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ABSTRACT

In light of the growing popularity of screen content video
applications, there is a increasing demand for Screen Con-
tent Coding (SCC). The latest standard, Versatile Video Cod-
ing (VVC), exhibits exceptionally high coding efficiency, al-
beit accompanied by a considerable coding complexity. This
complexity, in turn, restricts the widespread applicability of
VVC SCC. To address this issue, this paper introduces a par-
allel based approach to enhance the coding speed of VVC
SCC Intra Coding. Specifically, we established a large-scale
database and then design distinct neural networks for Cod-
ing Units (CUs) of various sizes to predict candidate Coding
Modes (CMs). Subsequently, we formulate a loss function
based on CM distributions and Rate Distortion(RD) costs to
train the designed models. Finally, we introduce a thresh-
old selection scheme to balance coding efficiency and coding
speed. Experimental results demonstrate that the proposed
method improves coding speed by an average of 36.36%, with
an average increase of 0.95% in Bjgntegaard Delta Bit Rate
(BDBR).

Index Terms— Versatile Video Coding (VVC), Screen
Content Coding (SCC), coding mode, loss function, early ter-
minate
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1. INTRODUCTION

Recent advancements have significantly increased the deploy-
ment of screen sharing and wireless display applications. In
these contexts, the video content is referred to as screen con-
tent, which typically includes images and videos generated by
computers. This content is characterized by repeated patterns,
expansive flat areas, a constrained color palette, and the ab-
sence of sensor noise [1]. The latest standard, Versatile Video
Coding (VVC) [2], introduces several new coding tools, in-
cluding the quad-tree plus multi-type tree (QTMT) coding
structure, which supports up to six split modes for Coding
Units (CUs). Moreover, VVC SCC necessitates the evalua-
tion of two additional SCC CMs inherited from High Effi-
ciency Video Coding (HEVC) [3]: Intra-Block Copy (IBC)
[4] and Palette (PLT) [5]. However, the introduction of these
new coding tools and the need for additional CMs evaluations
have significantly increased the coding complexity of VVC
SCC, hindering its widespread application. Therefore, im-
proving the coding speed of VVC SCC is imperative.

In order to enhance the coding speed of VVC SCC, we
propose a parallel-based fast CM decision algorithm for VVC
SCC Intra coding. Specifically, we first design separate neu-
ral networks for CUs of various sizes. Subsequently, a loss
function is formulated based on CM distributions and RD
costs, followed by the introduction of a threshold selection
scheme. Experimental results show that the proposed method
can significantly increase the encoding speed by an average
of 36.36%, with an average increase of 0.95% in BDBR.

The main contributions of this paper are summarized as
follows:



* A large-scale database was established for fast coding
mode decision in parallel coding of Intra coding in
VVC SCC. This database is intended to facilitate the
application of deep learning techniques to reduce the
complexity of VVC SCC.

* Multi-scale convolutional kernel networks were devel-
oped for parallel coding. These networks simultane-
ously and accurately predict the coding modes of all
CUs in VVC SCC.

¢ A loss function was formulated based on CM distribu-
tions and RD. Additionally, an effective threshold se-
lection scheme was introduced.

2. RELATED WORK

Several approaches have recently been proposed to accelerate
the decision-making process for CM selection in SCC.

In recent years, machine learning classifiers have been
employed to improve coding speed. The algorithm described
in [6] first categories CUs into two groups: natural content
CUs and screen content CUs. Based on these categories,
mode candidate sets are determined, with INTRA modes used
for natural content CUs, and IBC and PLT modes for screen
content CUs. In [7], decision trees and random forests are
used to identify and skip unlikely CMs. In [8], online learn-
ing techniques are introduced, using colour count to skip un-
likely modes and enabling early termination of CU splitting
based on RD costs. However, these machine learning-based
approaches rely heavily on feature extraction, which can be
a challenging task. Currently, deep learning is extensively
used across various areas, enabling automatic feature extrac-
tion from extensive data and achieving superior performance.
In [9], Convolutional Neural Network (CNN) is employed to
categorize CUs into natural, text, image, and color blocks.
Subsequently, candidate modes are predicted based on CU
sizes and types. However, these methods are specifically tai-
lored for HEVC SCC. Given the substantial differences in CU
sizes between HEVC SCC and VVC SCC, achieving optimal
performance may still present challenges.

In the context of VVC SCC, Wang et al. [10] proposes
early skipping of Intra modes, block differential pulse coded
modulation, and transform selection early termination to en-
hance coding speed. Wang et al. [11] utilizes deep learning to
predict content types for all CUs and analyze their CM distri-
butions for mode prediction. Wang et al. [12] presents a fast
coding mode selection scheme for intra prediction in VVC
SCC. Jiao et al. [13] use a width-adaptive CNN to predict
candidate CU partitions and exclude unlikely ones. Tsang et
al. [14] proposes a U-Net-based classifier to predict content
types for all 4x4 CUs within the Largest Coding Unit (LCU),
inferring content types for larger CUs from their sub-CUs.
While mode distributions correlate with content types, CUs
with the same content type can have significantly different

mode distributions, suggesting that relying solely on content
to predict candidate modes may not ensure optimal perfor-
mance.

To address the identified issues, this paper introduces a
parallel-based fast CM decision for Intra coding in VVC SCC.

3. PROPOSED PARALLEL-BASED PREDICTION

The QTMT structure recursively divides a Coding Tree Unit
(CTU) using a quadtree (QT) until further partitioning is not
possible. Subsequently, the multi-type tree (MT) structure
performs additional recursive partitioning on the leaf nodes
generated by the quadtree. During this process, each CU is
sequentially examined across multiple stages until its mini-
mum side length reaches 4, as shown in Fig. 1.
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Fig. 1. Sequential checking of a CTU in multiple stages.

As shown in Fig. 1, a CTU is initially divided into a
128%128 CU, which is then subdivided into four 64x64 CUs
in Stage 1. In Stage 2, each 64x64 CU is divided into four
32x32 CUs. In Stage 3, these 32x32 CUs are recursively par-
titioned using six split modes (SMs) until the minimum side
length of 4 is achieved. Throughout this process, CUs are
processed sequentially rather than simultaneously. However,
the QTMT structure generates a large number of CUs, and
the computational complexity of deep learning models can
significantly impact efficiency when applied sequentially to
predict content types for all CUs. To address this, we pro-
pose a parallel prediction method. Using parallel computing,
we simultaneously predict potential SMs for all CUs within
a frame while excluding unlikely SMs for each CU in every
CTU, as shown in Fig. 2. This method ensures that the predic-
tion time is limited to the maximum time required for a single
CU, which is negligible.

To enable accurate parallel predictions, we established a
database, designed an appropriate network architecture, de-
fined a suitable loss function, and implemented a threshold
selection scheme.

3.1. Database construction for coding modes

There are up to 17 CU types of various sizes. In order to ac-
curately predict coding modes for all the CUs, we first inves-
tigated the mode distribution for different CU types. We used
VTM-17.0 to encode 13 test sequences under the Common
Test Conditions (CTC) [15]. These sequences encompass
four classes: Robot in class A; EBURainFruits and Kimonol
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Fig. 2. Parallel prediction method for CUs

in class CC; BasketballScreen, MissionControlClip2, and
MissionControlClip3 in class Mixed; and Console, Desk-
top, FlyingGraphics, Map, Programming, SlideShow, and
WebBrowsing in class TGM. These sequences were encoded
using QP values of 22, 27, 32, and 37 under the All Intra (AI)
configuration. Fig. 3 illustrates the mode for CUs of various
sizes.
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Fig. 3. Modes distribution for CUs of various sizes.

It is evident from Fig. 3 that the mode distributions
for CUs of various sizes exhibit significant differences. If
CUs of different sizes use the same database for training,
it will inevitably be difficult to achieve optimal results. To
address this, separate databases should be created for each
CU size. Since there are 17 distinct CU sizes, 17 corre-
sponding content-type databases should be constructed. Each
CU should be labeled with one of the three coding modes:
Intra, IBC, or PLT. The video sequences mentioned earlier
will be used to build the coding mode databases. Each CU,
along with its corresponding label, forms a sample in these
databases, which are then divided into training and validation
sets at an 8:2 ratio.

3.2. Multi-scale convolutional kernel networks design for
parallel coding

Given that there are 17 different CU sizes, it is advisable to
design network structures tailored to each CU to enhance cod-
ing speed.

We have designed neural networks that utilizes multi-
scale convolutional kernels to adapt to CUs of various sizes.
Specifically, we employ convolutional kernels of sizes 2x2,
3%3, 5x1, and 3x1 to predict potential coding modes. For
square CUs, only square kernels are used, while for rectan-
gular CUs, we apply 5x1 and 3x1 rectangular kernels to ac-
commodate different aspect ratios. To further improve predic-
tion accuracy, we use a stride of 1 for the rectangular kernels,
which allows for finer granularity in the predictions.

According to the aspect ratio of the length to the width,
these CUs can be categorized into four groups, corresponding
to ratios of 1, 2, 4, and 8, respectively. We have designed the
corresponding networks as follows.

For CUs with an aspect ratio of 1, where the length and
width are equal, we exclusively use square convolution neu-
ral networks to predict the candidate CMs. Specifically, 3x3
convolutional kernels with a padding of 1 and a stride of 1,
referred to as ConvP, are used to extract more features in
the convolutional layers. Additionally, 2x2 convolution ker-
nels with a stride of 2, denoted as Conv, are applied for non-
overlapping convolutions in the convolutional layers. To re-
duce losses in predictions, pooling layers are omitted for these
CUs.

For CUs with aspect ratios of 2, 4, and 8, where the
length and width differ, a combination of square and non-
square convolution kernels is employed to predict candidate
CMs. Specifically, both 5x1 and 3x1 convolution kernels,
each with a stride of 1, are utilized to extract additional fea-
tures. These convolution layers are denoted as AsCon. For
square convolution kernels, 2x2 convolution kernels with a
stride of 2 are employed for non-overlapping convolutions.
To minimize prediction losses, pooling layers are intention-
ally omitted for these CUs.

By employing a sequence of convolutional layers, we
obtain an adequate number of feature maps. Subsequently,
these feature maps are flattened and passed through three fully
connected layers to compute the probabilities associated with
the three modes. Each layer is followed by a rectified linear
unit (ReLU) activation function, with a softmax activation ap-
plied at the final layer. Fig. 4 illustrates the network structures
for CUs of sizes 32x32, 32x16, 32x8, and 32x4, respectively.

3.3. Loss Function Design

In conventional classification tasks, the cross-entropy func-
tion is commonly uesd as the loss function. However, it does
not consider the disparity between predicted and true values.
Specifically, different CMs typically exhibit distinct RD costs,
which significantly affect coding efficiency. As a result, di-
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Fig. 4. The network structures for CUs of sizes 32x32, 32x16,
32x8, and 32x4.

rectly applying the cross-entropy function is insufficient to
address this issue. Therefore, we have formulated a novel
loss function.

Assuming the mini-batch includes N CUs, with each CU
containing three CMs, the corresponding basic cross-entropy
loss function can be expressed as:

1 N 3
L=~ wilogp, (1

i=1 j=1

where y;; denotes the ground-truth binary label for the ¢ th
CU which selects the j th CM as the best coding mode, while
p;; represents the corresponding predicted probability.

As observed in Fig. 1, the distribution of CMs is highly
unbalanced. To address this issue, we have introduced a scal-
ing factor that automatically reduces the impact of easier ex-
amples during training. This approach rapidly directs the
model’s attention towards more challenging examples, thus
accelerating learning for these instances [16]. Consequently,
the cross-entropy can be modified as follows

N

3
1
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where pt is the predicted probability of the ground-truth class.
pt is adjustable and is used to specify the significance weights.

As mentioned earlier, RD costs have a significant impact
on coding efficiency. However, Eq. (2) does not consider
the RD costs associated with CMs. In order to address this
issue, RD costs are incorporated into the loss function. We
first derive the penalty weight for RD costs as follows

weight_cost; = @, 3)

Tib
where r;; denotes the RD cost of the ¢ th CU selecting the
j th CM, while r;, represents the RD cost of the best CM
for the CU. When the j th CM is identified as the best one,

the RD cost penalty weight is set to 1, and no penalty is im-
posed. Conversely, if the 5 th CM is not the best one, the
RD cost penalty weight is greater than 1 and a penalty is
applied. Moreover, a higher RD cost penalty weight results
in a more severe punishment. In other words, the RD cost
penalty weight is proportional to the severity of the punish-
ment. Therefore, we can incorporate the RD cost penalty
weight into Eq. (2) to derive the overall loss function as fol-
lows

3
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3.4. Selection of Threshold Values

Through the aforementioned process, we can obtain the
trained models for CUs of various sizes. Using these mod-
els, we can calculate the probabilities for the three CMs and
arrange them in descending order of their probability values.
Let g; denote the probability of the ¢ th CM, and m is the sum
of the probabilities for the first n modes

m=3 p (5)
=1

To enhance coding speed and maintain coding efficiency,
it is advisable to exclude unlikely CMs. This can be achieved
by implementing early termination of CMs selection when s
is greater than or equal to a predefined threshold 7T'. Determin-
ing the optimal threshold is crucial. To address this, various
commonly used 7" values, such as 0.3, 0.4, 0.5, 0.6, 0.7, 0.8,
and 0.9, were tested across the 11 training sequences under
the aforementioned CTC.

Fig. 5 illustrates the coding efficiency losses, as repre-
sented by BDBR [17]. A positive BDBR indicates a decrease
in coding efficiency relative to the reference software, specif-
ically reflecting the percentage of bitrate increase in bitrate
required to maintain a given quality. Fig. 5 illustrates that

BDBR(%)

05

Fig. 5. T values and the corresponding coding efficiency.



Table 1. Performance comparison with existing algorithms

Categories S e Proposed WA-CNN [13] FastSCCNET [14]
1 BDBR(%) AT(%) BDBR(%) AT(%) BDBR(%) AT(%)
A Robot 0.59 29.87 1.44 36.05 1.98 37.33
cc EBURainFruits -0.02 3343 0.95 33.75 0.07 36.44
Kimonol 0.12 19.93 0.92 27.16 -0.07 24.66
BasketballScreen 1.01 31.64 2.47 37.59 4.38 25.16
Mixed MissionControlClip2 0.56 34.86 1.45 28.05 2.17 31.23
MissionControlClip3 0.79 37.98 2.72 37.68 5.71 29.32
Console 1.29 47.70 2.17 40.37 1.98 23.69
Desktop 1.39 52.40 2.30 41.33 2.24 3229
FlyingGraphics 1.87 39.43 1.66 41.82 6.66 1851
TGM Map 1.60 33.00 1.45 39.11 228 26.87
Programming 1.18 38.03 2.67 39.69 3.64 24.55
SlideShow 0.79 25.30 1.09 34.41 3.77 23.19
‘WebBrowsing 1.22 49.08 2.43 40.55 7.01 17.62
All Average 0.95 36.36 1.82 36.74 3.22 26.98

as T increases, the BDBR decreases progressively, and vice
versa. This phenomenon can be attributed to the fact that the
smaller values of s result in the erroneous exclusion of more
CMs, which increases the BDBR while also enhancing the
coding speed. This reflects a trade-off between BDBR and
improvements in coding speed. In addition, observations re-
veal that when T is greater than or equal to 0.6, the decrease
rate of BDBR stabilizes and slows down. Consequently, we
have selected 0.6 as the threshold value for 7T'.

4. EXPERIMENTS
4.1. Training and Testing of the Neural Network

To eliminate any potential overlaps between the training and
testing sets, we deliberately chose 11 training sequences
that are not included in the CTC to generate the training
samples. These sequences are carefully selected to cover
various video content and resolutions from [18]. Specifically,
the chosen training sequences are: ClearTypeSpreadsheet,
KristenAndSaraScreen, MissionControlClipl, ParkScene,
PcbLayout, PeoplelnVehicle, PptDocXls, RealTimeData,
Seeking, VideoConferencingDocSharing, and WordEditing.

The training sequences are encoded using QP values of
22,27, 32, and 37 to derive the ground truth labels. The batch
size is set to 8192. The Adam optimizer is used throughout
the training process, with PyTorch used on an RTX4090 for
training.

When the number of epochs is 300 or more, the training
losses remain nearly constant. Consequently, we selected 300
epochs for the training process, resulting in the acquisition of
trained models for all CU sizes.

4.2. Performance Evaluation

To validate the performance of our proposed algorithm, we
conducted tests using VIM-17.0 on a server equipped with
an AMD Ryzen9 7950x processor, 128GB of DDRS memory,
and an RTX4090 GPU. According to CTC, 13 test sequences
were examined in our experiments. All these sequences are
tested under the Al configuration, with the QP set of (22, 27,

32, 37). The performance of the proposed algorithm was eval-
uated by coding efficiency losses and coding speed improve-
ments. Coding efficiency loss was measured using BDBR,
while coding speed improvement was quantified by the per-
centage of coding time saved, denoted as AT. To evaluate the
performance of the proposed algorithm, we conducted a com-
parative analysis with two existing algorithms: WA-CNN[13]
and FastSCCNET([14]. Since the proposed algorithm focuses
on modes, we select WA-CNN, which is mode-related, from
the literature for comparison. To the best of our knowledge,
these algorithms are recognized as the state-of-the-art bench-
marks for fast intra coding in SCC. The corresponding per-
formance comparisons are detailed in Table 1. It is important
to note that the test results include the inference times for the
models employed.

Table 1 presents the average coding speed improvements
of the proposed algorithm, WA-CNN, and FastSCCNET,
which are 36.36%, 36.74%, and 26.98%, respectively. The
corresponding average BDBRs for the proposed algorithm,
WA-CNN, and FastSCCNET are 0.95%, 1.82%, and 3.22%,
respectively. Obviously, the proposed algorithm outperforms
FastSCCNET in both coding speed and efficiency. It is worth
noting that the coding speed of the proposed algorithm is es-
sentially the same as that of WA-CNN, but the BDBR of the
proposed algorithm is much smaller than that of WA-CNN. If
the BDBR of the proposed algorithm were the same as that of
WA-CNN, then the coding speed of the proposed algorithm
would be significantly faster than that of WA-CNN.

5. CONCLUSIONS

In this paper, we presented a parallel-based fast CMs deci-
sion algorithm for intra coding in VVC SCC. Considering
the significant differences in CMs distributions across CUs
of different sizes, designed and trained distinct models to pre-
dict candidate CMs and exclude unlikely ones for each CU
size. The experimental results demonstrate that the proposed
algorithm significantly improves coding speed with negligi-
ble coding efficiency losses. Future research will focus on
refining the Intra mode prediction process to further enhance
coding speed.
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