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ABSTRACT In this paper, a framework for image and video intra-frame coding able to effectively employ
the multiple transform paradigm using Symmetry-Based Graph Fourier Transforms (SBGFTs) is proposed.
As data representation relies heavily on the characteristics of signal classes in high dimensional spaces, over
the years it has been understood that signal instances for a given class, e.g., images, typically lie on amanifold
which is not a single linear subspace. Accordingly, standards for image/video compression have considered to
introduce multiple representation models to encode the data, i.e., multiple linear block transforms. However,
the advantages are currently limited typically due to implementation complexity and the high signaling cost
of the representation mode. As a result, only a small set of alternative transforms is typically considered,
which restricts the adaptation capabilities to the data. In this paper, we instead argue that it is feasible to
incorporate into the image coding framework a large set of SBGFTs which can overcome the aforementioned
drawbacks. Specifically, we demonstrate the ability to derive the block encoding transform index from the
quantization pattern fingerprint using a Multilayer Perceptron (MLP) architecture, achieving prediction with
high confidence, surpassing 80% for 4-top accuracy. This translates into a more efficient entropy coding
strategy for the index, allowing to save on the average more than 3 bits per block. These experimental results
highlight the significant benefits of SBGFTs for multiple transform coding, particularly when combined
with the proposed MLP based index prediction, with only a limited increase in computational complexity.

INDEX TERMS Image coding, multiple transforms, symmetry-based graph Fourier transforms,
H.266/VVC, mode prediction, quantization, neural network architectures, multilayer perceptron.

I. INTRODUCTION
Image and video compression standards have always relied
on linear block transform coding as a key representation
framework. The general underlying assumption is that,
while the data samples in the original domain are strongly
correlated, the corresponding coefficients in a suitable
transform domain turn out statistically independent, or to the
least uncorrelated, making it easier to encode them [1].

It is well known that the 2D Discrete Cosine Transform
(DCT) approximates the optimal Karhunen-Loève Transform
(KLT) under first-order Markov conditions [2], which is
a rather appropriate statistical model for natural visual
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content [3]. For this reason, the DCT has been employed
in many popular past and present block-based hybrid
compression systems, with a few exceptions, e.g., the ISO
JPEG2000 standard [4] which is based on the Discrete
Wavelet Transform (DWT) [5]. In particular, the DCT has
been used for video compression, from the ITU-T H.261
standard [6] to the most recent JVET H.266/VVC [7].
Similarly, in image compression, it has been adopted from
the ISO JPEG standard [8] to BPG [9], which is based on the
intra-frame coding of JVET H.265/HEVC [10].
However, it is arguable that a fixed transform does not

accommodate well with the frequent statistical changes
occurring in natural images [11]. Furthermore, in some of
the more recent coding systems among those previously
cited, the transform is not even applied on the original
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visual data. Instead, it is most often applied on residual
signals, the output of a prediction process, which possess
different statistical features. So, a single transform is expected
not to be as effective for producing uncorrelated coeffi-
cients in the context of representing a prediction residual
signal.

Recently, to overcome these issues, several works have
proposed compression schemes relying on an alterna-
tive coding paradigm based on multiple transforms [12],
[13], [14]. In this context, the encoder and the decoder
share a set of transforms. The encoder chooses the most
appropriate transform for each block through a rate-
distortion (RD) optimization, and sends the transform
coefficients and the corresponding transform index to the
decoder to identify which inverse transform to employ for
reconstruction.

Ideally, a large family of transforms could be designed
for adapting to the diversified statistical contents that
characterize the visual data. For example, a representative
image (or residual) block training set can be partitioned into
a considerable number of clusters, then for each cluster a
specific KLT, which is optimal for linear approximation,
can be built. In the end, however, straight KLTs are not
usually considered as feasible candidate transforms because
they are non separable, thus computationally intensive, and
the needed clustering process can be captious. Nonetheless,
non-separable transforms have been proposed for multiple
transform coding [15], and a non-separable transform is even
used in VVC as an alternative mode.

Still, the rationale for using a large set of available
optimized transforms, which is increasing the number of
transforms to significantly reduce data redundancy, is in
principle attractive. However, coding frameworks with small
transform sets have been deployed so far, usually relying on
computationally efficient variants of the type-2 DCT, i.e.,
DCT-II. The first visual compression standard in which a
multiple transform idea has been adopted is HEVC, where
the Discrete Sine Transform (DST) complements the DCT.
Its successor VVC includes additional primary transforms
besides the usual DCT-II, namely, the 4 combinations of
the type-8 DCT (DCT-VIII) and the type-7 DST (DST-VII)
applied in the horizontal and vertical directions.

In essence, the cardinality of the transform set plays a
crucial role, and that is why smaller sets have been employed
so far. While a large set of transforms would allow to choose
the most efficient transform in a RD sense for each block,
such gain is bound to be mitigated by an increasing cost
to signal the transform index. In addition, the transform
selection process becomes more demanding unless it is based
on sub-optimal heuristics.

Symmetry-Based Graph Fourier Transforms (SBGFTs)
have been originally proposed in [16]. They enjoy remark-
able energy compaction properties, even superior to fam-
ilies of KLTs [17], and they also can be implemented
very efficiently [18]. Their construction is derived from
Graph Signal Processing (GSP) [19], [20], in which the

graphs are adopted as models that represent the correlation
among data samples by determining edge weights between
nodes.

In this paper, we argue that in a framework for image
and video intra-frame coding it is possible to adopt a
large SBGFTs set that is able to avoid the aforementioned
drawbacks. More specifically, a feasible approach to reduce
the average number of overhead bits required to signal the
transform index is derived, a mandatory feature for allowing
a large set of efficient transforms.

The transform index coding approach involves estimating
the likelihood of each index from the map of each Quan-
tized Transform Coefficients Block (QTCB). To this end,
aMultilayer Perceptron (MLP) estimates a confidence vector,
where each element represents the probability that a given
set of quantized coefficients is derived from each transform.
This vector is then used to design a conditionally dependent
entropy code. The codeword that is sent to the decoder is
associated with the true transform index by using the code
derived from the estimated index probabilities produced by
the QTCB map, which is thus on average a more compact
code.

To prove the flexibility of the MLP approach, extensive
experiments have been carried out on both pixel domain and
residual blocks datasets, the latter derived from the prediction
modes integrated in VVC. The proposed technique allows to
significantly reduce the average bit-length per block needed
to represent the transform index.

To properly highlight the potential benefits of using
the SBGFTs in the intra-frame coding phase of a video
compression scheme, significant RD gains are demonstrated
with respect to DCT variants in a VVC-like codec using the
Explicit Multiple Transform Selection (MTS) method [7].
In the experiments, since the investigated SBGFTs are
specifically crafted to operate on blocks with dimensions of
8×8, they have been only applied to 8×8 residual blocks that
result from the VVC block partitioning and intra-prediction,
leaving other sized blocks using the VVC primary transforms
as usual.

The rest of the paper is organized as follows. Sec. II
recalls background knowledge on SBGFTs and cast them
in a multiple transform coding framework. In Sec. III,
we discuss the proposed solution for transform index coding,
thus providing the underlying motivation. The experimental
setup and the obtained results for the standalone transform
index coding technique are presented in Sec. IV. Then, Sec. V
shows the experimental results in terms of RD performance
obtained by applying the SBGFTs set and transform index
coding instead of the VVC primary transforms on 8 ×

8 residual blocks. Finally, Sec. VI concludes the paper.
The source code implementing the proposed framework is

publicly available at [21].

II. SBGFT BASED MULTIPLE TRANSFORM FRAMEWORK
In this Section, we recall background information and intro-
duce the experimental multiple transform coding framework
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FIGURE 1. The set of 40 SBGFTs. Blue: edges forming the starting 2D grids. Dashed green: the symmetry axes. Red: additional edges representing
symmetric connections.

using the SBGFTs. The transform set is briefly described
in Sec. II-A. The framework for assessing the effectiveness
of SBGFTs in an image coding scheme is presented
in Sec. II-B.

A. SYMMETRY-BASED GRAPH FOURIER TRANSFORMS
In Graph Signal Processing (GSP) [20], graph signals are
placed on the set of vertices of an undirected, connected, and
weighted graph. A spectral representation of graph signals
is defined by employing the Laplacian matrix eigenvalue
decomposition. Since the Laplacian is self-adjoint, its
eigenvectors form an orthonormal basis for the so-called
Graph Fourier Transform (GFT) [19]. Therefore, the GFT
coefficients are obtained by computing the inner product
between the graph signal and each eigenvector.

The SBGFTs are a family of GFTs that have been proposed
in [16], [17], and [22] for efficiently representing 8×8 blocks
of both image and residual data. Each block is modeled as
a graph, the nodes of which are its pixel/residual values.
Accordingly, graphs connect pixels in specular position with
respect to a predefined symmetry axis. Considering different
specular positions, a set of 40 SBGFTs can be derived,
each associated with a different symmetric graph determined
by the location and orientation of the considered symmetry
axis. Fig. 1 provides a visual representation of the graphs
associated with the SBGFTs.

There are two main reasons why the design of these
graphs pursue symmetries. First, symmetries are often
present in both real-world data [23], [24] and residual

signals [18]. For example, in [18], the authors worked with
graphs modeled from the correlation between coefficients
of residual blocks obtained through HEVC prediction. The
considered blocks showed various symmetry types, therefore
the authors concluded that there exist efficient 2D GFTs
built from symmetric grids. As a matter of fact, the
SBGFTs possess remarkable energy compaction properties,
with promising results for non-linear approximation or
coding tasks. A second important reason is that all the
symmetric graphs are associated with a GFT that admits a
fast transform implementation due to their natural symme-
try [18]. Lower computational complexity of transforms is
of course a necessity for practical image/video compression
systems.

B. MULTIPLE TRANSFORMS FRAMEWORK
The framework for evaluating the efficiency of SBGFTs
within a multiple transform compression scheme is proposed
in Fig. 2. Specifically, the objective is to investigate the
potential benefits of utilizing the previously described
SBGFTs instead of the VVC primary transforms for 8 ×

8 residual blocks.
To achieve this, a video frame F is processed to generate

a family of residuals E obtained from VVC intra-coding.
Of course, the resulting residual blocks can vary in size,
depending on the output of the VVC partitioning process.
In particular, F can be partitioned into blocks ranging from
64×64 to 4×4. More details on VVC partitioning and intra-
coding can be found in [7].
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FIGURE 2. Framework for evaluating the performance of the 8×8 SBGFTs in a multiple transform compression scheme. The frame F undergoes
partitioning through the VVC partitioning process, and residual blocks E are generated during the VVC intra-coding phase. All blocks, excluding
those of size 8×8, undergo processing with the DCT variants transforms employed in VVC intra-coding. The 8×8 SBGFTs, instead, are specifically
applied to 8×8 blocks. The optimal graph is chosen by minimizing the Lagrangian cost function given in Eq. (1). The index j of the optimal graph is
represented using the code built from the output of the proposed MLP (refer to Fig. 3).

At this point, the SBGFTs set is applied to transform
8 × 8 residual blocks only, while blocks of a different
size follow the standard VVC process that adopts the DCT
variants. Experimentally, 8× 8 blocks cover approximately
40% of the frame area on average, across a wide range
of Quantization Parameters (QPs). An example of block
partitioning generating the residuals E is depicted in Fig. 2.
Let us now consider a length-64 column vector x

representing one of the unwrapped residual 8×8 blocks of
E . Let {G1,G2, . . . ,Gn} be the set of n = 40 SBGFTs,
represented by 64×64 matrices where the columns form the
correspondent orthonormal basis. To perform the transform
selection driven by RD optimization for x, all the SBGFTs are
applied to x by computing n column vectors in the transform
domain, thus Xi = GTi · x, i = 1, . . . , n. The Xi vectors are
then quantized with a given QP, obtaining X̂i. Finally, the
inverse GFTs are applied to X̂i, so reconstructing n signals
x̃i = Gi · X̂i.
Next, an unconstrained RD optimization problem is solved

to choose the optimal graph transform for each block.
Therefore, for each Gi a pair (RGi ,DGi) is computed first. The
distortion DGi is obtained as the Mean Squared Error (MSE)
between Xi and X̂i, which is the same as the MSE between
x and x̃i, due to Parseval’s theorem. Then, RGi approximates
the bitrate needed to represent the transform coefficients
X̂i, using the quantized coefficients estimated Shannon
entropy.

Finally, the optimal GFT Gj for x is identified
through the minimization of the following Lagrangian cost
function:

j = argmin
i

DGi + λRGi (1)

with the Lagrangian multiplier λ ≥ 0 determining the RD
working point. After selecting the optimal GFT, the quantized
coefficients are encoded and transmitted to the decoder, along
with the corresponding index j.
Specifically, this index j is separately encoded into a code-

word cj. This ensures that the correct inverse transformation
for the QTCB X̂j can be applied at the decoder. How to best
design the codetable for the codewords ci is described in the
next Section.

III. TRANSFORM INDEX REPRESENTATION
In this Section, we discuss strategies for building an effective
codeword cj for the transform index j.

As a straightforward baseline solution, the optimal trans-
form index j can be encoded using fixed-length codewords
at most ⌈log2 l⌉ bits long, no matter the chosen transform.
Of course, a more effective code could be built, were the
probability distribution of the transforms known, so that the
encoder and decoder may share a codetable for encoding and
decoding j. For example, such probabilities may be learned
offline over a large set of data. However, the latter strategy
requires an adequately representative dataset, which is not a
practical solution.

The authors of [25] instead proposed a Convolutional
Neural Network (CNN) to predict the chosen transform index
from the QTCB, to gain in representation efficiency. The
general idea is as follows: a neural network takes a QTCB as
input and returns a confidence vector, giving the probabilities
that the examined QTCB is derived from each candidate
transform. Such probabilities are then used to design an
efficient codetable, and the codeword associated with the true
transform index is then sent to the decoder. Through the same
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process, the decoder can build on its own the same codetable
from the QTCB, and so it is able to decode the correct index
from the received codeword.

We remark that Artificial Intelligence (AI) techniques
in general are commonly found nowadays in many dif-
ferent computer vision tasks. Specifically, the seminal
work [26] kick-started a renewed interest in image com-
pression, particularly introducing AI-powered end-to-end
compression. Notably, for video intra-frame compression,
neural architectures have been either employed in the same
end-to-end fashion, or employed for specific tasks still
within a traditional hybrid compression framework [27].
The work in [25] falls into the latter category, where
low complexity is paramount as the neural architecture
represents only a fraction of the entire hybrid coding
system.

Likewise, in this work a low complexity neural network
architecture is employed for the specific job of transform
index prediction inside a hybrid image coding system using
multiple transforms. The proposed network takes a QTCB as
input to estimate the probability of each transform being the
true encoding transform fromwhich the QTCB has been built
among the sizable set of possible SBGFTs. It then uses these
probabilities to build a code where each candidate transform
is encoded using a variable-length codeword.

Nonetheless, many differences exist between the method
proposed in this paper and [25]. Therein, a CNN was used
to estimate the probabilities. However, learning cannot be
achieved efficiently given the sparse structure of the input
data. Moreover, a simple truncated unary code was employed
to build the associated codewords. From a validation perspec-
tive, importantly, the method was only applied to 4×4 residual
blocks generated from 4 HEVC intra-prediction modes, and
the results showed a small gain with respect to a fixed-length
code to represent just 4 candidate transforms. These embody
several drawbacks to achieve good RD performance in more
complex and realistic scenarios, as shown by the experiments
reported in Secs. V and IV.

A. DISCUSSION
The problem of transform index prediction could be inter-
preted as a soft multi-class classification problem, where the
classifier is employed to estimate the confidence level of each
class (the candidate transform) being the correct one, and
the QTCB represents a block to be classified. To solve this
type of problems with images, CNN architectures are usually
appropriate.

In a CNN, the neurons in a convolutional layer are only
connected to nearby neurons from the preceding layer, and
the number of connections depends on the size of the
convolutional kernel. So, these neurons determine a narrower
range of features. In other words, the activation of a single
neuron is insensitive to the activation of the majority of
the neurons from the previous layer. This is particularly
efficient when local information is important, as in images.

Employing a CNN is especially advantageous when the input
data are characterized by local patterns with strong spatial
correlation.

On the contrary, coefficients in the transform domain
are typically uncorrelated, and the energy of the original
signal is distributed into very few significant components.
Quantization can only further increase the sparsity of the
transform coefficients. As a consequence, adopting local con-
volutional filters in the transform domain may be ineffective,
particularly when trying to identify which transformation has
originated a given set of quantized coefficients.

As an example, consider the following two QTCBs:

0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0
0 1 0 0 0 0 0 0
0 0 0 0 0 0 0 0
0 0 1 0 0 0 0 0
0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0




0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0
0 1 0 0 0 0 0 0
0 0 0 0 0 0 0 0
0 0 1 0 0 0 1 0
0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0


They are nearly identical, except for position (6, 7). However,
these QTCBs have been actually generated by a pair of
different transforms applied to two separate residual blocks.
Thus, even a slight change in the position (or value) of
a single transform coefficient may indicate, at least on
average, that the entire block has been originated by distinct
transforms.

Thus, we conclude that the implementation of small
convolutional kernels is not suitable for this type of data, since
there is no local structural information that could be learned.
Conversely, to perform a better prediction, the absence of any
special assumption in the structure of the data supports the
adoption of fully-connected layers instead.

B. ALGORITHM
Let us recall that, in the multiple transform scenario
illustrated in Fig. 2, a QTCB (X̂j) at the encoder is generated
by transforming and quantizing a residual block. The adopted
SBGFT, say Gj, is selected through RD optimization among
the set of n available transforms G1,G2, . . . ,Gn, with in our
case n = 40.
Building upon the insights provided in the previous

Section, an MLP is adopted. The process is described in
Fig. 3. The MLP takes the QTCB as input. On both sides, the
encoder and decoder modules use the same trained MLP. The
MLP output is a probability vector p = (p1, p2, . . . , pn), the
elements of which indicate the estimated probabilities, i.e.,
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FIGURE 3. Proposed graph index representation with a variable-length code. This example showcases a favorable instance in which the MLP
produces a remarkably high confidence value (probability) for the true GFT Gj that the encoder selected for this block through RD optimization.
As a result, the corresponding codeword cj is merely one bit in length, leading to an exceptionally efficient encoding. Note that the decoder is able
to replicate the codetable by simply inputting the received X̂j into its own built-in MLP, which is the same as the encoder one.

confidence values, that the considered QTCB derives from
transforms G1,G2, . . . ,Gn, respectively. Such a vector is used
for constructing a Huffman code, which generates n uniquely
decodable, variable-length codewords c1, c2, . . . , cn, each
associated to one of the n possible transforms.

At this point, the encoder sends the codeword cj associated
with the true transform to the decoder, which may or may
not be the codeword associated with the highest probability
output by the MLP. Of course, the code is effective when
the MLP confidence values are precise. In fact, if pk <

ph then l(ck ) ≥ l(ch), where l(·) indicates the codeword
length. Thus, the higher pj is, namely, the more the MLP
accurately identifies the originating transform from which
the QTCB derives, the shorter l(cj) is, and vice-versa. As an
example, Fig. 3 presents a best case scenario where the MLP
outputs a high probability for the optimal SBGFT Gj and, as a
consequence, the corresponding codeword cj is just a single
bit long.

The same process is replicated at the decoder end using the
QTCB received. With X̂j, the decoder designs the identical
Huffman code through the same MLP network. Then, the
decoder can retrieve the correct transform index j through
Huffman decoding of the received cj. We remark that this is
possible since j is not needed during the decoding process of
the bit-stream associated with X̂j. In fact, in our experiments,
the entropy coding method employed to represent the
quantized transform coefficients X̂j remains consistent across
all transforms. Therefore, it is independent of the index j,
which is solely necessary for selecting the accurate inverse
transform.

IV. EXPERIMENTAL RESULTS—MLP PERFORMANCE
EVALUATION
In this Section, an experimental evaluation on the proposed
MLP architecture for transform index coding is conducted.
Sec. IV-A first describes the setup. Then, Sec. IV-B
discusses the network training phase, and Sec. IV-C provides
the obtained results on the test datasets. Finally, a brief

experimental analysis aimed at showing how we reached the
architecture of the proposed MLP is provided in Sec. IV-D.

A. SETUP OF THE EXPERIMENTS
In the experiments, two distinct data sources have been
considered. The first source comprises various still image
types, including aerial, textures, and miscellaneous, in both
standard and high definition [28], [29]. We have divided
these images into 8 × 8 blocks, thus assembling for this
first collection a total of 1,362,033 pixel blocks. The second
source is composed of four standard video signals: BQMall,
BasketballDrill, Mobcal, and Shields. The 8 × 8 residual
blocks as obtained from intra-frame prediction using the
prediction modes in H.266/VVC have been collected. This
second set comprises 483,067 blocks.

As described in Sec. II, to select the best graph for
each block on the two data sources, an exhaustive search
is employed, testing all 40 SBGFTs for each block. The
resulting transform coefficients in the graph domain are
then quantized using a given QP, and the induced MSE
is calculated for each transform. In the experiments, the
following quantization parameters QP = {25, 30, 35, 40}
have been set, resulting in the quantization step sizes Qstep =

{12, 20, 36, 64} given the relation Qstep = 2(QP−4)/6.
To be able to appreciate the generality of the proposed

solution, the QTCB associated with the smallest distortion
is directly chosen instead of performing the usual RD
optimization, that is, the optimal transform is selected by
minimizing Eq. (1) when λ = 0. In fact, ignoring the
rate in the optimization avoids restricting the analysis to
a predetermined, specific entropy coding scheme. At the
same time, this choice does not hamper the experimental
conclusions on transform index representation, as we show
how the solution is able to handle different λ values as well
(see Sec. V).

In the end, 8 distinct datasets of QTCBs and optimal
SBGFT labels are created (2 data sources and 4Qstep values).
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Each dataset is then randomly split into training and test sets
in a 4 :1 ratio.

B. MLP TRAINING PHASE
In order to choose the best MLP architecture for each training
set, a k-fold (k=5), cross-validated grid-search is constructed
over an extensive parameter grid, testing different combina-
tions of number of neurons, activation functions, optimizers,
batch sizes, and strategies for over-fitting prevention. A clear
constrain on the architecture optimization is to keep the
network at a tractable computational cost.

The configuration giving the best results is composed by
4 hidden fully-connected layers, respectively with n, n/2,
n/4, and n/8 neurons, with n = 512 for all the pixel datasets
and n = 1024 for all the residual datasets. We refer to
Sec. IV-D for a brief sample of the experimental analysis
conducted to validate these architectural choices.

All the layers of the proposed architectures adopt a ReLu
activation function, except for the last layer of both that
implements a Softmax activation function. For training, the
Nadam optimizer [30] with learning rate set to 0.001 and
batch size equal to 100 consistently reported the best
performance. Cross-entropy was used as the loss function,
and the number of epochs was set to 100. To reduce
overfitting, we found that it was beneficial to use drop-out
layers which randomly set input units to 0, with a concurrent
constraint on the weights for each hidden layer, bounding
their maximum norm with a threshold.

The 8 datasets and the associated trained models can
also be found in [21] alongside the source code for the
experiments.

C. MLP TESTING PHASE
After training, the MLP architectures are evaluated on the
test datasets by computing the average bit-length per block
needed to represent the transform index. A performance com-
parison is conducted with respect to both fixed-length coding
and the transform entropy H = −

∑40(=n)
i=1 p(Gi) log2 p(Gi),

where p(Gi) is the a priori probability that the i-th graph
is the correct transform for a given residual block. Fur-
thermore, we compare with the results obtained by the
CNN proposed in [25], of course retrained with the datasets
used here.

Fig. 4 presents the results for all datasets with the pixel
(Fig. 4a) and residual (Fig. 4b) domains data, respectively.
The average bit-length per block of the proposed fully-
connected network shows a strong prediction ability, saving
more than 50% with respect to both the fixed-length coding
and the transform entropy. Note how the latter is always close
to its theoretical maximum log2 40 ≈ 5.32 bits. This is due
to the almost uniform a priori probability distribution of the
adopted graphs, which is a common characteristics for every
Qstep.

The method also tops [25], whose performance tend to
worsen for large quantization steps, especially for residual

blocks, and become even worse than fixed-length coding.
In fact, the corresponding QTCBs are extremely sparse,
confirming that the convolutional filters are not able to learn
and correctly estimate the different transforms, as explained
in Sec. III-A.

The achieved transform index prediction accuracy is
satisfactory, considering how challenging the problem is.
For example, Fig. 5 illustrates the performance for the pixel
blocks when Qstep =20. Fig. 5a shows the confusion matrix,
which is in fact almost diagonal.Moreover, Fig. 5b depicts the
k-top accuracy, i.e., the probability of ranking the true graph
index among the first k spots. Notably, the straight accuracy
of the model (k = 1) is around 50%, and already surpassing
80% when k=4.
As an additional remark, it is a fact that learning

capabilities of a neural network architecture are surely bound
to improve when input blocks sharing potential common
features or characteristics can be identified through an
additional input. Such input is naturally present when a
residual intra-coding is performed, that is, the Prediction
Mode (PM). In fact, it is reasonable to assume that the
residuals deriving from a same PM can be described by
a statistical model which can be simpler than that of
the single model representing all the PMs at the same
time.

Therefore, an additional experiment has been conducted,
for residuals derived datasets only, by appending the PM
information to the input QTCBs. The MLP has been
thus trained anew taking as input the quantized transform
coefficients concatenated to the PM from which that block
derives. The input vector size is thus now 65 long, the rest of
the architecture being unchanged. Note that, in this scenario,
the overall rate would not increase, since the PM is already
encoded in the bit-stream.

The resulting performance is shown in Fig. 4b. The
graph entropy conditional to the given prediction mode is
also reported for a thorough comparison. Interestingly, it is
observable a small but clear improvement (green curve) with
respect to the original model (purple curve). This confirms
that incorporating additional relevant information such as the
PM as input to the MLP can enhance the overall performance
of the system.

D. MLP ARCHITECTURE SELECTION
For the sake of completeness, this Section provides evidence
that the MLP architecture proposed in Sec. IV-B outperforms
other potential configurations. We focus on experiments
conducted on residuals, as the same conclusions can be drawn
in the pixel domain.

First, we compare the proposed structure, which consists
of 4 hidden fully-connected layers with 1024, 512, 256, and
128 nodes, against two other structures: (i) an architecture
with 3 hidden fully-connected layers with 1024, 512, and
256 nodes, and (ii) an architecture with 5 hidden fully-
connected layers with 1024, 1024, 512, 256 and 128 nodes.
The performance comparison is depicted in Fig. 6. The results
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FIGURE 4. Performance comparison of the proposed MLP for each data source.

FIGURE 5. Performance on the pixel blocks datasets - Qstep = 20.

demonstrate that using fewer hidden fully-connected layers
(i.e., 3 layers) results in a significant drop in performance.
Conversely, adding an extra layer (making it 5 layers)
provides only a marginal performance gain. Therefore,
we opted for the configuration with 4 hidden fully connected
layers, as it offers the best trade-off between performance and
complexity.

Next, we investigate the optimal number of nodes. In this
experimental run, we compare three configurations: (i)
4 hidden layers with 256 nodes each, (ii) 4 hidden layers with
512 nodes each, and (iii) 4 hidden layers with 1024 nodes
each. The results, shown in Fig. 6b, clearly indicate that
using 512 nodes per layer provides the best performance.
Interestingly, increasing the number of nodes from 512 to
1024 results in a performance drop even larger than using
256 nodes per layer, suggesting that the structure becomes

too complex for this task. Based on these observations,
we opted for the proposed MLP architecture, which employs
a decreasing number of nodes from 1024 to 128, providing a
comparable complexity than the one composed of 512 nodes
per layer. The proposed MLP architecture outperforms
all other configurations, including the latter with similar
complexity, as shown by the purple curve.

V. EXPERIMENTAL RESULTS—CODING PERFORMANCE
In the last set of experiments, the objective is to demonstrate
how advantageous it is to employ the SBGFTs in the intra-
frame prediction residuals coding of a video compression
scheme, both independently and coupled with the proposed
MLP. In Sec. V-A, the comparison in terms of RD perfor-
mance is given, while in Sec. V-B complexity considerations
are provided.
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FIGURE 6. Performance comparison between the proposed MLP architecture and other configurations.

FIGURE 7. Comparison performance between the VVC’s Explicit MTS method and the families of SBGFTs with different strategies to signal the
graph index.

A. RD EXPERIMENTS
To simulate how SBGFTs would perform within the VVC
framework, we follow the processing steps outlined in Fig. 2.
Therefore, we first take a set of images and video frames, not
the same used in the aforementionedMLP training phase, and
partition them into variable-sized residual blocks using VVC
partitioning and intra-prediction.

Then, let us begin by describing the baseline method,
which serves as the reference method for our comparison.
In this case, transform coding of any residual blocks,
regardless of their size, relies solely on the Explicit MTS
method of VVC, using the same exhaustive approach as
in Fig. 2, ensuring that the best transform in a RD sense
is selected. To recap, the Explicit MTS method includes
four additional transforms, in addition to the standard DCT-
II. These extra transforms are the DCT-VIII and the DST-

TABLE 1. BD rate associated with Fig. 7. The simplified VVC-like codec is
taken as baseline.

VII taken in the 4 combinations of horizontal and vertical
directions. Thus, for each block, we select the transform that
yields the smallest Lagrangian cost function as in Eq. (1),
with:

λ = 0.57 · 2(Qstep−12)/3 (2)

which is identical to the VVC rate-control function.
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Regarding quantization, the previously considered QP
parameters have been employed. The quantized coefficients
are then entropy coded through arithmetic coding. The
indices of the optimal transforms for each block are
represented with the corresponding MTS flags adopted in the
VVC standard.

The above scheme is compared with the same cod-
ing framework, but using the SBGFTs as the primary
transforms core for 8 × 8 blocks, while keeping the
process unchanged for blocks of other sizes where the
Explicit MTS method is still employed. Rate control is
still driven by Eq. (2). In this case, for the SBGFTs
that are applied on 8 × 8 blocks, the optimal transform
indices are coded through the proposed MLP predictive
approach.

Fig. 7 depicts the rate-distortion curves associated with the
VVC Explicit MTS method (red line) and the SBGFTs (blue
line). In particular, the solid line is a control line indicating
the performance when the graph indices are represented
simply through fixed-length coding. The dashed line shows
the performance when the MLP is used instead to build the
variable-length codewords per block by taking the quantized
transform coefficients as input.

Even when employing fixed-length encoding, the 40
SBGFTs already outperform the VVC Explicit MTS method,
reporting an average gain of 0.15dB and requiring −3.69%
of bit rate on average based on the Bjøntegaard’s metric (BD
rate), as presented in Table 1.
By constructing the graph index code exploiting the

quantized transform coefficients with the MLP allows to
even increase such gain, reaching an average gain of 0.39dB
and requiring −7.21% of bit rate on average. We recall
that the models have been trained on QTCBs selected using
Eq. (1) with λ = 0. This underscores how well the trained
models generalize to other λ values, in other words, they
are not rigidly tied to the specific entropy coding scheme
adopted.

Furthermore, the dotted line in Fig. 7 shows the resulting
performance when the graph index is predicted by the MLP
exploiting the PM as additional input. This modification
leads to a further slight performance gain, which is better
highlighted in Fig. 7b. Overall, in this case an average gain
of 0.43dB is achieved, while saving 7.92% of bit rate on
average, as reported in Table 1.

TABLE 2. Percentage increase in time complexity for encoding (1TE ) and
decoding (1TD) when incorporating the SBGFTs with/without MLP into a
VVC-like framework. For decoding, the values on the left pertain to the
computed computational times in the simplified VVC-like framework,
while those on the right represent an estimate of the time complexity
increase in the actual VVC framework.

B. COMPLEXITY
In this Section, we provide an analysis of the computational
complexity linked to the SBGFTs and the proposed MLP for
signaling the graph transform index.

Table 2 shows the time complexity relative increase
using the VVC-like codec as the baseline. In the encoding
stage, the time comparison is easy to perform since for the
VVC-like coder it is just needed to measure the overall
frame encoding time when the block coding transform core
and the associated rate-distortion optimization is replaced.
In contrast, only a simplified version of the decoding process
has been implemented, namely, the inverse transforms and
quantization. To allow estimating the impact of increased
computational complexity on overall decoding time, we refer
to the VVC complexity breakdown analyses found in [31]
and [32], which are also leveraged here to validate the
encoding times.

Without resorting to the MLP-based transform index
prediction, the encoding time increases by a slight 1TE =

2.5% margin, due to the exhaustive search on 40 fast
transforms instead of just 5 as in VVC. This figure is
consistent with the fact that this process is applied on about
40% of the frame area occupied by 8×8 blocks. Additionally,
it corresponds to the average time spent by the encoding
process performing block coding transforms as opposed to
other tasks such as intra-prediction and block partitioning,
which also may involve RD optimization and transform
computations (see [31, Fig. 3], [32, Fig. 1]).
Of course, it is obvious that an exhaustive search among

the potential transforms is computationally inefficient and
it causes huge encoding computational times in VVC as
well. This issue is currently the subject of a lot of research,
e.g., [33]. We remark that when employing SBGFTs too,
recently proposed methods leveraging graph representation
such as [34] could be used to reduce the computational burden
of transform selection.

However, this computational issue does not impact the
decoding stage, where the complexity remains low. In the
examined case of using a SBGFT instead of a VVC primary
transform, when the MLP is not employed there is no
noticeable penalty in decoding time 1TD, as expected,
because a single fast inverse transform is applied in either
case.

On the other hand, when MLP-based transform index
coding is used, the encoding time increases by 3.6%,
indicating that the MLP carries more or less half the
complexity of the SBGFTs selection process. Consequently,
MLP usage more than doubles the 8×8 block decoding times
of the simplified implementation, adding 1TD = 120% on
average.

However, by again considering that such blocks cover
approximately 40% of the frame area and concluding
from [31, Table 7], [32, Fig. 5] that about 12% of the
decoding time computation on average is dedicated to the
block inverse transformation, we estimate that the VVC intra
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frame decoding time should increase by about only 10%,
which is a fair price to pay for the RD gains previously shown.

VI. CONCLUSION
Image and video compression standards have explored
the introduction of multiple representation models, such
as multiple linear block transforms. However, limitations
arise due to complexity reasons and the high signaling
cost associated with this representation mode, leading to
consideration of only a small set of alternative trans-
forms. This restriction hampers adaptation capabilities to
the data.

In this paper, we have proposed incorporating a large set
of Symmetry-Based Graph Fourier Transforms (SBGFTs)
into a framework for image and video intra-frame coding to
address these challenges. Specifically, we have introduced
a Multilayer Perceptron (MLP) architecture to derive the
transform index with high confidence from the quanti-
zation pattern fingerprint, thereby reducing the average
number of overhead bits required to signal the transform
index.

Experimental results demonstrate an average bitrate reduc-
tion of −3.69% when using SBGFTs compared to the DCT
variants used in VVC. This reduction increases to −7.92%
when combined with the MLP system, while maintaining
a manageable increase in computational complexity. These
results show how it is indeed possible to enlarge the set of
available transforms for image and intra-frame video coding
with noticeable performance gain.

There are still challenges that need to be tackled for
considering future inclusion of multiple transform coding
into practical image and video compression algorithms. The
extension of the proposed transforms set to variable size
blocks is of course an evident need, and it is actually
the matter of our current research, as modern compression
standards rely on complex partitioning processes, as we
mentioned. Also, as JPEG AI, the first AI-based end-to-
end image compression standard is to be released soon,
experimental comparisons within such pipeline can also
provide interesting insights especially in terms of acceptable
complexity.
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