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Abstract

We also use Non-local Attention Modules (NLAM)[3]
to capture global connections between features in different channels and spatial locations. The NLAM module is
shown in fig.1, which has three branch.
In hyperprior probabilistic model, two different way is
to capture context information. First, we use additional side
information [1] to capture context by a hyper-latents ẑ. Second, we utilize the current spatial feature of ŷ to predict its
bias and scale autoregressively. The autoregressive model
is based on [2].
This paragraph illustrates the details of experiments. We
trained 8 models with the same framework but different parameters. The difference lays in the channel of convolution
layer and latent ŷ. We trained all the models using 5123
images and random crop then to 256 × 256 in the training.
ADAM optimizer is used with learning rate of 1 × 10−4 ,
and then reduced half in the last 20 epochs. For the lowrate image compression track (0.15 bits per pixel constraint)
in CLIC-2020, we obtain 0.9774 and 0.9811 performance
in terms of multi-scale structural similarity (MS-SSIM) on
validation and test dataset respectively.

In this paper, we propose an extended variablerate image compression method using a conditional
autoencoder[2]. We deploy one variable-rate image compression network with a conditional autoencoder that can
yield compressed images of varying quality. Based on this
effective framework, we use a non-local module to train
model with attention mechanism. The probability estimation of latent representation is jointly modeled by a hyperprior autoencoder and autoregressive context module. The
Encoder uses pyramidal feature maps to improve the compression performance.

1. The Proposed framework
Fig.1 depicts the proposed image compression framework. To avoid training and deploying multiple networks,
we use a conditional autoencoder [2] to yield varying quality compression image. The condition audoencoder takes λ
as a conditioning input parameter, along with the input image, and produces a compressed image with different rate
and distortion.
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And then we trainthe model with the loss function,
P
minφ,θ λ∈Λ (Rφ,θ (λ) + λDφ,θ (λ))
where λ is random selected from a pre-defined finite set
Λ, and we use MS-SSIM as distortion metric. We use a
conditional convolution to implement a conditional autoencoder. Through a one-hot encoding, λ is used to channelwise scale and bias feature maps of each layer.

Figure 1. Proposed image compression framework.
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