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Abstract—The burgeoning generative artificial intelligence
technology offers novel insights into the development of semantic
communication (SemCom) frameworks. These frameworks hold
the potential to address the challenges associated with the black-
box nature inherent in existing end-to-end training manner for
the existing SemCom framework, as well as deterioration of
the user experience caused by the inevitable error floor in
deep learning-based SemCom. In this paper, we focus on the
widespread remote monitoring scenario, and propose a semantic
change driven generative SemCom framework. Therein, the
semantic encoder and semantic decoder can be optimized inde-
pendently. Specifically, we develop a modular semantic encoder
with value of information based semantic sampling function. In
addition, we propose a conditional denoising diffusion proba-
bilistic mode-assisted semantic decoder that relies on received
semantic information from the source, namely, the semantic map,
and the local static scene information to remotely regenerate
scenes. Moreover, we demonstrate the effectiveness of the pro-
posed semantic encoder and decoder as well as the considerable
potential in reducing energy consumption through simulation
based on the realistic F composite channel fading model. The
code is available at https://github.com/wty2011jl/SCDGSC.git.

Index Terms—Conditional DDPM, semantic sampling, gener-
ative AI, remote monitoring, value of information

I. INTRODUCTION

As the human society progresses toward the remote man-
agement and automation, a high-capacity system ensuring reli-
ability and cost/power-efficiency will emerge as an imperative
requirement [1]. To achieve optimal effectiveness and the sus-
tainability against this background, semantic communication
(SemCom) has garnered considerable attention as a promising
solution. Exploiting the intelligence of the communicating
parties, SemCom shifts the focus from “how” to transmit to
“what” to transmit [2], so as to boost network performance by
reducing the data required to be transmitted.

Specifically, the research endeavors in SemCom primarily
concentrate on how to extract absolutely required information
for recovering the meaning, i.e., the design of the semantic
encoder and semantic decoder. The existing SemCom frame-
work can be broadly divided into three categories based on the
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adopted semantic extraction methods, i.e., deep learning (DL)
based SemCom, reinforcement learning (RL) based SemCom,
and knowledge base (KB) assisted SemCom [3]. Among them,
DL-based SemCom has emerged as the prevailing choice for
a diverse spectrum of communication tasks [4]. Nevertheless,
the intrinsic limitations of DL give rise to two inevitable
challenges with SemCom. Firstly, the requirement for a dif-
ferentiable loss function places constraints on the selection of
metrics guiding the training process, thereby diminishing its
adaptability to a diverse range of tasks. Secondly, the inher-
ent error floor in DL results in sub-optimal communication
performance, even under ideal channel conditions.

To address the first challenge, RL-based SemCom has
been proposed to allow for the incorporation of more se-
mantic metrics into the training process [5]. However, it
should be noted that RL-based SemCom is only applicable
to sequence-generation tasks due to the recurrent nature of
the actor network. In addition, both DL-based and RL-based
semantic communication exhibit a complete end-to-end black-
box nature, which limits these SemCom frameworks’ social
acceptance and practicality in complex network environments
[3]. In comparison, KB-based SemCom excels in terms of
explainability. Nevertheless, due to the high computational
complexity involved in constructing the KB itself, the appli-
cation of KB-assisted SemCom to real-time, on-demand tasks
is challenging [6].

To address the aforementioned issues, generative artificial
intelligence, particularly the recently prominent conditional
denoising diffusion probabilistic model (DDPM), offers novel
insights for the advancement of semantic encoders and de-
coders. In real life, most communication scenarios do not
necessitate perfect recovery at the bit or pixel level; rather,
they require the retrieved data to closely approximate reality
while ensuring the preservation of complete semantic infor-
mation. This ensures a favorable quality of experience (QoE).
For example, in traffic flow monitoring or parking space
surveillance, the system remains indifferent to particulars like
the color of the vehicle. Instead, it exclusively focuses on
the vehicle’s location, necessitating a high level of image
clarity. To this end, we introduce the conditional DDPM into
the SemCom framework, where the sender only needs to
transmit essential semantic information, expertly extracted by
a customised semantic encoder, as a prompt to the receiver
with the DDPM assisted semantic decoder. The receiver, in
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turn, utilizes this prompt to steer purposeful generation to
fulfil the task of semantic decoding. Thanks to the noteworthy
accomplishments in a plethora of real-world generation tasks,
especially the photo-realistic images generation, the DDPM
model based semantic decoder exhibits the capability to alle-
viate the deterioration of QoE resulting from inevitable error
floors inherent in DL-based SemCom framework.

Taking the above into consideration, we propose a novel
generative Semcom framework explicitly tailored for the
widespread remote monitoring scenario for the first time,
called semantic change driven generative semantic communi-
cation (SCDGSC) framework. In contrast to the three prevail-
ing SemCom frameworks, all of which adhere to the end-to-
end training paradigm, the generative SemCom distinguishes
itself by affording the opportunity for independent design and
optimization of the semantic encoder and semantic decoder,
thereby enhancing the explainability of semantic information.
The specific contributions are as follows.

• We have developed a modular semantic encoder endowed
with semantic sampling capabilities. In this design, we
introduce a more sophisticated semantic criterion for
sampling beyond age, which we refer to as value of
information (VoI). Given that the primary concern of the
receivers predominantly revolves around changes that ex-
ert influence on subsequent tasks, the measurement of VoI
concurrently encompasses the semantic change degree of
the observed scene and the age of information (AoI),
where the changes irrelevant to the task are omitted.

• We have designed a DDPM-assisted semantic decoder,
which exclusively relies on the semantic information
conveyed by the source, specifically, the semantic map,
for the purpose of remote scene generation. Moreover,
in order to generate a close-to-real remote scene, an
image of static information of the remote scene is also
used as one of the inputs to the semantic decoder.
Since it is only updated by the source to the destination
when static information alterations, such as changes in
weather conditions or the time of day, the corresponding
communication overhead is negligible.

• We have conducted training on the models of the target
segmentation module and the DDPM-based scene gen-
eration module within semantic encoder and semantic
decoder, respectively. The adopted dataset is generated
from CDnet2014 [7]. Subsequently, we have evaluated the
efficiency of these models and have provided substantial
evidence of the framework’s considerable potential in
reducing energy consumption through simulation based
on the realistic F composite channel fading model.

II. SYSTEM MODEL

In this work, we focus on a single-source and single-server
remote status update system. Specifically, the source in the
considered scenario is an embedded vision sensor with limited
memory and computing power, which is responsible for mon-
itoring a certain scene, generating a series of visual samples,
and updating the destination on the sampled image timely
via the wireless and wired transmission. The destination is a

remote server, which is for reproducing the remote monitoring
scene in real time for situational awareness, location tracking,
control etc. [8], based on the received samples and the built-
in predictive estimation algorithm, such as Kalman Filter and
future frame prediction.

In sharp contrast to the conventional communication ded-
icated to the optimization of transmission process, (where
the sampled data flow is usually modelled as a stationary
stochastic process or it is assumed that the source adopts
periodic sampling), in this work, the optimization of sampling
process is also factored into the communication process.
The embedded source can semantically sample and extract
most pivotal information to promise a significant reduction in
transmission burden, thus saving considerable resources while
guaranteeing communications performance. The details of the
implementation for the proposed tailored SemCom framework
are presented and studied in Section III.

In addition, we believe that wireless transmission is a bottle-
neck in the communication process. In this sense, we mainly
analyze and evaluate the wireless transmission performance
in this work. Considering the combined effects of multi-path
and shadowing on the practical transmission, we adopt the F
composite fading model to characterize the stochastic wireless
channel [9]. We denote the instantaneous channel gain by g̃.
The probability density function of g̃ is expressed by [9]

f (g̃) =
mm(ms − 1)

ms ḡms g̃m−1

B (m,ms) [mg̃ + (ms − 1) ḡ]
m+ms

, (1)

where m, ms represents the number of clusters of multipath,
shadowing shape, respectively, and ḡ is corresponding average
channel gain, i.e., ḡ = E [g̃]. Moreover, B (·, ·) denotes the
beta function [9]. In this work, we focus on the design of
the semantic encoder and decoder. Without loss of generality,
we assume perfect capacity achieving coding in this work.
It is assumed that in order to cope with stochastic fading,
the transmitter of the embedded vision sensor adopts a power
control technique. We denote the decoding threshold of signal-
to-noise ratio by Θ. In this sense, the achievable transmission
rate is expressed by

R = W log (1 + Θ) , (2)

where W is the allocated bandwidth. Then, the instantaneous
transmit power is expressed as

p̃ =
Θσ2

g̃
. (3)

Since the stochastic fading can be treated as independently
and identically distributed (i.i.d.) among transmission time
intervals, the average transmit power over the time can be
expressed by

p̄ = Eg̃ [p̃] =

∫ ∞

0

Θσ2

g̃
f (g̃) dg̃

= Θσ2

∫ ∞

0

g̃−1f (g̃) dg̃

= Θσ2E
[
g̃−1

]
.

(4)

According to (1), with the aid of [10, eq. (3.194.3)], the nth
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Fig. 1: Semantic change driven generative SemCom framework.

moment of g̃ can be derived as

E [g̃n] =
(ms − 1)

n
ḡnΓ (m+ n) Γ (ms − n)

mnΓ (m) Γ (ms)
, (5)

where Γ (·) represents the gamma function. Substituting the
case of n = −1 in (5) into (4), we can obtain the final
expression of p̄ as below,

p̄ =
Θσ2mΓ (m− 1) Γ (ms + 1)

(ms − 1) ḡΓ (m) Γ (ms)
. (6)

III. SCDGSC: FRAMEWORK AND KEY COMPONENTS

A. Framework Overview

In this work, we develop a novel SCDGSC framework, as
illustrated in Fig. 1. In contrast to the existing SemCom model
characterized by black-box nature of the end-to-end training
manner, a divide-and-conquer approach is adopted in the pro-
posed framework. Moreover, compared to the source encoder
in the conventional communication, which only serves the role
of video or image compression, two additional modules, target
segmentation and VoI-based semantic sampling, are integrated
in the deigned semantic encoder. Accordingly, the semantic
decoder is also integrated two modules, DDPM-based scene
generation and preprocessing module for downstream task,
which correspond to target segmentation module and VoI-
based sampling module, respectively.

It is widely recognized that, in the remote monitoring
system, only the information about changes is of concern,
especially the changes in mission-related objectives. With this
in mind, the captured scene is first fed into the target segmenta-
tion module to extract the location and contour information of
the objectives of interest and simultaneously timestamped with
t. The output of the target segmentation module is hereinafter
referred to as the semantic map, which is denoted by s. For
tracking changes in the scene, the source maintains a cache
to store the last semantic map updated to the destination, the
timestamp of which is denoted by t′. To judge the value of the
newly captured scene, both the semantic maps st and st′ are
fed into the VoI-based semantic sampling module. Different
from the AoI-oriented real-time tracking systems, the module
for semantic sampling not only takes the age |t− t′| into
account, but the semantic changes in the observed scene. We
assume that a VoI threshold (denoted by γth) is set in the
system. If γt is less than γth, the current semantic map st is

discarded directly at the source. Otherwise, the semantic map
st′ is replaced by st for the next sampling judgement. At the
same time, the semantic map st is fed into the compression
model and then sent to the destination as an update sample.

As opposed to the process of semantic encoding, the re-
ceived compressed updated samples after the channel decoder
are firstly fed into the image/video decompression module.
Then, the recovered semantic maps are taken as one of the
three inputs of DDPM-based scene generation module to guide
the generation of the real-time remote scene. Moreover, for
synthesizing a seamless and realistic scene, the static scene
information of the remote scene also acts as an input of the
generation module, which is denoted by r. In addition, the
third input is a pure noise image, which is the outcome of the
Gaussian-based forward process of DDPM model itself. At
last, the generated scene images are input into the preprocesing
module for the downstream task. Take video surveillance
reconstruction as an example. The generated images as well as
their timestamp information can be input into a frame predic-
tion module, which can present users with the illusion of the
real-time transmission for the remote scene, by leveraging the
frame prediction techniques. The details of the key component
design can be found in the next subsection.

B. Key Component Design

Given the space limitation, only three modules proposed
in this work, target segmentation, VoI-based semantic sample,
and DDPM-based scene generation, are presented here for the
implementation process.

1) Target Segmentation: The design of the target segmenta-
tion can be divided into four parts. The first block is called the
initial block, which serves primarily to reduce the size of the
subsequent feature map by down-sampling the captured scene
image. The second part is the backbone, which is employed
to extract the semantic information embedded in the original
image. Given the limited computing capacity of the embedded
vision sensor, we opt for the MobileNetV3 backbone [11] in
this work due to its commendable balance between computa-
tional efficiency and accuracy. During the semantic extraction,
four feature maps can be acquired, two of which are fed
into the Lite-R-ASPP segmentation head [11] for the further
semantic aggregation and the final target segmentation results.
Moreover, to ensure the transmission quality, we add a channel
adaptive interpolate block to resize the semantic map before
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output, which is controlled by a down-sampling parameter.
The specific mapping of down-sampling parameters to channel
conditions needs further research in particular scenarios.

2) VoI-based Semantic Sampling Module: The VoI metric
considered in this work encompasses two aspects. One is
the age of the sample updated to the destination, which can
be approximated by calculating the difference between the
timestamps of the current captured scene and the last updated
scene. As stated in Section III-A, it can be expressed by

γAoI
t = |t− t′| . (7)

The other is the semantic change degree, which can be
obtained by comparing the differences between two semantic
maps st and st′ . Since the semantic map contains only the
location and contour information of the target of interest to
the task, the changes about the irrelevant information, such
as times of the day and weather, are self-ignored during the
comparison. We denote the total number of the pixels occupied
by the task-relevant objectives in semantic maps st and s′t by
nt and nt′ , respectively. Moreover, the number of the pixels in
the intersection of the pixel set occupied by the objectives in
the two semantic maps is denoted by ntt′ . Then, the semantic
change degree can be expressed by

γchange
t =

nt + nt′ − 2ntt′

nt + nt′
. (8)

From (8), we can see that, if the target regions in the two
semantic maps overlap exactly, γchange = 0, which means
that the scene has not undergone a semantic change in the
meantime. In contrast, if the target regions in the two semantic
maps are completely separated, γchange = 1, which is the
maximum value of the semantic change degree. Since in real-
world scenarios, the generation at the destination side needs
to rely on predictive techniques, the information that the scene
has not changed can also facilitate a better grasp of the
evolution of the environment. With this in mind, considering
the both factors, the complete expression of VoI can be
formulated as

γt = τ1γ
AoI
t + τ2γ

change
t , (9)

where parameters τ1 and τ2 are used to adjust the sensitivity
of the VoI to the semantic change degree and AoI.

3) DDPM-based Scene Generation Model: Inspired of
the remarkable success of the DDPM model in a plethora
of real-world generation tasks, we involve the conditional
DDPM into the SemCom framework as the core of se-
mantic decoder. As discussed in Section III-A, both static
scene r and the real-time semantic map st are taken
as the inputs to guide the generation process. Therefore,
the conditional DDPM can be treated as a latent vari-
able model of the form pθ (x0) :=

∫
pθ (x0:N |r, st ) dx0:N ,

where x1, . . . ,xT are latents with the same dimension-
ality as the possible generated data x0 ∼ q (x0), and
pθ (x0:N |r, st ) = p (xN )

∏N
n=1 pθ (xn−1 |xn, r, st ). The

joint distribution pθ (x0:N |r, st ) is called the reverse process,
which can be modelled as a Markov chain with learned
Gaussian transitions

pθ (xn−1 |xn, r, st ) = N
(
xn−1; µ̃θ (xn,x0) , β̃θI

)
, (10)

Fig. 2: Loss function for conditional DDPM.

starting at a pure noise image xN ∼ N (xN ;0, I). To
facilitate learning pθ (x0:N |r, st ), an approximate posterior
q (x1:N |x0 ) named forward process is defined and fixed to
a Markov chain that progressively adds Gaussian noise into
the data under a variance schedule β1, . . . , βN

1. Given that
ᾱn :=

∏n
s=1 (1− βs), the forward process is expressed by

q (xn |xn−1 ) = N
(
xn;

√
1− βnx0, βnI

)
, (11)

q (xn |x0 ) = N
(
xn;

√
ᾱnx0, (1− ᾱn) I

)
. (12)

Moreover, following the properties of the Gaussian distribu-
tion, the posteriors of the forward process, q (xn−1 |xn,x0 ),
also obeys a Gaussian distribution, i.e.,

q (xn−1 |xn,x0 ) = N
(
xn−1; µ̃n (xn,x0) , β̃nI

)
. (13)

Based on (11) and (12), we have [12]

µ̃n (xn, x0) =
1√

1− βn

xn − βn√
1− βn

√
1− ᾱn

ϵ, (14)

β̃n =
1− ᾱn−1

1− ᾱn
βn. (15)

The conditional DDPM is trained to optimize the upper
variational bound on negative log likelihood via minimizing
the gap between q (xn−1 |xn,x0 ) and pθ (xn−1 |xn, r, st ).
According to (15), in our work, the coefficient of variance
can be considered as a constant. As such, in this DDPM, it
is only required to make µ̃θ (xn,x0) as close as possible to
µ̃n (xn,x0). By the observation of (14), an U-Net network
ϵ̂θ (xn, r, st) is employed to approximate the noise ϵ generated
in each step.

Following the formulation of [12], the simplified denoising
loss function can be expressed by

Ld = En,xn,ϵ

[∥∥ϵ− ϵθ
(√

ᾱnxn +
√
1− ᾱnϵ, r, st, n

)∥∥
2

]
.

(16)
In addition, according to [13], the performance of conditional
DDPM can be enhance by gradient of the log probability

1In this work, the variance schedule is held constant as hyperparameters.

TABLE I: Performance of target segmentation.

Metrics Value
Average row correct [‘99.5’,‘71.9’]

Intersection over Union (IoU) [‘97.9’,‘65.6’]
mean IoU 81.7
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(a)

(b)

Fig. 3: Visual results. (a) Inference procedure; (b) Performance comparison in different weather conditions.

distribution ∇xn log p (st |xn ). In this work, we adopt the
classifier-free guidance to implicitly infers the gradient of
the log probability [14], as shown in (17). Specifically, the
semantic map st is replaced with a null label ∅ to disentangle
the noise estimated under the guidance of semantic map
ϵθ (xn |r, st ) from unconditional situation ϵθ (xn |r ).

ϵθ (xn |r, st )− ϵθ (xn |r )
∝∇xn log p (xn |st, r )−∇xn log p (xn |r )
∝∇xn log p (st |xn )

(17)

Thus, the noise estimation can be performed based on the
disentangled component, which can be refined as

ϵ̂θ (xn |r, st ) = ϵθ (xn |r, st )+k·(ϵθ (xn |r, st )− ϵθ (xn |r )) ,
(18)

where k is the guidance scale, which allows the generated data
to follow the semantic map more strictly.

IV. EVALUATION

A. Setup

1) Datasets: We select data from the ‘baseline’ category
within the CDNet2014 dataset [7], specifically focusing on
road traffic scenarios, as our training and evaluation dataset
for target segmentation and conditional DDPM. Specifically, in

the training of conditional DDPM, the image of moment“t0”
in the CDnet2014 is treated as the reference image and the
results of the target segmentation are used as the semantic
map. The images at other moments are treated as the labels.
We add weather filters for rain, snow and fog to all the images.
The training and test sets are divided in a ratio of 8 : 2. The
image size is reshaped into (128, 96).

2) Hyperparameters: For the target segmentation, we em-
ploy the architecture of Lite R-ASPP and trained on the
basis of the pre-training weights obtained by pre-training on
COCO 2. Moreover, we set the number of class as 2. For the
conditional DDPM, the structure of employed U-Net network
can be referred to in [14]. It comprises a number of channels
equal to [64, 64, 128, 128, 256, 256, 512, and 512]. We
have T = 1000, and a linear variance schedule. Finally, the
guidance scale k is set to 4. The batch size is set to 6 and the
learning rate is set to 2e− 5.

3) Simulation parameter: For the adopted F composite
fading model, we take fading severity of m = 6, shadowing
shape ms = 6. Moreover, the average channel gain is treated
as the pass loss, which is modeled as 35.3 + 37.6log10(d) in
dB. The distance between the vision sensor and the wireless
base station is d = 100m. The SNR threshold is set to 15 dB.

2https://download.pytorch.orgmodelslraspp mobilenet v3 large-
d234d4ea.pth
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The bandwidth is W = 1 MHz. The noising power is -
90 dBm/Hz. Moreover, given the scenario we focus on, we
set τ1 = 0 and τ2 = 1.

B. Results Analysis
Applying the re-trained model of Lite-R-ASPP [11] to the

test set, the performance results are summarized in Table I.
Taking the output of the Lite-R-ASPP network as one of
the inputs of the conditional DDPM, the training and the
testing loss of the DDPM is shown in Fig. 2. The visual
results can be found in Fig. 3. Specifically, Fig. 3(a) shows
the denoising process. The image in the left column is the
real-world scene. The middle column shows the semantic
map and the reference image, which can be considered as
the prompt for the virtual scene generation. The ten images
depicted on the right are captured from the denoising process
from step 999 to step 0. By comparing the generated image
denoted as x̂0 and the original image, it becomes evident
that, while there exist disparities in the specific details and
coloration of the vehicles compared to the real scene, the
positional alignment of the vehicles remains consistent. This
achievement signifies the system’s proficiency in preserving
essential semantic information, and also allows the framework
to be used in the common scenarios that are not concerned with
specific details, such as car park space monitoring, traffic flow
monitoring, etc. Additionally, as demonstrated in Fig. 3(b),
even in the face of diverse weather conditions, the transmission
of a semantic map of the real scene suffices. The receiver side
adaptively reconstructs a virtual image at the remote location,
leveraging the local reference image as a foundation. We adopt
the JPEG image compression technique. The datasize of the
image of the real scene shown in Fig. 3(a) in different weather
and the semantic map are 93 kb, 96 kb, 82 kb, 128 kb and 5 kb,
respectively. The comparison of energy consumption of the
image transmission is shown in Fig. 4(a). In addition, when we
set the VoI thresholds to different values, the comparison of the
total energy of data transmission when monitoring the same
scene is shown in Fig. 4(b). Simulation results unequivocally
underscore the substantial potential of the proposed framework
in reducing energy consumption, which contributes to the
sustainability of embedded vision sensors.

V. CONCLUSION

In this paper, we focused on the remote monitoring scenario
and proposed a semantic change driven generative semantic
communication framework. The distinctiveness of the envis-
aged framework resided in the design of semantic encoder
and decoder, which were bolstered by the advanced semantic
segmentation and conditional generative AI techniques, re-
spectively. In contrast to the existing SemCom model charac-
terized by black-box nature of the end-to-end training manner,
a divide-and-conquer approach was adopted in the proposed
framework. Simulation results demonstrated the effectiveness
of the proposed framework and considerable potential for
energy savings. In the future, we will systematically investigate
semantic sampling optimization within resource constraints
and the optimal VoI threshold in this framework, employing
diverse performance metrics for downstream tasks.

(a)

(b)

Fig. 4: Comparison of energy consumption. (a) Comparison
under different weather conditions; (b) Comparison with dif-
ferent VoI thresholds.
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