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1. Introduction
In RAN 94-e meeting, new study item on AI/ML for NR Air Interface was approved [1]. In the study item scope, the initial set of use cases were identified:
· 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
In this paper, a sub use case on beam prediction scheme in high-speed railway scenarios is proposed, and some potential specification impacts are discussed. 
2. Motivation
The use of millimeter waves for communication in high-speed railway (HSR) scenarios has become a research trend in 5G. The characteristics of high frequency band and high data transmission of mmWave communication bring many advantages to HSR scenarios and provide many potential applications. The performance of mmWave systems depends heavily on the accuracy and timeliness of beam management. Due to the high mobility in HSR scenarios, more frequent beam alignments and switching are required, which results the increasing overhead and latency. Benefiting from the strong environmental perception and learning capability, AI/ML technology can deal with the above impairments. In this paper, we propose an image-reconstruction-based spatial-temporal beam prediction scheme with low signaling overhead and latency.
3. High-speed railway scenarios description
[image: ]
Fig.1 HSR FR2 mmWave wireless communication scenario
Without loss of generality, we consider an HSR FR2 mmWave wireless communication scenario shown in Fig.1, where the track includes both the linear track and the non-linear track. The track is modeled as a black thick solid line, the gNBs are evenly distributed on both sides of the track, which are represented by solid green circles, and the UE is represented by a red solid circle. We assume the distance between base stations is set to 200m, and the UE in the high-speed rail moves at a constant speed along the track. The channel model is referenced to 3GPP TR 38.901 UMa and the gradual change of physical paths/clusters as the UE moves along the track is modeled by the spatial consistency model in TR 38.901.
Proposal #1: Consider high-speed railway as one of the scenarios for AI/ML based beam management. Study the implementation and design of AI/ML based beam management scheme in various railroad track scenarios.
4 An Image-reconstruction-based spatial-temporal beam prediction scheme
We consider spatial-temporal domain beam prediction in HSR scenarios for overhead reduction and accuracy improvement. RSRP measurements can be treated as a 2D image. In this way, RSRP measurements obtained with wide beams and narrow beams are viewed as low-resolution and high-resolution beam domain images, respectively. Predicting narrow beam RSRP measurements from a few wide beam RSRP measurements can be regarded as an image super-resolution problem with AI/ML technologies. In this way, beam measurements overhead can be greatly reduced. Moreover, the proposed AI/ML model can capture the temporal correlation of the input data to predict the future narrow beam RSRP measurements, which significantly reduces the latency.
[image: ]
Fig.2 Spatial-temporal beam prediction scheme 
Model input: The AI/ML model inputs are wide beam RSRP measurements collected alongside a UE trajectory and some extra information for multiple historical time instants, e.g. location and speed.
Model output: The AI/ML model output is the prediction of narrow beams RSRP for more future time instants.
Data collection: The training data will be the UE RSRP measurements of both wide and narrow beams under the trajectory within the service range of the corresponding gNB at multiple time instants, and the extra information for model input like UE location and speed information. 
Training procedure: Assuming each input data consists of (K+L) sample(s), the first K samples will be considered as the collected RSRP for all wide beams with time instant(s), and the rest L samples will be taken as the label which is the collected RSRP for all narrow beams with time instant(s). the data set will be randomly subsampled to form a batch data set used to train the ML model based on loss function. The training algorithm for the model can be Adam or stochastic gradient search (SGD). Grid search of the model hyper parameters like learning rate, batch size, layers number, neurons number in each layer can be explored during the training process to optimize the model performance. 
In our case, each gNB along the railway deploys and trains its own AI/ML model, and the training data set is collected from the HSR users in the cells served by gNB. It should be noted that the proposal does not consider the beam switching scheme at present.
Proposal #2: Support RAN1 to study the AI/ML based image super-resolution scheme for spatial-temporal beam prediction in high-speed railway scenarios as a use case for beam management enhancement, which can significantly reduce the overhead of beam sweeping. 
Proposal #3: Consider using wide beams and related RSRP measurements as well as extra information such as UE position and speed as input of the AI/ML model. Consider using the narrow beam RSRP prediction as the output of the AI/ML model.
[bookmark: _GoBack]5 Specification impact
[bookmark: _Hlk100936382]The potential collaboration and signal exchange between UE and gNB of the proposed scheme as well as its potential advantages is discussed.
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Fig.3 CSI measurement/report scenario. In ML method, in the 1st round BS measures wide beams RSRP during [T-3, T-1] and predicts narrow beams RSRP during [T, T+2]. In the 2nd round BS measures wide beams RSRP during [T-2, T] and predicts narrow beams RSRP during [T+1, T+3]. 

In proposed scheme, AI/ML model inference performs at the gNB side. The collaboration between gNB and UE is showed in Fig.4, which is described as follows:
1) gNB configures UE to measure and report the wide beams RSRP measurements for historical multiple instants in Fig 3. Through the existing CSI measure/report framework, gNB can also configure UE to report for example the location and speed information, etc. as the extra information input to the AI/ML model.
2) Based on the historic RSRP maps and the extra information, AI model at gNB side predict the narrow beam pairs’ RSRP maps for the next multiple instants in Fig.3.
3) UE determines and feeds back the optimal beam ID after beam sweeping with the predicted top-K narrow beams transmitted by gNB.
4) gNB transmits signals with the predicted optimal Tx beam and UE receives signals with the predicted optimal Rx beam. 
[image: ]
Fig.4 The collaboration between gNB and UE

The main advantages of deploying AI/ML models on the gNB side are as follows:
1) In HSR scenarios, gNB and the rail position are almost unchanged. The service environment of gNB is physically more stationary. Deploying AI/ML models at gNB side facilitate more efficient and timely model training, monitoring, and updating.
2) Compare to UE side, gNB side has more sufficient storage resources and powerful computing capabilities, which is beneficial to support AI/ML technologies required a large amount of model parameters and computational resource consumption. 
3) The disadvantage of the gNB-side deployment scheme is the overhead of UE RSRP reporting. However, our proposed AI/ML scheme can greatly reduce the beam sweeping, RSRP reporting overhead and delay because it requires only a small number of wide-beam RSRP.
Proposal #4: Study potential specification impact for AI/ML-based HSR beam management, considering the following aspects:
- Collaboration procedure between UE and gNB.
- AI/ML model deployment, training and inference procedure.

6 Conclusion
In this paper, a spatial-temporal domain beam prediction scheme in high-speed railway scenarios is proposed. Based on the discussion above, we propose the following proposals:
Proposal #1: Consider high-speed railway as one of the scenarios for AI/ML based beam management. Study the implementation and design of AI/ML based beam management scheme in various railroad track scenarios.
Proposal #2: Support RAN1 to study the AI/ML based image super-resolution scheme for spatial-temporal beam prediction in high-speed railway scenarios as a use case for beam management enhancement, which can significantly reduce the overhead of beam sweeping. 
Proposal #3: Consider using wide beams and related RSRP measurements as well as extra information such as UE position and speed as input of the AI/ML model. Consider using the narrow beam RSRP prediction as the output of the AI/ML model.
Proposal #4: Study potential specification impact for AI/ML-based HSR beam management, considering the following aspects:
- Collaboration procedure between UE and gNB.
- AI/ML model deployment, training and inference procedure.
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