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Abstract—Among the new techniques of Versatile Video Coding
(VVC), the quadtree with nested multi-type tree (MTT) block
structure yields significant coding gains by providing more flexible
block partitioning patterns. However, the recursive partition search
in the VVC encoder increases the encoder complexity substantially.
To address this issue, we propose a partition map-based algorithm
to pursue fast block partitioning in inter coding. Based on our
previous work on partition map-based methods for intra coding,
we analyze the characteristics of VVC inter coding and improve
the partition map by incorporating an MTT mask for early
termination. Next, we develop a neural network that uses both
spatial and temporal features to predict the partition map. It
consists of several special designs, including stacked top-down and
bottom-up processing, quantization parameter modulation layers,
and partitioning-adaptive warping. Furthermore, we present a
dual-threshold decision scheme to achieve a fine-grained trade-off
between complexity reduction and rate-distortion performance
loss. The experimental results demonstrate that the proposed
method achieves an average 51.30% encoding time saving with
a 2.12% Bjontegaard-delta-bit-rate under the random access
configuration.

Index Terms—Block partitioning, convolutional neural network,
inter coding, partition map, quadtree plus multi-type tree, versatile
video coding.

I. INTRODUCTION

ITH the development of display technology, the de-

mand for compressing high-resolution videos has in-
creased significantly. To address this requirement, the Joint
Video Experts Team (JVET) developed Versatile Video Coding
(VVC) [1]. Among all the various new technical aspects intro-
duced by VVC, the quadtree plus multi-type tree (QT+MTT)
block partitioning structure has been identified as one of the
most significant changes compared with the High Efficiency
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Video Coding (HEVC) standard [2], [3]. Specifically, the JVET
test software (JEM) adopted quadtree plus binary tree (QTBT)
as the block partition structure to adapt to the characteristics of
various texture patterns [4]. The VVC test model (VTM) further
enhances the QTBT by introducing two ternary partition modes,
enabling more flexible coding unit (CU) partition patterns. How-
ever, it significantly amplifies encoder complexity, as the optimal
CU partition is determined through a brute-force rate-distortion
optimization (RDO) search in the VTM. Specifically, VIM in-
creases 617% encoding runtimes under RA condition compared
to the HEVC model (HM) in default settings [5]. Therefore, it
is necessary to accelerate the VVC encoder while preserving a
desirable coding efficiency.

Considerable effort has been devoted to reduce the en-
coding complexity of VVC intra and inter coding, includ-
ing handcrafted feature-based methods [6], [7], [8], [9], [10],
[11], [12], [13], [14], [15], [16], [17] and neural network-
based approaches [18], [19], [20], [21], [22], [23], [24], [25],
[26], [27], [28]. By utilizing effective partition representations,
neural network-based methods achieve higher acceleration ra-
tios with lower compression loss in VVC intra coding compared
to other approaches. However, in contrast to the progress in in-
tra coding, the reduction of inter coding complexity still leaves
room for improvement. Specifically, fast block partitioning al-
gorithms for VVC inter coding can be enhanced at three aspects:
(1) developing an effective representation of the QT+MTT par-
tition structure that reflects the characteristics of inter coding,
(2) designing a neural network capable of modeling the complex
relationship between pixel-level features and block partitioning
in inter coding, and (3) implementing a flexible post-processing
algorithm to balance network predictions with the recursive par-
tition search process in a fine-grained manner.

In this paper, we propose a partition map-based algorithm to
pursue fast block partitioning in VVC inter coding. Building
on our previous work in VVC intra coding [23], we extend this
approach to VVC inter coding through three key aspects: rep-
resentation, neural network architecture, and post-processing.
For the representation, we analyze the characteristics of VVC
inter coding and enhance the partition map by introducing an
MTT mask to enable early termination of unnecessary MTT
splits. Regarding the neural network architecture, we pro-
pose a coarse-to-fine prediction framework for predicting the
improved partition map. To simulate the partition search pro-
cess of inter coding, we design several novel modules, such as
the slice quantization parameter (QP) modulation layer, which
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adapts to varied compression qualities across frames, and the
partitioning-adaptive warping to simulate motion estimation.
Unlike previous designs, we elevate the QT depth map prediction
from the CTU level to the frame level, thereby leveraging global
motion cues. However, ensuring the compliance of the prediction
results with the partitioning rules remains an unresolved chal-
lenge, particularly for frame-level predictions. To address this,
we employ a repeated bottom-up, top-down inference process
with stacked hourglass blocks as the backbone. This approach
enhances prediction accuracy and ensures that the predictions
adhere to the partitioning rules, referred to as local consistency,
through iterative refinement of intermediate predictions. For the
post-processing, we introduce a dual-threshold decision scheme
that balances complexity reduction with RD performance loss.
Experimental results show that the proposed method reduces
VVC inter coding time by 51.30%, with only a 2.12% increase
in Bjgntegaard-delta-bit-rate (BDBR) based on JVET common
test sequences [29], outperforming existing approaches. In sum-
mary, the main contributions of this paper are as follows:

® We enhance the partition map to efficiently represent the

QT+MTT partition structure in VVC inter coding by in-
troducing the MTT mask.

¢ Inspired by the partition search process in inter coding,

we design a novel neural network that predicts the par-
tition map in a coarse-to-fine manner. The network incor-
porates several new modules, including repeated top-down
and bottom-up processing, a partitioning-adaptive warping
module, and a QP modulation layer, among others.

® We present a dual-threshold decision scheme to achieve a

fine-grained trade-off between complexity reduction and
RD performance degradation, facilitated by the introduc-
tion of the MTT mask.

The rest of the paper is organized as follows: Section II briefly
reviews fast block partitioning algorithms of the VVC and pre-
vious standards. Section III presents the improved partition map
based on the statistics of block partitioning results for VVC
inter coding. Section IV introduces the proposed network archi-
tecture. Section VI provides detailed experimental results, in-
cluding ablation studies on key techniques. Lastly, Section VII
concludes the paper and discusses limitations.

II. RELATED WORK

In this section, we briefly review the previous fast block par-
titioning algorithms used in HEVC and VVC standards.

A. Fast Block Partitioning Algorithms for HEVC Standard

Before VVC, HEVC has been widely adopted in practi-
cal scenarios. Thus, numerous techniques are employed to re-
duce the complexity of the QT partition search of HEVC in
both intra coding and inter coding. Regarding intra coding of
HEVC, the relevant methods can be classified into two cate-
gories: heuristic methods [30], [31], [32], [33], [34] and neural
network-based methods [35], [36], [37]. For heuristic methods,
researchers [30], [31], [32], [33], [34] utilized the intermedi-
ate characteristics of the current CU and the spatial correla-
tions with neighboring CUs to early terminate the unnecessary
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partition search. After this, researchers focused on the
effective representation of partition search and predicted it with
deep neural networks. For instance, Liu et al. [35] proposed
a VLSI-friendly fast algorithm using convolutional neural net-
works (CNN). Xuetal. [37] proposed an early-terminated hierar-
chical CNN for learning to predict the hierarchical CU partition
map. Tissier et al. [36] proposed a probability vector for each 64
x 64 CU to speed up block partitioning. Feng et al. [38] used
the depth map to represent the block partition of a CTU and
designed a CNN to predict the depth map.

In HEVC inter coding, researchers explored temporal fea-
tures to early-terminate the redundant partition searches. Correa
et al. [39] extracted intermediate data and built three sets of
decision trees. Zhang et al. [40] designed a three-output joint
classifier considering nine features relevant to CU depth deci-
sion. Zhu et al. [41] proposed a binary and multi-class SVM
algorithm to predict both the CU partition and PU mode with an
offline-and-online machine learning mechanism. Xu et al. [37]
proposed an early-terminated hierarchical long- and short-term
memory network to learn the temporal correlation of the CU
partition.

B. Fast Block Partitioning Algorithms for VVC Standard

With the introduction of the QT+MTT structure, VVC pro-
vides more flexible partitioning patterns compared to HEVC,
but it also significantly increases encoding time. To address this,
various approaches have been developed to speed up the VVC
encoding process for both intra and inter coding.

For intra coding of VVC, earlier work focused on
handcrafted feature engineering for fast block partition-
ing [6], [7], [8], [9], [10], [11], [12], [13], [8]. Notably, Sal-
danha et al. [13] proposed a configurable light gradient boosting
machine that uses effective texture, coding, and context fea-
tures to predict the best partition type. After this, researchers
attempted to model the QT+MTT structure in effective repre-
sentations and predict them using powerful neural networks.
For instance, Galpin et al. [19] modeled the CU boundaries as
a single vector, and designed a convolutional neural network to
predict the vector in a bottom-up manner. Li et al. [20] cate-
gorized all possible CU sizes into six stages and designed an
MSE-CNN to determine the CU partition. Wu et al. [21] de-
vised a hierarchy grid map to represent the QT+MTT structure
and proposed HG-FCN to predict it in a stage-wise top-down
manner. Park et al. [28] proposed a lightweight neural network
that decides whether to terminate the nested TT block structures
following a quadtree, based on both explicit and derived VVC
features. Tissier et al. [22] proposed a decision tree model to
predict the probabilities at each block of the entire CTU. Feng
et al. [23] formulated the QT+MTT structure as a partition map
and designed a Down-Up-CNN to predict it.

Regarding inter coding of VVC, fast block partitioning algo-
rithms can also be categorized into heuristic [14], [15], [16] and
learning-based [17], [24], [25], [26], [27] methods. For heuris-
tic methods, Wieckowski et al. [14] introduced some practical
tools, such as split cost-based early-termination, content-based
gradient speed-up, and residual-based TT split prohibition, etc.
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Fig. 1. (a) Partition results of the I-Slice and B-Slice. (b) Partition depths of the two slices. The red solid lines are the boundaries of CTUs. The darker colors

signify deeper partition depths. (¢) Changes in the Proportion of Pixels Associated with Different CU Sizes in VVC Inter-Slice Compared to Intra-Slice.
Each square indicates a certain size of CUs, with their height and width marked on the left and top. “N/A” indicates not available

Besides, Huang et al. [16] implemented a scheme that allowed
for precisely accelerating the encoding process within one pass.
For learning-based methods, most research has focused on ex-
ploiting temporal motion features with deep learning tools.
Amestoy et al. [17] introduced the first complexity reduction
for the VTM reference software in the inter coding configura-
tion using random forest classifiers. Pan et al. [24] proposed a
CNN scheme by fusing features extracted from the luma compo-
nent, residue, and motion field. However, their approach could
only handle a subset of CUs, which limited the acceleration ra-
tio. Then, Tissier et al. [25] utilized MobileNetV2 [42] as the
backbone, which took the current CTU and reference CTUs as
input, and predicted a vector that represents all possible CTU
partition structures. Furthermore, Peng et al. [26] modeled the
structure as a partition homogeneity map (PHM), outperforming
the previous work considering the trade-off between complexity
reduction and RD performance loss. However, the PHM lacked a
tunable complexity reduction mechanism for fast QT+MTT par-
titioning decisions, which limited the application scenarios. In
conclusion, by utilizing effective partition representations, neu-
ral network-based methods achieved a higher acceleration ratio
with lower compression loss compared to other approaches.

III. REPRESENTATION OF THE PARTITION STRUCTURE

In this section, we explore the differences between the par-
tition results of VVC intra and inter coding, and then enhance
the partition map by integrating early-termination mechanisms
based on the statistical analysis.

A. Observations on Partition Results

To investigate the differences in block partitioning between
VVC intra and inter coding, we compress the JVET test se-
quences using VIM-20.0 at various quantization parameters
and analyze the differences in CU size distribution between in-
tra and inter coding. Taking BasketballDrive_1920x 1080 as an
example, Fig. 1(a) shows the partition results for the first two

frames, i.e., an I-Slice and a B-Slice. While the visual content is
similar, CUs in B-Slices tend to be split more coarsely than
those in I-Slices, especially since early-terminated CTUs are
common in B-Slices but rare in I-Slices. Furthermore, we ana-
lyze the proportions of pixels associated with different CU sizes
between VVC intra and inter coding, and present the changes in
Fig. 1(b). Each square represents a certain size of CUs, with their
height and width marked on the left and top. Negative values in
blue indicate a decrease in the proportion of pixels belonging to
CU sizes in the inter-slice compared to the intra-slice, whereas
positive values in orange signify an increase in proportion. The
statistics show that the proportion of pixels associated with 128
x 128 CTUs increases significantly in inter coding compared to
that in intra coding.

B. The Improved Partition Map

The partition map is a complete representation of the
QT+MTT structure for intra coding [23], as shown in Fig. 2.
It comprises a QT depth map, three MTT depth maps, and three
MTT direction maps. It can be mutually converted with the
QT+MTT partition tree. Specifically, a single QT depth map
represents the QT partition, where the depth value indicates the
number of QT partitions [38]. MTT depth maps build upon the
QT depth map by further adding depth values, corresponding
to MTT nodes as child nodes of QT nodes or root nodes in
the partition search. When a node is split using a Binary Tree
(BT), the depth increases by 1, and for a Ternary Tree (TT), the
depth of the middle child node increases by 1, while the depth of
the two end nodes increases by 2, considering consistency with
depth and granularity of partition. However, depth maps alone
are not sufficient, thus, direction maps are designed to construct
a complete representation. In particular, each layer of the MTT
direction maps operates independently and aligns with the MTT
depth map. When a CU is horizontally split, the corresponding
value in the MTT direction map is set to 1. The value is set to
—1 when a CU is vertically split. Otherwise, the value is set
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Fig. 2. An example of the improved partition map. The original partition
map includes three components: QT depth map, MTT depth map, and MTT
direction map. It can be converted back and forth with the multi-tree represen-
tation. To represent the coarse partition results of inter coding, we introduce an
MTT mask that indicates whether or not early terminating MTT splits.

to 0. Thus, a partition map with four layers can be utilized to
represent any QT+MTT partition tree. Note that multiple accel-
eration levels are achieved with the hierarchical representation,
which is important in realistic scenarios.

Although the partition map provides a complete representa-
tion of the QT+MTT structure, its direct application in VVC
inter coding may not be suitable. To adapt the representation
to the coarse partition, we introduce a new trade-off flag called
the MTT mask, which is associated with the QT depth map
and indicates early terminating MTT splits for CTUs. Specifi-
cally, when the QT nodes or root nodes stop further splitting,
the MTT mask is set to false; otherwise, it is set to true. Thus,
the improved partition map consists of the QT depth map, MTT
depth/direction map, and MTT mask. The new representation
provides two benefits over the previous one, from both the neural
network architecture and post-processing perspectives. On the
one hand, it effectively models the coarse block partitioning in
inter coding, thereby dynamically avoiding the redundant com-
plexity of network inference. On the other hand, by utilizing the
MTT mask, a more flexible trade-off between complexity and
coding efficiency can be achieved through an appropriate RDO
acceleration strategy.

IV. NEURAL NETWORK ARCHITECTURE

In this section, a neural network is developed to predict
the partition map in a coarse-to-fine manner, where higher-
resolution inputs correspond to the partitioning of smaller
blocks. The detailed architecture is shown in Fig. 3 and includes
the QT depth map, MTT mask, and MTT depth/direction map
prediction.

Notations: Let I, I, and I,._ denote the luma components
of the current frame, the most recent forward reference frame,
and the most recent backward reference frame, respectively. If
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the backward reference frame is missing, the forward reference
frame is replicated as the backward reference frame. The su-
perscripts ' and ” indicate bilinear downsampling by factors of
two and four, respectively. Moreover, @, M, M D, and M Dir
represent the QT depth map, MTT mask, MTT depth map, and
MTT direction map, respectively.

A. QT Depth Map Prediction

We extract the spatial-temporal features from the luma com-
ponent {1, I, I_}, and then feed them into the QT Net to
predict the QT depth map.

1) Spatial-Temporal Feature Extraction: Given that block
partitioning is relevant to both the content of the current frame
and the temporal relationship between the reference frames and
the current frame, we separate the input frames into two data
groups: {I', I}, } and {I/', I;’_}, and then extract features sepa-
rately. Taking the group {1/, I}’ } as an example, the optical flow
from I/ to I, , denoted as V" is fed into a feature extraction
module to obtain the motion features. Additionally, I — I},
and I/ are also fed into similar modules to obtain the residual
and appearance features, respectively.

In this process, the optical flow is estimated by a lightweight
optical flow network called SpyNet [44], which is fine-tuned on
the motion vector field derived from the VIM encoder. Tang
et al. [45] pointed out that this enhanced optical flow exhibits
better visual recovery of sharp motion boundaries and regions
with rich details compared to SpyNet pre-trained on synthetic
data, e.g., Sintel Dataset. Moreover, we employ a widely used
full convolutional network [43] as the feature extraction module.
This network comprises several 2D convolutional and asymmet-
ric convolutional layers, leveraging the directional characteris-
tics captured by asymmetric kernels.

2) QT Net: After obtaining the motion, residual, and appear-
ance features, we concatenate them along the channel dimension
and input the concatenated features into the QT Net. The detailed
structure of the QT Net is illustrated in Fig. 4. Specifically, it
comprises three stacked compression-aware sub-networks with
top-down and bottom-up processing, and outputs three interme-
diate QT depth maps {Qo, @1, Q2 }. During training, we com-
pute the L1 loss between the three maps and the ground truth
map, while only the final prediction Q)5 is used during testing.
Such repeated top-down and bottom-up processing enhances the
local consistency of the results through progressive prediction,
which refers to the adherence of the predicted results to the
quadtree partitioning rules.

The structure of each QT sub-network is depicted in Fig. 4,
which includes three key components: the hourglass block,
the quantization parameter modulation layer, and the Guided
CNN. Within each sub-network, the input feature, denoted as
Fi, is initially processed by the hourglass block [46] to gen-
erate features Fj,. The hourglass block efficiently integrates lo-
cal and global cues through top-down and bottom-up process-
ing [46], [47]. Next, a quantization parameter modulation mech-
anism is introduced to facilitate compression-aware prediction.
Specifically, F}, undergoes channel-wise global average pooling
(GAP) and is then combined with the embedding of the target
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Structure of the proposed neural network. It takes the luma component of the current frame /. and the two nearest reference frames I, and I,

as input, and outputs the predicted partition map. At each layer, the three input frames are divided into two data groups {I., I, +} and {I., I,,.—}. These groups
are then individually processed to extract motion features, residual features, and appearance features. The extracted features are concatenated and fed into neural
network modules to predict partition maps in a coarse-to-fine manner. “AsyConv” refers to 2D asymmetric convolution [43]. For convenience, only data group

{I., I~} is shown in the figure.
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Fig.4. Structure of the QT Net. It consists of three sub-networks, generating
three intermediate QT depth maps. Each sub-network comprises an hourglass
block with a QP modulation layer and a guided convolutional layer to integrate
the targeted encoding quantization parameters and CTU boundary.

quantization parameter to generate channel attention weights,
denoted as W,. The product of Fj, and W, results in Fy,
which is modulated with the quantization parameter to adapt
to P/B frames with different Temporal IDs (TIDs). Finally,
a guided convolutional layer [48] is employed, using a bina-
rized 128 x 128 grid map as guidance to locate CTU bound-
aries. In the grid map, CTU boundaries are labeled as -1,
while other regions are labeled as 1. Thus, the sub-network
effectively incorporates both compression quality and CTU
boundaries.

B. MTT Mask Prediction

Similar to QT depth map prediction, spatial-temporal features
are first extracted from the frames {I,I,.,, I} and then fed
into the MTT mask net to predict the MTT mask probabili-
ties. The MTT mask net consists of two stacked sub-networks,
similar to the QT sub-networks, along with a softmax function.
Drawing inspiration from the relationship between block-based
motion estimation and block partitioning in VTM, we integrate
the predicted QT partition into the motion feature extraction
process to enhance MTT mask prediction.

During the inter coding of VVC, block-based motion esti-
mation (ME) and motion compensation (MC) are generally per-
formed on the assumption that the motion of pixels within a block
tends to be uniform [49]. This assumption makes the motion field
easy to represent with low complexity in a block-based cod-
ing framework. To align with this hypothesis, we introduce the
partitioning-adaptive warping (P-warp). It enables partitioning-
adaptive motion compensation using the predicted QT depth
map, as shown in Fig. 5. This capability empowers the MTT
mask Net to effectively handle the result of temporal alignment
achieved by the QT Net.

The pipeline for the P-warp is shown in Fig. 5. Unlike the
standard warping operation, it first transforms the original opti-
cal flow V into the partitioning-adaptive optical flow V), using
the predicted QT depth map @, as follows:

3
Vo= Uk oDu(V)) 0 K ([Q] = k), (M

k=0
where ¥ (-) denotes the element-wise indicator function that
outputs 1 when the condition is met and 0 otherwise, [-] in-
dicates a rounding operation, and Dy, and U}, represent average
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Aligned
Residue

Fig. 5. Pipeline of the proposed partitioning-adaptive warping (P-warp).
This operation estimates block-based motion compensation in inter coding
through partitioning-adaptive optical flow V},. Here, I., I, @, V/, and @ rep-
resent the current frame, the reference frame, the predicted QT depth map, the
predicted optical flow, and warping operations, respectively.

pooling and nearest up-sampling operations with a stride of k, re-
spectively. The symbol ® denotes element-wise multiplication.
Then, we use V), to warp the reference frame I,. to the current
frame I., and the aligned residuals are computed as the output of
the P-warp. Compared to directly calculating the aligned resid-
ual using V/, the aligned residual obtained from V), reflects the
ability of the predicted QT depth maps to reduce temporal redun-
dancy, thereby promoting the subsequent network to recognize
areas that require further partitioning.

Given that the predicted QT depth map consists of floating-
point values, we use a linear relationship to estimate the soft
version of (1) during the training process, as follows:

V=Y (@-1@nove

k=0
+([QI-QovP) oK k<Q<k+1), @

where | | and | | represent the floor and ceiling operations,
respectively, and V' (*) = 14}, o Dy, (V) denotes the partitioning-
adaptive optical flow with a specific granularity. For instance,
if the predicted QT depth value @ is 1.2, then during test-
ing, V,, equals V() according to (1), which corresponds to
the motion vector for a 64 x 64 CU granularity. During train-
ing, the estimated motion vector for that block is computed as
0.8 x V(Y 40.2 x V2 based on (2). Notably, the predicted
QT values are close to integers due to the repeated top-down
and bottom-up processing in QT Net, thereby reducing the gap
between training and testing processes.

C. MTT Depth/Direction Map Prediction

Similar to MTT mask prediction, spatial-temporal features
are first extracted from the frames {I., I, 1, I,_} and divided
into patches that correspond to CTUs. The less informative CTU
patches are discarded based on the predicted MTT mask, thereby
reducing the inference cost of predicting MTT depth/direction
maps during testing, as shown in Fig. 3. Lastly, the retained
CTU-level features are processed by MTT Net, which employs
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Fig. 6. Structure of the MTT Net. It employs a similar architecture to the
Down-Up CNN [23], which is used for partition map prediction in VVC intra
coding. The module takes a CTU-level feature map as input and progressively
outputs the probabilities of MT depth/direction maps.

a down-up architecture to predict the probabilities of MTT
depth/direction maps.

The structure of the MTT Net is depicted in Fig. 6. It em-
ploys a similar architecture to the Down-Up CNN [23], which is
used for partition map prediction in VVC intra coding. The net-
work consists of two identical branches that separately predict
the MTT depth map and direction map. Focusing on the depth
map, the network employs three branches to progressively pre-
dict three layers of the MTT depth map, namely B, Bs, and
Bj. Specifically, the By branch predicts the first layer of the
MTT depth map, MDy, with three stacked sub-networks: MTT
sub-netl, sub-net2, and sub-net3. The By branch takes the out-
puts from MTT sub-net2 as input to predict the second layer
of the MTT depth map, MD;, where MDj functions as an at-
tention map. Similarly, the B3 branch takes the outputs from
MTT sub-netl as input to predict the final layer of the MTT
depth map, MD,, where MD; serves as an attention map. Each
sub-network adopts a structure similar to the QT sub-network,
as shown in Fig. 4. This Down-Up structure facilitates recursive
partition search and enables the generation of deeper outputs
from shallower features, corresponding to detailed features with
finer granularity.

D. Loss Function

To train the proposed neural network, we use different loss
functions for different parts of the network. For QT depth map
prediction, we utilize the L1 loss with intermediate supervision,
defined as:

1< ~
Lop =3 L1(Qi—Q), 3)
1=0

where (); denotes the QT depth map predicted by the i-th QT
sub-net, and @) represents the QT depth map labels. For predict-
ing MTT mask, MTT depth map, and MTT direction map, we
employ cross-entropy loss, expressed as:

Lyask = Lor(pu, M% “4)
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3
1 " —
Luo = 3 Y Low (P, AMD,) 5)
n=1
3
1 n) =
Lawir = 5 ; Lce(pid, M Dir,), (6)

where pps, pvmp, and pvpir represent the predicted probabili-
ties of MTT mask, MTT depth map, and MTT direction map,
respectively, while M, , M\D/, and M Dir denote their corre-
sponding label values. Here, Aﬁl/)n indicates the difference
between the n-th layer of the MTT depth map and the (n — 1)-th
layer depth map. The MTT mask label M is set to false if
every element of the predicted QT depth map @ is greater
than or equal to the corresponding elements of M Dy, and true
otherwise:

~ 0, ifQ =MD
M — y 1 Q - . 05 (7)
1, otherwise.

Here, -~ denotes the element-wise “greater than or equal to ev-
ery” operation between two matrices. The total loss function is
the sum of all losses, as follows:

L = Laop + Lyvask + Lnvp + Lvbir- (8)

V. POST-PROCESSING ALGORITHM

This section introduces a post-processing algorithm devel-
oped for the improved partition map. Similar to various existing
methods that predict a CTU or large CU partition as a whole [21],
[23], [38], [19], a post-processing algorithm is necessary to gen-
erate a partition structure in accordance with the VVC standards.
Moreover, we propose a dual threshold decision scheme that
enables a flexible trade-off between complexity reduction and
coding efficiency.

A. Map Tree-Based Post-Processing Algorithm

Given the predicted partition map, we apply the map tree-
based post-processing algorithm proposed in [23] to generate a
set of standard-compliant split mode decisions. The algorithm
includes two stages. In the first stage, a depth-first search order is
used to retrieve all possible partition structures starting from the
root node, generating a collection of candidate partition maps.
Thus, each node maintains a temporary partition map named
the map tree. From the recorded map trees, multiple candidate
partition paths can be derived. In the second stage, a predefined
criterion is used to select the partition path with the least error
from the candidates. Specifically, the corresponding criterion is
as follows:

Error = ||[MD; — MD,[carMTTdepth]||,
+ || M Diry — M Dir,[curMTTdepth]||,  (9)

where M D; and M Dir, are the temporal partition layer of
the MTT depth map and direction map, respectively, and
M Dy [curMTTdepth] and M Dirp[curMTTdepth| are the cur-
rent partition layer of the predicted MTT depth map and direc-
tion map. Although originally designed for CTUs with a shape of

IEEE TRANSACTIONS ON MULTIMEDIA, VOL. 28, 2026

Non-split
modes
MTT split
Network modes
Prediction

Non-split
modes

Next Depth

Fig. 7. Flowchart of the dual threshold decision scheme. When the current
decision depth D is not larger than the maximum depth Dp,x, and the current
QT depth Q. is not less than the predicted QT depth @, the dual-threshold
approach is performed to balance network prediction and RDO search. pjs
denotes the predicted probabilities of the MTT mask. The “Next Depth” indicates
the progression towards deeper levels of partitioning, given a recursive pipeline
of the RDO. The modules marked in gray require mode checking.

64 x 64, this algorithm can be easily extended to partition maps
corresponding to CTUs with a shape of 128 x 128 for VVCinter
coding, thereby providing a set of standard-compliant partition
mode decisions.

B. Dual Threshold Decision Scheme

Although the four layers of the partition map enable four lev-
els of acceleration, a fine-grained trade-off is required between
complexity reduction and coding efficiency in practical scenar-
i0s. Additionally, since the neural network’s predictions are not
always accurate, incorrect decisions during the encoding pro-
cess, particularly in context-sensitive inter coding, can result in
a significant degradation in RD performance. To address these
issues, based on the softmax value of the predicted MTT mask,
we propose a dual threshold decision scheme that introduces
a flexible trade-off between the neural network’s predictions
and the recursive RDO search, as shown in Fig. 7. Specifically,
we set a lower threshold th; to early-terminate the MTT split
mode for CTUs with softmax values below this threshold thy. If
the softmax value exceeds thy, we treat the softmax value as a
confidence score and introduce a higher threshold ths. For soft-
max values lower than ths, the CTUs perform the default RDO
search; otherwise, the CTUs with higher softmax values follow
the split decisions predicted by the neural network. By adjusting
both thresholds, we can avoid too much RD performance degra-
dation while maintaining high encoding time savings. Note that
the scheme does not involve QT partition acceleration, as the
RD loss resulting from accelerated QT partitions is negligible
in practice.
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VI. EXPERIMENTS

In this section, we evaluate the effectiveness of our approach.
Part VI-A presents dataset construction and configurations. The
performance of the proposed methods is evaluated in VI-B. We
then perform ablation studies on key techniques in VI-C. More-
over, we discuss adaptation to extended basic QPs and threshold
selection in VI-D and VI-E, respectively. Lastly, we analyze the
complexity of the proposed method in VI-F.

A. Configuration and Settings

Dataset Construction: We established a large-scale train-
ing dataset for the proposed neural network. Firstly, we col-
lected 2,672 sequences from widely recognized 4 K sequence
datasets, including the BVI-DVC dataset [50], the Tencent Video
Dataset [51], and the UVG dataset [52]. These sequences were
processed into short sequences of 32 frames across different
resolutions, including 3840 x 2160, 1920 x 1080, 960 x 544,
and 480 x 272. Next, we used VIM-10.0 to compress these
sequences with the random access configuration defined by the
encoder_randomaccess_vtm_gop32.cfg settings [53] at four ba-
sic QPs: {22, 27, 32, 37}, with an intraperiod of 32. Lastly, we
obtained block partitioning results and converted them into par-
tition maps. During the dataset construction, several fast tools
defined in the configuration file were disabled to ensure an ac-
curate block partitioning structure.

Training Configuration: We use the entire frame as input and
train the neural network for a total of 1,200 epochs. The train-
ing process is divided into two stages. In the first stage, we
progressively train the modules for QT depth map prediction,
MTT mask prediction, and MTT depth/direction map predic-
tion, requiring 500, 300, and 300 epochs, respectively. During
this stage, the gradients of previously trained components are
frozen while training subsequent modules. The batch sizes for
4 K sequences are 160, 32, and 8, corresponding to the three
input scales. In the second stage, we jointly train the entire net-
work for 100 epochs, with the batch size for 4 K sequences set to
8. During the training process, for sequences with resolutions of
1920 x 1080, 960 x 544, and 480 x 272, the batch sizes are 4,
16, and 64 times those used for the 4K sequences, respectively.
The resolution of the input sequences is changed every 5 epochs.

All parameters are initialized using Xavier initialization [54].
The Adam optimizer [55] is used with an initial learning rate of
1 x 1073 for the first stage and 1 x 10~ for the second stage.
The learning rate is reduced by a factor of 0.98 every 10 epochs.
The entire training process takes two weeks to complete using
eight 1080Ti GPUs. Consistent with previous work [23], we
train models separately for four basic QPs: 22, 27, 32, and 37.

Evaluation Configuration: In our experiments, we integrate
the proposed method into the VVC reference software VIM-
10.0' to maintain compatibility with the state-of-the-art tunable
encoding complexity reduction approach for VVC inter cod-
ing [25]. Our method is evaluated using the first 65 frames
from 22 video sequences, based on the JVET common test
conditions [29]. The evaluation uses the random access

Thttps://vcgit.hhi.fraunhofer.de/jvet/ VVCSoftware_VTM
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configuration defined by the encoder_randomaccess_vtm.cfg
setting [53], with four basic QPs {22,27,32,37}. More-
over, we assess the method with a broader slice QP range
induced by a larger GOP size, as defined by the en-
coder_randomaccess_vtm_gop32.cfg setting. Note that the pro-
posed fast algorithm does not process I-frames and only accel-
erates the encoding of B-frames. We measure encoding perfor-
mance using the Bjgntegaard Delta Bit Rate (BD-rate/BDBR)
metric [56], comparing the proposed method to the original
VTM encoder. The reduction in complexity is evaluated using
Encoding Time Saving (ETS), defined as:

Tanchor — ﬂesl

anchor

ETS = x 100%, (10)
where Tynchor denotes the encoding time of the original VIM
encoder, and Ti. represents the total time of the accelerated
encoder, including network inference, post-processing, and en-
coding time. We also use Encoding Time Acceleration (ETA) to
represent complexity reduction at high efficiency settings, de-

fined as:
o 1 o Tunchor
B 1 —-ETS B Tlest ’

which reflects the nonlinear relationship between the marginal
savings in encoding time and encoding efficiency. Specifically,
as encoding time decreases, further reductions become increas-
ingly difficult without significant degradation in RD perfor-
mance. For example, reducing encoding time from 40% to 45%
may result in only a marginal increase in BDBR, whereas re-
ducing encoding time from 80% to 85% with the same BDBR
increase becomes progressively more challenging. Thus, at high
complexity reduction settings, the marginal savings in encoding
time become more pronounced, and ETA is more effective at
capturing this than ETS.

All evaluation experiments are conducted on a computer with
an Intel Xeon(R) CPU E5-2690@2.60 GHz and 256 GB of
RAM, running Microsoft Windows Server 2012 R2. Hyper-
threading is disabled to reduce variability in encoding time mea-
surements. GPUs are disabled during the evaluation process by
default.

ETA

Y

B. Performance Evaluation

Notations for Acceleration Levels: The proposed method
achieves tunable complexity reduction by either pruning the par-
tition map or adjusting the thresholds of the post-processing al-
gorithm. We introduce the notation used to represent different
levels of acceleration. The coarse-grained acceleration level, de-
noted as L, refers to the acceleration of partition search using
a pruned partition map, where n ranges from O to 3, correspond-
ing to the four layers of the partition map. For example, L,
converts both the QT depth map and the first layer of the MTT
depth/direction map into split decisions, allowing for early ter-
mination of redundant partition modes. The fine-grained accel-
eration level involves a dual-threshold decision scheme, which
can balance network prediction and RDO search by adjusting
the thresholds th and ths. For instance, L1 (thq, thy) indicates
that CTUs with an MTT mask prediction probability below thq
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TABLE I
COMPARISON WITH RELATED METHODS AT A LOW COMPLEXITY REDUCTION SETTING. A SMALLER BDBR (%) INDICATES LESS RD PERFORMANCE
DEGRADATION, WHILE A LARGER ETS (%) REPRESENTS MORE ENCODING TIME SAVING

Pan et al. [24] Tissier et al. [25] Peng et al. [26] Lin et al. [27] Ours L(0,1) \ Ours L,(0.2,1)

Class ‘

| | | |
\ BDBR  ETS \ BDBR ETS \ BDBR ETS \ BDBR ETS | BDBR ETS \ BDBR ETS
Al 2.98 40.97 1.81 51.10 2.01 48.10 2.36 49.75 1.29 48.32 1.47 52.78
A2 4.73 32.92 1.86 44.60 1.71 47.20 2.56 47.66 2.38 49.86 2.61 54.53
B 3.76 30.93 221 46.50 2.17 47.90 2.54 47.50 1.99 46.49 2.93 55.64
C 2.56 25.98 3.20 43.10 1.98 44.20 2.67 52.92 1.39 38.32 1.52 39.92
E 2.81 35.16 1.45 38.70 1.66 40.80 1.52 28.67 1.27 38.94 2.06 53.61
Average \ 3.37 33.19 \ 2.11 4480 | 191 45.64 \ 2.33 4530 | 1.66 44.39 \ 2.12 51.30
D \ 2.35 22.05 \ 3.02 36.80 \ 2.09 38.50 \ 2.50 41.42 | 1.78 27.37 \ 2.04 37.66
skip MTT splits; those with a probability equal to or above tho
. o @ Tang et al. [15]
follow the network decision; and the remaining CTUs undergo 3.57 -4~ Huang et al. [16]
the default RDO search. S =¥ Pan etal. [24]
We compare our method with previous fast block partitionin [E "o Tissier et al. (23] -
. P . . P p g @ 3.07 -k Pengetal.[26]
algorithms for VVC inter coding [15], [16], [24], [25], [26], [27] Q et Linetal.[271 0
under different complexity reduction settings. In the low com- 2 i gur5+
. . . . . 0] 4 ..m-
plexity reduction setting, we present a detailed comparison £ L A R g
with advanced methods [24], [25], [26], and [27] in Table I. ';
Our method achieves an average reduction in encoding time < 2.0
. o Ao
of 44.39% to 51.30% at two acceleration levels, Ly(0,1) and e whe +
L1(0.2,1), with a BDBR degradation ranging from 1.66% to sl e .
2.12%. Compared to the tunable encoding complexity reduction - .
method proposed by Tissier et al. [25], our approach achieves a 1 2 3 a 5 6 7 8
6.5% further reduction in encoding time, with comparable RD BDBR (%)
rforman radation. In comparison with th -of-the-
performance degradatio comparison with the state-ot-the Fig.8. The trade-off between complexity and coding efficiency compared

art method proposed by Peng et al. [26], which lacks scala-
bility in complexity reduction, our approach not only achieves
a 0.31% lower BDBR under similar complexity settings, but
also supports a wider range of encoding complexity levels. No-
tably, our method provides a better trade-off between coding
efficiency and complexity reduction at L;(0.2,1), benefiting
from the introduction of the MTT mask and the design of the
dual-threshold decision scheme. Furthermore, our method can
be extended to higher complexity reduction settings. For exam-
ple, it saves 63.21% of encoding time with a 5.31% increase
in BDBR at L;(0.2,0.9), as shown in Fig. 8. However, few
studies explore acceleration ratios beyond a 2.5x speedup while
maintaining acceptable RD loss, highlighting the potential of
partition map-based methods. Therefore, our approach not only
outperforms other methods under regular complexity reduction
settings but also enables higher potential complexity reduction
trade-offs, which few previous studies achieve.

Given that the proposed method does not accelerate I-frames,
it is important to investigate its combination with existing fast
algorithms for VVC intra coding. Thus, we apply the fast al-
gorithm [23] to speed up the encoding of I-frames, while using
the proposed method to accelerate the encoding of B-frames
in RA mode, as shown by “Ours™” in Fig. 8. The results in-
dicate that accelerating the encoding of I-frames does not nec-
essarily result in a better trade-off between coding efficiency
and complexity reduction. At lower complexity reduction lev-
els, fast algorithms tend to exhibit a greater sensitivity to RD
performance degradation than to time savings. In contrast, at
higher complexity reduction levels, the impact of complexity

to other methods. The horizontal axis represents the RD performance loss, while
the vertical axis represents the encoding time acceleration ratio. The dashed line
in the figure connects different trade-off points and does not indicate attainable
values along the line. We present our approach at three acceleration levels:
Lo(0,1), L(0.2,1),and L1 (0.2,0.9). “Ours ™ refers to applying our method
to accelerate B-frames and using the fast block partitioning method for VVC
intra coding [23] to speed up I-frames.

reduction becomes more pronounced. For instance, at the ac-
celeration level Ly(0, 1), the encoding time reduction achieved
by accelerating I-frames does not sufficiently offset the associ-
ated RD performance degradation, as compared to L (0.2, 1).
However, at L (0.2, 0.9), where encoding time is more critical,
accelerating the encoding of I-frames significantly reduces en-
coding time with modest RD degradation, leading to a better
trade-off.

Both methods exhibit some degree of overlap in RD per-
formance degradation. From Table II, we observe that the ac-
tual increase in BDBR when accelerating both I-frames and
B-frames is lower than the sum of the increases when each
frame type is accelerated separately. Specifically, the BDBR
increase when accelerating I-frames alone is 0.97%, when ac-
celerating B-frames alone is 2.12%, and when accelerating both
I-frames and B-frames is 2.84%, which is lower than the ex-
pected additive value of 0.97 + 2.12 = 3.09%. This discrep-
ancy arises because accelerating I-frames not only affects the
I-frames but also affects B-frames through inter-frame depen-
dencies. The degradation of I-frames leads to low reference
quality for subsequent B-frames, resulting in overlapping RD
degradation.
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TABLE II
COMBINATION OF FAST ALGORITHMS FOR INTRA AND INTER CODING. “INTRA”
REFERS TO ACCELERATING [-FRAMES USING [23], WHILE “INTER” REFERS TO
ACCELERATING B-FRAMES USING THE PROPOSED METHOD AT ACCELERATION
LEVEL Ly(0.2,1).

| Intra | Intra + Inter
Class

| BDBR ETS | BDBR ETS

Al 0.50 3.65 1.85 56.31

A2 0.71 3.92 3.17 58.40

B 0.69 3.75 3.53 59.69

C 0.87 2.93 2.14 42.78

E 2.06 8.40 3.89 61.02

Average | 0.97 453 | 2.84 55.64

We evaluate the proposed method using VIM-10.0 and VITM-
23.0, with a GOP size of 32 at three different acceleration levels,
as detailed in Table III. The results indicate that the encoding
time savings of our method remain consistent despite a larger
GOP size or a newer software version. In contrast, increasing
the GOP size from 16 to 32 results in a BDBR increase ranging
from 0.05% to 0.18% across all acceleration levels, attributed to
a broader range of slice QPs and the more complex inter-frame
dependencies. In the case of VITM-23.0, a BDBR increase of
0.43% to 0.85% is observed, primarily due to the model being
trained on the dataset generated by VITM-10.0. The generaliza-
tion of our proposed scheme across different versions is robust,
due to the similarity in core coding tools after version 10. Specif-
ically, VTM-10 defined the core bitstream structure for VVC,
and subsequent versions differ primarily in terms of encoder-side
optimizations. In general, the proposed method works well with
longer GOP sizes and across software versions.

We present the accuracy of both the network output and
the post-processed partition map in Table IV. Post-processing,
which converts the partition map into a set of standard-compliant
partition mode decisions, may lead to a reduction in accuracy.
On one hand, the accuracy of QT depth map predictions re-
mained stable before and after post-processing, contributing to
the remarkable local consistency of the predicted depth map.
On the other hand, as the partition depth increases, the accuracy
of the depth maps decreases while the accuracy of the direction
maps rises, which may be attributed to the higher proportion of
zero values in the direction maps.

C. Ablation Studies

We conduct a series of ablation experiments to assess the
effectiveness of key components, categorized into three groups:
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Ablation Experiments of Different Techniques. From left to right, the results correspond to Class A, B, C, and E, respectively.

(1) techniques related to repeated top-down and bottom-up pro-
cessing (e.g., hourglass blocks and intermediate supervision), (2)
motion-related techniques (e.g., motion feature extraction and
partitioning-adaptive warping), and (3) other techniques. The
impacts on coding efficiency and complexity reduction when
selectively removing these techniques are shown in Fig. 9.

Ablation Study on Repeated Top-Down and Bottom-Up Pro-
cessing: To improve the accuracy and local consistency of the
predicted QT depth map, we adopt a repeated top-down and
bottom-up architecture comprising stacked hourglass blocks and
intermediate supervision. Specifically, our approach employs
three stacked QT sub-networks built on hourglass blocks to
integrate global and local contexts, with intermediate supervi-
sion applied to the QT sub-networks, labeled as full setting. In
the ablation study, we replace the hourglass blocks with dense
blocks [57] of comparable complexity, labeled as w/o Hour-
glassBlock. We also remove the intermediate losses in (3) and
compute the loss function based only on the output of the fi-
nal QT sub-network, labeled as w/o InterLoss. The prediction
accuracy and inconsistency error for these three settings are de-
tailed in Fig. 11. Here, the inconsistency error indicates the pro-
portion of inconsistent values before and after post-processing,
reflecting how well the model’s predictions align with quadtree
partitioning rules. Furthermore, we present the progressive pre-
diction results corresponding to three settings, using the sec-
ond frame of Marketplace as an example in Fig. 11. Compared
to the full setting, both w/o HourglassBlock and w/o InterLoss
exhibit lower prediction accuracy. The former emphasizes the
significance of hourglass blocks in capturing both global and
local contexts. The latter demonstrates similar accuracy to the
first QT sub-network in the full setting, but the subsequent QT
sub-networks cannot further improve prediction accuracy in the
absence of intermediate supervision. In addition to prediction
accuracy, our approach ensures that the final predictions ad-
here to quadtree partitioning rules, thus reducing the burden
on post-processing algorithms. Intermediate supervision is cru-
cial for enhancing local consistency, and through interactive
top-down and bottom-up processing, the model can maintain
precise local information while reconsidering the overall coher-
ence of the predicted frame-level QT depth map, thereby solving
such a structured prediction problem.

Ablation Study on Motion-Related Techniques: Given the
correlation between motion features and block partitioning in
inter coding, we evaluate the effects of motion-related tech-
niques, including motion feature extraction and partitioning-
adaptive warping. Specifically, we define two settings as
follows:
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TABLE III
PERFORMANCE EVALUATION ON VTM-10.0 AND VTM-23.0 WITH A GOP SIZE OF 32

VTM-23.0
Lo(0,1) |  Lo(0.2,1) | L1(0.2,0.9)
BDBR ETS | BDBR ETS | BDBR ETS

| VTM-10.0
Class |  Lo(0,1) | Lo(0.2,1) | L1(0.2,0.9)
BDBR ETS | BDBR ETS | BDBR ETS

|
|
| |
Al 1.24 46.64 1.52 51.92 4.83 70.86 2.04 43.92 2.30 50.73 5.26 68.36
A2 2.52 47.70 2.91 53.98 6.49 66.71 3.21 45.48 3.61 53.08 7.37 71.44
B 2.09 45.30 3.02 54.31 6.76 70.53 3.10 45.06 3.97 54.35 7.03 69.13
C 1.42 35.81 1.61 39.93 5.03 57.97 2.49 33.46 2.60 37.70 5.19 55.91
E 1.30 37.37 2.25 52.07 4.32 60.90 1.50 34.65 2.37 50.17 3.85 57.61
Average | 171 4256 | 226 5044 | 549 6539 | 247 4052 | 297 4921 | 574 64.49
D | 174 2407 | 219 2859 | 478 3664 | 460 2178 | 497 2319 | 549 3574
TABLE IV
ACCURACY OF NETWORK OUTPUT AND POST-PROCESSED PARTITION MAPS (%)
QP | QD | MTT mask | MD; MDir; | MD2 MDirz | MD3z MDirg | Average
22 63.64 84.49 63.64 56.10 45.25 63.22 46.41 73.71 61.93
Network 27 71.25 84.03 68.11 61.46 56.28 76.81 56.70 87.48 70.05
output 32 76.36 84.08 69.23 64.89 62.09 81.71 62.64 91.16 73.83
P 37 80.07 86.19 71.44 70.73 68.88 82.79 69.17 84.83 76.53
Average | 72.83 | 84.70 | 68.10 63.30 | 58.13 76.13 | 58.73 84.29 | 70.58
22 63.66 84.49 61.37 54.87 45.03 58.44 46.70 77.15 61.34
Post- 27 71.11 84.03 65.40 59.66 56.06 73.24 56.62 87.28 68.95
rocessed 32 76.41 84.08 67.21 62.87 61.78 75.59 62.63 90.31 72.43
P 37 80.03 86.19 68.82 66.19 68.51 83.90 69.18 95.26 77.02

Average | 72.80 84.70

65.70 60.90 | 57.85 7279 | 58.78 87.50 | 69.94

w/o Inter loss

Residual Map

Ground Truth

Stagel Stage2 Stage3

Fig. 10.  Visualization of the predicted QT depth map. On the left, from top to bottom, are the luma components of the current frame, the residuals between
the current and reference frames, and the QT depth map for the current frame, where darker colors indicate deeper partitioning. On the right are the predictions
from three QT sub-networks under different settings. The term “full” refers to the default settings, while w/o HourglassBlock and w/o InterLoss refer to replacing
the hourglass blocks with dense blocks and removing intermediate supervision, respectively.
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Fig. 11. The accuracy and inconsistency error across different stages of
QT-Net. The inconsistency error reflects how well the prediction results adhere
to the quadtree partitioning rules. Given the absence of intermediate loss func-
tions to train the first two sub-networks, we use the prediction layer from the
final stage to obtain the intermediate results for the first two layers.

® w/o Motion involves the removal of motion feature extrac-
tion by setting the features corresponding to optical flow
and residual to constant values.

® w/o Pwarp refers to replacing partitioning-adaptive warp-

ing with a standard warping operation.

As shown in Fig. 9, removing the motion branch significantly
impacts the trade-off between coding efficiency and encod-
ing complexity reduction, highlighting the importance of mo-
tion features in our method. Similarly, replacing partitioning-
adaptive warping with standard warping results in an obvi-
ous RD performance loss at acceleration levels L (0.2, 1) and
L1(0.2,0.9), since the standard warping operation does not in-
corporate prior partitioning results into motion feature extrac-
tion.

Ablation Study on Other Techniques: We conduct experiments
to evaluate the impact of other techniques within our approach.
The cases under examination, each removing a specific compo-
nent, are defined below:

® w/o QML indicates the model that sets the input of the QP

modulation layer to a constant value.

® w/o GCNN denotes a model that excludes the Guided CNN

in each sub-module of QT-Net.

The ablation study results are also shown in Fig. 9. It is ev-
ident that the RD performance is affected to different degrees
when either the QP modulation layer or GCNN is removed. This
highlights the effectiveness of compression-aware design in the
QT sub-networks.

D. Quantization Parameters Adaptation Analysis

Although our model is trained on four basic QPs, this does not
necessitate training a separate model for each basic QP, which
would be impractical. Our method supports deployment across
other basic QPs, as the training dataset for each basic QP includes
frames corresponding to various slice QPs, where the slice QP
is fed into the QP modulation layers. In the supplementary ma-
terial, we present the prediction results when the input slice QP
changes, demonstrating that the QP embedding can adjust the
granularity of the predicted block partition structure. Building on
this, we extend the model trained for each basic QP, denoted as
QPhasic, to cover the adjacent QPs { QPpasic + 1, QPpasic + 2}
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Fig. 12. Rate-Distortion Curve with Extended Basic QPs. Using the class B

sequences as an example, we plot the RD points for basic QPs ranging from 20 to
39. The term “anchor” refers to the original VTM encoder, while the superscript
T denotes the model applied to the extended QPs.

As aresult, the four models can cover all QPs ranging from 20 to
39. Fig. 12 presents the RD curves for these QPs on the Class B
sequence, where “anchor” represents the original VTM encoder,
and the superscript | indicates the model applied to the extended
QPs. The solid and dashed lines correspond to piecewise cubic
interpolation for all QPs and the four basic QPs, respectively,
which form the basis for calculating BDBR. In Fig. 12(b), (c),
and (d), we show zoomed-in RD curves for three specific QP
ranges. The results indicate that our approach achieves compa-
rable RD performance on extended QPs to that on the four basic
QPs across all three acceleration levels.

Furthermore, we investigate quantitative changes in BDBR
and ETS by evaluating our approach across twenty QPs, de-
noted as Qo1 = {20, 21,22, ...,39}, in comparison to the four
basic QPs, denoted as Qpasic = {22, 27, 32, 37}. We use the per-
centage deviations ABDBR and AETS to represent the relative
differences in RD performance and complexity reduction, re-
spectively, as defined:

Sieo. ETS(i)
AETS = 1€ Quul “ 1) x 100%, (12
(5><ZiegbasicETS(i) o (12)
BDBRlotal
ABDBR = [ ————tl 1)+ 100%. 13
(BDBRbasic >>< % (1)

Here, ETS(7) represents the encoding time savings for QP i,
and BDBR,y,; and BDBRy,;. denote the BDBR for Q. and
Obasic» respectively. A negative value of ABDBR indicates the
coding gain achieved by the extended QPs, while a positive
value of AETS reflects improved encoding time savings. The
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TABLE V
PERCENTAGE DEVIATION OF BDBR AND ETS WHEN EVALUATING OUR
APPROACH ACROSS A TOTAL OF TWENTY QPS, COMPARED TO THE FOUR
BASIC QPS. A NEGATIVE VALUE OF ABDBR INDICATES THE CODING GAIN
ACHIEVED BY THE EXTENDED QPS, WHILE A POSITIVE VALUE OF AETS
REFLECTS THE GAIN IN ENCODING TIME SAVINGS.

| Lo(0,1) | Lo(0.2,1) | L1(0.2,0.9)

ABDBR| -8.78% 0.37% -13.50%
AETST 0.36% 1.08% 0.24%
0.4
0.2
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Fig. 13.  Distribution of Predicted MTT Mask Values. The horizontal axis
represents the predicted MTT mask values, while the vertical axis denotes the
distribution frequency. We set thy and tha to 0.2 and 0.9, respectively, and
present three types of CTUs. “MTT ET” refers to early-terminating MTT splits,
“MTT RDO” represents performing the default RDO search, and “MTT NN”
denotes using the prediction results obtained from the MTT Net.

results are presented in Table V. Our approach achieves bet-
ter RD performance and encoding time savings on Qo than
on Q. Specifically, at the acceleration levels Ly(0,1) and
L1(0.2,0.9), relative coding gains of 8.79% and 13.50% are
achieved on Qo compared to Qp,sic- These results suggest that
our method demonstrates robust QP adaptation, effectively gen-
eralizing to other QPs and alleviating concerns regarding the
need to train separate models for each basic QP.

E. Analysis of Dual-Threshold Selection

Given the significant impact of the dual-threshold decision
scheme on tunable complexity reduction, it is crucial to discuss
how to select the optimal threshold values. The scheme uses
predicted MTT mask values, denoted as pjs, which range from
0to 1. The closer pys is to 1, the more likely the corresponding
CTU will be split with MTT splits. In fact, the distribution of
pas follows a bimodal pattern, as shown in Fig. 13. The over-
all CTUs can be classified into three categories— ‘MTT ET”,
“MTT RDO”, and “MTT NN”—Dbased on two thresholds th;
and thy. When pys < thy, MTT splits are skipped, and when
par > the, MTT splits predicted by the MTT Net are applied.
For the remaining CTUs, the neural network cannot confidently
decide whether to split the blocks, and the default RDO search
in VTM is executed. In our implementation, th; and thy are
set to 0.2 and 0.9, respectively, ensuring that only a small frac-
tion of CTUs undergo the exhaustive RDO search across various
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Fig. 14. Trade-off between RD performance and encoding complexity re-

duction with different threshold values. For Lo (thi,1), the threshold value
th issequentially setto 0.1,0.2,0.3, and 0.4 from left to right. For L1 (0.1, tha),
L1(0.2,thg), and L1(0.3,ths), the threshold value ths is sequentially set to
0.98,0.95, 0.9, 0.8, and 0.7 from left to right.

QPs. This yields a substantial reduction in encoding time with
minimal RD efficiency loss.

Furthermore, we validate the rationality of these empirical
threshold values. First, we adjust th; from 0.1 to 0.4 at accel-
eration level Lo(thq, 1), and present the trade-off between RD
performance and encoding time reduction in Fig. 14. As th; in-
creases, the encoding acceleration ratio improves as more CTUs
skip MTT splits, while the BDBR gradually increases. Specifi-
cally, when th increases from 0.1 to 0.2, the BDBR increases by
0.3%, and the ETA rises from 1.95 to 2.09. However, the rate of
increase of ETA slows down once th; exceeds 0.2. Thus, we se-
lect Lo(0.2, 1) as a trade-off point, where an average of 34.72%
of CTUs are skipped for MTT splits, as detailed in Table VII,
thereby alleviating the burden of MTT Net inference overhead.
Subsequently, we explore different threshold combinations for
Ly (thy,ths), with thy ranging from 0.1 to 0.3 and ths ranging
from 0.7 to 0.98, as shown in Fig. 14. The results indicate that
setting th; to 0.2 achieves a higher acceleration ratio compared
to other threshold values. Meanwhile, setting tho to 0.9 yields
an ideal configuration with acceptable RD efficiency loss.

FE. Complexity Overhead Analysis

We analyze the complexity of the proposed method, including
the inference cost of the neural network and the overhead caused
by the fast algorithm.

Inference Cost of Neural Networks: To assess the inference
cost of neural networks, we divide the proposed network into
two parts: the pre-trained optical flow neural network and the
remaining components. The optical flow network serves as a
plug-and-play module. For the remaining components, QT depth
map prediction requires 5.07 GFLOPs and 1.11 M parameters
for a single 1080p frame. When combined with MTT mask pre-
diction, the total rises to 7.37 GFLOPs and 3.64 M parameters.
These correspond to the low and high complexity reduction set-
tings, respectively. Compared to the state-of-the-art method [25],
which uses MobileNetV2 as the backbone and requires 3.4 M
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TABLE VI
BREAKDOWN OF TIME CONSUMPTION AT DIFFERENT ACCELERATION LEVELS. THE TERMS TgNc, Tner, AND Thost REFER TO THE TIME TAKEN BY THE VTM
ENCODER, NETWORK INFERENCE, AND POST-PROCESSING, RESPECTIVELY, MEASURED IN SECONDS PER FRAME. p INDICATES THE PROPORTION OF THE TOTAL
TIME SPENT ON BOTH NETWORK INFERENCE AND POST-PROCESSING. GPU 1S DISABLED BY DEFAULT DURING THE TESTING PROCESS, EXCEPT WHEN T
DENOTES GPU-BASED ACCELERATION USING A SINGLE NVIDIA 1080TT.

Class \ Ly(0,1) | Ly(0.2,1) | £,(0.2,0.9)
| Tene  Tner Teost p(%) | Texe  Txer Trost p (%) | Texc  Tner/TNgr Teost  p/p* (%)
A 1264.51 2.81 0.28 0.24 | 110543 8.06 029 0.75 |760.78 30.22/2.46 2.09  4.07/0.59
B 29437 0.87 0.08 032 | 24493 1.86 0.08 0.78 | 17477 9.61/0.74 0.62  5.53/0.77
C 96.51 0.28 0.02 0.31 80.25 040 0.02 0.51 | 59.78 1.50/0.25 0.18  2.73/0.71
E 48.87 044 0.03 096 36.58 0.82 0.03 226 | 3242 3.21/0.37 0.13  9.34/1.52
Average | 426.07 1.10 0.10 046 | 366.80 279 0.10 108 |256.94 11.14/0.96 0.76  5.42/0.90
D ‘ 2572 0.28 0.01 1.11 | 23.01 037 0.01 1.62 ‘ 20.37  0.67/0.19 0.03 3.32/1.07

TABLE VII

THE RATIO OF CTUS EARLY TERMINATED BY MTT MASK (%)

Class | QP | Average
| 22 27 32 37 |
A 1229 2370 36.18 4933 30.38
B 935 2043 4847 5232 32.64
C 1.80 8.25 11.21  16.35 9.40
E 39.24 6846 76.60 81.57 66.47
Average | 15.67 3021 43.11 49.89 | 34.72
D | 0.00 0.10 1024 923 | 4.89

parameters, our method requires fewer parameters (1.11 M) un-
der the low complexity setting, and a comparable number under
the high complexity setting.

Time Consumption: We decompose the total time consump-
tion into three components: encoder time, network inference
time, and post-processing time, denoted as Tenc, Thet» and Thost,
respectively. These are evaluated at three acceleration levels:
Ly(0,1), Lp(0.2,1), and L;(0.2,0.9), as shown in Table VL
The results are averaged over all frames of the JVET test se-
quences across various resolutions, without GPU acceleration.
We define p to quantify method overhead, as follows:

p= Tnet + Tpost
TENC + Tnel + Tpost

x 100%. (14)
Atacceleration level Ly (0, 1), the average time required for net-
work inference and post-processing is approximately 1 s, ac-
counting for 0.46% of the total evaluation time. For 4 K reso-
lution videos, the inference and post-processing time remains
around 3 seconds per frame. This performance can be attributed
to the fact that only the QT Net is inferred, the input image is
downsampled by a factor of four, and the post-processing al-
gorithm only handles the QT depth map. At the acceleration
level L(0.2, 1), only the QT Net and MTT Mask Net are used,
and the additional inference time from post-processing the MTT
mask is negligible. The method’s overhead at this level is 1.08%,
demonstrating that the proposed fast algorithm introduces min-
imal overhead compared to the VTM encoding process. At the
highest acceleration level L; (0.2, 0.9), the entire neural network
is invoked, and the method’s overhead increases to 5.42%. This
increase is partly due to the reduction in VTM encoder time and

partly due to the higher computational cost resulting from op-
tical flow estimation and feature extraction from raw pixels. To
further accelerate network inference, a single NVIDIA 1080Ti
GPU is employed, denoted by the superscript *. Compared to
CPU inference, the overhead of the method is reduced from
5.42% to 0.90%. For 4 K sequences, this corresponds to 2.46
seconds per frame, highlighting the necessity of GPU-based par-
allel computing for significant encoding time reduction.

VII. CONCLUSION

This paper presents a partition map-based fast block partition-
ing approach for VVC inter coding. The proposed method is ex-
plored from three main perspectives: representation, neural net-
work architecture, and post-processing algorithms. We introduce
an MTT mask and design a novel neural network that predicts
the partition map in a coarse-to-fine manner. A dual-threshold
decision scheme is also proposed to balance network prediction
and recursive RDO search. Moreover, we incorporate several
novel modules to enhance the neural network’s performance by
simulating the partition search of inter coding. Experimental re-
sults show that our method outperforms previous approaches
significantly in terms of complexity reduction and RD perfor-
mance.

This study has two limitations. First, due to the high compu-
tational overhead of optical flow neural networks, applying the
proposed method to resource-constrained devices is challenging.
Second, since we adopt an out-of-loop implementation, the fast
algorithm does not account for the encoding context, limiting
the model’s ability to adapt to various encoding environments.

Future work will focus on reducing computational complex-
ity, integrating the algorithm into the encoding loop, and extend-
ing the approach to other inter modes such as LDP and LDB.
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