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Abstract—In this paper, we explore the rate-distortion theory
for semantic communication with zero perception error (ZEPE).
By incorporating a ZEPE constraint, the decoder can generate
a reconstructed signal that maintains ZEPE while satisfying a
given distortion constraint. This approach can be viewed as a
special case of the conventional rate-distortion framework. We
derive the optimal transition probability and extend the ZEPE
rate-distortion framework to include inferred latent variables,
which can capture the semantic meaning of the observed signal.
For practical implementations, we discuss the use of generative
models such as variational autoencoders (VAEs).

Index Terms—Rate-Distortion Theory; Semantic Communica-
tion; Zero Perception Error

I. INTRODUCTION

Recent advancements in deep learning have enabled semantic
communication [1], [2], which focuses on transmitting the
meaning or semantics extracted from source information to
maximize effectiveness in a given task [3], [4]. In this context,
deep joint source-channel coding has also been considered to
enable end-to-end optimization of the encoding and decoding
processes, aiming to preserve task-relevant semantics rather
than achieving precise reconstruction [5]. While various mea-
sures can be used to capture the effectiveness of conveying the
semantics of a given source, it is essential to minimize the per-
ception error in the received information. To better understand
the theoretical foundations of semantic communication and its
connection to classical communication, it may be necessary to
investigate how semantics and perception influence the trade-
off between rate and distortion. This can be done by extending
classical rate-distortion (R-D) theory through the integration of
the rate-distortion-perception (R-D-P) framework [6] and the
indirect rate-distortion (I-R-D) framework [7].

In the R-D theory, the minimum required rate is derived to
achieve a given distortion level [8], while the R-D-P tradeoff
introduces an additional constraint to guarantee a target percep-
tion error [6], which increases the required rate. Semantic com-
munication’s aim of minimizing perception error is captured by
the special case of zero perception error (ZEPE), also known
as perfect perception [9]. The prior work in [6] has shown

that, when distortion is measured using the mean squared error
(MSE), achieving ZEPE incurs a cost equivalent to doubling the
minimum achievable MSE distortion. However, since distortion
is measured in the sample domain while perception is often
defined over the distribution domain, generalizing this result
and deriving an optimal solution for ZEPE R-D-P remains a
challenging problem.

On the other hand, I-R-D extends R-D by introducing an
unobserved state of the source [7]. This unobserved latent
variable, which can be extracted using neural networks such
as autoencoders [10], corresponds to the semantics in semantic
communication. The prior work in [7] derives a closed-form
solution only under the assumption of a linear relationship
between the source and the latent variable. Generalizing this
result and incorporating the missing ZEPE constraint into I-R-
D is a non-trivial extension requiring further investigation.

In this work, we generalize R-D-P by deriving a closed-
form relationship between the transmitting signal distribution
P and the reconstructed signal distribution () that satisfies the
optimality of ZEPE R-D-P under a generic distortion measure.
We further integrate this result with I-R-D and derive a closed-
form solution for () under the ZEPE constraint, given a generic
latent variable. Leveraging this result with generative models
[10] [11], we can provide practical insights into the design
of generative semantic communication systems and hybrid
semantic-classical communication architectures.

Notation: Let D(P;@Q) be the Kullback-Leibler (KL) di-
vergence between two distributions, P and @), which is given
by D(P;Q) = >, prlog %. The mutual information between
x and y is denoted by I(x;y), which is given by l(x;y) =
>k 2y Pr(x,y)log % = D(Pr(x,y); Pr(x) Pr(y)).

II. BACKGROUND
A. Rate-Distortion Theory

Suppose that x € X C R" represents a signal from a source,
sampled from distribution P(x), where X denotes the set of
all signal vectors x. Its reconstructed signal is represented by
y € Y C R", which is assumed to a sample from distribution



Q(y). Here, ) denotes the set of all possible reconstructed sig-
nal vectors y, and Q(y) is the following marginal distribution:
Qly) = >, Q(y|x)P(x), where Q(y|x) is the conditional
distribution. Denote by d(x,y) the distortion between x and y,
which is a function of x and y, i.e.,, d : X x Y — R, where
R* = {z: z > 0}. Then, the R-D relation is characterized by
the following optimization problem:

R = mingy|x) (x;y)
subject to (s.t.) E[d(x,y)] < D, (1)

where D > 0 is a constant. The resulting pair (R, D) forms a
R-D curve, i.e., the R-D function, denoted by R(D), which is
a convex function of D [8].

B. Rate-Distortion-Perception Tradeoff

In [6], the concept of the R-D tradeoff is expanded to
incorporate considerations of perceptual quality in signal recon-
struction. This extension addresses a fundamental limitation in
conventional distortion measures, which typically quantify the
difference between the original signal and its reconstruction
using metrics such as ||x—y]|?, which leads to the conventional
MSE measure for the distortion. However, such measures often
fail to accurately capture human perception of quality, as they
may not align well with the characteristics of human sensory
systems. Consequently, it is desirable to explore alternative
measures that better capture perceptual aspects [12].

When the perceptual quality can be measured by distribu-
tions rather than samples themselves, the KL divergence is
commonly used [9]. In this case, with both the distortion and
perception constraints, the following optimization problem can
be formulated [6]:

R = minQ(y | %) |(X; y)
s.t. D(P;Q) < & and E[d(x,y)] < D, @)

where § > 0. Clearly, R > R(D) due to the additional
perception constraint, D(P;@Q) < J. The resulting R-D-P
function, R(D, ), is convex in D and ¢ [6].

From (2), we can also consider an extreme case as follows:

s.t. D(P; Q) S 3)

where the distortion constraint, E[d(x,y)] < D, is fully
relaxed. In this case, it is possible to achieve (R,d) =
(Ix:¥), D(P;Q)) = (0,0) by setting Q(y|x) = Q(y) =
P(y). That is, the decoder generates the output independently
of the input, x, while the output being a sample from distribu-
tion P(y). As a result, we have I(x;y) = 0.

For example, let x be an image of handwritten digits. If the
perceptual constraint in (3) allows distinguishing digits, then
any image of the same digit could suffice for recognition, even
with R = 0. This illustrates that perfect perceptual quality can
occur without transmitting information.

III. ZERO PERCEPTION ERROR RATE-DISTORTION
FuNcTION

In this section, we consider a modified R-D function with
a constraint of D(P;@) = 0, which can provide ZEPE
reconstructions by ensuring that the reconstructed signal y ~ @
perfectly preserves the perceptual characteristics of the original
signal x ~ P. Throughout the paper, we assume that ) = X.
In addition, let X = x and Y = y for notational convenience.

Based on the standard R-D function characterized as an
optimization problem in (1), we can consider the following
modified optimization problem:

R = minQ(ym) |(AX7 Y)
>, Qy|z)P(z),Vy, Ed(X,Y)] <D, 4

The first constraint ensures ZEPE and is thus referred to as
the ZEPE constraint, with the resulting R-D function called the
ZEPE R-D function. This additional constraint leads to a higher
rate compared to the conventional R-D function for the same
distortion level. While the perception error is eliminated, tra-
ditional distortion metrics (e.g., MSE) may increase, requiring
more bits to maintain the same level of conventional distortion.
This reflects a fundamental trade-off: achieving perceptual
fidelity under the ZEPE constraint may incur a rate penalty
due to the stricter perceptual requirement.

Lemma 1: The problem in (4) is a convex optimization
problem, and if the solution is given by (if it exists)

u(y)7 5)

s.t. P(y) =

Q(y | x) ox e M@w)=
where A and u(y) are Lagrange multipliers.

Proof: Due to the ZEPE constraint, the mutual information
becomes

I(X;Y) = H(Y) —H(Y | X) = H(X) —H(Y [ X). (6)

Thus, minimizing 1(X;Y") becomes equivalent to maximizing

H(Y'| X) or minimizing }°,  Q(y|z)P(x)logQ(y|x). The
resulting unconstrained optimization problem is given by

L(Q, A p) = ZQy\w )1og Q(y | z)
-‘r/\(Zd.’L‘y (y|z)P( )—D)
+> u(y) (ZQ(ylw)P x

which shows that the objective function is a convex function of

Q(y | ) and constraints are linear. By differentiating £(Q, A, )

and setting it to zero, we have (5), which completes the proof.

|

Lemma 2: With the ZEPE constraint, Q(y | «) in (5) is now
dependent only on \ as follows:

Qu(y | x) = v(y)e M@v), 8)

where

Ply) > 0. )

W)= S i) 2




Furthermore, v(y)e~*®¥) is decreasing in \.

Proof: In (5), Q(y | x) can be rewritten as

Qy|2) = v(y)e MY (10)

where v(y) o< e () > 0 is a function of . Due to the ZEPE
constraint, we have

Hw:ZQM@H@
Ze

which leads to (9). We can readily show that Q,(y|z) in (8)
decreases with \. This completes the proof. ]

Thanks to Lemma 2, the ZEPE R-D function can be found
by optimizing A only. To this end, the bi-section method can
be used.

Example 1: Let X =) = {1,...,6}, P(z) = 57, x € X,
and d(z,y) = 2|z —y|*>, x € X, y € Y. In Fig. 1, we show
two R-D functions: the standard (or conventional) R-D function
and the ZEPE R-D function. It is clearly shown that the rate of
the ZEPE R-D function is higher than that of the conventional
one for the same distortion. Notably, the KL divergence of
the ZEPE reconstruction is zero, as expected, whereas that of
the conventional reconstruction can be arbitrarily high unless
the distortion is sufficiently small. This indicates that the con-
ventional reconstruction is not necessarily close to the original
signal in terms of perceptual quality.
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Fig. 1: Conventional and ZEPE R-D functions.

It is noteworthy that since the rate of the ZEPE R-D function
is higher than that of the conventional one, it might be seen as
less bandwidth-efficient. However, in an extreme case, the rate
can be reduced to zero if actual distortion is not a concern,
while still maintaining ZEPE. Thus, when considering the
ZEPE R-D function, we may allow a larger distortion, as the
reconstructed signal may preserve the same perceptual quality
despite higher conventional distortion.

IV. RATE DISTORTION FUNCTION OF SEMANTIC SOURCES
A. Semantic Rate-Distortion

In [7], the signal source X is characterized as an observation
that depends on a hidden or latent variable Z € Z, where
Z represents the latent space. In other words, X follows the
conditional probability distribution P(X |Z) for a given Z.
The pair of Z and X, i.e., (Z, X), is called a semantic source.
It is assumed that X is available as an observation, while
Z is unknown. In this sense, Z and X are also referred to
as the intrinsic state variable and the extrinsic observation,
respectively. An encoder’s task is to estimate Z from the
observation X and encode X for reconstruction at a decoder.

Let Z € Z be the estimate of Z, where Z is the space of
all possible Z. Then, the outputs of the decoder are Y and Z.
Thus, the following optimization problem is considered [7]:

R= miPQ(Z,Y|X) I(X;Y)
subject to E[ds(Z, Z)] < Dy and E[d(X,Y)] < D, (12)

where Dy > 0 is a constant and dg : Z X Z — Rt is the
distortion function between Z and Z, and Q(Z,Y | X) is the
joint conditional distribution of Z and Y for given X. In [7],
it is shown that

Elds(Z, Z)] = Elds(X, Z)] (13)

where

d\(X,2) =Eld(2,2)|X] = 3 7( | 2)dy(2, 2).

z€EZ

(14)

Here, 7(z | x) is the conditional distribution of z for given X =
x, 1.€.,

P(z|z)m(z)
Yeez Plal2)m(z)”

where 7(z) is the distribution of Z. Using the Markov chain,
Z—X— (Y, Z), we can also readily shown that

Zd zzZszLr z|2)m(2)
= st (2,2)Q(2] 2)7(2),
where Q(2|2) = >, Q(2,y[z)P(z|z). Then, it can be

shown that R(D, Ds), which is the solution of (12), is convex
in D and D;.

m(z|z) = (15)

(16)

B. ZEPE Rate-Distortion with Latent Variables

While the distortion of the latent variable has been studied in
[7] for semantic communication, we take a different approach
by incorporating ZEPE, which will be discussed in this sub-
section.

With the introduction of the latent variable Z, the signal
transmission process can be understood through the following
Markov chain:

75X Y. (17)



In general, in the context of semantic communication, we

assume that

2] <], (18)

i.e., the number of possible latent representations in Z is
significantly smaller than the number of possible observed
signals in X’. This implies that semantic communication aims
to achieve efficient compression by mapping a large input space
to a much smaller latent space while preserving the essential
meaning of the information. Thus, the sender (or encoder) can
infer the latent variable Z as in [7] and transmit it instead of X
to the receiver (or decoder). The receiver can generate a sample
Y, which requires a lower transmission rate bounded as follow:
Rsc = H(Z) < log, | Z|, while the associated Markov chain is
given by

Z =Y 19)
More importantly, when aiming to achieve ZEPE transmissions,
we need to ensure that D(P(X | Z); Q(Y'| Z)) = 0, which can
be satisfied if the following condition holds:

QW' |2) =P | 2),Y(y,

In other words, with the latent variable, Z, the receiver is
expected to generate a signal, Y, from P(y/ | z) with ZEPE.

The above ZEPE approach can be generalized to take into
account the distortion. To this end, we can formulate the
following optimization problem for the ZEPE semantic R-D
function:

) eYxZ. (20)

R min (X;Y|2)
Qy|=z,2)
S.t.
{ Pyl z) =3, Qlylz, 2)P(x]2),Y(y,2) €Y X Z, 5\
E[d(X,Y)|Z =2 < D(z), z€ Z,

where D(z) represents the distortion threshold for a given latent
variable Z = z. In (21), the first constraint is to ensure ZEPE,
ie, D(QY|Z); P(Y|Z)) = 0. It is noteworthy that R in
(21) is the rate that does not include the rate to transmit the
latent variable, Z. Thus, the actual rate becomes Rs. + H(Z).

Lemma 3: With the ZEPE constraint, for given A(z), which
are the Lagrange multipliers for the distortion constraints, the
optimal transition probability in (22) is given by

Qa(y|z,z) = v(y, z)e NHdxv), (22)

where
P(y|z)
Zw e_A(Z)d(Ivy)P(qj | Z)

v(y,z) =

> 0. (23)

Then, for each z € Z, A(z) can be determined to satisfy the
second constraint in (22) for a given D(z).
Proof: Tt can be shown that

(X;Y|Z)=H(Y|Z) -
—H(X|2Z) -

HY' Y, Z)

HY | X, Z), 24)

where the last equality is due to the ZEPE constraint. Thus, we

need to minimize
-HY |X,2) = ZQy|xz (z,2)1og Q(y |z, z).
©,y,z

Then, we can consider the following objective function for an
unconstrained optimization problem:

LQ M) =) Qy|z,2)P(

z,Y,%

—|—Z/\ (Zd z,y)Q(y |z, z)P(x, 2) —D(z)>
+D_nly:2) (ZQy“ (2]2) - (y|z)>,(25>

where the last term can be modified as follows:
Y,z
s (ZQ 1 P, 2) - P(y,z>).

Then, letting fi(y, z) = %, thanks to Lemma 1, we have

(z,2)1log Q(y | 2, 2)

Qly |z, 2) x e~ M@)d(@,y)—i(y,2) (26)

From Lemma 2, it can also be shown that Q(y | x, z) becomes
Qx(y|x,z) in (22) for a given A. [ |

In the distortion-constrained ZEPE approach, the latent vari-
able Z can be seen as side information that aids in generating
the reconstructed signal for ZEPE. Additionally, the distortion
thresholds D(z) can be adjusted to produce reconstructed
signals that more closely resemble X, at the cost of an increased
number of bits, quantified by I(Y; X |Z2).

C. Relation to Other Approaches

It is noteworthy that the semantic rate-distortion framework is
related to the rate-perception-classification (R-P-C) framework
for task-oriented communication [13]. In particular, the R-P-C
framework imposes an additional constraint on the classification
in (3), as follows:

R = minQ(mI) |(X; Y)

D(P;Q) <96
S { H(S|Y) <c,

where S is the classification or label variable, which is not
directly observable, but can be inferred from X, and C' > 0.
Thus, the second constraint in (27) ensures that the received
signal Y retains sufficient information to identify the label S
with an uncertainty no greater than C'. This reflects the task-
oriented nature of the R-P-C framework, where the reconstruc-
tion is not only judged by fidelity but also by its utility in
downstream tasks such as classification.

Howeyver, the main difference from the R-P-C framework is
that S is considered the semantic variable in the semantic rate-
distortion framework (i.e., S = Z), which is extracted at the
semantic encoder and transmitted to the receiver. In contrast
to R-P-C, where the decoder must infer S from the received

27



representation y, the semantic rate-distortion framework treats
S as an explicit part of the communication process.

Another approach related to the semantic rate-distortion
framework is optimal transport [14], which has also been
extensively studied in the context of quantization and lossy
compression [15] [16] [17]. In particular, [16] considers the
following problem under the Markov chain X — Z — Y

D(P(z),Q(y), R) = ming , ,eq E[d(X,Y)]
s.t. H(Z) < R, (28)
where Q denotes the set of joint distributions defined as

9={Q: Qz,z,y) = P(z)P(z|2)Q(y | 2),

In (28), P(z|x) can be assumed to be given, acting as a
stochastic semantic encoder, where Z represents the inferred
semantic meaning of X, subject to the rate constraint, H(Z) <
R. This constraint ensures that the semantic representation Z
remains compressible within the target rate budget, while still
preserving sufficient information for accurate reconstruction
of Y. The decoder then maps Z to Y through a learned or
optimized conditional distribution Q(y | z), aiming to minimize
the expected distortion between the original signal X and its
reconstruction Y.

Note that in (28), the marginal distributions, P(x) and Q(y),
are assumed to be given. In general, P(x) represents the
distribution of noise-corrupted or degraded images, while Q(y)
denotes the distribution of clean or high-quality reconstructions.
Thus, through the formulation in (28), the goal is to compress
and restore a degraded image, where the intermediate semantic
representation Z enables meaningful reconstruction under a rate
constraint.

On the other hand, in the semantic rate-distortion framework,
X represents an original image, which is not necessarily
degraded or noisy. The focus is not on reconstruction but on
capturing and transmitting the semantic content of the input
with minimal rate and acceptable distortion. In this setting,
the semantic variable Z is inferred from X and directly
communicated to the receiver, who reconstructs a meaningful
output Y based on Z.

V. GENERATIVE MODELS FOR IMPLEMENTATION

As in [7], the latent variable, Z, in the context of semantic
communication can be seen as the intention or meaning of a
given observation, X. This is also considered for modeling the
LLM [18], where X is seen as a message that is associated
with an intention or meaning. Thus, it is essential to infer Z
from X at the encoder, which is also essential for ZEPE as
shown earlier. In this section, we consider two approaches for
ZEPE R-D framework based on generative models. To discuss
practical approaches, we now consider the case where the signal
or observation is a vector x € R"”, as defined earlier.

A. ZEPE via VAE

In this subsection, we demonstrate that the VAE [10] for
lossy compression can be used for ZEPE, which has also been
used for joint source-channel coding [19]. In particular, we
consider the system model shown in Fig. 2, where the signal, x,
becomes the input to the semantic encoder that infers the latent
variable, z. The latent variable is transmitted to the decoder,
which generates a reconstructed signal, denoted by X. There
are two key assumptions. First, the meaning or intention of
x, denoted by w, can be perfectly inferred by the encoder,
ensuring that w < z, i.e., z and w have a bijective relationship.
Second, the transmission is error-free, meaning that z = z.
Consequently, we assume that w = z = z.

NEnEn
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Fig. 2: A diagram for semantic communication with ZEPE.

When the VAE is used, the encoder functions as the semantic
encoder to infer z, while the decoder acts as a generator to
produce x from z. Based on this, the input-output relation of
the VAE can be expressed as the following transition probability
or conditional distribution involving the encoder and decoder
distributions:

Qy|x) =) G(yl2)é(=z]x), (29)
where &(z | x) represents the encoder distribution, and G(y | z)
represents the decoder distribution.

Suppose that the input space, X, is given by X = U%:l X,
where X, is the subset associated with the intention Z = m.
When x € &, suppose that the following relation holds:

&(z|x) =6(z — zm),

where z,, is the latent vector associated with Z = m. For
any unambiguous model, the encoder can uniquely identify the
intention [18]. In this case, we can assume that X, N X; = ()
for | # m. Thus, from (29), we have

(30)

Qly|x)=G(y|zm) for x € X,,. 31
From this, it can be shown that
Qy) =Y Q(y[x)P(x)
(32)

= G(ylzm) Pr(x € &,p).

Note that when there is no ambiguity in the model, we can
assume that 7,,(z) = §(z — z;,) in (30). Thus, P(x) =



foil P(X|%m)Tm, where 7, = Pr(Z = m). As a result,
in (32), if

G(x|2zm) < P(x|2m)
Pr(x € X)) < T,

(33)
(34)

we have Q(x) = P(x), which demonstrates that the VAE is
capable of ZEPE. Note that (33) is equivalent to the ZEPE con-
straint in the ZEPE R-D framework, as G(x | z,,) = Q(¥ | zm ).

B. A Hybrid Approach

The semantic rate-distortion framework states that satisfying
the ZEPE constraint requires a higher rate to achieve the same
distortion (see Fig. 1), which can be achieved by transmitting
additional bits. However, this method depends on detailed
statistical knowledge of the signal, which may not be practical
or adaptable to specific samples. Furthermore, in practice, the
encoder and decoder of semantic communication are commonly
implemented as a neural network pre-trained over a large
dataset, and thus cannot flexibly adjust their input and output
dimensions for each sample. To overcome these challenges, we
introduce a hybrid approach, where a semantic communciation
link is employed to meet the ZEPE constraint (or achieve suffi-
ciently low perception error), while a classical communication
link is used to further reduce distortion, conditioned on the
outcome of the semantic communication link.

Precisely, the encoder is able to extract the latent vector, z,
which is transmitted to the decoder. Subsequently, y is sampled
from Q(y|z) = P(y|z), which is a generated signal with
ZEPE. To further minimize distortion, based on the null space
decomposition [20], the encoder may transmit additional bits
or signals. To determine what additional signals are needed, we
express x as follows:

x=ATAx+ (I- ATA)x, (35)

where A € R?X™ represents a projection matrix that maps the
signal vector x onto a lower-dimensional space (of dimension
d < n). Here, AT denotes the pseudo-inverse of A. It is now
assumed that x in the second term on the right-hand side (RHS)
is replaced with a generated signal at the decoder, X ~ Q(y | ).
Then, the reconstructed signal becomes

x=ATAx+ (I- ATA)x, (36)

where the projected signal, Ax € R?, is additionally transmit-
ted from the encoder to the decoder. The resulting approach is
referred to as the hybrid approach, since the encoder sends z
(for ZEPE) as well as Ax (for low distortion).

It is noteworthy that the projection matrix, A, can be
optimized to minimize the distortion, i.e.,

A = argmin E[d(x, X)]. (37)
A
If the MSE is used, it can be shown that
Eld(x, %)] = E[E[|[x — x|* | 2]]
=E[E[||x — ATAx + (I - ATA)%||? | 2]
= (I- ATA)E[E[||x — %[ | ], (38)

where X ~ Q(y | z). It is also possible to separately optimize
A foreach z € Z.

Fig. 3a shows an example of a handwritten digit image.
By transmitting the latent variable corresponding to digit 2,
the decoder is able to generate an image of digit 2, which
is X. While both the original and generated images (i.e., x
and X, respectively) convey the same semantic meaning - that
they represent the digit 2 - the unique characteristics of the
original image are not effectively preserved in X. However, by
transmitting additional bits for Ax, the reconstructed image
can better capture the finer details and structure of the original.
Furthermore, increasing the dimension of the projected space,
d, allows for a richer representation, further improving the
fidelity of the reconstructed image. Similar observations hold
for higher-resolution images, as shown in Fig. 3b. A more
detailed approach and simulation results can be found in [21],
where a hybrid semantic-classical coding scheme is proposed
to balance semantic preservation and perceptual quality.

2J2Q2(2]7

d=18
(a) MNIST samples (28 x28 handwritten digit images).
X X

d=11 d=48

(b) Flickr 8k (256x256 images)

Fig. 3: Hybrid transmission experiments under (a) the MNIST
and (b) Flickr 8k images.

VI. CONCLUSION

In this paper, a semantic R-D theory was studied with a ZEPE
constraint so that the reconstructed signals should have no per-
ceptual difference from the original signals while allowing for
a certain level of distortion in terms of traditional metrics. By
incorporating this constraint, we derived the optimal transition
probability and analyzed the trade-off between rate and distor-
tion under the ZEPE condition. Furthermore, we extended the
framework to include inferred latent variables, which capture
the semantic meaning of the original signals. For practical
implementation, we discussed the use of generative models
such as VAEs to achieve effective semantic reconstruction.

There are several important issues to be addressed in future
work. For instance, in the hybrid approach, a linear projection
was employed to send an additional signal in order to reduce
the distortion. However, this approach does not guarantee that
the resulting signal will have ZEPE. To mitigate this issue,
we can explore the use of machine learning models, such as
generative networks, that can learn to reconstruct signals with
ZEPE while minimizing distortion.
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