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Introduction

In RAN #102 meeting, the WID on Artificial Intelligence (AI)/Machine Learning (ML) for NR Air Interface was approved [1]. The objectives for RAN4 are duplicated as following.

	Testability and interoperability [RAN4]: 

Finalize the testing framework and procedure for one-sided models and further analyse the various testing options for two-sided models, in collaboration with RAN1, and including at least: 

Relation to legacy requirements

Performance monitoring and LCM aspects considering use-case specifics

Generalization aspects 

Static/non-static scenarios/conditions and propagation conditions for testing (e.g., CDL, field data, etc.)

UE processing capability and limitations

Post-deployment validation due to model change/drift


In last meeting, there is discussion on Artificial Intelligence (AI)/Machine Learning (ML) for NR Air Interface, and a WF was approved [2]. This contribution provides discussion on testability and interoperability issues for beam management.

Discussion  
	Issue 2-1: Metrics/KPIs for Beam prediction requirements/tests

Companies to bring further proposals on how to study the impact of measurement accuracy on prediction accuracy.

Issue 2-2: Measurement accuracy 

Companies to bring further proposals on how to study the impact of measurement accuracy on prediction accuracy.


According to RAN1 evluation in SI, for beam management, there is performance difference under different assumptions/scenarios for BM-Case1 and/or BM-Case2 [3]. Different assumptions include quantization granularity of L1-RSRP, measurement error, Rx beam assumption, Set B pattern assumptions.

Taking measurement error as an example, for BM-Case1 DL Tx beam prediction, when Set B is a subset (1/4) of Set A, without differentiating BB errors and RF errors modelled as truncated Gaussian distribution,  according to evaluation results [3], considering ±2 dB relative measurement error, the beam prediction accuracy degrades 6%~10% in terms of Top-1 beam prediction accuracy comparing to the one without measurement error. With ±3 or ±4 dB relative measurement error,  the beam prediction accuracy degrades 14% (with 3dB error) ~20% (with 4dB error) in terms of Top-1 beam prediction accuracy comparing to the one without measurement error. When the relative measurement accuracy increased to ±6 dB, the beam prediction accuracy degrades 22%~30% in terms of Top-1 beam prediction accuracy comparing to the one without measurement error. 

We notice that RAN1 evaluation is performed with Top-1 beam prediction accuracy. If K is larger than 1, the performance degredation may be not so severe. Top-K/1 (%) is the case that the percentage of “the Top-1 strongest beam is one of the Top-K predicted beams”. The K is larger, it is expect that it is more robust to the measurement error. It is proposed  to evaluate the performance impact due to measurement error with different value of K.

Proposal 1: for the study of the impact of measurement accuracy on prediction accuracy, it is proposed to evaluate the performance impact due to measurement error with different value of K. 

The motivation is that for Top-K/1 (%), with larger value of K, it is more robust to the measurement error. It is suggested to check whether there is K with reasonable value, e.g. K between 1 to 5, which is roubust enough and the performance degredation due to measurement error is minimum.
According to TS 38.133, existing relative accuracy of SSB based L1-RSRP for FR1 is ±3dB, and the relative accuracy of SSB based L1-RSRP for FR2 is ±6.5dB. It would be good that we could introduce better accuracy requirements, but it seems difficult to enhance the accuracy considering the impletantion margin. For the study the impact of measurement accuracy on prediction accuracy, it may be not necessary to have different set of measurement error, i.e. relative measurement error of ±2 dB, ±3, ±4 dB, ±6 dB. To save effort, the existing relative accuracy can be used to perform the evaluation.

Proposal 2:  for the study of the impact of measurement accuracy on prediction accuracy, it is proposed to use legacy relative accuracy requirements for SSB based L1-RSRP measurement to model measurement error, i.e. ±3dB for FR1 and  ±6.5dB for FR2.
In Rel-18 SI discussion, both spatial-domain DL beam prediction and temporal DL beam prediction are considered. For metrics for beam management requirements/tests, the following test metrics are identified and could be considered in the WID phase [3].
Option 1: RSRP accuracy

Option 2: Beam prediction accuracy

Top-1 (%) : the percentage of “the Top-1 strongest beam is Top-1 predicted beam”

Top-K/1 (%) : the percentage of “the Top-1 strongest beam is one of the Top-K predicted beams”

Top-1/K (%) : the percentage of “the Top-1 predicted beam is one of the Top-K strongest beams”

Option 3: The successful rate for the correct prediction which is considered as maximum RSRP among top-K predicted beams is larger than the RSRP of the strongest beam – x dB, 

Related measurement accuracy can be considered to determine x

Option 4: combinations of above options
From our point of view, both RSRP accuracy and beam prediction accuracy are proposed to be considered as metrics for requirements/tests, since the two metrics verify the inference performance from different perspective. Beam prediction accuracy (absolute or relative) is similar like existing L1-RSRP measurement accuracy. For example, the absolute prediction accuracy is the difference between predict L1-RSRP and ideal L1-RSRP.  Beam prediction accuracy is used to reflect the percentage that the predict beam is the “genie-aided” beam. Having good RSRP accuracy does not mean that the beam prediction accuracy is good, vice versa. For example, the “genie-aided” beam (or described as the Top-1 strongest beam) is the beam with index_3. The predicted beam of the AI/ML model is the beam with index_6. If the difference between predict L1-RSRP and ideal L1-RSRP for beam with index_6 is small, we can say that this AI/ML has good RSRP accuracy, but we canot say that the beam prediction accuracy is good since the predicted beam is not the right beam.

Proposal 3: for beam management, it is proposed to take RSRP accuracy and beam prediction accuracy as metrics for requirements/tests.

Conclusion

This contribution provides discussion on  testability and interoperability issues for beam management. The proposals are:

Proposal 1: for the study of the impact of measurement accuracy on prediction accuracy, it is proposed to evaluate the performance impact due to measurement error with different value of K. 

The motivation is that for Top-K/1 (%), with larger value of K, it is more robust to the measurement error. It is suggested to check whether there is K with reasonable value, e.g. K between 1 to 5, which is roubust enough and the performance degredation due to measurement error is minimum.
Proposal 2:  for the study of the impact of measurement accuracy on prediction accuracy, it is proposed to use legacy relative accuracy requirements for SSB based L1-RSRP measurement to model measurement error, i.e. ±3dB for FR1 and  ±6.5dB for FR2.
Proposal 3: for beam management, it is proposed to take RSRP accuracy and beam prediction accuracy as metrics for requirements/tests.
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