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Abstract
This contribution provides a brief overview of generative face video coding algorithms and shows that they can achieve significantly better reconstruction quality than the state-of-the-art VVC standard at ultra-low bitrate ranges. JVET has been studying these algorithms since the beginning of this year. Given JVET’s successful track record of developing 2D video coding standards, the proponents of this contribution suggest that JVET continue to be tasked with the exploration and potential standardization of ultra-low bitrate 2D generative face video coding methods. 
1 Background
Recently, deep generative models, especially generative adversarial network (GAN) [1], have shown great potentials in compression of talking-head video (referred to as face video in this contribution). In [2]-[9], various authors proposed video coding systems that rely on generative models to reconstruct moving pictures. Similar to model-based coding [10]-[12] studied in the 1990’s, a generative model-based encoder uses the analysis model to extract compact information about the face, which can economically represent the input face video with a small number of transmitted parameters (e.g., facial semantics, facial landmarks, temporal motion features, etc.).  At the decoder, a deep generative model can use the decoded parameters and a key picture to reconstruct high quality face images. Compared to the early work on model-based video coding, which had to rely on much simpler synthesis methods, nowadays deep generative networks provide significantly higher capability to infer and synthesize the reconstructed video based on the compact parameters, resulting in much better reconstruction quality. 
Figure 1 illustrates the system block diagram of a generative face video codec. The system consists of two parts. The first part is coding of the key picture, which is used to provide essential texture information about the face. The key pictures are coded using a traditional video codec such as VVC. The second part of the system uses analysis model to extract and convey motion information economically, and uses synthesis model to reconstruct the face pictures based on the texture information and the motion information thus conveyed. All of the prior work in this area [2]-[9] share this system diagram, and the main difference between them is the specific choice of parameters that the analysis model extracts and transmits. The types of parameters used in [2]-[9] include 2D landmarks, 2D keypoints, region matrix, 3D keypoints, compact motion features and facial semantics. Though different systems result in different trade-offs of bitrate versus reconstruction quality, they have all demonstrated the ability to achieve much higher reconstruction quality of the face images compared to VVC at ultra-low rates, as will be shown in Section 2. 
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[bookmark: _Ref145510378]Figure 1 - General system diagram of a generative face video codec
[bookmark: _Ref147233363]Coding performance with generative face video codecs
A set of 50 face video sequences, cropped from the open source VoxCeleb2 dataset  (https://www.robots.ox.ac.uk/~vgg/data/voxceleb/vox2.html) were used to showcase the coding efficiency of the generative face video coding methods in comparison with VVC, especially at ultra-low rates. A snapshot of the video set is shown in Figure 2.  Figure 3 shows the rate distortion performance of different generative methods compared to that of VVC. Traditional metrics such as PSNR do not have a strong correlation with subjective quality, and are especially unsuitable for generative coding methods which do not optimize for sample-level fidelity. For this reason, in Figure 3, two well-known perceptual metrics, Deep Image Structure and Texture Similarity (DISTS) [15] and Learned Perceptual Image Patch Similarity (LPIPS) [16], are used to measure distortion. Note that smaller DISTS and LPIPS values indicate better perceptual quality. It is clear that the generative methods not only have far better rate distortion performance compared to VVC, they also operate at ultra-low bitrate ranges that are currently not reachable by VVC.
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[bookmark: _Ref145505826]Figure 2 – Test set of 50 face video sequences 
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[bookmark: _Ref145506021]Figure 3 – Rate distortion performance of a generative face video codec measured by two perceptual quality metrics: DISTS (left) and LPIPS (right)
Reconstructed face images are shown in Figure 4 to provide comparison of reconstruction quality using VVC and a few generative coding schemes at similar bitrates. It can be seen that at ultra-low bitrates, VVC reconstructed face images are unrecognizable, whereas generative coding methods can still reconstruct vivid faces. Figure 5 compares coded bitrates of different coding schemes when reconstructed quality is approximately the same. It can be seen that VVC needs almost 3 times the bitrate as the generative methods in order to deliver similar quality. Video demos using more test sequences will be shown during presentation at the meeting, and will emphasize very similar observations. 
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[bookmark: _Ref145509777]Figure 4 – Comparison of reconstruction quality using VVC vs. generative face video coding methods at similar coded bitrates
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[bookmark: _Ref145684940]Figure 5 – Comparison of coded bitrates using VVC vs. generative face video coding methods at similar reconstruction quality
2 Proposal
Results above have demonstrated the power of a deep generative network to enable the following use cases, which are currently unavailable in the VVC standard: 
1. Ultra-low rate communication: the key pictures can be sent with large time gap in between, and in between two key pictures, only a few facial parameters per time instance need to be sent, significantly reducing the coded bit rate compared to coding all pictures using VVC;  
2. User-specified animation/filtering: face animation and face filters have become very popular in many mobile apps. These apps can alter or manipulate face video captured using the camera on the phone. As the encoder has the uncoded face images, it can extract more precise facial landmarks and/or keypoints, facilitating higher quality facial animation at the decoder side. 
In terms of device readiness, the work in [2] provides evidence that current-generation mobile devices already have the capability to run a generative face video compression codec in real time. 
A number of contributions have been made to the JVET group to advocate for adding syntax to VVC-coded bitstream to support generative face video coding: 
· Jan 2023 meeting: JVET-AC0088
· April 2023 meeting: JVET-AD0051
· July 2023 meeting: JVET-AE0080, JVET-AE0083, JVET-AE0088, JVET-AE0280
These contributions proposed to carry various face parameters such as landmarks, keypoints, transformation matrices, temporal motion feature matrices, facial semantics, etc., in a new SEI message. However, during the discussion at JVET, it has been suggested to study other ways of standardizing a generative face video coding system, e.g., as a separate profile of VVC, which would solve the problem of interoperability that carrying these parameters in an SEI message would create. At this meeting, contribution JVET-AF0048 shares some recent work that aimed at addressing the interoperability issue. 
It is proposed that JVET be tasked with the exploration and potential standardization effort with focus on ultra-low rate 2D face video coding. JVET is familiar with this topic as technical discussions have been ongoing since January 2023. Undoubtedly JVET has the expertise to develop efficient 2D video coding standards. Further, as shown in Figure 1, all the generative face video coding systems rely on a traditional codec to code the key pictures (which provide essential texture information to the generative models), the work on generative face video coding can also be considered an extension to VVC, which JVET developed. 
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