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1	Introduction
Based on the offline and online discussion in RAN#101 meeting, the potential bullets to be further discussed for Rel-19 AI/ML based mobility are listed below [1]:
	· Type of mobility
· L3-based mobility and L1/L2-triggered mobility (LTM) are both considered
· HO optimization in Network side [/UE side], including 
· Candidate/target cell prediction in L3-based mobility, or, candidate/target beam(s) and cell(s) prediction in LTM
· RRM measurement and event prediction, including
· Beam-level measurement prediction
· Cell-level measurement prediction, e.g., using intra-frequency measurement results to forecast the RRM measurement of inter-frequency/inter-RAT cells
· HO failure/RLF prediction
· Measurement events prediction
· LCM framework and others
· The conclusions in Rel-18 AI/ML study should be used as baseline
· Other impacts are further studied
· [UE RRM enhancement, RAN4] 
· Note 1: no intention to change the existing framework for the mobility under connected mode
· Note 2: In the SID, target performance metrics and impacts should be clarified
· Note 3: Avoid overlap work with RAN3


From the summary, 2 use cases with 6 sub-use cases are raised and we bold them explicitly. Other lines are clarification, limitation, or common consideration.
Further discussion on detailed objectives/tasks shall be carried out for the final approval of the SI at RAN#102 meeting, with respect to re-/down-/up-scoping for each individual objective. Therefore in this contribution, we would like to share our views on SI management and the potential use cases for Rel-19 study.
2	Considerations on (sub-) use cases
2.1 HO optimization
2.2.1 Candidate/target cell prediction in L3-based mobility
Candidate/target cell prediction is one of the most significant use cases for AI/ML based mobility.
During UE high-speed motion in legacy, the RSRP of the neighbour cell may become better than the serving cell in a short period of time. UE may perform handover to the neighbour cell and then get back quickly to the last serving cell, i.e., ping-pong handover occurs. 
With RRM prediction, UE can derive predictive measurement results of serving cell and neighbour cells for a period of time in the near future based on previous measurements, so that the HO decision could be made in advance based on multiple predicted results, which can increase the HO robustness and lengthen Time of Stay. The inefficient HOs are reduced due to short-sighted decisions to improve UE throughput and quality of service. Using AI/ML based mobility can also reduce measurement cost and signalling overhead to enhance reliability for mobility handling.
Based on the predictive RRM, unintended handover such as handover failures or unnecessary handovers can be avoided as much as possible. This benefit can be applied for both basic HO and CHO, but since this is the first release to study the AI/ML based mobility, the UE-side model for HO optimization could be postponed and only focus on the NW-side model for HO optimization.
Simulation evaluation
We simulated the accuracy of candidate target cells during UE handovers across cells.
The system-level simulation platform is built based on TR38.901. The main simulation assumptions are as follows:
Table1 Simulation Assumption
	Parameter
	Values or assumptions

	Network Topology
	57 cells with ISD-500m; 19 sites, 3 sectors/cells per site

	Channel Model
	UMa

	Carrier Frequency/BW
	2GHz/10MHz

	SCS
	15KHz

	Antenna
	gNB (8, 8, 2, 1, 2); UE (1, 1, 2, 1, 1)

	BS height
	25m

	UE height
	1.5m

	BS transmit power
	41dBm


The basic AI/ML simulation parameters are:
· AI model: LSTM;
· Training dataset: RSRP from system-level simulation platform and location/path from public dataset;
· Input: Previous RSRP of all cells (using time-domain samples as observation window, interval = 1 second);
· Output: Predict RSRP of all cells (Prediction window, interval = 1 second).
· Simulation 1: Predicated RSRP of cells w.r.t. observation/prediction window length
[bookmark: OLE_LINK17][bookmark: OLE_LINK18]Table2 is shown the simulation results of time-domain AI/ML inference, based on different observation/prediction window lengths. We simulate the predicted RSRP of all cells from previous measurement (Observation Window), and the accuracy of the predicted best cell is calculated based on the difference of best cell (with highest RSRP) between predicted result and system-level simulated result. RSRP-Differ is the average of the absolute values of all RSRP differences, in which the RSRP difference is the difference between the predicted RSRP value and the system-level simulated RSRP value. RMSE is the Root Mean Square Error between predicted RSRP values and system-level simulated RSRP values. 
Table2 Simulation Results of different Observation/Prediction windows
	Set No.
	Observation Window Length (s)
	Prediction Window Length (s)
	[bookmark: OLE_LINK19][bookmark: OLE_LINK20]Accuracy of the predicted best (candidate) cell
	RSRP-Differ (dB)
	RMSE

	1
	3
	1
	97.41%
	0.586
	0.95

	2
	3
	3
	94.48%
	1.002
	1.49

	3
	5
	1
	97.65%
	0.547
	0.92

	4
	5
	3
	94.91%
	0.981
	1.48

	5
	5
	5
	90.65%
	1.234
	1.87

	6
	10
	10
	85.8%
	1.551
	2.42
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Figure1 CDF of RSRP-Differ for different observation/prediction window length Sets
From the simulation results, we observe that:
· For same prediction window length, the accuracy of the predicted best (candidate) cell can only be slightly increased with the lengthening of the observation window. This is because although lengthening the observation window can increase prediction accuracy, the LSTM model has "memory" to connect between different samples e.g. outside the observation window;
· The accuracy of the predicted best (candidate) cell will decrease with the increase of the prediction window length. This means that reducing the e.g. length of measurement gap and using predicted results instead of measured values will lead to prediction accuracy decrease. There is a trade-off between reducing measurement time overhead and maintaining result accuracy.
· Simulation 2: Predicted best (candidate) cell w.r.t. different UE speeds
Another simulation is the best (candidate) cell prediction based on different UE speeds. In this simulation, a typical observation window length with 3 seconds and prediction window length with 1 second are used:
Table3 Simulation Result of different UE speeds
	[bookmark: _Hlk152242658]UE speed v (km/h）
	v<=3
	3 < v <=15
	15 < v <= 30
	30 < v <= 45
	45 < v <= 60
	v > 60

	Accuracy of the predicted best (candidate) cell
	98.54%
	96.7%
	96.29%
	95.48%
	92.65%
	89.36%
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Figure2 Accuracy of the predicted best (candidate) cell of different UE speeds
From the simulation results, we observe that the accuracy of the predicted best (candidate) cell will decrease with the increasing UE speed. For low-speed UEs, it is easier to obtain best cell prediction results that meet the accuracy requirements through time-domain prediction.
The simulation results above show that the candidate/target cell prediction in L3-based mobility has reasonable RMSE and the AI/ML could achieve high prediction accuracy regarding the candidate/target cell prediction in L3-based mobility.
Observation 1: AI/ML could achieve high prediction accuracy regarding the candidate/target cell prediction in L3-based mobility.
According to the summary in [1], the intention of this study item is not to change the existing framework for the mobility under connected mode, i.e., UE is not allowed to autonomously determine and HO to the target cell. Thus, the cell prediction can be performed only at network side. Regarding to the intra-frequency and inter-frequency cell prediction, we think both can be considered. Intra-frequency cell prediction can be as a starting point.
In Rel-18, cell-based UE trajectory prediction has been studied and specified in RAN3 AI for NG-RAN WI. Cell-based UE trajectory prediction can be used for the Mobility Optimization use case, which is similar with this AI/ML based candidate cell prediction in L3-based mobility. Therefore, during the study phase, we need to avoid the overlap work with RAN3 and identify the additional issues, e.g., data collection and LCM procedures.
Based on analyse, we are positive to study the AI/ML based candidate cell prediction in L3-based mobility with the limitation below:
· Both intra/inter-frequency cell prediction can be considered and intra-frequency cell prediction can be as a starting point;
· Cell prediction can be performed only at network side;
· Avoid the overlap work with RAN3 AI for NG-RAN.
Proposal 1: Study AI/ML based candidate cell prediction in L3-based mobility with the below assumptions:
· Both intra/inter-frequency cell prediction can be considered and intra-frequency cell prediction can be as a starting point;
· Cell prediction can be performed only at network side;
· Avoid the overlap work with RAN3 AI for NG-RAN.
2.2.2 Candidate/target beam(s) and cell(s) prediction in LTM
LTM (L1/L2-Triggered Mobility) is introduced in Rel-18. LTM can reduce the HO interruption based on quick beam measurement result, but meanwhile ping-pong HO rate may be increased due to frequent HO based on variable channel condition of the beams. Using AI/ML can predict the RSRP trend of the beam/Top-K beam(s)/cell to avoid unnecessary/incorrect HO, and to achieve a balance between reducing handover interruption time and minimizing ping-pong HO rate.
Since CHO has not been agreed in LTM in Rel-18, we support to study only beam/cell(s) prediction for HO optimization in the context of LTM. The intention of this study item is not to change the existing framework for the mobility under connected mode. Thus, we prefer the cell prediction can be performed only at network side. Regarding to the intra-frequency and inter-frequency beam/cell prediction, we think both can be considered. Intra-frequency beam/cell prediction can be as a starting point.
And since in Rel-19, RAN3 AI for NG-RAN may also study the per-SSB-beam-level UE trajectory prediction, we also need to avoid the overlap work with RAN3 AI for NG-RAN.
Proposal 2: Study AI/ML based candidate/target beam(s) and cell(s) prediction in LTM with the below assumptions:
· Both intra/inter-frequency beam/cell prediction can be considered and intra-frequency beam/cell prediction can be as a starting point;
· Beam/cell prediction can be performed only at network side;
· Avoid the overlap work with RAN3 AI for NG-RAN, if per-SSB-beam-level UE trajectory prediction is supported in RAN3 Rel-19 AI for NG-RAN. 
2.2 RRM measurement and event prediction
[bookmark: OLE_LINK7][bookmark: OLE_LINK8]2.2.1 Beam-level measurement prediction
For Beam-level measurement prediction, intra-cell beam prediction could be covered by RAN1 AI/ML BM use case, and in RAN2 only the across cells scenarios for mobility purposes should be considered:
· [bookmark: OLE_LINK5][bookmark: OLE_LINK6]Understanding 1: To predict the time-domain RSRP trend of the beam/Top-K beam(s), both UE and network could perform inference based the input of measurement result. And the network side beam prediction may have some overlap with the sub-use case of “Candidate/target beam(s) and cell(s) prediction in LTM” (sub-) use case in above;
· Understanding 2: To predict the spatial-domain beam level RSRP measurement based on part of the beam level measurement result. But we think it can only be performed intra-cell, and no spatial-domain beam prediction across cells is needed;
· Understanding 3: To predict the frequency-domain beam level RSRP measurement, the historic beam level measurement results of intra-frequency (including serving cell) and inter-frequency could be collected for training, and to forecast the beam level RRM measurement of inter-frequency from the RRM measurement of intra-frequency cell.
So expect for the spatial-domain beam prediction which cannot be performed across cells, the time-domain RSRP trend and the frequency-domain RSRP prediction can be considered. But since this is the first release to study the AI/ML based mobility, we prefer postponing the study of frequency-domain RSRP prediction and only focusing on the beam level time-domain RSRP prediction across cells in this use case for Rel-19 study (i.e. study with Understanding1 only). If there were interests in other dimensions, at least the time-domain RSRP prediction should be taken as the starting point.
Proposal 3: The scope of Beam-level measurement prediction study could focus on beam level time-domain RSRP prediction across cells using network-sided or UE-sided model as a starting point.
2.2.2 Cell-level measurement prediction
For Cell-level measurement prediction, two possible aspects could be considered from our perspective:
· Understanding 1: To predict the time-domain RSRP trend of the cell, both UE and network could perform inference based the input of measurement results. And the network side cell prediction may have some overlap with the sub-use case of “Candidate/target cell prediction in L3-based mobility” (sub-) use case;
· Understanding 2: To predict the frequency-domain cell level RSRP measurement, e.g., using intra-frequency measurement results to forecast the RRM measurement of inter-frequency/inter-RAT cells;
But for understanding 1, the time-domain cell-level measurement prediction at network side may have some overlap with the L3 cell prediction use case since the cell prediction is also based on time-domain RRM measurement results, so we suggest further clarifying the fundamental difference between “Cell-level measurement prediction” and “Cell prediction”.
Proposal 4: Cell-level measurement prediction using network-sided or UE-sided model could be studied from the aspects of:
· Time-domain measurement prediction, avoiding the overlap work with Candidate/target cell prediction in L3-based mobility;
· Frequency-domain measurement prediction.
2.2.3 HO failure/RLF prediction
[bookmark: _GoBack]One of root causes of the HO failure is that the mobility decision is typically based on the latest available radio link quality in the legacy HO framework. If there is a quality gap between the present and the future, the possibility of the handover failure is increased, e.g., handover to a wrong cell. Also, one of the root causes of the RLF is too-late handover.
Two possible aspects may be considered for this (sub-) use case:
· Understanding 1: Time domain prediction for RLF/HOF avoidance
· For RLF prediction, consecutive out-of-sync in RLM monitoring could be predicted in advance, and the UE could send an "SOS signal" for the possible failure in the future to the network, together with the predict RRM measurement result of serving/neighbouring cells, and then wait for e.g. HO command;
· For HOF prediction, since HOF is triggered based on T304 expire, many reasons may result in HOF. If HOF is due to the bad signal, the use case of “Candidate/target cell prediction” based on RRM measurement in above can be relied upon to reduce the HOF rate, so we think the HOF prediction can be considered inside the “Candidate/target cell prediction” use case.
· Understanding 2: Failure recovery prediction
· If the failure cannot be avoided, the UE will initiate re-establishment procedure based on the suitable found recovery cell;
· UE could predict the recovery cell before or at the failure occurs, and the recovery may be initiated at the earliest possible time it can be performed.
For understanding 1, we think HOF prediction due to bad signal is included in the use case of “Candidate/target cell prediction” since both of them are based on RRM measurement prediction. And if we can predict the best candidate/target cell by AI/ML method, the RLF/HOF could be avoided due to the correct and time-accurate handover decision. 
And for understanding 2, it is the recovery operation after failure occurs, therefore we could only perform such prediction after a “real” failure occurs. We consider it as a rare case if we have prefect RRM measurement/cell prediction by AI/ML.
Proposal 5: Clarify the necessity and the study area scope of the HO failure/RLF prediction use case; otherwise this use case should be deprioritized.
2.2.4 Measurement events prediction
For “measurement events”, we think only the measurement events of “eventAx/eventBx” defined in TS38.331 could be included. And other events such as too-early HO, ping-pong HO, short-stay HO are not in the considered scope of this (sub-) use case.
There are two understandings from our view:
· Understanding 1: Measurement event prediction refers to how to trigger measurement event soon (e.g., A1, A2, A3 etc.) by UE, e.g. whether the measurement RSRP can stably exceed the handover threshold in the future period (TTT) for an advanced measurement report/handover preparation (synchronization to the target cell, parameter configuration in advance);
· Understanding 2: Measurement event prediction refers to predict the appropriate measurement event (e.g. event types, threshold values) configured to UE by the network.
We think the motivation of this use case is not very clear yet, so both intention and the study area scope need to be further clarified. We prefer to first focus on the understanding 1: To predict whether the measurement RSRP can stably exceed the handover threshold during TTT. But this intention seems also have some overlap with the use cases above since it is also based on time-domain RRM measurement prediction.
[bookmark: OLE_LINK11][bookmark: OLE_LINK12]Proposal 6: Measurement events prediction could be studied from the aspect of:
· To predict whether the measurement RSRP can stably exceed the handover threshold during TTT by UE for e.g. an advanced measurement report/handover preparation.
3	About Simulation Evaluation
At a high level, we believe that it is useful to evaluate a sufficient number of use cases to better understand the potential for introducing and standardizing AI/ML based mobility.
Since there is no simulation/calibration for NR mobility, it’s hard to calibrate the baseline target for AI/ML based mobility evaluation among companies, especially for e.g. LTM. During the SI of AI/ML for mobility, the target performance metrics and simulation assumptions can be discussed and defined. Companies are encouraged to show the conducted simulation results based on the defined simulation metrics and assumptions. The simulation results can be captured in the final TR for information.
Alternatively, we can also carry out evaluations based on theoretical/numerical analyses without necessarily depending on simulations e.g. to evaluate all scenarios with method similar to RAN3 AI for NG-RAN, from various different dimensions, such as:
· Performance gain, due to e.g. less HO interruption, lower handover failure rate;
· Power saving, due to e.g. less measurement (gap).
Proposal 7: Companies are encouraged to give the simulation evaluations which are based on the defined target performance metrics and simulation assumptions. It is no need to calibrate the simulation results among companies. Evaluation based on theoretical/numerical analyses from various dimensions (e.g. Performance gain, power saving) w/o simulation could also be considered.
4	About RAN4 workload and UE RRM measurement
For LCM framework, it is assumed that the conclusions in Rel-18 AI/ML study should be used as baseline. In RAN1 SI of AI/ML for NR Air Interface [2], the bullet involving RAN4 is:
	· Interoperability and testability aspects, e.g., (RAN4) - RAN4 only starts the work after there is sufficient progress on use case study in RAN1 and RAN2
· Requirements and testing frameworks to validate AI/ML based performance enhancements and ensuring that UE and gNB with AI/ML meet or exceed the existing minimum requirements if applicable
· Consider the need and implications for AI/ML processing capabilities definition


The evaluation by RAN4 can only be started after there is sufficient progress on use case study. And in the RAN4#109 meeting, the approved content for TR38.843 is provided in [3], the section 7.4 is divided into common framework part and other 3 parts per use case. Therefore for RAN2 AI/ML based mobility SI, for common framework we think the whole section 7.4.2 in TR38.843 could be used as baseline, and the mobility specific (sub-) use cases in RAN2 could have new requirements/test metrics defined by RAN4.
Proposal 8: For Interoperability and testability aspects, considering the common part (section 7.4.2) in TR38.843 as baseline, and define new requirements/test metrics for the mobility specific (sub-) use cases by RAN4.
But for UE RRM enhancement, it is a very broad concept. RAN4 has done several versions of RRM enhancements, including enhancements in different directions. Therefore it is not proposed to include UE RRM enhancement in RAN2 AI/ML study item since the motivation and the scope is not clear. A separate study item for AI/ML based UE RRM enhancement could be conducted within the RAN4 Working Group.
Proposal 9: Do not include RAN4 RRM enhancement in this AI/ML based mobility study item.
5	Conclusions
[bookmark: OLE_LINK2][bookmark: OLE_LINK1]For Rel-19 AI/ML based mobility, we have some views on the general aspects and some detail analysis on the (sub-) use cases, and the following observations and proposals are made:
Considerations on (sub-) use cases
Observation 1: AI/ML could achieve high prediction accuracy regarding the candidate/target cell prediction in L3-based mobility.
Proposal 1: Study AI/ML based candidate cell prediction in L3-based mobility with the below assumptions:
· Both intra/inter-frequency cell prediction can be considered and intra-frequency cell prediction can be as a starting point;
· Cell prediction can be performed only at network side;
· Avoid the overlap work with RAN3 AI for NG-RAN.
Proposal 2: Study AI/ML based candidate/target beam(s) and cell(s) prediction in LTM with the below assumptions:
· Both intra/inter-frequency beam/cell prediction can be considered and intra-frequency beam/cell prediction can be as a starting point;
· Beam/cell prediction can be performed only at network side;
· Avoid the overlap work with RAN3 AI for NG-RAN, if per-SSB-beam-level UE trajectory prediction is supported in RAN3 Rel-19 AI for NG-RAN. 
Proposal 3: The scope of Beam-level measurement prediction study could focus on beam level time-domain RSRP prediction across cells using network-sided or UE-sided model as a starting point.
Proposal 4: Cell-level measurement prediction using network-sided or UE-sided model could be studied from the aspects of:
· Time-domain measurement prediction, avoiding the overlap work with Candidate/target cell prediction in L3-based mobility;
· Frequency-domain measurement prediction.
Proposal 5: Clarify the necessity and the study area scope of the HO failure/RLF prediction use case; otherwise this use case should be deprioritized.
Proposal 6: Measurement events prediction could be studied from the aspect of:
· To predict whether the measurement RSRP can stably exceed the handover threshold during TTT by UE for e.g. an advanced measurement report/handover preparation.
About Simulation Evaluation
Proposal 7: Companies are encouraged to give the simulation evaluations which are based on the defined target performance metrics and simulation assumptions. It is no need to calibrate the simulation results among companies. Evaluation based on theoretical/numerical analyses from various dimensions (e.g. Performance gain, power saving) w/o simulation could also be considered.
About RAN4 workload and UE RRM measurement
Proposal 8: For Interoperability and testability aspects, considering the common part (section 7.4.2) in TR38.843 as baseline, and define new requirements/test metrics for the mobility specific (sub-) use cases by RAN4.
Proposal 9: Do not include RAN4 RRM enhancement in this AI/ML based mobility study item.
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