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In the study item [1] scope, it is stated that one of the use cases to be focused on is
· Initial set of use cases includes: 
· [bookmark: _Hlk102060727]CSI feedback enhancement, e.g., overhead reduction, improved accuracy, prediction [RAN1]
and that the study is to identify “common and specific characteristics for framework investigations” including
· Dataset(s) for training, validation, testing, and inference 

Although for the use cases under consideration, the performance benefits of AI/ML based algorithms are to be evaluated using “Methodology based on statistical models,” it is also stated that
· [bookmark: _Hlk102047861]Whether field data are optionally needed to further assess the performance and robustness in real-world environments should be discussed as part of the study. 

In this contribution, we provide our opinions on the importance and necessity for a common field data set for the design of CSI feedback enhancement and identify some challenges in building such a data base. 

Discussion
The importance of a common field data set for AI/ML designs
Ideally, a training-based AI/ML algorithm is best designed using real field data in all its design phases starting from training, validation and to testing. However, in many cases, a field data base of adequate size and representation required for the specific use case is not available. Instead, simulation and data augmentation are often used in the training and validation phases, and sometimes even in the testing phase, especially in academic projects.
Designing AI/ML algorithms entirely on simulated data may be acceptable in some cases. However, under a standardization framework, this approach must be agreed by all participants and the resulting designs’ ability to generalize to real world needs to be thoroughly verified. This final verification is of paramount importance to ensure that the designs to be adopted in 3GPP standard are useful features and will be widely deployed. Moreover, in the decision-making process, various proposals need to be benchmarked using an objective real-world data set. A well-known example in the area of image processing is the CIFAR-10 dataset (Canadian Institute For Advanced Research) commonly used to train machine learning and computer vision algorithms.
Specifically for CSI related studies, the raw data to be taken as input of an AI/ML algorithm is the multi-port CSI-RS observation of the MIMO channel. Therefore, it is in our opinion that CSI-RS field data is indeed needed to further assess the performance and robustness in real-world environment for AI/ML based CSI enhancements. 


Challenges in collecting CSI measurement in the field 
A (relatively) simple way of collecting CSI-RS measurements without specialized equipment is to send a UE equipped with proper logging interface in the field to record I-Q samples from a live network. To collect sufficient amount of such measurements for the purpose of AI/ML design is a very time-consuming process and will likely require innovative and collaborative efforts.
In addition, data collected through a UE has a few inherent properties that require further processing to be useful for testing an AI/ML based algorithm.
First, the measurement is noisy. Therefore, a given CSI-RS measurement in the field doesn’t have a “label” (such as “dog” is to a dog image) that is the genie channel required to calculate the error. For one-shot and stationary channel, the MIMO channel response may be accurately estimated by accumulating multiple CSI-RS observations if periodic CSI-RS is configured by the network. Data collected and generated this way can be used to test CSI feedback compression for overhead reduction [2] (section 2). However, collecting and processing data for testing CSI prediction in time [2] (section 3) are more challenging due to the difficulty in the estimation of time varying channel.
Secondly, there are many impairments in a UE that may affect the channel measurement. For example, a UE constantly adjusts its AGC, timing and frequency offset in the field operation to stay optimally connected to the network. During the data collection, additional RF front-end tuning required for processes such as UL/DL switching and RRM measurement may be happening in the background. These adjustments may introduce phase, gain and frequency discontinuity that makes the collected data unsuitable for training and testing of any design that depends on the channel’s correlation in time. The 3GPP channel model [3], which is also used in our initial assessment [2] (section 3) of CSI prediction, produces nice and smooth channel variation that is hardly ever observed in the field by a UE because of these impairments.
Therefore, we have the following observations:
[bookmark: _Hlk102073479]Observation 1:	Collecting CSI in the field using a UE for the purpose of testing AI/ML based CSI enhancement designs requires proper processing to remove the possible impairments from the RF circuit.
In particular, for CSI feedback enhancement involving prediction in time, we have the following observation 
Observation 2:	The design of AI/ML based CSI prediction needs to consider the device’s ability to maintain continuity, which determines how channel correlation in time can be exploited.

Conclusion
In summary, it is in our opinion that a common CSI-RS field dataset is needed to further assess the performance and robustness in real-world environment for AI/ML based CSI enhancements. And some of the challenges facing the construction of such data set and the design based on such data set include, 
Observation 1:	Collecting CSI in the field using a UE for the purpose of testing AI/ML based CSI enhancement designs requires proper processing to remove the possible impairments from the RF circuit.
Observation 2:	The design of AI/ML based CSI prediction needs to consider the device’s ability to maintain continuity, which determines how channel correlation in time can be exploited.
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