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1. Introduction
At the RAN Plenary #102 meeting, the new WID on “Artificial Intelligence (AI)/Machine Learning (ML) for NR Air Interface”[1] was approved, which includes further studies on the CSI feedback enhancement as below.
Study objectives with corresponding checkpoints in RAN#105 (Sept ’24):
· CSI feedback enhancement [RAN1]: 
· For CSI compression (two-sided model), further study ways to:
· Improve trade-off between performance and complexity/overhead
· e.g., considering extending the spatial/frequency compression to spatial/temporal/frequency compression, cell/site specific models, CSI compression plus prediction (compared to Rel-18 non-AI/ML based approach), etc.
· Alleviate/resolve issues related to inter-vendor training collaboration.
while addressing other aspects requiring further study/conclusion as captured in the conclusions section of the TR 38.843. 
· [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). 

The AI/ML for CSI feedback enhancement was studied during Rel. 18, the following items about the CSI prediction were studied, and the main conclusions were captured into [2].
· Sub-use cases: Time-domain CSI prediction using UE-side models.
· Performance evaluations: Benchmark performance and the generalization over UE velocities.
· Assessment of specification impacts.
This paper discusses the sub-use cases, evaluation methodologies, and potential specification impacts for further studies on AI/ML for CSI prediction.
2. Discussions on sub-use cases of AI/ML for CSI prediction
2. Time-domain CSI prediction using UE-side model
The time-domain CSI prediction using the UE-side model has been studied during Rel. 18. According to the summary captured in [2], four out of eight sources observed that the time-domain CSI prediction provides 1.2% to 4.9% performance gains on the mean user packet throughput (UPT) over the nearest historical CSI as the prediction. Other sources observed a performance gain ranging from -13.8% to 23.5%. If taking the advanced UE processing, such as using the auto-regressive model or Kalman filter for the CSI prediction, the sources show fewer gains or more significant performance losses from the AI/ML-based CSI prediction.
Meanwhile, the Rel. 18 MIMO enhancements specify an enhanced codebook, Enhanced TypeII Codebook for Predicted PMI (R18 Doppler CSI), where the time-domain Doppler factor is reported. The enhanced codebook with additional time-domain feedback enables the CSI prediction and provides 2%~20% gains on mean UPT over the Rel. 16 codebook (nearest CSI), according to several sources [3-6]. The Rel. 18 Doppler CSI provides a solution for CSI prediction that provides at least comparable performance to the AI/ML-based time-domain CSI prediction studied in Rel. 18 AI/ML SI.
Observation 1:
· The R18 Doppler CSI has comparable or more significant gains than the time-domain CSI prediction with AI/ML, according to the studies during Rel. 18 AI/ML CSI prediction and MIMO enhancements.
2. Cell-/site-specific models for CSI prediction
During the discussions on the scope of this work item, CSI prediction with cell-/site-specific models is proposed as an example of an approach that improves performance. The cell-/site-specific model is a trade-off between the performance and the model generalization capability, with some overheads on more frequent model switching and model exchanges.
The cell-/site-specific model is also proposed as an example of CSI compression enhancements, and the studies of CSI compression may also consider approaches such as joint CSI compression and prediction, where the CSI prediction is a component of the joint schemes. Since the joint CSI compression and prediction approach provides a complete solution from prediction to the report, we did not see the necessity of conducting the parallel analysis on the cell/site-specific models under two agendas.
Summarizing the discussions in this section, we have the following proposals.
Proposal 1:
· No continuous study on the time-domain CSI prediction using the UE-side model during Rel. 19, unless the obvious gain from Rel 18 doppler CSI reporting can be expected to be observed.
· Study the cell/site-specific models for CSI prediction under CSI compression as a component of the joint CSI compression and prediction to avoid parallel work on this issue.
· Note: Other approaches/sub-use cases with potential performance gains are not precluded.
3. Discussions on evaluation methodology
3.1	KPIs and simulation assumptions
[bookmark: _Hlk158382076]The SGCS has been used as an intermediate KPI and the user packet throughput (UPT) has been used as an eventual KPI for the AI/ML-based CSI prediction study. The eventual KPIs and the intermediate KPI were used to assess the overall performance gain of the use case and the intermediate KPIs to assess if there are significant performance losses regarding detailed aspects of the generalization and scalability in Rel. 18, respectively. We propose to follow the same logic for the Rel. 19 study. Since the intermediate KPIs are only used to assess if there are significant performance losses, and the intermediate KPIs used in Rel. 18 show the model performance sufficiently enough for this purpose,  there is no need to consider additional intermediate KPIs.
Proposal 2:
· Reuse Rel. 18 intermediate KPIs and eventual KPIs for Rel. 19 CSI feedback study.
· Use the eventual KPIs to assess the overall system performance of AI/ML-based CSI prediction. 
· Use the intermediate KPIs to assess the potential significant performance loss over specific aspects.
· No need to introduce additional intermediate KPIs.
During Rel. 18 performance evaluation on the eventual KPIs, RAN1 used different system-level simulation assumptions on UE distribution, UE velocity, and baseline schemes for the two sub-cases (CSI compression and CSI prediction). For the Rel. 19 study, we have observed that both CSI compression and CSI prediction involve sub-use cases that utilize the time-domain feature of the CSI. Especially for the joint CSI compression + prediction (CSI C+P), CSI prediction is also a task of CSI compression. Therefore, the study under the agenda items 9.1.3.1 and 9.1.3.2 are correlated. RAN1 needs at least one group of common simulation assumptions for a cross-comparison between the CSI prediction and CSI compression. 
We show the different assumptions on the parameter values between Rel. 18 CSI compression and CSI prediction in Table 1. For the UE distribution, the Rel. 18 CSI prediction focuses on the high mobility scenarios that all UE are distributed outdoors with a velocity of up to 120kmph, while Rel. 18 CSI compress study considers the typical scenarios with 80%-20% UE indoor-outdoor distribution. Considering these factors, we propose two UE distribution options to compromise the two different assumptions, as shown in the last column of Table 1.
Table  1. Parameters that should be aligned for both CSI compression and prediction
	Parameter
	Rel. 18 CSI Compression
	Rel. 18 CSI Prediction
	Proposal for Rel. 19 
(Common)

	UE distribution
	80% indoor (3kmph),
 20% outdoor (30kmph)
	100% outdoor
(10, 20, 30, 60, 120 kmph)
	Option 1: 80% indoor (3kmph),
 20% outdoor [30, 60, 120 kmph].
Option 2: 100% outdoor [30, 60, 120 kmph].

	Baseline of performance evaluation
	Rel. 16 or Rel. 17 codebook
	Opt. 1: Nearest historical CSI
Opt. 2: Non-AI/ML or AI/ML w/ collaboration Level x
	Rel. 18 eTypeII codebook for predicted PMI (Rel. 18 Doppler CSI)


For the baseline of performance evaluation, it is straightforward to use Rel. 18 doppler CSI as the baseline for both CSI prediction and CSI compression because both consider the utilization of the time-domain features and the prediction involved. 
Our proposals on the simulation assumptions are summarized as follows:
Proposal 3:
· For R19 performance evaluations, consider at least one group of aligned simulation assumptions for both CSI prediction studied under agenda 9.1.3.1 and CSI compression under agenda 9.1.3.2.
· For the UE distribution and velocity, consider the following two options,
· Option 1 (mandatory to align the assumptions): 80% indoor and 20% outdoor, where the velocity of outdoor UEs can be [30, 60, 120] kmph. 
· Option 2: 100% outdoor with different velocities [30,  60, 120] kmph to better assess the potential gain of prediction. 
· For the baseline performance, consider Rel. 18 doppler CSI as an aligned baseline for both CSI prediction and compression.
· For other parameters, reuse the Rel. 18 simulation assumptions of the AI/ML CSI study.
· The complete simulation assumptions are captured in Table 2.
Table  2. Simulation assumptions for both CSI prediction and CSI compression
	Parameter
	Value

	Duplex, Waveform
	FDD/TDD, OFDM

	Multiple access
	OFDMA

	Scenario
	Dense Urban (Macro only)

	Frequency Range
	4GHz

	Inter-BS distance
	200m

	Channel model        
	According to TR 38.901

	Antenna setup and port layouts at gNB
	32 ports: (8,8,2,1,1,2,8), (dH,dV) = (0.5, 0.8)λ

	Antenna setup and port layouts at UE
	2RX: (1,1,2,1,1,1,1), (dH,dV) = (0.5, 0.5)λ

	BS Tx power
	44dBm for 20MHz

	BS antenna height
	25m

	UE antenna height & gain
	According to TR36.873

	UE receiver noise figure
	9dB

	Modulation
	Up to 256QAM

	Coding on PDSCH
	LDPC Max code-block size = 8448 bits

	Numerology
	30KHz, 14 OFDM symbol slot

	Simulation bandwidth/granularity
	20MHz (48RB)/12 subbands (4 RBs per subband) 

	Frame structure
	Slot format 0 for all slots

	MIMO scheme
	SU/MU with rank adaptation
Maximum 8 MU layers

	CSI feedback
	CSI feedback periodicity:  5 ms,
Scheduling delay:  4 ms

	Overhead
	2-symbol

	Traffic model
	FTP model 1 with packet size 0.5 Mbytes 

	RU
	20%/50%/70%

	UE distribution
	Option 1: 80% indoor (3km/h), 20% outdoor (30, 60, 120 kmph)
Option 2: 100% outdoor (30, 60, 120 kmph)

	UE receiver
	MMSE-IRC

	Feedback assumption
	Realistic

	Channel estimation 
	Ideal channel estimation for dataset construction
Ideal channel estimation for CSI acquisition
Realistic channel estimation for demodulation

	KPI
	5% UPT, Average UPT

	Baseline
	Rel. 18 enhanced TypeII codebook for predicted PMI

	(De-)quantization method
	2-bit uniform before/after decoder/encoder

	Input for AI/ML model
	Precoding matrix(eigenvector)

	Output for AI/ML model
	Precoding matrix(eigenvector)


3.2	Evaluation items for generalization and scalability
During Rel. 18, only the generalization over UE speed is studied for CSI prediction. The studies on the generalization and scalability regarding CSI prediction are still immature. For example, the items, including the generalization over more aspects such as deployment scenarios, UE distribution, carrier frequency, and scalability over bandwidth, antenna port number, and layout, have not been considered. In addition, the AI/ML models in real-life deployments encounter a more complicated situation that requires the model to deal with combinations of multiple generation and scalability aspects. Those issues have not been addressed during Rel. 18.
     The study on the generalization and scalability should be conducted after the benchmark performance gain of an approach can be identified, which shows the attractive prospect for the practical application. Therefore, we have the following proposal. 
Proposal 4:
· Study more generalization and scalability aspects for the CSI prediction if significant benchmark performance gain can be observed from an approach.
· In addition to the UE speed, the aspects to be studied may include generalization over deployment scenarios, UE distributions, carrier frequency; scalability over bandwidth, antenna port layout and number.
· The combinations of multiple aspects should also be studied.
· Note: Other aspects are not precluded.
4. Conclusion
In this contribution, we have the following observations and proposals,
Observation 1:
· The R18 Doppler CSI has comparable or more significant gains than the time-domain CSI prediction with AI/ML, according to the studies during Rel. 18 AI/ML CSI prediction and MIMO enhancements.
Proposal 1:
· No continuous study on the time-domain CSI prediction using the UE-side model during Rel. 19, unless the obvious gain from Rel 18 doppler CSI reporting can be expected to be observed.
· Study the cell/site-specific models for CSI prediction under CSI compression as a component of the joint CSI compression and prediction to avoid parallel work on this issue.
· Note: Other approaches/sub-use cases with potential performance gains are not precluded.
Proposal 2:
· Reuse Rel. 18 intermediate KPIs and eventual KPIs for Rel. 19 CSI feedback study.
· Use the eventual KPIs to assess the overall system performance of AI/ML-based CSI prediction. 
· Use the intermediate KPIs to assess the potential significant performance loss over specific aspects.
· No need to introduce additional intermediate KPIs.
Proposal 3:
· For R19 performance evaluations, consider at least one group of aligned simulation assumptions for both CSI prediction studied under agenda 9.1.3.1 and CSI compression under agenda 9.1.3.2.
· For the UE distribution and velocity, consider the following two options,
· Option 1 (mandatory to align the assumptions): 80% indoor and 20% outdoor, where the velocity of outdoor UEs can be [30, 60, 120] kmph. 
· Option 2: 100% outdoor with different velocities [30,  60, 120] kmph to better assess the potential gain of prediction. 
· For the baseline performance, consider Rel. 18 doppler CSI as an aligned baseline for both CSI prediction and compression.
· For other parameters, reuse the Rel. 18 simulation assumptions of the AI/ML CSI study.
· The complete simulation assumptions are captured in Table 2.
Proposal 4:
· Study more generalization and scalability aspects for the CSI prediction if significant benchmark performance gain can be observed from an approach.
· In addition to the UE speed, the aspects to be studied may include generalization over deployment scenarios, UE distributions, carrier frequency; scalability over bandwidth, antenna port layout and number.
· The combinations of multiple aspects should also be studied.
· Note: Other aspects are not precluded.
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