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1. Introduction
During the RAN#102 meeting, the SID on “Study on Artificial Intelligence (AI)/Machine Learning (ML) for mobility in NR”[1] was approved. The SID describes the study scope of the AI/ML-aided mobility enhancements, as 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]

· The evaluation of the AI/ML aided mobility benefits should consider HO performance KPIs (e.g., Ping-pong HO, HOF/RLF, Time of stay, Handover interruption, prediction accuracy, and measurement reduction) etc.) and complexity tradeoffs [RAN2]
· NOTE: Simulation assumption and methodology can leverage TR 38.901, 38.843 and 36.839. And leave the detail discussion to RAN2
· Potential AI mobility specific enhancement should be based on the Rel19 AI/ML-air interface WID general framework (e.g. LCM, performance monitoring etc) [RAN2]  
· NOTE: This would only be treated after sufficient progress is made in the Rel-19 AI/ML air interface WID 
· Potential specification impacts of AI/ML aided mobility [RAN2]
· [bookmark: _Hlk153472406]Evaluate testability, interoperability, and impacts on RRM requirements and performance [RAN4]

As mentioned, the benefits of AI/ML-aided mobility should be studied by performance evaluations. This paper focuses on evaluating AI/ML-aided mobility and discusses the simulation cases, KPIs, and methodologies for performance evaluations.
2. Use cases of AI/ML-aided mobility
2.1 AI/ML use cases
Three use cases of AI/ML-based RRM measurement and event prediction for mobility enhancements have been summarized in SID, which are,
· Cell-level measurement prediction including intra and inter-frequency (UE-sided and NW-sided model) 
· Inter-cell Beam-level measurement prediction for L3 Mobility (UE-sided and NW-sided model)
· HO failure/RLF prediction (UE-sided model)
· Measurement events prediction (UE-sided model)
All these use cases explore the strong prediction ability of AI/ML models, which can learn the inner features through the datasets and utilize these learned features for the prediction. Benefiting from the predictions, the AI/ML-aided mobility enhancement can follow a different approach than the previous enhancements. Since the baseline mobility scheme specified in Rel. 15, the major enhancements of NR mobility, such as CHO and LTM, rely on the more accurate and frequent UE measurements or reports. These approaches reduce the handover failure or interruption time, but introduce more burden by additional requirements on the UE RRM measurement and report. Especially when UE needs to conduct the RRM measurement on other BWP or carrier frequency bands, the measurement gaps (MGs) should be configured to UE, during which the normal transmissions are interrupted for several slots, and the loss on the throughput is introduced. For legacy algorithms, the correlation between two bands on the frequency domain is hard to model and then predict. AI/ML is better at learning the hidden connections between two frequency bands and making more accurate predictions. With such technology, the RRM measurement can be predicted based on the measurements in one BWP or band without or with reduced actual measurements on other BWP/band. The measurement overhead can be reduced to improve the system throughput performance.
Meanwhile, the AI/ML models also have the potential to predict the RRM measurements in the temporal or spatial domain. As demonstrated in the beam prediction during Rel. 18 AI/ML studies [2], the AI/ML model can predict the strongest beam given L1-RSRP measurement results of partial beams or predict the strongest beam given the L1-RSRP measurement results of the past. The beam prediction can be extended to the Layer 3 cell level beam prediction to reduce the measurement overhead.
Therefore, the use case of RRM measurement prediction can potentially solve the measurement overhead issue for current NR mobility mechanisms It should be prioritized, especially for the inter-frequency measurement prediction.
For the prediction of measurement events, the functionalities of AI/ML models for RRM measurement prediction can be extended to measurement event prediction naturally. Utilizing the prediction capability of AI/ML, there are variance approaches to implement the measurement event predictions, e.g.,
· Predict which event should be used for the mobility based on the measurement predictions.
· Predict the optimal parameters for each event (e.g., offsets, thresholds).
· Predicted the entering or leaving of the events based on the measurement predictions.
In our opinion, all of these approaches can potentially improve mobility performance, but the gains or overhead may be different from the approaches. RAN2 should study them further to identify the pros and cons of each approach.
As to the HOF and RLF prediction, from our observations, the HOF and RLF during mobility are not the most severe issues in current NR networks. Therefore, predicting them may provide limited gains to mobility performance. Considering the workload and limited time for this study, we suggest down-selecting this use case at least for the performance evaluations.
Summarizing the above discussions, we have the following proposals based on these discussions,
Proposal 1
· Prioritize the following case for the performance evaluations during Rel. 19.
· Cell-level measurement prediction including intra and inter-frequency.
· In particular, inter-cell beam-level measurement prediction for L3 mobility should be prioritized.
· Measurement events prediction.
· Study the potential performance gain and identify the pros and cons of each possible approach.
2.2 Frequency bands for the AI/ML use cases
As discussed in Section 2.1, the intra- and inter-frequency RRM measurement prediction is an important use case that provides gains on measurement overhead reduction. For the frequency ranges and bands, we observed that it is a typical case that one operator may have multiple spectrums on different bands within FR1 due to the piecewise spectrum allocation in FR1. The UE may hand over among the cells which carriers are located on different FR1 bands. Therefore, the inter-frequency RRM measurement prediction within two FR1 bands (i.e., FR1-frequency1 to FR1-frequency2) should be prioritized.
For FR2, stand-alone (SA) deployment of FR2 cells is a rare case nowadays. Although the FR2 mobility is more challenging for legacy mobility approaches and more performance gains can be expected with AI/ML, we see little chance that it can be practically deployed in the short term.  Considering some potential deployments in the long term, the study on FR2 can be included in this study but it should not be prioritized compared with the importance of FR1 cases.
Therefore, we have the following proposals,
Proposal 2
· Study the performance gain of AI-ML-aided mobility for both FR1 and FR2 during Rel. 19, where the study for FR1 should be prioritized.
· Study the performance gain of inter-frequency measurement prediction on multiple FR1 bands (i.e., from FR1-band#1 to FR1-band#2).
· E.g., FR1-band#1 is 3.5 GHz and FR1-band#2 is 4.5 GHz.
3. Discussions on evaluation methodology
In this section, we will discuss the setup and assumptions on the simulations and the performance metric to evaluate the performance gain.
3.1 Scenarios
Previous performance evaluations of mobility summarized in TR36.834 [3] consider HetNet scenarios to let UEs move across small cells. However, we suggest considering more typical deployments for this study. During the study and evolutions of NR specifications, many simulation studies use the scenarios defined in TR38.901[4], such as UMa, Dense Urban, InH, etc. Among them, the Dense Urban scenario can reflect the typical deployments in the city area where the handover may happen more frequently.
For the mobility simulations, the channel model with spatial consistency should be adopted, with which the channel may vary smoothly when UE moves from one location to another. We can also follow the TR38.901 to implement the spatial consistency of the channel models.
Proposal 3
· Evaluate the performance gain of AI/ML for mobility considering the scenario defined in TR38.901, e.g., Dense Urban.
· Adopt the spatial consistency channel mode in TR38.901 for the performance evaluations.
3.2 UE placement and trajectory
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Figure 1 An example of UE placement and trajectory.
For UE placement and trajectory, we suggest reusing the models in TR36.839 [3] as shown in Figure 1. The UEs are randomly dropped in the scenario and move toward a randomly selected direction. For the initial study, we can focus on the high-mobility UEs by assuming all UEs are placed outdoors in cars and move at different speeds.
Proposal 4
· Reuse the model in TR36.839 for UE placement and trajectory modeling.
· UEs are uniformly dropped in the scenarios, and all UEs are outdoors in the car. 
· The UE velocity can be [30, 60, 90, 120] kmph.
· The UE moves straight in a randomly picked direction. A trial is finished when the UE hits the bounding circle, which radius is [1.8] ISD.
· Other options are not precluded.
3.3 Performance metrics
The major performance metrics to evaluate mobility have been listed in the SID [1]. These metrics are widely used and should be evaluated as eventual KPIs for this study. For AI/ML-aided mobility, we can also evaluate the performance of the output of AI/ML models as intermediate KPIs to check how well the AI/ML model works for the given prediction tasks. These KPIs may not replace the eventual ones since they only indirectly reflect the final performance. However, for some evaluation items such as the generalization performance, these KPIs can be used to promptly check if there are significant performance losses after applying some non-ideal factors.
In this section, we will discuss both the intermediate and eventual KPIs for this study.
Intermediate KPIs
The intermediate KPIs reflect the output performance of AI/ML models. In this study, the AI/ML models are used to predict for all 3 use cases. 
For RRM measurement prediction, the methodologies of Rel. 18 study on AI/ML-based beam prediction can be reused with modifications to reflect the property of the mobility. For example, we can study the cell prediction accuracy on top of the beam prediction accuracy studied during Rel. 18. For the RSRP gap between the prediction and measurement,  the KPIs about the L3-RSRP gap can be introduced on top of the L1-RSRP gap.
For event prediction, such as HoF/RLF or measurement event predictions, the major intermediate KPIs are those related to event detection, which include the correct prediction probability, miss probability, and false prediction probability. Because miss and false predictions have significantly different impacts on mobility performance, we suggest evaluating these two separately instead of considering some overall KPIs such as the F1 score. For example, the legacy mobility mechanism may be the backup for the miss prediction of the events and only slightly degrade the mobility performance. However, the false prediction of the events may interrupt the normal transmissions and cause unnecessary or Ping-pong handovers, significantly impacting performance.
Following these discussions, the intermediate KPIs are proposed as,
Proposal 5
· Study the intermediate performance of AI/ML models with the following KPIs,
· For AI/ML-based measurement prediction
· Top 1/K cell/beam prediction accuracy.
· Average L1/L3-RSRP gap on the prediction accuracy.
· For AI/ML-based event (HoF/RLF/measurement events) prediction
· Prediction probability.
· Miss and false prediction probability.
Eventual KPIs
For eventual KPIs for mobility performance, although some KPIs listed in the SID are not the bottleneck of the current mobility mechanism, we suggest considering all of them since these KPIs are mutually impacted. When we use an AI/ML model to enhance mobility regarding one metric, e.g., to reduce the measurement overhead, we should ensure that the other KPIs are not impacted or only degraded within an acceptable range. The following are our proposals,
Proposal 6
· Study the eventual HO performance with the following KPIs,
· HoF and Ping-pong HO rate
· Short ToS rate
· Handover interruption time
· Measurement overhead reduction
Benchmarks
For benchmarks to assess the performance gain of AI/ML-aided mobility, we consider legacy Layer 3 handover cases. For intermediate KPIs, which are performance metrics about the prediction,  the sample-and-hold (SaH) rule based on the legacy Layer 3 mobility can serve as a benchmark, where the latest measurement following the current mobility mechanisms can be used to compare with the AI/ML predicted ones. A legacy rule-based Layer 3 handover mechanism should be adopted for comparison for the eventual KPIs. 
Proposal 7
· For intermediate KPIs, the benchmark scheme is Sample-and-Hold (SaH), i.e., prediction using the latest measurements following the legacy Layer 3 mobility mechanisms.
· For eventual KPIs, the benchmark scheme is rule-based Layer 3 HO without CHO.
3.4 Channel model for inter-frequency measurement prediction
The system-level simulations usually consider the independent channel models for two frequency bands, though the two carriers from the same operator and deployment site may be highly correlated due to the same propagation environments. The independent model usually introduces no trouble for the simulations. However, if we consider the inter-frequency measurement prediction from the measurement of one band to another, things will be different. The channel model should be able to reflect the correlations and differences between the two bands correctly. Then the AI/ML can learn these connections and make a prediction. Therefore, a channel model with inter-band frequency domain consistency should be studied and adopted for this SI.
Following are some related models as far as our knowledge,
· In TR36.897, a model is adopted to model the FDD DL and UL pair. This model considers the same cluster-ray arrival and departure directions, delays, relative powers, and cross-polarization ratios (XPRs) for two links but uses different wavelengths, initial phases, and path-loss factors.
· During Rel. 17 RAN1 MIMO enhancements, a model is adopted to model the FDD link pair, which considers the same delay and directions but different per-cluster shadowing and XPRs.
Both models are used to model the FDD downlink-uplink pair, and the separation in the frequency domain is not significant enough to introduce different power-delay profiles. However, for the inter-frequency measurement, the frequency difference is large enough to introduce different power-delay profiles of the channels. Due to the different propagation of two carriers with different frequencies, the delay of each ray of the channel may be similar but the power of each ray will be different. In TR38.901, the RMS delay spread is modeled as a frequency-dependent parameter, where a higher frequency will introduce a lower RMS delay spread. How to correctly reflect these propagation characteristics is an issue to be studied.
As a candidate solution, we consider further revisions following the current model methodologies for FDD link pair. Firstly, the channel on one band (say, Band #1) can be modeled following the procedure defined in TR38.901. The same LoS/NLoS condition, cluster-ray delays, and arrival/departure directions can be reused for Band #2. Similar to the FDD link model, different wavelengths, initial phase, XPR, and path loss can be used to generate the channel coefficient for Band #2. To satisfy the different RMS delay spread of Band #2, the power of each ray can be regenerated with the ray delays of Band #1 and the expected RMS delay spread of Band #2. The proposed method are summarized as follows,
Proposal 8
· Study the channel models for inter-frequency cases.
· A candidate option based on the existing models:
· Based on Section 7.6.5 of TR38.901, generate the channel on multiple frequency bands within FR1 with the following modifications.
· All bands use the same LoS/NLoS conditions, cluster-ray delays, and arrival/departure directions, which may be generated on one band.
· Different wavelengths and path loss are used for different bands.
· Different initial phases and XPRs are used for different bands.
· The relative power for the clusters is generated for one band and then regenerated to satisfy the RMS delay spread of other bands.
3.5 Simulation assumptions
Based on the discussions in this section, we summarized the proposed simulation assumptions in the following table. 
Proposal 9
· Adopt the simulation assumptions in Table 1 as common assumptions for the performance evaluations.
Table 1 Proposed simulation assumptions for the performance evaluation
	Parameter
	FR1
	FR2

	Carrier frequency
	3.5 GHz for Band#1, 4.5 GHz for Band#2 for inter-frequency measurement cases.
4 GHz for other cases.
	28 GHz

	Bandwidth
	100 MHz
	400 MHz

	Subcarrier spacing
	30 kHz
	120 kHz

	Channel model
	Dense Urban in TR38.901 with spatial consistency.
FFS: Model for inter-frequency cases.
	Dense Urban in TR38.901 with spatial consistency. 
FFS: Model for inter-frequency cases.

	Criteria for beam selection for serving cell
	Select the best beam pair among the limited set of DFT beams, based on the criteria of maximizing receive power after beamforming.  
	Select the best beam pair among the limited set of DFT beams, based on the criteria of maximizing receive power after beamforming.  

	Number of beams for each cell
	4 beams
	32 beams

	ISD
	200m
	200m

	BS Tx power
	43dBm
	43dBm

	BF scheme
	Analog BF based on beam selection
	Analog BF based on beam selection

	BS antenna configuration
	(M,N,P,Mg,Ng) = (2,4,2,2,2)
(dH,dV) = (0.5, 0.5)λ 
(dg,H,dg,V) = (4.0, 2.0)λ
	(M,N,P,Mg,Ng) = (8,8,2,2,2)
(dH,dV) = (0.5, 0.5)λ 
(dg,H,dg,V) = (4.0, 2.0)λ

	BS array orientation
	azimuth 0 degree; mechanic downtilt: 0 degree 
	azimuth 0 degree; mechanic downtilt: 0 degree 

	UE Configuration
	(M, N, P, Mg, Ng) = (1, 1, 2, 1, 1).
	(M, N, P, Mg, Ng) = (1, 1, 2, 1, 1).

	UE array orientation
	ΩUT,a  uniformly distributed on [0,360] degree, ΩUT,b = 90 degree, ΩUT,g = 0 degree
	ΩUT,a  uniformly distributed on [0,360] degree, ΩUT,b = 90 degree, ΩUT,g = 0 degree

	BS antenna pattern
	See Table A.2.1-6 in TR 38.802
	See Table A.2.1-6 in TR 38.802

	UE antenna pattern
	Isotropic
	Isotropic

	SS-block period
	20ms
	20ms

	BS antenna height
	10m
	10m

	UE antenna height
	1.5m
	1.5m

	UE antenna gain
	5dBi
	5dBi

	Noise figure for BS
	7dB
	7dB

	UE receiver noise figure
	10dB
	10dB

	UE distribution
	100% outdoor in cars: 30, 60, 90, 120 kmph
	100% outdoor in cars: 30, 60, 90, 120 kmph



4. Conclusion
In this contribution, we have the following observations and proposals,
Proposal 1
· Prioritize the following case for the performance evaluations during Rel. 19.
· Cell-level measurement prediction including intra and inter-frequency.
· In particular, inter-cell beam-level measurement prediction for L3 mobility should be prioritized.
· Measurement events prediction.
· Study the potential performance gain and identify the pros and cons of each possible approach.
Proposal 2
· Study the performance gain of AI-ML-aided mobility for both FR1 and FR2 during Rel. 19, where the study for FR1 should be prioritized.
· Study the performance gain of inter-frequency measurement prediction on multiple FR1 bands (i.e., from FR1-band#1 to FR1-band#2).
· E.g., FR1-band#1 is 3.5 GHz and FR1-band#2 is 4.5 GHz.
Proposal 3
· Evaluate the performance gain of AI/ML for mobility considering the scenario defined in TR38.901, e.g., Dense Urban.
· Adopt the spatial consistency channel mode in TR38.901 for the performance evaluations.
Proposal 4
· Reuse the model in TR36.839 for UE placement and trajectory modeling.
· UEs are uniformly dropped in the scenarios, and all UEs are outdoors in the car. 
· The UE velocity can be [30, 60, 90, 120] kmph.
· The UE moves straight in a randomly picked direction. A trial is finished when the UE hits the bounding circle, which radius is [1.8] ISD.
· Other options are not precluded.
Proposal 5
· Study the intermediate performance of AI/ML models with the following KPIs,
· For AI/ML-based measurement prediction
· Top 1/K cell/beam prediction accuracy.
· Average L1/L3-RSRP gap on the prediction accuracy.
· For AI/ML-based event (HoF/RLF/measurement events) prediction
· Prediction probability.
· Miss and false prediction probability.
Proposal 6
· Study the eventual HO performance with the following KPIs,
· HoF and Ping-pong HO rate
· Short ToS rate
· Handover interruption time
· Measurement overhead reduction
Proposal 7
· For intermediate KPIs, the benchmark scheme is Sample-and-Hold (SaH), i.e., prediction using the latest measurements following the legacy Layer 3 mobility mechanisms.
· For eventual KPIs, the benchmark scheme is rule-based Layer 3 HO without CHO.
Proposal 8
· Study the channel models for inter-frequency cases.
· A candidate option based on the existing models:
· Based on Section 7.6.5 of TR38.901, generate the channel on multiple frequency bands within FR1 with the following modifications.
· All bands use the same LoS/NLoS conditions, cluster-ray delays, and arrival/departure directions, which may be generated on one band.
· Different wavelengths and path loss are used for different bands.
· Different initial phases and XPRs are used for different bands.
· The relative power for the clusters is generated for one band and then regenerated to satisfy the RMS delay spread of other bands.
Proposal 9
· Adopt the simulation assumptions in Table 1 as common assumptions for the performance evaluations.
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