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Abstract: In the world of Six-Generation 6G network, real-time medical streaming plays an important part in
providing fast and accurate services. A new method known as cross-modal semantic communication helps in
sending meaningful information to different types of data. This paper presents a deep neural network based
system that uses 6G cross-modal semantic communication systems to handle medical streaming in real time.
The proposed system includes a semantic encoder, a semantic decoder, and a method capable of measuring
similarity meaning across various data types. The semantic encoder extracts important features like text,
sound, and pictures from different types of medical data, and combines them to create an integrated
information. After this, the semantic decoder redesigns the data as per the required format. Using Siamese and
pseudo-Siamese networks, the cross-modal semantic similarity evaluation technique compares the meaning of
the original and redesigned data across different types of data, resulting in improved encoding and decoding
processes. Experimental results show that the proposed framework excels in semantic similarity and real-time
performance compared to traditional communication systems. This deep neural networks based encoding and
decoding framework enables efficient and effective real-time medical streaming in 6G cross-modal semantic

communication systems.
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1 Introduction coming of Sixth Generation (6G) communication
system, going farther from human communication to
The social networking has entered our life with the connect all kinds of devices and services togetherl!-3],
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With regards to non-cooperative scenarios, intelligent
cognitive communication is an important part of
semantic communication. By harnessing the power of
artificial intelligence, cognitive communication aims to
automatically identify and adapt to various
communication parameters, such as modulation
schemes, coding styles, and channel conditions!* 51,
The rapid advancements in deep learning techniques
have transformed intelligent cognitive communication
from a theoretical concept to a feasible engineering
solution. Deep learning based intelligent cognitive
communication seeks to establish a sophisticated
mapping  between  signals and  parameters,
encompassing a wide range of research areas!®-1.

However, in real-world wireless communication
channels, the signals undergo many unfavorable effects
which can degrade severely the functionalities and
robustness of cognitive systems. Multiple paths
propagation is a common problem in wireless
environments, the signal transmitted from a transmitter
to the receiver arrives at receiver through more than
one path by reflection, diffraction, and scattering!10:11],
These different signal paths lead to copies of the signal
that arrive at the receiver with differences in amplitude,
phase, and time delays, resulting in a fading and
distortion. Multipath propagation creates a time delay
that spreads the received signal in the time domain,
causing symbol boundaries to be misaligned and
produce inter-symbol interference. One of the
challenges in wireless communication systems is phase
noise, which is produced by non-ideal circuit elements
acting in operation mode exercisel!2]. This phase noise
can cause an unwanted frequency shift and thus
degrade the quality of our signal.

In recent years, deep learning techniques have
become a potential way to advance intelligent wireless
communications!!3 141, Deep learning models have the
ability to automatically learn and extract meaningful
feature representations from raw signal data, in contrast
to traditional methods which mostly rely on human
constructed features and domain-specific knowledge.
Owing to this capability, deep learning models can
perform better and generalize more broadly across a
variety of application scenarios, as it enables the
models to identify complex patterns and relationships
within the signals. Researchers can create intelligent
wireless communication systems that adjust to
changing channel conditions, resource
allocation, and improve overall quality of service by

maximise

utilising the power of deep neural networks. Further,
the automated feature learning capability of deep
learning models removes the necessity for laborious
manual feature engineering, which is frequently time-
consuming and highly skilled.

The 6G cross-modal semantic communication system
faces numerous obstacles that are specific to real-time
medical streaming. Text from electronic health records,
voice from interactions between doctors and patients,
and pictures from different medical scans are all
examples of the multi-modal nature of medical
streaming datal!>-17], Important semantic information is
carried by each modality and must be accurately and
efficiently delivered across the communication system.
However, real-time medical streaming may have strict
criteria that standard communication systems, which
are primarily built for raw data delivery, must meet.
These requirements include high reliability to ensure
accurate data delivery, low latency to enable rapid
transmission of critical medical information, and
semantic preservation to maintain the context and
meaning of medical information across different
modalities. The medical data come in various forms
and the way we need to process and send plays an
important role. In 6G communication, solving this
problem is crucial so that real-time medical decision
can be made efficiently and treatment can be done.

In the era of 6G, real-time medical communications
face significant challenges due to the need for efficient
and reliable transmission of multi-modal medical data
while preserving semantic information. Traditional
communication systems struggle to address these
challenges effectively. The proposed framework aims
to overcome these limitations by enabling intelligent,
adaptive, and semantically-aware medical data
transmission in 6G networks. By leveraging deep
learning techniques and cross-modal semantic fusion,
the proposed framework ensures the efficient and
reliable transmission of multi-modal medical data, such
as text, audio, and images, while preserving critical
semantic information. The framework’s ability to adapt
to varying channel conditions and its integration with
the 6G network architecture further enhance its
performance. It can revolutionize real-time medical
communications, enabling timely and accurate medical
decision-making, improving patient outcomes, and
paving the way for advanced telemedicine applications
in the 6G era.

In this research paper, a method capable of encoding
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and decoding real-time medical data in 6G cross-modal
semantic communication systems using deep neural
networks is introduced. The main contributions of this
paper are stated below.

(1) A semantic encoder that can extracts important
features from medical data is developed. This data
from various sources are then combined into a single
representation. It is done using a Stack Long Short-
Term Memory (SLSTM) network for semantic fusion.
It uses a specific neural network for each type of data
(transformer for text, Convolutional Neural Networks
(CNNs) for images, and Gated Recurrent Units (GRUs)
for sounds).

(2) Based on the obtained semantic representation
and the user’s requirement, a semantic decoder is
created that can redesign the required data type. The
decoder uses attention-based Generative Adversarial
Networks (GANs) for image reconstruction, task-
driven neural networks like transformer for text
generation and Tacotron and WaveNet for speech
synthesis.

(3) To compare meaning between the original and
redesigned data, a cross-modal semantic similarity
evaluation method using Siamese and pseudo-Siamese
networks is introduced that reduces the loss of meaning
by optimizing the encoding and decoding processes
using backpropagation.

While previous works have applied neural networks
to individual modalities, our framework introduces a
unified architecture for the joint processing of multiple
medical data modalities, develops a novel cross-modal
attention mechanism for semantic feature fusion, and
proposes an adaptive channel coding scheme that
considers semantic content and channel conditions.

The rest of the paper is organized as follows. Section
2 is about related work. Section 3 presents the system
model for real-time medical streaming data in 6G
cross-modal semantic communication systems. Section
4 describes the proposed deep neural networks based
encoding and decoding framework, including the
semantic encoder, semantic decoder, and cross-modal
semantic similarity evaluation mechanism. Section 5
provides experimental results and analysis. Finally,
Section 6 concludes the paper.

2 Related Work

In recent years, there has been a growing interest in
intelligent cognitive communication and deep learning

techniques for wireless communication systems. Deep
learning techniques have been extensively studied for
various aspects of wireless communications, including
physical layer design, channel estimation, and signal
processing. Schmidhammer et al.['8] investigated the
use of deep learning for device-free localization in
wideband wireless networks. Their approach leverages
multipath  information to improve localization
accuracy using deep neural networks. Semantic
communication focuses on the transmission of
meaningful information rather than raw data. Xie et
al.l"% proposed a semantic communication system
utilizing deep learning techniques, enhancing system
capacity while reducing semantic errors by focusing on
the comprehension of sentences instead of
conventional bit or symbol errors found in traditional
communication methods.

Cross-modal communication involves the interaction
and integration of multiple data modalities, such as
text, speech, and images. Wang et al.[20] introduced a
novel category of highly efficient deep joint source-
channel coding methodologies intended for facilitating
end-to-end video transmission  across
channels, designated as Deep Video
Transmission (DVST). Han et al.l2!l proposed an

wireless
Semantic

innovative end-to-end Deep Learning (eeDL) centric
transceiver, wherein semantic information is discerned
and encoded from input speech spectrums at the
transmitter, while the decoded semantic information
yields corresponding transcriptions at the receiver. Xie
et all?2l proposed a
framework grounded on Federated Learning (FL),
termed  Federated Learning based  Semantic
Communication (FLSC), tailored for multitasking
distributed image transmission encompassing Internet

semantic communication

of Things (IoTs) devices. Yao et al.[?3] introduced a
semi-neural framework characterized by an iterative
architecture, denoted as Iterative Semantic Joint
Source-Channel Coding (IS-JSCC). However, they
have limitations in handling multi-modal medical data
effectively. While some approaches focus on specific
modalities, others cannot preserve  semantic
information accurately across different modalities.
Additionally, their adaptability to varying channel
conditions is limited, which is crucial for real-time
medical communications. These approaches also face
challenges seamlessly integrating with the 6G network
architecture. Additionally, Jiang et al.?*] proposed a



530 Tsinghua Science and Technology, February 2027, 32(1): 527-548

large Al model based multi-modal semantic
communication framework. Jiang et al.[?] proposed a
large Al model-based semantic communi-cation
framework specifically designed for image data,
applying the segment anything model-based knowledge
base that can split the original image into different
semantic segments by universal semantic knowledge.

Semantic communication and deep learning have
shown promise in various applications in the medical
domain. Kang et al.[?6] designed an energy-efficient
task-oriented semantic communication framework with
a triple-based scene graph for image information. Dai
and Wang?” proposed an end-to-end framework that
emulates the process of healthcare, including a deep
recognition module and action evaluation module.
These studies demonstrate the potential of semantic
communication in improving medical data transmission
and interpretation.

Despite the significant contributions of these studies
to the advancement of intelligent cognitive
communication and deep learning techniques in
wireless networks, there is still a need for further
research on cross-modal semantic communication in

the context of 6G systems.
3 System Model

This study proposes a medical neural network based
encoding and decoding framework for real-time
semantic communication (namely MEDNETS) in 6G
systems. We consider a healthcare scenario in which
medical streaming data is from various sources (such
as patients, electronic health records (EHRs), medical
devices, and healthcare professionals), which need to
be efficiently communicated in real time to support
critical medical decision-making and treatment

delivery. The proposed system model, as depicted in
Fig. 1, consists of a transmitter, a wireless channel, and
a receiver, each incorporating deep neural networks for

cross-modal semantic encoding, decoding, and
evaluation.
On the transmitter side, multi-modal medical

streaming data (S¢) includes text (ST), audio (S4),
images (S7), and video (SY), where Q€ (T, A, I, V}
denotes the modality index, and 7, A, I, and V
represent the text, audio, image, and video modalities,
respectively. Each modality carries unique information
that is important for fully understanding and analyzing
a patient’s medical condition. For example, medical
reports, doctors’ prescriptions, and EHRs can be
regarded as text data; doctor—patient conversations,
medical dictations, and verbal instructions constitute
audio data; and X-ray, Magnetic Resonance Imaging
(MRI), and Computed Tomography (CT) scans are
image data. Video data may include surgical videos,
endoscopic examinations, and telemedicine
consultations. Multi-modal medical streaming data are
efficiently sent using a semantic encoder at the
transmitter side. In order to create a single semantic
representation, the semantic encoder seeks to extract
the key semantic components from each modality and
carries out cross-modal semantic fusion. Let f¢ denote
the semantic feature extraction function for modality
0, and g2 denote the cross-modal semantic fusion
function. The extracted semantic features for each
modality can be represented as

z"=fT(s"; 6") M
ZA :fA (SA; HA) (2)
z'=f(s" ¢) 3)

Cross-modal input Cross-modal output
= -
B= = =@ » o
= sl G . P e
Semantic Channel Channel Semantic
encoder encoder  |Wireless channel| decoder decoder
o@o g r 0 b"
(= .
Transmitter / Siamese network \ Receiver

Pseudo-Siamese network

\ Pseudo-Siamesenetwork/

Cross-modal semantic evaluation

Fig. 1 Overall model.
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z"=f1"s": 8" )

In Eq. (1), ZT denotes the extracted text semantic
features, f7(-) is the text semantic feature extraction
function, S7 is the input text data, and 67 denotes the
learnable parameters of the text feature extraction
function; in Eq. (2), Z# denotes the extracted audio
semantic features, f4(-) is the audio semantic feature
extraction function, S4 is the input audio data, and ¢*
denotes the learnable parameters of the audio feature
extraction function; in Eq. (3), Z! denotes the extracted
image semantic features, f/(-) is the image semantic
feature extraction function, S’ is the input image data,
and ¢’ denotes the learnable parameters of the image
feature extraction function; and in Eq. (4), ZV denotes
the extracted video semantic features, fV(-) is the video
semantic feature extraction function, SV is the input
video data, and 6" denotes the learnable parameters of
the video feature extraction function.

To enhance interoperability, MEDNETS incorporates
a flexible data preprocessing module that can handle
various input formats from different medical devices.
This module utilizes adaptive parsing algorithms and
standardized data transformation techniques to convert
diverse medical data into a unified format suitable for
semantic encoding. Additionally, MEDNETS employs
a protocol abstraction layer that allows seamless
integration with different communication protocols
used in medical devices, ensuring compatibility across
a wide range of healthcare systems.

To capture the inter-modal dependencies and
correlations, the extracted semantic features from
different modalities are fused using the cross-modal
semantic fusion function g¢. The fused semantic
representation can be expressed as

z=g%(z". 2", 2'. 2"; ¢?) )
where Z represents the fused semantic representation,
and ¢¢ denotes the learnable parameters of the cross-
modal semantic fusion function.

After that, a channel encoder processes the fused
semantic representation to produce a signal that is
compatible with the wireless channel. The goal of the
channel encoder is to minimise the loss of semantic
information while adjusting the semantic representation
to the wireless channel’s properties, such as fading,
interference, and noise. The channel encoding process
can be formulated as

x=c(Z; ¥) (6)

where x is the channel-encoded signal, ¢ (-) is the
channel encoding function, and ¥ is the learnable
parameters of the channel encoder.

The wireless channel, which can be represented as a
noisy and fading channel, is then used to transmit the
encoded signal. The signal that is received at the
receiving end might be stated as

y=Hx+n @)
where H represents the channel matrix, capturing the
effects of fading, interference, and other channel
impairments, and nr represents the Additive White
Gaussian Noise (AWGN) with zero mean and
variance o2,

To extract the transmitted semantic representation
from the received signal, a channel decoder is used on
the receiving end. One way to formulate the channel
decoding procedure is

Z=c'(ny) ®)
where Z is recovered semantic representation, ¢”!(-) is
channel decoding function, and ¥’ is the learnable
parameters of the channel decoder.

Based on the
communication needs, a semantic decoder on the
receiver’s side reconstructs the required data type. The
semantic
representation Z as input to rebuild the multi-modal
medical streaming data. The formula for semantic
decoding process is

user’s real-time  medical

decoder uses the recovered semantic

§0= f21(2; 62) ©)

where §¢ denotes the reconstructed multi-modal
medical streaming data for modality Q, f&~!(-) is the
inverse function of the semantic feature extraction, and
69’ is the learnable parameter of the semantic decoder.

For the accuracy and reliability of the redesigned
multi-modal medical streaming data, a mechanism
known as a cross-modal semantic evaluation is also
included. It wuses Siamese and pseudo-Siamese
networks to compare the original and redesigned data
meaning. While comparing similar type of data (text to
text/audio to audio), the Siamese network is used and
for different types (text to image/audio to video), the
pseudo-Siamese network is used. The Siamese network
consists of two matching subnetworks, h2(-) with
shared parameters 2128291, The equation to compute
the semantic similarity between the original and
redesigned data of the same modality is
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. h2(S2; 92)-h2($2; ¢0)
A 0 ¢0)_
Comee 0% 59 i s g oo o)) 7

where Lgiamese(SC, ) represents the Siamese loss for
modality Q, and |-| denotes the Euclidean norm.

Let Q1, 0> €({T, A, I, V} with Q; # Q> denote two
different modalities. The pseudo-Siamese network
consists of two different subnetworks, h€!(-) and
h©2(.), with parameters 2! and @22, respectively[30].
The semantic similarity between the original data of
modality Q; and the redesigned data of modality Q; is
calculated using Eq. (11),

ACPseudo—Siamese (S & > S QZ)
hQ (SQI; (le).th (S‘Qz; ‘sz)
B |h1 (S Q15 921)|- |nQ (S’QZ; ¢Q2)|

(11)

where Lpgeudo-siamese(S 21, $92) represents the pseudo-
Siamese loss between modalities Q7 and Q,.

The overall objective of the proposed system model
is to minimize the semantic loss between the original
and redesigned multi-modal medical data being
streamed keeping in mind the real-time communication
requirements. The weighted
combination of the Siamese and pseudo-Siamese losses
across all modalities,

semantic loss is a

Liotal = A1 * Lsiamese + 42 * Lpseudo-Siamese (12)
where L represents the total loss function that the
model aims to minimize during training, A; represents
a weighting factor for the Siamese network loss, and A,
represents a weighting factor for the pseudo-Siamese
network  108s.  Lsiamese = Yo Lsiamese(SZ, $¢)  and
'CPseudo—Siamese = ZQI;thACPseudo—Siamese(SQ1 > §Q2) are the
total Siamese and pseudo-Siamese losses aggregated
across all modalities.

To meet the real-time communication requirements,
the proposed system model aims to minimize the end-
to-end latency while maintaining acceptable semantic
similarity. Let Ty, denote the total end-to-end latency.
It can be calculated as

Tiotal = Tenc + Tix + Tec (13 )

The encoding latency Te, is dependent on the
computational complexity of the semantic encoder and
the channel encoder, the decoding latency Tge. is
dependent on computational complexity of the channel
decoder, and the semantic decoder. The transmission
delay Ty depends on wireless channel settings like
Signal-to-Noise Ratio (SNR) and bandwidth.

The trade-off between the semantic similarity and
end-to-end delay is reduced in our proposed system by
combining semantic-channel coding with Adaptive
Modulation and Coding (AMC). Semantic-channel
coding builds semantic decoder, channel encoder, and
semantic encoder together, considering both the
semantic information and the features of the wireless
channel. AMC maximise the transmission efficiency
while preserving the quality of service by regulating
the modulation and coding which are channel
dependent.

Additionally, in order to facilitate cooperative
learning and knowledge exchange across various
healthcare organisations while maintaining data
privacy, the suggested system model integrates FL
approaches. FL allows the distributed training of deep
neural networks across multiple healthcare entities
without the need for centralized data collection. Using
its own data, each healthcare organization trains its
model; only the model updates are shared with a
central server. The revised global model is distributed
back to the healthcare entities by the central server,
aggregating the revisions to the model. This method
allows for collaborative learning to enhance the overall
effectiveness  of the  cross-modal  semantic
communication system while maintaining data privacy,
because the raw medical streaming data are never
shared with other healthcare organizations.

The overall workflow of the MEDNETS framework
can be summarized in the following seven steps.

(1) The system collects multi-modal medical
streaming data and performs semantic encoding at the
transmitter side.

(2) The system performs cross-modal semantic
fusion to obtain a unified semantic representation.

(3) The system performs channel encoding and
transmits the encoded signal over the wireless channel.

(4) The system performs channel decoding and
semantic decoding at the receiver side to reconstruct
the desired modality.

(5) The system performs cross-modal semantic
evaluation using Siamese and pseudo-Siamese
networks to assess the semantic similarity between the
original and reconstructed medical streaming data.

(6) The system optimizes the trade-off between
semantic similarity and end-to-end delay through joint
semantic-channel coding and adaptive modulation and
coding techniques.

(7) The system applies federated learning strategies
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that protect patient facilitating
cooperative learning and knowledge exchange across
several healthcare organizations.

To enable quick medical decision-making and
treatment while keeping the meaning of the multi-
modal medical streaming data intact, the proposed
model aims to provide efficient and reliable real-time
medical streaming in 6G networks.

The deep learning algorithms in the suggested
framework can easily be integrated into a 6G network,
allowing medical streaming data to be processed
smartly and adaptively at the edge and cloud levels.
This integration enables real-time analysis, decision-
making, and feedback, which are crucial for time-
sensitive medical applications. 6G networksB! also
support huge Multiple-Input Multiple-Output (MIMO),
which can significantly boost the capacity and
reliability of wireless communication systems. The
proposed framework can use these advanced multiple
access methods to efficiently transport multi-modal
medical streaming data over 6G networks. For
example, Non-Orthogonal Multiple Access (NOMA)
principles can be integrated into the semantic encoding
and decoding processes, allowing multiple medical
streaming data to be transmitted simultaneously over
the same frequency. It is calculated as

r= \/13_1h1x1+ \/P_2h2X2 +ng (14)
where r is the received signal, P; and P, are the power
allocation coefficients for the medical data streams, h;
and hp are the channel coefficients, x; and x, are the
transmitted medical data symbols, and ng is the
additive noise.

privacy while

The proposed framework enhances the spatial
diversity and multiplexing using extensive MIMO
offered by 6G communication network. The framework
improves the signal quality, increase capacity, and
enhance reliability of transmitted data by installing
numerous antennas at both the base station and medical
devices. The channel capacity is calculated as

C-= logzdet(INr + %HHH) (15)
t

where C is the channel capacity, N, and N; are the
number of receiving and transmitting antennas,
respectively, p is the SNR, Iy, is the N.x N, identity
matrix, det (-) denotes the matrix determinant, and ()1
is the Hermitian (conjugate transpose) operator.

The proposed framework increases the capabilities of

6G to perform semantic encoding, decoding, and
similarity evaluation, closer to medical devices and
users. It enables real-time analysis and decision-
making, reducing latency and bandwidth of the system.
Also, while ensuring data privacy, the framework
enables combined learning and knowledge sharing
among various healthcare organizations.

The MEDNETS framework seamlessly integrates
with the 6G network architecture to enable intelligent
and adaptive medical data processing. By deploying
the deep learning algorithms used in MEDNETS on
edge computing nodes and cloud servers, the
framework leverages the distributed computing
capabilities of 6G networks. This allows for real-time
analysis, decision-making, and feedback, critical for
time-sensitive medical applications. The MEDNETS
framework also takes advantage of the advanced
capabilities of 6G networks, such as Al integration, to
enhance the efficiency and reliability of medical data
transmission. Incorporating advanced multiple access
techniques, such as NOMA, enables the simultaneous
transmission of multiple medical data streams over the
same frequency resources, improving spectral
efficiency. Furthermore, the MEDNETS framework
exploits the massive MIMO capabilities of 6G
networks to achieve high spatial diversity and
multiplexing gains, resulting in improved signal
quality, increased capacity, and higher reliability for
medical data transmission. By leveraging these
advanced features of 6G networks, the MEDNETS
framework enables efficient, reliable, and semantically-
aware transmission of multi-modal medical data in
real-time, paving the way for transformative medical
applications, such as telemedicine, remote patient
monitoring, and personalized healthcare delivery.

Subsequently, we present a clear mathematical
formulation of  the cross-modal semantic
problem and the optimization
objectives of the MEDNETS framework. Let
X=(X", X4, X'} denote the input multi-modal
medical data, where X7, X4, and X' represent the text,
audio, and image modalities, respectively. The channel
conditions are represented by the channel matrix H and
the noise vector n. The reconstructed multi-modal
medical data is denoted as X = {X7, X4, X!}, where X™
and X" denote the original and reconstructed data of
modality m, with me M ={T, A, I} denoting the
modality index. Let Z denote the index set of training
samples.

communication
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The optimization objectives of the MEDNETS
framework are as follows:

(1) Minimize the semantic loss between the original
and reconstructed medical data:

»Csemantic = Z D(Xm’ Xm)
meM

where M ={T, A, I} denotes the set of modalities and
D (-,-) is a semantic distance measure.

(2) Maximize the cross-modal semantic similarity:

Scross-modal = Z C(Zml’ Zm2) (17)

mymyeM
my#my

(16)

where Z™ and Z™ is the semantic representations of
modalities m; and my, respectively, m;, my € M with
my # my are two different modality indices, and C (:,)
is a cross-modal similarity measure.

(3) Minimize the end-to-end latency:

(18)
where Tencoding > ftransmission » and Idecoding aAre the latencies
of the encoding, transmission, and decoding processes,
respectively.

The overall optimization problem can be formulated
as

£latency = tencoding + fransmission * tdecoding

(19)

it subject to the channel constraints and the available
bandwidth, where 0 represents the learnable parameters
of the MEDNETS framework, and A and y are the
balancing coefficients. All three terms are normalized
to be dimensionless before aggregation, and A and vy
are balancing coefficients that trade off semantic
fidelity, cross-modal similarity, and latency.

mgn (Lsemantic = AS cross—modal + '}’Elatency)
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As a result, the proposed system combines the
advanced features of 6G networks for real-time
medical streaming. By using 6G’s smartness, the
framework provides secure, reliable, and efficient
transfer of multi-modal medical data. It paves the path
for different medical applications like personalized
healthcare, telemedicine, and remote patient
monitoring, improving patient health and transforming
the healthcare sector.

4 Cross-Modal Semantic Communication
System Design

4.1 Cross-modal semantic encoding

The cross-modal semantic encoding integrates the real-
time semantic information from different types of
medical data. As shown in Fig. 2, cross-modal
semantic fusion and modality-specific semantic
extraction are the two main components of the
encoding module.

To address the dynamic nature of medical
knowledge, MEDNETS incorporates a continuous
learning module that periodically updates its semantic
representations based on new clinical guidelines and
research findings. This module utilizes a combination
of online learning algorithms and federated learning
techniques to incrementally refine the model’s
understanding of medical concepts and their
relationships. Additionally, a knowledge graph
integration component allows MEDNETS to
incorporate structured medical knowledge, enabling it
to reason over evolving clinical guidelines and adapt its
semantic processing accordingly.

[ LST™M ] [ LSTM ] [ LST™M ]»Upper layer

[ LSTM ]~—>[ LSTM ]~—>[ LSTM ]»Lower layer

[ Global semantic feature ]

e — =~

Fig.2 Cross-modal semantic encoding module.
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considers three main
of real-time medical

The suggested
modalities in
streaming: text (S7), audio (S4), and images (S7).
Every modality has distinct semantic information that
adds to our knowledge of a patient’s overall health. We
use deep neural networks to handle the unique features
of each type of data to extract semantic features.

For textual medical streaming data, like EHRs and
medical reports, we employ a transformer network[32l,
The transformer is pre-trained on large-scale medical
corpora and fine-tuned on task-specific datasets to
handle the domain-specific vocabulary and incorporate
medical knowledge, allowing the network to learn
contextualized representations that capture the
intricacies of medical language. The self-attention
mechanism in the transformer 1is particularly
advantageous for encoding medical text, as it can
capture long-range dependencies and handle variable-
length sequences. The transformer can identify and
encode important medical concepts, relationships, and
semantics by attending to different parts of the input
sequence. For example, it can effectively capture the
association between a disease and its symptoms or the
temporal progression of a patient’s condition. These
contextualized representations enable accurate cross-
modal semantic communication in the medical domain,
facilitating the integration of textual information with
other modalities such as audio and images.

We use a combination of CNN and GRU to extract
semantic features from audio medical data (like doctor-
patient conversations and medical dictations). Initially,
preprocessing techniques like spectral subtraction are
applied to reduce noise and enhance the audio signal
quality. Once pre-processed, the audio signal is
transformed into a time-frequency representation, like a
spectrogram, which captures both the temporal and
spectral characteristics of the audio. The spectrogram is
sent to CNN to detect local spectral patterns and extract
higher-level features. Then, the output from the CNN is
processed through a series of GRU layers to model
temporal relationships and extract semantic features.
The output of the GRU layers is a sequence of
semantic feature vectors Z7 € RE7*Pr | where Ly is the
length of the audio sequence and Dy is the
dimensionality of the semantic feature space.

We extract semantic features from medical imaging
data, such as CT, MRI, and X-ray scans, using a deep
CNN architecture. CNNs have proven to be remarkably
effective in various computer vision applications, such

system
the context

as the analysis of medical images!33l. The input image
ST is first preprocessed to normalize the pixel values
and resize the image to a fixed resolution. The
preprocessed image is then passed through a series of
convolutional layers, which learn hierarchical features
by applying convolutional filters at different scales and
resolutions. The output of the convolutional layers is
flattened and passed through fully connected layers to
obtain a compact semantic feature representation
Z' eRP1, where D; is the dimensionality of the
semantic feature space.

In the cross-modal semantic encoding module, the
attention mechanism is incorporated into the CNN and
GRU networks for audio data processing to enhance
feature extraction and focus on the most relevant
information. Self-attention layers are employed after
each convolutional layer in the CNN, allowing the
network to capture dependencies between different
time-frequency regions in the spectrogram and
enabling CNN to learn more discriminative and
informative features. Similarly, the GRU layers are
augmented with attention mechanisms to selectively
focus on the most relevant temporal segments of the
audio data. The attention weights are learned during
training, enabling the GRU to prioritize the most
informative parts of the audio sequence for semantic
encoding. Integrating attention mechanisms in the
CNN and GRU networks improves the extracted
features’ quality and the audio data’s overall semantic
representation, leading to more accurate and efficient
cross-modal  semantic communication in the
MEDNETS framework.

Once the semantic features are extracted from each
modality, the next step is to fuse these features to
obtain a unified semantic representation. The cross-
modal semantic fusion component aims to capture the
interactions and dependencies among different
modalities and generate a comprehensive semantic
representation  that  encapsulates the
information for real-time medical decision-making.

We employ an SLSTM network, as seen in the right
portion of Fig. 2, to accomplish efficient cross-modal
semantic fusion. The LSTM network[34], of which the
SLSTM network is a version, has demonstrated
excellent performance in modeling sequential data and
capturing long-term dependencies. The SLSTM
network processes input sequences hierarchically by
stacking multiple LSTM layers on top of one another.
MEDNETS incorporates a data reconciliation module

relevant
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that employs probabilistic graphical models and
Bayesian inference techniques to address potential
conflicts or inconsistencies in multi-modal medical
data. This module analyzes the semantic relationships
and temporal dependencies across different data
modalities to identify and resolve inconsistencies.
When conflicts are detected, the system applies a
weighted voting mechanism based on the reliability
and relevance of each data source. In cases where
automatic resolution is impossible, MEDNETS flags
the inconsistencies for human expert review, ensuring
the integrity of the processed medical information.

The extracted semantic features from each modality,
ZT, 7ZA, and Z', are first concatenated along the
feature dimension to form a multi-modal semantic
feature matrix Z € REXP, where L is the maximum
sequence length among the modalities and
D=Dr+Dy+Dy is the total dimensionality of the
concatenated semantic feature space. If the sequences
have different lengths, zero padding is applied to
ensure a consistent sequence length.

The multi-modal semantic feature matrix Z is then
fed into the SLSTM network. At each time step ¢, the
SLSTM network takes the semantic feature vector
7, € RP as input and computes the hidden state h, € R
and the cell state ¢, € R¥, where H is the number of
hidden units in each LSTM layer. The computation at
each time step can be formulated as

iy =0 (W;z;+ b+ Wyihi + by) (20)
fi= O'(With +bip+Wiph,y + bhf) (21)

g; =tanh (W,-gz, +big+Wpeh, 1 + bhg) (22)

0, =0 Wiozi +bio + Wiohi_1 + bp,) (23)
¢ =[fi0¢-1+i;0g; (24)
hl = 0[®tanh(6[) (25)

where i;, f;, g;, and o, are the input gate, forget gate,
cell gate, and output gate, respectively. W;;, W;r, Wi,
Wio, Whi, Wip, Wy, and Wy, are the weight matrices,
and bj;, by, big, biy, bpi, byy, by, and by, are the bias
vectors. W,;, and b, are the output weight matrix and
bias vector, respectively. o (-) and tanh(-) are the
sigmoid and hyperbolic tangent activation functions,
respectively, and ©  denotes  element-wise
multiplication.

The SLSTM network processes the multi-modal
semantic feature matrix Z sequentially, updating the

hidden state and cell state at each time step based on
the current input and the previous states. The SLSTM
network’s layered architecture enables hierarchical
semantic feature processing, capturing both high-level
and low-level dependencies between the modalities.

The fused cross-modal semantic representation is
represented by the final hidden state of the SLSTM
network h; which is obtained after processing the
entire sequence. This gathers semantic data from all
types of medical data and their interactions, providing a
comprehensive understanding of the patient’s medical
condition.

For a specific requirement in real-time, an extra
neural network layers are included that further
processes  this  fused  cross-modal  semantic
representation to refine and design it. This refined
representation supports therapy recommendations,
patient monitoring, and medical decision making.
Therefore, this process allows for accurate and fast
medical  decision-making and treatment by
understanding the health status of the patient.

4.2 Cross-modal semantic decoding

The cross-modal semantic decoding is another module
that plays an important crucial role in real-time medical
communication. It redesigns the required data type as
per the need of the user and the received semantic
representation. Its purpose is to generate a meaningful
and understandable outputs that can help in assisting
medical professionals in making quick and accurate
decisions. This type of decoding consists of networks
dedicated for each data type and a task-oriented LSTM
decoder (Fig. 3).

The task-driven LSTM decoder takes the received
semantic representation Z as input. It generates a
sequence of modality-specific semantic features 2¢
based on the user’s task requirements. The LSTM
decoder is designed to capture the temporal
dependencies and context information within the
semantic representation, enabling
reconstruction of the desired modality.

The LSTM decoder operates sequentially, processing
the received semantic representation Z step by step. At
each time step ¢, the LSTM decoder takes the current
semantic feature %z, and the previous hidden state h,_;
as inputs and generates the current hidden state h, and

the output semantic feature 2tQ,

accurate

29 = Wh, +b, (26)
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Fig.3 Cross-modal semantic decoding model.

The LSTM decoder’s task-driven design enables
semantic information to be generated according to the
user’s data requirements. For example, in real-time
medical communication, if the user requests a
summary of text related data of the patient’s,
the LSTM decoder semantic features that are relevant
to that data have been produced. This guarantees that
the information generated is specific to the user’s
request.

However, the LSTM decoder will produce semantic
characteristics unique to the picture modality if the user
needs a visual representation of the patient’s medical
images.

To reconstruct the desired modality, the modality-
specific semantic information 2¢ produced by the
LSTM decoder is input into the appropriate modality-
specific reconstruction networks. Reconstruction
networks is intended to produce meaningful and
interpretable outputs for medical decision-making in
real-time by mapping the semantic features back to the
original data space.

An encoder based on transformer is used to
reconstitute textual data. The transformer decoder
creates the reconstructed text sequence S” by using the
modality-specific semantic characteristics 27 as input.
The use of transformer decoder helps to effectively
capture the long-distance relationships  while
simultaneously producing logical and situation-
appropriate text. It is made up of many self-attention
processes and many layers of feed-forward neural
networks.

Medical specialists can use the resulting text
sequence S7 to obtain essential information, such as
therapy recommendations, medical reports, and patient
histories. As long as to recreate the data related to
audio an integration of WaveNet-based vocoder and
Tacotron-based decoder has been made in the use.

The input §4 using the mel-spectrogram helps in
recovering the audio using the WaveNet vocoder. Also,
WaveNet vocoder learns the probability to guarantee
high-quality audio synthesis. From the reconstructed
audio, medical personnel can extract pertinent
information, such as spoken instructions, physician-
patient talks, and medical dictations. This audio
enhances the efficiency and speed of medical decision-
making by supporting telemedicine, distant
consultations, and real-time patient monitoring. An
attention-based generative adversarial network is used
to recreate picture data. To generate realistic and
semantically relevant medical images, this network
includes a discriminator and a generator(33],

The reconstructed image is denoted by §', which is
generated by the generator network using the modality-
specific semantic features 2/ as input.

The generator network uses an attention mechanism
to focus on the important regions of the image during
this process. By enabling the generator to gather the
most pertinent and instructive portions of the image,
this attention process improves the overall appeal of
the rebuilt image.

The discriminator network, on the other hand, has
been trained to distinguish between real images and
fake images. It is the discriminator’s responsibility to
provide input to the generator, so that it can generate
images that are more accurate and semantically
consistent. The adversarial training process can be
formulated as a minimax game between the generator
G and the discriminator D,

min max V(D, G) = E (8') ~ paaa(S") [log D (8")]
+E (&) ~ p2'&H[log(1-D (G "))
@7

where V (D, G) is the adversarial value function of the
minimax game, E (-) denotes the expectation operator,
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Pdaa(ST) is the distribution of real medical images,
pzl(8") is the distribution of the modality-specific
semantic features input to the generator, and G and D
denote the generator and discriminator networks,
respectively. The generator aims to minimize the
objective function, while the discriminator aims to
maximize it.

Healthcare providers can get visual information on a
patient’s state, including anatomical structures,
pathological anomalies, and therapy progress, from the
reconstructed medical images §’. The reconstructed
images can be used for remote patient monitoring,
therapy planning, and diagnosis in real-time medical
communication scenarios. The attention mechanism
in GAN ensures that reconstructed images highlight
the most important and informative regions, aiding
accurate and timely medical decision-making.

Convolutional focus modules or individual attention
layers can be utilised to build the system of attention in
a GAN. By calculating weights for attention according
to the spatial relationships within the image, self-
attention layers help the network concentrate on
important  regions.  Additionally, convolutional
attention modules build attention maps—which
highlight important areas of the image—by using
convolutional processes. Using the attention weights, it
creates during training, the generator knows to
highlight informative visual regions. The discriminator
network in the attention-grabbing GAN is designed
taking these attention mappings into account as well.
By merging attention maps with reconstructed images,
the discriminator assesses the accuracy and uniformity
of attention-guided reconstructions. Based on the
reconstructions’ level of realism and semantic
coherence, it gives the generator feedback.

Adversarial loss and reconstructive loss are
combined to train the attention GAN. Adversarial loss
encourages the generator to create realistic images that
trick the discriminator, whereas reconstruction loss
guarantees that the reconstructed images closely
resemble the initial pictures in terms of semantic
content and pixel-level resemblance. The generator and
discriminator are iteratively changed during training.
The generator minimises both reconstructive loss and
adversarial loss, while the discriminator seeks to
maximise adversarial loss by separating genuine
images from fraudulent ones. Until the produced
images sufficiently realistic and have conceptual
coherence with the source images, this iterative process
is continued.

In the cross-modal semantic decoding module, the
attention GAN is trained using a combination of
adversarial loss and reconstruction loss functions. The
generator network learns to reconstruct realistic and
semantically meaningful images from the received
semantic representations, while the discriminator
network learns to distinguish between the reconstructed
and real images. The attention mechanism is
incorporated into the generator network to focus on the
most relevant regions of the image during the
reconstruction process. Attention weights are learned
through convolutional attention modules or self-
attention layers, guiding the generator to prioritize the
salient features and spatial dependencies in the image.
The adversarial training process optimizes the
generator and discriminator networks alternately,
minimizing the adversarial loss and reconstruction
loss. This ensures that the reconstructed images are not
only visually realistic but also semantically consistent
with the original images. The attention mechanism
enhances the visual fidelity and preserves the semantic
content of the reconstructed images, resulting in
improved quality and interpretability for medical image
communication.

In real-time medical circumstances, medical
practitioners can access aesthetically comprehensible
and spatially pertinent pictures using the attention-
based reconstruction of images network. These rebuilt
images are used for diagnosis, treatment planning, and
progress monitoring, among other uses. By making
sure that important and instructive portions of the
images are emphasised, the attention mechanism
promotes precise and efficient decision-making. The
cross-modal semantic decoding module, comprising
task-driven LSTM decoder and modality-specific
reconstruction networks, is the backbone of the
immediate system.
Experts in medicine can easily understand and analyse
the results produced by this module. Reconstructed
modalities are guaranteed to be coherent, semantically
consistent, and informative using
reconstruction networks such as transformer-based
decoder for text, attention GAN for images, and
Tacotron-WaveNet for audio.

The cross-modal meaning decoding module provides
medical practitioners access the necessary knowledge
to make rapid choices in real-time clinical contexts
through the application of deep instruction and
attention approaches.

time medical communication

visually
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4.3 Cross-modal semantic similarity evaluation

In order to guarantee communication efficacy and
dependability in real-time medical environments, it is
critical to assess the degree to which artificial medical
streaming data accurately reflects the original across a
variety of data kinds. Siamese and pseudo-Siamese
networks are used in the cross-modal semantic
equivalent assessment approach to gauge how
consistent and coherent the reconstructed material is in
comparison to the original. Feedback to the cross-
modal semantic encoding and decoding modules must
be provided using this method. It aids in modifying
network settings intended to improve system
efficiency. The assessment approach guarantees the
accuracy, significance, and relevance of the
information provided for medical decision-making by
limiting the semantic loss between the original and
reproduced data.

The original and reconstructed content of the same
modality are compared semantically. Siamese networks
consist of exactly two identical subnetworks with
identical features and designs. In order to learn a metric
space where comparable inputs are mapped closer
together and diverse inputs farther away, siamese
networks are built.

In real-time medical communication, Siamese
networks independently evaluate the semantic
similarity between the reconstructed and original input
for each modality. For instance, the semantic similarity
between the original and reconstructed text data is
compared using a Siamese network with two identical
transformer-based subnetworks. Similarly, a Siamese
network with two identical CNN-GRU-based
subnetworks is utilised to analyse the semantic
similarity between the original and reconstructed audio
data.

The original and reconstructed data are fed into the
Siamese networks, which project them into a common
embedding space. The objective is to minimise the
difference in the embedding space between the
reconstructed and original data, thus demonstrating
semantic solid equivalence. The Equation of the
Siamese loss function for assessing intra-modal
similarity is in Eq. (28),

N
ACSiamese (SQ’ SQ) = %Z‘f(slg)_f(glg)'z (28)
i=1

where f () denotes the shared embedding function of
the two identical subnetworks, S,.Q and S‘lQ denote the

i-th original and reconstructed sample of modality Q,
respectively, N is the number of samples, and ||-||§
denotes the squared Euclidean (¢, ) distance.

Establishing that the new information accurately
reflects the original data is essential for real-time
By training to
minimise the Siamese loss function, which promotes
the embeddings of the actual and recreated data to be
near together in the embedding space, Siamese
networks play an important role. The Siamese network
receives both the original and reconstructed inputs
during training, and the corresponding Siamese loss is
used with backpropagation to adjust the network’s
parameters.

In medical situations, Siamese networks offer a
quantifiable means of evaluating the
resemblance between actual and rebuilt data for each
modality. These data aid in confirming the precision
and dependability of the medical information supplied.
Additionally, the evaluation of semantic similarity
between the original data from one modality and the
rebuilt data from another is done using pseudo-Siamese
networks. A subnetwork based on transformer network
for text and an attention GAN-based network for
images, for instance, might be part of a pseudo-
Siamese network that compares the semantic similarity
between the original text and the reconstructed image
data. They are then mapped into a common embedding
space by these networks. The objective is to minimize
the distance between the embeddings of the original
and reconstructed data in this space, thereby
demonstrating  strong similarity  across
modalities. The pseudo-Siamese loss is formulated as

N

EPseudo—Siamese (SQI b SQZ) = % Z 'fl (S,QI ) _f2 (§1Q2)E

- 29)
where f) (-) and f; (-) denote the embedding functions
learned by the two distinct subnetworks of the pseudo-
Siamese network for modalities @Q; and O,
respectively.

In order to tightly align the encapsulation of the
initial data from one modality with recreated data from
another form of communication in an embedding
space, pseudo-Siamese networks have been trained to
minimise the pseudo-Siamese loss function. The
networks use their own subnetworks to handle the
original and rebuilt data, compute the pseudo-Siamese
loss, and use backpropagation to modify the network

medical communication systems.

semantic

semantic
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parameters during training. These networks offer a
quantifiable means of evaluating the degree of
similarity between the data reconstructed from one
modality and the initial data from another.

An attention mechanism can be added to the pseudo-
Siamese networks, namely to the subnetwork that
handles reconstructed picture data, to improve inter-
modal similarity evaluation even more. When the
network compares the image with the initial data from
an alternative modality, this attention mechanism
enables the network to concentrate on important and
informative portions of the image. It is possible to use
individual attention levels or computational attention
modules, which are comparable to the attention process
utilised in the picture reconstruction network. Using
attention weights acquired during training, these
mechanisms direct the pseudo-Siamese network to
prioritize important regions of the rebuilt image that
are contributing most to the semantic connection with
the initial data from another modality. Calculating the
attention-guided pseudo-Siamese network yields

'CAttention—Pseudo—Siamese (S o s SA Qz)
N

= S |A(s2)- (820, (30)
i=1

where  LAtention-Pseudo-Siamese  denotes  the attention-
guided pseudo-Siamese loss, f> (-,-) is the two-
argument extension of f(-) in Eq. (29), which
additionally takes the attention weights A; of the i-th
sample as input and is learned by the attention-guided
subnetwork of the pseudo-Siamese network.

The overall loss function for the cross-modal
semantic similarity evaluation mechanism is

Lotal = A1 Lsiamese + A2 LPseudo-Siamese
+ /13ﬁAttention-Pseudo-Siamese (3 1)
where A3 is the weighting factors for attention-guided
pseudo-Siamese loss.

To minimise the overall loss function during training,
techniques, such as adaptive learning rate optimisation
algorithms and stochastic gradient descent, have been
used. By adjusting network parameters by
backpropagation across Siamese and pseudo-Siamese
networks, semantic similarity evaluation performance
is enhanced. The real and reconstructed data from
various modalities are mapped by these networks into a
single embedding space, where dissimilar and similar
data are positioned farther apart and closer together,

respectively. The original and rebuilt medical

streaming data are evaluated for semantic consistency
and coherence using this learned embedding space.

Quantitative evaluations of the degree of similarity
between the original and reconstructed medical
streaming data are provided by the cross-modal
semantic similarity evaluation procedure, both within
and between modalities. The quality, dependability,
and efficacy of real-time medical communication
systems are assessed using these parameters. In the
cross-modal semantic similarity evaluation module, the
pseudo-Siamese network employs modality-specific
architectures to compare different modalities, such as
text and image. For textual data, a transformer-based
subnetwork is used to capture the contextual
dependencies and semantic information. For image
data, an attention GAN-based subnetwork is employed
to learn the visual features and spatial relationships.
These subnetworks are trained to project different
modalities into a shared embedding space, where
semantically similar data from different modalities are
closer. The pseudo-Siamese network learns to capture
the semantic relationships between modalities by
minimizing the distance between the embeddings of
semantically related text and image pairs. The attention
mechanism in the image subnetwork helps focus on the
image’s most relevant regions for cross-modal
comparison. It learns to assign higher weights to the
salient regions, contributing more to the semantic
similarity with the textual data and enabling more
accurate and fine-grained cross-modal evaluation.

The results obtained from the performance
evaluation help to optimise network settings and
provide input to improve the semantic related to cross-
modal process of encoding and decoding modules. The
various adjustments can help to preserve the meaning
of semantic and improve the reconstruction of data
accuracy by reducing semantic loss. This review
process is critical for ensuring the accuracy and
consistency of medical data exchanged during real-
settings. It maintains the
dependability and quality of communication networks
by constantly evaluating how well the original and
recreated data match. Similarly, evaluation results
provide instant feedback to healthcare providers on the
correctness and reliability of received medical
information, allowing them to make informed decisions
and take appropriate action[36:37],

MEDNETS includes a modular Application
Programming Interface (API) layer that supports

time communication
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standard healthcare data exchange formats, such as
HL7 FHIR and DICOM, to facilitate seamless
integration with existing healthcare information
systems. This API layer enables bidirectional
communication between MEDNETS and EHR
systems, picture archiving, and communication
systems, other healthcare IT infrastructures. By
supporting these standards, MEDNETS can be easily
incorporated into clinical workflows, enhancing its
practical value in real-world healthcare settings.

Therefore, optimising real-time medical systems
requires the cross-modal semantic similarity evaluation
mechanism, which have been integrated the pseudo-
Siamese networks with attention mechanisms for inter-
modal similarity and Siamese networks for intra-modal
similarity. By preserving semantic coherence and
consistency between the original and reconstructed
medical streaming data, it enables medical
professionals to use the communicated data to make
well-informed judgements.

5 Experiment and Results Analysis

5.1 Parameters setting

The tests related to simulation has been carried out
using PyTorch 1.10.0 and Python 3.8 on a PC equipped
with an NVIDIA GeForce RTX 3090 GPU. For multi-
modal tasks, we utilise the MIMIC-III dataset for
audio—text pairs, the VQA-Med dataset for image-
question-answer triplets, and the MIMIC-CXR dataset
for image—text pairings. The PhysioNet/CinC
Challenge 2016—Heart Sound Recordings dataset is
used for audio signal reconstruction. The Openl dataset
is used to assess how well the MEDNETS framework
manages textual data and different medical imaging
modalities. Stochastic Gradient Descent (SGD), which
starts learning at 0.001 and is continuously optimised,
is used to train the network. There are ten batches in
total. The quantity of epochs (training iterations) of 50
has been used for the experiment.

Seven benchmarks are used to assess the proposed
MEDNETS framework: DVSTI20], eeDLI[21, FLSCI22],
conventional, error-free, single-modal, and IS-
JSCCI23l,

The traditional method uses Huffman encoding for
text source encoding, Turbo coding for text channel
encoding, Joint Photographic Experts Group (JPEG)
for image encoding, Low-Density Parity-Check
(LDPC) for image channel encoding, and Adaptive

Multi-Rate  Wideband (AMR-WB) for speech
encoding. The error-free method transmits noise-free
speech, text, and image modal signals to express the
limit value of the transmission signal as an upper or
lower bound. The single-modal method is a traditional
single-modal semantic communication transmission
that does not realize multi-modal semantic-level fusion
transmission.

The traditional method a baseline,
representing the conventional approach to medical data
transmission. The error-free method provides an upper
bound on the performance, assuming ideal channel
conditions. The single-modal method highlights the
limitations of transmitting medical data without
considering cross-modal semantic information. DVST,
eeDL, FLSC, and IS-JSCC are state-of-the-art methods
in cross-modal semantic communication that have
shown promising results in various applications. These
methods are chosen for their ability to handle multi-
modal data, their performance preserving semantic
information, and their adaptation to varying channel
conditions. By comparing MEDNETS with these
benchmark methods, we aim to demonstrate the
superiority of our framework in terms of its ability to
efficiently and reliably transmit multi-modal medical
data, while preserving semantic information in real-
time communication scenarios.

serves as

5.2 Results and performance analysis

5.2.1 Semantic text transmission

The word-level text similarity results for different
methods are presented in Fig. 4. The proposed
MEDNETS framework achieves the highest similarity
scores across all SNR levels, outperforming the other
benchmarks. At an SNR of 18 dB, the MEDNETS
framework achieves a word-level text similarity of
0.95, demonstrating its superiority in preserving
semantic information during transmission.

Figure 5 presents the results of the sentence-level
text similarity. The MEDNETS framework consistently
achieves the highest similarity scores, indicating its
effectiveness in capturing and preserving the semantic
meaning at the sentence level. At an SNR of 18 dB, the
MEDNETS framework achieves a sentence-level text
similarity of 0.98, further validating its superior
performance.

5.2.2 Semantic speech transmission
Similarity in speech Scech has been calculated by the
equation in Eq. (32),
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N

Sspeech = % l_Zl % (32)
where L; is the length of the i-th original speech signal,
and D; is the Levenshtein distance between the
recognized text of the i-th original speech signal and
the recognized text of the corresponding reconstructed
speech signal.

The similarity in voice results from an acoustic
model based speech recognition technique has been
displayed in Fig. 6. The capacity of the MEDNETS
system to retain semantic information in voice signals
is demonstrated by the system achieving the greatest
similarity scores across all SNR levels.

While the Perceptual Evaluation of Speech Quality

(PESQ) score is calculated using Eq. (33),

PESQ =4.5-0.1 xDMOS 33)

1.0 T 7 T T — S
0.8} 8
2
J06f 1
£
7
S
—&—MEDNETS
o4t % & —Traditi 8
o ) s raditional
n 7 B Error-free
A // A+ Single-modal
/ —+—DVST
02 P eeDL
o e —*—FLSC
—v—IS-JSCC
0 1 L . . L
-10 -5 0 5 10 15 20

SNR (dB)

Fig. 6 Speech similarity.

where DMOS is the degradation mean opinion score,
which is estimated based on the perceptual difference
between the original and reconstructed speech signals.

The PESQ scores for the various approaches are
shown in Fig. 7. The capacity of the MEDNETS
framework to maintain the perceptual quality of speech
signals during transmission is demonstrated by its
highest PESQ ratings.

We use a Mean Opinion Score (MOS) based
subjective quality evaluation measure to assess the
recovered speech’s quality even more. A popular
metric for evaluating the perceived quality and
naturalness of synthesised speech is MOS. Using the
same headphones, a group of native speakers of the
same language listen to the produced audio samples
and score them using a five-point numerical scale. A
score of 5 represents the highest perceived quality,
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Fig. 7 PESQ score.
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indicating very natural speech, while a score of 1
represents the lowest perceived quality, indicating
highly unnatural speech. The results are presented in
Fig. 8.

The results demonstrate that the proposed
MEDNETS framework achieves the highest MOS
scores among all the methods, except for the Error-free
benchmark, which serves as an upper bound. At an
SNR of 15dB, the MEDNETS framework attains a
MOS score of 4.4+0.1, indicating very natural and
high-quality recovered speech. The MEDNETS
framework consistently outperforms the traditional,
single-modal, DVST, eeDL, FLSC, and IS-JSCC
methods across all SNR levels.

The MEDNETS framework performs better than
other frameworks because it can efficiently collect and
maintain semantic information as it is being encoded
and decoded. The cross-modal semantic fusion,
similarity evaluation techniques, and deep neural
network based architecture allow the MEDNETS
framework to recover high-quality speech that is nearly
natural-sounding and intelligible as the original speech.
The MEDNETS framework offers a more realistic and
robust solution for dependable and efficient speech
transmission across wireless channels in real-world,
practical medical communication settings.

The MEDNETS framework’s high MOS ratings
show that it can produce natural-sounding speech,
improving user’s experience and promoting efficient
communication in medical settings.

5.2.3 Semantic image transmission
The image perceived similarity Simage is calculated by
Eq. (34),
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Fig. 8 MOS versus SNR.

N
Simage = %Z SSIM (Ii, il) (34)
i=1

where I; is the i-th original image, ; is the
corresponding reconstructed image, and SSIM (-,-)
denotes the structural similarity index measure.

The results shown in Fig. 9 shows that the
MEDNETS framework is good in preserving both the
semantic information and perceptual quality of images
during transmission. It achieves the highest similarity
scores compared to other methods. At an SNR of
18 dB, the MEDNETS framework achieves an image-
perceived similarity score of 0.92.

Additional experiments were done to evaluate how
well the proposed MEDNETS framework performs
in terms of visual quality and efficiency in transmitting
semantic images. The ratio of all image pixels to bits
needed for transmission is known as the channel
bandwidth ratio, or CBR for short. The MEDNETS
architecture and benchmark techniques were
employed to assess the visual quality of reconstructed
images at different CBR levels. A portion of the
MIMIC-CXR dataset, which

images including CT scans and X-rays, is used in the

contains medical
testing. The average scores for each approach’s
Structural Similarity Index Measure (SSIM) and Peak
Signal-to-Noise Ratio (PSNR) for the reconstructed
images at various CBR levels are displayed in Fig. 10.
Greater visual quality and structural resemblance to the
original images are implied by higher PSNR and SSIM
scores.

The MEDNETS framework has the highest PSNR
and SSIM scores of all the techniques, according to the
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Fig. 9 Image perceived similarity.
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Fig. 10 Comparison for quality of visuals at several levels
of CBR.

results shown in Fig. 10. With a CBR of 0.1, the
MEDNETS framework yields an SSIM of 0.92 *
0.01 and a PSNR of 32.5 * 0.3 dB, demonstrating
good visual quality and great structural similarity
despite minimal bandwidth costs. The PSNR and SSIM
scores of the MEDNETS framework increase with
increasing CBR in a steady manner; at CBR being 0.4,
they reach 40.1 = 0.1dB and 098 =+ 0.01dB,
respectively.

The MEDNETS system’s semantic process of cross-
modal including algorithms related to encoding and
decoding provides exceptional speed. Semantic
decoders use these representations to reconstruct high-
quality images after semantic encoders have extracted
important semantic information from input images.

The cross-modal semantic fusion and similarity
evaluation components of the framework enhance the
semantic alignment and consistency between the
original and reconstructed visuals. In contrast to
benchmark methods, MEDNETS exhibits effective
compression and transmission of medical images while
lowering bandwidth requirements without
compromising visual fidelity, offering better visual
quality at reduced CBR costs. For situations involving
real-time medical communication and effective
network resource utilisation, this capability is essential.
MEDNETS proves its potential to provide dependable
and efficient medical picture transmission via 6G
cross-modal semantic communication networks by
consistently delivering high-fidelity reconstructions
with higher visual quality and structural similarity,
even under low bandwidth circumstances.

5.2.4 Cross-modal evaluation

The outcomes of similarity in the process of cross-
modality between text and speech are shown in Fig. 11.
The best similarity ratings go to the MEDNETS
framework, indicating that it can capture and preserve
the semantic relationship between various modalities.
MEDNETS has a cross-modal similarity score of
0.95 at an SNR of 18 dB.

The process of similarity cross-modal results for text
and images has been displayed in Fig. 12. The high
similarity scores of the MEDNETS framework indicate
that it does a good job of capturing and maintaining the
semantic link between various modalities. MEDNETS
has a similarity in cross-modal score of 0.90 at an SNR
of 18 dB.

The outcomes of the similarity in cross-modal the
analysis between voice and images are shown in
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Fig. 11 Cross-modal similarity of speech—text.
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Fig. 13. MEDNETS achieves the highest similarity
ratings, demonstrating its ability to preserve semantic
links across many modalities. MEDNETS has a cross-
modal similarity score of 0.88 at an SNR of 18 dB.

The similarity for the process of cross-modal results
showing the effectiveness of the MEDNETS
framework semantic connections has been made across
several different modalities even under conditions
where it would be even more challenging for the
researchers where signal-to-noise ratios has been low.
For real-time streaming in the field of 6G cross-modal
semantic systems, MEDNETS
performs better in a number of areas. It also guarantees
high word and level of text similarity in a sentence,
which is necessary for accurate transfer of vital medical
data, including prescriptions and patient histories. At
the next level, MEDNETS produces clear and
intelligible transmission of audios for doctor and
patient related consultations and medical diagnostics
that has been done remotely thanks to its superior
performance in speech similarity, PESQ scores, and
MOS. At next stage, image
transmission (such as CT scans, MRIs, and X-rays) is
ensured by MEDNETS, which maintains high levels of
perceived picture similarity and visual quality across
several bandwidth levels. This feature makes accurate

communication

accurate medical

diagnosis, disease monitoring, and treatment planning
possible. It is helpful in emergency scenarios or
resource-constrained effective

Lastly,
MEDNETS enhances cross-modal similarity between
different data types (speech—text, image—text, and

image—speech), enabling seamless integration and

situations  where

network resource utilisation is essential.
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Fig. 13 Similarity cross-modal of image—speech.

understanding of multi-modal medical streaming data.
This helps healthcare providers in making precise
diagnoses and personalized treatment decisions based
on comprehensive patient assessments.

Furthermore, we present experimental results on the
inference time of the MEDNETS framework and
compare it with the benchmarks. Table 1 shows the
average inference time per sample for each method,
and values are reported as mean * standard deviation.

The results demonstrate that the MEDNETS
framework achieves the lowest inference time among
the benchmark methods, with an average of 60 ms per
sample, highlighting the efficiency of MEDNETS and
suitability for real-time medical data transmission. The
optimized architecture and parallel processing
capabilities of MEDNETS contribute to its fast
inference speed, enabling timely and responsive cross-
modal semantic communication in medical scenarios.

6 Conclusion

In our paper, we introduced MEDNETS, a deep neural
network framework designed for 6G systems that
enable real-time medical streaming through -cross-
modal semantic communication. Compared to other
methods, MEDNETS is better performance wise in
similarity scores, perceptual quality and understanding
across different types of data and SNR levels. By
combining advanced  multiple
techniques, like edge computing, Al integration and the
capabilities of 6G networks, MEDNETS supported
quick decision-making, intelligent processing of
medical data and combined learning among healthcare
providers. But along with this, there are two main
limitations to consider. Firstly, the computational
complexity of the deep neural networks used in
MEDNETS, which can affect real-time processing
speed; and secondly, the need for further validation

various access

Table 1 Average inference time (mean =+ standard

deviation) comparison.

Method Inference time (ms)
Traditional 120 = 10
Error-free 51

Single-modal 80 £ 5

DVST 95+ 8

eeDL 90 + 6

FLSC 85+ 7
IS-JSCC 100 =9
MEDNETS 60 + 3




546 Tsinghua Science and Technology, February 2027, 32(1): 527-548

across a broader range of medical datasets to confirm
its effectiveness and reliability in diverse clinical
scenarios. Future avenues for research include
extending MEDNETS to accommodate real-time multi-
modal streaming data
telemedicine applications, as well as incorporating

privacy-preserving approaches and explainable Al

medical and interactive
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