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This supplementary document provides the following
additional materials and results to assist with the under-
standing of our MH-LVC:

* Implementation details in Section 2;

* Cascading and prediction errors in Section 3;

* Overview of Implicit Buffering Strategies in section 4

» Additional alternative Temporal Prediction Structures in
section 5

* The number of long-term key frames in Section 6;

¢ Command lines for VIM and HM in Section 7;

e Comparison with the state-of-the-art methods in terms of
MS-SSIM-RGB in Section 8;

¢ More visualizations in Section 9;

1. Mini-GOP

Table | examines the impact of the mini-GOP size on cod-
ing performance. These results justify our choice of mini-
GOP 4.

2. Implementation Details

2.1. The Prediction Structure for Training

We adopt a 5-frame training strategy due to limited com-
pute resources. We remark that our scheme can benefit from
training on large GOPs and long sequences.

Fig. | (a) illustrates the temporal prediction structure
during training. To create a quality structure among the de-
coded video frames, the weights w; of {1.2,0.5,1.2,0.9}
are assigned as follows: (1) 1.2 for Frame 2 (P* frame), (2)
0.5 for Frame 3 with the quality level 2, (3) 1.2 for Frame
4 with the quality level 3, and (4) 0.9 for Frame 5 with the
quality level 1. Notably, following a strategy similar to that
of DCVC-DC [1], a specific feature extractor is trained to
accommodate each of these weights. That is, in Fig. 2 (b)

“Equal contribution.

Table 1. Ablation of different mini-GOP sizes. The anchor is LS
with a mini-GOP size of 4.

mini-GOP Period HEVC-B UVG

mini-GOP 4 0.0 0.0
mini-GOP 8 1.0 0.5
mini-GOP 12 2.5 1.3
mini-GOP 16 29 2.1

of the main paper, the feature extractor of the long-term key
frame f., changes with the quality level. The P* frame
right after the I-frame is unique in that it typically exhibits
a much higher bitrate (and thus better decoded quality) than
those of the remaining P-frames due to error propagation
aware training [2]. In the setting with an infinite intra pe-
riod, we enable P* frames periodically to mitigate temporal
cascading errors.

To be as consistent with the prediction scenario at infer-
ence time as possible, we always use the most recently de-
coded frame as the short-term reference frame during train-
ing. Likewise, the I-frame, due to its higher quality, is al-
ways used as the long-term key frame. However, at infer-
ence time, the long-term key frame can be an I-frame, a P*
frame, or a P-frame with the quality level 3.

2.2. The Prediction Structures for Inference

Fig. 1 (b) illustrates our prediction structure at inference
time and how the decoded frame buffer evolves over time
under an intra period of 32. For forming a 4-frame mini-
GOP, we follow a quality pattern similar to the hierarchical
P prediction in traditional codecs. For the first mini-GOP
where no prior key frames are available, the I-frame and
P* frame are stored in the long-term section to serve as the
long-term reference frames for the subsequent frames.

Fig. 1 (c) illustrates the case with an infinite intra period,
where we enable P* frames periodically to mitigate tempo-
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Figure 1. Illustration of the coding structures for (a) training with intra-period 32, (b) inference with intra-period 32, and (c) inference with
an infinite intra-period.

Table 2. Training procedure. MENet, MWNet, MCNet represent the motion estimation network, the motion extrapolation network, and the
motion compensation network, respectively. R™°""°" and Ry represent the motion and total bitrates, respectively. EPA is error propagation
aware training.

Phase N;EE:SOf E/[rzg;li gs Loss Ir Epoch
ME Training 2 MENet D(xy, warp(zi—1, ft)) le-5 5
Motion Coding 3 MWNet & Motion codec ~ R™" -\ x D(z;, warp(z;_1, f1)) le-4 10
MC Training 3 MCNet Rmoton 4 X x D(zy, 2¢) le-4 3
3 Inter codec Ry + A X D(xy, 3y) le-4 10
Inter-Frame Coding 5 Inter codec R + A x D(xy, &) le-4 2
5 Inter codec & MCNet Ry + A x D(xy, 3) le-4 7
Finetune 5 All modules except MENet Ry + A X D(xy, 34) le-4 5
oo 3 Mool RoisDas) |
Variable Rate Finetune 5 All modules except MENet Ry + A X wy X D(xy, &) le-5 3

ral cascading errors. per.

2.3. Training Procedures

. o o 3. Cascading and Prediction Errors
Table 2 summarizes our training procedure. It begins with

training the single-rate model, followed by fine-tuning it to Fig. 3 shows that our LS is more effective than 7P in miti-
arrive at the variable-rate model. The code will be made gating temporal cascading errors. The results stress the im-
available for reproducibility upon the acceptance of the pa- portance of incorporating both long- and short-term refer-






	Mini-GOP
	Implementation Details
	The Prediction Structure for Training
	The Prediction Structures for Inference
	Training Procedures

	Cascading and Prediction Errors
	Overview of Implicit Buffering Strategies.
	Additional Alternative Temporal Prediction Structures
	The Number of Long-term Key Frames
	Command Lines for VTM and HM
	Comparison with the State-of-the-art Methods in Terms of MS-SSIM-RGB
	More Visualizations

