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Introduction
In the RAN1#110 meeting, it was agreed that two approaches are studied and evaluated for AI/ML-based positioning [1]. In this contribution, we will discuss the two approaches. 
	Agreement
For AI/ML-based positioning, both approaches below are studied and evaluated by RAN1:
· Direct AI/ML positioning
· AI/ML assisted positioning



[bookmark: _Ref481671177]
Evaluation methodology
AI/ML assisted positioning
AI/ML assisted positioning includes LOS/NLOS identification and TOA estimation. Figure 1 shows the AI/ML assisted positioning based on LOS/NLOS identification and Figure 2 shows the AI/ML assisted positioning based on TOA estimation. Non-normalized channel impulse responses (CIRs) or power delay profiles (PDPs)was used as AI/ML model input, where Non-normalized PDP means we don’t normalize PDP power to 1. 
As shown in Figure 1, to provide the soft value as the LOS/NLOS probability from the model output to the LMF, the measurement results under potential NLOS condition maybe removed from the UE position calculation, resulting in the improvement in accuracy. 


[bookmark: _Ref118371676]Figure 1. AI/ML assisted positioning based on LOS/NLOS identification
For TOA estimation, the TOAs calculated based on the straight-line distance between UE and TRPs are used as the AI/ML model labels. As shown in Figure 2, to provide the TOA from the model output to the LMF, the measurement results under potential NLOS condition maybe more accurate than conventional TOA estimation, resulting in the improvement in accuracy. 


[bookmark: _Ref118371665]Figure 2. AI/ML assisted positioning based on TOA estimation
In this contribution, DL-TDOA positioning method is used as the baseline for comparison purpose.
Direct AI/ML positioning
System level simulation based on the statistical model of TR38.901 is adopted as the evaluation methodology to evaluate the positioning performance. The channels between UE and all TRPs are almost NLOS in InF-DH scenario with clutter parameter {density: 60%, height: 6m, size: 2m}, which is very challenging for traditional positioning methods based on LOS channels.  For example, when PRS bandwidth is 100MHz, the horizontal positioning accuracy at CDF=90% of conventional TDOA is only 13.8 meters. The direct AI/ML positioning has been proposed to improve the positioning accuracy in heavy NLOS scenarios by RAN1#110 agreements.
For direct AI/ML positioning, the dataset with spatial consistency is generated from our system level simulation platform. We generate spatially consistent random variables at specific locations (x, y) using the interpolation method, which is also discussed in 3GPP in [2]. As shown in Figure 3, the UE’s position is directly estimated from the AI model when the model input is time domain channel impulse responses (CIRs) or power delay profiles (PDPs) collected from all 18 TRPs according to the agreed BS layout in a small hall (L=120m x W=60m). The model used in our evaluations of direct AI/ML positioning includes total 13 layers, which contains 10 convolutional layers and 3 dense layers. The AI model can be deployed at the UE side or Network side.


[bookmark: _Ref118371650][bookmark: _Ref118371618]Figure 3. Direct AI/ML positioning
For AI/ML model, generalization performance is a very important indicator. We evaluated the performance of the AI model under different parameter settings, including different sampling rates, different drops, and different clutter parameters. Both mixing the training dataset and fine-tuning the pre-trained AI model are deployed for the model generalization.
Evaluation results
Performance evaluation of AI/ML assisted positioning
Dataset description
For evaluations of the AI/ML assisted positioning, 4 DL-PRS antenna is configured for each TRP, and 2 RX branch at UE is configured. Sampling period in dataset is 9.3ns. In order to verify the generalization performance of AI/ML model, dataset with different clutter parameters, scenarios, channel estimation error and timing error are also generated. The sample number for each evaluation is 36000, where data size for model training, validation, and testing is 28800, 3600, and 3600, respectively, and 1 sample means the CIR/PDP collected from 18 TRPs for a given UE, each CIR(PDP) is comprised of length M = 256 complex(real) samples.
AI/ML assisted positioning using LOS/NLOS identification
Evaluation of soft decision
AI/ML model is single-TRP model and same model for all TRPs. The input to model is 256x8x2 valued array, where 8 means 4gNB TX antenna and 2 UE RX antenna, 2 means real part and image part. 
LOS detection probability is 93.3% and NLOS detection probability is 96.7%, the overall accuracy is 95.2%. Where the overall accuracy is LOS_detection_probability*LOS_ percentage+ NLOS_detection_probability*NLOS_ percentage. 
[bookmark: _Hlk126150502]Hard and soft LOS/NLOS value of model output was compared in Table 1. After LOS/NLOS identification, DL-TDOA positioning method is used to estimate UE position and TOA is represented as integer-values in time units of sampling period 9.3ns.
If UE report LOS/NLOS hard value (0 or 1) to network, horizontal positioning accuracy is 8m. But if UE report LOS/NLOS soft value (probability of LOS and NLOS) to network, network can use soft probability in positioning estimation and horizontal positioning accuracy is improved to 6.9m. For comparison, horizontal positioning accuracy at CDF=90% of conventional TDoA is 17 meters.
[bookmark: _Ref118371838]Table 1. Evaluation results for UE side model, CNN
	Model input
	Model output
	Label
	Settings (e.g., drops, clutter param, mix)
	Dataset size
	AI/ML complexity
	Horizontal positioning accuracy at CDF=90% (meters)

	
	
	
	Training
	Test
	Training & validation
	test
	Model complexity
	Computational complexity
	AI/ML

	non-normalized CIR (256*8*2)
	LOS/NLOS hard value
	Ideal 
	{40%, 2m, 2m}
	{40%, 2m, 2m}
	32400UE*18TRP
	3600UE*18TRP
	185.7k
	29.4M
	8

	non-normalized CIR (256*8*2)
	LOS/NLOS soft value
	Ideal
	{40%, 2m, 2m}
	{40%, 2m, 2m}
	32400UE*18TRP
	3600UE*18TRP
	185.7k
	29.4M
	6.9


From the results in Table 1, we can get the following observation:
[bookmark: _Ref127352139]The soft-decision approach outperforms the hard-decision approach for AI/ML assisted LOS/NLOS identification positioning.

[bookmark: _With_generalization:_different]Evaluation of different user density for training dataset
Two different user density scenarios of training dataset were compared in Table 2. The higher user density means more training data. The LOS/NLOS identification accuracy of dense scenario is bigger than sparse scenario.
· Dense UE scenario: 36000UEs/(120*60)m2 = 5UEs/m2
· Sparse UE scenario: 7200UEs/(120*60)m2 = 1UEs/m2
[bookmark: _Hlk126150611]Table 2. Evaluation results for UE side model, CNN, different user density
	Model input
	Model output
	Label
	Settings (e.g., drops, clutter param, mix)
	Dataset size
	AI/ML complexity
	LOS/NLOS identification accuracy

	
	
	
	Training
	test
	Training & validation
	test
	Model complexity
	Computational complexity
	AI/ML

	non-normalized CIR (256*8*2)
	LOS/NLOS 
	Ideal 
	{40%, 2m, 2m}
	{40%, 2m, 2m}
	6480UE*18TRP
	720UE*18TRP
	185.7k
	29.4M
	92.8%

	non-normalized CIR (256*8*2)
	LOS/NLOS 
	Ideal
	{40%, 2m, 2m}
	{40%, 2m, 2m}
	32400UE*18TRP
	3600UE*18TRP
	185.7k
	29.4M
	95.2%


From the results in Table 2, we can get the following observation:
[bookmark: _Ref127352151]High user density of training dataset provides an improvement in LOS/NLOS identification accuracy over the low user density. 

Evaluation of different scenario
This section summarized accuracy of the LOS/NLOS identification in different scenario.  As shown in Table 3, AI/ML model performs well when the training dataset and test dataset are all InF-DH. But when the model is trained in InF-DH scenario and test in InF-SH scenario, the performance degrades a lot.
For InF-SH hall size is 300x150 m; for InF-DH hall size is 120x60 m.
[bookmark: _Ref118371854]Table 3. Evaluation results for UE side model, CNN, different scenario
	Model input
	Model output
	Label
	Settings (e.g., drops, clutter param, mix)
	Dataset size
	AI/ML complexity
	LOS/NLOS identification accuracy

	
	
	
	Training
	test
	Training & validation
	test
	Model complexity
	Computational complexity
	AI/ML

	non-normalized CIR (256*8*2)
	LOS/NLOS 
	Ideal 
	InF-DH {40%, 2m, 2m}
	InF-DH {40%, 2m, 2m}
	32400UE*18TRP
	3600UE*18TRP
	185.7k
	29.4M
	95.2%

	non-normalized CIR (256*8*2)
	LOS/NLOS 
	Ideal 
	
	InF-DH {60%,6m, 2m}
	32400UE*18TRP
	3600UE*18TRP
	185.7k
	29.4M
	97.2%

	non-normalized CIR (256*8*2)
	LOS/NLOS 
	Ideal
	
	InF-SH
Large hall size
	32400UE*18TRP
	3600UE*18TRP
	185.7k
	29.4M
	60.3%

	non-normalized CIR (256*8*2)
	LOS/NLOS 
	Ideal 
	Mix
InF-DH {40%, 2m, 2m} and InF-SH
	InF-DH {40%, 2m, 2m}
	32400UE*18TRP
	3600UE*18TRP
	185.7k
	29.4M
	93.7%

	non-normalized CIR (256*8*2)
	LOS/NLOS 
	Ideal
	
	InF-SH
Large hall size
	32400UE*18TRP
	3600UE*18TRP
	185.7k
	29.4M
	92.9%


From the results in Table 3, we can get the following observation:
[bookmark: _Ref127352173]Performance of AI/ML assisted LOS/NLOS identification positioning degrades when the model is trained with dataset of InF-DH scenario and tested with dataset of InF-SH large hall size scenario.  And the performance is improved when mix InF-DH and InF-SH training data.

Evaluation of channel estimation error
The performance of channel estimation is mainly affected by interference and noise. We use a procedure of adding channel estimation error to time-domain CIR, in which the additional estimation error is additive white Gaussian noise (AWGN), that cause different SNR as shown in Figure 4.


[bookmark: _Ref127199732]Figure 4. channel estimation error
[bookmark: _Ref127199419]Table 4. Evaluation results for UE side model, CNN, channel estimation error
	Model input
	Model output
	Label
	Settings (e.g., drops, clutter param, mix)
	Dataset size
	AI/ML complexity
	LOS/NLOS identification accuracy

	
	
	
	Training
{40%, 2m, 2m}
	Test
{40%, 2m, 2m}
	Training & validation
	test
	Model complexity
	Computational complexity
	AI/ML

	non-normalized CIR (256*8*2)
	LOS/NLOS 
	Ideal 
	SNR=0dB
	SNR=0dB
	32400UE*18TRP
	3600UE*18TRP
	185.7k
	29.4M
	95.9%

	non-normalized CIR (256*8*2)
	LOS/NLOS 
	Ideal
	
	SNR =10dB
	32400UE*18TRP
	3600UE*18TRP
	185.7k
	29.4M
	91.1%

	non-normalized CIR (256*8*2)
	LOS/NLOS 
	Ideal 
	
	SNR =20dB
	32400UE*18TRP
	3600UE*18TRP
	185.7k
	29.4M
	90.9%

	non-normalized CIR (256*8*2)
	LOS/NLOS 
	Ideal
	
	Without noise
	32400UE*18TRP
	3600UE*18TRP
	185.7k
	29.4M
	90.9%

	non-normalized CIR (256*8*2)
	LOS/NLOS 
	Ideal 
	SNR=10dB
	SNR=0dB
	32400UE*18TRP
	3600UE*18TRP
	185.7k
	29.4M
	75%

	non-normalized CIR (256*8*2)
	LOS/NLOS 
	Ideal
	
	SNR =10dB
	32400UE*18TRP
	3600UE*18TRP
	185.7k
	29.4M
	94.3%

	non-normalized CIR (256*8*2)
	LOS/NLOS 
	Ideal 
	
	SNR =20dB
	32400UE*18TRP
	3600UE*18TRP
	185.7k
	29.4M
	93.9%

	non-normalized CIR (256*8*2)
	LOS/NLOS 
	Ideal
	
	Without noise
	32400UE*18TRP
	3600UE*18TRP
	185.7k
	29.4M
	93.8%

	non-normalized CIR (256*8*2)
	LOS/NLOS 
	Ideal 
	SNR=20dB
	SNR=0dB
	32400UE*18TRP
	3600UE*18TRP
	185.7k
	29.4M
	56.9%

	non-normalized CIR (256*8*2)
	LOS/NLOS 
	Ideal
	
	SNR =10dB
	32400UE*18TRP
	3600UE*18TRP
	185.7k
	29.4M
	84.3%

	non-normalized CIR (256*8*2)
	LOS/NLOS 
	Ideal 
	
	SNR =20dB
	32400UE*18TRP
	3600UE*18TRP
	185.7k
	29.4M
	95.1%

	non-normalized CIR (256*8*2)
	LOS/NLOS 
	Ideal
	
	Without noise
	32400UE*18TRP
	3600UE*18TRP
	185.7k
	29.4M
	95.1%

	non-normalized CIR (256*8*2)
	LOS/NLOS 
	Ideal 
	Without noise
	SNR=0dB
	32400UE*18TRP
	3600UE*18TRP
	185.7k
	29.4M
	56.3%

	non-normalized CIR (256*8*2)
	LOS/NLOS 
	Ideal
	
	SNR =10dB
	32400UE*18TRP
	3600UE*18TRP
	185.7k
	29.4M
	65.6%

	non-normalized CIR (256*8*2)
	LOS/NLOS 
	Ideal 
	
	SNR =20dB
	32400UE*18TRP
	3600UE*18TRP
	185.7k
	29.4M
	90.3%

	non-normalized CIR (256*8*2)
	LOS/NLOS 
	Ideal
	
	Without noise
	32400UE*18TRP
	3600UE*18TRP
	185.7k
	29.4M
	95.2%

	non-normalized CIR (256*8*2)
	LOS/NLOS 
	Ideal 
	mix
SNR=0dB and SNR =20dB
	SNR=0dB
	32400UE*18TRP
	3600UE*18TRP
	185.7k
	29.4M
	91.7%

	non-normalized CIR (256*8*2)
	LOS/NLOS 
	Ideal
	
	SNR =10dB
	32400UE*18TRP
	3600UE*18TRP
	185.7k
	29.4M
	93.1%

	non-normalized CIR (256*8*2)
	LOS/NLOS 
	Ideal 
	
	SNR =20dB
	32400UE*18TRP
	3600UE*18TRP
	185.7k
	29.4M
	93.3%

	non-normalized CIR (256*8*2)
	LOS/NLOS 
	Ideal
	
	Without noise
	32400UE*18TRP
	3600UE*18TRP
	185.7k
	29.4M
	93.3%


From the results in Table 4, we can get the following observation:
[bookmark: _Ref127352201]Performance of AI/ML assisted LOS/NLOS identification positioning significantly degrades when the model is trained with small channel estimation error and tested with large channel estimation error.  
[bookmark: _Ref127352216]AI/ML model in AI/ML assisted LOS/NLOS identification positioning has robust generalization capability when the model is trained with large channel estimation error and tested with small channel estimation error.
Proposal 1 [bookmark: _Ref127200817]: If generalization over channel estimation error is considered, training data should at least include large channel estimation error for AI/ML positioning.

Evaluation of timing error
Timing error includes network synchronization error and UE/gNB RX&TX timing error. The timing error can be modeled as a truncated Gaussian distribution with zero mean and standard deviation of T1 ns, with truncation of the distribution to the [-2*T1, 2*T1] range. T1 was set to 0&20&50ns.
[bookmark: _Ref127199438]Table 5. Evaluation results for UE side model, CNN, timing error
	Model input
	Model output
	Label
	Settings (e.g., drops, clutter param, mix)
	Dataset size
	AI/ML complexity
	LOS/NLOS identification accuracy

	
	
	
	Training
{40%, 2m, 2m}
	Test
{40%, 2m, 2m}
	Training & validation
	Test
	Model complexity
	Computational complexity
	AI/ML

	non-normalized CIR (256*8*2)
	LOS/NLOS 
	Ideal 
	50ns
	50ns
	32400UE*18TRP
	3600UE*18TRP
	185.7k
	29.4M
	93.3%

	non-normalized CIR (256*8*2)
	LOS/NLOS 
	Ideal
	
	20ns
	32400UE*18TRP
	3600UE*18TRP
	185.7k
	29.4M
	93.9%

	non-normalized CIR (256*8*2)
	LOS/NLOS 
	Ideal 
	
	0ns
	32400UE*18TRP
	3600UE*18TRP
	185.7k
	29.4M
	93.9%

	non-normalized CIR (256*8*2)
	LOS/NLOS 
	Ideal 
	20ns
	50ns
	32400UE*18TRP
	3600UE*18TRP
	185.7k
	29.4M
	93.2%

	non-normalized CIR (256*8*2)
	LOS/NLOS 
	Ideal
	
	20ns
	32400UE*18TRP
	3600UE*18TRP
	185.7k
	29.4M
	94.2%

	non-normalized CIR (256*8*2)
	LOS/NLOS 
	Ideal 
	
	0ns
	32400UE*18TRP
	3600UE*18TRP
	185.7k
	29.4M
	94.4%

	non-normalized CIR (256*8*2)
	LOS/NLOS 
	Ideal 
	0ns
	50ns
	32400UE*18TRP
	3600UE*18TRP
	185.7k
	29.4M
	74.2%

	non-normalized CIR (256*8*2)
	LOS/NLOS 
	Ideal
	
	20ns
	32400UE*18TRP
	3600UE*18TRP
	185.7k
	29.4M
	75.4%

	non-normalized CIR (256*8*2)
	LOS/NLOS 
	Ideal 
	
	0ns
	32400UE*18TRP
	3600UE*18TRP
	185.7k
	29.4M
	95.2%

	non-normalized CIR (256*8*2)
	LOS/NLOS 
	Ideal 
	Mix 50ns and 20ns
	50ns
	32400UE*18TRP
	3600UE*18TRP
	185.7k
	29.4M
	93.1%

	non-normalized CIR (256*8*2)
	LOS/NLOS 
	Ideal
	
	20ns
	32400UE*18TRP
	3600UE*18TRP
	185.7k
	29.4M
	93.8%

	non-normalized CIR (256*8*2)
	LOS/NLOS 
	Ideal 
	
	0ns
	32400UE*18TRP
	3600UE*18TRP
	185.7k
	29.4M
	93.8%


From the results in Table 5, we can get the following observation:
[bookmark: _Ref127352230]Performance of AI/ML assisted LOS/NLOS identification positioning significantly degrades when the model is trained with small timing error and tested with large timing error.  
[bookmark: _Ref127352244]AI/ML model in AI/ML assisted LOS/NLOS identification positioning has robust generalization capability when the model is trained with large timing error and tested with small timing error.
Proposal 2 [bookmark: _Ref127200858]: If generalization over timing error is considered, training data should at least include large timing error for AI/ML positioning.

AI/ML assisted positioning using TOA Estimation
Evaluation of single-TRP and multi-TRP
For TOA based AI/ML assisted positioning, two different schemes are investigated:
· Single-TRP, same model for all TRPs:
· PDP information corresponding to single TRP are used for the input of AI/ML model.
· The AI/ML model is performed for each TRP and get the estimated TOA corresponding to each TRP.
· Multi-TRP:
·  PDP information corresponding to all TRPs are used for the input of AI/ML model.
· The outputs of AI/ML model are the estimated TOAs corresponding to all TRPs.

As shown in Table 6, performance of Multi-TRP of 1.05m accuracy is better than Single-TRP of 20.1m accuracy when clutter parameter is {60%, 6m, 2m}. Performance of Multi-TRP of 1.56m accuracy is better than Single-TRP of 14.9m accuracy when clutter parameter is {40%, 4m, 2m}.
[bookmark: _Ref118371882]Table 6. Evaluation results for UE side model, CNN
	Model input
	Model output
	Label
	Settings (e.g., drops, clutter param, mix)
	Dataset size
	AI/ML complexity
	Horizontal positioning accuracy at CDF=90% (meters)

	
	
	
	Training
	test
	Training & validation
	test
	Model complexity
	Computational complexity
	AI/ML

	non-normalized PDP(256*8)
	1TOA
	Ideal 
	{60%, 6m, 2m}
	{60%, 6m, 2m}
	32400UE*18TRP
	3600UE*18TRP
	187k
	15M*18
	20.1

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	{60%, 6m, 2m}
	{60%, 6m, 2m}
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	1.05

	non-normalized PDP(256*8)
	1TOA
	Ideal 
	{40%, 4m, 2m}
	{40%, 4m, 2m}
	32400UE*18TRP
	3600UE*18TRP
	187k
	15M*18
	14.9

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	{40%, 4m, 2m}
	{40%, 4m, 2m}
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	1.56


From the results in Table 6, we can get the following observation:
[bookmark: _Ref118374411]Multi-TRP approach outperforms single-TRP for AI/ML assisted TOA estimation positioning.

Evaluation of soft decision
This section compared performance of hard decision and soft decision of single-TRP.
Hard decision approach: For each TRP, the hard TOA value derived by the AI/ML model is reported to LMF.
Soft decision approach: For each TRP, the UE uses an AI/ML model to derive the probability distribution of TOA. We model the probability distribution as a Gaussian mixture, which is completely described by the weights, means and standard deviations or variance of the mixture components. The UE reports the distribution to the LMF. The LMF server fuses the likelihoods across TRPs to derive the position estimate. We also compare the performance of standard deviations and variance.
[bookmark: _Ref127199470]Table 7. Evaluation results for UE side model, CNN
	Model input
	Model output
	Label
	Settings (e.g., drops, clutter param, mix)
	Dataset size
	AI/ML complexity
	Horizontal positioning accuracy at CDF=90% (meters)

	
	
	
	Training
	Test
	Training & validation
	test
	Model complexity
	Computational complexity
	AI/ML

	non-normalized PDP(256*8)
	1TOA
Hard-decision
	Ideal 
	{40%, 4m, 2m}
	{40%, 4m, 2m}
	32400UE*18TRP
	3600UE*18TRP
	187k
	15M*18
	14.9

	non-normalized PDP(256*8)
	1TOA
Soft- decision standard deviations
	Ideal 
	{40%, 4m, 2m}
	{40%, 4m, 2m}
	32400UE*18TRP
	3600UE*18TRP
	187k
	15M*18
	5.75

	non-normalized PDP(256*8)
	1TOA
Soft- decision variance
	Ideal 
	{40%, 4m, 2m}
	{40%, 4m, 2m}
	32400UE*18TRP
	3600UE*18TRP
	187k
	15M*18
	5.6


From the results in Table 7, we can get the following observation:
[bookmark: _Ref127352280]The soft-decision approach outperforms the hard-decision approach for AI/ML assisted TOA estimation positioning.
Proposal 3 [bookmark: _Ref127200883]: Support means and variance of TOA as model output to report for AI/ML assisted TOA estimation positioning.

Evaluation of different user density for training dataset
Two different user density scenarios of training dataset were compared in Table 8. The higher user density means more training data. The positioning accuracy of dense scenario is bigger than sparse scenario.
· Dense UE scenario: 36000UEs/(120*60)m2 = 5UEs/m2
· Sparse UE scenario: 7200UEs/(120*60)m2 = 1UEs/m2
[bookmark: _Ref127199504]Table 8. Evaluation results for UE side model, CNN, different user density
	Model input
	Model output
	Label
	Settings (e.g., drops, clutter param, mix)
	Dataset size
	AI/ML complexity
	Horizontal positioning accuracy at CDF=90% (meters)

	
	
	
	Training
	test
	Training & validation
	test
	Model complexity
	Computational complexity
	AI/ML

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	{60%, 6m, 2m}
	{60%, 6m, 2m}
	6480UE*18TRP
	720UE*18TRP
	205k
	77M
	2.4

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	{60%, 6m, 2m}
	{60%, 6m, 2m}
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	1.05

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	{40%, 4m, 2m}
	{40%, 4m, 2m}
	6480UE*18TRP
	720UE*18TRP
	205k
	77M
	3.1

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	{40%, 4m, 2m}
	{40%, 4m, 2m}
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	1.56


From the results in Table 8, we can get the following observation:
[bookmark: _Ref127352295]High user density of training dataset provides an improvement in AI/ML assisted TOA estimation positioning over the low user density.
Proposal 4 [bookmark: _Ref127200902]: Support different user density of training dataset for different requirement on AI/ML positioning. 

Evaluation of different scenario
This section summarized positioning accuracy in different scenario based on Multi-TRP model. As shown in Table 9, AI/ML model performance drop dramatically when the training dataset and test dataset are generated with different scenarios, indicating that AI model suffers from poor generalization capability across different scenarios especially for scenario hall size. Moreover, training AI/ML model with a mixed dataset is an effective way to improve generalization performance.
For InF-SH hall size is 300x150 m; for InF-DH hall size is 120x60 m.
[bookmark: _Ref118371914]Table 9. Evaluation results for UE side model, CNN, different scenario
	Model input
	Model output
	Label
	Settings (e.g., drops, clutter param, mix)
	Dataset size
	AI/ML complexity
	Horizontal positioning accuracy at CDF=90% (meters)

	
	
	
	Training
	Test
	Training & validation
	test
	Model complexity
	Computational complexity
	AI/ML

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	InF-DH {40%, 2m, 2m}
	InF-DH {40%, 2m, 2m}
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	1.56

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	InF-DH {60%,6m, 2m}
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	4.36

	non-normalized PDP(18*256*8)
	18TOA
	Ideal
	
	InF-SH
Large hall size
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	>100

	non-normalized PDP(18*256*8)
	18TOA
	Ideal
	InF-DH {60%,6m, 2m}
	InF-DH {60%,6m, 2m}
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	1.05

	non-normalized PDP(18*256*8)
	18TOA
	Ideal
	
	InF-DH {40%, 2m, 2m}
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	8.14

	non-normalized PDP(18*256*8)
	18TOA
	Ideal
	
	InF-SH
Large hall size
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	>100

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	Mix
InF-DH {40%, 2m, 2m} and InF-SH
	InF-DH {40%, 2m, 2m}
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	2.42

	non-normalized PDP(18*256*8)
	18TOA
	Ideal
	
	InF-SH
Large hall size
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	3.6


From the results in Table 9, we can get the following observation:
[bookmark: _Ref118377356]Performance of AI/ML assisted TOA estimation positioning degrades when the model is trained with dataset of one scenario and tested with dataset of another scenario, especially for different hall size scenario.
Proposal 5 [bookmark: _Ref127200923]: Further study the monitor mechanism of different hall size scenario for AI/ML positioning.

Evaluation of channel estimation error
The performance of channel estimation is mainly affected by interference and noise. We use a procedure of adding channel estimation error to time-domain CIR, in which the additional estimation error is additive white Gaussian noise (AWGN), that cause different SNR as shown in Figure 4.
[bookmark: _Ref127199545]Table 10. Evaluation results for UE side model, CNN, channel estimation error
	Model input
	Model output
	Label
	Settings (e.g., drops, clutter param, mix)
	Dataset size
	AI/ML complexity
	Horizontal positioning accuracy at CDF=90% (meters)

	
	
	
	Training
{40%, 2m, 2m}
	Test
{40%, 2m, 2m}
	Training & validation
	test
	Model complexity
	Computational complexity
	AI/ML

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	SNR=0dB
	SNR=0dB
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	2.32

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	SNR =10dB
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	4.24

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	SNR =20dB
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	4.48

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	Without noise
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	4.31

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	SNR=10dB
	SNR=0dB
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	38

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	SNR =10dB
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	2.13

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	SNR =20dB
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	2.76

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	Without noise
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	3.67

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	SNR=20dB
	SNR=0dB
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	51.4

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	SNR =10dB
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	20.5

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	SNR =20dB
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	1.72

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	Without noise
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	2.1

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	Without noise
	SNR=0dB
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	50.6

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	SNR =10dB
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	43.4

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	SNR =20dB
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	20.8

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	Without noise
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	1.56

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	mix
SNR=0dB and SNR =20dB
	SNR=0dB
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	2.38

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	SNR =10dB
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	2.28

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	SNR =20dB
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	2.23

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	Without noise
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	2.22


From the results in Table 10, we can get the following observation:
[bookmark: _Ref127352331]Performance of AI/ML assisted TOA estimation positioning significantly degrades when the model is trained with small channel estimation error and tested with large channel estimation error.  
[bookmark: _Ref127352352]AI/ML model in AI/ML assisted TOA estimation positioning has robust generalization capability when the model is trained with large channel estimation error and tested with small channel estimation error.

Evaluation of timing error
Timing error includes network synchronization error and UE/gNB RX&TX timing error. The timing error can be modeled as a truncated Gaussian distribution with zero mean and standard deviation of T1 ns, with truncation of the distribution to the [-2*T1, 2*T1] range. T1 was set to 0&20&50ns.
[bookmark: _Ref127199570]Table 11. Evaluation results for UE side model, CNN, timing error, InF-DH {40%, 2m, 2m}
	Model input
	Model output
	Label
	Settings (e.g., drops, clutter param, mix)
	Dataset size
	AI/ML complexity
	Horizontal positioning accuracy at CDF=90% (meters)

	
	
	
	Training
{40%, 2m, 2m}
	Test
{40%, 2m, 2m}
	Training & validation
	test
	Model complexity
	Computational complexity
	AI/ML

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	50ns
	50ns
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	6.78

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	20ns
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	5.11

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	0ns
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	5.14

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	20ns
	50ns
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	9.72

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	20ns
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	4.45

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	0ns
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	4

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	0ns
	50ns
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	16.57

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	20ns
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	10.9

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	0ns
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	1.56

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	Mix 50ns and 20ns
	50ns
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	7.42

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	20ns
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	4.72

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	0ns
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	4.95



[bookmark: _Ref127199575]Table 12. Evaluation results for UE side model, CNN, timing error, InF-DH {60%, 6m, 2m}
	Model input
	Model output
	Label
	Settings (e.g., drops, clutter param, mix)
	Dataset size
	AI/ML complexity
	Horizontal positioning accuracy at CDF=90% (meters)

	
	
	
	Training
{60%, 6m, 2m}
	Test
{60%, 6m, 2m}
	Training & validation
	test
	Model complexity
	Computational complexity
	AI/ML

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	50ns
	50ns
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	4.09

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	20ns
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	3.06

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	0ns
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	3.28

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	20ns
	50ns
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	7.56

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	20ns
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	2.83

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	0ns
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	2.36

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	0ns
	50ns
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	16.59

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	20ns
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	10.62

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	0ns
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	1.05

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	Mix 50ns and 20ns
	50ns
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	5.05

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	20ns
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	3.1

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	0ns
	32400UE*18TRP
	3600UE*18TRP
	205k
	77M
	3.07


From the results in Table 11 and Table 12, we can get the following observation:
[bookmark: _Ref127352365]Performance of AI/ML assisted TOA estimation positioning significantly degrades when the model is trained with small timing error and tested with large timing error.  
[bookmark: _Ref127352380]AI/ML model in AI/ML assisted TOA estimation positioning has robust generalization capability when the model is trained with large timing error and tested with small timing error.

Evaluation of fine tuning
In this section, we will evaluate whether model fine-tuning can improve the generalization performance for AI/ML assisted TOA estimation positioning. 
[bookmark: _Ref127199592]Table 13. Evaluation results for UE side model, CNN, InF-DH {40%, 2m, 2m} train
	Model input
	Model output
	Label
	Settings (e.g., drops, clutter param, mix)
	Dataset size
	AI/ML complexity
	Horizontal pos. accuracy at CDF=90% (m)

	
	
	
	Train
	Fine-tune
	Test
	Train
	Fine-tune
	test
	Model complexity
	Computation complexity
	AI/ML

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	{40%, 4m, 2m}
	/
	{40%, 4m, 2m}
	32400UE*18TRP
	0
	3600UE*18TRP
	205k
	77M
	1.56

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	
	{60%, 6m, 2m}
	
	
	
	205k
	77M
	4.36

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	{60%, 6m, 2m}
	{40%, 4m, 2m}
	
	1200UE*18TRP
	
	205k
	77M
	6.97

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	
	{60%, 6m, 2m}
	
	
	
	205k
	77M
	2.68

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	
	{40%, 4m, 2m}
	
	3600UE*18TRP
	
	205k
	77M
	5.9

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	
	{60%, 6m, 2m}
	
	
	
	205k
	77M
	1.93

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	
	{40%, 4m, 2m}
	
	7200UE*18TRP
	
	205k
	77M
	5.96

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	
	{60%, 6m, 2m}
	
	
	
	205k
	77M
	1.64



[bookmark: _Ref127199600]Table 14. Evaluation results for UE side model, CNN, InF-DH {60%, 6m, 2m} train
	Model input
	Model output
	Label
	Settings (e.g., drops, clutter param, mix)
	Dataset size
	AI/ML complexity
	Horizontal pos. accuracy at CDF=90% (m)

	
	
	
	Train
	Fine-tune
	Test
	Train
	Fine-tune
	test
	Model complexity
	Computation complexity
	AI/ML

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	{60%, 6m, 2m}
	/
	{60%, 6m, 2m}
	32400UE*18TRP
	0
	3600UE*18TRP
	205k
	77M
	1.05

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	
	{40%, 4m, 2m}
	
	
	
	205k
	77M
	8.14

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	{40%, 4m, 2m}
	{60%, 6m, 2m}
	
	1200UE*18TRP
	
	205k
	77M
	6.42

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	
	{40%, 4m, 2m}
	
	
	
	205k
	77M
	4.47

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	
	{60%, 6m, 2m}
	
	3600UE*18TRP
	
	205k
	77M
	4.78

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	
	{40%, 4m, 2m}
	
	
	
	205k
	77M
	3.11

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	
	{60%, 6m, 2m}
	
	7200UE*18TRP
	
	205k
	77M
	4.68

	non-normalized PDP(18*256*8)
	18TOA
	Ideal 
	
	
	{40%, 4m, 2m}
	
	
	
	205k
	77M
	2.64


From the results in Table 13 and Table 14, we can get the following observation:
[bookmark: _Ref127352393]Fine-tuning the model with samples from a scenario can achieve positioning accuracy improvement when the pre-trained model is transferred to a new scenario for AI/ML assisted TOA estimation positioning (the more fine-tuning data the better performance), but performance degrades for pre-trained scenario.

Evaluation of semi-supervised learning (ground truth labels partially unavailable)
In some cases, it is difficulty to collect enough labelled data to to train the AI/ML model. This section focuses on semi-supervised learning, i.e., model training with both labelled data and un-labelled data. We use an iterative semi-supervised learning framework from [3]. For example, in Table 15, if training data includes 3600UE*18TRP labelled and 3600UE*18TRP un-labelled, we use labelled data to estimate results of un-labelled data, after that these un-labelled estimated results and original labelled data as training data to re-train the model.

[bookmark: _Ref127199617]Table 15. Evaluation results for UE side model, CNN
	Model input
	Model output
	(percentage of training data set without) Label
	Settings (e.g., drops, clutter param, mix)
	Dataset size
	AI/ML complexity
	Horizontal positioning accuracy at CDF=90% (meters)

	
	
	
	
	Training & validation
	test
	Model complexity
	Computational complexity
	AI/ML

	non-normalized PDP(256*8)
	18TOA
	0%
	{40%, 4m, 2m}
	32400UE*18TRP labelled
	3600UE*18TRP
	187k
	15M
	1.56

	non-normalized PDP(256*8)
	18TOA
	0%
	{40%, 4m, 2m}
	3600UE*18TRP labelled
	3600UE*18TRP
	187k
	15M
	5.58

	non-normalized PDP(256*8)
	18TOA
	50%
	{40%, 4m, 2m}
	3600UE*18TRP labelled
3600UE*18TRP un-labelled
	3600UE*18TRP
	187k
	15M
	4.64

	non-normalized PDP(256*8)
	18TOA
	88.9%
	{40%, 4m, 2m}
	3600UE*18TRP labelled
28800UE*18TRP un-labelled
	3600UE*18TRP
	187k
	15M
	4.46

	non-normalized PDP(256*8)
	18TOA
	0%
	{40%, 4m, 2m}
	7200UE*18TRP labelled
	7200UE*18TRP
	187k
	15M
	3.33

	non-normalized PDP(256*8)
	18TOA
	50%
	{40%, 4m, 2m}
	7200UE*18TRP labelled
7200UE*18TRP un-labelled
	7200UE*18TRP
	187k
	15M
	3.06

	non-normalized PDP(256*8)
	18TOA
	75%
	{40%, 4m, 2m}
	7200UE*18TRP labelled
21600UE*18TRP un-labelled
	7200UE*18TRP
	187k
	15M
	2.83


From the results in Table 15, we can get the following observation:
[bookmark: _Ref127352406]With less amount of labelled data, semi-supervised learning with more un-labelled data provides a more accurate position accuracy than supervised learning for AI/ML assisted TOA estimation positioning. 
Proposal 6 [bookmark: _Ref127200938]: Support semi-supervised learning for AI/ML positioning when limited labelled data are collected for training.

Performance evaluation of direct AI/ML positioning
Dataset description
For evaluations of the direct AI/ML positioning, 4 DL-PRS Tx antenna is configured for each TRP, and 2 RX branch at UE is configured. The dataset #A generated with InF-DH scenario, {60%, 6m, 2m} clutter settings, and 9.3ns sampling period is used as baseline. In order to verify the generalization performance of AI/ML model over various settings, the sampling period 1ns, clutter parameters of {40%, 2m, 2m}, different random seeds, different timing error, different CE error, different scenarios are also used for dataset #B generation. The sample number for each evaluation is 36000, where data size for model training, validation, and testing is 28800, 3600, and 3600, respectively, and 1 sample means the CIR/PDP collected from 18 TRPs for a given UE, each CIR(PDP) is comprised of length M = 256 complex(real) samples.
Evaluation without generalization considerations
In Table 16, we present the direct AI/ML positioning results based on model input with 1-port CIR, 2-port CIR (by different polarization, the existing spec is only 1 antenna port) and PDP generated in InF-DH scenario with clutter parameters {60%,6m,2m}. For 1-port CIR evaluation, the input dimension of CIR is 18*1*256(number of TRP, number of transmit antenna port, length of CIR). When model input is 2-port CIR or PDP, the signals of the 4 transmit antenna are combined for each receive antenna branch, the input dimension is 18*2*256. 
[bookmark: _Ref118372423]Table 16. Evaluation results for AI/ML model deployed on UE or network-side without generalization, CNN
	Model input
	Model output
	Label
	Settings (e.g., drops, clutter param, mix)
	Dataset size
	AI/ML complexity
	Horizontal pos. accuracy at CDF=90% (m)

	
	
	
	Train
	Test
	Train
	test
	Model complexity
	Computation complexity
	AI/ML

	1-port CIR [18,1,256]
	UE pos [x,y]
	0%
	{60%, 6m, 2m}
	{60%, 6m, 2m}
	32400
	3600
	202.10K
	73.18M
	1.32

	CIR [18,2,256]
	UE pos [x,y]
	0%
	{60%, 6m, 2m}
	{60%, 6m, 2m}
	32400
	3600
	464.24K
	0.266G
	0.940

	PDP [18,2,256]
	UE pos [x,y]
	0%
	{60%, 6m, 2m}
	{60%, 6m, 2m}
	32400
	3600
	463.95K
	0.264G
	0.821



As shown in the Table 16, the positioning accuracy based on fingerprinting is about 1m, which is much higher than the traditional RAT-dependent positioning accuracy of 17m. We can conclude that the positioning performance in heavy NLOS scenario can be significantly improved by fingerprinting, regardless of whether the input is PDP or CIR. Moreover, it is obvious that increasing the antenna port can also improve the positioning accuracy.

[bookmark: _Ref127352421]Direct AI positioning can significantly improve the positioning performance in heavy-NLOS scenarios compared to conventional methods.
[bookmark: _Ref127352431][bookmark: _Ref118377394]The evaluation results shown that the positioning performance of 2 transmit antenna ports (by different polarization) is better than the existing 1 antenna port in the spec.
[bookmark: _Ref118377650]
Proposal 7 [bookmark: _Ref127356487]: At least support PDP as model input for direct AI/ML positioning, and further study CIR to check whether the phase part in CIR is useful.
Proposal 8 [bookmark: _Ref127356501][bookmark: _Ref118378881]: Study and evaluate the performance of direct AI/ML positioning with multiple transmit/receive antenna port pairs (for example, 2 ports with different polarization).
Evaluation of different drops with generalization
Evaluation with better training dataset construction
In Table 17, we present the generalization capability of the AI model over different drops based on model input with 1-port CIR, 2-port CIR and PDP. The random seeds of different drops are different. As shown in Table 17, when we test the model trained by data of drop1 directly to the data of drop2, the horizontal positioning accuracy at CDF=90% is 9.15m, 9.36m, and 8.57m when the model input is 1-port CIR, 2-port CIR and PDP, respectively. Since the multipath realization has no correlation across different drops, the direct AI/ML methods in general are not expected to generalize across unseen drops.
For evaluation with better training dataset construction, half the data of drop1 and half the data of drop2 are mixed for training. In this way, the positioning accuracy can reach 3.63m, 1.52m and 1.72m when the model input is 1-port CIR, 2-port CIR and PDP, respectively.
[bookmark: _Ref118372516]Table 17. Evaluation results for AI/ML model deployed on UE or network-side with generalization, CNN
	Model input
	Model output
	Label
	Settings (e.g., drops, clutter param, mix)
	Dataset size
	AI/ML complexity
	Horizontal pos. accuracy at CDF=90% (m)

	
	
	
	Train
	Test
	Train
	test
	Model complexity
	Computation complexity
	AI/ML

	1-port CIR [18,1,256]
	UE pos
[x,y]
	0%
	Drop1
	Drop2
	32400
	3600
	202.10K
	73.18M
	9.15

	
	
	
	Drop1+Drop2
	Drop2
	16200+16200
	3600
	
	
	3.63

	CIR [18,2,256]
	UE pos
[x,y]
	0%
	Drop1
	Drop2
	32400
	3600
	464.24K
	0.266G
	9.36

	
	
	
	Drop1+Drop2
	Drop2
	16200+16200
	3600
	
	
	1.52

	PDP
[18,2,256]
	UE pos
[x,y]
	0%
	Drop1
	Drop2
	32400
	3600
	463.95K
	0.264G
	8.57

	
	
	
	Drop1+Drop2
	Drop2
	16200+16200
	3600
	
	
	1.72


[bookmark: _Ref118377444][bookmark: _Ref118385925]Performance of direct AI/ML positioning degrades when the model trained with dataset of one drop is tested with dataset of other drops since there is no correlation between multipath realization of different drops.
[bookmark: _Ref118377452]Training the AI model with mixed dataset can be an effective way to improve the performance of direct AI positioning when the model is deployed at different drops.
Evaluation of model fine-tuning
Model fine-tuning is performed to evaluate the generalization capability of direct AI/ML positioning over different drops, where the model pretrained with dataset of drop1 is re-trained with a small dataset from the same drop (drop2) as the test dataset. The results are shown in Table 18.
[bookmark: _Ref118372565]Table 18. Evaluation results for AI/ML model deployed on UE or network-side with generalization, CNN
	Model input
	Model output
	Label
	Settings (e.g., drops, clutter param, mix)
	Dataset size
	AI/ML complexity
	Horizontal pos. accuracy at CDF=90% (m)

	
	
	
	Train
	Fine-tune
	Test
	Train
	Fine-tune
	test
	Model complexity
	Computation complexity
	AI/ML

	1-port CIR [18,1,256]
	UE pos [x,y]
	0%
	Drop1
	Drop2
	Drop2
	0
	0
	3600
	202.10K
	73.18M
	9.15

	
	
	
	
	
	
	
	1200
	
	
	
	3.05

	
	
	
	
	
	
	
	2400
	
	
	
	2.52

	
	
	
	
	
	
	
	3600
	
	
	
	2.25

	CIR [18,2,256]
	UE pos [x,y]
	0%
	Drop1
	Drop2
	Drop2
	0
	0
	3600
	464.24K
	0.266G
	9.36

	
	
	
	
	
	
	
	1200
	
	
	
	3.08

	
	
	
	
	
	
	
	2400
	
	
	
	2.54

	
	
	
	
	
	
	
	3600
	
	
	
	2.17

	PDP [18,2,256]
	UE pos [x,y]
	0%
	Drop1
	Drop2
	Drop2
	0
	0
	3600
	463.95K
	0.264G
	8.57

	
	
	
	
	
	
	
	1200
	
	
	
	3.23

	
	
	
	
	
	
	
	2400
	
	
	
	3.01

	
	
	
	
	
	
	
	3600
	
	
	
	2.37



As shown in Table 18, without fine-tuning, the positioning accuracy of direct AI positioning decreased from 1.32m, 0.987m and 0.874m to 9.15m, 9.36m, and 8.57m when the model input is 1-port CIR, 2-port CIR and PDP, respectively. When using 3600 samples in the same drop (drop2) as the test dataset for fine-tuning, the positioning accuracy of direct AI positioning can reach 2.25m, 2.17m, and 2.37m. Moreover, the positioning performance improves as the data size used for fine-tuning increases without overfitting.
[bookmark: _Ref118377457]Fine-tuning the model with samples from a drop can achieve positioning accuracy improvement when the pre-trained model is transferred to a new drop for direct AI/ML positioning.
Evaluation of different clutter parameters with generalization
Evaluation with better training dataset construction
In Table 19, it can be observed that when the model trained on the dataset with clutter setting {60%,6m,2m} is tested by the clutter setting {40%,2m,2m}, the positioning accuracy is 9.1m, 7.43m and 7.72m corresponding to the model input of 1-port CIR, 2-port CIR and PDP. By better training dataset construction, the accuracy can be improved to 5.49m, 2.30m, and 2.43m.
.
[bookmark: _Ref118372588]Table 19. Evaluation results for AI/ML model deployed on UE or network-side with generalization, CNN
	Model input
	Model output
	Label
	Settings (e.g., drops, clutter param, mix)
	Dataset size
	AI/ML complexity
	Horizontal pos. accuracy at CDF=90% (m)

	
	
	
	Train
	Test
	Train
	test
	Model complexity
	Computation complexity
	AI/ML

	1port-CIR [18,1,256]
	UE pos [x,y]
	0%
	{60%, 6m, 2m}
	{40%, 2m, 2m}
	32400
	3600
	202.10K
	73.18M
	9.10

	
	
	
	{60%, 6m, 2m}+{40%, 2m, 2m}
	{40%, 2m, 2m}
	16200+16200
	3600
	
	
	5.49

	CIR [18,2,256]
	UE pos [x,y]
	0%
	{60%, 6m, 2m}
	{40%, 2m, 2m}
	32400
	3600
	464.24K
	0.266G
	7.43

	
	
	
	{60%, 6m, 2m}+{40%, 2m, 2m}
	{40%, 2m, 2m}
	16200+16200
	3600
	
	
	2.30

	PDP [18,2,256]
	UE pos [x,y]
	0%
	{60%, 6m, 2m}
	{40%, 2m, 2m}
	32400
	3600
	463.95K
	0.264G
	7.72

	
	
	
	{60%, 6m, 2m}+{40%, 2m, 2m}
	{40%, 2m, 2m}
	16200+16200
	3600
	
	
	2.43


[bookmark: _Ref118377461]Performance of direct AI/ML positioning degrades when the model trained with clutter setting ({60%,6m,2m}) is tested with dataset of another clutter setting ({40%,2m,2m}).
[bookmark: _Ref118377467].
[bookmark: _Ref118377482]Training the AI model with mixed dataset can be an effective way to improve the performance of direct AI positioning when the model is deployed at different clutter settings.
Evaluation of model fine-tuning
Model fine-tuning is performed to evaluate the generalization capability of direct AI/ML positioning over different clutter settings, where the model pre-trained with dataset of clutter setting ({60%,6m,2m}) is re-trained with a small dataset from the same clutter setting ({40%,2m,2m}) as the test dataset. The results are shown in Table 20.
[bookmark: _Ref118372663]Table 20. Evaluation results for AI/ML model deployed on UE or network-side with generalization, CNN
	Model input
	Model output
	Label
	Settings (e.g., drops, clutter param, mix)
	Dataset size
	AI/ML complexity
	Horizontal pos. accuracy at CDF=90% (m)

	
	
	
	Train
	Fine-tune
	Test
	Train
	Fine-tune
	test
	Model complexity
	Computation complexity
	AI/ML

	1port-CIR [18,1,256]

	UE pos [x,y]
	0%
	{60%, 6m, 2m}
	{40%, 2m, 2m}
	{40%, 2m, 2m}
	0
	0
	3600
	202.10K
	73.18M
	9.10

	
	
	
	
	
	
	
	1200
	
	
	
	4.49

	
	
	
	
	
	
	
	2400
	
	
	
	3.86

	
	
	
	
	
	
	
	3600
	
	
	
	3.50

	CIR [18,2,256]
	UE pos [x,y]
	0%
	{60%, 6m, 2m}
	{40%, 2m, 2m}
	{40%, 2m, 2m}
	0
	0
	3600
	464.24K
	0.266G
	7.43

	
	
	
	
	
	
	
	1200
	
	
	
	3.80

	
	
	
	
	
	
	
	2400
	
	
	
	3.42

	
	
	
	
	
	
	
	3600
	
	
	
	3.09

	PDP [18,2,256]
	UE pos [x,y]
	0%
	{60%, 6m, 2m}
	{40%, 2m, 2m}
	{40%, 2m, 2m}
	0
	0
	3600
	463.95K
	0.264G
	7.72

	
	
	
	
	
	
	
	1200
	
	
	
	3.74

	
	
	
	
	
	
	
	2400
	
	
	
	3.38

	
	
	
	
	
	
	
	3600
	
	
	
	3.10



As shown in Table 20, without fine-tuning, the positioning accuracy of direct AI positioning is 9.10m, 7.43m, and 7.72m when the model input is 1-port CIR, 2-port CIR and PDP, respectively. When using 3600 samples in the same clutter parameters ({40%,2m,2m}) as the test dataset for fine-tuning, the positioning accuracy of direct AI positioning can reach 3.50m, 3.09m and 3.10m respectively. As with the evaluation results of different sampling rates and drops, the performance gets better as the number of fine-tuning samples increases when the direct AI model generalized over different clutter parameters.
[bookmark: _Ref118377487]Fine-tuning a model with samples of clutter setting ({40%,2m,2m}) can significantly improve the performance of direct AI/ML positioning when the model pre-trained in ({60%,6m,2m}) is transferred to clutter setting({40%,2m,2m}).
Evaluation of timing error with generalization
The timing errors following a truncated Gaussian distribution between [-2T1,2T1], the performance of direct AI positioning with rms value T1=50ns, 30ns and 10ns has been evaluated. The results have been shown in the table below. The ideal dataset is generated with InF-DH scenario, {60%, 6m, 2m} clutter settings, without timing error.
Evaluation with better training dataset construction
[bookmark: _Ref127200297]Table 21. Evaluation results for AI/ML model deployed on UE or network-side with generalization, CNN
	Model input
	Model output
	Dataset size
	Horizontal pos. accuracy at CDF=90% (m)

	
	
	Train
	Test
	Test
Train
	50ns
	30ns
	10ns
	Ideal

	CIR [18,2,256]
	UE pos [x,y]
	28800
	3600
	50ns
	3.275
	2.813
	2.714
	2.673

	
	
	
	
	30ns
	4.260
	2.667
	1.867
	1.865

	
	
	
	
	10ns
	9.231
	4.058
	1.782
	1.146

	
	
	
	
	Ideal
	17.201
	12.172
	8.917
	0.940

	
	
	14400+14400
	3600
	50ns&10ns
	3.743
	2.519
	2.448
	2.090

	
	
	28800+28800
	3600
	50ns&10ns
	2.994
	2.050
	2.075
	1.687

	PDP [18,2,256]
	UE pos [x,y]
	28800
	3600
	50ns
	3.366
	2.772
	2.705
	2.703

	
	
	
	
	30ns
	4.749
	3.400
	1.905
	1.924

	
	
	
	
	10ns
	8.539
	3.872
	1.665
	1.218

	
	
	
	
	Ideal
	12.461
	6.948
	3.405
	0.821

	
	
	14400+14400
	3600
	50ns&10ns
	3.513
	2.504
	2.327
	2.006

	
	
	28800+28800
	3600
	50ns&10ns
	2.510
	1.765
	1.791
	1.358


From the diagonal data in the Table 21, it can be found that the smaller the timing error, the better the positioning performance. Besides, it can be observed that the model trained by the larger timing error dataset can be directly adopted to the dataset with smaller timing error, which can be seen from the upper triangle of the table. On the contrary, if the error of test dataset is larger than that of training data, the positioning performance will degrade, which can be seen from the lower triangle of the table. 
Besides, we mix the training data with 50ns and 10ns timing error and ensure that the mixed training dataset is the same size as the training data with only 50ns timing error, it can be observed that the performance of the test dataset with 30ns, 10ns timing error and ideal dataset (smaller than 50ns) have been improved compared with the training dataset only with 50ns timing error. Further, increasing the number of mixed training dataset can further improve the performance.
[bookmark: _Ref127352609]Direct AI/ML model trained with large timing error dataset can be generalized to dataset with small timing error.
[bookmark: _Ref127352622]The positioning performance of direct AI/ML can be improved by mixing dataset with different timing errors at the cost of the training complexity.

Evaluation of model fine-tuning
Model fine-tuning is performed to evaluate the generalization capability of direct AI/ML positioning over different timing errors. In Table 22, the model pre-trained by dataset with rms=50ns is fine-tuned and tested by dataset with rms=10ns and 50ns. 
It can be seen from Table 22 that the performance of dataset with timing error 50ns is significantly improved with the increase of fine-tuning data. The performance is improved from 17.201m with no fine-tuning data to 5.834m with the fine-tune data 7200 when model input is CIR.
[bookmark: _Ref127200005]Table 22. Evaluation results for AI/ML model deployed on UE or network-side with generalization, CNN
	Model input
	Model output
	Label
	Settings (e.g., drops, clutter param, mix)
	Dataset size
	AI/ML complexity
	Horizontal pos. accuracy at CDF=90% (m)

	
	
	
	Train
	Fine-tune
	Test
	Train
	Fine-tune
	test
	Model complexity
	Computation complexity
	AI/ML
10ns
	AI/ML
50ns

	CIR [18,2,256]
	UE pos [x,y]
	0%
	50ns
	10ns
	10ns/50ns
	0
	0
	3600
	464.24K
	0.266G
	2.714
	3.275

	
	
	
	
	
	
	
	1200
	
	
	
	2.124
	3.496

	
	
	
	
	
	
	
	3600
	
	
	
	2.098
	4.381

	
	
	
	
	
	
	
	7200
	
	
	
	1.869
	4.571

	PDP [18,2,256]
	UE pos [x,y]
	0%
	50ns
	10ns
	10ns/50ns
	0
	0
	3600
	463.95K
	0.264G
	2.705
	3.366

	
	
	
	
	
	
	
	1200
	
	
	
	2.361
	4.055

	
	
	
	
	
	
	
	3600
	
	
	
	2.154
	4.223

	
	
	
	
	
	
	
	7200
	
	
	
	1.910
	4.594



When the model pre-trained with 50ns timing error is directly used for the test dataset with 10ns timing error, the performance is better than that of the test dataset with 50ns timing error, which is due to the smaller timing error. When fine-tune the model with dataset with 10ns timing error, it can be found that the performance of test data with the same timing error(10ns) as the fine-tuning data is further improved, while the performance of test data with 50ns timing error is decreased.


Evaluation of channel estimation error with generalization
Evaluation with better training dataset construction
We model the channel estimation error as AWGN  (dB). The training set is set in the fifth column, and test set is set in the second row of Table 23. The dataset is generated with InF-DH scenario, {60%, 6m, 2m} clutter settings.
[bookmark: _Ref127200067]Table 23. Evaluation results for AI/ML model deployed on UE or network-side with generalization, CNN
	Model input
	Model output
	Dataset size
	Horizontal pos. accuracy at CDF=90% (m)

	
	
	Train
	Test
	Test 
Train
	SNR=0dB
	SNR=10dB
	SNR=20dB
	Ideal

	CIR [18,2,256]
	UE pos [x,y]
	28800
	3600
	SNR=0dB
	2.645
	3.825
	3.956
	3.953

	
	
	
	
	SNR=10dB
	53.064
	1.520
	1.752
	1.769

	
	
	
	
	SNR=20dB
	60.615
	51.917
	1.115
	0.948

	
	
	
	
	Ideal
	53.918
	59.543
	43.803
	0.940

	
	
	14400+14400
	3600
	0dB & 10dB
	2.760
	1.819
	1.524
	1.540

	
	
	28800+28800
	3600
	0dB & 10dB
	2.135
	1.386
	1.142
	1.150

	PDP [18,2,256]
	UE pos [x,y]
	28800
	3600
	SNR=0dB
	2.255
	2.339
	2.405
	2.439

	
	
	
	
	SNR=10dB
	43.713
	1.427
	1.051
	1.093

	
	
	
	
	SNR=20dB
	68.18
	37.334
	1.034
	0.756

	
	
	
	
	Ideal
	54.430
	21.131
	1.532
	0.821

	
	
	14400+14400
	3600
	0dB & 10dB
	2.297
	1.629
	1.325
	1.332

	
	
	28800+28800
	3600
	0dB & 10dB
	2.087
	1.510
	1.139
	1.161


From the diagonal data in the Table 23, it can be found that the higher the SNR, the better the positioning performance. Besides, it can be observed that the model trained by the lower SNR dataset can be directly adopted to the dataset with higher SNR, which can be seen from the upper triangle of the table. On the contrary, if the SNR of test dataset is lower than SNR of training data, the positioning performance will be very poor, which can be seen from the lower triangle of the table.
The model trained with dataset of SNR=0dB can be directly adopted to the dataset with larger SNR, when we mix 10dB data into 0dB training data, the performance can be further improved. Moreover, increasing the number of mixed training data can significantly improve the performance of direct AI positioning. 
[bookmark: _Ref127352652]The direct AI Model trained by dataset with large channel estimation error can be generalized to dataset with small channel estimation error.
[bookmark: _Ref127352665]The positioning performance can be improved by mixing dataset with different channel estimation errors at the cost of the training complexity.
Proposal 9 [bookmark: _Ref127356530]: For AI/ML positioning, support better training dataset construction (e.g., mix dataset with different clutter parameters, different timing errors, and different channel estimation errors) for AI/ML model generalization.

Evaluation of model fine-tuning
Model fine-tuning is performed to evaluate the generalization capability of direct AI/ML positioning over different channel estimation errors. In Table 24, the model pre-trained by ideal dataset is fine-tuned and tested by dataset with SNR=0dB. In table , the model pre-trained by dataset with SNR=0dB is fine-tuned and tested by dataset with SNR=0dB and 20dB. When model pre-trained with ideal dataset generalized to dataset with channel estimation error (SNR = 0dB), performance of direct AI positioning decreases significantly.
It can be seen from Table 24 that when model pre-trained with ideal dataset generalized to dataset with channel estimation error (SNR = 0dB), performance of direct AI positioning decreases significantly. The performance of dataset with SNR=0dB is significantly improved with the increase of fine-tuning data. The performance is improved from 53.918m with no fine-tuning data to 3.435m with the fine-tune data 7200 when model input is CIR.
[bookmark: _Ref127200489]Table 24. Evaluation results for AI/ML model deployed on UE or network-side with generalization, CNN
	Model input
	Model output
	Label
	Settings (e.g., drops, clutter param, mix)
	Dataset size
	AI/ML complexity
	Horizontal pos. accuracy at CDF=90% (m)

	
	
	
	Train
	Fine-tune
	Test
	Train
	Fine-tune
	test
	Model complexity
	Computation complexity
	AI/ML
20dB
	AI/ML
0dB

	CIR [18,2,256]
	UE pos [x,y]
	0%
	0dB
	20dB 
	20dB
	0
	0
	3600
	464.24K
	0.266G
	3.956
	2.645

	
	
	
	
	
	
	
	1200
	
	
	
	2.024
	7.420

	
	
	
	
	
	
	
	3600
	
	
	
	1.944
	14.220

	
	
	
	
	
	
	
	7200
	
	
	
	1.778
	45.923

	PDP [18,2,256]
	UE pos [x,y]
	0%
	0dB
	20dB
	20dB
	0
	0
	3600
	463.95K
	0.264G
	2.405
	2.255

	
	
	
	
	
	
	
	1200
	
	
	
	1.875
	3.755

	
	
	
	
	
	
	
	3600
	
	
	
	1.733
	13.873

	
	
	
	
	
	
	
	7200
	
	
	
	1.607
	16.828


It can be observed from Table 24 that performance of direct AI positioning with smaller channel estimation error (20dB) can be improved by fine-tuning when model pre-trained by dataset with larger channel estimation error(0dB), and the performance improves with the increase of fine-tuning data. Besides, when the model fine-tuned by dataset with different channel estimation error value generalize to initial dataset, the performance of initial dataset will decrease as the amount of fine-tuning data increase.
[bookmark: _Ref127538074][bookmark: _Ref127538595]Fine-tuning a model with samples of new parameter setting (e.g., drop, clutter setting, channel estimation error, timing error, scenario) can achieve positioning accuracy improvement when the pre-trained model is transferred to a new parameter setting for direct AI/ML positioning (the more fine-tuning data the better performance), but performance degrades for pre-trained parameter setting.

Evaluation of different scenarios with generalization
Model fine-tuning is performed to evaluate the generalization capability of direct AI/ML positioning over different scenarios, where the model pretrained with dataset of scenario InF-DH({60%, 6m, 2m}) with hall size (120*60)is re-trained with a small amount of dataset in scenario InF-SH/HH with hall size (300*150). The results are shown in Table 25.
[bookmark: _Ref127200520]Table 25. Evaluation results for AI/ML model deployed on UE or network-side with generalization, CNN
	Model input
	Model output
	Label
	Settings (e.g., drops, clutter param, mix)
	Dataset size
	AI/ML complexity
	Horizontal pos. accuracy at CDF=90% (m)

	
	
	
	Train
	Fine-tune
	Test
	Train
	Fine-tune
	test
	Model complexity
	Computation complexity
	AI/ML
InF-SH
	AI/ML
InF-HH

	CIR [18,2,256]
	UE pos [x,y]
	0%
	InF-DH({60%, 6m, 2m}),small hall
	InF-SH/HH, large hall
	InF-SH/HH, large hall
	0
	0
	3600
	464.24K
	0.266G
	>100
	>100

	
	
	
	
	
	
	
	1200
	
	
	
	9.806
	14.073

	
	
	
	
	
	
	
	3600
	
	
	
	5.391
	5.972

	
	
	
	
	
	
	
	7200
	
	
	
	3.815
	5.104

	PDP [18,2,256]
	UE pos [x,y]
	0%
	InF-DH({60%, 6m, 2m})
	InF-SH/HH, large hall
	InF-SH/HH, large hall
	0
	0
	3600
	463.95K
	0.264G
	>100
	.>100

	
	
	
	
	
	
	
	1200
	
	
	
	8.964
	21.755

	
	
	
	
	
	
	
	3600
	
	
	
	5.186
	14.537

	
	
	
	
	
	
	
	7200
	
	
	
	4.162
	9.581



As shown in Table 25, without fine-tuning, the positioning accuracy of direct AI positioning is larger than 100m when the model pretrained in InF-DH(60%,6m,2m) with 120*60m is adopted in InF-SH/HH with hall size 300*150m. When using 7200 samples in scenario InF-SH/HH for fine-tuning, the positioning accuracy of direct AI positioning can reach 3.815m and 5.104m with CIR as model input.
[bookmark: _Ref127352705]Performance of direct AI/ML positioning degrades when the model trained with dataset of InF-DH is tested with dataset of InF-SH/HH with different hall size, and fine-tuning can improve the performance.
Evaluation of time varying with generalization
We model the data with time varying by randomly select the paths from the 25clusters in CIR, both the number and the positions of paths selected are random for each UE-TRP link. 
Model fine-tuning is performed to evaluate the generalization capability of direct AI/ML positioning over time varying, where the model pretrained with dataset of scenario InF-DH({60%, 6m, 2m}) without time varying is re-trained with a small amount of dataset with time varying. The results are shown in Table 26.
[bookmark: _Ref127292284]Table 26. Evaluation results for AI/ML model deployed on UE or network-side with generalization, CNN
	Model input
	Model output
	Label
	Settings (e.g., drops, clutter param, mix)
	Dataset size
	AI/ML complexity
	Horizontal pos. accuracy at CDF=90% (m)

	
	
	
	Train
	Fine-tune
	Test
	Train
	Fine-tune
	test
	Model complexity
	Computation complexity
	AI/ML

	CIR [18,2,256]
	UE pos [x,y]
	0%
	without time varying
	with time varying
	with time varying
	0
	0
	3600
	464.24K
	0.266G
	>100

	
	
	
	
	
	
	
	1200
	
	
	
	11.206

	
	
	
	
	
	
	
	3600
	
	
	
	6.712

	
	
	
	
	
	
	
	7200
	
	
	
	5.076

	PDP [18,2,256]
	UE pos [x,y]
	0%
	without time varying
	with time varying
	with time varying
	0
	0
	3600
	463.95K
	0.264G
	>100

	
	
	
	
	
	
	
	1200
	
	
	
	9.950

	
	
	
	
	
	
	
	3600
	
	
	
	6.146

	
	
	
	
	
	
	
	7200
	
	
	
	4.796



As shown in Table 26, without fine-tuning, the positioning accuracy of direct AI positioning is larger than 100m when there is time varying change between the data for model pretraining and data for test. When using 7200 samples with time varying for fine-tuning, the positioning accuracy of direct AI positioning can reach 4.796m with PDP as model input.
[bookmark: _Ref127352717]Performance of direct AI/ML positioning degrades when there is time varying change between the training data and test data, and fine-tuning can improve the performance.

Proposal 10 [bookmark: _Ref127466750]: Further study modeling of dynamically varying environment on 3GPP InF deployment to investigate the model robustness to time varying changes.
Evaluation of UE density
In this section, the simulation is performed on the impact of UE density on performance of direct AI positioning, the results are shown in the table below.
[bookmark: _Ref127200540]Table 27. Evaluation results for AI/ML model deployed on UE or network-side without generalization, CNN
	Model input
	Model output
	Label
	Settings (e.g., drops, clutter param, mix)
	Dataset size
UE density 
	AI/ML complexity
	Horizontal pos. accuracy at CDF=90% (m)

	
	
	
	Train
	Test
	
	Model complexity
	Computation complexity
	AI/ML

	CIR [18,2,256]
	UE pos [x,y]
	0%
	InF-DH{60%,6m,2m}
	InF-DH{60%,6m,2m}
	5UEs/
	464.24K
	0.266G
	0.940

	
	
	
	
	
	2.5UEs/
	
	
	1.273

	
	
	
	
	
	1.25UEs/
	
	
	1.839

	
	
	
	
	
	0.625UEs/
	
	
	3.250

	PDP [18,2,256]
	UE pos [x,y]
	0%
	
	
	5UEs/
	463.95K
	0.264G
	0.821

	
	
	
	
	
	2.5UEs/
	
	
	1.357

	
	
	
	
	
	1.25UEs/
	
	
	2.039

	
	
	
	
	
	0.625UEs/
	
	
	2.758



From Table 27 it can be observed that the performance of direct AI positioning decreases as the UE density decreases.
[bookmark: _Ref127352740]Performance of direct AI positioning decreases as the UE density decreases.
Further, we analyse the direct AI positioning performance of UE non-uniform distribution in Table 28. Simply, we divide the data into left and right areas, and the amount of data in the left area is 1/4 of that in the right area. The model is trained on the mixed data and evaluated on the left and right test sets respectively.
[bookmark: _Ref127202102]Table 28. Evaluation results for AI/ML model deployed on UE or network-side without generalization, CNN
	Model input
	Model output
	Label
	Settings (e.g., drops, clutter param, mix)
	Dataset size
	AI/ML complexity
	Horizontal pos. accuracy at CDF=90% (m)

	
	
	
	Train
	Test
	Train
	Test
	Model complexity
	Computation complexity
	AI/ML

	PDP [18,2,256]
	UE pos [x,y]
	0%
	InF-DH{60%,6m,2m}
	Left
InF-DH
	3600
(left)
+14400
(right)=18000
	3600
	463.95K
	0.264G
	1.518

	
	
	
	
	Right
InF-DH
	
	3600
	
	
	1.021


From the Table 28, it can be seen that the performance of the left area is worse than that of the right, this is due to the lower data density on the left.
Proposal 11 [bookmark: _Ref127203329]: Further evaluate performance of AI/ML positioning for non-uniform UE distribution.

Evaluation of samples selection with strongest power
	Agreement
For reporting the model input dimension NTRP * Nport * Nt of CIR and PDP, Nt refers to the first Nt consecutive time domain samples.
· If N’t (N’t < Nt) samples with the strongest power are selected as model input, with remaining (Nt ‒ N’t) time domain samples set to zero, then companies report value N’t in addition to Nt. It is also assumed that timing info for the N’t samples need to be provided as model input.


According to the above agreement, we have evaluated the influence of Nt and N’t on direct AI positioning, the results are shown in the Table 29 below.
[bookmark: _Ref127200568]Table 29. Evaluation results for AI/ML model deployed on UE or network-side without generalization, CNN
	Model input
	Model output
	Label
	Settings (e.g., drops, clutter param, mix)
	Dataset size
	AI/ML complexity
	Horizontal pos. accuracy at CDF=90% (m)

	
	
	
	Nt
	N’t
	Train
	Test
	Model complexity
	Computation complexity
	AI/ML

	CIR [18,2,256]
	UE pos [x,y]
	0%
	256
	25
	32400
	3600
	464.24K
	0.266G
	0.940

	
	
	
	
	20
	
	
	
	
	0.915

	
	
	
	
	15
	
	
	
	
	1.017

	
	
	
	64
	25
	
	
	243.058K
	0.066G
	0.984

	
	
	
	
	20
	
	
	
	
	0.851

	
	
	
	
	15
	
	
	
	
	1.097

	PDP [18,2,256]
	UE pos [x,y]
	0%
	256
	25
	32400
	3600
	463.95K
	0.264G
	0.821

	
	
	
	
	20
	
	
	
	
	1.089

	
	
	
	
	15
	
	
	
	
	1.133

	
	
	
	64
	25
	
	
	242.770K
	0.066G
	0.942

	
	
	
	
	20
	
	
	
	
	0.965

	
	
	
	
	15
	
	
	
	
	1.057


When the model input is CIR, the parameter setting is changed from {Nt = 256, N’t = 25} to {Nt = 64, N’t = 15}, the performance is reduced from 0.940 to 1.097, the complexity is reduced from {464.24K, 0.266G} to {243.058K,0.066G}, the performance is only reduced by 16%, but the complexity is reduced by more than half. 
[bookmark: _Ref127352752]By selecting appropriate Nt and N’t, the computational complexity, model complexity and signalling overhead can be reduced without significant performance loss.
Proposal 12 [bookmark: _Ref127203354]: Study the trade-off between performance and complexity by choosing the appropriate Nt and N’t for AI/ML positioning evaluation.

Evaluation of semi-supervised learning (ground truth labels partially unavailable)
In semi-supervised learning, we divide the training data set into 5 parts, the first part is labelled data for supervised training, and the rest is unlabelled data for semi-supervised training. The simulation results of supervised learning and semi-supervised learning are given in the following table.
[bookmark: _Ref127200597]Table 30. Evaluation results for AI/ML model deployed on UE or network-side without generalization, CNN
	Model input
	Model output
	Label
	Settings (e.g., drops, clutter param, mix)
	Dataset size
	AI/ML complexity
	Horizontal pos. accuracy at CDF=90% (m)

	
	
	
	Train
	Test
	Train
	test
	Model complexity
	Computation complexity
	AI/ML

	CIR [18,2,256]
	UE pos [x,y]
	0%
	{60%, 6m, 2m}
	{60%, 6m, 2m}
	32400
	3600
	464.24K
	0.266G
	0.987

	
	
	0%
	
	
	7200 labelled
	7200
	
	
	2.018

	
	
	80%
	
	
	7200 labelled + 21600 unlabelled
	7200
	
	
	1.722

	PDP [18,2,256]
	UE pos [x,y]
	0%
	{60%, 6m, 2m}
	{60%, 6m, 2m}
	32400
	3600
	463.95K
	0.264G
	0.874

	
	
	0%
	
	
	7200 labelled
	7200
	
	
	2.213

	
	
	80%
	
	
	7200 labelled + 21600 unlabelled
	7200
	
	
	2.070


In Table 30, The amount of labelled data of supervised learning and semi-supervised learning is the same, and additionally, the amount of unlabelled data is 3 times that of labelled data for semi-supervised learning. The performance of supervised and semi-supervised learning is 2.018m and 1.722m respectively when CIR as model input. 
[bookmark: _Ref127352764]Semi-supervised learning with large amounts of unlabelled data can improve performance over supervised learning when labelled data is limited.



Conclusion
In this contribution, we summarize the following observations and proposals. 
Observation 1:The soft-decision approach outperforms the hard-decision approach for AI/ML assisted LOS/NLOS identification positioning.
Observation 2:High user density of training dataset provides an improvement in LOS/NLOS identification accuracy over the low user density.
Observation 3:Performance of AI/ML assisted LOS/NLOS identification positioning degrades when the model is trained with dataset of InF-DH scenario and tested with dataset of InF-SH large hall size scenario.  And the performance is improved when mix InF-DH and InF-SH training data.
Observation 4:Performance of AI/ML assisted LOS/NLOS identification positioning significantly degrades when the model is trained with small channel estimation error and tested with large channel estimation error.
Observation 5:AI/ML model in AI/ML assisted LOS/NLOS identification positioning has robust generalization capability when the model is trained with large channel estimation error and tested with small channel estimation error.
Observation 6:Performance of AI/ML assisted LOS/NLOS identification positioning significantly degrades when the model is trained with small timing error and tested with large timing error.
Observation 7:AI/ML model in AI/ML assisted LOS/NLOS identification positioning has robust generalization capability when the model is trained with large timing error and tested with small timing error.
Observation 8:Multi-TRP approach outperforms single-TRP for AI/ML assisted TOA estimation positioning.
Observation 9:The soft-decision approach outperforms the hard-decision approach for AI/ML assisted TOA estimation positioning.
Observation 10:High user density of training dataset provides an improvement in AI/ML assisted TOA estimation positioning over the low user density.
Observation 11:Performance of AI/ML assisted TOA estimation positioning degrades when the model is trained with dataset of one scenario and tested with dataset of another scenario, especially for different hall size scenario.
Observation 12:Performance of AI/ML assisted TOA estimation positioning significantly degrades when the model is trained with small channel estimation error and tested with large channel estimation error.
Observation 13:AI/ML model in AI/ML assisted TOA estimation positioning has robust generalization capability when the model is trained with large channel estimation error and tested with small channel estimation error.
Observation 14:Performance of AI/ML assisted TOA estimation positioning significantly degrades when the model is trained with small timing error and tested with large timing error.
Observation 15:AI/ML model in AI/ML assisted TOA estimation positioning has robust generalization capability when the model is trained with large timing error and tested with small timing error.
Observation 16:Fine-tuning the model with samples from a scenario can achieve positioning accuracy improvement when the pre-trained model is transferred to a new scenario for AI/ML assisted TOA estimation positioning (the more fine-tuning data the better performance), but performance degrades for pre-trained scenario.
Observation 17:With less amount of labelled data, semi-supervised learning with more un-labelled data provides a more accurate position accuracy than supervised learning for AI/ML assisted TOA estimation positioning.
Observation 18:Direct AI positioning can significantly improve the positioning performance in heavy-NLOS scenarios compared to conventional methods.
Observation 19:The evaluation results shown that the positioning performance of 2 transmit antenna ports (by different polarization) is better than the existing 1 antenna port in the spec.
Observation 20:Performance of direct AI/ML positioning degrades when the model trained with dataset of one drop is tested with dataset of other drops since there is no correlation between multipath realization of different drops.
Observation 21:Training the AI model with mixed dataset can be an effective way to improve the performance of direct AI positioning when the model is deployed at different drops.
Observation 22:Fine-tuning the model with samples from a drop can achieve positioning accuracy improvement when the pre-trained model is transferred to a new drop for direct AI/ML positioning.
Observation 23:Performance of direct AI/ML positioning degrades when the model trained with clutter setting ({60%,6m,2m}) is tested with dataset of another clutter setting ({40%,2m,2m}).
Observation 24:Training the AI model with mixed dataset can be an effective way to improve the performance of direct AI positioning when the model is deployed at different clutter settings.
Observation 25:Fine-tuning a model with samples of clutter setting ({40%,2m,2m}) can significantly improve the performance of direct AI/ML positioning when the model pre-trained in ({60%,6m,2m}) is transferred to clutter setting({40%,2m,2m}).
Observation 26:Direct AI/ML model trained with large timing error dataset can be generalized to dataset with small timing error.
Observation 27:The positioning performance of direct AI/ML can be improved by mixing dataset with different timing errors at the cost of the training complexity.
Observation 28:The direct AI Model trained by dataset with large channel estimation error can be generalized to dataset with small channel estimation error.
Observation 29:The positioning performance can be improved by mixing dataset with different channel estimation errors at the cost of the training complexity.
Observation 30:Fine-tuning a model with samples of new parameter setting (e.g., drop, clutter setting, channel estimation error, timing error, scenario) can achieve positioning accuracy improvement when the pre-trained model is transferred to a new parameter setting for direct AI/ML positioning (the more fine-tuning data the better performance), but performance degrades for pre-trained parameter setting.
Observation 31:Performance of direct AI/ML positioning degrades when the model trained with dataset of InF-DH is tested with dataset of InF-SH/HH with different hall size, and fine-tuning can improve the performance.
Observation 32:Performance of direct AI/ML positioning degrades when there is time varying change between the training data and test data, and fine-tuning can improve the performance.
Observation 33:Performance of direct AI positioning decreases as the UE density decreases.
Observation 34:By selecting appropriate Nt and N’t, the computational complexity, model complexity and signalling overhead can be reduced without significant performance loss.
Observation 35:Semi-supervised learning with large amounts of unlabelled data can improve performance over supervised learning when labelled data is limited.
Proposal 1: If generalization over channel estimation error is considered, training data should at least include large channel estimation error for AI/ML positioning.
Proposal 2: If generalization over timing error is considered, training data should at least include large timing error for AI/ML positioning.
Proposal 3: Support means and variance of TOA as model output to report for AI/ML assisted TOA estimation positioning.
Proposal 4: Support different user density of training dataset for different requirement on AI/ML positioning.
Proposal 5: Further study the monitor mechanism of different hall size scenario for AI/ML positioning.
Proposal 6: Support semi-supervised learning for AI/ML positioning when limited labelled data are collected for training. 
Proposal 7: At least support PDP as model input for direct AI/ML positioning, and further study CIR to check whether the phase part in CIR is useful.
Proposal 8: Study and evaluate the performance of direct AI/ML positioning with multiple transmit/receive antenna port pairs (for example, 2 ports with different polarization).
Proposal 9: For AI/ML positioning, support better training dataset construction (e.g., mix dataset with different clutter parameters, different timing errors, and different channel estimation errors) for AI/ML model generalization.
Proposal 10: Further study modeling of dynamically varying environment on 3GPP InF deployment to investigate the model robustness to time varying changes.
Proposal 11 : Further evaluate performance of AI/ML positioning for non-uniform UE distribution.
Proposal 12: Study the trade-off between performance and complexity by choosing the appropriate Nt and N’t for AI/ML positioning evaluation.
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