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[bookmark: OLE_LINK39][bookmark: OLE_LINK38][bookmark: OLE_LINK37]Introduction
For AI/ML for RRM measurement prediction, in the RAN2 #125bis meeting the agreements was made to support evaluation of use cases.
	Agreements
1. For cell level measurement prediction model, at least consider the following cases:
Case 1: To predict beam level results, then generate cell level results based on the predicted beam results; 
Case 2: To directly predict cell level results based on cell level results.
Case 3: To directly predict cell level results based on beam level results 
1. We will consider intra-frequency intra and inter-cell spatial domain measurement predictions, for beam and cell level measurements.  
1. For temporal domain measurement prediction, we will consider the AI-PHY beam management Case A and Case B from the RAN1 AI/ML PHY TR and it applies to both beam level and cell level.   As baseline we will focus on pure temporal prediction.  
1. The following items can be considered as a baseline for the prediction accuracy of the cell-level measurement prediction：
Spatial-domain prediction： RSRP difference to the actual measurement
Temporal prediction：RSRP difference to the actual measurement
measurement reduction rate as one KPI
1. As a first step we will focus on measurement prediction accuracy.  FFS whether and what system level performance evaluation is needed


[bookmark: OLE_LINK1]In this paper, we present our initial evaluation and simulation results on temporal, spatial and frequency domain RRM measurement prediction.
Motivation
[bookmark: OLE_LINK33][bookmark: OLE_LINK32]The RRM measurement procedure is critical for maintaining the performance and reliability of mobile network. With the evolution of cellular technology and the introduction of higher frequency bands such as FR2, the number of measurement reports can increase even further due to dynamic channel conditions, beamforming, dense deployments, and smaller cell sizes. To facilitate UE RRM measurements, the network transmits various types of reference signals, representing a significant system overhead that consumes both radio resources and network energy. 
At R18, 3GPP has studied AI/ML for Beam management, the evaluation results show AI/ML can provide good beam prediction accuracy with fewer measurements/RS overhead at temporal domain and spatial domain. For mobility, with certain spatial consistency AI/ML can be extended to work on cross-cell RRM measurement prediction. 
[bookmark: OLE_LINK40]With certain consistency in temporal/spatial domain, the prediction can lead to overhead reduction and energy saving. However, prediction is not always perfect, there is always a difference between prediction and actual value. For mobility, the prediction measurement difference will influence the system performance. The correlation between the discrepancy in predicted versus actual values and the overall system performance does not inherently follow a linear or proportional pattern. For instance, minor prediction errors may not substantially affect the overall system performance, but when the error surpass a certain threshold, the system performance may precipitously decline. 
Our objective is to minimize the reference signal overhead and UE measurement effort by leveraging AI/ML techniques, while simultaneously preserving the system's performance. Thus, a comprehensive assessment of AI model cannot just be judged solely by intermediated KPI (e.g., RSRP difference), but requires a comprehensive evaluation on system performance KPIs. 
[bookmark: OLE_LINK43][bookmark: _Hlk163056147]Observation 1: The correlation between the discrepancy in predicted versus actual values and the overall system performance does not inherently follow a linear or proportional pattern. Minor prediction errors may not substantially affect the overall system performance, but when the error surpass a certain threshold, the system performance may precipitously decline.
[bookmark: OLE_LINK41]Proposal 1: To evaluate the performance of RRM measurement prediction, both intermediate KPIs and system performance KPIs should be studied. 
[bookmark: OLE_LINK42]Driven by this, we provide evaluation and preliminary results including intermediate KPIs and system performance KPIs, demonstrating that with decrease signaling overhead and reduction of the UE measurement effort and power consumption, crucially, these improvements are achieved without compromising the overall system performance. 
Evaluation and preliminary results
[bookmark: _Hlk161415726][bookmark: OLE_LINK13]Preliminary Results for Temporal domain on serving cell and neighboring cells
For the AI approach, we use 10 previously available measurements(10*20=200ms), e.g., L1 RSRP, to predict the next measurement result. In table 1, we summarize the evaluation results of measurement reduction from 25% to 87.5% for 30km/h, we can observe that with the increase of measurement reduction (prediction window), the average L1-Beam RSRP difference between ideal of predicted all beam pair and that of genie-aided all beam pair are smaller than 1.5 dB, and lower than L1-Beam RSRP baseline method of sample and hold; with 25% ~87.5% reduction, the average L3-cell RSRP difference between ideal of predicted cell quality and that of genie-aided cell quality are about 1 dB.
	Measurement Reduction rate in time domain
	25%
	50%
	87.5%

	Avg. L1-RSRP diff
	1.35
	1.33
	1.69

	Baseline L1-RSRP diff (Sample & Hold)
	1.67
	2.07
	2.21

	Avg. L3-cell RSRP diff
	0.36
	0.94
	1.47

	Model storage complexity
	4.22MB(Transformer)

	Model computational complexity 
	0.45 GFLOPs (Transformer)


Table 1 Intermediate simulation results for temporal RRM measurements
Observation 2: By AI/ML temporal domain prediction, from reduction from 25% to 87.5% in reference signal and UE measurement effort, L1 average RSRP are relatively low. Only with intermediate KPIs, it’s hard to find the threshold RSRP difference that cause system performance dramatically drop. 
We further provide the system performance results as following:
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   (a) Data interruption time rate                 (b) HO success/HOF times 
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   (c) Ping-pong times                        (d) Average time of stay(ms)
Figure 1 System simulation results for temporal RRM measurements with 50% reduction
[image: ]           [image: ] 
   (a) Data interruption time rate                 (b) HO success/HOF times 
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   (c) Ping-pong times                        (d) Average time of stay(ms)
Figure 2 System simulation results for temporal RRM measurements with 87.5% reduction
Observation 3: By AI/ML temporal domain prediction, a 50% reduction in reference signal and UE measurement effort can be achieved, without any degradation in mobility performance compared with legacy L3 HO in the metrics such as HOF, Ping-pong, data interruption time, and average TOS. 
Observation 4: By AI/ML temporal domain prediction, an 87.5% reduction in reference signal and UE measurement effort can be achieved, with a considerable degradation in high-speed scenario for mobility performance compared with legacy L3 HO in the metrics such as HOF, Ping-pong, data interruption time, and average TOS.
Preliminary Results for Spatial domain on serving cell and neighbouring cell
Considering spatial RRM measurement prediction, the AI model is deployed to learn data characteristics, taking quality of partial beam-pairs as input while output quality of full beam-pairs information. As the measurement beam numbers decreased, the average difference between the predicted L3 filtering RSRP value and the actual L3 filtering RSRP gradually expanded. Specifically, when the beam measurement number is reduced by 50%, the minimum RSRP difference is observed to be 1.43 dB.
	[bookmark: _Hlk165622763]Measurement Reduction rate in spatial domain(1-N/32beams)
	25%
	50%
	87.5%

	Avg. L1-RSRP diff
	0.82
	1.43
	1.72

	Avg. L3-cell RSRP diff
	0.51
	0.93
	1.34

	Model storage complexity
	0.41MB(CNN)

	Model computational complexity 
	0.03 GFLOPs (CNN)


[bookmark: OLE_LINK21]Table 2 Intermediate simulation results for spatial RRM measurements
Observation 5: By AI/ML spatial domain prediction, from reduction from 25% to 87.5% in reference signal and UE measurement effort, L1 and L3-cell average RSRP difference are relatively low. 
[bookmark: OLE_LINK94][bookmark: OLE_LINK46]Comparing the system performance of the AI method and the traditional mobility method when the spatial measurement overhead is reduced by 50%, from Figure (a) it can be observed the average data interruption time caused by HOF/RLF and HO execution remains relatively consistent or slightly reduced. This can be attributed to the decrease in the overall number of Handovers, while slight increases in HOF and RLF occurrences are evident as indicated in Figures (b). From Figure(d) it can be observed the average ToS of UE in each cell increases relatively due to the reduction of the occurrences of Hos and Ping-pong. Moreover, as the UE movement speed increases, the AI approach notably amplifies the ToS compared to the traditional mobility method. We will explore to potentially achieve even greater reductions in reference signal overhead and UE measurement effort in the future.
      [image: ]          [image: ]
[bookmark: _Hlk162707842]   (a) Data interruption time rate                 (b)  HO success/HOF times 
      [image: ]          [image: ]
   (c) Ping-pong times                        (d) Average time of stay(ms)
[bookmark: _Hlk162359046][bookmark: OLE_LINK9]Figure 3 Simulation results for spatial RRM measurements
[bookmark: OLE_LINK47][bookmark: OLE_LINK44]Observation 6: By AI/ML spatial domain prediction, 50% reduction in reference signal and UE measurement effort can be achieved, without any degradation in mobility performance compared with legacy L3 HO in the metrics such as HOF, Ping-pong, data interruption time, and average TOS. 
Preliminary Results for Frequency domain on serving cell and neighbouring cell
Considering frequency RRM measurement prediction, the AI model is used to learn data characteristics based on the beam measurement information with one frequency information to predict the beam information of another frequency. Preliminary simulation results of frequency domain beam prediction show that when acquire cell of 4GHz information through the prediction of beam information in the cell with 2.4GHz through the AI model, the minimum difference between the predicted value and the actual RSRP is 1.50dB with same beam pattern, while with different beam setting, the AI performance deteriorated.
	Frequency (2.4/4 GHz)
	Collocate with same beam pattern
	Collocate with different beam pattern

	Avg. L1-RSRP diff
	1.50
	2.74

	Avg. L3-cell RSRP diff
	1.12
	2.46

	RMSE
	2.51
	3.19

	Model storage complexity
	0.41MB(CNN)

	Model computational complexity 
	0.03 GFLOPs (CNN)


[bookmark: OLE_LINK688][bookmark: OLE_LINK686][bookmark: OLE_LINK687]Observation 7: By AI/ML frequency domain prediction on FR1-to-FR1, while reducing the frequency domain measurement effort, the performance of AI is better under same beam pattern setting than different beam setting, which imply the consistency of beam patterns is one factor for AI to make accurate predictions. Other factors affecting the performance needs further investigation.
[bookmark: OLE_LINK10]Preliminary Results for Measurement Gap Reduction
The preliminary evaluation is provided to discuss the system HO performance loss due to the measurement gap reduction. Three different cases, e.g., normal (no MG reduction), AI (with MG reduction), and sample and hold (MG reduction with non-AI method) are considered as shown in the following Figure 4. 
[image: ]
Figure 4: Example of measurement gap reduction with AI prediction (1/2 measurement gap)
For the AI approach, we use 10 previously available measurements, e.g., L1 RSRP of all cells, to predict the next measurement result. Then UE assumes the prediction is the real measurement and uses them (and other real measurements) to trigger the measurement report and executes the normal HO procedure. The RSRP difference is provided in Table 3. 
	[bookmark: _Hlk165623083]Measurement gap reduction (20ms/5.5ms)
	AI
(1/2 MG)
	Sample and hold
(1/2 MG)
	AI
(1/8 MG)
	Sample and hold
(1/8 MG)

	Avg. L1-RSRP diff
	1.06
	1.29
	2.01
	2.35

	Avg. L3-cell RSRP diff
	0.96
	1.15
	1.65
	2.04


Table 3 RSRP difference for AI and sample and hold approaches
The system-level simulation results are also provided to show the comparisons among normal case, AI case, and non-AI. The system performance metrics include mobility fail (HO fail + RLF), number of HO, ping-pong rate, and the total data interruption time (due to HO proc, HO fail, and RLF). The preliminary simulation results show that with the help of AI prediction, the HO system performance loss, e.g., the mobility fail, ping-pong, and corresponding data interruption time, is acceptable. However, the sample and hold case suffered a relatively large performance loss compared to the AI case, especially for the ping-pong and data interruption time, which indicates the performance gain from the AI approach. 
Figures 5 and 6 provide the system performance comparison for the case where 1/2 measurement gap is used (~20% available resource gain). While Figures 7 and 8 provide the comparison for the case where only 1/8 measurement gap is used (~33% available resource gain). Similar trends as mentioned above are observed in two experiments. 

Figure 5: HOF and Ping-Pong (1/2 measurement gap)

Figure 6: Data interruption rate (1/2 measurement gap)

Figure 7: HOF and Ping-Pong (1/8 measurement gap)

Figure 8: Data interruption rate (1/8 measurement gap)
Observation 8: With AI/ML temporal domain prediction, reducing the measurement gap to 1/2 or even 1/8 does not compromise mobility performance compared with legacy L3 HO in the metrics such as HOF, Ping-pong, data interruption time and average TOS. While the non-AI sample and hold has the worst performance. 
[bookmark: OLE_LINK11]Observation 9: Under a fixed 5.5ms measurement gap length, extending the measurement gap repetition period from 20ms to 40ms (and from 20ms to 160), can provide roughly 20% (and roughly 33%) available resource gain for the UE.
[bookmark: OLE_LINK45][bookmark: OLE_LINK58][bookmark: OLE_LINK2]Proposal 2: RAN2 studies AI/ML prediction in temporal and/or frequency domain to reduce measurement gap for both intra-frequency and inter-frequency RRM measurement. 
Conclusion
Observations: 
Observation 1: The correlation between the discrepancy in predicted versus actual values and the overall system performance does not inherently follow a linear or proportional pattern. Minor prediction errors may not substantially affect the overall system performance, but when the error surpass a certain threshold, the system performance may precipitously decline.
Observation 2: By AI/ML temporal domain prediction, from reduction from 25% to 87.5% in reference signal and UE measurement effort, L1 average RSRP are relatively low. Only with intermediate KPIs, it’s hard to find the threshold RSRP difference that cause system performance dramatically drop. 
Observation 3: By AI/ML temporal domain prediction, a 50% reduction in reference signal and UE measurement effort can be achieved, without any degradation in mobility performance compared with legacy L3 HO in the metrics such as HOF, Ping-pong, data interruption time, and average TOS. 
Observation 4: By AI/ML temporal domain prediction, an 87.5% reduction in reference signal and UE measurement effort can be achieved, with a considerable degradation in high-speed scenario for mobility performance compared with legacy L3 HO in the metrics such as HOF, Ping-pong, data interruption time, and average TOS.
Observation 5: By AI/ML spatial domain prediction, from reduction from 25% to 87.5% in reference signal and UE measurement effort, L1 and L3-cell average RSRP difference are relatively low. 
Observation 6: By AI/ML spatial domain prediction, 50% reduction in reference signal and UE measurement effort can be achieved, without any degradation in mobility performance compared with legacy L3 HO in the metrics such as HOF, Ping-pong, data interruption time, and average TOS. 
Observation 7: By AI/ML frequency domain prediction on FR1-to-FR1, while reducing the frequency domain measurement effort, the performance of AI is better under same beam pattern setting than different beam setting, which imply the consistency of beam patterns is one factor for AI to make accurate predictions. Other factors affecting the performance needs further investigation.
Observation 8: With AI/ML temporal domain prediction, reducing the measurement gap to 1/2 or even 1/8 does not compromise mobility performance compared with legacy L3 HO in the metrics such as HOF, Ping-pong, data interruption time and average TOS. While the non-AI sample and hold has the worst performance. 
Observation 9: Under a fixed 5.5ms measurement gap length, extending the measurement gap repetition period from 20ms to 40ms (and from 20ms to 160), can provide roughly 20% (and roughly 33%) available resource gain for the UE.
Proposals:
Proposal 1: To evaluate the performance of RRM measurement prediction, both intermediate KPIs and system performance KPIs should be studied. 
Proposal 2: RAN2 studies AI/ML prediction in temporal and/or frequency domain to reduce measurement gap for both intra-frequency and inter-frequency RRM measurement.  
Reference
[1]RP-234055, Study on Artificial Intelligence (AI)/Machine Learning (ML) for mobility in NR, RAN#102.

Appendix
Potential Evaluation scenarios
[bookmark: _Ref101861048]Table 1 Assumptions for SLS
	Items 
	Values

	ISD
	200m for FR2

	Channel model
	38.901 UMa model with LOS/NLOS transition

	Number of sites/sectors
	The 2 tiers model of 7 sites each with 3 sectors

	Antenna Configuration
	(4, 8, 2, 1, 1, 1, 1) (dV, dH) = (0.5, 0.5)λ

	Carrier Frequency / Bandwidth 
	30GHz for FR2, 80MHz

	BS Beam setting
	32 beams downlink Tx beams (max number of available beams) at NW side. Other values, e.g., 64 or 256 not precluded.

	Sub-carrier spacing
	120KHz

	BS Total TX power 
	46 dBm
Other values (e.g., 34 dBm) not precluded

	BS height
	25m

	UE beam setting
	1 beam omni or 4 beams per UE panel

	UE Antenna configuration
	(1, 4, 2, 1, 1, 1, 1), 1 panels

	UE placement
	100% outdoor

	UE speed
	30/60/120 km/h

	UE height
	1.5m

	UE trajectory
	Options 1-3 in TR 38.843 section 6.3.1
Other options are not precluded

	Scenario 
	Uma with LoS and NLOS (TR 38.913) is the basic scenario for dataset generation and performance evaluation.
Other scenarios are not precluded.




HO fail/success/PP (times per min)

30km/h	Normal	
AllMobFail	HO succ per min	PP rate	0.63765941485371347	7.0142535633908478	0.75018754688672162	30km/h	Half (AI)	
AllMobFail	HO succ per min	PP rate	0.60015003750937734	7.5393848462115525	0.75018754688672162	30km/h	Half (S	&	H)	
AllMobFail	HO succ per min	PP rate	0.71267816954238561	8.9272318079519888	1.762940735183796	



Data interrpution rate

DIT rate Mob	
Normal	AI	S	&	H	30km/h	1.17E-2	1.2500000000000001E-2	1.47E-2	DIT rate RLF	
Normal	AI	S	&	H	30km/h	4.4999999999999997E-3	4.4999999999999997E-3	5.3E-3	



HO fail/success/PP (times per min)

30km/h	Normal	
AllMobFail	HO succ per min	PP rate	0.60015003750937734	7.0517629407351841	0.78769692423105775	30km/h	AI	
AllMobFail	HO succ per min	PP rate	0.75018754688672162	8.8147036759189792	1.2378094523630907	30km/h	S	&	H	
AllMobFail	HO succ per min	PP rate	0.67516879219804948	14.066016504126031	4.5011252813203297	



Data interruption rate

DIT rate Mob	
Normal	AI	S	&	H	30km/h	1.17E-2	1.46E-2	2.3300000000000001E-2	DIT rate RLF	
Normal	AI	S	&	H	30km/h	4.4999999999999997E-3	5.5999999999999999E-3	4.8999999999999998E-3	
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