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5.3.5
Existing features partly or fully covering the use case functionality

None
5.3.6
Potential New Requirements needed to support the use case



The potential KPI requirements to support the use case are:

[P.R.5.3-001] The 5G system shall support the delivery of pre-trained model weights and weight updates with a latency no more than 3 seconds. 

NOTE 1: 
the model download time takes into account acceptable channel switch time, which generally should not exceed 2-3 seconds. 

The following table provides an estimate of the model weight sizes:

Table 5.3.6.1-1: Model Weight Sizes and Data rates

	Model Name (see note 2)
	Model Weight Size (see note 4)
	Data Rate (see note 3)

	CAR 4x [www]
	Downsampling: ~40MB

Upsampling: ~170MB
	Upsampling model download:

450Mbps (downloaded over a period of 3 seconds)

	SR-GAN 4x [xxx]
	Downsampling: N/A (bicubic)

Upsampling: ~6MB
	Upsampling model download:

12Mbps (downloaded over a period 3 seconds)

	SRResNet 4x [xxx]
	Downsampling: N/A (bicubic)

Upsampling: ~6MB
	Upsampling model download:

12Mbps (downloaded over a period of 3 seconds)

	NOTE 2:   the size of the weights of the pre-trained models depends on the nature of the content and the scaling factor of the video.

NOTE 3:   model weight download is triggered by change of content by the user and thus results in bursty traffic by nature with relatively long off periods.

NOTE 4:   all model weight sizes are from pre-trained PyTorch models.


