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Introduction
In Rel-18, AI/ML-based CSI feedback enhancements for CSI prediction were discussed. It was agreed to extend the study of AI/ML-based CSI prediction to Rel-19, with the following scope of the study agreed in RAN#102 [1]:
	[bookmark: _Hlk142324962]Study objectives with corresponding checkpoints in RAN#105 (Sept ’24):
· CSI feedback enhancement [RAN1]: 
· [bookmark: _Hlk152950038]For CSI prediction (one-sided model), further study performance gain over Rel-18 non-AI/ML based approach and associated complexity, while addressing other aspects requiring further study/conclusion as captured in the conclusions section of the TR 38.843 (e.g., cell/site specific model could be considered to improve performance gain). 



[bookmark: _Hlk100228640]Furthermore, in RAN1#116 [2], the following agreements and conclusions were reached:
	Agreement
For Rel-19 study on CSI prediction, consider EVM agreed in Rel-18 CSI prediction based on UE-sided model as a starting point.
· FFS on additional assumptions, e.g., channel estimation error, phase discontinuity, CSI-RS periodicity.
· Note: Rel-18 CSI-RS configuration/reporting can be reused. 
· Note: additional EVM and corresponding template to collect the results can be updated.

Agreement
For Rel-19 study on CSI prediction, companies are encouraged to evaluate throughput performance by comparing performance with non-AI/ML based CSI prediction. 
· R18 eType II doppler codebook is assumed for CSI report for both AI/ML and Non AI/ML prediction. 
· Companies to report the assumption for N4, which could be 1, 2, 4, 8.
Note: Non-AI/ML based CSI prediction (Benchmark 2) can include statistical model based CSI prediction (e.g., based on Kalman filter, Wiener filter, Auto-regression). 

Agreement
For evaluation, to report computational complexity in unit of FLOPs including additional complexity if applicable, e.g., update of filter, and their assumption on non-AI based CSI prediction when performance results are provided. 

Conclusion
For the evaluation of the AI/ML based CSI prediction, it is up to companies to choose the modelling method and companies should report if ‘Channel estimation’ and/or ‘phase discontinuity’ is/are considered by companies.

Agreement
For the evaluation of the AI/ML based CSI prediction, consider following CSI-RS configuration
· Periodic: 5 ms periodicity (baseline), 20 ms periodicity (encouraged) 
· Aperiodic: Optional, CSI-RS burst with K resources and time interval m slots (based on R18 MIMO eType-II)
Note: Companies to report observation window (number/distance) and prediction window (number/distance between prediction instances/distance from the last observation instance to the 1st prediction instance) on their evaluation.

Conclusion
For Rel-19 study on CSI prediction only, consider UE-sided model only.

Agreement
· For CSI prediction evaluations, to verify the generalization/scalability performance of an AI/ML model over various configurations, to evaluate one or more of the following aspects:
· Various UE speeds (e.g., 10km/h, 30km/h, 60km/h, 120km/h)
· Various deployment scenarios
· Various carrier frequencies (e.g., 2GHz, 3.5GHz)
· Various frequency granularity assumptions
· Various antenna port numbers (e.g., 32 ports, 16 ports)
· To report the selected configurations for generalization verification
· To report the method to achieve generalization over various configurations and/or to achieve scalability of the AI/ML input/output, including pre-processing, post-processing, etc.
· To report generalization cases where multiple aspects (e.g., combination of above) are involved in one dataset, if adopted. 
· To report the performance and requirement (e.g., updating filter parameters, convergence of filter) for non-AI/ML-based CSI prediction to handle the various scenarios/configurations.

Agreement
For the evaluation of AI/ML-based CSI prediction using localized models in Release 19, consider the following options as a starting point to model the spatial correlation in the dataset for a local region:
· Option 1: The dataset is derived from UEs dropped within the local region, with spatial consistency modelling as per TR 38.901. 
· E.g., Dropped in a specific cell or within a specific boundary.
· Option 2: By using a scenario/configuration specific to the local region. 
· E.g., Indoor-outdoor ratio, LOS-NLOS ratio, TXRU mapping, etc.
Note: While modelling the spatial correlation, strive to ensure that the dataset distribution also correctly captures the decorrelation due to temporal variations in the channel. To report methods to generate training and testing dataset.



In this contribution, we discuss further aspects of AI/ML-based CSI prediction via one-sided models residing at the UE side, as well as provide preliminary evaluation results for AI/ML-based CSI prediction compared with legacy non-AI/ML schemes. 
Scope of AI/ML-based CSI prediction
2.1 Model training and interference side
Based on the study of AI/ML for air interface in Rel-18 [3], a one-sided AI/ML model comprises two procedures: a model training procedure to characterize the AI/ML model and an inference procedure to characterize the model output based on both the characterized AI/ML model and the model input. Note that the model training and inference procedures may not reside on the same side, which requires a model delivery framework from one side to another. Since model delivery is discussed in parallel in Agenda 9.1.3.3, we focus on scenarios where the model training and inference occur on the same side. For improved performance via AI/ML-based CSI prediction, an enhanced CSI-RS configuration that improves the inference process for CSI prediction may be needed. In the Rel-18 MIMO WI, a new CSI-RS configuration comprising multiple aperiodic CSI-RS resources triggered via a common trigger was introduced, where the aperiodic CSI-RSs are transmitted in consecutive slots or every other slot. In our opinion, the Rel-18 CSI-RS configuration for Doppler codebook should be used as a baseline for the study. Whether/How updated CSI-RS configurations need to be studied can be decided later
The Rel-18 CSI-RS configuration for Doppler codebook is used as a baseline for the study of AI/ML-based CSI prediction

2.2 Observation/Prediction windows for CSI prediction
One important aspect of CSI prediction is the characterization of the observation and prediction windows associated with CSI prediction, where the observation window corresponds to the time duration for a CSI measurement occasion based on DL CSI-RS transmission, and the prediction window corresponds to the time duration for which the predicted CSI feedback is reported, corresponding to a future time with respect to the CSI measurements in the observation window. In Rel-18 MIMO WI [4], both the observation window and prediction window for CSI prediction were specified for CSI enhancements for high-speed UEs. The design outline is as follows:
· Observation window: The time interval in which the UE is expected to receive a burst of CSI-RS transmissions. Two alternatives were proposed: 
· Alt1. A group of  p CSI-RS transmission occasions of a periodic/semi-persistent CSI-RS resource.
· Alt2. A group of κ aperiodic CSI-RS resources with a spacing of m slots between two consecutive CSI-RS transmissions, where , based on RRC configuration.
· Prediction window: The time interval comprising WCSI slots for which the UE feeds back the CSI report quantities, e.g., PMI corresponding to the precoding vectors, where , such that N4 is the number of precoding vectors fed back in one CSI report across time domain, and d is a number of slots over which the same precoding vector is valid. The value of d is configurable and upper bounded by the value of m.
Note that for UE-based CSI prediction, both the observation window and the prediction window may be configured by the network. Given that, we propose studying potential configurations of the observation and prediction windows for UE-based CSI prediction, if applicable.
For UE-based CSI prediction, both the observation window and the prediction window are network configured 
Study potential configurations of the observation window and the prediction window for UE-based CSI prediction

2.3 CSI feedback format of CSI prediction
Based on the Rel-18 study on AI/ML-based CSI framework, the input of the AI/ML model for CSI prediction can be in the form of a channel matrix, or the eigenvectors of the channel matrix. In this section, we discuss the format of the CSI feedback for CSI prediction. In legacy CSI feedback schemes, the CSI feedback is mainly reported in a format corresponding to a quantized set of coefficients of the precoding matrix, which is associated with a configured number of subbands, wherein for the special case of wideband reporting, the entire BWP corresponds to a single subband. To ensure a fair comparison between the proposed AI/ML-based CSI prediction scheme and legacy CSI feedback, the CSI feedback format under the proposed CSI prediction framework should match that of the legacy CSI feedback, i.e., the predicted CSI is reported in a form of a precoding matrix associated with a pre-configured number of sub-bands of a given bandwidth. Moreover, the PMI format over the spatial domain and the frequency domain should be similar to that of legacy PMI, i.e., reusing the DFT-based spatial-domain compression and frequency-domain compression, if applicable. Reusing the legacy CSI feedback format with respect to the CSI fields, and the space and frequency domain transformations of the PMI, is important to ensure that gains from AI-based CSI prediction stem from the time-domain processing of the channel, which is the main objective of the study of this sub-use case scenario.
The legacy Type-II CSI feedback format is used as the baseline for CSI feedback for AI-based CSI prediction, at least with respect to the configured CSI fields, the spatial domain and frequency domain representation within the PMI
For UE-based CSI prediction, the UE feeds back information corresponding to the RI(s), PMI(s) and CQI(s) corresponding to the prediction window duration. This approach resembles the Rel-18 framework for codebook-based CSI reporting for predicted PMI, where the PMI coefficients are DFT-transformed in time domain to reduce the CSI payload. Note that this time-domain DFT transformation is a suboptimal solution that was supported in Rel-18 codebook design to maintain the linearity of the codebook with respect to spatial/frequency/time domain transformation. On the other hand, AI/ML models for CSI prediction may be able to derive a more efficient transformation of the predicted CSI with concise CSI payload via non-linear transformation of the PMI coefficients in time domain. Given that, the CSI feedback format for CSI prediction needs to be further studied, at least with respect to time-domain representation of the CSI feedback corresponding to PMI. The Rel-18 codebook design for predicted PMI with time-domain DFT transformation can be considered a baseline for the study. 
For UE-based CSI prediction, study potential enhancements of the CSI feedback format for predicted CSI, at least with respect to time-domain representation
Additionally, further design details regarding the CSI feedback for UE-based CSI prediction needs to be addressed, e.g., a computational complexity metric, e.g., number of CPUs, that quantifies measurements and/or computations corresponding to the CSI report, as well as the number of AI-based CSI reports that can be computed by the UE simultaneously across one (or all) CCs
[bookmark: _Toc100923939][bookmark: _Toc100924005][bookmark: _Toc102128547][bookmark: _Toc102128594]Study the CPU calculation for AI/ML-based CSI report(s) for UE-based prediction

2.4 Performance monitoring of AI/ML-based CSI prediction
As mentioned above, the CSI feedback corresponding to CSI prediction comprises a set of CSI parameters associated with multiple slots in time, where the CSI parameters correspond to the calculated CSI corresponding to the prediction window. For efficient performance monitoring, a comparison of the ground truth CSI and the AI/ML model output is needed. Note that model monitoring enables model adaptation based on the predicted CSI quality, where the performance monitoring outcome may include the following levels:
· Level-0: No AI model change. This applies when the performance based on the same AI/ML model is stable.
· Level-1: CSI parameters update. Under this level, the AI/ML model is unchanged, but a few parameter changes are applied, e.g., modifying the quantization resolution.
· Level-2: Model parameters update. Under this level, the structure of AI/ML model is unchanged, but some weights or parameters of the AI/ML model are updated. 
· Level-3: AI model switching. Switching from one AI/ML model to another from a set of pre-configured AI/ML models to track changes in channel, e.g., change in channel conditions from LoS to NLoS and vice versa.
· Level-4: Fallback to non-AI scheme. This is the most extreme scheme adaptation level possible, in which the UE is switched to a legacy non-AI/ML CSI feedback scheme, e.g., Rel-18 Type-II Doppler codebook.
Study the specification impact corresponding to AI/ML model monitoring, considering the following monitoring decisions: (i) No model change, (ii) CSI parameters update, (iii) Model parameter update, (iv) Model switching, and (v) Fallback to non-AI/ML scheme

[bookmark: _Hlk163175085][bookmark: _Hlk118221665]For UE-based prediction, the UE possesses both the ground truth CSI, e.g., CSI measured without prediction based on observation window at time unit t + t0, and the AI/ML model output, e.g., predicted CSI for time unit t + t0 based on an earlier observation window at time t, and is hence expected to be pursued at the UE. For CSI prediction performance evaluation, intermediate KPI, e.g., SGCS between the precoding vectors under comparison, can be used. For performance monitoring evaluation, three reference time instants can be considered at: (i) the first slot, (ii) the median slot, and (iii) the last slot of the prediction window.
For performance monitoring under UE-based CSI prediction, three reference time instants are considered: (i) at the first slot of the prediction window, (ii) at the median slot of the prediction window, and (iii) at the last slot of the prediction window
While the CSI feedback overhead can be reduced with explicit performance monitoring feedback, i.e., where the UE feeds back the model monitoring recommendation to the network, this would lead to restricting the network flexibility with respect to analyzing the performance and further assessing the monitoring decision. One solution can be configuring the UE to monitor a set of configured events defined by the network, where the UE reports side information corresponding to the configured event with different level of detail based on configurable CSI feedback resolution. Further discussion is needed on how such events are defined, in addition to the corresponding CSI feedback format for performance monitoring. Given that, we have the following proposal.
For performance monitoring under UE-based CSI prediction, study and evaluate the pros and cons of the following alternatives:
· Implicit performance monitoring: the UE feeds back CSI measurements based on CSI report quantities or intermediate KPIs that enable the network to derive performance monitoring decisions
· Explicit performance monitoring: the monitoring feedback includes performance monitoring recommendation based on a set of network-configured performance monitoring metrics
Performance Evaluation for CSI Prediction
Assumption of AI/ML-based CSI prediction
AI/ML model
In the evaluations, Conv-LSTM framework is adopted to pursue AI/ML based CSI prediction, where the input data is in the form of a raw channel matrix with dimensions of , where  denotes the observation window length in time,  is the number of ports and  represents the number of frequency resource units. The framework consists of multiple ConvLSTM2D layers and a Conv2D layer as shown in Figure 1, which are used to learn spatio-temporal features of the input data to enable deriving the output predictions. The model uses the Adam optimizer and is trained using mean squared error as the loss function. Total number of parameters of our AI/ML model are ~6.8K.
[image: ]
[bookmark: _Ref162874131]Figure 1. Conv-LSTM framework for CSI prediction
Dataset for model training and testing 
For AI/ML-based CSI prediction, system level simulations are used to generate channel matrix data, where 570 UEs are dropped randomly over 57 cells, with 10 UEs per cell, and the channel matrices corresponding to each UE are captured with an interval of 5ms within 300ms, resulting in a total of 34200 channel matrix samples. Based on the channel matrix samples, N sequences of CSI input and CSI output can be constructed with a certain CSI observation window length, where 80% of the sequences are used for model training and the remaining 20% of the sequences are used for model testing. Assumptions related to the system level simulation setup are provided in the Appendix.

Benchmark/reference for CSI prediction
To evaluate performance of AI/ML-based CSI prediction, two baseline schemes corresponding to non-AI/ML based CSI prediction methods are considered, i.e., sample-and-hold and auto-regression (AR) based CSI prediction. For auto-regression (AR) based CSI prediction, Yule-Walker equation is used to estimate parameters of AR model based on channel information of multiple past time instances. 

Performance evaluation results
For AI/ML-based CSI prediction, 5 CSI measurements with interval of 5ms are taken as model input to predict CSI in the next/future 5-10 ms. The dataset for training and testing is generated from 570 UEs of 57 cells, i.e., the trained model is a cell-common model. For AR based CSI prediction, we consider a measurement window size corresponding to the past 25 CSI measurements. 
Performance evaluation based on intermediate KPIs  
First, we compare the performance of the AI/ML-based CSI prediction with the two non-AI/ML baseline schemes for CSI prediction via two intermediate KPIs, (i) NMSE for both 5ms and 10ms CSI prediction, as shown in Table 1, and (ii) SGCS corresponding to up to 4 MIMO layers, as shown in Table 2. The SGCS of each MIMO layer is calculated separately based on the eigenvector of the predicted channel matrix.
	
	NMSE (dB) for CSI prediction 

	
	5ms prediction
	10ms prediction

	AI/ML-based CSI prediction
	-12.59
	-4.74

	AR-based CSI prediction
	-11.30
	0.56

	Sample-and-hold
	0.52
	4.17


Table 1. NMSE performance results for 5-10 ms CSI prediction

	
	SGCS for 5ms prediction for up to 4 MIMO layers 

	
	MIMO Layer 1
	MIMO Layer 2
	MIMO Layer 3
	MIMO Layer 4

	AI/ML-based CSI prediction
	0.93
	0.89
	0.83
	0.79

	AR-based CSI prediction
	0.92
	0.84
	0.50
	0.32

	Sample-and-hold
	0.80
	0.72
	0.67
	0.54


[bookmark: _Ref163176959]Table 2. SGCS performance results for 5 ms CSI prediction for up to 4 MIMO layers
Based on results shown above, compared to sample-and hold method, NMSE can be improved by up to 13.11 dB using AI/ML-based CSI prediction scheme, whereas 16.25% gain for the SGCS for MIMO Layer 1 is achieved via the AI/ML-based CSI prediction scheme over a 5ms duration. The gains are reduced to 8.91 dB in NMSE for CSI prediction over a 10ms duration. On the other hand, AI/ML-based CSI prediction achieves limited performance gain over AR-based CSI prediction over a 5ms prediction window, i.e., 1.29 dB gain in NMSE and 1% gain for the SGCS for MIMO Layer 1, whereas the NMSE gain is improved to 5.3 dB for a 10ms prediction window. 
When more prior CSI information of past time instances are available for parameter estimation of AR model, its performance can be improved, even comparable with AI/ML method. It is noteworthy that, however, the parameters of AR model need to be updated in each prediction step and the number of parameters increases as the window size increases which leads to higher complexity. 
It is also clear from the intermediate KPI analysis that the performance of the AI/ML-based CSI prediction scheme for a 10ms prediction window degrades significantly compared with the same scheme for a 5ms prediction window. The same observation can be made on AR-based CSI prediction over 5ms and 10ms prediction windows.
Compared with sample-and hold CSI prediction scheme, NMSE for AI/ML-based CSI prediction scheme achieves a 13.11 dB improvement in NMSE and 16.25% improvement in MIMO Layer-1 SGCS gain for a 5ms CSI prediction window
AI/ML-based CSI prediction achieves marginal gains over auto-regression based CSI prediction scheme with respect to NMSE and MIMO Layer-1 SGCS for a 5ms CSI prediction window
The performance of the AI/ML-based CSI prediction scheme for a 10ms prediction window, with respect to NMSE and SGCS KPIs, degrades significantly compared with the same scheme for a 5ms prediction window 

Performance evaluation based on UPT
To compare the system performance of AI/ML-based CSI prediction scheme with that of the non-AI/ML CSI prediction schemes, mean UPT as well as 5%-ile UPT of the AI/ML-based CSI prediction and the two non-AI/ML-based CSI predictions mentioned above have been evaluated and compared. The relative performance gains of AI/ML method over these non-AI/ML methods are shown in Figure 1.
[image: ]
[bookmark: _Ref162626909][bookmark: _Ref162626888]Figure 2. System performance gain of AI/ML CSI prediction over non-AI CSI prediction
For system performance evaluations with respect to mean UPT, the AI/ML-based CSI prediction achieves 24% and 51% gains over AR-based and sample-and-hold CSI prediction schemes, respectively, over a 5ms CSI prediction window. On the other hand, the AI/ML-based CSI prediction scheme and AR-based CSI prediction scheme achieve similar performance with respect to for 5%-ile UPT, whereas AI/ML-based CSI prediction scheme achieves 10.5% gain over sample-and-hold CSI prediction scheme, over a 5ms CSI prediction window.
System performance evaluations show that with respect to mean UPT, the AI/ML-based CSI prediction achieves 24% and 51% gains over AR-based and sample-and-hold CSI prediction schemes, respectively, over a 5ms CSI prediction window
System performance evaluations show that with respect to 5%-ile UPT over a 5ms CSI prediction window, the AI/ML based CSI prediction achieves:
· Similar performance to AR-based CSI prediction scheme
· 10.5% gain over sample-and-hold CSI prediction scheme
[bookmark: _Toc100923943]Conclusion
[bookmark: _Hlk100923477][bookmark: _Toc100924111][bookmark: _Toc100924138][bookmark: _Toc100924174]This contribution addressed AI/ML-based CSI feedback enhancements. We have the following observations:
1. For UE-based CSI prediction, both the observation window and the prediction window are network configured
1. Compared with sample-and hold CSI prediction scheme, NMSE for AI/ML-based CSI prediction scheme achieves a 13.11 dB improvement in NMSE and 16.25% improvement in MIMO Layer-1 SGCS gain for a 5ms CSI prediction window
1. AI/ML-based CSI prediction achieves marginal gains over auto-regression based CSI prediction scheme with respect to NMSE and MIMO Layer-1 SGCS for a 5ms CSI prediction window
1. The performance of the AI/ML-based CSI prediction scheme for a 10ms prediction window, with respect to NMSE and SGCS KPIs, degrades significantly compared with the same scheme for a 5ms prediction window
1. System performance evaluations show that with respect to mean UPT, the AI/ML-based CSI prediction achieves 24% and 51% gains over AR-based and sample-and-hold CSI prediction schemes, respectively, over a 5ms CSI prediction window
System performance evaluations show that with respect to 5%-ile UPT over a 5ms CSI prediction window, the AI/ML based CSI prediction achieves:
· Similar performance to AR-based CSI prediction scheme
· 10.5% gain over sample-and-hold CSI prediction scheme
Furthermore, we have the following proposals:
1. The Rel-18 CSI-RS configuration for Doppler codebook is used as a baseline for the study of AI/ML-based CSI prediction
1. Study potential configurations of the observation window and the prediction window for UE-based CSI prediction
1. The legacy Type-II CSI feedback format is used as the baseline for CSI feedback for AI-based CSI prediction, at least with respect to the configured CSI fields, the spatial domain and frequency domain representation within the PMI
1. For UE-based CSI prediction, study potential enhancements of the CSI feedback format for predicted CSI, at least with respect to time-domain representation
1. Study the CPU calculation for AI/ML-based CSI report(s) for UE-based prediction
1. Study the specification impact corresponding to AI/ML model monitoring, considering the following monitoring decisions: (i) No model change, (ii) CSI parameters update, (iii) Model parameter update, (iv) Model switching, and (v) Fallback to non-AI/ML scheme
1. For performance monitoring under UE-based CSI prediction, three reference time instants are considered: (i) at the first slot of the prediction window, (ii) at the median slot of the prediction window, and (iii) at the last slot of the prediction window
1. For performance monitoring under UE-based CSI prediction, study and evaluate the pros and cons of the following alternatives:
· Implicit performance monitoring: the UE feeds back CSI measurements based on CSI report quantities or intermediate KPIs that enable the network to derive performance monitoring decisions
· Explicit performance monitoring: the monitoring feedback includes performance monitoring recommendation based on a set of network-configured performance monitoring metrics
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Appendix

	Parameter
	Value

	Duplexing scheme
	FDD 

	Scenario
	Dense Urban

	Frequency Range
	FR1 2GHz 

	Inter-BS distance
	200m

	Channel model        
	According to TR 38.901 [5]

	gNB port layout
	32 ports: (8,8,2,1,1,2,8), (dH,dV) = (0.5, 0.8)λ

	UE port layout
	4RX: (1,2,2,1,1,1,2), (dH,dV) = (0.5, 0.5)λ 

	BS Tx power
	41 dBm for 10MHz

	BS antenna height
	25m

	UE antenna height & gain
	According to TR 36.873 [6]

	UE receiver noise figure
	9dB

	Modulation
	Up to 256QAM

	Slot numerology
	14 OFDM symbol slot

	SCS
	15kHz for 2GHz

	Simulation bandwidth
	10 MHz 

	MIMO layers
	maximum MU layers:12

	CSI feedback
	Rel-16 codebook
- CSI feedback periodicity: 5 ms 
- CSI feedback delay: 4 ms

	Traffic model
	Full-buffer 

	UE distribution
	100% outdoor (30km/h) 

	UE receiver
	MMSE-IRC as the baseline receiver

	Feedback assumption
	Realistic

	Channel estimation         
	Ideal channel estimation for dataset construction
Realistic channel estimation for system performance evaluation
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