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Abstract
This contribution presents a method to combine end-to-end trained image compression methods with long-proven methods from VTM. The method comprises using an end-to-end coded image as reference image for a modified I-Frame. The encoder can then decide whether and how to use the NN-reference frame. In this method data transfer from a GPU/NPU is only necessary on full frame level into the decoded picture buffer, thus solving a major problem in realizing neural-network-based components in hardware while using specialized hardware. Compared to the previous contribution JVET-AJ0208 the method was harmonized with LMCS, showing similar gains. This contribution presents two variants, one where the encoder checks for each frame, whether the NN-reference frame is beneficial and should be used and one where this decision is based purely on the QP. In the first case gains of -4.21%/-7.07%/-3.63% in AI can be achieved with currently 1328% encoder runtime. In the second case the gains are -3.29%/-0.43%/0.10% with 498% encoder runtime.
In the current version, the runtimes are not reliable, since potentially multithreading was used on the cluster. Runtimes affected by this are marked with an asterisk (*) in the tables. We will update the runtimes before the presentation.
Introduction
End-to-end (E2E) learning-based coding has several advantages over block-based coding. By using powerful statistical models, more diverse content can be modeled. On the other hand, content, like, most prominently, planar regions and straight edges, which makes up a large portion of image and video data can be very efficiently modeled with VVC-like codec. It stands to reason that a hybrid solution, which uses the proven method within known video coders as well as the powerful modeling from learning-based solutions can lead to the synergy. AHG11 made good progress in integrating learning-based methods on top of VTM by replacing/enhancing/augmenting individual components of VTM with learning-based methods. One problem lies in the upscaling of these methods. GPUs/NPUs are commonly found also in mobile devices, which are very well capable of running neural networks efficiently with high parallelism, however, transferring the data to the specialized hardware on block-level is inefficient, and hinders the deployment of deeply-integrated learning-based tools on specialized hardware. 
Instead of augmenting the core of VTM with learning-based function, the method described in this contribution aims at using an E2E coded frame as reference frame to a modified VTM I-Frame. This way a data exchange between major coding engine and GPU/NPU happens only through decoded pictures buffer. Adding additional reference frames to image coding is a widely used technique, e.g. in scalable coding, multi-view-coding or DRFG (as studied in EE.1) [1]. Furthermore, this method of combining traditional and learnable coding leaves the core functionality of VTM intact and mainly unchanged. 
In this contribution, we expand on the method described in JVET-AJ0208 [2] which constitutes a hybrid solution between VTM and the I-Frame coder of the DCVC-FM [3] framework. In details implementation is as follows. The E2E-coded frame is included into VTM via a reference frame. In the current version of this method we restricted the encoder to only skip modes, and to use it for the entire frame when this mode is selected. In principle it is also possible to only use the E2E-coded reference frame in parts of the image and to only transmit these regions (since region-based encoding is supported by some learnable image codec, such as JPEG AI). In this contribution, we present two variants of this method and give performance and runtime measurements in All Intra configuration for CTC with natural content. Furthermore, we removed the limitation from the previous version and harmonized the method with LMCS.
Method description
Our method uses the intra frame coder of the DCVC-FM [3] video coder. Most state-of-the-art publicly available learning-based image coders focus on optimizing on perceptual quality instead of PSNR. Since JVET mostly focuses on PSNR performance, we chose the DCVC-FM intra coder as an example. To demonstrate this method, we also used the pre-trained weights provided by the authors and only slightly modified the coder to have a similar luma-chroma compression performance trade-off as VTM. DCVC-FM Intra has a complexity of 524 kMAC/px and a model size 26.59 million parameters, for both the encoder and decoder. This is too high complexity to be practical. Note, however, that the presented method is agnostic to the E2E-coder used for external reference picture encoding, as well as agnostic to the traditional coder it is combined with (VTM, NNVC, ECM).
As mentioned in the introduction, we use the decoded frame as reference frame to a modified I-Frame and let the encoder decide whether this reference frame is used. In the case encoder decides not to refer to the external reference frame associated overhead is not transmitted. If the encoder decides to refer to the external reference picture then all bits required for whole external reference picture reconstruction are included into the of the final bitstream. In the current version, this decision is made on frame-level, however, a block-based solution is under implementation. 
In this contribution, we present two different variants. In the first variant, we use frame-level rate-distortion optimization to determine whether NN-based reference frame should be used. In the second method, we select the usage of the NN-reference frame purely according to a QP heuristic. For QP 22, standard VTM is used, otherwise we always use the NN-reference. In this case the full VTM coder is not necessarily used, potentially yielding a strong runtime improvement. 
Results
We tested our methods according to the NNVC CTC [4] (full length sequences for QP 22-42). Since this method mainly effects intra frames, we primarily tested the AI configuration. The current version is implemented on top of VTM 23.4, which serves as anchor. Results for Variant 1, using RDO to determine the usage of NN-reference frame are show in the Table 1.
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	All Intra (AI)

	
	Y-PSNR
	U-PSNR
	V-PSNR
	EncT (CPU)
	DecT (CPU)

	Class A1
	-1.95%
	-3.91%
	-2.05%
	17447%*
	2500045%*

	Class A2
	-7.03%
	-5.07%
	8.87%
	14029%*
	23482591%*

	Class B
	-1.26%
	-7.14%
	-2.75%
	13216%*
	31194099%*

	Class C
	-4.98%
	-7.56%
	-5.01%
	120%
	4465%

	Class E
	-7.57%
	-11.45%
	-17.37%
	139%
	7284%

	Overall
	-4.21%
	-7.07%
	-3.63%
	1328%*
	28133922%*

	Class D
	-6.43%
	-14.06%
	-11.15%
	132%
	7067%




Table 2: BD-rate for Variant 2 relatively to VTM anchor under AhG11 test conditions. Runtime is measured entirely on CPU.
	All Intra (AI)

	
	Y-PSNR
	U-PSNR
	V-PSNR
	EncT (CPU)
	DecT (CPU)

	Class A1
	-2.05%
	21.74%
	-0.97%
	882%*
	8192%

	Class A2
	-10.17%
	3.09%
	18.23%
	512%*
	6670%

	Class B
	3.83%
	-5.73%
	2.06%
	465%*
	7921%

	Class C
	-4.78%
	-4.84%
	-2.07%
	2931%*
	6252%

	Class E
	-7.56%
	-11.40%
	-17.32%
	6053%*
	9273%

	Overall
	-3.29%
	-0.43%
	0.10%
	498%*
	7540%

	Class D
	-6.04%
	-12.67%
	-9.84%
	3846%*
	9076%



Table 2 shows the BD results for Variant 2 encoding, where AI reference frame is used according to QP. We see that nevertheless large gains are possible, at a reduced runtime. We note two effects here. First, we see that Class B has a 3.83% drop in BDR. Here, we see that AI reference frame was selected even though it was not optimal. This is an expected cost of testing less cases. Second, we see that that the Y-PSNR gain of Classes A1 and A2 is even larger than for Variant 1, however, we see losses in chroma. Analyzing the RD curves, we find that in this case DCVC-FM performed worse in chroma than VTM, leading to a higher RD cost even though the performance is higher on Y-PSNR. It was thereby not selected in the RDO. In this method, we see an average runtime of 498% of VTM. However, this is split in two cases. For QP 22 when AI-reference frame is not selected, where the runtime is 100%, since nothing is changed. For QP > 22, we measure runtimes of 410% of VTM, so we are more than 2 times faster than VTM. Since the runtime of NN-based coders does not strongly depend on the quality level, the relative runtime depends on the QP. This runtime is given in Table 3. Note that the runtimes of VTM with NN reference frame include loading the required libraries, the model and the weights, writing and reading the reference frame to the hard drive. In the current implementation all these steps are performed for each frame. Furthermore, note that the runtimes, including the neural network, were measured on a single-threaded CPU.


Table 3: Relative Runtime compared with VTM per QP
	QP
	EncT

	22
	100%

	27
	18%

	32
	3129%

	37
	51%

	42
	994%



Conclusion
In this contribution we presented one possibility how the large progress in E2E-trained image and video compression can be leveraged also in traditional coding methods. We show an average gain of -4.2% in luma if the decoder can test both traditional VTM and VTM with NN reference frame, and -3.3% if the encoder uses NN-reference frame based on a heuristic. In this case, we only need 498% of VTM encoding runtime. This method still yields good gains, even if sometimes wrong decisions are made. We are confident that better heuristics to determine the use of the NN reference frame, the optimal quality level and luma-chroma trade-off can improve the results further.
The method is specifically designed to minimize the data-transfer between the CPU and potentially used specialized hardware, which constitutes a major bottleneck in the application of dual-architecture image and video coding. Our method required only memory transfer once per frame into the decoded picture frame buffer. Currently the method entails frame-level switching between learned and traditional coding. However, in principal also switching in a finer granularity is possible with the approach, which can increase the flexibility and can potentially increase the coding efficiency. Authors find complexity performance trade-off attractive, plan to further improve the implementation and inform AhG11 about the progress.
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