-freq measurement prediction is considered the same priority as intra-freq measurement prediction.
Proposal 6: For frequency domain measurement prediction, following cases are considered as high priority:
· FR1-FR1 inter-band prediction in co-located scenario;
· FR2-FR2 inter-band prediction in co-located scenario.
Proposal 7: For temporal domain measurement prediction, the AI-PHY beam management Case A, Case B and Case B+ can be considered as baseline.
Proposal 8: For temporal domain prediction, both serving cell and neighbor cell measurement results prediction should be considered at the same time, but whether the same model must be used can be further studied. 
Proposal 9: For RRM measurement prediction, split the simulation metrics evaluation into two phases:
· Phase 1: Focus on Prediction accuracy (e.g. RSRP difference, Top-K, Top-1); UE measurement reduction;
· Phase 2: Focus on Measurement event prediction accuracy; HO performance (e.g. HOF rate, Ping-pong rate).
Proposal 10: Phase 2 starts after achieving sufficient progress of Phase 1.
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5. Annex
Initial simulation results for spatial-domain FR2 intra-freq prediction. 
Inputs: set B beams: 2*4; Outputs set A beams: 4*8; (the first 8 columns in below figure): 


Simulation results:
	Cases
	Beam prediction accuracy with 1dB margin for Top-1 beam
	Beam prediction accuracy for Top-1 beam
	Beam prediction accuracy for Top-2 beam
	Beam prediction accuracy for Top-4 beams

	Case 1: Same cell prediction—serving cell
	94.80 %
	90.13 %
	97.13 %
	99.13 %

	Case 2: Same cell prediction---serving cell+2 neighbour cells
	91.93 %
	85.80%
	94.13%
	98.27 %


 CDF of cell-level RSRP difference:
[image: Figure_1]
Initial simulation results of frequency-domain prediction. 
FR1: 4G->6G; UMA, SCS: 15kHz
FR2: 25G->35G; Dense Urban, 120kHz
	
	Cases
(beam level prediction)
	Beam prediction accuracy with 1dB margin for Top-1 beam
	Beam prediction accuracy for Top-1 beam
	Beam prediction accuracy for Top-2 beam
	Beam prediction accuracy for Top-4 beams

	Normal LOS rate
	FR1->FR1: beam level prediction (with cluster shadowing)
	87.64%
	80.96 %
	96.20%
	100.00%

	
	FR1->FR1: beam level prediction (w/o cluster shadowing)
	94.60 %
	87.78%
	98.40%
	100.00%

	
	FR2->FR2: beam level prediction (with cluster shadowing)
	 77.90% 
	72.85% 
	82.10 %
	90.35%

	
	FR2->FR2: beam level prediction (w/o cluster shadowing)
	88.40% 
	 81.95%    
	91.55%
	  96.60%

	LOS rate: 100%
	FR1->FR1: beam level prediction (with cluster shadowing)
	95.56 %
	92.22 %
	98.80 %
	100.00 %

	
	FR1->FR1: beam level prediction (w/o cluster shadowing)
	97.40 % 
	93.96 %
	99.32 %
	100.00 %

	
	FR2->FR2: beam level prediction (with cluster shadowing)
	98.10 %
	95.45 % 
	98.15 %
	 98.75 %

	
	FR2->FR2: beam level prediction (w/o cluster shadowing)
	 98.90 % 
	95.60 %
	98.70 % 
	99.35 %



CDF of cell-level RSRP difference (for direct cell-level prediction):
[image: Figure_1][image: Figure_1]
Figure 1 direct cell-level prediction (FR1-FR1, normal LOS rate)         Figure 2 direct cell level prediction (FR2-FR2, normal LOS rate)

[image: Figure_1][image: Figure_2]
Figure 3 direct cell-level prediction (FR1-FR1, LOS rate:1)             Figure 4 direct cell level prediction (FR2-FR2, LOS rate: 1)
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