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1 Introduction
According to the Artificial Intelligence (AI)/Machine Learning (ML) for NR Air Interface SID [1], the SI contains the following objectives:
Use cases to focus on: 
· Initial set of use cases includes: 
· CSI feedback enhancement, e.g., overhead reduction, improved accuracy, prediction [RAN1]
· Beam management, e.g., beam prediction in time, and/or spatial domain for overhead and latency reduction, beam selection accuracy improvement [RAN1]
· Positioning accuracy enhancements for different scenarios including, e.g., those with heavy NLOS conditions [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

Note: the selection of use cases for this study solely targets the formulation of a framework to apply AI/ML to the air-interface for these and other use cases. The selection itself does not intend to provide any indication of the prospects of any future normative project. 

2) Assess potential specification impact, specifically for the agreed use cases in the final representative set and for a common framework:
· PHY layer aspects, e.g., (RAN1)
· Consider aspects related to, e.g., the potential specification of the AI Model lifecycle management, and dataset construction for training, validation and test for the selected use cases
· Use case and collaboration level specific specification impact, such as new signalling, means for training and validation data assistance, assistance information, measurement, and feedback

In RAN1#109-e, the following agreement was made [2]:
Agreement 
Spatial-frequency domain CSI compression using two-sided AI model is selected as one representative sub use case. 
· Note: Study of other sub use cases is not precluded.
· Note: All pre-processing/post-processing, quantization/de-quantization are within the scope of the sub use case. 

In RAN1#111, the following agreement was made [3]:
Agreement 
Time domain CSI prediction using UE sided model is selected as a representative sub-use case for CSI enhancement.   
Note: Continue evaluation discussion in 9.2.2.1.
Note: RAN1 Defer potential specification impact discussion at 9.2.2.2 until the RAN1#112b-e, and RAN1 will revisit at RAN1#112b-e whether to defer further till the end of R18 AI/ML SI.
Note: LCM related potential specification impact follow the high level principle of other one-sided model sub-cases.  

In RAN1#112bis-e, the following agreements were made [4]:
Agreement
The study of AI/ML based CSI compression should be based on the legacy CSI feedback signaling framework. Further study potential specification enhancement on 
· CSI-RS configurations (No discussion on CSI-RS pattern design enhancements)
· CSI reporting configurations 
· CSI report UCI mapping/priority/omission
· CSI processing procedures.   
· Other aspects are not precluded. 

Agreement
In CSI prediction using UE-side model use case, whether to address the potential spec impact of CSI prediction depends on RAN#100 final conclusion, focusing on the following
· data collection procedure, mainly including RS configuration, measurement and report configuration, resusing as much as possible what is defined for UE side use cases
· monitoring procedure and metric for AI-based CSI prediction.
· Model/functionality selection/switching and finetuning procedure.
· Note: Discussion on potential specification impact is limited to aspects which would NOT duplicate the work in Rel-18 MIMO WI.
· Note: Minimize LCM related potential specification impact discussion that follow the high-level principle of other one-sided model sub-cases.  


 In RAN1#113, the following agreement was made [5]:Agreement
In CSI compression using two-sided model use case, for UE-side monitoring, further study potential specification impact on triggering and means for reporting the monitoring metrics, including periodic/semi-persistent and aperiodic reporting, and other reporting initiated from UE.

Agreement
In CSI compression using two-sided model use case, for NW-side monitoring, further study the necessity, feasibility and potential specification impact to enable performance monitoring using an existing CSI feedback scheme as the reference.
· The association between AI/ML scheme and existing CSI feedback scheme for monitoring
· Note: The metric for monitoring and comparison includes intermediate KPI and eventual KPI.
· Other aspects are not precluded.


Agreement
In CSI compression using two-sided model use case, further study the necessity, complexity, overhead, latency and potential specification impact on ground truth CSI report for NW side data collection for model performance monitoring, including:   
· Scalar quantization for ground-truth CSI
· FFS: any processing applied to the ground-truth CSI before scalar quantization
· Codebook-based quantization for ground-truth CSI
· FFS: Parameter set enhancement of existing eType II codebook, based on evaluation results in 9.2.2.1
· RRC signaling and/or L1 signaling procedure to enable fast identification of AI/ML model performance
· Aperiodic/semi-persistent or periodic ground-truth CSI report.


In this contribution, we provide our views on other CSI measurement enhancements via AI/ML sub-use cases.
2 CSI Measurement and Feedback 
In this section we analyse two sources of inaccuracy for CSI feedback 

2.1 Timeliness of channel measurements
In usual operation, the UE carries out CSI measurements in one subframe or slot, the results of these measurements are sent to the network in the form of CSI reports during a later UL slot/subframe and the gNB uses these measurements to select and schedule resources for future transmissions to the UE in another slot/subframe. For UL transmissions, the UE transmits SRS in one UL slot/subframe, the gNB uses the SRS to measure the channel and based on the results of these measurements, the gNB schedules the UE to transmit in a later UL slot/subframe. The gNB does this on the implied assumption that the channel conditions between the time the CSI measurements are done and when the transmission takes place are similar. The degree to which the CSI measurements taken from a time before the actual transmission time reflect the actual channel quality during the time the physical channel transmission occurs depends on how far apart the two times are but also on the relative mobility of the UE. For a high mobility UE, radio propagation conditions can change significantly between the two times concerned. It is therefore desirable to take the channel measurement as close as possible to the actual physical channel transmission slot or subframe. Failing this, CSI measurements taken some time in the past but forward propagated to the actual physical channel transmission time for use in determining the allocation of transmission resources are likely more accurate for the actual transmission time. AI/ML can help in finding a good model for this extrapolation or prediction of channel measurements from previous and likely coarse measurements. This can be done in many possible ways two of which are discussed here.
2.1.1 CSI Prediction at the gNB
At RAN1#111 there was an agreement to concentrate on the study of UE-side CSI prediction. CSI prediction should be done for a number of transmission time candidates (TDRA candidates) and then the gNB can schedule the UE at the best of these time intervals corresponding to the best predicted CSI. Scheduling decisions are taken by the gNB for both DL and UL. If the predictions are done at the UE as previously agreed, operations can be done in either of two possible ways:
Option 1: The gNB informs the UE of the candidate TDRAs. This allows the UE to predict CSI at each of the candidate TDRAs. 
Option 2: The UE independently selects different TDRAs spread within the scheduling interval. The UE then predicts the CSI at each of the candidate TDRA. In either case, the UE would then send the candidate predictions with indications of their TDRA to the gNB which would select the optimum candidate TDRA in which the transmission will be scheduled. The UE can also just send the best candidate TDRA to the gNB for it to use for scheduling. Option 1 allows more gNB control than option 2.
Observation 1: To allow scheduling flexibility, CSI prediction should be carried out at [N] possible TDRA candidates.
Proposal 1: RAN1 should study paradigms for configuring TDRA candidates for CSI prediction at the UE. 

2.2 Frequency and time granularity of channel measurements
CSI measurements are taken on configured CSI resources. Resources configured for CSI represent an overhead as data cannot be transmitted on such resources. For this reason, in Rel17, the maximum configurable density for CSI resources is 3 resource elements per PRB. This maximum density determines the maximum amount of information that can be transmitted in a measurement report. It is desirable to increase CSI resource density as this gives better channel measurement accuracy and frequency granularity to help drive a more accurate modulation and coding adaptation. However, an increase in density, as well as depleting transmission resources will also require more CSI measurement reporting resources in the UL. By post-processing sparse CSI measurements by for example interpolation, the frequency (and time) granularity of CSI measurements can be improved. This improved granularity can be used to make better resource allocation decisions. Post-processed CSI measurements, in the limit, could generate a CQI value for every resource block. To transmit this to the gNB, further compression is required to reduce the number of bits needed.
The post-processing of CSI measurements can be subjected to AI/ML to derive a good model that can be applied to extend the coarse channel measurements into a full band measurement with granularity approaching a channel measurement per resource block. Compressing this full-band channel measurement can also be achieved by AI/ML to produce a concise transmissible format that when exploded/decompressed at the gNB will provide higher granularity CSI measurements for better resource allocation and choice of MCS etc. CSI measurement compression in both spatial and frequency domain was agreed in RAN1#109e to be under study in this SI.
Proposal 2: RAN1 should study paradigms for increasing CSI measurement granularity in both time and frequency in the prediction sub use case for more accurate resource and MCS allocation. 
With denser CSI measurements and their efficient reporting, there may be a need for new methods of resource allocation and associated transport channel processing that exploit the denser channel measurements.
Proposal 3: RAN1 should study new methods of resource allocation and transport channel processing suitable for higher CSI measurement granularity. 
3 Use case of CSI compression using two-sided model
In the RAN1#112bis-e meeting, RAN1 agreed that the study of AI/ML based CSI compression should be based on the legacy CSI feedback signalling framework. Considering use case of compression of channel information (e.g. compressed raw channel or eigenvectors), UE does not need to feedback conventional PMI information to gNB because gNB can calculate precoder of downlink transmission from decoded CSI feedback. One issue is whether the compressed channel information is treated as a new PMI type or new CSI feedback. We think this would have a specification impact. If the compressed channel information can be treated as a new PMI type, the specification impact could be smaller than treating it as new CSI feedback. However, if it is difficult to treat the compressed channel information as a new PMI type, introduction of new CSI feedback information needs to be considered. We think RAN1 should study whether the compressed channel information is treated as a new PMI type or new CSI feedback information.
Proposal 4: RAN1 should study whether the compressed channel information is treated as a new PMI type or new CSI feedback information.
If new CSI feedback information is introduced for AI/ML based CSI compression, this could have a large specification impact on channel state information framework in section 5.2.1 in TS38.214. We think this specification impact is too large, so introducing a new PMI type in section 5.2.2.2 of TS38.214 is better to save workload. We cannot find any reason to introduce new CSI feedback information for AI/ML based CSI compression so far. So, we propose to study specification impact of new PMI type for the CSI compression using two-sided model use case.
Proposal 5: RAN1 should study the specification impact of new PMI type for the CSI compression using two-sided model use case.
In the RAN1#112bis-e meeting, we agreed to study the necessity, feasibility and potential specification impact of enabling performance monitoring using an existing CSI feedback scheme as the reference for network-side monitoring. In addition, in the RAN1#113 meeting, further study of aperiodic/semi-persistent or periodic ground-truth CSI report in 9.2.2.2 section was agreed. For the NW-side to monitor the performance of CSI compression using two-sided model use case, NW-side needs to know the raw data which is not compressed using AI/ML model. To support this raw data feedback, we think there are two types of feedback from UE-side. One is periodic feedback and another one is aperiodic feedback of un-compressed CSI. Periodic feedback could be useful for mobility environments because channel state information can change due to UE mobility. The performance of CSI compression can be maintained by periodic feedback from UE-side. On the other hand, aperiodic feedback can be useful to control the monitoring timing by NW-side. If NW-side detects some performance degradation of CSI compression feedback using two-sided model, NW can initiate a feedback of the un-compressed CSI. Therefore, we propose to support periodic/aperiodic feedback of the raw data of CSI which is not compressed using AI/ML model from UE to NW for NW-side monitoring in CSI compression using two-sided model use case.
Proposal 6: RAN1 should support periodic/aperiodic feedback of the raw data of CSI which is not compressed using AI/ML model from UE to NW for NW-side monitoring in CSI compression using the two-sided model use case.
4 Conclusion
In this contribution, we discussed our views on CSI measurement enhancements via AI/ML. We observed and proposed as follows:

Observation 1: To allow scheduling flexibility, CSI prediction should be carried out at [N] possible TDRA candidates.
Proposal 1: RAN1 should study paradigms for configuring TDRA candidates for CSI prediction at the UE. 
Proposal 2: RAN1 should study paradigms for increasing CSI measurement granularity in both time and frequency in the prediction sub use case for more accurate resource and MCS allocation.  
Proposal 3: RAN1 should study new methods of resource allocation and transport channel processing suitable for higher CSI measurement granularity. 
 Proposal 4: RAN1 should study whether the compressed channel information is treated as a new PMI type or new CSI feedback information.
Proposal 5: RAN1 should study specification impact of new PMI type for the CSI compression using two-sided model use case.
Proposal 6: RAN1 should support periodic/aperiodic feedback of the raw data of CSI which is not compressed using AI/ML model from UE to NW for NW-side monitoring in CSI compression using the two-sided model use case.
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