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Abstract. The Versatile Video Coding (VVC) standard achieves high compression
efficiency but with significantly increased computational complexity. A major
contributor is the Multiple Transform Selection (MTS) process, which exhaustively
evaluates multiple transform combinations. This work proposes a machine learning
approach using lightweight decision trees to replace the exhaustive MTS search. The
models are trained with balanced sampling, feature selection, and hyperparameter
optimization. Experiments in the All Intra configuration show an average encoding
time reduction of 18.76% with only a 0.67% increase in BD-rate, reaching up to
30.90% time savings in the transform stage.

1. Introduction

The Versatile Video Coding (VVC) standard is the successor to High Efficiency Video Coding
(HEVC), achieving around 50% bitrate reduction while maintaining similar perceptual quality
[Fraunhofer 2020]. These gains are enabled by advanced coding tools for partitioning,
prediction, and transform processing, but significantly increase encoder complexity. VVC
is estimated to be up to five times more complex than HEVC [Pakdaman et al. 2020], while
its transform stage alone can be nine times more complex [Siqueira et al. 2020]. One of the
main contributors to this complexity is the Multiple Transform Selection (MTS) mechanism.
The MTS tool [Zhao et al. 2021] allows the encoder to select different transform types for
horizontal and vertical directions, including DCT-II, DCT-VIII, and DST-VII. In explicit
mode, the encoder evaluates multiple transform combinations selecting the one with the
lowest rate-distortion cost [Hamidouche et al. 2022]. Although effective for compression,
this exhaustive process substantially increases computational cost. This paper proposes
an ML-based low-complexity MTS decision method for VVC. The exhaustive transform
selection process is replaced by 14 low-complexity decision trees capable of predicting
suitable transform candidates and skipping unnecessary evaluations. Experimental results
show an average encoding time reduction of 18.76% with only a 0.67% BD-rate increase,
demonstrating a favorable trade-off between complexity and coding efficiency.

2. Predictive Models Design

Some previous studies have investigated the behavior of the MTS tool, providing valuable
insights into its operation and role in video encoding. In [Camargo et al. 2025c], one of
the main analyses concerns the influence of block size on the selection rate of transform
combinations. It has been observed that certain combinations, such as DST-VIIx DST-VII,
are predominantly used in smaller blocks, while their selection frequency decreases as block
size increases. This pattern indicates that structural properties of the block, such as width,
height, and aspect ratio, directly impact the transform decisions made by the encoder. These
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trends reveal complex relationships between block content, spatial structure, and transform
efficiency, which can be explored through ML models capable of identifying subtle data
correlations. Consequently, designing specialized models for each block size becomes a
promising strategy, as each model can better capture the characteristics of its group.

Following this reasoning, the clustering strategy adopted in this work was based on the
total block area (width x height), expressed as powers of two. This resulted in seven groups —
gl16, g32, g64, g128, g256, g512, and g1024 — corresponding to areas of 2V pixels, where
N € [4,10]. These values correspond to the transform block sizes allowed in VVC. The
clustering approach enhances prediction accuracy and reduces decision complexity within
the transform module, leading to a more efficient and content-adaptive encoding process.
According to the transform usage analyses of [Samir et al. 2024a], DCT-IIx DCT-II is the
most frequently selected MTS combination, followed by DST-VIIxDST-VII, while others,
like DCT-VIII x DST-VII, DST-VIIxDST-VIII, and DCT-VIIx DCT-VIII, occur much less
often. Such insights are particularly valuable for predictive modeling, as they reveal that it is
unnecessary to evaluate all possible transform pairs during decision making. By focusing on
the most representative transforms, computational cost can be reduced without significantly
compromising compression efficiency. However, improperly excluding key combinations
such as DCT-II x DCT-II and DST-VIIx DST-VII may lead to noticeable efficiency losses.

In the design of the predictive models proposed in this work, these characteristics
guided the development of the decision-making mechanism. Rather than employing a single
model, a set of models is used — one for each block group (g16—g1024). Moreover, instead of
directly selecting a single transform pair, the strategy introduces greater flexibility by defining
subsets of candidate pairs to be evaluated during encoding. This approach mitigates BD-rate
penalties when a model’s prediction is suboptimal. Specifically, two models are defined
for each block group (Model A and Model B) to determine the transform pair to be tested.
Figure 1 illustrates this process for an N x M block. When MTS is enabled, the models
corresponding to the NV x M block group are employed. Model A first decides whether to
apply MTS, since in most cases the DCT-II x DCT-II transform alone is sufficient. If Model A
selects multiple transform combinations for testing, Model B then determines which ones
should be evaluated — either a reduced list (DCT-IIxDCT-II and DST-VIIxDST-VII, the
most frequently used) or all available combinations, following the standard process.
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Figure 1. Proposed MTS execution explicit flow with the predictive models.

3. Data Acquisition and Model Training

Data for model training were collected directly from the encoding process, corresponding
to the first pipeline phase shown in Fig. 2. For data collection, eight videos were used:
ToddlerFountain (4K), RollerCoaster (4K), Beauty (4K), CrowdRun (1080p), ParkScene
(1080p), YachtRide (1080p), Vidyo3 (720p), and Vidyo4 (720p) [Zhao et al. ]. Each video
was encoded using the VTM reference software version 23.0 [JVET 2024], following the
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configurations recommended in the VVC Common Test Conditions [Bossen ], with QP
values of 22, 27, 32, and 37, considering all frames. For 4K videos at QPs 22 and 27, only 60
frames were encoded due to the high computational cost.
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Figure 2. Pipeline of the model training process.

To ensure a balanced and representative dataset for each combination of trans-
form type, block size, QP, and video, the Reservoir Sampling algorithm was em-
ployed [Vitter 1985]. A separate reservoir was maintained for each combination, ensuring
diverse sampling. This approach enabled balanced supervised training and improved represen-
tation of less frequent transform cases. The decision tree models were trained using the Deci-
sionTreeClassifier algorithm implemented in the scikit-learn library [Pedregosa et al. 2011],
which provides tools for feature selection, hyperparameter optimization, and model evalua-
tion. For the initial search of optimal configurations, a subset of 100,000 samples was used.
Feature selection employed Recursive Feature Elimination with Cross-Validation (RFECV),
and hyperparameter tuning used RandomizedSearchCV [Pedregosa et al. 2011]. A prelimi-
nary validation curve analysis was also performed to define appropriate search spaces and
avoid overfitting or underfitting. During this process, multiple intermediate versions of the
models were trained, all subjected to a balancing process to obtain classes with uniform
sample distributions.

The resulting features and hyperparameters were defined separately for each block
group and model configuration. The selected features include both basic block information,
such as size and coding tree depth, and encoding-related data, including residual statistics.
Residual-based features were consistently selected across most groups, while structural
and partitioning features were more relevant for larger block sizes. In addition, VVC-
specific characteristics were considered, including intra prediction modes, Matrix-based Intra
Prediction (MIP), Intra Subpartition (ISP) flags, Multiple Reference Line (MRL) index, and
partitioning history represented by the encoded split series. The hyperparameter configuration
was also similar across groups, with most models using shallow-to-medium depth decision
trees, with maximum depths ranging from 17 to 23 and up to 460 leaf nodes, while adopting
either the Gini or entropy criteria.

After determining the best configurations, the final training of each model used 75%
of the dataset, reserving 25% exclusively for evaluation, as shown in Fig. 2. This test set was
not used in earlier stages. Accuracy results for each model and group are shown in Table 1.
Accuracy results show consistent performance across block groups, with Model A around
0.80 and Model B slightly lower (0.71-0.77).
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Table 1. Accuracy results for each model and block group

Accuracy
Model gl6 g32 g64 gl28 g256 g512 g1024
A 0.80 0.79 080 0.79 0.80 0.80 0.81
B 073 0.72 071 072 072 073 077

4. Results and Discussion

The last stage of the pipeline depicted in Fig. 2 consisted of deploying the models into the
VTM reference software. The models were integrated into VTM version 23.0 [JVET 2024].
Since the models were trained exclusively with intra blocks, the MTS flag was set to 1,
enabling explicit MTS only for these blocks, the focus of the proposed optimization. The
LENST tool was disabled, as it is not applied to blocks with explicit MTS and lies out-
side this work’s scope. This configuration aligns with methodologies adopted in previous
studies [Wang et al. 2022, Camargo et al. 2025a, Camargo et al. 2025b]. In addition to the
complete solution, Models A and B were evaluated separately. All test videos from the VVC
CTC set were encoded using the first 60 frames of each sequence, with QP values of 22, 27, 32,
and 37 [Bossen ]. Table 2 presents the Bjontegaard Delta-rate (BD-rate) [Bjgntegaard 2001]
and Time Saving (TS) obtained for the proposed models under the All Intra configuration.
The table presents the average values of the results by class and the overall average across
all sequences. The column “Model A+B” indicates the combined operation of both models,
representing the scenario with the highest potential for time reduction. The proposed ap-
proach led to an increase of only 0.67% in BD-rate, indicating a minimal loss in compression
efficiency. In contrast, the total encoding time was reduced by 18.76%, a significant improve-
ment for the overall process. Considering only the transform step, the average encoding time
reduction reached 30.90% when both models are employed.

Additionally, Table 2 shows the individual performance of each model. In the Model
A column, results correspond to encoding with only Model A, responsible for deciding
whether additional transform combinations should be evaluated. Unlike the original encoder,
which tests all transform pairs when MTS is enabled, Model A performs this selectively and
intelligently, reducing total encoding time by 11.27% with only a 0.63% BD-rate increase,
indicating that most compression efficiency loss originates from the use of this model. For
Model B, the results are also promising. The total encoding time decreased by 11.35% on
average, with a negligible BD-rate increase of 0.15%, making it an excellent option for
reducing encoding time with minimal compression loss. This occurs because Model B limits
evaluations to the most common transform pairs (DCT-IIx DCT-II and DST-VIIx DST-VII),
reducing errors without losing flexibility.

Table 2. Average BD-rate (%) and Time Saving (%) per class (All Intra)

Class Models A+B Model A Model B
BD-rate TS BD-rate TS BD-rate TS

Al 0.90 24.58 0.95 17.21 0.17 14.88
A2 0.73 20.58 0.62 12.73 0.22 11.95
B 0.80 20.65 0.75 13.08 0.19 11.97
C 0.56 16.00 0.49 8.11 0.16 10.41
D 0.48 15.96 0.44 8.06 0.14 10.13
E 0.78 18.88 0.74 11.64 0.13 11.01
F 0.46 14.67 0.43 8.06 0.08 9.08

Average 0.67 18.76 0.63 11.27 0.15 11.35

Besides the main analysis under the All Intra configuration, additional experiments
using Random Access configuration were conducted to assess the generalization of the models
under different conditions. In this configuration, the proposed method achieves a 29.74%

4



46° Congresso da Sociedade Brasileira de Computacéo (CSBC 2026), Gramado/RS
53° Seminério Integrado de Software e Hardware (SEMISH 2026): Artigos Curtos

time reduction in the transform step when processing intra-predicted blocks, exhibiting
behavior consistent with previous results. However, since the models are applied only to
intra-predicted blocks — which represent a minority in the Random Access configuration
— the overall encoding time reduction is 3.53%, with a 0.39% increase in BD-rate. These
results highlight the potential of extending the approach to inter-predicted blocks in future
work, enabling further acceleration in Random Access scenarios.

Finally, an additional experiment enabled only the DCT-II x DCT-II transform. This
setup was used to assess whether removing transform variability could outperform the pro-
posed models and to estimate the maximum possible time savings and BD-rate impact. The
result, presented in Table 3, shows that, although this configuration reduces encoding time
by 43.05%, it significantly increases the BD-rate, more than twice the value obtained with
the proposed approach. Table 3 also compares this work with related ML approaches for
reducing transform stage cost. Direct comparisons are difficult due to methodological differ-
ences: [Samir et al. 2024b] and [Saldanha et al. 2022] use older VTM versions (14 and 10),
while this study uses VTM 23; [Camargo et al. 2025a] and [Samir et al. 2024b] report only
Random Access results, and only [Camargo et al. 2025b] and [Saldanha et al. 2022] evaluate
All Intra. Also, BD-rate values are not reported in [Samir et al. 2024b]. To provide a broader
perspective, the BD-rate/TS trade-off is presented in Table 3, where lower values represent
better balance between compression efficiency and time. Although [Camargo et al. 2025b]
reports a 30.32% time reduction (versus 18.76% in this work), its BD-rate increase was
higher (0.89% vs. 0.67%), leading to a less favorable trade-off. It is also noteworthy that
[Camargo et al. 2025b] trained models only on 32x32 blocks, without specialization for
different block groups. Model B achieved the best balance between encoding time reduction
and compression efficiency, with the lowest BD-rate impact, making it ideal for scenarios
needing minimal loss and significant time savings.

Table 3. Comparison with Related Work (All Intra)

Solution BD-rate (%) TS (%) BD/TS
Ours - Models A+B 0.67 18.76 0.036

Ours - Model A 0.63 11.27 0.056

Ours - Model B 0.15 11.35 0.013

DCT-IIxDCT-II only 1.58 43.05 0.037

[Camargo et al. 2025a] 1.16 7.98 0.090

[Camargo et al. 2025b] 0.89 30.32 0.038

[Saldanha et al. 2022] 0.21 5.00 0.042

[Samir et al. 2024b] - 9.05 -

5. Conclusion

The proposed approach introduced a machine learning-based strategy to accelerate the MTS
process in the VVC encoder. By integrating lightweight decision tree models trained for
specific block sizes through a robust training methodology — including balanced sampling,
feature selection, and hyperparameter optimization — the method replaces the exhaustive
evaluation of transform combinations with predictive decisions, significantly reducing com-
putational demand. Experimental results demonstrated an average 18.76% reduction in
total encoding time with only a 0.67% increase in BD-rate, while the transform stage alone
achieved a 30.90% time saving. Compared to related works, the proposed method provided a
superior balance between compression efficiency and complexity reduction, confirming the
effectiveness of predictive modeling for practical VVC acceleration.
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