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In RAN plenary # 102, the SID on AI mobility [1] is approved. The use case relevant objectives covered by 1st main bullet is as following:
· 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]

The objective text is rather simple without further detail description. This contribution intends to show our understanding on RRM measurement prediction.
Discussion
Study goal
The current handover scheme is mainly based on measurement report, which reflects what has happened before the network receives it. That’s why the legacy mobility mechanism is a sort of reactive scheme. One of the main motivations of this SID is to change such a reactive scheme to be proactive scheme i.e., some information, either measurement result or mobility event can be predicted in advance so that network can take some action in advance to enhance the mobility performance. Such purpose can be only achieved by prediction in time domain. For measurement event, network can trigger handover preparation procedure in network side earlier so that procedure between network nodes can be done before the proper time point to execute handover. Plus, in user plane data can be also forwarded earlier as such that delay of user plane can be saved. For unintended event it is only valuable when it can be predicted in advance and reported to network in order to avoid it by some alternative means.
Conclusion 1: 1st goal of the study is to enhance handover performance by predicting measurement result and measurement/unintended event in advance.
In theory the decent prediction accuracy on measurement result and/or mobility event can be achieved within a channel-coherence time interval. But the final length of the channel-coherence time interval is up to detail deployment scenario and UE specific situation e.g., UE’s location and/or speed etc. Because the benchmark is based on real measurement without any prediction, whose accuracy is not relevant to the length of prediction window, it could be expected that prediction accuracy could decrease along with prediction window. For case, where prediction window is relative short, instead of predicting mobility event, another goal is more important i.e. to keep the mobility performance from degrading while some measurement efforts could be saved. For RAN1’s study such RS/measurement reduction is one of the main goals to achieve. This goal should not be mixed with 1st goal i.e. mobility event is not expected to be predicted in advance when evaluating 2nd goal. On the other hand, when 1st goal is evaluated still limited measurement reduction can be achieved, which is not the focus of 1st goal.
Conclusion 2: 2nd goal of the study is to save measurement efforts while preventing mobility performance from degrading. This goal should be decoupled from 1st goal.
The 2nd goal can be also done in spatial domain i.e., by measuring subset beams of measurement objective. Technically if inter-frequency measurement result can be also predicted by e.g., intra-frequency measurement, then it can be also achieved in frequency domain. However, frequency domain is not verified in RAN1’s study and it is not crystal clear about the feasibility. 
Observation 1: 2nd goal can be also achieved in time and spatial domain or maybe frequency domain.
[bookmark: _Hlk161844448]RRM measurement prediction
There is one general principle for RAN1 study that AI/ML model itself should be taken as a black box. We think this general principle should be also applied in this RAN2’s study.
Proposal 1: During AI mobility study, AI/ML model itself should be taken as black box.
For a mobility AI/ML model for RRM measurement prediction, the input parameter could be:
· Measurement result 
· Other information, if necessary
For the input measurement, there could be 3 types:
· Type 1: L1 beam level per beam
· Type 2: L1 cell level per cell
· Type 3: L3 cell level per cell
The measurement model attached in Annex shows that there is consolidation and L3 filtering procedure between L1 beam level measurement per beam and L3 cell level measurement per cell. The Consolidation procedure is captured in 38.331 as following (take SSB as example):
[image: ]
Figure 1 consolidation procedure
The L1 cell level measurement is either the result of beam with highest quantity value (if no absThreshSS-BlocksConsolidation is configured, or configured but no beam is above it) or average result of beams whose quantity value is above the configured absThreshSS-BlocksConsolidation, but not all the beams. It basically means some information is lost after consolidation procedure.
The L3 cell level measurement result at least bears the same loss of the L1 cell level measurement since it is the result of L3 filtering, which is after consolidation procedure.
Observation 2: Compared to L1 beam level measurement result, some information is lost for cell level measurement result, either L1 or L3.
For AI/ML model, the more information that input parameters can carry, the better performance is expected naturally. In this regard, L1 beam level measurement per beam is the best one as input parameter for time and spatial domain. 
Observation 3: L1 beam level measurement result is the best input parameters among the potential 3 types of measurement result for time and spatial domain
Proposal 2: Take L1 beam level measurement result as input parameter of the model for time and spatial domain

The story of prediction in frequency domain is quite different. It is even not clear whether frequency domain could be feasible and what could be the performance because nothing is studied in RAN1 in Rel18. As for the input measurement result, L1 beam level measurement per beam is not the right one considering the prediction is across frequency and cell. Since eventually L3 cell level measurement need be predicted, it would be simple that the prediction is between L3 cell level measurement instead of between L1 cell level measurement or between L1 cell level measurement and L3 cell level measurement.
Prediction in frequency domain may be feasible if the real measured carrier and predicted carrier is co-located and the two frequencies supposes to be close in frequency domain as such that there is some frequency domain consistency. Otherwise, it can only count on footprint scheme. But the mapping between footprint measurements and target inter-frequency measurement is such local information, the AI/ML model can’t be generalized at all. As observation 1 suggests, time/spatial domain and frequency domain prediction serve the same goal 2. 
Proposal 3: When studying frequency domain prediction, take L3 cell level measurement result as input parameter of the model.
As for the outcome of the model, if RRM measurement result is expected, for time and spatial domain there could be also 3 types of measurement similar to input parameters. The study in RAN1 has already shown that the prediction from L1 beam level measurement to L1 beam level measurement in both time and spatial domain is quite good in general. There are two kinds of KPI defined in [2]:
· Average L1-RSRP difference of Top-1 predicted beam: The difference between the ideal L1-RSRP of Top-1 predicted beam and the ideal L1-RSRP of the Top-1 genie-aided beam
· Average predicted L1-RSRP difference of Top-1 beam: the difference between the predicted L1-RSRP of Top-1 predicted beam and the ideal L1-RSRP of the same beam
The performance result summarized in the table A.5.2 in Annex shows that RAN1 already did a good job in spatial domain and majority of the difference is around 1 db.
There is also an excel table “BM_Table 2. Evaluation results for BMCase-2.xlsx” together with 38.843 v18.0. In the excel table one column is called “Average L1-RSRP diff (dB)”, where some of the companies also provide the result. It can be easily found that the majority values are around 1 db or less. 
Observation 4: The spatial and time domain prediction from L1 beam level measurement to L1 beam level measurement was studied by RAN1 with good performance.
One objective i.e., “Inter-cell Beam-level measurement prediction for L3 Mobility (UE sided and NW sided model) [RAN2]” suggests, the beam level prediction should serve the L3 mobility purpose. And considering L1 beam level measurement need be transformed to be L3 cell level measurement in order to evaluate measurement event or reported to the network, L1 beam level measurement can’t serve the final purpose. Having said that, the output of the model should be the cell level measurement. Between L1 and L3, L1 is a kind of middle result in the measurement model i.e., further post-processing is needed if it is the output of the model. 
Another output of the model is L3 beam level measurement, which is part of the legacy measurement report. Again, this is not applicable for frequency domain prediction but for time or spatial domain.
Proposal 4: For RRM measurement prediction the outcome of the model is L3 cell level measurement for all 3-domain prediction or L3 beam level measurement for time or spatial domain prediction.


Figure 1 RRM measurement prediction model (time or spatial domain)


Figure 2: RRM measurement prediction (frequency domain)
Let’s first consider the case when the study goal of RRM measurement prediction is to save measurement efforts while keeping handover performance in the same level as if there is no measurement reduction. If this is done in time domain, it basically means in some time instances UE will do measurement and in others UE just skip the measurement. Because L3 filtering procedure is kind of iteration procedure after L1 filtering, it basically means all the L3 cell level measurements out of model are predicted assuming reduced L1 measurement results are scattered evenly in time domain. 
If it is done in spatial domain, it basically means UE will only measure partial reference signals out of configured reference signals by RRC message. Then similar to time domain prediction, all the L3 cell level measurements are predicted by the AI/ML model.
If it is done in frequency domain it would be desirable that L3 cell level measurements of the target frequency in all time instances need be predicted so that e.g., measurement gap for that frequency could be saved. Or if measurement gap is already configured for other MO(s), skipping partial measurement instances could still help to save measurement efforts considering there is gap sharing scheme among carriers and cells. To make the evaluation simpler and align with time and spatial domain, RAN2 can focus on the case to predict all time instances.


Figure 3 Illustration of RRM measurement prediction
Proposal 5: The RRM measurement prediction to reduce measurement efforts can be done in the following three ways:
1. Using L1 beam-level measurement of partial time instances within the prediction window to predict time sequential L3 cell-level measurements within the same window
2. Using partial L1 beam-level measurement of all time instances to predict time sequential L3 cell-level measurements within the same window
3. Using L3 cell-level measurement of one frequency to predict time sequential L3 cell-level measurements of another frequency within the same window
If the study goal is to improve handover performance, logically the performance gain will decrease along with the reduction of measurement efforts. In order to evaluate maximum performance gain, the input measurement result should not be reduced at all. This case is applicable for time and spatial domain. For frequency domain prediction it doesn’t work considering the baseline case would be based on real measurement of the target frequency carrier.
Observation 5: the RRM measurement prediction in order to improve the handover performance could be done in time and spatial domain without any reduction on measurement efforts.


Figure 4 HO performance gain vs measurement reduction
As illustrated in Figure 4, technically there is middle cases between the highest gain case and the least gain case. The question is whether the cases between the highest and least gain cases should be evaluated or not. Our view is that the highest gain case and the least gain case are the two most important cases. The middle cases are valuable for field deployment but not so valuable for study.
Proposal 6: The middle cases as illustrated in Figure 4 between the highest gain case and the least gain case are not studied 
For the potential highest gain case, the RRM performance of the L3 cell level measurement e.g., the absolute or relative accuracy of the RSRP, can’t evaluated directly in RAN2 since it is within RAN4’s expertise. From RAN2’s perspective we can study how long in advance can UE predict the L3 cell level measurement with confident prediction accuracy. It is illustrated in Figure 5:


Figure 5: RRM measurement prediction with timing advance
In Figure 5 UE predicts L3 cell level measurement results based on existing L1 beam level measurement results without any reduction. From RAN2 perspective if RRM measurement can be predicted with time advance, then it can potentially help to improve handover performance. As illustrated in Figure 5, the prediction can be done via a sliding window. 
For time or spatial domain, the prediction should be based on the correlation in that domain. For non-collated serving cell and neighbouring cell, correlation doesn’t exist for intra-frequency measurement. Therefore for those non-collocated neighbouring cells, RRM measurement prediction is not feasible. For co-located neighbouring cell, RRM measurement prediction may be feasible between serving cell and neighbouring cell, but the benefit could be limited because usually there is only 1 co-located neighbouring cell. So, for time and spatial domain, the prediction is proposed to be done only in the same cell.
Here are summary of the sub use cases of RRM measurement prediction:
· Sub use case 1: time domain prediction with measurement reduction between L1 beam level and L3 cell level measurement within the same cell
· Sub use case 2: spatial domain prediction with measurement reduction between L1 beam level and L3 cell level measurement within the same cell
· Sub use case 3: RRM measurement prediction with time advance without measurement reduction between L1 beam level and L3 cell level measurement within the same cell
· Sub use case 4: frequency domain prediction across frequency/cell(s) between L3 cell level measurement
The correlation, between different frequencies has never been studied by RAN1, and RAN2 cannot stimulate it without RAN1’s input. Since RAN1 is not involved in this SI yet, sub use case 4 will become very difficult for RAN2.
Proposal 7: RAN2 is kindly asked to study listed sub-use cases 1, 2 and 3 in early stage.
Metrics of RRM measurement prediction:
The focus of the prediction accuracy in RAN2 is different from RAN1’s study e.g., beam management case 1 and case 2. Here is definition of beam prediction accuracy in TR [5]:
-	Beam prediction accuracy (%):
-	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"
-	Top-1/K (%) (Optional): the percentage of "the Top-1 predicted beam is one of the Top-K genie-aided beams"
-	Where K >1 and values can be reported

As long as the Top-1/K predicted beam(s) is the genie-aided beam(s), it doesn’t really matter how much difference between their L1-RSRP value. In this SID, the gap between genie-aided/real measurement result and predicted measurement result is more essential. To evaluate measurement event, all the L1 beam level measurements per beam will be consolidated and L3 filtered to be L3 cell level measurement. The reported beams in the measurement result are also a few beams with top L3 RSRP values.
In [5] there are also KPIs related to the L1-RSRP difference:
-	Average L1-RSRP difference of Top-1 predicted beam:
-	The difference between the ideal L1-RSRP of Top-1 predicted beam and the ideal L1-RSRP of the Top-1 genie-aided beam
-	CDF of L1-RSRP difference for Top-1 predicted beam
-	Beam prediction accuracy (%) with 1dB margin for Top-1 beam
-	The beam prediction accuracy (%) with 1dB margin is the percentage of the Top-1 predicted beam "whose ideal L1-RSRP is within 1dB of the ideal L1-RSRP of the Top-1 genie-aided beam" 

Similarly, RRM measurement prediction accuracy (called RMPA) could be defined as:
· Option 1: RRM measurement prediction accuracy with X dB margin (X is FFS):
	The percentage of the predicted L3 cell level measurement result whose L3-RSRP is within X dB of the corresponding real L3 cell level measurement result in baseline case
Note: the term “real” measurement result refers to the measurement result which value is deduced based on L1 beam level measurement generated based on channel modelling without any reduced measurement for UE sided model. For network sided model such real measurement result may have some quantity error due to the fact that they need be quantified in the report signalling.
· Option 2: CDF of L3-RSRP difference between predicted and real L3 cell level measurement result 
· Option 3: average L3-RSRP difference between predicted and real L3 cell level measurement result 
· Option 4: RMSE of L3-RSRP difference between predicted and real L3 cell level measurement result
Note: For all 4 options, the L3-RSRP difference is interpreted as absolute value of L3-RSRP difference i.e., abs (predicted L3-RSRP – real L3-RSRP)
Those intermediate accuracy definitions are applicable for sub use case 1,2 and 3. For sub use case 3 additionally it is also important how long in advance can be predicted. And this timing advance should go together with prediction accuracy together to reflect the model’s capability. Note the timing advance refer to the gap between latest real measurement instance and last predicted measurement instance.
Measurement reduction rate (called MRR) defines how much measurement efforts is reduced. There is similar KIP in [5] called RS overhead reduction, whose definition is complicated especially for the case where time domain and spatial domain are mixed. For sub use case 1, it basically means the reduced percentage of real measurement result instances and it could be defined as:
· MRR(time domain) = 1 – number of real measurement instances/total measurement instances 
For sub use case 2, it basically means the reduced percentage of measured reference signals. So, the definition could be:
· MRR(spatial domain) = 1 – number of measured RS/number of configured RS of the MO
The MRR is not applicable for sub use case 3 per its definition.
Proposal 8: to agree on following metrics for sub use cases:
	Metrics\sub use cases
	Sub use case 1
	Sub use case 2
	Sub use case 3

	Prediction accuracy
	Yes
	Yes
	Yes

	Timing advance
	N/A
	N/A
	Yes

	MRR (time domain)
	Yes
	N/A
	N/A

	MRR (spatial domain)
	N/A
	Yes
	N/A


Table 1 metrics and corresponding sub use cases
Another issue is whether final handover performance need be evaluated or not? For sub use case 1 and 2, handover performance may degrade compared to baseline case (i.e., without AI/ML model). And it is also clear the more the measurement reduction is, the more handover performance may degrade. The interesting question is, to what extent handover performance can tolerate measurement reduction? For sub use case 3, it is not necessary to introduce final handover performance here because UE is expected to report measurement event instead of predicted measurement results. The relationship between sub use case 3 and handover performance can be left to the use case of measurement event prediction, where measurement event can be predicted in advance.
Our view is that RAN2 can further discuss this issue once the use case and intermediate metrics in table 1 are concluded.
Proposal 9: RAN2 can further study the relationship between intermediate metrics and handover performance for sub use case 1 and sub use case 2 once study on metrics in table 1 is finished.
Simulation result
Simulation assumptions
Given the evaluation methodology discussed, we would like to share our initial evaluation results for RRM measurements. In this section, we use L1 beam level measurement results (time-series L1-RSRP) collected every 40ms from TR 38.901 outdoor UMa channel model to obtain L3 cell-level measurement results (L3-RSRP) through the measurement model defined in TS 38.300. Detailed simulation assumptions including L1 filtering, consolidation/selection, and L3 filtering can be found in Table 2.
Table 2. Simulation assumptions for RRM measurement
	General assumptions

	Parameters
	Description

	Frequency Range
	FR2 @ 30 GHz;

	Deployment
	200m ISD, 2-tier model with wrap-around (7 sites, 3 sectors/cells per site)

	Channel model
	UMa with LoS channel

	System BW
	80MHz

	UE Speed
	30km/h

	UE distribution
	100% outdoor

	BS Tx Power
	40 dBm 

	Inter-site distance
	200 m

	BS Antenna height
	25 m

	UE Antenna height
	1.5 m

	UE trajectory model
	Options 1 in TR 38.843 section 6.3.1

	UE rotation
	Not considered

	RRM measurement assumptions

	Parameters
	Description

	L1 sampling period
	40ms

	L1 filtering time
	200ms as in TR 36.839 [3]

	L3 filter parameter K
	4

	nrofSS-BlocksToAverage/
	5

	absThreshSS-BlocksConsolidation
	-156dBm for RSRP as in TS 38.331

	maxNrofRS-IndexesToReport
	8



Sub-use case 1
Sub-use case 1 uses AI/ML to reduce measurement overhead by interpolation. For interpolation, we do not need to predict a long sequence as multiple short sequences can achieve better prediction accuracy with a less complex model. Therefore, we adopt an L3-RSRP prediction with a maximum length of 8 time instances (with a 40ms time interval). 
We have run 4 sets of simulations, i.e., 
· MMR = 87.5%: We have used L1 beam level measurement results at time instances k to predict L3 cell level measurement results from time instant k to k+7 (i.e., 8 slots in total are considered). Traditionally, UEs need to measure L1-RSRP at all 8-time instances (baseline with exhaustive measurement). This means 87.5% of L1 measurement can be reduced.
· MMR = 75%: We used L1 beam level measurement results at time instances [k, k+4] to predict L3 cell level measurement results from time instant k to k+7.
· MMR = 50%: We used L1 beam level measurement results at time instances [k, k+2, k+4, k+6] to predict L3 cell level measurement results from time instant k to k+7. 
· MMR = 25%: We used L1 beam level measurement results at time instances [k, k+1, k+2, k+4, k+5, k+6] to predict L3 cell level measurement results from time instant k to k+7.
Table 3. Initial simulation results of sub-use case 1 
	
	OPPO, sub-use case 1, 32 DL beams

	Assumptions
	Measurement reduction rate in time domain
	87.5%
	75%
	50%
	25%

	AI/ML model input/output
	Model input
	Normalized L1-RSRP

	
	Model output
	L3-RSRP

	Data Size
	Training
	400 UEs with at least 5s trajectory per UE

	
	Testing
	100 UEs with at least 5s trajectory per UE

	AI/ML model
	Model description
	2 LSTM layer + 1 dense layer

	
	Model parameter
	~0.19M

	
	Computational complexity [FLOPs]
	~0.42M

	Evaluation results
	Average L3-RSRP diff [dB]
	0.74
	0.68
	0.70
	0.68

	
	RMSE 
	1.48
	1.44
	1.45
	1.43

	
	Prediction accuracy
	1 dB margin [%]
	80.9
	82.7
	82.5
	83.2

	
	
	2 dB margin [%]
	89.6
	90.4
	90.4
	90.5

	
	
	3 dB margin [%]
	93.9
	94.3
	94.3
	94.3


Observation 6: AI/ML prediction for L3 cell-level measurement results can achieve relatively high accuracy while using L1 beam-level measurement results at only a small portion (1/8) of time instances in sub-use case 1.
Sub-use case 2
In this section, we present our evaluation results for sub use case 2. A fixed pattern of selected DL Tx beams is adopted to reflect the performance with a reduced portion of measured L1 beams. The selected fixed patterns are shown in Figure 2-1 where yellow dots represent beams being adopted.
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Figure 6: Selected beams measured among all DL beams (32 Tx beams)
We measured the L1-RSRP of the selected beams in 4 continuous time instances and used them to predict the L3-RSRP at corresponding time instances (i.e., the input of the AI/ML model is L1-RSRP of 4 time instances and the output is L3-RSRP of the same time instances). The initial results are shown in Table 4.
Table 4. Initial simulation results of sub-use case 2 in spatial domain
	
	OPPO, sub-use case 2, 32 DL beams

	Assumptions
	Measurement reduction rate in spatial domain
	87.5%
	75%
	50%

	AI/ML model input/output
	Model input
	Normalized L1-RSRP

	
	Model output
	L3-RSRP

	Data Size
	Training
	400 UEs with at least 5s trajectory per UE

	
	Testing
	100 UEs with at least 5s trajectory per UE

	AI/ML model
	Model description
	2 LSTM layer + 1 dense layer

	
	Model parameter
	~0.19M

	
	Computational complexity [FLOPs]
	~0.42M

	Evaluation results
	Average L3-RSRP diff [dB]
	0.99
	1.00
	0.71

	
	RMSE 
	1.96
	1.95
	1.45

	
	Prediction accuracy
	1 dB margin [%]
	75.0
	75.3
	82.5

	
	
	2 dB margin [%]
	85.4
	85.7
	90.4

	
	
	3 dB margin [%]
	90.8
	90.9
	94.3


Observation 7: Down-sampling of Tx beams (e.g., from 16 Tx beams to 4 Tx beams) slightly degrades the performance of L3-RSRP difference and prediction accuracy.
Sub-use case 3
For use case 3, the AI/ML model needs to use L1-RSRP measured in the past time window (e.g., 400ms) to predict the L3-RSRP values in the future time sequence. What differs the RRM measurement in sub-use case 3 most from sub-use cases 1 and 2 is that the prediction window size should be relatively long. For example, if we would like to find a measurement event 1 second ahead of occurrence time, we need to at least predict one second of L3-RSRP values in the future. Table 5 shows the prediction results of different prediction window sizes.
Table 5. Initial simulation results of use case 3
	
	OPPO, sub-use case 3, 32 DL beams

	Assumptions
	Observation window size [ms]
	400 (10 samples with 40ms time interval)

	
	Prediction window size [ms]
	400
	1200
	2000

	AI/ML model input/output
	Model input
	Normalized L1-RSRP

	
	Model output
	L3-RSRP

	Data Size
	Training
	400 UEs with at least 5s trajectory per UE

	
	Testing
	100 UEs with at least 5s trajectory per UE

	AI/ML model
	Model description
	2 LSTM layer + 1 dense layer

	
	Model parameter
	~0.19M

	
	Computational complexity [FLOPs]
	~0.42M

	Evaluation results
	Average L3-RSRP diff [dB]
	1.31
	1.31
	1.96

	
	RMSE 
	2.25
	2.14
	2.92

	
	Prediction accuracy
	1 dB margin [%]
	63.8
	61.9
	45.5

	
	
	2 dB margin [%]
	76.9
	78.5
	65.0

	
	
	3 dB margin [%]
	85.3
	87.1
	77.3



Although deviating a little from each other, the evaluation results under different prediction window sizes all control their average L3-RSRP difference within 2 dB, which is relatively high and can be used to predict a measurement event with post-processing.
Observation 8: An AI/ML model can predict the RRM measurement model in the next 1200ms with relatively high prediction accuracy. 
Conclusion
In this contribution, we have reached the following conclusions:
Conclusion 1: 1st goal of the study is to enhance handover performance by predicting measurement result and measurement/unintended event in advance, which can be only done in time domain.
Conclusion 2: 2nd goal of the study is to save measurement efforts while preventing mobility performance from degrading. This goal should be decoupled from 1st goal.

We have shared our understanding on RRM measurement prediction and have the following observations:
Observation 1: 2nd goal can be also achieved in spatial domain or maybe frequency domain.
Observation 2: Compared to L1 beam level measurement result, some information is lost for cell level measurement result, either L1 or L3.
Observation 3: L1 beam level measurement result is the best input parameters among the potential 3 types of measurement result for time and spatial domain
Observation 4: The spatial and time domain prediction from L1 beam level measurement to L1 beam level measurement was studied by RAN1 with good performance.
Observation 5: the RRM measurement prediction in order to improve the handover performance could be done in time and spatial domain without any reduction on measurement efforts.
Observation 6: AI/ML prediction for L3 cell-level measurement results can achieve relatively high accuracy while using L1 beam-level measurement results at only a small portion (1/8) of time instances in sub-use case 1.
Observation 7: Down-sampling of Tx beams (e.g., from 16 Tx beams to 4 Tx beams) slightly degrades the performance of L3-RSRP difference and prediction accuracy.
Observation 8: An AI/ML model can predict the RRM measurement model in the next 1200ms with relatively high prediction accuracy. 

Based on these observations, it is proposed that 
Proposal 1: During AI mobility study, AI/ML model itself should be taken as black box.
Proposal 2: Take L1 beam level measurement result as input parameter of the model for time and spatial domain
Proposal 3: When studying frequency domain prediction, take L3 cell level measurement result as input parameter of the model.
Proposal 4: For RRM measurement prediction the outcome of the model is L3 cell level measurement for all 3-domain prediction or L3 beam level measurement for time or spatial domain prediction.
Proposal 5: The RRM measurement prediction to reduce measurement efforts can be done in the following three ways:
1. Using L1 beam-level measurement of partial time instances within the prediction window to predict time sequential L3 cell-level measurements within the same window
2. Using partial L1 beam-level measurement of all time instances to predict time sequential L3 cell-level measurements within the same window
3. Using L3 cell-level measurement of one frequency to predict time sequential L3 cell-level measurements of another frequency within the same window
Proposal 6: The middle cases as illustrated in Figure 4 between the highest gain case and the least gain case are not studied 
Proposal 7: RAN2 is kindly asked to study listed sub-use cases 1, 2 and 3 in early stage.
Proposal 8: to agree on following metrics for sub use cases:
	Metrics\sub use cases
	Sub use case 1
	Sub use case 2
	Sub use case 3

	Prediction accuracy
	Yes
	Yes
	Yes

	Timing advance
	N/A
	N/A
	Yes

	MRR (time domain)
	Yes
	N/A
	N/A

	MRR (spatial domain)
	N/A
	Yes
	N/A


Table 1 metrics and corresponding sub use cases
Proposal 9: RAN2 can further study the relationship between intermediate metrics and handover performance for sub use case 1 and sub use case 2 once study on metrics in table 1 is finished.
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RP-234055 Study on Artificial Intelligence (AI)/Machine Learning (ML) for mobility in NR
TR 38.843 Study on Artificial Intelligence (AI)/Machine Learning (ML) for NR air interface
TR 36.839 Mobility enhancements in heterogeneous networks
Annex A
Measurement model
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L1-RSRP prediction accuracy
	Evaluation case
	Average L1-RSRP difference of Top-1 predicted beam
	Average predicted L1-RSRP difference of Top-1 beam

	Section 6.3.2.1.1(BM-Case 1):
(A)With measurements of fixed Set B of beams that of 1/4 of Set A of beams
	evaluation results from 17 sources indicate that it can be below or about 1dB;
evaluation results from 2 sources indicate that it can be 2.6~2.7dB with the assumption that the L1-RSRP of the Top-1 predicted beam is measured with the best Rx beam searched from the best Tx beam in set B
	evaluation results from 5 sources indicate that it can be below or about 1dB
evaluation results from 1 source indicates that it is about 2dB


	Section 6.3.2.1.1(BM-Case 1):
(B) With measurements of fixed Set B of beams that of 1/8 of Set A of beams
	evaluation results from 8 sources indicate that it can be below or about 1dB;
evaluation results from 4 sources indicate that it can be 1dB~2dB;
evaluation results from 1 source indicates that it can be 3.4dB with the assumption that the L1-RSRP of the Top-1 predicted beam is measured with the best Rx beam searched from the best Tx beam in set B
	evaluation results from 5 sources indicates that it can be 0.8~1.5dB;


	Section 6.3.2.1.2(BM-Case 1):

	evaluation results from 4 sources indicate that, the average L1-RSRP difference can be less or about 1dB
	

	Section 6.3.2.1.3(BM-Case 1):
With measurements of fixed Set B of beam pairs that of 1/4 of Set A of beam pairs
	evaluation results from 13 sources indicate that it can be below or about 1dB;
evaluation results from 1 source indicate that it can be about 1.5dB;
Note: 1 source reported that it can be 0.716dB and 1.611dB with the measurements from all Rx beams and half of Rx beams of a certain set of Tx beams respectively
	3 sources indicate that it can be below or about 1dB;


	Section 6.3.2.1.3(BM-Case 1):
With measurements of fixed Set B of beam pairs that of 1/8 of Set A of beam pairs
	evaluation results from 5 sources indicate that it can be below or about 1dB;
evaluation results from 5 sources indicate that it can be 1dB~2dB
	evaluation results from 2 sources indicate that it can be 0.7~1.3dB;


	Section 6.3.2.1.3(BM-Case 1):
With measurements of fixed Set B of beams that of 1/16 of Set A of beams
	evaluation results from 3 sources indicate that it can be 1dB~2dB;
evaluation results from 2 sources indicate that it can be 2dB~3dB;
-evaluation results from 2 sources indicate that it can be more than 3dB;
-evaluation results from 1 source indicate that it can be about 6dB
	evaluation results from 2 sources indicates that it can be about 2.5dB
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Figure 9.2.4-1: Measurement Model
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2> if the highest beam measurement quantity value is below or equal to absThreshSS-BlocksConsolidation:

3> derive cach cell measurement quantity based on SS/PBCH block as the highest beam measurement
quantity value, where cach beam measurement quantity is deseribed in TS 38.215 [9]:

2> else:

3> derive each cell measurement quantity based on SS/PBCH block as the linear power scale average of the
‘highest beam measurement quantity values above absThreshSS-BlocksConsolidation where the total
number of averaged beams shall not exceed nrofSS-BlocksToAverage. and where each beam measurement
quantity is described in TS 38.215 [9]:
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