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Abstract— In this paper, we propose an enhanced bi-prediction
scheme based on the convolutional neural network (CNN) to
improve the rate-distortion performance in video compression.
In contrast to the traditional bi-prediction strategy which com-
putes the linear superposition as the predictive signals with
pixel-to-pixel correspondence, the proposed scheme employs
CNN to directly infer the predictive signals in a data-driven
manner. As such, the predicted blocks are fused in a non-
linear fashion to improve the coding performance. Moreover,
the patch-to-patch inference strategy with CNN also improves
the prediction accuracy since the patch-level information for the
prediction of each individual pixel can be exploited. The proposed
enhanced bi-prediction scheme is further incorporated into the
high-efficiency video coding standard, and the experimental
results exhibit a significant performance improvement under
different coding configurations.

Index Terms— Bi-prediction, deep neural network, inter
prediction, video coding.

I. INTRODUCTION

B I-PREDICTION, which serves as an indispensable
module in the state-of-the-art video coding stan-

dards such as H.264/AVC [1] and HEVC [2], performs

Manuscript received April 10, 2018; revised July 24, 2018 and
August 27, 2018; accepted September 26, 2018. Date of publication
October 16, 2018; date of current version October 29, 2019. This work
was supported in part by the National Natural Science Foundation of
China under Grants 61632001, 61421062, 61520106004, and 61571017,
in part by the National Basic Research Program of China (973 Program)
under Grant 2015CB351800, in part by the Hong Kong RGC Early Career
Scheme under Grant 9048122 (CityU 21211018), in part by the City Univer-
sity of Hong Kong under Grant 7200539/CS, in part by the High-Performance
Computing Platform of Peking University, and in part by the Microsoft
Research of Asia. Some preliminary results of this work were presented at
the International Symposium on Circuits and Systems (ISCAS), Florence,
Italy, May 2018. This paper was recommended by Associate Editor W. Liu.
(Corresponding author: Siwei Ma.)

Z. Zhao is with The Key Laboratory of Mathematics and Its Applica-
tions (LMAM), School of Mathematical Sciences, Peking University, Beijing
100871, China (e-mail: zhzhao@pku.edu.cn).

S. Wang is with the Department of Computer Science, City University of
Hong Kong, Hong Kong (e-mail: shiqwang@cityu.edu.hk).

S. Wang and S. Ma are with the School of Electronics Engineering and
Computer Science, Institute of Digital Media, Peking University, Beijing
100871, China (e-mail: sswang@pku.edu.cn; swma@pku.edu.cn).

X. Zhang is with the Viterbi School of Engineering, University of Southern
California, Los Angeles, CA 90089, USA (e-mail: zhangxinf07@gmail.com).

J. Yang is with The Key Laboratory of Mathematics and Its Applications
(LMAM), School of Mathematical Sciences, Peking University, Beijing
100871, China, and also with the Beijing Advanced Innovation Center
for Imaging Technology, Capital Normal University, Beijing 100048, China
(e-mail: jsyang@pku.edu.cn).

Color versions of one or more of the figures in this article are available
online at http://ieeexplore.ieee.org.

Digital Object Identifier 10.1109/TCSVT.2018.2876399

Fig. 1. The original and residual visual signals from the BQSquare
sequence in HEVC coding with the configuration of Random Access (RA) and
QP = 37 (cropped for better visualization).

motion-compensation from two reference frame lists. Typi-
cally, the synthesized signals are derived from the linear fusion
of forward and backward or two forward predictive signals.
As such, compared to uni-prediction, the coding efficiency
can be significantly improved by enhancing the prediction
accuracy with the joint estimation strategy. However, it is
widely acknowledged that the linear fusion, especially the
pixel-to-pixel average may still be suboptimal in some cir-
cumstances. An example is shown in Fig. 1, where the original
frame and the corresponding residual map after bi-prediction
are presented in Figs. 1 (a)&(b). It is clearly observed that
strong structural prediction residuals appear around the mov-
ing objects, suggesting that there is still large room to improve
for bi-prediction in video coding.

In the literature, efforts are devoted to improving the
prediction accuracy over the traditional average prediction.
Puri et al. [3] proposed the concept of B pictures in 1990,
and subsequently theoretical analyses regarding the applica-
tion of bi-prediction in video coding are provided in [4]–[6].
Kamikura et al. [7] proposed a global brightness-variation
compensation scheme that compensates for global bright-
ness variation caused by fade in/out, camera-iris adjustment,
etc. Yin et al. [8] proposed a weighted prediction strategy
where the weighting factors are derived from the neighboring
blocks. This algorithm shows significant coding performance
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Fig. 2. Comparisons between the pixel-to-pixel and patch-to-patch prediction
manners.

improvements when it is implemented in H.264/AVC.
Recently, Chen et al. [9] extended the motion of weighted
bi-prediction to prediction unit level to further improve the
coding performance.

Although such weighted prediction methods take advan-
tage of the correlation divergence, the linear fusion of two
prediction blocks still cannot handle the complicated motion
scenarios. Moreover, the implicit assumption of bi-prediction
is based on the block-wise translation motion model, implying
that the motion activities inside one block are homogeneous.
As such, the predictive signal is derived based on the pixel-to-
pixel correspondence, implying that the pixel to be predicted is
only determined by the co-located pixels in the two prediction
blocks. Such strong assumption may not coincide with the
actual motion of objects, which also motivates the affine
based motion compensation schemes in [10]–[12]. Moreover,
the comparisons between the pixel-to-pixel and patch-to-patch
correspondences are shown in Fig. 2, and it is clearly observed
that the pixel-to-pixel strategy utilizes the less information than
the patch-to-patch manner, implying the substantial room for
improvement in bi-prediction.

However, there still lacks efficient approaches with pixel
level motion compensation and non-linear fusion. Based on the
above analyses, in contrast to the previous motion compensa-
tion scheme which employs the pixel-to-pixel correspondence
and linear superposition, an efficient non-linear fusion strategy
with patch-to-patch generation for bi-prediction based video
coding is highly desired.

Recently, deep learning has been shown to achieve supe-
rior performance in dealing with the challenging computer
vision and image processing tasks. One distinct property of
deep learning is that the non-linear activation is enabled
with various activation functions such as the Rectified Linear

Fig. 3. Comparisons between the proposed CNN based prediction and the
traditional method.

Unit (ReLU) [13] and Parametric ReLU (PReLU) [14], which
was also analyzed in [15] and [16]. To predict precise
motion field, Dosovitskiy et al. [17] proposed the FlowNet
aiming at estimating the optical flow of video sequences.
Niklaus et al. [18] presented a video frame interpolation
method using the convolutional neural network (CNN) which
estimates the motion vector of each pixel according to the
patch surrounding this pixel. These related works have shown
great potential for deep learning in the non-linear patch-to-
patch estimation and representation. With respect to video
coding, some pioneer works exploited the signal restoration
ability of deep learning and applied the CNNs as the in-loop
or post-processing filters to enhance the coding performance.
However, the inter-prediction capability of deep learning has
not been fully exploited in the scenario of bi-directional
motion compensation.

In this work, we propose a novel bi-directional pre-
diction method based on the CNN model to obtain high
accuracy motion prediction and better coding performance.
As shown in Fig. 3, the traditional linear fusion is substituted
with CNN-based scheme for bi-directional motion compen-
sation. As such, the proposed scheme efficiently reduces
the energy of prediction errors. In particular, we present a
fully-convolutional neural network for bi-directional predic-
tion, which directly learns an end-to-end mapping between
two compensated blocks and the prediction units. Moreover,
the skip connection [19] is introduced into our network to
avoid the long-term memory [20] of the input features. Own-
ing to the powerful representation capability of deep neural
network, the end-to-end synthesis process is integrated into the
HEVC encoder and decoder. The influence of different settings
of the CNN is analyzed, such that a good trade-off between the
performance and computational complexity has been achieved
for the codec design. Experimental results show that the deep
learning based bi-directional prediction can achieve significant
rate-distortion performance improvement.
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The rest of the paper is organized as follows. The related
works are introduced in Section II. Section III proposes the
CNN based bi-prediction scheme and describes the implemen-
tation details in video coding. Experimental results are shown
in Section IV. Finally, the paper is concluded in Section V.

II. RELATED WORK

A. Deep Learning Based Image Restoration

Image restoration aims to infer the unknown latent image
given the degraded one as the available information. As such,
it is closely relevant with the prediction techniques of video
coding, and many successful coding techniques benefit from
image restoration [21]. Recently, deep-learning based image
restoration has attracted more and more attention due to the
excellent performance of the deep priors [22].

For image denoising, Burger et al. [23] proposed a
multi-layer perceptron where all layers are fully connected
for natural image denoising. A fully-convolutional neural
network is applied to low-level vision tasks [24] which
achieves impressive denoising results. Eigen et al. [25]
restore the images which suffer from some specific noisy
patterns, and the image quality has been significantly
improved. Regarding image super-resolution, although high
frequency information is discarded during the down-sampling,
common patterns between the low-resolution images and
high-resolution images can be learned in a data-driven man-
ner. Dong et al. [26] first introduced the deep learning
into super-resolution problem. The relationship between the
deep-learning based super-resolution (SR) method and the
traditional sparse-coding based SR methods is established
and analyzed, such that significant quality improvement has
been achieved. Kim et al. [20], [27] deepened the network
architecture to enhance the non-linear representation ability,
which achieves better performance in SR problem. In order to
overcome the gradient descent/exploding in the deep network,
skip connection is applied for faster convergence speed and
better reconstruction quality. Mao et al. [28] applied the
auto-encoder structure to establish the mapping from the
degraded image and the original image. With the help of
the shortcut connection between the corresponding encoder
layer and decoder layer, such architecture has been proved to
handle many image restoration tasks. Generative adversarial
network was also adopted in [29] to improve the subjective
quality. Moreover, other image restoration problems such as
compression artifact removal and de-blurring have also been
studied in [30] and [31], respectively, and significant quality
improvement has been observed.

B. Deep Learning in Video Processing and Coding

The first work that incorporates the neural network into
image coding dated back to 1988 when Chua and Lin [32]
proposed a learning-based transformation to improve the cod-
ing performance. With the advances of the deep learning,
various kinds of deep neural networks have been leveraged in
video processing and coding tasks recently, and outstanding
performance has been achieved.

Frame interpolation is one of the most important applica-
tions of video processing, which has been widely used in
view interpolation and frame-rate-up-conversion. Optical flow
calculation is the general approach for video interpolation.
Dosovitskiy et al. [17] proposed an algorithm to render the
optical flow from the video sequence, and the superior per-
formance indicated that CNN can well infer the temporal
motion. Liu et al. [33] proposed an end-to-end video inter-
polation method which converts the optical flow into the
interpolated frame. Niklaus et al. [18], [34] presented a novel
fully-convolutional neural network to efficiently interpolate the
underlying frames, and the frame level distortion in terms of
mean squared error (MSE) can be regarded as the loss function
to train the network. For one pixel in the underlying frame,
the image patches centered at the corresponding positions
of this pixel in the neighboring frames are extracted to
facilitate the synthesis with CNN. These methods imply great
potential of applying CNN to improve the quality of frame
synthesis, which inspire us to introduce CNN to enhance the
bi-prediction quality and improve the coding performance.

Recently, CNN has also been applied as in-loop or
post-processing filters to improve the coding performance.
Regarding the post-processing at the decoder side, the excel-
lent signal reconstruction ability is taken advantage of in [35]
and [36] to improve the quality of the decoded frames.
Jia et al. [37] further utilized the temporal and spatial cor-
relations to enhance the reconstruction quality. For signal
transform, Puri et al. [38] proposed a CNN network to predict
the index of the chosen transform kernel per residual block,
such that the signaling overhead can be saved. Recently,
deep learning has also been incorporated into the predictive
coding framework to improve the prediction performance.
Cui et al. [39] introduced the CNN into intra prediction to
improve prediction accuracy. Li and Trocan [40] showed that
deep learning had the ability to generate better prediction in
intra coding. Yan et al. [41], [42] enhanced the quality of
interpolated pixels with CNN based half-pixel interpolation.
In [43], CNN is applied to improve the bi-prediction in the
RA configuration. In this paper, we extend this work from
the following perspectives. First, the application scenarios are
extended. The work in [43] only considers the RA configura-
tion, and here we take both LDB and RA into consideration,
such that the proposed methodology also applies to the sce-
nario that the coding order is consistent with the display order.
Second, more analyses are provided, especially regarding the
hyper-parameters. Third, more details regarding the training
and implementations are provided, such as how the integration
of CNN influences the balance between the distortion and rate,
and how the architecture benefits the bi-prediction in video
coding.

III. THE PROPOSED VIDEO CODING SCHEME

WITH CNN-BASED BI-PREDICTION

In this section, the proposed video coding scheme with CNN
based bi-prediction is presented. In particular, we first analyze
the feasibility of the CNN-based bi-prediction. Subsequently,
the architecture of the proposed network is elaborated and the
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Fig. 4. The residual energy difference between the proposed scheme and
the traditional linear fusion. Here, the residual energy is computed in terms
of the sum of squared residual. The X-axis represents the index of 20000
bi-prediction blocks with the spatial shape 64 × 64 sampled from HEVC
testing sequences under the configuration RA and QP = 37. The negative
values represent the residual energy of these blocks decreases because of the
introduction of CNN.

details regarding the training algorithms are described. Finally,
the CNN based bi-prediction is implemented into the HEVC
codec for better coding performance.

A. Motivation

The traditional linear average of two prediction blocks
from two reference frame lists exhibits strong limitations
in characterizing the motion activities of practical scenarios.
In essence, it is applied based on the assumption of uniform
motion in temporal domain and homogeneous motion field in
spatial domain. However, irregular motions such as rotation,
affine transformation and deformation cannot be well charac-
terized under such strong assumptions. Although further block
splitting can be applied in a rate-distortion optimization sense
to reduce the prediction error and improve the coding perfor-
mance, the coding gain is still constrained by the increased
coding bits in representing the local block in a finer scale.

In this work, we tackle this problem from the perspective
of block synthesis instead of motion estimation, and employ
the CNN based fusion approaches to improve the prediction
accuracy. In Fig. 4, the distribution of residual energy dif-
ference between the proposed CNN based approach and the
traditional average prediction is illustrated. More specifically,
the difference of energy is calculated as follow:

�Ei = EC N N
i − Eorig

i ; i = 1, . . . , 20000 (1)

where EC N N
i represents the sum of squared residual in our

proposed scheme and Eorig
i represents the sum of squared

residual in the tradition linear fusion. It is obvious that the
CNN based approach can significantly decrease the residual
energy such that less bits are required for residual coding. Gen-
erally speaking, there are three advantages behind our scheme
when applying it in video coding. Firstly, the CNN based
fusion introduces the non-linear synthesis philosophy, which

can well rectify correlations according the analysis in [15]
and [16]. Secondly, the patch-to-patch mapping with CNN also
facilitates better prediction, as the traditional homogeneous
motion field based on translation assumption can be further
revised within the network. Thirdly, the CNN based fusion
captures advanced motion estimation and synthesis coefficients
within an entire network, leading to a robust bi-prediction
estimator in video coding.

B. Network Architecture

Here, we adopt a six-layer CNN which combines the detec-
tion of moving objects and the compensation of bi-prediction
error into an end-to-end framework. As shown in Fig. 5,
the feature maps generated from the output of i -th convolution
layer are denoted as L(i). In particular, L(0) represents the
input of our network and L(7) represents the corresponding
output. The input of our network is a two-channel tensor where
each channel is one of bi-prediction blocks and the network
provides a patch-based non-linear fusion as the predictor
rather than the traditional point-to-point linear average. Each
convolution layer consists of 64 convolution kernels of which
the spatial shape is set to be 3 × 3 in order to extract
multiple features of moving objects and their corresponding
motion information. ReLU f (x) = max{x, 0} is adopted as
the activation function of the first five convolution layers
to introduce the non-linear transformation. Each convolution
layer can be formulated as follows:

L(i+1) = max{W (i) ⊗ L(i) + b(i), 0} i = 0, . . . , 4 (2)

Our proposed six-layer CNN has a reception field with the
spatial size 13×13, such that the network extracts the features
in this specified reception field.

In general, long-term memory is required to preserve all
details of the input information, such that the desired predictive
signal can be generated from the extracted features. When the
network becomes deeper, the increasing long-term memory
leads to the vanishing/exploding gradients which hamper the
convergence from the beginning. Residual learning has been
proved as an effective solution to overcome this limitation.
As such, a skip connection [19], [20] is introduced into our
proposed network, which directly merges the input with the
network output, enabling the network to learn the residual to
eliminate the side effects of long-term memory. In particular,
our proposed network takes a two-channel tensor as the input
and fuses them into a one-channel tensor with the same spatial
resolution, which results in the inconsistencies of the channel
number between L(0) and L(6). In view of this, we compute
the average of two prediction blocks as the skip connection.
The introduction of the skip connection simplifies the training
process and avoids the long-term memory requirement.

The optimization algorithm plays an important role for the
network to extract useful features from the training data, and
these features are further combined in a non-linear way to
form the final prediction signals. Generally speaking, the rea-
sonable configuration of the training process shall efficiently
improve the performance of the result and boost the speed
of the convergence. Given the patch in the current frame, its
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Fig. 5. The architecture of the proposed CNN model.

prediction versions can be obtained, which are used as training
data to the network. The MSE between the original patch and
the output from the network is utilized as the loss function.
More specifically, with a collection of N training instances,
it is formulated as:

min
W (i),b(i)

M SE(W (i), b(i)) = 1

N

N∑

i=1

(L(7)
i − Lorig

i )2 (3)

where the L(7)
i is the output of i -th input and Lorig

i is the cor-
responding pixel values from the current frame. With the MSE
based loss function, we not only efficiently learn the fusion
from the neighboring frames, but also perform restoration as
the predictive blocks from the neighboring frames are lossy
compressed. The Adam algorithm [44] is used to update the
coefficients W (i) and b(i) in the network with the minimization
of the loss function. During the optimization, we limit the
norm of the gradients to be less than 10 and adopt the learning
rate as 0.001 for the sake of stable training process [20]. All
the convolutional kernel weights W (i) are initialized by the
“Xavier” method [45] and all the biases b(i) are initialized to
zeros.

C. CNN Based Bi-Prediction for Video Coding

As shown in Fig. 6, the traditional average of two prediction
blocks in the bi-prediction motion compensation is substituted
by our proposed CNN-based nonlinear fusion. Although the
coding blocks have various sizes as well as symmetric and
asymmetric partitions in HEVC, the statistics of these PUs
in Fig. 7 demonstrate that the area of the PUs with sizes 64 ×
64, 32×32 and 16×16 accounts for 75% of the whole area in
the bi-prediction. Inspired by this fact, we apply our network to
the luma components of prediction units with the sizes 64×64,
32 × 32 and 16 × 16 respectively.

There are two typical ways for conveying the motion
information in HEVC, including merge and advanced motion
vector prediction (AMVP). For block merging, the merge
candidates may contain improper motion information, leading
to large residuals to be coded. In these scenarios, performing
the CNN based fusion is not appropriate as the best strat-
egy is to combine the advanced CNN with the best merge

Fig. 6. The work-flow of the bi-prediction block generation with the proposed
CNN in AMVP.

candidate. As such, the rate-distortion optimization with the
linear average based bi-prediction is first performed. Given the
best candidate, the CNN based fusion is applied to generate
the prediction block. The process for the block merging is
shown in Algorithm 1. In this manner, the consumption time
in performing the motion compensation is largely reduced.
For AMVP, given the information, the CNN is performed
only in bi-prediction after the motion estimation. Moreover,
the CNN based fusion process at both encoder and decoder is
shown in Fig. 6, where the linear average is replaced with
the CNN based fusion. As such, the deep learning based
inference is not required to be applied in the RDO process
of selecting the best MV or Merge candidate, leading to
significant computational complexity savings with maintained
performance improvement.

IV. VALIDATIONS

In this section, the experimental settings used in the vali-
dation are first introduced. Subsequently, the trade-off among
different convolutional configurations is investigated. Finally,
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Fig. 7. The PU number and area ratio of different sizes in the BasketballDrive
sequence. (Low delay B with Q P = 37 in 10s).

Algorithm 1 Proposed Motion Compensation With Block
Merging
Require: M: merge candidate list

MCAV G(mi ): motion compensation with linear average,
and the candidate i with the motion information mi is used
as the input.
MCC N N (mi ): motion compensation with CNN, and the
candidate i with the motion information mi is used as the
input.

Ensure:
1: for i ∈ [1, k] do
2: for ski p ∈ [T rue, False] do
3: MCAV G(mi );
4: if ski p is True then
5: calculate RD cost Jsi ;
6: else
7: encode residual;
8: calculate RD cost Jei ;
9: end if

10: end for
11: end for
12: Select the best candidate mbest according to the RD cost;
13: Perform MCC N N (mbest );

the coding performance of the CNN based bi-prediction is
evaluated to validate the efficiency of the proposed scheme.

A. Experimental Settings

The network architecture described in Section III-B is
adopted, and the CNN model is separately trained based on
the encoding configuration. For different QPs, the network
is trained independently such that the network structure can
better adapt to the coding configurations. Our trained models
are available online [46]. To reflect the performance of the
proposed scheme, there is no overlap between the training and
testing datasets in terms of the video content.

To enhance the diversity of training data, we propose a
series of data augmentation methods. First, the sequences

with the high resolution are down-sampled to low resolu-
tions. In particular, this down-sampling operation is based
on the bicubic interpolation and antialiasing with Gaussian
filter is applied to improve the quality of the generated
sequences. From our experimental results, the down-sampling
technique is proved to be an effective data augmentation
method especially for generating the training data. Second,
as the hybrid video compression framework takes advantage
of the non-overlapping block partitions, we intentionally shift
the frame with the step which is less than the size of the
CTU, such that different CTU partitions can be generated to
improve the diversity of coding blocks. In this manner, a large-
scale training dataset can be generated from existing video
sequences to benefit the training process.

To obtain the optimal prediction blocks in terms of
rate-distortion performance, the training data are derived from
the decoder of HEVC reference software (HM-16.15) with
the testing condition in [47]. The values in the bi-diretional
prediction blocks are normalized to the unit interval [0, 1] as
the input of our proposed network. Since the original blocks
are required in the supervised training algorithm, the temporal
and spatial locations of the current blocks are recorded to crop
the corresponding blocks from the original video sequences.
The sequences for training include CampfireParty, Fountains,
Marathon, Runners, RushHour, TallBuildings, TrafficFlow and
Wood [48]. With data augmentation, we can obtain more than
one million training samples from these eight sequences.

B. Model Trade-Offs

Filter number, filter size and the number of the stacked
layers are the most important hyper-parameters in CNN.
In general, the performance increases with the model com-
plexity and the number of the hyper-parameters. However,
the computational time and the memory consumed vary
monotonously with the scale of the network, and without a
doubt deeper and boarder model may not be always preferred
in practical applications. In order to balance the consumed
resource and the performance, we further investigate the
trade-off between them to obtain more insights in the network
design with the bi-prediction blocks sampled in the HEVC
testing sequences. It is worth noting that the test convergence
curves are smoothened with the moving weighted average of
the previous value and current value, the weighting factors of
which are set to be 0.9 and 0.1, respectively.

1) Skip Connection: Here, we investigate the influence of
the proposed skip connection experimentally. For the regions
which can be well handled with average prediction, the skip
connection maintains the prediction performance. Moreover,
in spite of six convolution layers, the CNN is difficult to train
without the skip connection. From Fig. 8, we can observe that
the convergence speed without the skip connection is much
slower compared with the one with the skip connection, and
the skip connection can also bring better reconstruction quality.
As such, the adopted skip connection is useful to boost the
convergence speed and improve the prediction performance.

2) Filter Number: With the increased number of filters,
the model is able to characterize more features in one layer.
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Fig. 8. The test convergence curve with and without the skip connection.

Fig. 9. The test convergence curve with different numbers of convolution
kernel in each layer.

Fig. 10. The test convergence curve of different kernel sizes in each layer.

In general, abundant features extracted in one layer increase
the representation ability to a certain degree. However, exces-
sive filters in one layer are redundant. More specifically,

Fig. 11. The test convergence curve with different layer numbers.

TABLE I

COMPUTATIONAL COMPLEXITY ON RA CONFIGURATION

OF DIFFERENT SEQUENCES

based on our setting n = 64, we conduct two experiments:
(i) we adopt a larger network with n = 128; (i i) we adopt
a smaller network with n = 32. Moreover, we train these
models under the same training data and experimental settings.
The results are shown in Fig. 9, and there is no doubt that
better quality can be achieved by increasing the number of the
filter. However, exponentially increased number of parameters
lead to significant consumption on the computation time and
memory, which motivate us to set n = 64 to achieve a good
trade-off between them.
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Fig. 12. Visual quality comparison between the HEVC and proposed scheme, where the first column is the uncoded images, the second is the images coded
by HEVC and the third is the images coded by our proposed scheme. The first row is the 95-th frame (cropped for visualization) in the BQSquare sequence
under the random access configuration and the second row is the 17-th frame in the FourPeople sequence under the low delay B configuration. (b) HEVC
coding. Bits: 320, PSNR: 28.02 dB; (c) Proposed. Bits: 312, PSNR: 28.30 dB; (e) HEVC coding. Bits: 8032, PSNR: 33.83 dB; (f) Proposed. Bits: 7880,
PSNR: 33.93 dB.

3) Filter Size: We also examine the impact of the filter size
on the final performance of the model. Different filter sizes
change the perceptual field which is important to describe the
pixel-wise motion adjustment. We compare different settings
of the filter sizes. More specifically, we enlarge the filter
sizes to 7 × 7 for testing the performance of the proposed
network model. All the other settings during training the
models remain the same. The results shown in Fig. 10 suggest
that utilizing boarder neighborhood information is not ben-
eficial. The filter size 3 × 3 stacked in six layers provides
large enough perception field to describe the motion which
achieves the same performance of the filter size 5 × 5. With
the increasing trainable parameters in the neural network,

it is more difficult to optimize the CNN which causes the
performance degradation with the filter size 7 × 7. Therefore,
the chosen model scale can achieve the better performance and
fewer operations.

4) Number of Layers: Recent study suggests that deep
convolutional neural network could benefit from increasing the
depth of the network. In order to explore the best performance
of our model, we conduct a series of experiments to examine
the impact of the depth of the network. We conduct these
experiments on the luma component with the spatial size
64 × 64 and the quantization parameter Q P = 37 shown
in Fig. 11. By increasing the depth of proposed model mod-
erately, the performance of the network is improved, and the
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TABLE II

BD-RATE REDUCTIONS IN THE DIFFERENT CONFIGURATIONS

Fig. 13. Illustration of the partition structure of the traditional and proposed bi-prediction scheme in the 4-th frame of BQSquare with the configuration RA
and QP = 37.

speed of the convergence becomes slower conversely. How-
ever, the improvement of the neural network is limited when
the depth is set beyond our proposed setting. This provides
useful evidence that the current settings are practical for the
bi-prediction task.

C. Rate-Distortion Performance Comparisons

The rate-distortion performance of the proposed scheme
is shown in Table II, from which we can observe that the
proposed algorithm can achieve an average of 3.0% and 1.6%
bitrate savings on luma component for the RA and LDB
configurations, respectively. In particular, for RA configuration
2.2%, 3.5%, 2.1% and 3.6% bitrate savings are achieved for

classes A∼D, respectively, which prove the effectiveness of
our proposed method. Moreover, we can achieve significant
bitrate savings for the sequence BQSquare, and the reason lies
in the fact that the prediction is not accurate enough for this
sequence, such that large prediction errors are generated in
the original HEVC coding. By contrast, CNN can perform
feasibly compensation such that less residuals are required
to be encoded. It is interesting to see that although our
proposed method is not applied to the chroma component,
0.8% bitrate saving is achieved for the chroma component
under RA configuration because of the total bitrate reduction.

As described above, one significant advantage of the
CNN based bi-prediction is that it can particularly enhance
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the regions that cannot be well handled with traditional
bi-prediction, such as the boundaries of a moving object. This
can be attributed to its superior capability in non-linear recon-
struction, which makes the reconstruction process adaptive to
the visual content. Here, we provide examples in Fig. 12, from
which we can observe that the quality of the boundary areas
is significantly improved at similar coding bitrate. Moreover,
as the proposed bi-prediction is involved in the rate distortion
optimization to select the optimal partition structure, it is
anticipated that better prediction can be achieved in the coding
process such that the partition is pushed towards larger units.
In particular, Fig. 13 illustrates the difference between the
partition structure of the traditional and proposed bi-prediction
scheme. It is shown that larger units are selected, such that less
coding bits are required in the coding process, which further
boosts the final rate-distortion performance.

D. Coding Complexity Comparisons

Regarding the computational complexity, we list the
encoding time and decoding time variations between our pro-
posed CNN-based scheme and standard HM-16.15 platform.
In particular, the difference of the encoding and decoding time
is formulated as follows,

�T = TPro

TAnc
× 100% (4)

where TPro and TAnc denote the encoding or decoding time of
our proposed scheme and original HM platform, respectively.
The encoding and decoding time increase �TEnc = 164.9%
and �TDec = 4470.0% on average for RA with computation
configuration CPU i7-8700K and GPU GTX-1080. However,
it is important to note that the inference of CNN can be
dramatically accelerated by the improvement of hardwares
such that the coding complexity can be further decreased.

V. CONCLUSION

In this paper, we propose a deep neural network based
bi-prediction scheme, aiming to achieve better coding effi-
ciency and bring better prediction accuracy for inter video
coding. The novelty of this paper lies in that the predictive
signal can be automatically inferred with CNN, such that
the non-linear prediction and patch-to-patch mapping are then
incorporated into the prediction process to achieve better
coding performance. The proposed method was incorporated
into the reference software HM-16.15, and significant bit-rate
reductions and better visual quality have been observed.
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