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A B S T R A C T

The Versatile Video Coding (H.266/VVC) has demonstrated significant improvements to its predecessor
High-Efficiency Video Coding (H.265/HEVC) in terms of compression efficiency. One of its advancements
is attributed to the introduction of the QuadTree with nested Multi-type Tree (QTMT). However, the
accompanying computing complexity challenges practical applications. To this end, this paper proposes a
fast encoding algorithm to accelerate the encoding process of H.266/VVC while maintaining its compression
efficiency as much as possible. Essentially, the Coding Unit (CU) partition can be modeled as a classification
problem, and thus conventional machine learning methods such as the decision tree can be used to solve it.
Previous decision tree-based works generally use one decision tree to dyadically select one partition from a set
of candidate partition modes, easily leading to a local optimum. In contrast, this work models the classification
from a new viewpoint and devises Paired Decision Trees (PDT) to tackle it. Specifically, the first decision tree
determines whether to divide the current CU or not, and the second decision tree further determines whether to
divide the CU horizontally or vertically. However, inaccurate results in the first decision tree can be propagated
to the second one, resulting in error accumulation. To address this issue, we introduce the Indeterminate Space
to both decision trees and perform Rate-Distortion Optimization (RDO) on samples falling within this space.
Experimental results show that compared with H.266/VVC reference software VTM-15.0, the proposed PDT
method saves 52.86% encoding time on average while maintaining a small BDBR increase of only 1.36%,
which significantly outperforms previous works.
1. Introduction

With the rapid development of information technology, digital
video has become an indispensable part of our daily lives. At the
same time, the rise of social networks and the popularity of mobile
devices have also stimulated the development of the digital video field.
Now, video dissemination is ubiquitous all over the world, such as
short videos that are popular among young people and video calls
made by friends using social software [1,2]. These videos are all
compressed by prevalent video coding standards like H.264/AVC and
H.265/HEVC. H.265/HEVC [3] is the advanced video coding standard
developed by the Joint Collaborative Team on Video Coding (JCT-VC)
in 2013. Compared with its predecessor H.264/AVC [4], H.265/HEVC
has significantly improved the coding efficiency, saving almost 50%
bitrate at the same video quality. To meet the growing market demand,
the Joint Video Experts Team (JVET) further developed Versatile Video
Coding (H.266/VVC) [5], which achieves about 40% coding efficiency
over H.265/HEVC under the same perceptual quality. This great coding
efficiency is attained by introducing many new coding tools, such
as QuadTree with nested Multi-type Tree (QTMT), Context-Adaptive
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Binary Arithmetic Coding (CABAC), extended intra-prediction angle
modes, etc., at the cost of enormous computational complexity. As
investigated in [6], the complexity of H.266/VVC is 18 times higher
than that of H.265/HEVC.

As the core technique in video coding, the partition process of
Coding Units (CUs) accounts for 91% of the entire encoding time [7].
In H.265/HEVC, the partition of a CU refers to deciding whether or not
to perform the quadtree partition. However, H.266/VVC devises QTMT,
which additionally adds four new partitioning modes to H.265/HEVC.
As shown in Fig. 2(a), from left to right are No Split (NS), QuadTree
(QT), Binary Tree Vertically (BTV), Binary Tree Horizontally (BTH),
Ternary Tree Vertically (TTV), and Ternary Tree Horizontally (TTH).
It is obvious that the use of more partition structures enables more
detailed and reasonable partitions, but meanwhile, finding the most
suitable partitioning structure for each CU becomes an exponential
problem with a power of 6, as there are at most six partition candidates
for each CU. As the number of CUs increases, associated computational
complexity will also be exponentially increased. As exemplified in
Fig. 2(b), a Coding Tree Unit (CTU) with the size of 128 × 128 is finally
vailable online 5 October 2023
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Fig. 1. BDBR loss versus time reduction of different methods. We reproduce all
compared methods for comparison except that results of Tissier et al. are obtained
from their open-source code and models.

Fig. 2. (a) Illustration of Multi-type tree partition in H.266/VVC, including no split
(NS), QuadTree (QT), Binary Tree Vertically (BTV), Binary Tree Horizontally (BTH),
Ternary Tree Vertically (TTV), and Ternary Tree Horizontally (TTH). (b) An example
of QTMT partition on a 128 × 128 CTU of H.266/VVC.

partitioned into dozens of CUs. Therefore, fast partition algorithms are
highly desired to accelerate the encoding process while maintaining the
coding performance as much as possible.

In this regard, this work focuses on the fast CU partition for intra
coding of H.266/VVC. Typically, the partition problem is modeled as
a classification problem, which can be solved by machine learning
methods such as Support Vector Machines (SVM), Decision Tree (DT),
and Random Forest (RF). Taking the DT that has been widely used in
previous research for example, as depicted in Fig. 3, a partition mode
is eliminated every time until the best partition pattern is obtained [8].
This process not only triggers a long inference time but also easily leads
to a local optimum since errors in previous steps will be propagated and
accumulated, which accordingly decreases the encoding performance.
To overcome this issue, we propose a Paired Decision Trees (PDT)-
based method that remodels the binary classification procedure to
shorten the decision process. Additionally, we introduce an Indetermi-
nate Space to handle difficult-to-decide samples and avoid local optima.
An overview of our results compared with state-of-the-art methods is
illustrated in Fig. 1.

The main contributions of this work are as follows:

• We remodel the binary-classification procedure in H.266/VVC
CU partition and devise Paired Decision Trees, termed PDT, to
resolve it. Specifically, the first decision tree determines whether
to divide the current CU or not, and the second decision tree
makes a subsequent determination on whether the current CU
2

should be split horizontally or vertically.
Fig. 3. Typical decision flow using the decision tree where the partition mode is
eliminated dyadically until reaching the last one.

• Considering that the wrong decision in the former DT will af-
fect the subsequent DT, we propose the Indeterminate Space
where Rate-Distortion Optimization (RDO) is fully applied to
these difficult-to-decide samples. As such, error propagation and
accumulation can be effectively relieved and the coding perfor-
mance is maintained.

• All block sizes under the same QP value share the same PDT.
Extensive experimental results demonstrate that the PDT method
brings in 60.08% encoding time reduction with 2.11% BDBR
loss; the additional introduction of Indeterminate Space results in
52.86% runtime savings with only 1.36% BDBR increase, which
significantly surpasses state-of-the-arts.

The remaining parts of this paper are arranged as follows. Section 2
introduces the related works. Section 3 describes our proposed method
in detail. Section 4 presents our experimental results and analysis.
Section 5 concludes this work.

2. Related works

Up to now, lots of studies have been devoted to developing fast
encoding algorithms for video encoders [9–11]. They can be roughly
divided into three categories: (1) the traditional correlation-based
method [12–14] that mainly utilizes features like variance, contrast,
and gradient to detect textures and then predicts partitioning modes
by setting thresholds and other techniques, (2) the machine learning-
based method [15–20] that sets feature vectors, trains sVM, DT, or
RF models offline, and finally inherits the models into video codecs
for a fast decision, and (3) the neural network-based method [21–26]
that predicts the probability of each partition mode and selects the one
having the highest probability as the final mode. In the following, we

will detail these three categories of methods.
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For the traditional correlation-based method, Fan et al. [27] pro-
posed a fast intra-frame partitioning algorithm based on the variance
value and Sobel operator and set three thresholds to determine the CU
partitioning mode based on the relationship between the thresholds and
features, which saved 49.27% encoding time with 1.63% BDBR increase
for VTM-7.0. Song et al. [28] used the Sum of the Mean Absolute
Deviation (SMAD) of the sub-blocks to measure the texture complexities
of vertical and horizontal directions. Their method performed well in
terms of performance loss but did not save too much time.

Regarding the machine learning-based method, typical solutions
include DT, SVM, and RF. Wu et al. [29] proposed a fast CU partitioning
algorithm based on SVM. They extracted QP, variance, and gradient
as features, and then transformed the CU partitioning problem into
two binary classification problems: split or not, horizontal partition
or vertical partition, saving encoding time ranging from 30.78% to
63.16% with 1.10% to 2.71% BDBR increase in VTM-10.0. Zhang
et al. [30] proposed an improved DAG-SVM classifier model for fast
CU partitioning. Yang et al. [8] proposed an algorithm that used DTs
to accelerate CU partitioning. They set a confidence level at the leaf
node of each DT. When the confidence level was less than 90%, they
chose not to trust the DT result and instead performed RDO operation.
Tahir et al. [31] proposed an online and offline combination of RF
to perform fast encoding. Amestoy et al. [32] used RF to determine
whether to perform QT or BTV/BTH partitioning and proposed an
Uncertainty Zone where RDO was involved when RF cannot distinguish
between QT and BTV/BTH. Later, they further proposed a lightweight
and adjustable QTMT partition method based on RF [33]. He et al. [34]
divided CUs into three categories: simple, complex, and fuzzy according
to their texture structure, and RF was used to predict the partition
model for simple and complex CUs while split or not for fuzzy CUs. In
addition, other machine learning algorithms such as Markov Random
Field [35] and Bayes decision [36,37] were also used to implement fast
encoding algorithms.

Concerning the neural network-based method, Li et al. [25] de-
signed a multi-stage exit Convolutional Neural Networks (CNN) model
with an early exit mechanism to determine CU partitioning, which
reduced the encoding time of VTM-7.0 by 44.65%–66.88% with a BDBR
loss of 1.322%–3.188%. Zhang et al. [38] used a Global Convolutional
Network (GCN) to accelerate CU partitioning, but the CNN model was
called by every CU for decision-making, which may increase inference
time.

3. Proposed method

3.1. Proposed paired decision trees method

Fig. 4 presents the overall flow of our proposed PDT method. First,
we determine whether the current CU size needs the fast partitioning
algorithm or not. Notice that we perform the proposed PDT on selective
block sizes. Using the fast algorithm on some block sizes, such as
64 × 64, will lead to noticeable loss and therefore is not acceptable. On
the other hand, not all blocks have six partition candidates, e.g., CU of
size 4 × 8 only has BTH and NS modes and takes up limited time. As a
result, we apply the proposed method on six block sizes, including 32
×32, 32 × 16, 16 × 32, 16 × 16, 16× 8, and 8 × 16.

Then, we resort to the first decision tree to obtain the partition
probability of the current CU. If the probability is between 𝑇1 and 𝑇2,
we will perform RDO to decide its partition status; if the probability
is smaller than 𝑇1, the mode NS will be selected, i.e., this CU will
not be partitioned (split); otherwise, this CU will be partitioned and
continue to go through the second decision tree for texture direction
determination. Similarly, if the probability is between 𝑇3 and 𝑇4, RDO

ill be applied; if the probability is less than 𝑇3, we judge that the
urrent CU will be vertically partitioned; otherwise, we judge that the
3

urrent CU will be horizontally partitioned.
Fig. 4. Flowchart of the proposed fast CU partition decision based on Paired Decision
Trees. The first decision tree is responsible for assessing whether the current CU should
be divided or not. The second decision tree makes a subsequent determination on
whether the CU should be split horizontally or vertically.

3.2. Feature selection

The DT relies on input features to make decisions. Therefore, feature
selection is important to the decision results. Since the two DTs used in
this work focus on different aspects, i.e., the first DT focuses more on
the global texture direction, while the second DT pays more attention
to local texture variations, we choose different features for these two
trees for adequate processing.

Gradient. Gradient is a feature closely related to CU partition,
which is widely used in fast encoding algorithms. In both decision trees,
the following features are adopted: the normalized gradients (𝑥𝑁𝑍𝐺),
the normalized maximum gradient magnitude (𝑥𝑁𝑀𝐺), the average
gradients in the horizontal direction (𝑥𝐴𝑅𝐻 ), and the average gradients
in the vertical direction (𝑥𝐴𝑅𝑉 ). The Sobel operator is used to calculate
he gradient. Corresponding calculation methods of gradients in the
ertical direction (𝐺𝑥) and horizontal direction (𝐺𝑦) are as follows:

Defining

𝑆𝑥 =
⎡

⎢

⎢

⎣

−1 0 +1
−2 0 +2
−1 0 +1

⎤

⎥

⎥

⎦

(1)

and

𝑆𝑦 =
⎡

⎢

⎢

+1 +2 +1
0 0 0

⎤

⎥

⎥

, (2)

⎣−1 −2 −1⎦
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we can compute

𝐺𝑥 =
𝐻
∑

𝑖=1

𝑊
∑

𝑗=1
𝐿 × 𝑆𝑥 (3)

and

𝐺𝑦 =
𝐻
∑

𝑖=1

𝑊
∑

𝑗=1
𝐿 × 𝑆𝑦, (4)

where 𝑆𝑥 and 𝑆𝑦 represent Sobel operators in the horizontal and
vertical directions, respectively. 𝑊 and 𝐻 represent the width and
height of the current CU, and 𝐿 denotes the luminance matrix of the
current pixel. Then, the calculation methods of 𝑥𝑁𝑍𝐺, 𝑥𝑁𝑀𝐺, 𝑥𝐴𝑅𝐻 ,
and 𝑥𝐴𝑅𝑉 are as follows:

𝑥𝑁𝑍𝐺 =
|𝐺𝑥| + |𝐺𝑦|

𝑊 ×𝐻
, (5)

𝑥𝑁𝑀𝐺 =
𝑀𝑎𝑥(𝐺𝑥, 𝐺𝑦)

𝑊 ×𝐻
, (6)

𝑥𝐴𝑅𝐻 =
𝐺𝑥

(𝑊 − 2) × (𝐻 − 2)
, (7)

𝐴𝑅𝑉 =
𝐺𝑦

(𝑊 − 2) × (𝐻 − 2)
. (8)

Variance. Variance can well reflect the global texture information
f a frame. To this end, in the first decision tree, we use the variance
f the entire frame as a representative feature, as shown below:

𝑎𝑟 = 1
𝑊 ×𝐻

𝐻
∑

𝑖=0

𝑊
∑

𝑗=0
(𝑝𝑖𝑗 − 𝑝̄)2, (9)

here 𝑝𝑖𝑗 represents the pixel value at position (𝑖, 𝑗), and 𝑝̄ represents
he average pixel value of the current CU.

As for the second decision tree, more detailed texture information
s required for a specific direction decision. In this regard, we define
𝑎𝑟𝐻 as the variance difference in the horizontal direction and 𝑉 𝑎𝑟𝑉
s the variance difference in the vertical direction. They are calculated
s:

𝑎𝑟𝐻 = 𝑉 𝑎𝑟𝐵𝑇𝐻 + 𝑉 𝑎𝑟𝑇𝑇𝐻 (10)

nd

𝑎𝑟𝑉 = 𝑉 𝑎𝑟𝐵𝑇𝑉 + 𝑉 𝑎𝑟𝑇𝑇𝑉 , (11)

here 𝑉 𝑎𝑟𝐵𝑇𝐻 represents the variance difference in the horizontal
irection under the binary horizontal partition. Similarly, the other
hree items 𝑉 𝑎𝑟𝐵𝑇𝑉 , 𝑉 𝑎𝑟𝑇𝑇𝐻 , and 𝑉 𝑎𝑟𝑇𝑇𝑉 represent the corresponding
ifferences under other partitioning modes, calculated as follows:

𝑎𝑟𝐵𝑇𝐻 = |𝑉 𝑎𝑟𝐵𝑇𝐻0 − 𝑉 𝑎𝑟𝐵𝑇𝐻1|, (12)

𝑎𝑟𝐵𝑇𝑉 = |𝑉 𝑎𝑟𝐵𝑇𝑉 0 − 𝑉 𝑎𝑟𝐵𝑇𝑉 1|, (13)

𝑎𝑟𝑇𝑇𝐻 = |𝑉 𝑎𝑟𝑇𝑇𝐻0 − 𝑉 𝑎𝑟𝑇𝑇𝐻1|

+ |𝑉 𝑎𝑟𝑇𝑇𝐻0 − 𝑉 𝑎𝑟𝑇𝑇𝐻2|

+ |𝑉 𝑎𝑟𝑇𝑇𝐻1 − 𝑉 𝑎𝑟𝑇𝑇𝐻2|,

(14)

and
𝑉 𝑎𝑟𝑇𝑇𝑉 = |𝑉 𝑎𝑟𝑇𝑇𝑉 0 − 𝑉 𝑎𝑟𝑇𝑇𝑉 1|

+ |𝑉 𝑎𝑟𝑇𝑇𝑉 0 − 𝑉 𝑎𝑟𝑇𝑇𝑉 2|

+ |𝑉 𝑎𝑟𝑇𝑇𝑉 1 − 𝑉 𝑎𝑟𝑇𝑇𝑉 2|.

(15)

Contrast. Image contrast refers to the degree of grayscale contrast
in an image. The larger the contrast, the clearer the image, and the
more it tends to be partitioned. Here, we use the contrast of the entire
CU as a feature in the first decision tree, as shown below:

𝐶 =
∑

𝛿(𝑖, 𝑗)2𝑝𝑟𝑜𝛿(𝑖, 𝑗), (16)
4

𝛿

with 𝛿(𝑖, 𝑗) being the difference between the current pixel 𝑖 and it
surrounding four neighbors 𝑗 and 𝑝𝑟𝑜𝛿(𝑖, 𝑗) denoting the probability of
the value 𝛿(𝑖, 𝑗).

As for the local texture information in the second decision tree, it
is represented by the contrast 𝐶𝐻 and 𝐶𝑉 . The calculation of 𝐶𝐻 and
𝐶𝑉 is similar to Eqs. (10) and (11), which will not be repeated here.

Entropy. Image entropy represents the aggregation feature of image
grayscale distribution. Similarly, in the first decision tree, we use the
entropy of the entire CU as a feature. The calculation formula of
entropy is as follows:

𝐸𝑘 = −
255
∑

𝑖=0
𝑝𝑟𝑜(𝑖) log 𝑝𝑟𝑜(𝑖), (17)

where 𝑝𝑟𝑜(𝑖) represents the probability of grayscale 𝑖.
As for the local texture information in the second decision tree, it

is represented by the entropy 𝐸𝐻 and 𝐸𝑉 . The calculation of 𝐸𝐻 and
𝐸𝑉 is respectively similar to Eqs. (10) and (11).

Block information. Unlike previous works that train a single model
for each block size, this work inputs the block size (width and height
of the current CU) as features, making all CU sizes share the same PDT
models.

3.3. Decision tree selection

To achieve decent performance, we verify the proposed PDT method
on a variety of decision trees, including Matlab R2022 A, Scikit learn
(Sklearn) [39], and LightGBM [40]. Since the use of the decision tree
provided by Matlab R2022 A results in poor performance, we will not
discuss it in this paper.

Then we analyze the performance of Sklearn and LightGBM,1 in
depth. As depicted in Fig. 5 we compare the CU partition accuracy
and direction partition accuracy between the two decision trees. It is
observed that the decision accuracy of LightGBM is higher than Sklearn
by around 6% to 7%. This excellent performance is mainly due to the
fact that LightGBM uses the leaf-wise decision tree growth strategy,
while Sklearn uses the level-wise growth strategy. As shown in Fig. 6,
the level-wise strategy performs unbiased splits on all nodes in each
layer and traverses all leavers for splitting. In contrast, the leaf-wise
approach selects the node with the maximum splitting gain among
all current leaf nodes for splitting, leading to lower complexity and
higher accuracy. However, this strategy is more prone to overfitting
because of its biased selection. To address this issue, LightGBM adds
a maximum depth limit on top of the leaf-wise approach to prevent
overfitting while ensuring efficiency. Moreover, LightGBM uses many
features that Sklearn does not have to improve its performance, such
as histogram and efficient parallel learning.

Also, we compare the runtime of Sklearn and LightGBM. Theo-
retically, the Sklearn decision tree needs to traverse from the root
node to the leaf node, i.e., the entire decision tree, to search the
category for each sample, leading to 𝑂(𝑙𝑜𝑔𝑁) time complexity, where 𝑁
indicates the number of samples. Instead, LightGBM uses optimization
techniques during prediction, such as histogram-based algorithms and
multi-threaded parallel processing, to quickly find the leaf node for
each sample, which efficiently reduces the prediction time complexity
to 𝑂(1). However, the optimization techniques in LightGBM are also
time-consuming and thus extend the runtime.

In this work, we collect the inference time of Sklearn and LightGBM
in 10 million data for runtime comparison. Results show that they cost
comparable runtime. To this end, we adopt the use of LightGBM to
build our PDT due to its high accuracy.

1 https://lightgbm.readthedocs.io/en/latest/index.html.

https://lightgbm.readthedocs.io/en/latest/index.html
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Fig. 5. Comparison between two typical implementation methods (Sklearn vs.
LightGBM) of the decision tree on overall accuracy.

Fig. 6. Illustration of level-wise and leaf-wise generation strategies in Sklearn and
LightGBM decision trees, respectively.
5

Fig. 7. Illustration of Indeterminate Space used in this work where two thresholds are
set in each decision tree. (a) 𝑇1 and 𝑇2 are used in the first DT to determine No split,
Indeterminate Space, or Split. (b) 𝑇3 and 𝑇4 are used in the second DT to determine
Vertical Split, Indeterminate Space, or Horizontal Split.

Fig. 8. Relationship between the threshold values of Indeterminate Space, BDBR
increase, and time reduction (TR) at block size 16 × 16 and QP value 22 on all test
sequences.

3.4. Indeterminate space

As analyzed in the introduction, one disadvantage of DT-based
methods is the local optimum problem, particularly in a decision
process that uses multiple DTs. The error decision in the former DT
will be propagated to the subsequent DTs, resulting in a significant
performance decrease. To this end, we introduce the Indeterminate
Space. Samples difficult to decide typically fall into this Indeterminate
Space and we directly go through the RDO process for decision. In this
way, the error propagation problem can be effectively alleviated and
the coding performance can be maintained.

Specifically, we use two parameters 𝑇1 and 𝑇2 to set the Indeter-
minate Space for the first decision tree and 𝑇3 and 𝑇4 for the second
one. Samples between these two thresholds (within the Indeterminate
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Fig. 9. Visualization of partitioning results on a 64 × 64 block of sequence RaceHorses.
Table 1
Threshold Settings in relation to QP values and block sizes.

QP Threshold 16 × 16 blocks Other blocks

22

𝑇1 0.30 0.34
𝑇2 0.70 0.46
𝑇3 0.39 0.40
𝑇4 0.61 0.44

27

𝑇1 0.32 0.35
𝑇2 0.68 0.45
𝑇3 0.40 0.40
𝑇4 0.60 0.44

32

𝑇1 0.34 0.36
𝑇2 0.66 0.44
𝑇3 0.41 0.41
𝑇4 0.59 0.43

37

𝑇1 0.36 0.36
𝑇2 0.64 0.43
𝑇3 0.42 0.41
𝑇4 0.58 0.43

Space) will go through the RDO process, while samples outside will
directly follow the results of the decision tree.

The performance of our method is highly associated with the values
of these thresholds. We then conduct a comprehensive study on their
settings. As shown in Fig. 8, we investigate the BDBR increase and Time
Reduction (TR) of all test sequences for 16 × 16 blocks at Quantization
Parameter (QP) value 22. As observed, when 𝑇1 = 0.3 and 𝑇2 = 0.7, the
BDBR loss and TR strike a balanced trade-off. We can also find another
trade-off point in the figure, which can be set according to practical
requirements. Similarly, 𝑇3 = 0.39 and 𝑇4 = 0.61 are adopted in this
work for 16 × 16 blocks.

In our experiments, we find that the threshold settings are basically
correlated to not only QP values but also block sizes. After extensive
experiments, we finally set these threshold values following Table 1.
Notice the block size of 16 × 16 is specifically devised because 16 × 16
blocks are very sensitive to the threshold values.
6

4. Experiments and analysis

4.1. Settings and conditions

To evaluate the performance of our proposed PDT algorithm, we
conducted experiments on the H.266/VVC reference software VTM-
15.0. We use 18 common test sequences that are widely used in stan-
dard committees to evaluate our coding performance. These sequences
cover five classes: Class A (2560 × 1600), Class B (1920 × 1080), Class
C (832 × 480), Class D (416 × 720), and Class E (1280 × 720). We
select the first frames in PeopleOnStreet from Class A, BasketballDrive
from Class B, PartyScene from Class C, BlowingBubbles from Class D, and
Johnny from Class E as our training dataset. We follow the common test
conditions of H.266/VVC to evaluate the coding performance. The cod-
ing structure is set as All Intra under encoder_intra_vtm.cfg configuration.
We test our algorithm at QP values 22, 27, 32, and 37 of VTM-15.0 and
calculate the averaged Bjøntegaard Delta Bit Rate (BDBR) result. The
calculation method of Time Reduction (TR) is calculated as follows:

𝑇𝑅(%) = 1
4
∑

𝑖∈𝑄

𝑇𝑟(𝑖) − 𝑇𝑝(𝑖)
𝑇𝑟(𝑖)

× 100%, (18)

where 𝑇𝑟(𝑖) and 𝑇𝑝(𝑖) represent the total encoding time of VTM-15.0
and our proposed method, respectively, and Q represents the set of
QPs {22, 27, 32, 37}. The proposed method is applied to block size 32
×32, 32 × 16, 16 × 32, 16 × 16, 16× 8, and 8 × 16. Notice that all block
sizes under the same QP value share the same PDT models, which is
different from previous works that generally train a single DT model
for each block size.

Our experiments are conducted on an Intel (R) Core (TM) i7-8700K
CPU 3.70 GHz using the Microsoft Visual Studio C++ 2019 compiler
and the Microsoft open-source LightGBM.

4.2. Performance

Overall Performance. The overall performance of our proposed
method is presented in Table 2. As seen, using the proposed PDT (w/o
Intermediate Space) leads to 60.08% encoding time saving and 2.11%
BDBR loss. The introduction of Intermediate Space finally leads to
52.86% encoding time reduction with only 1.36% BDBR increase.
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Table 2
Performance comparison of the proposed algorithm and state-of-the-arts.

Class Sequence Yang’s [8] Song’s [28] Wu’s [29] He’s [34] Tissier’s [24] Li [25] Saldanha’s [20] Feng’s [26] Proposed PDT Proposed PDT
(DT) (Threshold) (SVM) (RF) (CNN+LightGBM) (CNN) (LightGBM) (CNN) (w/o Indeterminate Space) (Overall)

BDBR TR BDBR TR BDBR TR BDBR TR BDBR TR BDBR TR BDBR TR BDBR TR BDBR TR BDBR TR
(%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%)

A
PeopleOnStreet 4.18 72.52 0.68 32.00 2.26 52.98 1.16 41.72 5.01 77.06 – – 1.20 45.89 – - 2.54 64.05 1.47 53.86
Traffic 4.61 67.87 0.74 34.13 2.35 52.35 1.46 42.84 5.65 72.63 – – 1.50 47.73 – – 2.70 63.78 1.74 54.41

B

BasketballDrive 4.43 69.34 1.13 36.41 2.95 48.08 1.32 49.41 3.60 73.22 1.64 52.03 2.74 47.31 2.89 73.33 2.42 62.45 1.89 51.89
BQTerrace 2.85 64.36 0.57 31.93 1.51 49.18 0.89 39.65 5.03 73.55 1.11 45.61 0.91 38.29 2.49 72.22 1.62 58.59 1.11 49.05
Cactus 4.04 68.36 0.76 34.97 2.26 52.94 1.41 45.41 5.18 75.67 1.12 49.30 1.53 46.98 2.39 76.52 2.51 63.79 1.52 54.02
Kimono 1.73 68.27 0.55 35.51 1.17 50.58 0.96 49.26 1.51 69.58 – – 2.73 55.32 – – 1.47 64.96 0.91 56.75
ParkScene 3.47 69.07 0.62 32.82 1.75 52.93 1.17 45.49 4.13 77.92 – – 1.23 45.18 – – 1.93 63.71 1.04 52.48

C

BasketballDrill 4.87 63.77 1.01 28.45 3.54 52.87 2.23 46.55 12.30 70.02 1.62 39.29 1.87 43.52 4.03 69.41 3.93 60.55 2.38 50.73
BQMall 2.84 62.43 0.54 34.62 1.73 50.28 1.18 37.05 6.95 71.67 1.17 49.75 1.27 42.46 2.52 72.22 1.77 60.18 1.17 52.14
PartyScene 1.49 57.07 0.32 30.64 1.03 49.91 0.51 33.09 4.90 68.59 0.61 45.19 0.38 34.05 1.51 72.06 1.22 58.11 0.74 47.90
RaceHorsesC 3.31 64.13 0.61 32.27 1.91 53.58 0.97 38.91 4.48 70.58 0.96 46.44 1.02 45.20 2.00 72.89 2.00 62.75 1.21 52.25

D

BasketballPass 2.62 60.07 0.87 37.73 1.87 45.58 1.43 41.92 7.65 69.32 1.40 44.45 2.16 42.46 2.23 58.50 1.66 56.85 1.22 49.80
BlowingBubbles 2.32 58.81 0.60 32.79 1.69 49.11 1.02 36.85 6.33 68.60 0.92 41.55 0.74 39.49 1.19 53.91 1.87 54.52 1.09 46.76
BQSquare 1.55 54.86 0.23 28.93 0.75 39.92 0.49 32.24 5.17 68.67 0.74 44.48 0.20 26.82 1.32 54.75 0.96 48.89 0.55 40.44
RaceHorses 2.30 57.62 0.63 30.84 1.86 49.59 0.90 35.47 5.42 65.53 1.20 41.64 0.63 39.12 1.87 46.52 1.77 56.76 1.15 48.07

E
FourPeople 4.27 68.66 0.85 33.76 2.64 49.72 1.79 40.38 7.26 75.23 1.33 49.87 2.01 47.75 2.75 76.63 2.63 60.94 1.71 52.61
Johnny 4.25 67.21 0.96 32.29 2.77 48.26 2.02 45.08 7.34 72.51 2.32 48.15 3.37 46.56 3.94 74.87 2.63 60.48 1.90 52.15
KristenAndSara 3.54 65.76 0.69 32.30 2.41 47.53 1.88 43.88 6.62 71.49 1.76 50.46 3.04 48.07 3.08 74.87 2.35 59.47 1.65 51.23

Average 3.26 67.94 0.69 32.95 2.02 49.87 1.27 41.25 5.81 71.50 1.28 46.30 1.58 45.82 2.44 67.76 2.11 60.08 1.36 52.86
p
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Comparison with State-of-the-arts. In addition, we implement
several prevalent fast intra partition methods for comparison, includ-
ing Yang’s [8] (DT-based method), Song’s [28] (traditional threshold-
based method), Wu’s [29] (SVM-based method), He’s [34] (RF-based
method), and Saldanha’s [20] (LightGBM-based method). For fair com-
parisons, we reproduce them in VTM-15.0 under exactly the same
training and testing conditions as ours. Moreover, we compare with
state-of-the-art CNN-based solutions including Tissier’s [24], Li’s [25],
and Feng’s [26]. For Tissier’s work, we utilize the code and models
released by its website2 to reproduce results. For the other two CNN-
based methods, since not all their code and models are unavailable at
this moment, we directly use results in their papers for comparison.

As shown in Table 2, Yang’s method [8] saves encoding time as
large as 67.94%, but the loss of coding efficiency is also increased to
3.26%. Song’s method [28] achieved the least loss (0.69%) and the
time saving is also very limited (only 32.95%). This occurs because
their method is only applied to 16 × 16 and 32 × 32 blocks. For Wu’s
method [29], it saves 49.87% encoding time with as large as 2.02%
loss. He’s method [34] optimizes the loss to 1.27% but the time saving
is decreased to 41.25%. Relatively, the proposed PDT is more advanced:
with comparable BDBR loss to Wu’s (2.11% vs. 2.02%), we save more
encoding time (60.08% vs. 49.87%); it is a similar case when compared
with He’s method: with the similar BDBR loss (1.36% vs. 1.27%), the
proposed PDT saves more time (52.86% vs. 41.25%). In comparison
to Saldanha’s method [20], our method saves more encoding time
(52.86% vs. 45.82%) but a smaller BDBR loss (1.36% vs. 1.58%).

Concerning the CNN-based solutions, although Tissier et al. [24]
reduce 71.50% processing time, the resulting BDBR loss is as large as
5.81%. The BDBR loss of Feng’s [26] is also very high. Compared with
Li’s work [25], our method leads to higher time reduction but a smaller
BDBR increase, e.g., in most Class C and D sequences.

Feature Importance. Furthermore, the important degree of fea-
tures used in the two decision trees is assessed by their LightGBM
models, including gradient, variance, contrast, entropy, and block in-
formation (width and height), as presented in Fig. 10. It is observed
that features such as block information, gradient, and variance are of
crucial importance in both decision trees. Additionally, the contrast
feature exhibits a higher level of significance in the first decision tree
compared to the second one.

Partition Visualization. Fig. 9 visualizes the partition results of
different methods on the same 64 × 64 block of sequence RaceHorses.
It is observed that our partition results are highly close to that of VTM-
15.0, which is consistent with our performance. Yang’s [8], Wu’s [29],
Tissier’s, and Saldanha’s methods exhibit quite different partition re-
sults from VTM-15.0, demonstrating their inaccuracy in the decision

2 https://github.com/Souhailkudo/VTM_intra_CNN_LGBM_patch.
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Fig. 10. Importance of various features in the two decision trees.

rocess. He’s [34] partition is not aligned with VTM-15.0 in regions
ith vivid textures, e.g., the number ‘‘3’’ in the visualized frame. Notice

hat the partition results of Song’s [28] algorithm are also very similar
o that of VTM-15.0 because they only predict CU partition for 16 × 16

and 32 × 32 blocks.

.3. Ablation study

Paired Decision Trees. In this ablation study, we conduct ex-
eriments on each decision tree to evaluate the coding performance.
he results are shown in Table 3. It is observed that using only the
irst decision tree saves 11.68% runtime with only 0.11% BDBR loss
hile using only the second decision tree leads to a 40.60% runtime

eduction, accompanied by a 0.90% increase in BDBR. Overall, when
oth decision trees are combined, i.e., the proposed paired decision
rees method, it attains an impressive 52.86% reduction in processing
ime while incurring a modest 1.36% BDBR loss.
Threshold Settings in Indeterminate Space. In addition, we adopt

nified thresholds for 𝑇1, 𝑇2, 𝑇3, and 𝑇4 in Fig. 7 regardless of QP
alues to assess the coding performance. Specifically, the threshold
ettings of QP 32 (see Table 1) are used to test all QPs. Results in
able 4 demonstrate that the use of unified thresholds has no impact on
he runtime. However, it does introduce a minor BDBR increase (from
.36% to 1.41%). Thus, the use of unified thresholds can be considered
or practical simplicity without significantly affecting performance.

. Conclusion

This paper proposed Paired Decision Trees for H.266/VVC fast intra
artition. Existing works generally use several decision tree models

https://github.com/Souhailkudo/VTM_intra_CNN_LGBM_patch
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Table 3
Ablation on each decision tree of proposed method.

Class Sequence First decision tree Second decision tree

BDBR TR BDBR TR
(%) (%) (%) (%)

A PeopleOnStreet 0.15 12.62 0.94 41.19
Traffic 0.12 11.49 1.14 41.59

B

BasketballDrive 0.05 11.80 1.37 38.08
BQTerrace 0.05 9.35 0.80 38.14
Cactus 0.09 11.55 1.05 42.40
Kimono 0.06 10.80 0.54 39.74
ParkScene 0.11 13.41 0.69 39.14

C

BasketballDrill 0.32 14.94 1.58 39.09
BQMall 0.11 10.02 0.79 44.21
PartyScene 0.03 7.67 0.51 39.50
RaceHorsesC 0.03 9.70 0.86 42.24

D

BasketballPass 0.04 12.80 0.81 42.77
BlowingBubbles 0.11 9.31 0.75 39.23
BQSquare 0.07 9.52 0.34 32.55
RaceHorses 0.02 7.51 0.76 39.00

E
FourPeople 0.20 11.96 1.10 42.80
Johnny 0.21 13.95 1.23 40.99
KristenAndSara 0.14 13.22 0.98 41.69

Average 0.11 11.68 0.90 40.60

Table 4
Ablation on the threshold setting of indeterminate space.

Class Sequence Proposed PDT Unified thresholds

BDBR TR BDBR TR
(%) (%) (%) (%)

A PeopleOnStreet 1.47 53.86 1.65 53.40
Traffic 1.74 54.41 1.74 53.97

B

BasketballDrive 1.89 51.89 1.81 55.53
BQTerrace 1.11 49.05 1.10 51.52
Cactus 1.52 54.02 1.46 54.87
Kimono 0.91 56.75 0.88 54.93
ParkScene 1.04 52.48 1.26 52.25

C

BasketballDrill 2.38 50.73 2.73 50.88
BQMall 1.17 52.14 1.15 52.07
PartyScene 0.74 47.90 0.73 47.68
RaceHorsesC 1.21 52.25 1.19 51.79

D

BasketballPass 1.22 49.80 1.22 50.18
BlowingBubbles 1.09 46.76 1.03 46.75
BQSquare 0.55 40.44 0.51 41.32
RaceHorses 1.15 48.07 1.08 47.56

E
FourPeople 1.71 52.61 1.88 55.57
Johnny 1.90 52.15 2.25 51.85
KristenAndSara 1.65 51.23 1.66 53.36

Average 1.36 52.86 1.41 53.25

to recursively eliminate the low-probability mode, leaving the last
partition mode as the selected one. This process requires calling the
decision tree models multiple times, resulting in a long inference time.
On the other hand, it easily leads to the local optimum since parti-
tion errors in the previous steps will be propagated to the following
steps and trigger error accumulation. To address this issue, this work
proposed a Paired Decision Trees method, using two decision trees for
partition determination. Specifically, we remodel the partition flow to
two steps, and assign a decision tree to each step: the first decision
tree determines whether to divide the current CU or not, and the
second decision tree further determines whether to horizontally or
vertically divide the CU. Moreover, we propose the Indeterminate Space
to deal with those difficult-to-decide samples, for which RDO is applied
8

for finetuning. Extensive experiments confirm the effectiveness of the
proposed method, it saves 52.86% encoding time with only 1.36%
BDBR loss compared with the H.266/VVC reference software VTM-
15.0, significantly outperforming state-of-the-art works. Our partition
results are consistently much closer to that of VTM-15.0.

Currently, the thresholds for Indeterminate Space are manually
configured for various block sizes and QP values. The precision of
these thresholds could be potentially enhanced by establishing a direct
relationship between content features and QP values. This will be
studied in our future work.
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