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Abstract— In this paper, we propose an efficient inter pre-
diction scheme by introducing the deep virtual reference
frame (VRF), which serves better reference in the temporal
redundancy removal process of video coding. In particular,
the high quality VRF is generated with the deep learning-based
frame rate up conversion (FRUC) algorithm from two recon-
structed bi-directional frames, which is subsequently incor-
porated into the reference list serving as the high quality
reference. Moreover, to alleviate the compression artifacts of
VRF, we develop a convolutional neural network (CNN)-based
enhancement model to further improve its quality. To facilitate
better utilization of the VRF, a CTU level coding mode termed as
direct virtual reference frame (DVRF) is devised, which achieves
better trade-off between compression performance and complex-
ity. The proposed scheme is integrated into HM-16.6 and JEM-7.1
software platforms, and the simulation results under random
access (RA) configuration demonstrate significant superiority of
the proposed method. When adding VRF to RPS, more than
6% average BD-rate gain is achieved for HEVC test sequences
on HM-16.6, and 0.8% BD-rate gain is observed based on
JEM-7.1 software. Regarding the DVRF mode, 3.6% bitrate
saving is achieved on HM-16.6 with the computational complexity
effectively reduced.

Index Terms— Inter prediction, virtual reference frame, deep
learning, video coding.

I. INTRODUCTION

THE exponential increasing of multimedia big data
presents an urgent demand for high performance video

coding technology. As the successor of previous video coding
standards, High Efficiency Video Coding (HEVC) [1] [2]
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Fig. 1. Hierarchical B coding structure in HEVC [1], [2].

also adopts block based hybrid video coding framework,
including block based intra/inter prediction, transform and
entropy coding. The inter prediction, which aims to remove the
temporal redundancy, serves as an indispensable component
in the hybrid video coding framework. In particular, inter
prediction makes use of the temporal correlation between
pictures to obtain the predicted version of the current to-be-
coded block, and the prediction residuals are signalled in the
bitstream after transform, quantization and entropy coding.

As a key technology in inter prediction, Bi-prediction allows
each prediction unit (PU) to have two motion vectors and two
reference indices, showing significant superiority compared
with uni-prediction.

The hierarchical B coding structure is adopted in HEVC,
and in comparison with the classical B picture coding, the cod-
ing efficiency can be improved by up to 1.5 dB [3]. A typical
hierarchical B structure with 4 temporal levels in Random
Access (RA) configuration is depicted in Fig. 1, where I0 and
B8 belong to temporal level_0, which provide high quality ref-
erence for the subsequent frames. After the reconstruction of
the frames in level_0, frame in level_1 (B4) can be bi-predicted
by I0 and B8. Regarding frames in level_2 (B2 and B6),
both reconstructed frames of level_0 and level_1 can be used
as references. Besides, level_3 contains B1, B3, B5 and B7,
which can get reference from all the lower level frames.

To achieve feasible motion prediction, HEVC adopts mul-
tiple reference pictures with reference index and motion vec-
tors signalled to specify the prediction information. As the
foundation of inter coding, the quality of reference pictures
significantly influences the video compression performance.
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Existing reference pictures utilized in video coding can be
mainly classified into reconstructed pictures and synthesized
pictures. Reconstructed pictures have long been utilized as
prediction in inter coding. In HEVC, multiple reconstructed
pictures are assigned to reference picture lists (RPS). These
reconstructed pictures can either be short-term pictures (STR)
or long-term pictures (LTR). Generally speaking, short-term
pictures provide high-similarity reference as they have stronger
correlation with the to-be-coded picture, while long-term pic-
tures usually provide high-quality reference since they are
normally compressed with lower quantization parameter (QP).

Although the reconstructed pictures can improve the
inter coding performance by providing multiple hypotheses,
the diversity of reconstructed reference frames is quite limited
due to the high correlation in temporal domain. This motivates
the synthesized reference pictures based approaches, aiming to
further improve the content variety in RPS. A typical approach
to synthesize a reference picture is background modeling,
where a background reference is generated by exploiting
the reconstructed frames [4], [5] or original frames [6]-[10].
Generally speaking, background modeling based approaches
are designed for surveillance videos. For those sequences
with global motions, however, this scheme lacks efficiency as
the background area is not stable. In addition to background
modeling, Ma et al. [11] presented a clip-level reference
management strategy, where the singular clips in the past
frames are reserved to improve the diversity of DPB. This
strategy, however, is not applicable for sequences with sig-
nificant noise as it loses the benefit of multiple hypotheses
in inter prediction. In summary, existing synthesis based
reference generation methods target at dealing with the spe-
cific drawbacks presented in the video sequences for specific
application scenarios, which limits their applications in terms
of the generalization ability. Besides, neither reconstructed
pictures nor existing synthesized pictures can accurately infer
the potential content to-be-coded, leading to the limitation of
efficiency in inter coding.

Motion data, including the motion vector (MV) and refer-
ence frame index, account for a large proportion of the total
bitstream. In order to represent the motion data in a more
efficient way, HEVC adopts two coding modes, i.e., advanced
motion vector prediction (AMVP) and merge, to derive the
prediction information. More specifically, when AMVP mode
is chosen, the reference index, motion vector predictor (MVP)
and motion vector difference (MVD) need to be coded in
the bitstream to restore the prediction signals. Regarding the
merge mode, only merge index is required to be signalled such
that the motion data from neighboring blocks can be reused.
Although AMVP and merge modes have effectively reduced
the bitrate consumptions during motion data coding process,
there is still a heavy burden to signal motion information
in the bitstreams, especially in low bitrate coding scenarios.
As a matter of fact, the motion data imply the difference
between the to-be-coded unit and the corresponding prediction
block in terms of locations. Accordingly, if the reference
frame and the to-be-coded picture are registered, the motion
data are not required to be signalled. As such, generating a
high quality reference frame which can be directly used to

predict the to-be-coded frame is in high demand, as the motion
information can be implicitly conveyed with this reference
frame.

Recently, the advances of deep learning have significantly
improved the performance of many computer vision and image
processing tasks, which also inspire the research regarding
deep learning based video coding. Many previous works have
demonstrated the effectiveness of deep learning in complexity
reduction [12], [13], [14] and rate-distortion (RD) performance
improvement [15]-[25]. In this paper, we propose a high
efficient inter prediction scheme by introducing the deep
learning based virtual reference frame (VRF), which implicitly
implies the motion information based on deep neural network.
The contributions of this paper are as follows,

• We improve the performance of inter coding from the
perspective of reference frame generation, and adopt the
deep learning based frame rate up conversion (FRUC)
algorithm in HEVC. Different from the existing reference
frame generation approaches, the proposed method takes
advantage of the reconstructed bi-directional frames to
synthesize and infer a high quality prediction of the to-
be-coded frame in a data-driven manner.

• We propose a CNN based enhancement model to further
boost the quality of the VRF. As VRF is derived from
the reconstructed frames with quantization noise, the pro-
posed CNN model can greatly alleviate the compression
artifacts and further improve the prediction accuracy.

• A novel CTU level coding mode termed as DVRF mode
is proposed to adaptively compensate for the current
to-be-coded CTU in the sense of rate-distortion opti-
mization (RDO). As such, the reduction of coding bits
makes DVRF a competitive coding mode among all the
candidate inter prediction methods.

The rest of this paper is organized as follows. Section II
reviews the related works on FRUC and synthesized reference
pictures generation. Our proposed VRF generation scheme is
presented in Section III. Section IV elaborates the inter mode
DVRF. Experimental results and analyses are given in Section
V, and finally the paper is concluded in Section VI.

II. RELATED WORKS

In this section, we first review the existing works on synthe-
sized reference pictures generation. Subsequently, the recent
advances of deep learning based FRUC are also introduced.

A. Synthesized Reference Pictures Generation

Recently, numerous synthesized reference pictures gen-
eration schemes have been carried out in order to better
remove the inter-image redundancy. Compared with the tra-
ditional reconstructed frames based references, synthesized
approaches effectively improve the content variety in RPS
by further exploiting the internal and external information.
Among the existing methods, background modeling based
references have demonstrated significant superiority in surveil-
lance video coding process. In [6], Zhang et al. investigated
a background-modeling based adaptive prediction (BMAP) in
which the background picture was encoded as LTR. Never-
theless, additional coding of background reference leads to a



4834 IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 28, NO. 10, OCTOBER 2019

significant bit-rate burden, which presents a critical challenge
to compression and transmission systems. In view of this,
the block-level updating strategy [10] was proposed to alleviate
the bit-rate burst. In principle, the background based reference
picture provides fine predictions for background area, making
it as an efficient compression technology for video sequences
captured by static cameras. However, for those sequences with
global motions, background reference lacks efficiency as the
background area is not stable. As such, instead of removing the
background redundancy, Ma et al. [11] focused on reducing
the duplicate contents in DPB, and proposed a sub-frame level
reference management strategy. More specifically, the multiple
reference pictures are split into patches, and each patch is
identified as singular content or repetitive content. The singular
patches are reorganized as new reference, whereas duplicate
patches are discarded to maintain the diversity of DPB.
However, as reported in [11], this scheme is not applicable
for sequences with significant noise as it loses the benefit
of multiple hypotheses. Instead of using internal information,
some researchers proposed to synthesize the references by
exploiting the external knowledge. In [26], a cloud based
image compression scheme was developed. Specifically, when
compress the current image, a high-similarity image is firstly
fetched from the cloud, and then act as a reference after
performing the global geometric and photometric compen-
sation. Similar work can also be found in [27], where the
Google Earth image in the corresponding capture area is
employed as external knowledge to compress the satellite
video. In their proposed method, the Google Earth image
serves as a reference frame for I frames in the satellite video
after performing definition and color correction. Different
from the existing synthesized reference pictures that only
improve the compression efficiency in the limited scenarios,
we proposed an unified reference frame generation method for
universal videos in this paper. The details of our methodology
will be presented in Section III and Section IV.

B. Deep Learning Based Fruc

The rapid development of deep learning has greatly facil-
itated the development of FRUC algorithms. FRUC aims to
synthesize the intermediate frames given the previous and
subsequent frames. Several works have been proposed to
explore deep learning for better FRUC performance. In par-
ticular, Zhou et al. [28] trained a convolutional neural net-
work (CNN) to predict appearance flows, which was then
used to reconstruct the target view. In [29], the deep voxel
flow approach generated dense voxel flows to optimize frame
interpolation results with deep neural network. Among the
existing deep learning based methods, Adaptive Separable
Convolution shows considerable superiority in term of both
interpolation quality and complexity.

Traditional FRUC methods interpolate the target frame in
two steps: dense motion estimation and pixel interpolation.
Niklaus et al. [30] formulated pixel interpolation as a local
convolution process, and provided an Adaptive Convolution
approach which combines motion estimation and pixel syn-
thesis in a single step. As shown in Fig. 2, for each individual

Fig. 2. Illustration of the Adaptive Convolution method [30].

output pixels (x, y), the deep convolutional network takes
receptive field patches R1(x, y) and R2(x, y) as input, and
outputs a convolution kernel with size of N × N . This kernel
then convolves with two patches P1 and P2 centered at (x, y)
to produce the target pixel. A major drawback of Adaptive
Convolution lies in its memory cost. It is reported in [31]
that more than 20GB memory overhead is needed to generate
the intermediate frame of a 1080p video sequence, which
makes it impractical in real time applications. In view of
this, Niklaus et al. [31] then proposed Adaptive Separable
Convolution algorithm which approximates 2D convolution
kernels with two 1D kernels. In this manner, an N×N con-
volution kernel can be encoded using only 2N variables,
showing considerable superiority than 2D convolution version.
In this paper, Adaptive Separable Convolution is employed
to generate the virtual reference frame due to its superior
performance.

III. VRF GENERATION

In this section, we will detail the VRF generation scheme
which is incorporated into the video compression process
to improve the coding performance. As shown in Fig. 3,
our VRF generation method mainly consists of initial VRF
generation followed by CNN based enhancement. In particular,
a preliminary version of VRF is first generated through FRUC
process. Subsequently, the quality of VRF is further improved
based on a specifically designed CNN model. The enhanced
VRF is finally incorporated into RPS to provide high quality
reference.

A. Deep FRUC Based VRF Generation

The generation of VRF benefits from deep learning, which
synthesizes the middle frame in a data driven manner with
non-linear fusion. In particular, our scheme applies to B
frames with bi-directional references. Assume the to-be-coded
frame is fCU R , two reconstructed frames (fF , fB) are retrieved
to generate a VRF. The derivation process of (fF , fB ) is
illustrated in Algorithm 1. For each B frame with bi-directional
references, we traverse all the available decoded frames in the
DPB, and obtain a pair of frames that have equal temporal
distance relative to fCU R . If multiple pairs of frames satisfy
this condition, the pair with the closest temporal distance is
selected as the input to synthesis the VRF.

After the input frames (fF , fB) are obtained, the VRF is
generated based on the deep FRUC process in [29]. As shown
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Fig. 3. Illustration of the proposed VRF generation scheme. The proposed
VRF generation method mainly consists of two process, initial VRF generation
followed by CNN enhancement. The enhanced VRF is then added to RPS to
provide better prediction quality.

Fig. 4. Illustration of VRF generation with hierarchical B coding structure.

in Fig. 4, assuming that B1 is the frame to be compressed, and
given two reconstructed frames I0 and B2, a VRF B̂1 can be
directly synthesized. In particular, let F(·) denote the FRUC
process, the VRFs for the frames in level_3 in this group of
pictures (GOP) can be expressed as follows:

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

B̂1 = F(Rec(I0), Rec(B2))

B̂3 = F(Rec(B2), Rec(B4))

B̂5 = F(Rec(B4), Rec(B6)),

B̂7 = F(Rec(B6), Rec(B8))

(1)

where Rec(·) represents reconstructed frame, and B̂1, B̂3, B̂5
and B̂7 denote the generated VRFs.

B. CNN Based VRF Enhancement

It is generally acknowledged that reference frames with bet-
ter quality can significantly improve the prediction accuracy.
However, the reconstructed frames (fF , fB) which serve as the
FRUC inputs are already distorted, such that the the quality

Algorithm 1 The Derivation of (fF , fB )

of the generated VRF is inevitably degraded. To address this
issue, a CNN based enhancement model towards VRF quality
improvement is designed.

1) Insights on the Proposed Enhancement Methodology:
Many prior works have been proposed to exploit the CNN
based image restoration for HEVC compressed videos, which
mainly aim to minimize the mean square error (MSE) between
original and reconstructed frames,

L (�) = 1

M

M∑

i=1

‖Fori (i) − Frec (i)‖2 , (2)

where L(�) represents the loss function of the deep network,
Fori and Frec denote original frame and reconstructed frame
respectively, and M is number of pixels in each frame.
Inspired by these prior works, we propose a CNN based
enhancement model towards VRF quality improvement. An
intuitive strategy is enhancing the input frames of FRUC,
i.e., the reconstructed frames. However, this scheme may not
achieve desired performance since it is the VRF instead of
the decoded frames that provides the reference information.
In view of this, the enhancement target is the VRF in our
scheme, and the loss function of the proposed network can be
formulated as:

L (�) = 1

M

M∑

i=1

∥
∥
∥Fori (i) − F̂rec (i)

∥
∥
∥

2
, (3)

where F̂rec denotes the VRF generated by reconstructed
frames.

2) Network Architecture: The VRF enhancement CNN
(VECNN) was adopted to reduce the compression noise in
VRF. The architecture of VECNN is depicted in Fig. 5. As we
can see, each convolutional layer convolves the output of
the last layer, and the convolution results are then fed to a
non-linear mapping layer. The activate function utilized in
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Fig. 5. Architecture of VECNN with corresponding number of feature maps F and kernel size K × K provided for each convolutional layer.

Fig. 6. MSE loss of VECNN with different number of residual blocks N,
where N ranges from 2 to 12. The training data and testing data are generated
from the HEVC compressed sequences with QP=32, and test set consists of
the Class A sequences in HEVC common test condition [38].

non-linear mapping layer is rectified linear unit (ReLU), i.e.

f (x) = max(0, x), (4)

where x denotes the convolution output of the convolutional
layer, and f(x) is the activated output. Moreover, apart from
the first layer, all other convolutional layers in VECNN
employ 3x3 kernel size for each feature map. As for the first
convolutional layer, a larger kernel with 5x5 size is adopted
to better exploit the texture information.

In principle, the core module in VECNN is the residual
block. As an excellent CNN learning strategy, residual learning
has exhibited significant superiority in many tasks [32]-[34].
The residual learning re-formulates the original mapping
function to a residual function. In the proposed VECNN,
we employ the similar residual block structure as [34]. Specif-
ically, we use two convolutional layers with 64 feature maps
followed by ReLU as the activation function.

Basically, the number of residual blocks significantly influ-
ences the VECNN performance. In order to determine the
residual blocks number N, we explore the relationship between
VECNN performance and residual blocks number N. In par-
ticular, we trained VECNN with various number of residual
blocks N, where N ranges from 2 to 12 with step size 2, and
the performance of each model is shown in Fig. 6, where
X-axis represents the number of residual blocks N, and Y-axis
indicates the corresponding MSE loss on the test set when

each model gets convergent. As we can observe in Fig. 6,
the MSE loss tends to decrease when the number of residual
blocks N increases from 2 to 8. However, when N is from
8 to 12, MSE loss increases simultaneously. The comparison
results in Fig. 6 demonstrates that the performance of the
VECNN is not consistently increasing as N becomes larger.
Similar observations were presented in [21], [37]. Based on
the observations in Fig. 7, N is set to 8 in VECNN.

3) Training Strategy: The proposed VECNN aims to alle-
viate the quantization distortion produced during compression
process. Since QP is a critical parameter in controlling the
distortion degree, it is natural to train the each individual CNN
model parameters with respect to the specified QP setting.

More specifically, we collect 113 sequences from the SJTU
4K Video dataset [35], AVS2 test sequences dataset [36],
and some other sequences as the training data, and it is
worth mentioning that these sequences have no overlap with
HEVC test sequences. In order to improve the diversity of the
training data, the selected training sequences are augmented
by resizing the original sequences to 1080P, 720P, WVGA,
WQVGA resolutions. For each test sequence, we cut a 9-frame
sub-sequence which was then compressed by HM-16.6 under
RA configuration. As shown in Fig. 4, a sequence with
9 frames contains B frames with all the four hierarchical
levels, which covers all the potential combinations to generate
VRF in HEVC compression process. Given a compressed sub-
sequence, there are totally 7 potential combinations to generate
a VRF, i.e. I0 and B8, I0 and B4, I0 and B2, B4 and B8, B6 and
B8, B2 and B4, B4 and B6. For example, if the current to-be-
coded frame is B4, according to Algorithm 1, I0 and B8 would
be selected to generate the VRF for B4. Generally, training
separate models with respect to different combinations may
achieve better coding performance. However, this strategy also
brings great burdens for video codec as multiple models need
to be saved. In view of this, in this paper, we trained a unified
model with the training data containing all the 7 combinations
of the reference frames, such that this unique model can
handle all the combinations of the reference frames. In order
to guarantee the comprehensiveness of the training data, for
each compressed sub-sequence, we randomly select one from
the seven potential combinations acting as the input data to
generate a VRF F̂rec .

An intuitive idea to take advantages of VRF is directly
replacing the reconstructed frames with the VRF for
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better reference. However, this strategy is less efficient since it
is still an open problem to interpolate the intermediate frames
in complex motion scenarios. As shown in Fig. 3, in order
to make use of VRF in a efficient manner, in the proposed
method, we utilize VRF as a new reference frame, and append
VRF to the RPS. As the VRF is generated by reconstructed
frames, no additional information is needed to be signalled
in the bitstream, and the decoder side resembles this process
to derive the VRF. Since VRF can be regarded as the fine
prediction of the to-be-coded frame, the content diversity of
RPS can be improved in this manner.

IV. DIRECT VIRTUAL REFERENCE FRAME (DVRF) MODE

In this section, we further exploit the VRF in video coding
by introducing a new coding mode termed as DVRF. The
motivation is that directly adding new reference picture to
RPS brings additional time complexity. In particular, during
the encoding process, each prediction unit (PU) performs
ME/MC on the VRF, which imposes additional complexity
burden. Moreover, the generated frame level VRF is kept in
memory during B frame coding process, which also presents
new challenges to the storage overhead.

The most important characteristic that differs VRF from
other reference frames is that VRF is aligned with the to-be-
coded frame in the temporal domain. In view of this, we take
advantage of VRF by incorporating it in video coding in a new
manner. More specifically, a CTU level inter mode DVRF is
proposed. Instead of adding the VRF in RPS, the proposed
DVRF mode explicitly signals zero MV to specify the motion
compensation blocks in the VRF, thus avoiding the additional
ME complexity. Besides, DVRF is a CTU level inter mode
that allows the virtual reference implemented in block level
instead of frame level, such that the memory burden is also
alleviated. In this paper, in addition to adding the VRF in RPS,
the DVRF mode is also implemented and studied.

A. DVRF Mode

The proposed DVRF coding mode is applied to B frames
with bi-predicted references, such that the application is
restricted to RA configuration. More specifically, the DVRF
mode is only enabled when the FRUC input (fF , fB) exist, and
the derivation process of (fF , fB) also follows Algorithm 1.

As shown in Fig. 7, for the current to-be-coded frame
FT , FT −�t and FT +�t , which are the nearest bi-directional
reference frames in the DPB, are adopted to generate a high
quality VRF FV RF . Subsequently, for each CTU in the current
frame, a DVRF mode flag is signalled in the bitstreams to
indicate whether the DVRF mode is chosen. In particular,
when DVRF flag is enabled, the co-located block specified
by zero MV in VRF is treated as the reconstruction block,
and the encoding of the current CTU terminates. Otherwise,
traditional HEVC encoding process is conducted to encode the
current CTU.

B. DVRF Mode Decision

The selection of the DVRF mode is achieved in the sense
of RDO. Let J H EV C denote the RD cost of the traditional

Fig. 7. Illustration of the proposed DVRF coding mode. The co-located
block in the VRF is directly copied to the current to-be-coded CTU.

HEVC coding method for the current CTU, such that the
rate-distortion cost of the traditional HEVC coding can be
formulated as:

JH EV C = DH EV C + λ ∗ RH EV C , (5)

where DH EV C and RH EV C denote the distortion and rate
of the HEVC coding, respectively. The parameter λ is the
Lagrange multiplier, which controls the relationship between
rate and distortion. For the proposed DVRF mode, let JDV RF

denote the RD cost of the DVRF mode, which can be
expressed as:

JDV RF = DDV RF + λ ∗ RDV RF , (6)

where DDV RF and RDV RF are the distortion and rate of the
DVRF mode. The DVRF mode is selected when JDV RF <
JH EV C .

Compared with the strategy that adding VRF to RPS,
the proposed DVRF mode does not require any additional
ME process, such that the frame level virtual reference can be
implemented in a block manner, showing advantages in terms
of both complexity and memory. Besides, it should be noted
that when DVRF mode is chosen, only DVRF flag needs to
be signalled in the bitstream. Regarding the traditional HEVC
modes, motion data including merge index, MVP index, MVD
and the quantized transform coefficients need to be coded.
The effective reduction of coding bits makes DVRF mode
a competitive one among all the candidate inter prediction
methods.

V. EXPERIMENTAL RESULTS

In this section, we evaluate the performance of the proposed
methods. The encoder configuration and training details are
provided in Section V-A, and Section V-B shows the overall
performance of the VRF method. Moreover, the performance
of the proposed DVRF mode is provided in Section V-C, and
Section V-D gives the complexity analysis of the proposed
methods. Here, the following abbreviations are used to distin-
guish the methods presented in this paper.

• VRF_INIT: The initial VRF generated by FRUC is
directly added to RPS without processing by VECNN,
and this initial VRF serves as a new reference frame to
benefit inter coding.
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TABLE I

THE OVERALL RD PERFORMANCE OF THE PROPOSED VRF_INIT METHOD COMPARED WITH HM-16.6

• VRF_VECNN: As we detailed in Section III-A and
Section III-B, the initial VRF is further enhanced through
the proposed VECNN before it is incorporated as a new
reference frame.

• DVRF: The CTU level inter mode which directly copies
the co-located VRF CTU, as presented in Section IV.

A. Encoding Configuration and Training Details

1) Encoding Configuration and Evaluations: The proposed
VRF based methodologies are integrated into the HEVC
software HM-16.6, and all the encoder configurations follow
HEVC common test conditions (CTC) [38]. In addition to
the recommended QP setting {22, 27, 32, 37}, we also test
the QP 42 case in order to verify the performance of the
proposed method in low bitrate condition. Since the generation
of VRF requires bi-directional reference frames, only RA con-
figuration is tested in the experiment. Besides, to evaluate the
effectiveness of the proposed methods, the widely employed
BD-rate [39] is used in this paper.

2) Training Details: We train and test CNN on top of
NVIDIA Titan X GPU. More specifically, Pytorch library [38]
is adopted and the FRUC model provided in [41] is utilized
to generate the initial VRF. As for VECNN, Tensorflow [42]
is used to perform enhancement for VRF. Besides, four indi-
vidual models are trained with respect to the four QP points
{27, 32, 37, 42}, and the training time of each model is less
than ten hours. As for QP=22, we do not perform VECNN on
VRF as the quality is already good enough. Since we focus on
improving the quality of luma component, only Y component

is enhanced through VECNN, which also eases the burden
of compression complexity. Moreover, we use Adam [43] for
optimization, and the learning rate decays from 10−4 to 10−6

with a factor of 10−1.

B. Simulation Results of VRF_INIT and VRF_VECNN

1) Performance of VRF_INIT: The overall RD performance
of the proposed VRF_INIT method compared with HM-16.6 is
depicted in Table I, where normal QPs are set as {22, 27, 32,
37} and larger QPs are set as {27, 32, 37, 42}. As shown
in Table I, the proposed VRF achieves considerable bitrate
saving for each sequence, and up to 10.1% gain is observed
on PeopleOnStreet. On average, 4.5% luma component bitrate
saving is achieved in normal QPs and 5.6% bitrate saving is
achieved in larger QPs, which demonstrates that the proposed
method achieves better performance in low bitrate conditions.
Besides, some typical RD curves are depicted in Fig. 8, which
shows that VRF_INIT can achieve better RD performance.

In addition to the performance of VRF_INIT on HM-16.6,
we also integrate the VRF_INIT into the newly devel-
oped JEM-7.1 [44]. Compared with the HM software, nine
additional inter tools, including bi-directional optical flow
(BIO), decoder-side motion vector refinement (DMVR), pat-
tern matched motion vector derivation (PMMVD) etc., have
been adopted into JEM-7.1. These new inter coding tools
have effectively improved the inter coding performance.
In order to explore the effectiveness of integrating the proposed
VRF_INIT together with these new coding tools, we integrate
VRF_INIT on JEM-7.1, and conduct 2s test on HEVC test
sequences. The experimental results are illustrated in Table II,



ZHAO et al.: ENHANCED MOTION-COMPENSATED VIDEO CODING WITH DEEP VRF GENERATION 4839

Fig. 8. RD performance of VRF_INIT based on Y component. (a) PeopleOnStreet. (b) Cactus. (c) BQMall. (d) BQSquare.

Fig. 9. The hit ratio H of DVRF in terms of QPs.

and compared with the performance on HM-16.6 which
reaches to 4.5% and 5.6% bitrate reduction, the overall
performance of VRF_INIT on JEM-7.1 has decreased to

0.7% and 0.8% in normal QPs and larger QPs respectively.
We experimentally found the performance degradation mainly
dues to the conflicts between the proposed method and two
newly added inter tools, i.e., BIO and PMMVD. As a matter
of fact, BIO and PMMVD are closely related to the proposed
VRF method as they are all B frame coding tools, and the
natural connections between B frame prediction and FRUC
provide them a mutual target, i.e., generating or refining the
predictions with the bi-directional references. From this point
of view, it is not surprising that BIO and PMMVD degrade
the performance of VRF. Though less performance gains have
been achieved, such experimental results also provide useful
evidence in demonstrating the effectiveness of the VRF_INIT
method.

2) Performance of VRF_VECNN: The simulation results
of VRF_VECNN are shown in Table III. Compared with
VRF_INIT, the RD performance has been further improved
by 1%. The average luma performance of VRF_VECNN in
normal QPs is 5.5%, while 6.8% gain is observed for high
QP configuration. The most significant performance improve-
ment appears in FourPeople, in which the bitrate reduction
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TABLE II

THE OVERALL RD PERFORMANCE OF THE PROPOSED VRF_INIT METHOD COMPARED WITH JEM-7.1

TABLE III

THE OVERALL RD PERFORMANCE OF THE PROPOSED VRF_VECNN METHOD COMPARED WITH HM-16.6

improves from 6.0% to 10.5% in higher QPs, indicating
that the proposed VECNN brings more than 4% gain in
this sequence. Another typical sequence is BQTerrace, where

VECNN brings additional 3.7% gain. However, VRF_VECNN
does not always facilitate the compression process, as it
has negative influence on a minority of sequences.
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TABLE IV

THE OVERALL RD PERFORMANCE OF THE PROPOSED DVRF METHOD COMPARED WITH HM-16.6

Regarding ParkScene, the VRF_INIT achieves 4.8% gain in
higher QPs, and the performance degrades to 4.1% when
VECNN is involved, which may originate from the irregular
pattern of the dynamic foreground in the scene.

C. Performance of DVRF

The performance of the proposed DVRF mode is presented
in this subsection. It is worth mentioning that the VRF utilized
in DVRF is further enhanced by VECNN in order to improve
the quality. The BD-rate performance of DVRF is depicted
in Table IV. Overall 2.2% BD-rate gain is achieved in normal
QPs and 3.6% gain is obtained in higher QPs. The best
performance appears in FourPeople sequence, where 6.1% and
7.8% bitrate savings are achieved in normal and high Qps
respectively. Moreover, to explore how the validity of DVRF
changes in terms of QP setting, we compute the hit ratio of
DVRF in different QPs, and the overall results are shown
in Fig. 9. In particular, the hit ratio H of DVRF is calculated
as follows,

H = CDV RF

CAL L
× 100%, (7)

where CAL L denotes the number of CTUs that are assigned
DVRF flags, and CDV RF is the amount of CTUs with DVRF
flags enabled. It can be observed in Fig. 9 that up to 45%
CTUs choose DVRF mode. Since the selection of DVRF is
achieved in the sense of RDO, the high hit ratio demonstrates
the effectiveness of DVRF. Besides, we also observe that the
hit ratio increases as QP gets larger, which shows that VRF
tends to provide finer predictions in low bitrate conditions.

D. Complexity Analysis
The computational complexity of the proposed algorithm is

discussed in this subsection. It is widely acknowledged that
deep learning based video coding methodologies bring great
burdens to computational complexity, which presents critical
challenges. In order to alleviate the complexity issue, both
FRUC and VECNN are processed upon NVIDIA Titan X GPU
in our experiment. Since the execution time of CNN depends
on the performance of the GPU utilized in the experiment,
we first compare the complexity of the proposed methods
excluding the CNN time cost. For complexity overhead eval-
uation, we calculate �TEnc/Dec as follows,

�TEnc/Dec = T ′
Enc/Dec - TEnc/Dec

TEnc/Dec
× 100%, (8)

where T ′
Enc/Dec denotes the complexity of the proposed

method in encoder or decoder side, and TEnc/Dec denotes the
corresponding complexity of the HEVC anchor HM-16.6. The
results are shown in Table V. At the encoder side, the addi-
tional reference frame in RPS brings 16%-18% complexity
increase to VRF_INIT and VRF_VECNN, while no obvious
change is noticed on DVRF. While at the decoder side, all
the three methods achieve complexity reduction, and up to
7% time saving is observed on DVRF, which originates from
the high quality predictions provided by VRF, such that less
residuals are required to be signalled. From Table V, we find
DVRF achieves the best complexity performance among three
methods. Although the BD-rate performance of DVRF is
worse than VRF_INIT and VRF_VECNN, the complexity
advantage makes it a practical way to make use of VRF.
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TABLE V

THE COMPLEXITY COMPARISON BETWEEN THE PROPOSED
METHODS EXCLUDING CNN EXECUTION TIME

TABLE VI

THE COMPLEXITY COMPARISON BETWEEN THE PROPOSED

METHODS INCLUDING CNN EXECUTION TIME

We also record the complexity of the proposed meth-
ods including CNN execution cost. As can be observed
in Table. VI, about 30% - 45% additional complexity is
observed at the encoder side, which is a reasonable cost
considering the remarkable BD-rate gain. However, the major
issue of the complexity cost lies in decoder side, where 40×
decoder complexity is observed on VRF_INIT, and the time
cost increases to 70× when VECNN is further adopted in
VRF_VECNN and DVRF. Although CNN brings burdens to
time complexity, it is still promising that further optimizations
will bring CNN cost to reasonable levels. Recently, there has
been rising growing interest in building small and efficient
neural networks. In [45], a three-stage pipeline is presented to
reduce the neural network storage and accelerate the process-
ing speed in a manner that preserves the original accuracy.
Besides, Howard et al. [46] replaced standard convolution with
depthwise separable convolutions in their proposed MobileNet,
achieving remarkable computation reduction with the perfor-
mance of various tasks well maintained. In the future, we will
conduct further optimizations to the VRF generation networks
and VECNN so as to make our method applicable in real-time
scenarios.

VI. CONCLUSION

This paper presents a novel inter coding methodology by
introducing the deep FRUC based VRF. Different from the
existing reference frame generation approaches, the proposed
method makes use of the reconstructed bi-directional frames to
synthesize a high quality prediction of the to-be-coded frame.
To enhance the quality of VRF, a CNN termed as VECNN
is devised, aiming to alleviate to compression artifacts and
improve the prediction accuracy of VRF. In order to achieve
a better trade-off between coding efficiency and complexity,
we further develop a CTU level coding mode DVRF, which
avoids the additional ME process on VRF. The experimental
results demonstrate the significant superiority of the proposed
method. By adding VRF to RPS, 6.8% average BD-rate gain
is achieved on HM-16.6, and 0.8% BD-rate gain is observed
based on JEM-7.1 software. Regarding the DVRF mode, 3.6%
bitrate saving can also be achieved on HM-16.6 with less
coding complexity. A major issue of the proposed methods

lies in high computational complexity especially at the decoder
side. In the future, we will investigate lighter CNNs to alleviate
the complexity burden. Meanwhile, we believe the fast devel-
opment of deep learning oriented hardware architecture and
acceleration technologies will find a way out of complexity
dilemma in the near future.
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