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Introduction
In this paper, we present initial views on the study of AI/ML applications to physical layer for beam management based on the objectives in the Rel-18 NR study item on AI/ML [1]:
	 Use cases to focus on: 
· Initial set of use cases includes: 
· Beam management, e.g., beam prediction in time, and/or spatial domain for overhead and latency reduction, beam selection accuracy improvement [RAN1]
· Finalize representative sub use cases for each use case for characterization and baseline performance evaluations by RAN#98
· The AI/ML approaches for the selected sub use cases need to be diverse enough to support various requirements on the gNB-UE collaboration levels



The different sub-use-cases that can be considered for AI/ML aided beam management framework are discussed along with initial assessment of possible specification impact to enable these sub-use-cases. In our companion contribution [2], evaluation methodology and modelling assumptions have been discussed in detail along with initial evaluation results from some of the sub-use-cases.
[bookmark: _Hlk47732020]AI/ML for Beam Management - Use Cases
The beam management use case for AI/ML study can be broadly divided into two sub-cases i.e., spatial domain beam management and temporal domain beam management. Regardless for the specific use case, a common AI/ML model training and deployment framework can be considered. 


[bookmark: _Ref101998927]Figure 1: AI/ML Model Training and Deployment
An example is shown in Figure 1, where a supervised machine learning model with offline training/validation is considered. The model is offline in the sense that dataset for training and testing are pre-generated, and the model is pre-trained in a non-real time manner. Once the model is trained, it can be deployed in a real-time environment to aid in specific beam management tasks based on the following sub-use cases:
1. Spatial Domain Beam Management: Predict the optimal beam at UE or BS without exhaustive search with an aim to reduce measurement and reporting latency
a. Beam Prediction at the UE: For this use-case, consider a 2D planar array at UE with multiple analog Rx beams and fixed Tx beam at the gNB. The ML model is provided with channel or RSRP values for a subset of the beams and the best beam index or top K beam indices can be predicted from a subset of measurements thereby reducing the latency of beam acquisition or tracking
b. Beam prediction at the gNB (BM-Case1): Similar to the previous use case but for Tx/Rx beam selection at the gNB for a fixed directional or omni beam at the UE. Only a subset of gNB are measured and the ML model predicts the beam index or top K beam indices from these subset of measurement leading to latency reduction for optimal beam selection
c. Joint UE-gNB beam pair link prediction (BM-Case1): This use case would be similar to a joint P2+P3 procedure where the best beam at the gNB and the best beam at the UE are simultaneously identified by the ML model from a subset of measurements made on select beam pairs. 
2. Temporal Domain Beam Management (BM-Case2): This use case predicts the best beam at gNB or UE for the next time instant given beams from a window of preceding time instants. Time series data can be collected from UEs moving across an environment and LSTM based models can be used to predict the best beam. 
The following high-level agreement was reached in RAN1#110
	Agreement 
For the sub use case BM-Case1 and BM-Case2, further study the following alternatives for the predicted beams:
· Alt.1: DL Tx beam prediction
· Alt.2: DL Rx beam prediction
· Alt.3: Beam pair prediction (a beam pair consists of a DL Tx beam and a corresponding DL Rx beam)
Note1: DL Rx beam prediction may or may not have spec impact



For cases when UE and BS have a large number of beams, performing P2 and P3 procedures sequentially results in large latency. Implementing a joint P2/P3 procedure has been discussed in RAN1 before and can be shown to greatly reduce latency. In our understanding a joint P2/P3 based training methodology can be studied under Alt-3 of the above agreement based on L1 measurement and reporting framework. If ML based solutions are considered, then it may be possible to further reduce the latency by measuring only on certain combination of UE and gNB beams to predict the best beam pair link. This can potentially save measurement overhead as well provide large latency gains. Performance results in our paper [2] show that fraction of measurements still provides good prediction accuracy for this joint P2/P3 approach. 
Proposal 1: Beam Pair prediction (Alt-3) should be supported, at least for BM-Case 1 since it can provide large latency and measurement gains for joint P2/P3 procedure

	Agreement
For the data collection for AI/ML model training (if supported), study the following aspects as a starting point for potential necessary specification impact:
· Signaling/configuration/measurement/report for data collection, e.g., signaling aspects related to assistance information (if supported), Reference signals
· Content/type of the collected data
· Other aspect(s) is not precluded

Agreement 
In order to facilitate the AI/ML model inference, study the following aspects as a starting point:
· Enhanced or new configurations/UE reporting/UE measurement, e.g., Enhanced or new beam measurement and/or beam reporting
· Enhanced or new signaling for measurement configuration/triggering
· Signaling of assistance information (if applicable)
· Other aspect(s) is not precluded




For the agreements above, an important factor is where the model resides and how training and inference are linked i.e., if the model inference is performed where the model is trained. If the training and inference has access to the same type of data, then the measurement/reporting and collection of the data can be standardized. It also needs to be clarified where the model is expected to be trained using data from the 3GPP air interface design. If yes, then it would be possible to further design signalling, configuration and measurement mechanisms to aid in training and model inferencing. 
Observation 1: The impact of 3GPP specification related procedures for data collection for training as well as inference depends on where the model resides and if training and inferencing is being performed at the same node. 

Furthermore, even for models that may not directly impact specification e.g., model at the UE for UE Rx beam prediction, there may need to be some measurement triggering enhancements wherein a UE can request L1-RSRP report from the gNB in order to refine or update its model. The format of such reporting and the frequency may depend as well on how the model was trained. Therefore, it is important to first clarify if companies expect training data to be collected using 3GPP air interface which would then dictate the format of reporting as well as some basic methodology for how the dataset for model training is constructed. While models themselves may be non-standardized, the dataset being constructed based on standardized measurement and reporting schemes may have some advantages to harmonize AI/ML integration into the 3GPP air interface. 
Observation 2: Training dataset construction using 3GPP specified measurement and reporting framework may be advantageous for harmonizing deployment of proprietary AI/ML models.

	Agreement
Regarding the model monitoring for BM-Case1 and BM-Case2, to investigate specification impacts from the following aspects
· Performance metric(s)
· Benchmark/reference for the performance comparison
· Signaling/configuration/measurement/report for model monitoring, e.g., signaling aspects related to assistance information (if supported), Reference signals
· Other aspect(s) is not precluded


 
Model monitoring should be defined on a case-by-case basis. For example, model monitoring for spatial domain beam prediction may be followed at a time-scale that is very different from that of temporal domain beam prediction where model monitoring may play much more critical role. For temporal domain prediction, model monitoring may be inherent in the problem formulation wherein model input is updated with measurements if the prediction accuracy of the beam in a given time step is sufficiently wrong. Such active monitoring may not necessary for spatial domain case where long term statistics may be used to check if model accuracy is comparable to measurement accuracy. 
Proposal 2: Model monitoring should be defined specifically per use-case and its performance and impact may vary across different use-cases

	Agreement
Regarding the sub use case BM-Case1 and BM-Case2, study the following alternatives for AI/ML output:
· Alt.1: Tx and/or Rx Beam ID(s) and/or the predicted L1-RSRP of the N predicted DL Tx and/or Rx beams 
· E.g., N predicted beams can be the top-N predicted beams
· Alt.2: Tx and/or Rx Beam ID(s) of the N predicted DL Tx and/or Rx beams and  other information
· FFS: other information (e.g., probability for the beam to be the best beam, the associated confidence, beam application time/dwelling time, Predicted Beam failure) 
· E.g., N predicted beams can be the top-N predicted beams
· Alt.3: Tx and/or Rx Beam angle(s) and/or the predicted L1-RSRP of the N predicted DL Tx and/or Rx beams
· E.g., N predicted beams can be the top-N predicted beams
· FFS: details of Beam angle(s)
· FFS: how to select the N DL Tx and/or Rx beams (e.g., L1-RSRP higher than a threshold, a sum probability of being the best beams higher than a threshold, RSRP corresponding to the expected Tx and/or Rx beam direction(s))
· Note1: It is up to companies to provide other alternative(s) 
· Note2: Beam ID is only used for discussion purpose
· Note3: All the outputs are “nominal” and only for discussion purpose
· Note4: Values of N is up to each company. 
· Note5: All of the outputs in the above alternatives may vary based on whether the AI/ML model inference is at UE side or gNB side.
· Note 6: The Top-N beam IDs might have been derived via post-processing of the ML-model output



In RAN1#110, a major point of contention in the above agreement was based on how input to the AI/ML model is defined. In our view, the AI/ML model input should be considered prior to the pre-processing of data especially if 3GPP air interface is used for such data collection. Companies should disclose their pre-processing and post-processing methods in conjunction with details on how the data is collected for pre-processing and how it is used after post-processing. Additionally, as part of specification impact of AI/ML, it may be possible to standardize how beam IDs are mapped in the spatial domain. Since neither “beams” nor “beam angles” are defined in specification, it is difficult to understand how Alt-3 may work unless additional pre-processing is used. Therefore, Alt-1 should be considered as the baseline use-case with Alt-2 providing additional side information if necessary.
Proposal 3: For BM-Case1 and 2, Alt-1 should be considered as the baseline use case, with potential specification impact on how beam IDs are mapped in the spatial domain. 

Specification Impact of AI/ML for Beam Management
AI/ML model implementation in most cases may be dependent on implementation and specific models will be difficult to specify. However, from a standards perspective, the functionalities required to enable AI/ML models, irrespective of implementation details to be integrated into 5G-NR networks should be studied. Current networks offer a myriad of beam measurement and reporting functionalities which may be further augmented to enable AI/ML use cases.
Spatial domain beam prediction can be applied towards initial beam acquisition using SSB beams or beam tracking using narrower CSI-RS beams in conjunction with current beam reporting framework for faster and more accurate beam selection. The ML model may reside either at UE or gNB and the major specification impact will be triggering of beam measurement reports and reference signal transmissions. 
Observation 3: One possible area of specification impact for AI/ML model integration may be for triggering of beam measurement reports and reference signal transmissions, as well new L1 reporting formats.
Some examples for AI/ML model integration into current 5G networks are provided below

UE Spatial Domain Beam Prediction

[image: ]
Figure 2: ML Aided Beam Prediction at UE with Model residing at the gNB

For this case, the ML model may reside at the UE to enable ML Aided UE Rx beam tracking. It can work as follows:
· UE measures Rx beam quality for fixed gNB beam
· If Rx beam drops below threshold, UE triggers CSI-RS with repetition from gNB
· gNB transmits CSI-RS with repetition (BM)
· UE can measure subset of Rx beams to find the best Rx beam
The specification impact may be from UE triggered CSI-RS transmissions for beam measurements. Initial performance evaluation of such models has been provided in [2]. 
gNB Spatial Domain Beam Prediction
[image: ]
Figure 3: ML Aided Beam Prediction at gNB with Model residing at the gNB
For this use-case, the ML model may reside at the network to enable UE and ML-aided gNB beam tracking using DL measurements. The process can function as follows: 
· gNB triggers CSI-RS for CSI based on periodic/aperiodic beam report from UE if Tx beam drops below threshold
· gNB transmits M CSI-RS where M<< total number of CSI-RS beams
· UE measures L1-RSRP and reports to gNB
· gNB can use of M measurement to predict best Tx (Rx) beam
In this case, the UE does not need to know which CSI-RS beams are transmitted i.e., gNB can sample spatial domain based on its own implementation. The scheme relies on the L1 beam report from the UE for best beam prediction at the gNB. Potential gain is from reduced CSI-RS transmissions for measurement. 
Joint Beam Pair Link Prediction
[image: ]
Figure 4: ML Aided Joint Beam-Pair Link Prediction with Model residing at the gNB
This use case is similar to joint P2+P3 procedure and can work with either DL or UL measurements as shown in the figure. The following setups can be considered with the assumption that the AI/ML model resides at the gNB:
· Setup 1 – DL measurement and reporting
· CSI-RS transmission from gNB on subset of beams
· UE measures on sub-set of Rx beams and reports back to gNB
· gNB predicts best beam pair link using AI/ML model
· Setup 2 – UL Measurement
· SRS transmission using a subset of UE beams
· gNB measures using a sub-set of Rx beams and predicts the best beam pair link

To enable this use case, new L1 reporting formats may need to be specified. For example, under setup 1, there may be a need for the gNB to signal to the UE that it should measure each Tx beam from gNB on a specific Rx beam and then the UE should be able to report the measurement corresponding to each of these beam pair links to the gNB using a new L1 reporting format. The major gains in this use case are envisioned to be from the latency gains due to reduction in the total number of measurements needed.

Similar specification impact can also be expected from temporal domain beam tracking. However this use case heavily depends on the EVM for dataset generation and the specific algorithms used for AI/ML models. The details can be discussed after the EVM is finalized. 
Conclusion
In this paper, beam management use cases and related specification impact has been discussed. The main proposals from this paper are outlined here:
Proposal 1: Beam Pair prediction (Alt-3) should be supported, at least for BM-Case 1 since it can provide large latency and measurement gains for joint P2/P3 procedure
Proposal 2:  Model monitoring should be defined specifically per use-case and its performance and impact may vary across different use-cases
Proposal 3: For BM-Case1 and 2, Alt-1 should be considered as the baseline use case, with potential specification impact on how beam IDs are mapped in the spatial domain

The following observations were also made:
Observation 1: The impact of 3GPP specification related procedures for data collection for training as well as inference depends on where the model resides and if training and inferencing is being performed at the same node. 

Observation 2: Training dataset construction using 3GPP specified measurement and reporting framework may be advantageous for harmonizing deployment of proprietary AI/ML models.
Observation 3: One possible area of specification impact for AI/ML model integration may be for triggering of beam measurement reports and reference signal transmissions, as well new L1 reporting formats.
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