


3GPP TSG-RAN WG2 Meeting #125bis	R2-2403281
Changsha, China, 15 – 19 April 2024	


Agenda item:	8.3.2
Source:	Nokia
Title:	On the measurement prediction use-case
WID/SID:	FS_NR_AIML_Mob – Release 19
Document for:	Discussion and Decision
1	Introduction
In RAN#102 a study item for AIML Mobility was approved [1]. In the approved SID, TSG RAN identified the following objective that is relevant for the RRM measurement prediction use-case.
	· 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]



This document discusses the aspects that are relevant to the cell-level measurement prediction objective identified in the Rel 19 SI on AIML Mobility. Specifically, we present our considerations on inter-cell beam prediction, L3 measurement reduction and other sub-use cases. 
2	Discussion
Spatial and temporal beam prediction were studied in TR 38.843 “Study on Artificial Intelligence (AI)/Machine Learning (ML) for NR” [2]. Such predictions can be used to reduce the number of L1 measurements a UE needs to report. The framework can be extended to inter-cell scenarios.
2.1	Inter-Cell Target Prediction
2.1.1	Inter-cell Beam Prediction
The TR 38.843 spatial beam prediction framework can be extended to cover beams in non-serving cells in either sets A and B, i.e., in the beams that are measured and/or in the predicted strongest beams. This can be used to reduce the number of measurements a UE needs to make and report for example in case of Inter-Cell Beam Management (ICBM) or Lower-layer Triggered Mobility (LTM). 
Observation 1: Inter-cell beam prediction may be used to reduce the L1 measurements the UE needs to take and report.
Similarly, the temporal, i.e., time-domain beam prediction frameworks of TR 38.843 may be applied to inter-cell scenarios.  A special example of this is predicting the most likely set of beams the UE is connecting to in the target candidate cells after a handover. The prediction may be triggered by handover preparation and used to improve the allocation of Contention-Free Random Access (CFRA) preambles to the UE. Temporal prediction may be combined with measurement reduction with spatial beam prediction.
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Figure 1: Inter-cell time-domain beam prediction to optimize CFRA resource allocation.
In addition to inter-cell beam prediction in the same frequency across cells, the AI-enhanced inter-cell beam prediction can also prove beneficial for inter-frequency beam prediction with serving cell and target cells operating in different frequency band.
Observation 2: A prediction of the most likely set of beams the UE is connecting to in the target candidate cells may be used to facilitate the CFRA preambles allocated to the UE and/or reduce the number of inter-cell beam measurements.
Proposal 1: The study item should include both spatial and temporal inter-cell beam prediction. Temporal inter-cell beam prediction in handovers may be prioritized due to LTM not being in the study item scope.

2.1.2	Inter-cell Spatial Beam Prediction
As discussed in TR38.843 for Rel. 18 SI on beam management, the spatial domain beam prediction is categorized as BM-Case1 for downlink beam prediction on Set A of beams based on measurement results of Set B of beams. Set B is a set of beams whose measurements are taken as inputs of the AI/ML model.  For this case study, the following variants are well investigated:
-	Consider: Alt. 1): AI/ML model training and inference at NW side. Alt. 2): AI/ML model training and inference at UE side.
-	Consider: Alt. i): Set A and Set B are different (Set B is NOT a subset of Set A). Alt. ii): Set B is a subset of Set A. Note: Set A is for DL beam prediction. The codebook construction of Set A and Set B can be clarified by companies.
-	AI/ML model input consider: Alt 1): Only L1-RSRP measurement based on Set B; Alt.2): L1-RSRP measurement based on Set B and assistance information; Alt. 3): CIR based on Set B; Alt. 4): L1-RSRP measurement based on Set B and the corresponding DL Tx and/or Rx beam ID. 
Observation 3: For inter-cell mobility use case on spatial beam prediction, reusing the available mechanism in terms of training, inference, beam sets and model input from Rel.18 SI can reduce the complexity.
Observation 4: A special scenario of Set A and Set B being disjoint is where Set A and Set B are beams of different cells. For example, predicting the strongest beam in a target candidate cell based on beam measurements from the source cell.
Proposal 2: As a starting point, RAN2 should the outcome of Rel. 18 spatial domain beam prediction for discussion on whether the training and inference should be at NW side or UE side, beam set consideration, and model input. 
2.1.3	Inter-cell Temporal Beam Prediction
As discussed in TR38.843 for Rel. 18 SI on beam management, the temporal domain beam prediction is categorized as BM-Case2 for downlink beam prediction on Set A of beams based on the historic measurement results of Set B of beams. Set B is a set of beams whose measurements are taken as inputs of the AI/ML model. For this case study, the following variants are well investigated:
-	Consider: Alt. 1): AI/ML model training and inference at NW side. Alt. 2): AI/ML model training and inference at UE side.
-	Consider: Alt. i): Set A and Set B are different (Set B is NOT a subset of Set A). Alt. ii): Set B is a subset of Set A (Set A and Set B are not the same). Alt. iii): Set A and Set B are the same. 
-	AI/ML model input consider: measurement results of K (K≥1) latest measurement instances with the following alternatives: Alt. 1): Only L1-RSRP measurement based on Set B; Alt 2): L1-RSRP measurement based on Set B and assistance information; Alt. 3): L1-RSRP measurement based on Set B and the corresponding DL Tx and/or Rx beam ID. 
-	F predictions for F future time instances can be obtained based on the output of AI/ML model, where each prediction is for each time instance. At least F=1.
Observation 5: For inter-cell mobility use case on temporal beam prediction, by reusing the available mechanism in terms of training, inference, beam sets and model input from Rel.18 SI can reduce the complexity.
Observation 6: A special scenario of Set A and Set B being disjoint is where Set A and Set B are beams of different cells. For example, when a handover is being prepared, predicting the best beam in a target candidate cell after a handover has been executed based on beam measurements from the source cell.
Proposal 3: As a starting point, RAN2 to reuse the outcome of Rel. 18 temporal domain beam prediction for discussion on whether the training and inference should be at NW side or UE side, beam set consideration, and model input. 
Proposal 4: For inter-cell mobility, the temporal inter-cell beam prediction should be studied.
2.1.4		Layer-3 Measurement Reduction
Using similar approach as spatial and temporal beam prediction in TR38.843 for Rel. 18 SI on beam management, an ML model can be trained to predict target candidate cells based on reduced set of L3 measurements. For example, using a training data set with measurements collected from two frequency layers in a HetNet deployment, an ML model can be trained to predict if a UE would be able to connect to a cell from Set A in frequency layer A using L3 cell measurements from Set B consisting of the serving cell and other cells frequency layer B. ML can learn this by implicitly learning the correlation between the measurements in the two disjoint sets of cells.
When the UE is configured to measure the cell Set A in frequency layer A, it may be configured to measure the frequency layer B only when the ML model is predicting that a connection is possible. Alternatively, the UE may be configured to take the inter-frequency measurements with a low frequency and the reconfigured when the model predicts connecting to Set B is possible. The predictions can be used to reduce the number of inter-frequency measurements the UE needs to take, which can improve UE energy efficiency and reduce data plane interruption time. An overview of the method is shown in Figure 2.
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[bookmark: _Ref162965432]Figure 2: ML-based inter-frequency measurement reduction in a HetNet scenario.
Additionally, extending the time domain beam prediction framework, measurements and additional data collected by the UE may be used as an input for regressive temporal RRM measurement prediction models. These models may be used to reduce the number of measurements that the UE must perform.  However, in this case the accuracy of the predictions must be comparable to actual measurements. 
Observation 7: ML-based measurement prediction can be used to reduce the number of L3 measurements a UE needs to take.
2.2	Event Detection Based on Predicted Measurements
As described above, machine learning models may be trained to predict future measurements based on past measurements and other potential additional features like UE location, serving beams/cells etc. If the predicted measurements are complete, accurate and reliable enough, they may be used to derive and predict future mobility-related events, like measurement events, handovers, or potential failures. The predicted events, in turn, may be used to decide on optimization actions, as shown in Figure 3. However, what needs to be predicted and with which accuracy and reliability, depends heavily on how the predictions are used, i.e., what actions may be decided based on them.
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[bookmark: _Ref162961587]Figure 3: Mobility-related event prediction based on predicted measurements.
If the measurement prediction is done in the UE, the UE may report predicted measurements to the network. How the reporting is done is FFS.  As in current measurement reporting framework, the network must be able to configure in the measurement configuration and depending on the UE capabilities, if the UE should report predicted measurements. 
Observation 8: A UE may report predicted measurements and the network may consider the predicted measurements in the mobility-related decisions.
Proposal 5: Depending on the exposed UE capabilities, the network must be able to configure in the measurement configuration any predicted measurements a UE should report.
Considering legacy, upon reception of the measurement reports sent by the UE, the NW can then make HO-related decisions. In similar manner as the NW has a has a clear understanding of the meaning of the measurements reported by the UE, the NW should also be able to make use of the predicted measurements reported by the UE to determine or predict future mobility-related events. 
Moreover, to be able to use the predicted measurements to derive optimization actions, the network needs to understand what has been predicted by the UE, with what accuracy and reliability, and what is the confidence of each prediction, possibly in the form of confidence intervals for the predicted values. By reliability it is meant that the predictions must be robust against data or concept drift, for example due to unexpected changes in the radio environment. The predictions must be also complete enough to make the intended decision, e.g., the predictions must include predictions for all required measurements. The predictions must be also complete enough to make the intended decision, e.g., the predictions must include predictions for all required measurements.
Observation 9: Measurement predictions coming from the UE side should be robust against any potential drifts that can be encountered in the wireless channel.  
Proposal 6: RAN2 should study how the ML predictions generated by the UE can aid the decision-making process in the NW. 
The exact requirements will depend on the end-to-end use case and may require very high accuracy and reliability, depending on how the predictions are used. The network must be able to interpret the predictions from different UEs the same way, i.e., agnostic to the UE. This may pose new requirements for the UEs and their testing, which is FFS. The predictions must also scale and generalize to real-life network deployments.
Observation 10: The exact requirements will depend on the end-to-end use case and may require very high accuracy and reliability, depending on how the predictions are used.
Proposal 7: New requirements for the UEs and their testing are FFS.
As an intermediate evaluation metric, the prediction accuracy of future measurements can be evaluated. However, for the end-to-end use case, the performance gain in network, service or UE metrics based on optimizations made based on the predictions is the relevant metric.
Proposal 8: The prediction accuracy of future measurements can be an intermediate metric, but the performance gain from applying the predictions to optimization actions should be evaluated.
Figure 4 shows the alternative, where an ML model is trained to predict mobility-related events, like handovers or failures, directly from measurements and other potential inputs. For each use case, which is intended to utilize predicted measurements, the alternative to predict the required mobility-related events directly should be also evaluated.
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[bookmark: _Ref162964431]Figure 4 Alternative mobility-related event prediction directly from measurements.
Proposal 9: For each use case, which is intended to utilize predicted measurements, the alternative to predict the required mobility-related events directly should also be evaluated.

3	Conclusion
This document has made the following observations:
Observation 1: Inter-cell beam prediction may be used to reduce the L1 measurements the UE needs to take and report.
Observation 2: A prediction of the most likely set of beams the UE is connecting to in the target candidate cells may be used to facilitate the CFRA preambles allocated to the UE and/or reduce the number of inter-cell beam measurements.
Observation 3: For inter-cell mobility use case on spatial beam prediction, reusing the available mechanism in terms of training, inference, beam sets and model input from Rel.18 SI can reduce the complexity.
Observation 4: A special scenario of Set A and Set B being disjoint is where Set A and Set B are beams of different cells. For example, predicting the strongest beam in a target candidate cell based on beam measurements from the source cell.
Observation 5: For inter-cell mobility use case on temporal beam prediction, by reusing the available mechanism in terms of training, inference, beam sets and model input from Rel.18 SI can reduce the complexity.
Observation 6: A special scenario of Set A and Set B being disjoint is where Set A and Set B are beams of different cells. For example, when a handover is being prepared, predicting the best beam in a target candidate cell after a handover has been executed based on beam measurements from the source cell.
Observation 7: ML-based measurement prediction can be used to reduce the number of L3 measurements a UE needs to take.
Observation 8: A UE may report predicted measurements and the network may consider the predicted measurements in the mobility-related decisions.
Observation 9: Measurement predictions coming from the UE side should be robust against any potential drifts that can be encountered in the wireless channel.  
Observation 10: The exact requirements will depend on the end-to-end use case and may require very high accuracy and reliability, depending on how the predictions are used.

And proposed the following:
Proposal 1: The study item should include both spatial and temporal inter-cell beam prediction. Temporal inter-cell beam prediction in handovers may be prioritized due to LTM not being in the study item scope.
Proposal 2: As a starting point, RAN2 should the outcome of Rel. 18 spatial domain beam prediction for discussion on whether the training and inference should be at NW side or UE side, beam set consideration, and model input. 
Proposal 3: As a starting point, RAN2 to reuse the outcome of Rel. 18 temporal domain beam prediction for discussion on whether the training and inference should be at NW side or UE side, beam set consideration, and model input. 
Proposal 4: For inter-cell mobility, the temporal inter-cell beam prediction should be studied.
Proposal 5: Depending on the exposed UE capabilities, the network must be able to configure in the measurement configuration any predicted measurements a UE should report.
Proposal 6: RAN2 should study how the ML predictions generated by the UE can aid the decision-making process in the NW. 
Proposal 7: New requirements for the UEs and their testing are FFS.
Proposal 8: The prediction accuracy of future measurements can be an intermediate metric, but the performance gain from applying the predictions to optimization actions should be evaluated.
Proposal 9: For each use case, which is intended to utilize predicted measurements, the alternative to predict the required mobility-related events directly should also be evaluated.
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