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Generative Adversarial Network-Based
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Abstract—In this paper, a novel intra prediction method is
proposed to improve the video coding performance, in which the
generative adversarial network (GAN) is adopted to intelligently
remove the spatial redundancy with the inference process.
The proposed GAN-based method improves the prediction
by exploiting more information and generating more flexible
prediction patterns. In particular, the intra prediction is
modeled as an inpainting task, which is accomplished with
the GAN model to fill in the missing part by conditioning on the
available reconstructed pixels. As such, the learned GAN model
is incorporated into both video encoder and decoder, and the rate-
distortion optimization is performed for the competition between
GAN-based intra prediction and traditional angular-based intra
prediction to achieve better coding performance. The proposed
scheme is implemented into the high-efficiency video coding test
model (HM 16.17) and the versatile video coding test model (VTM
1.1). The experimental results show that the proposed algorithm
can achieve 6.6%, 7.5%, and 7.5% under HM 16.17 and 6.75%,
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7.63%, and 7.65% under VTM 1.1 bit rate savings on average for
luma and chroma components in the intra coding scenario.

Index Terms—Generative adversarial network, intra prediction,
inpainting, high efficiency video coding, versatile video coding.

I. INTRODUCTION

V IDEO coding aims to represent the video signal in a more
efficient manner by removing the redundancies in the spa-

tial, temporal, statistical and perceptual domains as much as
possible. Due to the increase of the video data, there is a strong
demand for efficient video coding algorithms. The latest
video coding standard developed by Joint Collaborative Team
on Video Coding (JCT-VC), High Efficiency Video Coding
(HEVC) [1], can achieve around 50% bit rate reduction while
maintaining the same visual quality level when compared to its
predecessor, i.e., H.264/AVC [2].

To achieve superior coding performance, many sophisticated
coding methods have been adopted in HEVC, such as the re-
cursive Coding Tree Unit (CTU) partition [3] with the con-
cepts of Coding Unit (CU), Prediction Unit (PU), and Trans-
form Unit (TU). The hybrid video coding framework in HEVC
is as same as the previous video coding standards. The key pro-
cedures include prediction, transform, quantization, entropy en-
coding and in-loop filtering. The first four steps are applied to
remove the spatial, temporal, perceptual, and statistical redun-
dancies, while the last one aims to enhance the quality of the final
reconstruction.

The prediction plays an important role in video coding. Bet-
ter prediction leads to smaller prediction residual (the difference
between the original block and the predicted block). As a result,
less coding bits will be consumed to represent the transformed
coefficients from the residuals. In general, the prediction can be
divided into two categories, i.e., intra prediction and inter pre-
diction, aiming to remove the spatial and temporal redundancies,
respectively.

In essence, intra coding not only plays an important role in
video coding, such as the intra refresh for random access, but
also can be regarded as an image codec. Therefore, improving
the intra coding performance is critical and essential for prac-
tical image and video coding applications. Different from the
traditional intra prediction that is based on the spatial extrapola-
tion of decoded samples, we formulate the intra prediction as an
inpainting task and adopt the generator from Generative Adver-
sarial Network (GAN) [4] to predict the pixels. As such, the intra
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prediction performance can be further improved by generating
more accurate predictions. The main contributions of this paper
are listed as follows.

1) The process of intra prediction is formulated as a learn-
ing based inpainting task, and the generator from GAN
is applied to predict the missing part based on the already
decoded blocks, such that the current to-be-coded unit can
be better predicted by fully exploiting the neighboring in-
formation.

2) The intra prediction module is redesigned with the pro-
posed GAN based method, and the Rate-Distortion Op-
timization (RDO) is performed to select the best one be-
tween the traditional and the GAN based approaches with
an additional flag signalled.

3) The GAN based intra prediction is implemented into both
encoder and decoder to improve the intra coding perfor-
mance. Extensive experimental results demonstrate the su-
perior performance of the proposed scheme compared to
the state-of-the-art deep learning based intra prediction
method.

The remainder of this paper is organized as follows. Section II
introduces the related works, and the motivation as well as prob-
lem formulation are described in Section III. Section IV presents
the proposed GAN based intra prediction for video coding. The
experimental results and analyses are discussed in Section V.
Section VI concludes this paper.

II. RELATED WORKS

A. Intra Coding

Recently, many efforts have been devoted to improving the
performance of intra coding. In particular, more sophisticated
intra prediction methods have been developed to improve the
intra prediction accuracy. Moreover, due to the fact that the op-
timal intra coding mode is highly correlated with the statistical
properties of residuals, advanced transform algorithms have also
been proposed to better represent the prediction residuals.

In [5], Kamisli modeled image pixels with a Markov process
to improve the linear prediction approach for intra prediction. An
intra prediction method based on inpainting and vector predictor
was proposed in [6], where two inpainting algorithms of Laplace
Partial Differential Equation (PDE) and Total Variation (TV)
were utilized. Zheng et al. [7] presented an adaptive block cod-
ing order for intra prediction, and the decision of block coding
order was formulated as a typical traveling salesman problem.
Two prominent techniques of intra string copy and intra block
copy were proposed for screen content prediction [8]. Chen et al.
[9] theoretically analyzed the optimal weights based on a first
order Gaussian Markov model for intra prediction. A hybrid
intra prediction method was proposed in [10], in which three
modules (adaptive template matching, combined local and non-
local prediction, and combined neighboring modes prediction)
were included. Chen et al. [11] proposed an intra coding scheme
based on a padding and constrained quantization. In this scheme,
only 50% pixels were encoded while other 50% pixels were re-
constructed by linear interpolation. Based on synthesizing two
neighboring predictors, an intra prediction method was proposed
[12] to predict the current block. Li et al. [13] proposed an

efficient multiple lines based prediction method, in which more
reference lines were utilized besides the nearest neighboring row
and column. A fully connected network was adopted to learn an
end-to-end mapping from neighboring reconstructed pixels to
the current block [14], where more contextual information of
the current block was fed into the fully connected network. In
[15], a data-driven approach was presented to generate intra pre-
diction modes, in which a neural network was trained off-line
and integrated into the video codec. The above mentioned al-
gorithms only use limited information for intra prediction, e.g.,
the pixels in the nearest neighboring row and column, or within
multiple lines. Therefore, the intra prediction can be further im-
proved by fully exploiting more available information.

There are also some other works that mainly focus on the
transform scheme for intra coding. A DCT/DST based transform
scheme was presented in [16], where the optimal transform was
selected according to the RD cost and no additional signalling
information was required. Kamisli [17] processed the residual
block with integer-to-integer transforms which could map inte-
ger pixels to integer transform coefficients without increasing
the dynamic range. A signal dependent transform based on Sin-
gular Value Decomposition (SVD) was proposed for intra coding
[18]. An additional stage of frequency-domain processing was
introduced during encoding and decoding before calculating the
residue in [19]. Chen et al. [20] presented a DC coefficient es-
timation algorithm for residual block, where an optimal offset
in a closed-form to recover the corresponding block edges was
derived.

In addition, the next generation video coding standard, Versa-
tile Video Coding (VVC) [21], has been defined at the meeting
of Joint Video Experts Team (JVET) on 2018 and is expected to
be issued by the end of 2020, which aims to exploit more sophis-
ticated coding algorithms to further improve the coding perfor-
mance. One of the important techniques is coding structure of
Quad Tree plus Binary Tree and Ternary Tree (QTBTTT), which
is developed to provide recursive binary tree and ternary tree
partitions besides quad-tree block partition to adapt the diverse
video contents and achieves great performance improvement.
For the intra coding, the angular intra modes are extended from
33 defined in HEVC to 65, where the Planar and DC modes
are kept. As a result, there are 67 intra modes in total. These
denser angular intra modes will be employed to both luma and
chroma intra predictions. To accommodate these increased 33
angular intra modes, an intra mode coding method with 6 Most
Probable Modes (MPMs) is used, which includes the deriva-
tion of 6 MPMs, and entropy coding of 6 MPMs. The detailed
techniques can be found in [21]. In addition, multi-model Cross-
Component Linear Model (CCLM) and multi-filter CCLM [22]
were adopted into the Joint Exploration Model (JEM) by JVET
for chroma intra prediction with the assumption that there is a
linear correlation between the luma and the chroma components
in a block. However, most of these proposals are still under dis-
cussion whether they will be accepted by VVC or not.

B. Image Inpainting

Image inpainting aims to fill in the missing parts of an im-
age to make it complete and natural. The image inpainting
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methods can be divided into two categories: (1) neighboring pix-
els interpolation based method; (2) deep learning based method.

The first category infers the missing part based on the interpo-
lation with the neighboring information. Li et al. [23] proposed
a color direction patch sparsity based image inpainting method
to maintain the structure coherence, texture clarity, and neigh-
borhood consistence of the missing part. In this method, the
super-wavelet transform was performed to estimate the multi-
direction features of a degraded image. Jin et al. [24] presented
a patch sparsity based image inpainting algorithm through facet
deduced direction derivative, where the continuity of bound-
aries of the missing area was ensured. A Markov Random Field
(MRF) based image inpainting algorithm was proposed in [25],
in which candidate patches were selected in a proper search
space obtained from a set of groups of patches.

Recently, deep learning based approaches have also been
adopted in the image inpainting. An unsupervised visual feature
learning algorithm driven by context based pixel prediction was
proposed in [26], where a learned Convolutional Neural Network
(CNN) model was used to produce the contents of an arbitrary
image area conditioned on its neighboring. Yu et al. [27] pro-
posed a novel deep learning based image inpainting system to
complete images with free-form masks and inputs. This system
is designed by gated convolutions learned from millions of im-
ages without additional labelling efforts. Yang et al. [28] used
the conditional GANs as the backbone, and introduced a novel
block wise procedural scheme to stabilize the training stage for
generating high quality realistic inpainting result. A GAN based
image inpainting method was proposed in [29], where a global
GAN and a patch GAN were combined in the discriminator net-
work. A novel approach for image completion was presented for
images with both locally and globally consistent [30], in which
the images with any shape of missing parts could be filled in
with a fully convolutional neural network.

III. MOTIVATION AND PROBLEM FORMULATION

In HEVC intra coding, it mainly consists of intra prediction,
transform coding, quantization, post-processing and entropy en-
coding modules. One of these important modules is intra predic-
tion. The more accurate prediction will result in smaller resid-
ual (the difference between prediction and ground truth), then
less bits will be used for the residual representation, which in-
dicates better coding performance. Similar to H.264/AVC, the
reference pixels from the nearest left column and the nearest
above row are utilized to predict the current block by the spatial
extrapolation. The difference lies in that more angular modes
are adopted in HEVC, e.g., 35 modes in total [31]. Fig. 1 illus-
trates the angular based intra prediction. More specifically, there
are 33 angular modes plus DC and Planar modes in HEVC, as
shown in Fig. 1(a). Basically, mode 0 (Planar) is designed to
predict the gradually changing content, in which the bi-linear
interpolation is adopted to predict the pixels. Moreover, mode
1 (DC) is designed to predict the homogeneous block based on
identical prediction pixels, equalling to the average value of ref-
erence pixels in the nearest column and row. Modes 2–17 can
be regarded as horizontal modes and modes 18–34 are vertical

Fig. 1. Illustration of intra prediction in HEVC [1]. (a) The 35 intra modes in
HEVC. (b) Example of the angular mode 29.

Fig. 2. HEVC intra prediction results (BasketballPass, QP = 22). (a) PU to
be predicted (64× 64). (b) Prediction results (modes 0–34).

modes. Fig. 1(b) shows an example of mode 29, which is pre-
dicted from the top and top-right neighboring pixels [31]. The
optimal mode will be selected based on the RD cost comparison
among the 35 intra modes. However, one obvious limitation of
this approach is that the number of reference pixels is limited, as
only the pixels in the nearest neighboring column and row are
involved.

Here, experiments are conducted to further analyze the intra
prediction in HEVC. In particular, we extract the intra prediction
results in the encoding process. For the purpose of visualization,
only the prediction results of the PU with size of 64× 64 are
illustrated. As shown in Fig. 2, the sequence of BasketballPass
is encoded by HEVC test model under Quantization Parameter
(QP) equalling to 22. Fig. 2(a) provides the block to be predicted
and Fig. 2(b) illustrates the prediction results of 35 intra modes.
Due to the extrapolation mechanism, these prediction patterns
are fixed in a hand-crafted manner. This poses the challenging
issue in generating flexible prediction pattern that is highly corre-
lated with the to-be-coded block. For example, the conventional
intra prediction is difficult to handle the cases of circle and oval
patterns in the to-be-coded blocks.
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Fig. 3. Illustration of the inpainting problem in intra prediction.

In summary, the limitations of intra prediction in HEVC are
listed as follows. (1) The number of reference pixels is limited
and the structural information of neighboring blocks is not con-
sidered, as only the pixels in the nearest neighboring column
and row are involved. (2) These 35 intra modes are defined by a
hand-crafted rule with fixed patterns, which cannot perform the
prediction in a more flexible and data-driven way according to
the structural information.

As such, the intra prediction problem is illustrated in Fig. 3,
the blocks from above-left, above and left are available informa-
tion, and the to-be-coded block is located at the bottom-right.
This problem can be modeled as an inpainting task using the
neighboring available information. As a result, more informa-
tion can be exploited when compared to the pixels in the nearest
neighboring column and row in HEVC. Moreover, the flexi-
ble prediction patterns can be generated based on the generative
model. Specifically, the circle and oval patterns can be generated
to compensate the limitation of the conventional intra prediction.
However, there are still some challenging issues in directly ap-
plying GAN based inpainting in intra prediction. In particular,
compared with traditional inpainting methods to solve the prob-
lem with missing part located at the center, there is a lack of
the surrounding information as only blocks from the above and
the left are available, leading to difficulties in recovering the
structural information. This motivates us to design an advanced
inpainting model specifically in the task of intra prediction.

IV. PROPOSED GAN BASED INTRA PREDICTION

In this section, the deep learning based intra coding scheme
is developed by casting the intra prediction process into the in-
painting framework. In particular, our intra prediction strategy
adopts GAN based inpainting, due to its superior performance in
inferring the missing pixels. More specifically, the architecture
of the GAN based inpainting for intra prediction is discussed in
Section IV-A. Two schemes are compared in Section IV-B. With
the GAN based model, we incorporate it into the HEVC codec
for intra prediction, which is presented in Section IV-C. Finally,
the GAN model training is discussed in Section IV-D.

A. Architecture of GAN Model for Inpainting

The architecture of GAN based inpainting for intra prediction,
which is based on the work in [30], is shown in Fig. 4. The model
treats the above-left, above, and left reconstructed blocks as the
inputs, and predicts the missing block at the bottom-right corner.

TABLE I
HYPER-PARAMETERS OF THE GENERATOR IN FIG. 4

TABLE II
HYPER-PARAMETERS OF THE GLOBAL DISCRIMINATOR IN FIG. 4

Two masks with size of 128× 128 are applied to indicate the
missing part, and ‘

⊗
’ indicates pixelwise multiplication. The

values in Mask 1 and Mask 2 are binary. In Mask 1, the values in
the blocks of above-left, above and left are one, while the values
in the block of bottom-right are zero. In Mask 2, the values are
inverse to those in Mask 1.

Similar to [30], there are two networks in this architecture.
One is the generator with 17 convolutional layers, which is used
for predicting the missing part, denoted as the G network. The
other is the discriminator, which can be regarded as a binary
classifier to identify whether the predicted missing part is real
or fake, denoted as D network. It should be noted that the dis-
criminator is just utilized for training and is not required in in-
ference stage. To improve the performance, there are two parts
in the discriminator, i.e., local and global discriminators. For
the local discriminator, there are 5 convolutional layers and one
fully-connected layer, and the input is the predicted missing
part. For the global discriminator, there are 6 convolutional lay-
ers and one fully-connected layer, and the input is the whole
image, where the missing part is the predicted and the other
blocks are from the original input, as shown in Fig. 4. The de-
tailed hyper-parameters of GAN are shown in Tables I–IV. In
fact, these hyper-parameters of GAN models can be changed.
For example, we can reduce or increase the number of convo-
lutional layers, change the kernel size and so on. The changes
may result in different inpainting results as well as coding perfor-
mances. However, we focus on video coding with the framework
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Fig. 4. Architecture of GAN based inpainting for intra prediction.

TABLE III
HYPER-PARAMETERS OF THE LOCAL DISCRIMINATOR IN FIG. 4

TABLE IV
HYPER-PARAMETERS OF THE “REAL” OR “FAKE” DECISION LAYER IN FIG. 4

of GAN based intra prediction in this paper. Therefore, we adopt
the hyper-parameters of GAN in [30].

B. Scheme Selection

In general, there are two schemes of GAN based inpainting
for intra prediction. One is one GAN model for 64× 64 block
(Scheme 1), and the other is four GAN models for 64× 64,
32× 32, 16× 16 and 8× 8 blocks (Scheme 2). The advantages
and disadvantages of these two schemes are compared in terms
of implementation, model storage, operation at the encoder side,
adaptation to VVC, running time at the decoder side, and coding
gains, which are presented in Table V.

The advantages of Scheme 1 are that (1) Simple implementa-
tion. Video coding is performed at the unit of CTU, the neighbor-
ing reconstructed CTUs can be easily collected; (2) Less GAN
models for storage. Only one GAN model will be stored; (3)
Less operations of GAN based intra prediction at the encoder
side. For every CTU, the GAN based intra prediction is only
performed once; (4) Easy adaptation to VVC. It can be easily
applied to VVC without any more changes. The disadvantages
of Scheme 1 are that (1) Extra running time at the decoder side.

TABLE V
TWO SCHEMES COMPARISON

At the decoder side, for a small block in a CTU, 3× 64× 64
samples will be fed into the generator for the intra prediction,
which means extra running time will be spent; (2) Limited cod-
ing gain. The GAN based intra prediction is only performed at
the CTU level. For the small blocks, the operation of copy is
conducted. It cannot achieve more coding gains.

The advantages of Scheme 2 are that (1) No extra running time
at the decoder side. At the decoder side, every block will be pre-
dicted by its associated GAN model if the proposed method is
selected; (2) Potential coding gain. Every block partition with
GAN based intra prediction is compared according to the RD
cost, more coding gains can be achieved. The disadvantages of
Scheme 2 are that (1) Difficult implementation. The block parti-
tion is performed in a recursive manner, the neighboring blocks
are not easily collected for a small block because they are not
the final reconstructed ones; (2) More GAN models for stor-
age. The number of the GAN models depends on the number
of block partitions. For HEVC, four GAN models are required,
i.e., 64× 64, 32× 32, 16× 16 and 8× 8; (3) More operations
of GAN based intra prediction at the encoder side. For every
block size, the GAN based intra prediction will be performed,
which will result in high computational complexity; (4) Diffi-
cult adaptation to VVC. More GAN models are required to be
trained, especially for the asymmetric block partitions.

After this comparison, we think Scheme 1 can be adopted
because of the benefits of simple implementation, less GAN
models, less operations at the encoder side and easy adaptation
to VVC.
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C. GAN Based Intra Prediction in Video Coding

We incorporate the GAN based intra prediction into HEVC
intra coding framework. Although the GAN based inpainting
can achieve good predictions for visualization in some cases, it
cannot always guarantee the better coding performance because
of the measurement of Sum of Absolute Difference (SAD). So
the conventional intra prediction in HEVC is performed as well
for coding performance competition. In particular, the visual sig-
nals present different statistical characteristics, so different an-
gular modes have been employed in HEVC for intra prediction.
Analogously, it is also expected that the GAN model can handle
different signal characteristics by designing multiple prediction
modes. Following HEVC, 35 modes are designed for GAN based
intra prediction. Although these 35 GAN modes may have sim-
ilar SAD values, they will show different coding performances
in terms of RD cost. More modes will consume more bits be-
cause the indices are required to be encoded as well. However,
if the coding performance improvement from the competition
among these 35 modes is greater, this scheme with 35 GAN
modes will be adopted. In addition, these 35 versions of output
from GAN are generated simultaneously in a parallel manner
in our work. Therefore, the running time of generating 35 ver-
sions is comparable to that of generating one. In addition, for
the prediction, the pixels are just copied from these 35 versions.
In the process of RD cost calculation and comparison, it is the
same as the conventional intra prediction. In this manner, the
GAN based intra prediction can compete with the angular based
intra prediction of HEVC in the sense of RDO, and only one flag
is required to signal the prediction strategy. The methodology
to generate 35 different versions of output will be discussed in
detail in Section IV-D.

The proposed video codec with GAN based intra prediction
is illustrated in Fig. 5. Fig. 5(a) shows the framework of the
proposed encoder. First, the angular based intra prediction and
the GAN based intra prediction are performed simultaneously.
For the angular based intra prediction, the original 35 intra modes
are examined and their RD costs are calculated. For the GAN
based intra prediction, 35 versions of the predicted blocks are
generated. In total, there are 70 intra modes, and the best one
with the minimum RD cost is eventually selected. Since each
intra coding mode corresponds to an output from GAN model,
only one additional flag is used to represent the final prediction
strategy. The encoding of indices for the specific intra mode (0–
34) is maintained the same as that in HEVC. It should be noted
that the GAN based intra prediction is only used for the PUs
with size of 64× 64, and for other PUs whose sizes less than
64× 64 the prediction can be directly copied from the current
PU with size of 64× 64 at the same location. The reasons have
been discussed in detail in Section IV-B. Moreover, since there
is no reference information for the above and left blocks in a
frame, they are always predicted by the traditional extrapolation
based intra prediction strategy.

At the decoder side, the GAN based intra prediction is incor-
porated to generate the prediction pixels, as shown in Fig. 5(b).
In particular, the prediction model flag will be firstly decoded
to indicate the prediction strategy for each PU. When the flag is

Fig. 5. The encoding and decoding process with GAN based intra prediction.
(a) Encoder. (b) Decoder.

one, indicating that the GAN based intra prediction is used, the
GAN model is applied to generate the predicted version of the
PU. Otherwise, the original angular based intra prediction will
be performed. Other decoding modules are maintained as same
as the original decoder.

D. GAN Model Training

The training dataset consists of 800 images with the resolu-
tion of 512× 384 from an uncompressed color image database
[32]. The images are encoded by the HEVC test model with
QP equalling to 22. One sample is shown in Fig. 3 with the
size of 128× 128, in which the missing part is located at the
bottom-right corner with size of 64× 64. This sample and its
corresponding ground truth without any coding distortion forms
a training pair. It should be noted that only luma component is
extracted for training.

To generate the 35 versions of prediction from GAN, a
straightforward approach is to train 35 GAN models. However,
this strategy significantly increases the burden to store the neu-
ral network model for both encoder and decoder. As such, we
define a latent variable that controls different generation modes.
More specifically, in the training stage, 35 different versions of
input are generated, and their differences lie in the initial pixel
values of missing part to be predicted. Here, the initial pixel val-
ues of missing part are randomly set for each sample during the
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Fig. 6. 35 versions of input to generator.

training stage,

P =

⌊
X

34
× (2k − 1)

⌋

, (1)

where �� is the function of floor round operation, X is randomly
selected from {0, 1, 2, …, 34}, and k represents the bit depth.
Fig. 6 shows an example of 35 versions of input to GAN. Here,
the parameter of bit depth k equals to 8. It should be noted that
at the stage of video coding, in order to generate 35 versions
of output, the initial pixel values of missing part are set by Eq.
(1) with X selected from 0 to 34 in order, and no random rule is
performed here. In fact, we have also tried several other types
of initialization, such as checkerboard, vertical and horizontal
patterns. The plate pattern in Eq. (1) shows the best performance
and is adopted in this paper.

In our task, the target is to minimize the difference between
prediction and original blocks, such that the generator is trained
for the first few epochs by the loss function of Mean Squared
Error (MSE),

L = ||A1 −A2||2, (2)

where A1 and A2 are the local information, which indicate the
bottom-right block (64× 64) of Rm and G(Im), respectively.
G(Im) and Rm are the output of generator and the ground truth
for the mth sample Im, respectively.

After a few epochs, the whole GAN network can be trained.
For each training iteration, the generator and the discriminator
will be repeatedly updated one by one. This is a min-max opti-
mization problem. ForD updating, it is a maximization problem
and G has been fixed. For G updating, it is a minimization prob-
lem and D has been fixed. Following [30], a joint loss function
is applied,

min
G

max
D

E[αL+ logD(A1, B1) + log(1−D(A2, B2))],

(3)
where B1 and B2 are the global information, which indicate the
ground truth Rm and output of generator G(Im), respectively.
The parameter α is a weighting value to balance MSE loss and
binary cross-entropy loss. In the training stage, we follow the
setting in [30], which is set to 2500.

In this paper, the Tensorflow package is utilized for GAN
training on Tesla K80 GPU with 5000 epochs. The batch size
and the learning rate are set as 35 and1× 10−4, respectively. The

whole training stage is summarized in Algorithm 1. For GAN
training, it takes about three weeks. In addition, some feature
maps and learned filters are illustrated in Fig. 7. Fig. 7(a) is
an example input to the generator. Fig. 7(b) shows the feature
maps of the first convolutional layer with the input of Fig. 7(a),
the values of original outputs are rescaled to the range [0, 255]
for visualization. Fig. 7(c) shows the learned filters of the first
convolutional layer. There are 64 filters with kernel size of 5×
5. The red and blue colors indicate the positive and negative,
respectively. And the shade of color represents the value of filter.

V. EXPERIMENTAL RESULTS AND ANALYSES

In this section, experiments are conducted on the platform of
HEVC test Model (HM 16.17) [33], where the proposed GAN
based intra prediction has been implemented. All intra coding
configuration is used for performance comparison. All the en-
coding experiments are performed on the computer equipped
with the Intel Core i7-4790 CPU @ 3.60 GHz, 16 GB memory,
Windows 7 Enterprise 64-bit operating system. The original HM
16.17 is utilized as the anchor for RD performance comparison.
The RD performance is measured by Bjøntegaard Delta Bit Rate
(BD-BR) [34], and a negative value implies the RD performance
improvement and vice versa. In addition, the original fast algo-
rithm in HM platform is enabled, i.e., Rough Mode Decision
(RMD) is performed firstly according to Sum of Absolute Trans-
formed Differences (SATD) cost, then the selected intra modes
plus MPMs will be checked one by one.

A. Intra Prediction Comparison

In the proposed method, 35 versions of output from GAN
are generated. Here, one example from the BlowingBubbles se-
quence is presented for comparison. The results of GAN based
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Fig. 7. Feature maps and learned filters. (a) An example input to the generator.
(b) 64 feature maps of the first convolutional layer with input of (a). (c) 64 filters
of the first convolutional layer.

intra prediction and angular based intra prediction are illustrated
in Figs. 8(a) and (b), respectively. It should be noted that the pre-
dictions are both performed to the PU with size of 64× 64 for
fair comparison. The resolution of each sub-figure is 128× 128.
The blocks (64× 64) located at above-left, above, and left are
the reconstructed information and they are the same in these 70
sub-figures. The blocks (64× 64) located at bottom-right are the
predicted results. It can be found that (1) the results from GAN
based intra prediction are more consistent than those from an-
gular based intra prediction, and (2) they have smaller values of
SAD. For these predicted results of GAN based intra prediction,
the best one is mode 31 with the minimum SAD value 24578.
Moreover, it is also interesting to see that the inpainting model is
able to learn the missing information and naturally compensate
for the structure.

B. Influence of Adversarial Term

We also investigate the influence of adversarial term. The
experiments of comparison of training with and without

adversarial term are conducted. The results are illustrated in
Fig. 9 and Table VI. In Fig. 9, the blocks (64× 64) located at
the bottom-right are predicted. The results with adversarial term
are more clear than those without adversarial term, and the MSE
values are much smaller. The reason is that the local and global
discriminators make the predicted pixel information consistent
in the local and global. We think the inpainting for intra pre-
diction with adversarial term can achieve more coding gains. In
Table VI, the coding performance with adversarial training is
better than that of without adversarial training.

C. Coding Performance Comparison With the State-of-the-Art
Algorithm

Regarding the coding performance, the proposed method is
compared with the state-of-the-art work, Li et al. [14]. In par-
ticular, the work in [14] focuses on intra prediction with deep
learning as well. The test sequences, which are different from
the training data, are encoded with four QPs, including {22, 27,
32, 37}, under Common Test Conditions (CTC) [35]. The ex-
perimental results are shown in Table VII. The proposed method
with 35 modes generates 35 prediction results with initial val-
ues set by Eq. (1) in order following the index X from 0 to 34,
while the proposed method with 1 mode generates only 1 predic-
tion result with initial values set by Eq. (1) following the index
X = 0. For Li et al. [14], it reduces 3.5%, 1.9% and 2.2% bit rate
on average for luma and two chroma components, respectively.
For the proposed methods with 35 modes and 1 mode, they can
achieve 6.6%, 7.5%, 7.5% and 6.2%, 7.2%, 7.5% on average
bit rate reduction for luma and two chroma components, respec-
tively, which is better than Li et al.’s method [14]. This originates
from the fact that the proposed method utilizes more available
information for prediction and provides more flexible predic-
tion patterns. In particular, the sequence BQMall achieves the
best performance improvement, which reduces 17.7%, 18.5%,
and 19.2% bit rate for luma and two chroma components. We
also observe that some sequences have significant bit rate sav-
ing, such as BQSquare, BQMall, BasketballDrill, FourPeople,
Johnny, KristenAndSara, Vidyo1, and BQTerrace, while other
sequences only have a little improvement and worse than those
of Li et al.’s method [14]. The reasons are that (1) The GAN
based inpainting depends on the structural information of neigh-
boring available blocks, such as the objects of face, and desk. If
the inpainting result is more accurate in terms of SAD, the cod-
ing performance will be better. (2) These testing sequences are
diverse with different contents. Some of them have strong struc-
tural information while others show less structural contents. As
such, some sequences achieve great coding performance gain.

In addition, for the proposed scheme with 1 mode, it can
also be adopted due to the less complexity and similar coding
performance when compared with 35 modes. In this case, the
GAN based intra prediction can replace the least frequently used
angular prediction instead of signalling the prediction model flag
and there will be no bit overhead.

The distributions of GAN based intra prediction and direction
based intra prediction are illustrated in Fig. 10. Sequences of
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Fig. 8. Intra prediction comparison. (a) GAN based intra prediction. (b) Angular based intra prediction.

Fig. 9. Comparison of training with and without adversarial term. (a) Without adversarial term (MSE = 154.2). (b) With adversarial term (MSE = 14.1).
(c) Without adversarial term (MSE = 725.5). (d) With adversarial term (MSE = 151.6).

TABLE VI
COMPARISON OF TRAINING WITH AND WITHOUT ADVERSARIAL TERM UNDER PLATFORM OF HM VERSION 16.17
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TABLE VII
PERFORMANCE COMPARISON WITH THE STATE-OF-THE-ART WORK IN TERMS OF BD-BR WITH QPS {22, 27, 32, 37} UNDER PLATFORM OF HM VERSION 16.17

Fig. 10. Prediction model used in the proposed method (Blue boundary: angular based intra prediction, Red boundary: GAN based intra prediction).
(a) BlowingBubbles. (b) BQSquare. (c) BQMall. (d) BasketballDrill. (e) Johnny. (f) FourPeople.

BlowingBubbles (416× 240), BQSquare (416× 240), BQMall
(832× 480) BasketballDrill (832× 480), Johnny (1280× 720)
and FourPeople (1280× 720) are encoded by the proposed
method with QP equalling to 22. They are re-scaled to the same

resolution for visualization. It can be found that abundant areas
select GAN based intra prediction, which further provides the
evidence regarding the advantage of the proposed scheme. In ad-
dition, we can observe that most of PUs with GAN based intra
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TABLE VIII
PERFORMANCE COMPARISON IN TERMS OF BD-BR WITH DIFFERENT QP SETTINGS UNDER PLATFORM OF HM VERSION 16.17

Fig. 11. Some failure cases of the proposed method. (a) High speed motion.
(b) Characters.

prediction are 16× 16 and 8× 8. The blocks with GAN based
intra prediction mainly locate at the texture area. More structural
information is in the neighboring blocks, higher probability the
GAN based intra prediction will be selected. For example, the
chairs and desks in Fig. 10(b).

Additionally, some failure cases of the proposed method are
illustrated in Fig. 11. The blocks marked by red color are pre-
dicted by the proposed method. In Fig. 11(a), due to the high
speed motion, blurring is shown in the neighboring blocks, the
structural information is broken, which may result in the failure
result. In Fig. 11(b), the characters are presented in all the three
neighboring blocks. The proposed method cannot handle this
case.

D. Cross-Validation of GAN Under Different QP Settings

Additionally, we conduct experiments to validate the coding
performance for other QP settings. Here, following [14], two QP
settings are tested, including {11, 16, 21, 26} and {33, 38, 43,
48}. However, it should be noted that the learned GAN model
is not changed and it has been trained with QP equalling to 22.
The results are shown in Table VIII.

For the small QP setting, Li et al.’s method [14] can reduce
1.9%, 1.4% and 1.4% bit rate on average for luma and two
chroma components, while the proposed method achieves 2.7%,
3.1% and 3.1% on average bit rate reductions for luma and two
chroma components. For the large QP setting, Li et al.’s method
[14] can reduce 4.2%, 1.9% and 1.6% bit rate on average for
luma and two chroma components, and the proposed method
achieves 7.1%, 7.4% and 8.1% on average bit rate reduction
for luma and two chroma components. It can be found that the
proposed method is much better than Li et al.’s method [14] in
terms of bit rate reduction in the low bit rate scenario. For the
best case, BQMall, 27.1%, 28.9%, and 26.2% bit rate savings
under large QP setting for luma and chroma components are ob-
served. The reasons are that as the QP increases, the reference
pixels would be severely degraded, and the number of them is
limited for angular based intra prediction, which cannot achieve
accurate prediction, while for Li et al.’s method [14] and the
proposed method, more reference pixels are adopted which can
provide more useful information. In addition, compared with Li
et al.’s method [14], the proposed method can generate more
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TABLE IX
CODING PERFORMANCE IN TERMS OF BD-BR UNDER PLATFORM OF VTM VERSION 1.1

flexible prediction patterns for competition. This can make a
better prediction.

E. Adaptation to the VVC Standard

To further validate the efficient of the proposed method, we
implement it to the on-going video coding standard, VVC. Dif-
ferent from HEVC, the coding structure is changed in VVC.
A CTU is firstly partitioned by a quad-tree structure. Then the
quad-tree leaf nodes can be further partitioned by a multi-type
tree structure. There are four splitting types in a multi-type tree
structure, including vertical binary splitting, horizontal binary
splitting, vertical ternary splitting, and horizontal ternary split-
ting. It implies that there are some asymmetric coding blocks
for intra prediction. In the process of implementation, the size
of CTU is set as 64 × 64 to avoid re-training the GAN, and other
configuration settings are default. Because 67 intra modes have
been adopted in VVC, we generate 32 more versions of predic-
tion besides 35 versions for performance competition. The VVC
Test Model (VTM 1.1) with 64 × 64 CTU is utilized as the an-
chor for BD-BR calculation. The experimental results are shown
in Table IX. The proposed method achieves 3.10%, 6.75% and
6.83% bit rate reduction in case of luma component under small,
normal and large QP settings, respectively.

F. Computational Complexity Analyses

In the proposed method, the GAN model has been incorpo-
rated into the HEVC codec for intra prediction. For the encoder,
the GAN based intra prediction and angular based intra predic-
tion are both performed, then the best one will be selected with

RDO. However, the convolutional operation in the GAN model
is time consuming. For the decoder, the prediction model flag
will be decoded first. If GAN based intra prediction is used for
the current CTU, the decoded blocks (above-left, above and left)
will be fed to the GAN model to generate the prediction results.
Otherwise, only the angular based intra prediction will be per-
formed. As such, the additional complexity introduced to the
decoder largely depends on the number of PUs that select the
GAN based intra prediction.

Table X shows the computational complexity of this proposed
method under the platform of CPU + GPU, which are presented
in case of sequence by sequence. The HEVC test model and
VVC test model are used as the anchor. Under HM platform, the
computational complexity of this proposed method is 7 and 160
times on average for encoding and decoding when compared
with the original HM. Under VTM platform, the computational
complexity of this proposed method is 2.5 and 257 times on
average for encoding and decoding when compared with the
original VTM.

The computational complexity comparison with the state-of-
the-art work under the platform of CPU is conducted. HEVC test
model is used as the anchor. For the encoding, Li et al.’s method
[14] and the proposed method are around 86 times and 149 times
higher than the original HEVC test model, respectively. For
the decoding, Li et al.’s method [14] and the proposed method
are around 201 times and 5264 times higher than the original
HEVC test model, respectively. The computational complex-
ity of the proposed method is higher than Li et al.’s method
[14], which is reasonable as the network architecture is more
complicated.
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TABLE X
COMPUTATIONAL COMPLEXITY OF THE PROPOSED METHOD UNDER THE

PLATFORM OF CPU + GPU(HM/VTM ANCHOR IS 1)

VI. CONCLUSIONS

In this paper, a GAN based intra prediction method for intra
video coding is proposed, in which the problem of intra predic-
tion is formulated as an inpainting task. The to-be-encoded PU is
regarded as the missing part and the blocks located at above-left,
above, and left are treated as the available context. To deal with
the challenge that there is a lack of information for inference
as the missing part always locates at the bottom-right corner, a
sophisticated GAN is adopted. The well trained GAN model is
further incorporated into the video codec to improve the coding
performance. Compared with the state-of-the-art deep learning
based intra coding, the proposed method achieves better RD
performance in both high and low bit rate coding scenarios.
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