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1. [bookmark: _Hlk134894944]Introduction
In R18 SI, we have studied on general aspects, specific issues related to use cases, and interoperability and testability aspects. The agreements have been collected in TR [1].
From RAN#102, some remaining open issues need to be further studied [2].
	Provide specification support for the following aspects:
· Core requirements for the above two use cases for AI/ML LCM procedures and UE features [RAN4]:
· Specify necessary RAN4 core requirements for the above two use cases.
· Specify necessary RAN4 core requirements for LCM procedures including performance monitoring.

Study objectives with corresponding checkpoints in RAN#105 (Sept ’24):
· Testability and interoperability [RAN4]: 
· Finalize the testing framework and procedure for one-sided models and further analyse the various testing options for two-sided models, in collaboration with RAN1, and including at least: 
· Relation to legacy requirements
· Performance monitoring and LCM aspects considering use-case specifics
· Generalization aspects 
· Static/non-static scenarios/conditions and propagation conditions for testing (e.g., CDL, field data, etc.)
· UE processing capability and limitations
· Post-deployment validation due to model change/drift
· RAN5 aspects related to testability and interoperability to be addressed on a request basis


In last meeting, we have the following agreements for CSI compression and CSI prediction.
	Issue 4-2: Reference and test encoder/decoder
Test decoder definition:
Test decoder(for UE side test): the decoder to be used in RAN4 tests and implemented in TE. it will be captured in the specifications if necessary (for example, for Option 3 it would be explicitly captured in the specifications)
test decoder definition covers both Option 3 and Option 4

Issue 4-4: RAN4 – RAN1 Coordination
RAN4 continues to discuss Option 3 and 4 and can review/discuss RAN1 agreements on interoperability if there will be any

Issue 4-7: Option 3 for 2-sided model
In order to consider model performance with more concrete details, companies are encouraged to bring parameters/values proposals, considering RAN4 existing test configuration or RAN1 baseline scenario captured in TR 38.843 in Table 6.2.1-2 for example.
 Companies to report model type used, input/output type (e.g., eigenvectors, raw channel matrix), training collaboration type and latent message size.


In this contribution, we further provide our views on testability aspects, especially from general test framework perspective.
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2. Discussion
2.1	Comparison of AI model performance for CSI compression 
In order to better understand the performance difference for different AI models, initial evaluation was conducted under the CDL-A channel model with 30ns delay. Fig. 2.1-1 shows the simulation procedure of the CSI compression. 


Fig. 2.1-1. Illustration of the simulation procedure of CSI compression
The simulation results are provided in Table 2.1-1 with transformer encoder and Table 2.1-2 with CNN encoder, respectively.
Table 2.1-1. Performance comparison for different decoder structure and complexity (Transformer encoder)
	Encoder 
	Decoder
	SGCS (R16 CB: 0.8375)

	
	Back-bone
	Model parameter
	Number of model parameter
	FLOPS
	

	Back-bone: Transformer
Number of model parameter: 4.1M
FLOPS: 5×107
Depth: 10 transformer blocks
Width: embedding=140

	Transformer
	Depth: 18 transformer blocks
Width: embedding=148
	8.0M
	1×108
	0.80

	
	
	Depth: 10 transformer blocks
Width: embedding=198
	8.0M
	1×108
	0.92

	
	
	Depth: 20 transformer blocks
Width: embedding=140
	7.9M
	1×108
	0.62

	
	CNN
	Depth: conv layers
Width: 165 feature maps 
	0.2M
	1×108
	0.88

	
	
	Depth: 17 conv layers
Width: 41 feature maps
	0.2M
	1×108
	0.91

	
	
	Depth: 150 conv layers
Width: 20 feature maps
	0.2M
	1×108
	0.92

	
	MLP
	Depth: 1 FC layers
Width: 9500 neurons
	98.7M
	1×108
	0.91

	
	
	Depth: 10 FC layers
Width: 3200 neurons 
	109.6M
	1×108
	0.89

	
	
	Depth: 15 FC layers
Width: 2600 neurons 
	106.6M
	1×108
	0.83



In Table 2.1-1, transformer encoder is used in the evaluation for verifying performance of different decoders. It can be seen that there could be large performance variance if model structure, including back-bone, parameters of decoder are different even if the complexity (FLOPs) are similar. For same type of decoder, if parameters are different, especially for transformer and MLP type of decoders, performance variance can be observed. The performance of CNN decoder seems not very sensitive to some parameters as listed in the table.
Table 2.1-2. Performance comparison for different decoder structure and complexity (CNN encoder)
	Encoder 
	Decoder
	SGCS (R16 CB: 0.8375)

	
	Back-bone
	Model parameter
	Number of model parameter
	FLOPS
	

	Back-bone: CNN
Number of model parameter: 4.1M
FLOPS: 5×107
Depth: 17 conv layers
Width: 32 feature maps
	CNN
	Depth: 17 conv layers
Width: 16 feature maps
	0.08M
	2×107
	0.88

	
	Transformer
	Depth: 4 transformer blocks
Width: embedding =110
	1.4M
	2×107
	0.84

	
	MLP
	Depth: 3 FC layers
Width: 2200 neurons
	16.5M
	2×107
	0.89



In table 2.1-2, CNN encoder is used in the evaluation for verifying performance of different decoders. Similar observations can be made.
Observation 1: Model structure (back-bone, parameters, e.g., number of layers, etc) also has significant performance impact even if complexity of model (in terms of FLOPS) are similar. 

2.2	Framework of requirements and tests for AI 
Test encoder/decoder is only for the encoder/decoder to be implemented by TE, depending on options for test decoder, which may be different from reference encoder/decoder for defining requirements in 2-sided model framework. Besides, for 1-sided model, specify a reference model for defining requirement would also be need. 
The framework for defining requirements for use cases and corresponding test procedures can be illustrated as in Fig. 2.2-1 for 2-sided model and 1-sided model, respectively. RAN4 testability study should consider all relevant parts in Fig. 2.2-1.
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(a) 2-side model                                 (b) 1-sided model
Fig. 2.2-1. Framework for requirements and tests for 2-sided model and 1-side model
For legacy demodulation requirements, it is typically defined with assumption of reference receiver, e.g., MMSE receiver or advanced receiver. The reference encoder and reference decoder for defining requirements for UE side model play similar role.
It can be seen from the evaluation results in section 2.1, there are a lot of factors that could impact the AI model performance. Moreover, different companies have different assumptions and implementations of model structure and parameters. Large performance difference can be expected.
When defining performance requirements for CSI compression with 2-sided models, throughput ratio is one metric for CSI compression. To align results from companies, reference decoder should be introduced for defining performance requirements for UE side encoder. Similarly, to derive gNB decoder performance, if necessary, UE side reference encoder should be introduced. Otherwise, it could be high unlikely to align results and derive requirements.
Moreover, the align evaluation results from companies, it also needs to define reference models for both sides. It means to define requirements for UE encoder, both reference encoder and reference decoder should be defined. With only one side reference model, it may still be challenging to derive requirements due to difficulty of aligning results from companies.
Similarly, even for one sided model, reference model should be defined to align results from companies and derive requirements.
Reference model is the approach to define performance requirements. It can be considered as part of principle for defining requirements in the TR. 
Proposal 1: RAN4 to define reference model for defining performance requirements for both one-sided model and two-sided model.

2.3	Testing aspects for 2-sided framework 
For 2-sided AI/ML model tests, it was agreed that test decoder/encoder is to be used in UE conformance tests and gNB conformance tests, respectively. Clarifications and pros/cons analysis were discussed and about half of them have been agreed. It was agreed to focus on Option 3 and Option 4. A lot of discussions have been made on pros/cons/feasibility and clarification for the Option 3 and Option 4. 
Requirement should be considered before the alignment work in Option 3 and Option 4. The test decoder(s) in detailed test case(s), would be used to verify that DUT will meet the defined requirement when communicating with TE. So, we would need reference encoder and decoder, to define requirement.
For Option 3, since CSI compression is a two-sided case and the paired encoder and decoder would be obtained simultaneously, the encoder is also aligned when the decoder is aligned. So, for Option 3, we should have reference encoder and reference decoder first, and then put the decoder in the spec.
As agreed, Option 4 target is that a single decoder implemented by each TE vendor will be enough for at least a single test for any DUTs. TE vendor should be able to implement the test decoder for Option 4 without any involvement from another party. It should be ensured that any encoder paired with any TE decoder should lead to very similar results. Then we should make alignment on the relationship between channel and latent message. To achieve such target, we should have reference encoder and reference decoder first. Then it is the time to discuss what is necessary in the spec.
Proposal 2: Reference encoder and decoder are needed for requirement derivation, and could largely be reused for test decoder derivation for both Option 3 and Option 4. RAN4 to work on reference encoder and decoder firstly. Later to discuss what will be put in the spec.
The definition of reference model has been discussed in the last meeting and we support the FL proposal. As discussed above, reference encoder/decoder is at least used for simulation alignment/requirement derivation, test decoder derivation and/or test decoder verification. It is import to have the definition to clarify and facilitate Ran4 work. Note that there is a fully standardize reference model that may be used in the field in RAN1 inter-vendor discussions. Since both RAN1 agreement and RAN4 agreement will be all captured in TR, the wording of “at least” is suggested to be added in the definition, to avoid the confusion.
Proposal 3: The definition of reference encoder/decoder is: the encoder/decoder used in RAN4 discussions at least for simulation alignment/requirement derivation, test decoder derivation and/or test decoder verification. It could be documented (in TR, WF, etc) or captured in the specifications as necessary.
Based on reference encoder and decoder, Option 3 and Option 4 are analysed further in the following.
· Option 3: At least test decoder is in the spec, which is same as reference decoder. Channel generation procedure is also needed for all vendors to obtain the similar training channel data. Based on the channel data and test decoder, DUT vendor could train their encoder to pass the RAN4 test. It is helpful to capture the reference encoder model structure in the spec which may provide reference on encoder implementation in terms of as least complexity and performance.
· Option 4a: At least reference encoder and channel generation method are in the spec, based on which TE can derive the test decoder. Training samples including only channel information could be obtained from specified channel generation method. Using the reference encoder and generated channel data, both TE vendor and DUT vendor could derive the decoder, which is paired with the reference encoder. DUT could directly use the reference encoder, or derive a new encoder based on the derived test decoder and generated channel data. Since TE vendors may derive test decoders with different performance, which would impact UE to pass the test. It is suggested to capture the reference decoder model structure as well in the spec.
· Option 4b: At least test decoder model structure (same as reference decoder model structure) and dataset (PMI and corresponding channel) are in the spec, based on which TE can derive the test decoder. This sub-option is similar to Option 3, but it is the test decoder model structure and dataset in the spec. Similar to option 3, it is suggested to capture the reference encoder model structure in the spec.
· Option 4c: At least reference encoder model structure and dataset (PMI and corresponding channel) are in the spec, based on which TE can derive the test decoder. This sub-option is similar to Option 4a, but it is the test decoder model structure and dataset in the spec. Similar to option 4a, it is suggested to capture the reference decoder model structure in the spec.
From the analysis, it is seen that Option 4b and Option 4c would be the same and can be combined to one sub-option. Then we have the following proposal.
Proposal 4: After the alignment of reference encoder and decoder, what will be put in the spec for Option 3 and Option 4 is listed in the following.
· Option 3: Test decoder (+ reference encoder model structure), and channel generation method are in the spec; 
· Option 4a: Reference encoder + test decoder model structure, and channel generation method are in the spec; 
· Option 4b: Test decoder model structure + reference encoder model structure, and dataset (PMI and corresponding channel) are in the spec; 
Now we consider the relationship between reference/test model and requirement/test case. 
To make the test case and requirement to be simple and effective, one test decoder could be used for one test case or multiple test case (if the generalization performance is well for multiple test case). There is no need to define multiple test decoder in one test case. 
Proposal 5: One test decoder could be used for one test case or multiple test case.
Considering model Performance, model complexity and UE implementation flexibility, it is suggested to define different reference encoder for different requirement or test case. Some complex reference encoder but with good performance may be needed for some high requirement or complex test case, while Some simple reference encoder but with lower performance may be needed for some low requirement or simple test case.
Proposal 6: Different reference encoder may be defined for different requirement or test case.

How to align the reference/test encoder/decoder
Some efforts are needed to align the reference/test encoder/decoder. 
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Fig. 2.3-1. Procedures to align the reference/test encoder/decoder.
As seen in Figure 2.3-1, one possible method of specifying the reference/test model is provided. 
· Step 1: Align the dataset containing only channel information. Simulation assumptions and data sample would need to be aligned to obtain the dataset. Companies could bring their own generated dataset and multiple datasets from different companies can be merged into one dataset, which is the aligned dataset. This dataset can be generated through 3GPP synthetic channel models. For CSI compression, this dataset only needs the channel information, i.e. the input for the encoder or the output for the decoder. 
· Step 2: Determine the model hyperparameters that need to be aligned. Step 1 and Step 2 could work together. Below are some important hyperparameters that need to be aligned for the model:
· Model type.
· Number of layers in the neural network.
· Number of neurons in each layer.
· Activation function(s) for each layer.
· Configuration of normalization layers.
· Special connection relationships between layers:
· ResBlock.
· Inception.
· Special hyperparameters for CNN:
· Parameters for the convolutional layers such as kernel size, stride, padding, activation function, bias, and channel number.
· Special hyperparameters for Transformer:
· Implementation method for multi-head attention, parameters for multi-head attention such as number of heads and dimensions of heads.
· Step 3: Define the evaluation method for model complexity and performance. Model complexity may include Flops or model storage size, which can be restricted to avoid exceeding hardware capabilities and also serve as KPI of model quality. When evaluating model quality, it is important to consider not only its performance but also its implementation complexity. During this process, some restrictions may be aligned directly related to model complexity, e.g., model backbone and some important hyperparameters.
· Step 4: The best model structure(s) may be selected based on the aligned evaluation method, through the simulations using the aligned dataset. Each company can train their own model based on the aligned dataset with only channel information from Step 1. Then, the best model structure(s) would be selected based on the evaluation method defined in Step 3. Model Performance, model complexity and UE implementation flexibility would be considered. Multiple model structures may be needed. For CSI compression, since encoder and decoder are trained in pair, the best model structures of both encoder and decoder should be selected together.
· Step 5: Based on the aligned model structure, the specific parameters of the reference model would be merged/selected from companies. For example, in the design of SRS sequences, each company may provide some sequences that are then merged by some iteratives to obtain usable sequences. Similarly, since the model structure has been determined, it may be possible to iteratively average the model parameters and merge them to obtain the specific parameters of the final reference model. Using reference model, RAN4 performance requirement and test decoder are obtained.
Then we have the following proposal.
Proposal 7: As seen in Figure 2.3-1, the reference/test encoder/decoder may be aligned through the following procedures
· Step 1: Align the dataset containing only channel information. 
· Step 2: Determine the model hyperparameters that need to be aligned. 
· Step 3: Define the evaluation method for model complexity and performance. 
· Step 4: The best model structure(s) may be selected based on the aligned evaluation method, through the simulations using the aligned dataset. 
· Step 5: Based on the aligned model structure, the specific parameters of the reference model would be merged from companies
In the last meeting, there are some progress on Option 3 and some parameters related to model and data have been agreed. Based on the above provided method of aligning model, some modifications have been made on the below table. The below table can be also used for Option 4, as discussed above. Some necessary model architecture parameters have been added. It would be helpful to fully align the training related parameters. However, with the same dataset only with channel and the same training related parameters, different seed or different simulation tools (Tensorflow or Pytorch) would result in different model parameters. Then a guideline of training related parameters may be enough.
Table 2.3-1. The parameters to be aligned for Option 3 and Option 4.
	Category
	Parameter
	Description/Examples

	Model architecture parameters
	Model type
	Transformer, CNN, RNN, MLP

	
	Model depth
	Number of layers

	
	Layer type
	Fully connected, convolutional, activation layer, normalization layers, etc.

	
	Layer size
	Neuron count and configuration

	
	Quantization method for the encoder output
	Scalar, vector (with codebook)

	
	Encoder-decoder interface
	Number of bits of latent message

	
	Fixed point representation
	Int8, int16, floating point etc

	
	Format of input to encoder/output of decoder
	

	
	Special connection relationships between layers (if needed)
	ResBlock, Inception, etc

	
	Special hyperparameters for CNN (if needed)
	Kernel size, stride, padding, activation function, bias, and channel number.

	
	Special hyperparameters for Transformer (if needed)
	Implementation method for multi-head attention, parameters for multi-head attention such as number of heads and dimensions of heads.

	Model Training related parameters
	Training procedure
	FFS (e.g Initialization method, training duration, training completion criteria, collaboration type, encoder assumption, etc)
Note that training procedure does not need to be fully aligned.

	
	Loss function
	SGCS, NMSE, etc.

	
	Training datasets
	Channel model, number of Tx/Rx ports
Other parameters FFS (e.g. rank)
Dataset containing only channel information, which is merged by data from companies.

	
	Hyperparameters
	Learning rate, batch size, regularization techniques and strength, optimization algorithm, etc.
Note that training procedure does not need to be fully aligned.

	
	Cross-validation details
	Dataset splits for training/testing/validation

	Generalization (may be applicable to all four options)
	Performance requirements on test dataset(s)
	Mean SGCS, etc.

	Scalability (may be applicable to all four options)
	Supported antenna port configurations
	(2,8,2), (2,4,2), etc.

	
	Supported feedback payloads
	Low, medium, high overhead (with specified number of bits)

	The evaluation method
	The evaluation of models considering both model complexity and performance
	



Proposal 8: Take into consideration the parameters to be aligned for Option 3 and Option 4 in Table 2.3-1.

Suggested reference model structures for both encoder and decoder
Our suggested reference model structure for encoder and decoder are provided, which can be used as a starting point. Both CNN and Transformer are considered. The suggested models are provided as examples and the model hyperparameters could be adjusted to reduce the model complexity.
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Figure 2.3-2. Suggested model structure for the encoder of CSI compression (CNN).

[image: ]
Figure 2.3-3. Suggested model structure for the decoder of CSI compression (CNN).

[image: ]
Figure 2.3-4. Suggested model structure for the encoder of CSI compression (Transformer).
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Figure 2.3-5. Suggested model structure for the decoder of CSI compression (Transformer).
Then we have the following proposal.
Proposal 9: The suggested model structures in Figure 2.3-2 to 2.3-5 for test decoder/encoder could be used as a starting point. 

Suggested simulation assumptions for reference model for both encoder and decoder
In order to consider model performance with more concrete details, companies are encouraged to bring parameters/values proposals, considering RAN4 existing test configuration or RAN1 baseline scenario captured in TR 38.843 in Table 6.2.1-2 for example.
Table 2.3-2 presents the baseline link level simulation assumptions of CDL channel for reference model derivation, where some unsuitable information is removed.
Table 2.3-2. Baseline link level simulation assumptions of CDL channel for reference model derivation.
	Parameter
	Value

	Duplex, Waveform 
	FDD OFDM 

	Carrier frequency
	2GHz 

	Bandwidth
	20MHz

	Subcarrier spacing
	15kHz 

	Nt
	32: (8,8,2,1,1,2,8), (dH,dV) = (0.5, 0.8)λ

	Nr
	4: (1,2,2,1,1,1,2), (dH,dV) = (0.5, 0.5)λ

	Channel model
	CDL-C

	UE speed
	3kmhr

	Delay spread
	30ns 

	Channel estimation
	Realistic channel estimation algorithms (e.g., LS or MMSE) as a baseline.
Ideal DL channel estimation is optionally taken into the baseline of evaluation methodology for the purpose of calibration and/or comparing intermediate results (e.g., accuracy of AI/ML output CSI, etc.). Up to companies to report whether/how ideal channel is used in the dataset construction and performance evaluation/inference.

	Rank per UE
	Rank 1-4. Companies are encouraged to report the Rank number, and whether/how rank adaptation is applied

	Note: the baseline EVM is used to compare the performance with the benchmark release, while the AI/ML related parameters (e.g., dataset construction, generalization verification, and AI/ML related metrics) can be of additional/different assumptions. The conclusions for the use cases in the SI should be drawn based on generalization verification over potentially multiple scenarios/configurations.



Based on our proposed LLS assumptions for CDL-C channel model and reference model structures in Fig. 2.3-2 to Fig. 2.3-5, Table 2.3-3 shows the SGCS results for different model structures under the different tests and training datasets. Note that the UMa dataset is generated based on the SLS assumption from RAN1 and related parameters are same as our proposed LLS assumptions for CDL-C. The mixed dataset contains the partial CDL-C dataset and UMa dataset, which are mixed together in one dataset randomly for model training.
Table 2.3-3 SGCS under different channel model for the proposed CNN and Transformer. 
	Model structure
	CNN
	Transformer

	CSI feedback bits
	Training dataset
	Test dataset
	Test dataset

	
	
	CDL-C
	UMa
	CDL-C
	UMa

	116 bits
	CDL-C
	0.99355
	0.33631
	0.99606
	0.25260

	
	UMa
	0.79066
	0.78691
	0.83060
	0.820660

	
	Mixed
	0.98189
	0.77310
	0.98800
	0.80081

	CNN encoder: FLOPS 62836064, size 0.1M. CNN decoder: FLOPS 987191251, size 2.4M.
Transformer encoder: FLOPS 69465856, size 5.6M. Transformer decoder: FLOPS 69482496, size 5.6M
Note: Mixed training dataset includes CDL-C and UMa channel model.



It can be observed that, the models trained under CDL-C dataset could provide a very high SGCS results under the CDL-C test datasets, while the performance degrades severely under the UMa test datasets. However, the models trained under UMa could provide a medium good performance of SGCS for UMa test dataset, and provide a higher SGCS under the CDL-C test dataset compared with the model training under CDL-C but tested in UMa. For the model trained under mixed dataset, it could provide good SGCS results under CDL-C and UMa test datasets and only degrade a little compared with the results of <CDL-C trained, CDL-C tested> and <UMa trained, UMa tested>. Thus, the best option is to use the mixed dataset for training and one of types of the dataset for testing. Since the TDL channel is a simpler channel compare with CDL and UMa, it can also be used for mixing and RAN4 test case. Similar to the previous test case, RAN4 tests could only use TDL channel. Based on the following analysis, we could have the following proposal.
Proposal 10: Using the mixed dataset for model training, including the mixing of TDL, CDL and UMa, while using the TDL dataset for RAN4 tests. Other mixing rules are not precluded.

Initial field test result of reference model for CSI compression
Initial field test of reference model for CSI compression is conducted as following. The data is collected from actual 5G network and the whole collecting area including Cell 1 and Cell 2 is about 250m * 150m. The detailed parameters are provided in the below table.
Table 2.3-4. Parameters of field test of CSI compression.
	Parameters
	Value

	Scenario
	Actual 5G network

	Carrier frequency
	3.45GHz

	Subcarrier spacing
	30KHz

	Frequency resources
	52 RBs, 13 subbands for 4RBs per subband

	Rank
	Max rank 1

	gNB antenna
	8 antenna ports

	UE antenna
	4 antenna ports

	CSI payload
	55 bits payload



The performance of different physical cells is analysed in the following. We have tested the coverage of different cells in the industrial park, according to the measured RSRP, RSRQ and SINR of mobile phones. The channel samples are collected by our prototype. The coverage areas of two typical cells in the industrial park are shown in the below figure. Note that in the coverage areas of each cell, the signal of target cell is acceptable in most places but would be not always the strongest among all cells. This means that the map of actual cell section would be different from the following figure.
[image: ]
Figure 2.3-6. The map of data collecting cells.
For Cell 1, we have collected about 144k outdoor samples. For Cell 2, we have collected about 65k outdoor samples. We choose 10% of them as validation samples.
We use the almost the same simulation assumptions of UMa and CDL in Table 2.3-3, except changing gNB 32Tx to 8Tx. It is important to point out that there would be plenty of parameter mismatches between simulation data and field data. 
The CNN encoder and the Transformer encoder trained by UMa and CDL are tested on Cell 1 and Cell 2 in field. Transformer decoder is used for both CNN encoder and Transformer encoder. The SGCS results are provided in the below table. It is seen that compared with eType II codebook, UMa transformer has 2.2% SGCS loss in Cell 1, but 2.7% SGCS gain in Cell 2. However, considerable SGCS loss is obtained by using AI/ML model trained by CDL. For UMa training data, Transformer would provide about 4.2%~5.1% SGCS gain compared with CNN.
Table 2.3-5. The SGCS results of multiple AI/ML models trained by simulation data and tested on field data.
	55 feedback bits
	eTypeII
	UMa CNN encoder
	UMa Transformer encode
	CDL CNN encoder
	CDL Transformer encoder

	Cell 1
	0.677
	0.630 (-6.9%)
	0.662 (-2.2%)
	0.202 (-70.2%)
	0.309 (-54.4%)

	Cell 2
	0.839
	0.827 (-1.4%)
	0.862 (+2.7%)
	0.512 (-39.0%)
	0.557 (-33.6%)



Observation 2: From initial results for field test, the generalization performance of AI/ML model trained by UMa simulation data on field data seems acceptable, which has similar performance as eType II codebook. The generalization performance of AI/ML model trained by CDL simulation data on field data is worse than AI/ML model trained by UMa simulation data.

Test decoder pros& cons analysis
Our considerations on the table of the comparison of the four options of test decoder are provided in the following.
For “Supported training collaboration type between DUT and decoder provider”, it seems that this aspect is just for training before test and seems to have no obvious impact on the test. Then this aspect does not need to be discussed, and we have the following proposal:
Proposal 11: “Supported training collaboration type between DUT and decoder provider” can be removed from the table of the comparison of the four options of test decoder, since this aspect is just for training before test and seems to have no obvious impact on the test.
Other aspects would need further discussion. Updated summary is provided in Table 2.3-6.
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	Option 1: DUT provides decoder
	Option 2: Decoder not from DUT and Spec
	Option 3: Full decoder specification in standard
	Option 4: partially specified decoder

	Clarification of options

	Source of the test decoder
	DUT vendor
	Decoder vendor (infra vendor in case of testing UEs)
	RAN4 specifications
	TE vendor, decoder developed based on RAN4 specifications

	Source of decoder training data
	Up to DUT vendors (no need to be specified)
	· Up to decoder implementer (infra vendor)
	Not needed, decoder fully specified (used as part of the RAN4 procedure to specify the decoder)
	FFS
· Could be specified depending on how Option 4 will be defined

	DUT vendor knowledge of the test decoder
	Full knowledge
	No or partial or enough or full knowledge based on alignment with infra vendors or specifications
	Full knowledge based on the specifications
	Partial knowledge – based on RAN4 specification

	[bookmark: _Hlk157525608]Supported training collaboration type between DUT and decoder provider (source of training data should be consistent with the collaboration type)
	Up to DUT vendor (All training collaboration Type 1/2/3)

	Up to infra vendor (All training collaboration Type 1/2/3)

	Up to RAN4 procedure to specify the decoder
	Up to TE vendor (All training collaboration Type 1/2/3)

	Test decoder performance verification procedure at TE
	Need to ensure that decoder performance is not degraded (as intended by the decoder provider) on the TE
	Need to ensure that decoder performance is not degraded (as intended by the decoder provider) on the TE

Need to ensure that decoder performance is good enough to enable a DUT that meets the minimum requirements to pass the test
	Not needed as long as the standardized model implementation can be similar enough between TE vendors
	Not needed as long a the model implementation can be similar enough between TE vendors

	Feasibility of test decoder verification procedure
	FFS
	FFS
	FFS
	FFS

	Pros/Cons analysis

	Reflection on the real deployment (likelihood that test decoder would be used
	Low
There could be large performance mismatch with field performance due to mismatch between test decoder and field decoder implemented by infra vendors.
Depends on training collaboration type and/or training dataset, the decoder mismatch would be alleviated.
	Medium
Could reflect the performance in the field if network vendors use same or similar decoder in the field as the test decoder. 
Since test decoder is designed for minimum requirement, network vendors may use more powerful decoder with better performance in the field.
	Low/Medium
Could reflect the performance if the test decoder(s) is generated from the well-designed datasets that could reflect real deployment.
There could be large performance mismatch if the training dataset is not realistic. UE may have to implement an additional encoder only for the tests.
	Medium
Could reflect the performance if the test decoder(s) is generated from the well-designed datasets that could reflect real deployment.
Could reflect the performance if infra/UE vendors consider the partially specified test decoder as reference for implementation.

	TE requirements to deploy the decoder (e.g., training, complexity, interopereatbility)
	Higher than Option 3/4 in terms of that maybe more than one decoder is implemented by TE

Lower thank Option 3/4 in terms of that no training at TE is required
	Higher than Option 3/4 in terms of that maybe more than one decoder is implemented by TE

Lower thank Option 3/4 in terms of that no training at TE is required
	Lower complexity than Option 1/2 in terms of that only one decoder is implemented by TE

Lower thank Option 4 in terms of that no training at TE is required
	Lower complexity than Option 1/2 in terms of that only one decoder is implemented by TE

Higher than Option 3 in terms of that training at TE is required 

Note: How to ensure compatibility/ interoperability between TE and DUT needs further study

	Specification effort (defining test decoder and requirements)
	Low
	Low
	Highest

RAN4 needs to standardize the entire decoder
	High

RAN4 needs to study and may decide on what to standardize

	Confidentiality/ IP issues in the testing procedure (after specs are published)
	Yes 
DUT vendor might have to expose some aspects of the design to the TE vendor
Depending on means used to share test decoder, TE vendors might require integrating source code from third party, which could even require licensing
	Yes
Decoder vendor might have to expose some aspects of the design to the TE vendor
Depending on means used to share test decoder, TE vendors might require integrating source code from third party, which could even require licensing
	No
	No

	Applicability to different scenarios/conditions/ configurations
	Applicable
Depending on how generalization test is defined and how test decoder is trained.
	Applicable
Depending on how generalization test is defined and how test decoder is trained.
	Applicable
Depending on how generalization test is defined and how test decoder is trained.
	Applicable
Depending on how generalization test is defined and how test decoder is trained.

	Complexity of testing for the ecosystem
	Testing the encoder at DUT

Higher than  Option 3/4 

Need for interaction between TE vendor
	Testing the encoder at DUT

Higher than Option 3/4 

Testing complexity higher also than Option 1
	Testing the encoder at DUT

Low – no need for interaction between TE vendors and other parties
	Testing the encoder at DUT

Low – no need for interaction between TE vendors and other parties

	Complexity of verifying/testing the test decoder
	Higher than Option 3/4 

FSS compared to Option 2
	Higher than Option 3/4 

FSS compared to Option 1
	Low
	Low

	Complexity of deploying for the ecosystem
	High
Offline co-engineering between TE vendor and UE vendors may be needed depends on model format.
TE needs to select different test decoder for different DUT, which may be based on DUT declaration.
All UE vendors should develop its own test decoder.

	High
Offline co-engineering between TE vendor and infra vendors may be needed depends on model format. 
How would TE select the corresponding test decoder for a UE under test or would the DUT pass test with all the test decoder from different network vendors?
Whether should all infra vendors provide test decoder?
DUT may need to be tested against one or multiple test decoders provided by different infra vendors.
	Low
TE only needs to implement the test decoder.
DUT may consider the test decoder for encoder implementation

	Low/Medium
TE only needs to train and implement partially specified test decoder.
DUT may consider the test decoder for encoder implementation


	Friendly to STOA (state of the art) model test / Forward compatibility when new AI models are invented
	Yes
	Yes
	No
	Yes

	Relationship with reference decoder/encoder (used by RAN4 to define the performance requirements) for defining the requirement
	A different reference decoder (e.g., based on option 3 or option 4) for defining requirements.
	A different reference decoder (e.g., based on option 3 or option 4) for defining requirements.
	Same reference decoder as test decoder for defining requirements.
	Same reference decoder as test decoder for defining requirements.

	Whether model transfer/delivery is needed during the test procedure
	FFS
	FFS
	FFS
	FFS




After the above discussions, we have the following proposal.
Proposal 12: Take into consideration the summary of 4 options for testing of 2-sided model in Table 2.3-6.

2.4	Testing aspects for CSI prediction
In the previous meetings, we have the following agreements for CSI prediction.
	Issue 4-1: CSI Prediction Accuracy metrics
Agreement:
· Agree option 3 for inference only. TBD whether we use relative or absolute throughput.
· Monitoring will be discussed separately. 


In the last meeting, throughput is agreed to be the default metric, others should be discussed only if throughput is not feasible. Then the discussion would be focused on whether to use absolute throughput or relative throughput. The inception of absolute throughput and relative throughput would be same. Compared with absolute throughput, relative throughput would be used to see the gain from CSI prediction. The comparison baseline can be further discussed, such as randomly chosen PMI.
Proposal 13: Compared with absolute throughput, relative throughput would be used to see the gain from CSI prediction. The comparison baseline can be further discussed, such as randomly chosen PMI.
Proposal 14: Since Monitoring is still under discussion in RAN1, RAN4 should wait for further progress of RAN1.

3. Summary
In this contribution, we provided our views on testability aspects for CSI compression and CSI prediction. Based on above analysis, following proposals and observations are present.
Observation 1: Model structure (back-bone, parameters, e.g., number of layers, etc) also has significant performance impact even if complexity of model (in terms of FLOPS) are similar. 
Proposal 1: RAN4 to define reference model for defining performance requirements for both one-sided model and two-sided model.
Proposal 2: Reference encoder and decoder are needed for requirement derivation, and could largely be reused for test decoder derivation for both Option 3 and Option 4. RAN4 to work on reference encoder and decoder firstly. Later to discuss what will be put in the spec.
Proposal 3: The definition of reference encoder/decoder is: the encoder/decoder used in RAN4 discussions at least for simulation alignment/requirement derivation, test decoder derivation and/or test decoder verification. It could be documented (in TR, WF, etc) or captured in the specifications as necessary.
Proposal 4: After the alignment of reference encoder and decoder, what will be put in the spec for Option 3 and Option 4 is listed in the following.
· Option 3: Test decoder (+ reference encoder model structure), and channel generation method are in the spec; 
· Option 4a: Reference encoder + test decoder model structure, and channel generation method are in the spec; 
· Option 4b: Test decoder model structure + reference encoder model structure, and dataset (PMI and corresponding channel) are in the spec; 
Proposal 5: One test decoder could be used for one test case or multiple test case.
Proposal 6: Different reference encoder may be defined for different requirement or test case.
Proposal 7: As seen in Figure 2.3-1, the reference/test encoder/decoder may be aligned through the following procedures
· Step 1: Align the dataset containing only channel information. 
· Step 2: Determine the model hyperparameters that need to be aligned. 
· Step 3: Define the evaluation method for model complexity and performance. 
· Step 4: The best model structure(s) may be selected based on the aligned evaluation method, through the simulations using the aligned dataset. 
· Step 5: Based on the aligned model structure, the specific parameters of the reference model would be merged from companies
Proposal 8: Take into consideration the parameters to be aligned for Option 3 and Option 4 in Table 2.3-1.
Proposal 9: The suggested model structures in Figure 2.3-2 to 2.3-5 for test decoder/encoder could be used as a starting point. 
Proposal 10: Using the mixed dataset for model training, including the mixing of TDL, CDL and UMa, while using the TDL dataset for RAN4 tests. Other mixing rules are not precluded.
Observation 2: From initial results for field test, the generalization performance of AI/ML model trained by UMa simulation data on field data seems acceptable, which has similar performance as eType II codebook. The generalization performance of AI/ML model trained by CDL simulation data on field data is worse than AI/ML model trained by UMa simulation data.
Proposal 11: “Supported training collaboration type between DUT and decoder provider” can be removed from the table of the comparison of the four options of test decoder, since this aspect is just for training before test and seems to have no obvious impact on the test.
Proposal 12: Take into consideration the summary of 4 options for testing of 2-sided model in Table 2.3-6.
Proposal 13: Compared with absolute throughput, relative throughput would be used to see the gain from CSI prediction. The comparison baseline can be further discussed, such as randomly chosen PMI.
Proposal 14: Since Monitoring is still under discussion in RAN1, RAN4 should wait for further progress of RAN1.
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Appendix A: AI/ML model introduction
There are different AI model structures that are mature and popular in AI industry. It is better to have some initial discussions as reference models would be needed when requirements for AI are being defined.
Full connect neural network (FC or MLP), convolutional neural network (CNN) and transformer are current popular AI/ML model backbones. They have achieved great success in image processing, pattern recognition and natural language processing. Then it has been well proved that they are also feasible in AI/ML involved wireless communications. A brief introduction of these backbones will be shown in the following.
Generally speaking, MLP is the most basic neural network. An example of one MLP with one hidden layer is shown in the below figure. The operations of one hidden layer includes one matrix multiplication, one vector addition and one vector passing through the activation function. There are some popular activation functions, e.g., rectified linear unit (ReLu), Tanh and Sigmoid. Activation function brings non-linear operations into the neural network and then gives the capability of approximating arbitrary complex function to the neural network. The depth of MLP is the number of FC layers and the width is the number of neurons in each FC layers.
[image: ]
Fig. A-1. An example of one MLP with one hidden layer
CNN is invented to largely reduce the complexity of FC in image processing. The matrix multiplication in FC would need unaffordable number of parameters and then 2D convolution is introduced to replace the matrix multiplication. For one channel, the multiplications share the same convolution kernel. Fig. A-2 shows an example of how convolution kernel works.
[image: ]
Fig. A-2. The illustration of how convolution kernel works.
Residual neural network (ResNet) has been invented in 2015 and now almost all CNNs have residual blocks. Residual block forces these layers to focus on the high-frequency features, solves the vanishing gradient problem and increases the approximation capability. The neural network can be very deep if residual block is introduced.
[image: ]
Fig. A-3. The illustration of residual block
The depth of CNN is the number of convolution layers. The width of CNN is the number of feature maps in each convolution layers. Fig. A-4. is a diagram of ResNet, where the depth is the number of convolution layers and the width is the number of feature maps in each convolution layer.
[image: ]
Fig.A-4. A diagram of ResNet
Transformer is based on attention mechanism. Attention mechanism introduces additional neural network, which can select different features in the original neural network according to different situations. Also, this additional neural network could assign different weights to the original features and these weights could be called as the soft attentions. After this process, the performance of the neural network could be improved, especially for the data under various situations. The depth of transformer is the number of transformer blocks, and the width is the embedding size of attention block. In our two-sided CSI simulations, the sequential length is the number of subbands.
[bookmark: _GoBack][image: ]
Fig.A-5. A diagram of Transformer.
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