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Abstract

Our CLIC Challenge submission for P-frame track im-
plements a residual coding structure and incorporates the
idea of post processing to enhance the reconstructed image
quality. The frame difference between the reference and tar-
get frames is coded using H.265 intra frame coding. In the
post processing, we choose to use an autoencoder with skip
connection and use a specific objective function, MS-SSIM.
Our experimental results show that this simple technique
can noticeably improve the image visual quality.

1. Introduction

In recent years, the post processing technique is widely
known to improve the image quality in video processing.
We adapt this idea in our H.265-based residual (frame dif-
ference) coding and the post processing method is a learn-
able CNN. The entire system is submitted to the P-frame
track of Challenge on Learned Image Compression (CLIC)
2020. This factsheet briefly describes the proposed method
in section 2 and the experiments in section 3.

2. Proposed Method

2.1. Residual Coding

Our residual coding is using HM 16.7 [1]. Given the
reference frame x and target frame y, the residual frame r is
obtained from the frame difference r = y−x in range [-255,
255]. And then H.265 is used to encode normalized and
quantized r in range [0, 255] and it reconstructs the residual
frame r̂ at the decoder. We use simple sum operation to
obtain predicted frame ȳ = x + r̂.

Figure 1: Visual improvement in predicted frame.

2.2. MS-SSIM Refinement

The predicted frame often contains observable coding
artifacts. We thus propose a learning-based post process-
ing to reduce the artifacts. Using x and ȳ as the input, our
neural net includes a set of convolution network with GDN
inspired from [2], as shown in Fig. 2. We apply skip con-
nections between blocks and combine the feature maps be-
tween x and ȳ. The loss function L can be formulated as:

L = (1 −MSSSIM(y, ŷ) ∗ 0.8 + MSE(y, ŷ) ∗ 0.2 (1)

Figure 2: Our post processing network.

3. Experiments
The training set is 739 videos from the UGC Dataset.

We generate the residual frames for each video in separate
YUV channels and only use the Y channel for the train-
ing. As in figure 1, the predicted frame ŷ displays signif-
icant visual improvement without sending any additional
bits. For the submission, our team name is da.eed05g. Sta-
tistically, our method has a higher MS-SSIM score (0.9787)
in leaderboard, compared to the reconstruction frame using
HM 16.7 coding only (0.9721) in local evaluation on the
P-frame track validation dataset.
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