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SC-GIR: Goal-oriented Semantic Communication via Invariant
Representation Learning for Image Transmission

Senura Hansaja Wanasekara, Van-Dinh Nguyen, Kok-Seng Wong,
M.-Duong Nguyen, Symeon Chatzinotas, and Octavia A. Dobre

Abstract—Goal-oriented semantic communication (SC) aims
to revolutionize communication systems by transmitting only
task-essential information. However, current approaches face
challenges such as joint training at transceivers, leading to
redundant data exchange and reliance on labeled datasets, which
limits their task-agnostic utility. To address these challenges,
we propose a novel framework called Goal-oriented Invariant
Representation-based SC (SC-GIR) for image transmission. Our
framework leverages self-supervised learning to extract an invari-
ant representation that encapsulates crucial information from the
source data, independent of the specific downstream task. This
compressed representation facilitates efficient communication
while retaining key features for successful downstream task
execution. Focusing on machine-to-machine tasks, we utilize
covariance-based contrastive learning techniques to obtain a
latent representation that is both meaningful and semantically
dense. To evaluate the effectiveness of the proposed scheme on
downstream tasks, we apply it to various image datasets for
lossy compression. The compressed representations are then used
in a goal-oriented AI task. Extensive experiments on several
datasets demonstrate that SC-GIR outperforms baseline schemes
by nearly 10%, and achieves over 85% classification accuracy
for compressed data under different SNR conditions. These
results underscore the effectiveness of the proposed framework
in learning compact and informative latent representations.

Index Terms—Communication efficiency, data compression,
deep learning, goal-oriented semantic communication, redun-
dancy reduction.

I. INTRODUCTION

THE rapid evolution of wireless communication tech-
nologies, particularly with the widespread deployment

of the fifth-generation of cellular network technology (5G),
has catalyzed a new wave of intelligent and data-intensive
applications, such as digital twins, smart cities, and the grow-
ing ecosystem of the Internet of Things (IoT) [1]. However,

S. H. Wanasekara is with the College of Engineering and Computer
Science, with the Center for Environmental Intelligence, VinUniversity, Hanoi,
Vietnam and also with the University of Sydney, Sydney, Australia (e-mail:
wwan0281@uni.sydney.edu.au).

V.-D. Nguyen and K.-S. Wong are with the College of Engineer-
ing and Computer Science, and also with the Center for Environmen-
tal Intelligence, VinUniversity, Hanoi 100000, Vietnam (e-mail: {dinh.nv2,
wong.ks}@vinuni.edu.vn). Corresponding author: Van-Dinh Nguyen. Part of
this work was presented at the EAI INISCOM, Da Nang, Vietnam.

Minh-Duong Nguyen is with the Department of Intelligent Comput-
ing and Data Science, VinUniversity, Hanoi, Vietnam (e-mail: mduong-
bkhn@gmail.com).

S. Chatzinotas is with the Interdisciplinary Centre for Security, Reliability
and Trust (SnT), University of Luxembourg, L-1855 Luxembourg City,
Luxembourg (e-mail: symeon.chatzinotas@uni.lu).

O. A. Dobre is with the Dept. of Electrical and Computer Engineer-
ing, Memorial University, St. John’s, NL A1B 3X9, Canada (e-mail:
odobre@mun.ca).

conventional communication paradigms remain largely cen-
tered on the transmission of raw data, paying little atten-
tion to the semantic content or contextual intent underlying
the information being exchanged. This traditional framework,
firmly grounded in Shannon’s classical information theory, is
increasingly showing its limitations in the face of modern
demands for intelligent, purpose-driven, and resource-efficient
communication.

As we look ahead to the sixth-generation (6G) wireless net-
works, the landscape of communication is poised to undergo
a transformative shift. Next-generation applications, ranging
from immersive technologies such as virtual and augmented
reality (VR/AR) to the Metaverse and real-time digital twin-
ning, require unprecedented data rates and ultra-low latency.
Many of these applications push the boundaries of Shannon’s
capacity limits [2], while simultaneously introducing new re-
quirements such as contextual understanding, semantic fidelity,
and task relevance.

Moreover, the convergence of artificial intelligence (AI)
with wireless communications is steering the field toward user-
centric and context-aware paradigms. In these settings, the
meaning and intent of transmitted information often outweigh
the need to reproduce data with bit-level accuracy. This trend
emphasizes that future communication systems must evolve
from merely delivering bits to delivering purpose-driven un-
derstanding [3].

Semantic communication (SC) has emerged as a promising
response to these challenges. By prioritizing the meaning
embedded in data rather than its raw quantity, SC integrates
AI-based approaches, representation learning, and context
awareness to enhance the efficiency and effectiveness of
information exchange [3], [4]. This paradigm shift aims to
significantly reduce bandwidth consumption, increase task-
specific reliability, and improve the end-user experience. As
such, developing robust semantic communication frameworks
is essential to overcoming the bottlenecks of traditional com-
munication models and unlocking the full potential of 6G and
beyond.

A. Challenges

Despite its promise, the practical adoption of SC, espe-
cially in distributed and resource-constrained environments
such as IoT networks, faces several significant challenges.
Most existing SC systems rely on end-to-end autoencoder
architectures that aim to fully reconstruct transmitted data at
the receiver. While effective for certain tasks, this approach
falls short in scenarios that prioritize goal-oriented outcomes
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over pixel-accurate reconstructions. In goal-oriented SC, full
data reconstruction introduces unnecessary redundancy that
does not contribute to the intended downstream task (e.g.
classification or detection). This not only wastes bandwidth
but also increases computational and energy costs at the
receiver side [5], [6]. In federated and collaborative learning
scenarios, reconstructing high-fidelity data at distributed nodes
can inadvertently expose sensitive information, raising critical
privacy and security concerns [7], [8]. Moreover, achieving
near-perfect reconstruction often necessitates massive labeled
training datasets, which are difficult to acquire and maintain
in dynamic and heterogeneous IoT environments [9].

Traditional wireless communication systems, such as those
based on the joint source-channel coding (JSCC) [10], transmit
images by first compressing them into latent representations
x ∈ Rn using an encoder fθ, sending these representations
over a channel h, and decoding them at the receiver using
a decoder gϕ. While JSCC has demonstrated robustness to
channel noise, it faces notable limitations when applied in IoT
and edge computing contexts:

• Scalability challenges: DeepJSCC models require re-
training or fine-tuning for new environments or device
configurations, limiting their adaptability in diverse and
rapidly changing IoT deployments.

• Redundant reconstruction: The decoder often upscales
latent features into high-dimensional data (e.g. full-
resolution images), much of which may be irrelevant for
the actual task. This not only introduces computational
inefficiencies but can also dilute the semantic signal with
unnecessary noise.

• Encoding and power constraints: Transmitting latent
vectors z composed of k-length elements under strict
power and bandwidth constraints complicates system de-
sign and increases implementation complexity, especially
in edge scenarios with limited energy budgets.

B. Main Contributions
Motivated by the limitations of existing SC paradigms,

we propose a novel framework, namely SC-GIR, tailored
for efficient and goal-oriented image transmission in wireless
environments. SC-GIR is grounded in the principles of the
information bottleneck theory and enhanced by advanced
contrastive learning techniques [11], enabling it to selectively
extract and transmit semantically relevant information while
discarding irrelevant details. This design effectively addresses
the challenges of redundancy, privacy, and scalability in se-
mantic communication for IoT scenarios. The key contribu-
tions of this paper are summarized as follows:

1) We propose SC-GIR, a novel semantic communication
framework for image transmission, explicitly designed
to reduce transmission overhead in goal-oriented tasks.
By prioritizing semantically meaningful representations
over pixel-level fidelity, SC-GIR significantly improves
communication efficiency in resource-constrained envi-
ronments.

2) We develop a specialized training methodology for SC-
GIR that leverages self-supervised contrastive learn-
ing to minimize semantic redundancy. This approach

ensures that only task-relevant features are retained,
thereby enhancing both communication efficiency and
task performance, without the need for full data recon-
struction.

3) We conduct extensive experiments across multiple
benchmark datasets to validate SC-GIR in the context
of IoT-enabled semantic classification tasks. Our results
demonstrate that SC-GIR achieves substantial improve-
ments in both transmission efficiency and task accuracy,
while also exhibiting superior scalability and robustness
compared to state-of-the-art semantic communication
baselines.

C. Organization and Notation

The remainder of this paper is organized as follows. The
related works are discussed in Section II. Section III presents
the system model along with the objective design. The pro-
posed SC-GIR framework is detailed in Section IV. Numerical
results are given in Section V, while Section VI concludes the
paper.

Notation: Throughout this paper, we use the following
notations described in Table I.

TABLE I: Mathematical Notations

Symbol Description

A Matrix
a Vector
a Scalar

x ∼ CN (0, σ2)
Circularly-symmetric complex Gaussian
random variable with zero-mean and variance σ2

∥ · ∥ Euclidean norm of a vector
1{} Indicator function
C Set of complex numbers
R Set of real numbers

E{·} Expectation of a random variable variable
L{·} Loss function
Cij Cross-correlation matrix element

I(X;S) Mutual information between X and S

II. RELATED WORKS

In communication systems, Shannon’s foundational model
emphasizes the conversion of information into bit sequences
for transmission, prioritizing accuracy as measured by metrics
such as bit error rate (BER) and symbol error rate (SER)
[12]. While effective for ensuring data fidelity, this traditional
approach often neglects the semantic value of transmitted in-
formation, a crucial aspect for understanding and utilizing data
effectively [13]. With the evolution of digital communication,
network protocols have become increasingly complex, posing
challenges in compatibility and increased network complexity
[14]–[16]. In response, the concept of semantic communica-
tion has emerged, advocating for a shift towards transmitting
the essence or meaning of data, rather than just the data itself.
This paradigm shift is particularly relevant in machine-to-
machine communications, where the efficiency and relevance
of information exchange are of paramount importance [17].

Existing research in SC can broadly be categorized based on
their encoder-decoder design strategies, particularly regarding
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how they represent, compress, and interpret semantic informa-
tion. One prominent direction focuses on improving semantic
encoding and decoding efficiency, typically by integrating
deep learning techniques to balance compression and task
performance. DeepSC [18], a transformer-based architecture,
was one of the earliest efforts to incorporate natural language
understanding into SC systems. Its successors, U-DeepSC [19]
and MUDeepSC [20], extend this model by leveraging layer-
wise knowledge transfer to improve generalization across
tasks. Mem-DeepSC [21] further enhances this architecture
with memory modules at the receiver side, enabling bet-
ter contextual understanding and reconstruction of semantic
content. Another influential line of work is DeepJSCC [10],
which eliminates explicit source and channel coding stages
by jointly mapping input images directly to channel symbols
using deep neural networks. While highly robust in noisy
wireless conditions, DeepJSCC suffers from scalability issues
and task-specific limitations, especially in heterogeneous or
dynamic IoT environments.

Recent works have addressed the adaptability and gener-
alization challenges of SC systems. For example, adaptable
semantic compression techniques [22]–[25] dynamically as-
sessed the relevance of latent features to discard information
that contributes little to task performance. This approach
significantly reduces bandwidth while maintaining high accu-
racy in downstream tasks. SemCC [26] introduced contrastive
learning into the encoding process, allowing the model to
extract more salient features that are robust to variations in
input. DeepMA [27] proposed orthogonal semantic symbol
extraction, supporting more efficient multiple access schemes
by separating semantic vectors across users. A different yet
promising direction is explored in GenerativeJSCC [28], which
integrates StyleGAN-2 to leverage pre-trained generative pri-
ors. This approach offers high-quality reconstructions by align-
ing transmitted representations with generative latent spaces.
However, its reliance on domain-specific pretraining intro-
duces limitations in generalizability to new or unseen datasets,
a critical issue for real-world IoT and edge deployments.

Beyond methods explicitly designed for semantic commu-
nication, two adjacent domains offer relevant insights into
task-agnostic and compression-efficient modeling. The first in-
volves large-scale, multi-modal models like CLIP (Contrastive
Language-Image Pre-training) [29], which learn highly gen-
eralizable, task-agnostic representations from vast image-text
datasets, enabling remarkable zero-shot transfer capabilities.
However, these models differ from M2M communications in
their objectives and constraints, their primary goal is multi-
modal understanding and their massive size makes them
largely unsuitable for the resource-constrained edge devices
central to our work. The second relevant domain is that
of generative models like Variational Autoencoders (VAEs)
[30], which are inherently designed for data compression.
While some VAEs incorporate semantic regularization, their
fundamental objective remains data reconstruction. M2M com-
munication is distinct from both approaches. Unlike large-
scale models, M2M communication operates under strict con-
straints, prioritizing lightweight and communication-efficient
architectures.

Semantic feature
extractor 

Channel encoder

Goal oriented AI
task

Channel decoder

Channel
noise

Transmitter Receiver Goal oriented AI task
+

Fig. 1: The overall architecture of the communication frame-
work.

Despite these advances, most existing methods still operate
under the assumption that full or near-full reconstruction of
the original input is necessary. This contradicts the objective
of many goal-oriented applications, where only task-relevant
semantic features are required. Moreover, these frameworks
often neglect concerns such as privacy, redundancy, and scala-
bility in distributed environments. This creates an urgent need
for frameworks that not only reduce bandwidth usage but
also preserve utility, generalize across tasks, and ensure data
privacy, particularly in decentralized or federated settings.

III. SYSTEM MODEL

As illustrated in Fig. 1, the overall architecture of the pro-
posed SC-GIR framework targets a point-to-point communi-
cation scenario with a transmitter and receiver. The transceiver
utilizes the latent representation for downstream AI tasks
such as classification or object detection. The data undergoes
processing through key system components highlighted in
different colors. We will delve into each component’s function-
ality in subsequent sections. To contextualize our discussion,
we consider a harvested data sample denoted by x ∈ Rc×d×w,
where c, d and w represent the channels, height and width,
respectively, encapsulating the dimensional attributes of the
data pertinent to tasks.

A. Wireless Channel

The transmission of the channel-encoded latent variable ŝ,
obtained via the channel encoder, occurs over a Rayleigh fad-
ing channel, a common scenario in wireless communications
characterized by multipath scattering effects [31]. We assume
that ŝ ∈ CN×1, where N is the output dimension of the
semantic encoder. The received signal can be expressed as

y = hŝ+ n (1)

where h ∼ CN (0, 1) is the channel coefficient characteristic
of Rayleigh fading and n ∼ CN (0, σ2

n) is the additive white
Gaussian noise (AWGN). Eq. (1) captures the essential aspects
of signal degradation over a wireless channel, highlighting the
influence of both multipath fading and thermal noise in the
received signal y.

B. Semantic Feature Extractor

The proposed semantic feature extractor plays a critical
role in achieving a concise and informative latent repre-
sentation of the data. This extractor acts as the foundation
for understanding the underlying meaning of the data. The
proposed algorithm presented shortly operates on the data X ,
analyzing and distilling complex information into meaningful
features represented by the latent representation S (in here
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we consider S ∼ S′ for explanation purposes). The work in
[32] proved that a representation S is minimally sufficient for
downstream tasks Y if and only if I(X;Y |S) = 0 (once S is
known, X provides no additional information about Y ). This
implies that the encoding process preserves all task-relevant
information. To achieve this, we aim to minimize the following
loss function:

L = I(X;S)− βI(S;Y ). (2)

The loss function consists of two key information-theoretic
terms: I(X;S) and I(S;Y ). In particular, I(X;S) represents
the mutual information between the original data X and the la-
tent representation S. It captures how much information about
the original data is preserved in the encoded representation.
I(S;Y ) presents the mutual information between the latent
representation S and downstream task Y weighted by a hyper-
parameter β. It controls the trade-off between preserving task-
relevant information and achieving compression.

By minimizing the loss function in Eq. (2), we aim to learn
latent representations that are informative for the downstream
task while also achieving compression by removing redundant
information about the original data. To achieve this, we
decompose I(X;S) into two terms [33]:

I(X;S) = I(X;S|Y )︸ ︷︷ ︸
redundant information

+ I(S;Y ).︸ ︷︷ ︸
task-related information

(3)

This decomposition aligns with the information bottleneck
principle [34], [35], where the goal is to learn a representation
that retains task-relevant information I(S;Y ), while discard-
ing irrelevant information I(X;S|Y ). The contrastive learn-
ing approaches achieve this by maximizing the information in
the representation relevant to the downstream task I(S;Y ).

C. Redundant Information from the Causal Structure Model

As stated in Eq. (3), the goal in reducing redundant informa-
tion is to represent the compressed data specifically in terms
of task-related information I(S;Y ). To relax this relationship,
we utilize the structured causal model (SCM) [36].

Definition 1 (Structured Causal Model): Given an input im-
age X , ground truth label L, causal part C = I(S;L) (task-
related representation), and non-causal part V = I(X;S|L)
(non-task-related representation), SCM can be represented as
follows:

• C → X ← V : The input image X consists of two
disjoint parts: The causal part C and the non-causal part
V .

• C → L: The causal part C is the only endogenous parent
to determining the ground-truth label L.

• C ↮ S: This indicates the probabilistic dependencies be-
tween C and V . There are spurious correlations between
C and V , therefore C ⊭ V .

By separating data into causal and non-causal components, we
hypothesize that the necessity to diminish redundant informa-
tion can be alleviated by prioritizing the learning of representa-
tions pertaining to the causal components. As indicated in [37],
the causal representations can be simplified by obtaining an

invariant representation. To this end, we consider the following
definition,

Definition 2 (Symmetries): Let G be a group acting measur-
ably on S. The conditional distribution P (S|X) of S given
X when G−invariant if S|X d

= S|T ·X:

P (S|X) = P (S|T ·X), ∀T ∈ G (4)

where X and S represent the source image and invariant
representations, respectively.
Following this definition, an invariant representation remains
unchanged regardless of the permutation of input data. Con-
sequently, we employ multi-view learning as an effective
approach to generate data permutations. This enables us to
discover an invariant representation that adheres to the condi-
tion of symmetry.

Contrastive learning, despite its effectiveness in many con-
texts, faces notable challenges in device-to-device commu-
nication scenarios, where resource constraints and real-time
requirements are paramount. A key limitation is its high com-
putational cost, particularly in terms of memory consumption
and training time [38], which can overwhelm the limited
processing power available on such devices. Furthermore, the
method relies heavily on a large number of negative samples,
images that do not contain the object of interest, to function
effectively. However, generating these negative samples is
often impractical in resource-constrained and time-sensitive
environments.

To address the inherent limitations of contrastive learning,
we introduce a covariance-based method for feature extraction
[39]. This approach involves computing the covariance of the
semantic features S as follows:

C(S) =
1

K − 1

K∑
i=1

(Si − S̄)(Si − S̄)T (5)

where S̄ = 1
K

∑K
i=1 Si. This approach offers several advan-

tages, particularly in the context of IoT communications. It
inherently demands fewer computational resources, owing to
its streamlined mathematical operations that minimize the need
for extensive negative sample generation. Furthermore, by em-
phasizing variance and covariance among features, it naturally
mitigates feature collapse, fostering a more uniform distribu-
tion of similar information across the embedding space. This
characteristic plays a pivotal role in generating distinct and
discriminative representations, thereby enhancing performance
in downstream tasks. Section IV explains how the SC-GIR
framework implements this covariance-based principle through
a cross-correlation loss function applied to standardized latent
representations

D. Channel Encoder and Decoder

In Fig. 1, the latent representation obtained from the se-
mantic encoder is processed by the channel encoder. The
channel encoder introduces redundancy into the data to bolster
its resilience against channel perturbations. This redundancy-
enriched channel encoded latent representation, denoted as ŝ,
is then transmitted through the channel. At the receiver end,
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Fig. 2: The proposed semantic encoder architecture consisting of the Multi-view transformation to generate the distorted view
and distributed meaningful extractor to extract semantics.

the data received as y, representing the signal after experi-
encing channel perturbations, is fed into the channel decoder.
The decoder’s role is pivotal: it reconstructs the transmitted
latent representation from y, effectively mitigating the effects
of channel perturbations and ensuring the integrity of the
transmitted information. By employing algorithms tailored to
error correction and information retrieval, the decoder plays
a crucial role in maintaining communication reliability and
quality.

E. The Objective Design

The proposed downstream task leverages the latent rep-
resentation generated by the semantic encoder to perform
classification, serving as a means to evaluate the effectiveness
of our method. In this setup, the noise-corrupted latent vector,
denoted by y and obtained after channel transmission, is fed
into a classifier consisting of m linear layers.

The objective of the goal-oriented AI (GOAI) task is to
attain high classification accuracy despite the noise induced by
the channel in the latent representation. This is accomplished
by minimizing the GOAI loss, denoted as LGOAI, which is
the categorical cross-entropy loss quantifying the disparity
between the predicted distribution of GOAI and the ground-
truth labels l:

LGOAI = −
1

N

N∑
n=1

C∑
c=1

lnc log(l̂nc;w) (6)

where C denotes the number of classes, N is the total number
of samples, and lnc represents the ground truth in a one-hot
encoded format for each sample n and class c. The prediction
l̂nc = fGOAI(y;w) indicates the model’s output for sample n
being in class c, where fGOAI embodies the classifier’s function,
parameterized by the weight w.

The weight w of the linear layers is updated through
stochastic gradient descent (SGD) as

wt+1 ← wt − η · ∇wLGOAI (7)

where η is the learning rate and ∇wLGOAI is the loss with
respect to the weight.

To showcase the versatility of the proposed approach across
various datasets, we adapt the configuration of the final layer
according to the specific requirements of different datasets.

Section V-A provides comprehensive details on the experi-
ments conducted, demonstrating the performance and applica-
bility of the proposed semantic communication framework in
accomplishing GOAI tasks.

IV. PROPOSED SC-GIR FRAMEWORK

To support the meaningful extractor described in Sec-
tion III-C, a semantic feature extractor is required as a central
component for learning redundancy-reduced latent represen-
tations. To this end, we propose SC-GIR, a training-stage
framework designed to learn both a semantic encoder and
decoder. In particular, SC-GIR consists of two key modules:
the Multi-view Transformation and the Distributed Meaningful
Extractor, as shown in Fig. 2. Overall, our architecture lever-
ages the Multi-view Transformation to generate diverse views
of the data, enabling the encoder to learn shared, invariant
features across these perturbations through the use of the
cross-correlation loss Lcross−corr. This approach distinguishes
our method from existing data transformation techniques,
where transformations are typically trained jointly without
specifically targeting invariant representation learning.

A. Multi-view Transformation

Building on [40]–[42], the proposed multi-view transfor-
mation module illustrated in Fig. 3 acts as a stochastic data
augmentation technique, generating two correlated contrastive
views of a given data sample. Our approach emphasizes
learning representations by contrastively comparing positively
and negatively related pairs. This approach captures latent rep-
resentations by treating each as a class vector within a higher-
dimensional parametric space. We sequentially combine distor-
tion transformation methods for image processing, resulting in
two contrastive views of the input data. To integrate the multi-
view architecture within the SC-GIR framework, our system
preprocesses the input data x to generate two augmented views
using the following augmentation regime: Random cropping,
horizontal flipping, color processing, Gaussian noise blurring,
solarization as in Table II [43]. The overall multi-view trans-
formation, along with the sequence of augmentation function
application, is illustrated in Fig. 4.

The process of generating two views is defined as

x
FT−−→ x̂, x

FT
′

−−→ x̂′ (8)
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where x̂ and x̂′ are the outputs from a multi-view transforma-
tion module. Herein, FT and FT

′ represent the cumulative
stochastic augmentation functions with values specified in
Table II.

Random cropping: This entails selecting a random patch from
the image, where the area is uniformly sampled with a crop
probability pcrop relative to the original image’s size. The
chosen patch is subsequently resized to the target dimensions
of m×m using bicubic interpolation.

Horizontal flipping: This operation allows for the optional
flipping of the image horizontally with probability pflip.

Color processing: This contains the following two steps.

• Color jittering: In this process, adjustments are made to
the brightness, contrast, saturation, and hue of the image
by applying a uniformly random offset to all pixels. The
application of these adjustments is chosen randomly for
each selected patch.

• Color dropping: This operation optionally converts the
image to grayscale. The intensity for each pixel (r,g,b)
after each application is determined by its luma compo-
nent, calculated as prr+ pgg + pbb.

Gaussian noise blurring: A square Gaussian kernel of size
mG ×mG is applied to the transformed image. The standard
deviation of the kernel is randomly chosen from a uniform
distribution over the interval [0.1, 1].

Solarization: This involves an optional color transformation
for pixels with values in the range [0, 1], which is defined as:

x 7→ x · 1{x<0.5} + (1− x) · 1{x≥0.5}. (9)

The distortion transformations FT and FT
′ in Eq. (8), are

compositions of the aforementioned image augmentations ap-
plied in the listed order, each with a predetermined probability.
The parameters for these image distortion transformations are
detailed in Table II.

It is important to emphasize that this Multi-view Trans-
formation module is employed exclusively during the offline
training phase. The goal is to enable the encoder to learn robust
and invariant features by exposing it to diverse data views.
During the online inference stage for real-time communication,
a single, non-augmented input image is passed through the
trained encoder only once to generate the latent represen-
tation for transmission. This single-pass approach ensures
minimal computational overhead and latency, making the SC-
GIR framework suitable for practical deployment on resource-
constrained M2M devices.

B. Distributed Meaningful Extractor

The main objective of the semantic encoder is to extract
invariant representations from the shared views generated by
the parallel augmentation function, thereby capturing the most
meaningful mutual information within those views. Our aim is
to enhance the capturing of mutual information by identifying
invariant features within the data, which have been previously
decomposed from the multi-view architecture, and aggregating
them in the latent space [40]. To this end, we propose the SC-
GIR loss function, defined as:

Lcross−corr =
∑
i

(1− Cii)2 + λ
∑
i

∑
i̸=j

(Cij)2 (10)

where C denotes the empirical cross-correlation matrix be-
tween z1 and z2 which are the standardized outputs of two
parallel encoders, f1 and f2, each consisting of multi-layer
projection heads with similar architectures. In particular, we
have:

z1,std = fStand
(
f1(x̂)

)
(11)

z2,std = fStand
(
f2(x̂

′)
)
. (12)

The projection heads receive the encoder outputs and return
zi, a d-dimensional vector. The fStand function standardizes
this latent vector utilizing the mean µ and the standard
deviation σ of that vector. Therefore, prior to calculating the
empirical cross-correlation, we obtain z1,std ∈ Rn×d and
z2,std ∈ Rn×d where n is the number of samples. Following

that, the empirical cross-correlation matrix C =
zT
1,stdz2,std

n ∈
Rd×d is obtained using the standardised vectors. This cross-
correlation loss function directly embodies the covariance-
based redundancy reduction principle outlined in Eq. (5).
By operating on standardized outputs, it effectively computes
the normalized covariance Eq. (10), providing a stable and
interpretable objective for promoting both feature invariance
and decorrelation. The parameter λ in Eq. (10) represents the
scaling factor between the diagonal and off-diagonal losses for
the total loss.

The first component of the cross-correlation focuses on
the off-diagonal loss, aiming to maximize shared informa-
tion between the two outputs by establishing an invariant
representation through the preceding transformation regime.
The subsequent off-diagonal term is dedicated to redundancy
reduction.

Intuitively, the diagonal elements of the cross-correlation
matrix should approach +1, reflecting the maximization of
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Algorithm 1: Semantic Encoder Algorithm for the
Proposed SC-GIR Framework

Input : Data samples aligned serially which are to be
semantically encoded;
B is batch size with b samples.

1 Initialize: The neural network parameters: θ for fθ , fdiag
which vectorizes the diagonal elements of a square matrix.

2 for batch b sampled from N samples do
3 y1, y2 = a(x); // generate two views
4 z1 = fθ(y1); z2 = fθ(y2); // obtain the

latent representation

5 z1,norm = z1−E[z1]
σz1

; z2,norm = z2−E[z2]
σz2

;
// standardisation

6 C =
∑

b z1,norm·z2,norm√∑
b(z2

1,norm)
√∑

b z2
2,norm

;

// cross-correlation matrix

7 Lon =
∑

Cii

(
fdiag(C)− 1

)2; // summation over
the diagonal elements

8 Loff =
∑

Cij

(
C − fdiag(C) + 1

)2; // summation
over the off-diagonal elements

9 Lcross−corr = Lon + Loff ;
Output: Lcross−corr, z1.

mutual information, while the off-diagonal elements should
approach 0, signifying the reduction of redundancy. These
constraints ensure that the latent representation undergoes
semantic compression, optimizing its suitability for subsequent
downstream tasks. Our objective function aims to encourage
the clustering of different data samples in the same latent
space while simultaneously pulling apart dissimilar latent
spaces, as depicted in Fig. 3. The learning process of the
semantic encoder can be explained from the perspective of
the information bottleneck principle [44], [45]. The latent
representation of data X obtained via the encoder should be
sufficiently informative for the downstream task Y . Therefore,
the model aims to concatenate a greater amount of non-shared
invariant information within the latent representation S, which
is consistent across the two views, thereby increasing the
mutual information I(S;Y ).

However, the information bottleneck principle also under-
scores the significance of a succinct representation. Hence,
the mutual information between the original data X , and
the latent representation S, denoted by I(X;S), should be
minimized to ensure a compressed and efficient representation.
Following the information bottleneck principle (IB), the latent
representation should strike a balance between these two
competing objectives. To formalize this trade-off, the objective
function IB can be mathematically formulated as

max
p(t|x)

IB = I (Y ;S)− αI (X;S) (13)

where α is the scaling factor. Given an input X and a desired
output Y , the model learns a representation T that captures
the information essential for fulfilling task Y . Through sim-
plifications and approximations [40], the objective function
is reformulated into our loss function in Eq. (10), which
underlies the minimally sufficient representation obtained via
the semantic encoder.

TABLE II: Augmentation Functions and Corresponding Pa-
rameters of the SC-GIR Multi-view Transformation Module
for Each View as Described in Eq. (8)

Functions FT FT
′

Random crop probability 1.0 1.0
Horizontal flip probability 0.5 0.5
Brightness adjustment max intensity 0.4 0.4
Contrast adjustment max intensity 0.4 0.4
Saturation adjustment max intensity 0.2 0.2
Hue adjustment max intensity 0.1 0.1
Greyscaling probability 0.2 0.2
Gaussian blurring probability 1.0 0.1
Solarization probability 0.0 0.2

The entire training process is succinctly captured in Algo-
rithm 1, where a batch B of data is processed through the
semantic encoder to yield two distinct views. These views
are then used to compute the cross-correlation matrix, as
outlined in line 6. Subsequently, both diagonal and weighted
off-diagonal losses are determined, leading to the computation
of the total loss and the extraction of the latent representation.
The primary objective throughout the training phase is to
minimize the training loss, denoted as Lcross-corr.

Discussion on model complexity: The proposed SC-GIR
method operates during the training phase and does not alter
the model architecture used for inference. Consequently, it
incurs no additional inference latency, memory footprint, or
computational cost (e.g. FLOPs) compared to existing ap-
proaches such as SemCC and DeepJSCC. This design ensures
that SC-GIR remains suitable for deployment in resource-
constrained environments, such as IoT and wireless edge de-
vices, while offering improved training effectiveness through
enhanced representation learning

V. EXPERIMENTAL EVALUATIONS

In this section, we first provide an overview of the datasets
used for the experiments. Subsequently, we delve into the im-
plementation details of each component within the considered
system model. Following this, we present our experimental
results, categorized into two main evaluations: the encoder
assessment and the analysis related to the GOAI task. These
results are accompanied by a thorough comparative analysis
aimed at assessing the efficacy of our proposed methodology.

A. Experimental Setup

Datasets: In accordance with standard practices, we assess
the performance of SC-GIR using established datasets, in-
cluding CIFAR-10, CIFAR-100 [46], EMNIST [47], FMNIST
[48], STL-10 [49], Flower-17 [50], Cityscape [51] and PACS
[52]. These datasets are widely acknowledged for their quality
and consistency in evaluating a variety of computer vision
classification algorithms.

For example, the CIFAR dataset consists of 60,000 images
(50,000 for training and 10,000 for testing), distributed across
either 10 or 100 different classes, respectively. To prepare these
datasets, we employ a multi-view augmentation pipeline that
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TABLE III: Neural Network Architecture of the Semantic
Encoder

Network Layer Name Properties
conv1 3× 3, 64, stride 1
pool1 3× 3, max pool, stride 2

conv2 x
[
3× 3, 64
3× 3, 64

]
× 3

Encoder conv3 x
[
3× 3, 128
3× 3, 128

]
× 4

conv4 x
[
3× 3, 256
3× 3, 256

]
× 6

conv5 x
[
3× 3, 512
3× 3, 512

]
× 3

MLP
layer 1 [512, 512], GELU, Batchnorm1d
layer 2 [512, 1024], GELU, Batchnorm1d
layer 3 [1024, 2048], GELU, Batchnorm1d

TABLE IV: Neural Network Architecture of GOAI Task

Network Layer Name Properties

layer 1 [512, 1024],
PReLU, BatchNorm1d

layer 2 [1024, 1024],
PReLU, BatchNorm1d

GOAI

layer 3 [1024, 1024],
PReLU, BatchNorm1d

layer 4 [512, output dim],
PReLU, BatchNorm1d

generates two distorted views for each data point. This pipeline
involves resizing the images to a standardized size of 32× 32
pixels and applying a series of random transformations with
specified probabilities. The transformations include horizontal
flipping, color jittering, grayscale conversion, Gaussian blur-
ring, and solarization, as outlined in Table II.

Encoder: We utilize ResNet-34 [53] as the backbone ar-
chitecture for all the following experiments. To accommodate
the integration of multi-layer projection heads, we adapt the
backbone architecture by replacing the final classification layer
of ResNet with a multi-layer projection network (MLP), as
depicted in Table III. The projection head consists of three
linear layers with output dimensions 512, 1024, and 2048,
respectively. Following each linear layer, we apply a Gaussian
Error Linear Unit (GELU) activation function [54] due to
its smoothness and differentiability across all input ranges,
which is essential for effective training. Additionally, batch
normalization is applied after each GELU activation to further
stabilize and accelerate the learning process. During training,
we set the trade-off parameter λ to 5× 10−4. The encoder is
optimized using the Adam optimizer [55] with a mini-batch
size of 64 and a learning rate of 10−4.

Goal-oriented AI Task (GOAI): To assess the versatility of
the proposed semantic encoder across a range of downstream
tasks, we employ classification as our primary evaluation
framework. The GOAI architecture consists of four linear
layers, each activated by a Parametric Rectified Linear Unit
(PReLU) [56]. The output dimensions of these layers vary

depending on the dataset used, as outlined in Table IV. To
improve training stability and accelerate learning, 1D batch
normalization layers are inserted after each linear layer. Ad-
ditionally, we employ a learning rate scheduler that utilizes a
cosine annealing strategy [57] in conjunction with the Adam
optimization algorithm [55] to facilitate efficient convergence.

Baseline schemes: To evaluate the effectiveness of the
proposed SC-GIR framework, we compare its performance
against several established traditional and semantic commu-
nication approaches.

• Deep Joint Source-Channel Coding (DeepJSCC) [10]:
This end-to-end semantic communication model employs
an encoder-decoder architecture for simultaneous source
and channel coding. The output of DeepJSCC is subse-
quently passed through a pre-trained ResNet-18 [58] for
the goal-oriented classification task.

• Contrastive Learning-based Semantic Communication
(SemCC) [59]: SemCC leverages contrastive learning
techniques to improve the alignment between transmitted
and received semantics.

• Semantic Re-Encoding (SemRE) [59]: This approach in-
troduces an auxiliary semantic encoder to guide training
when the downstream task or application model is un-
available during transmission.

• Transformer-based Semantic Communication (DeepSC)
[60]: A semantic communication framework built upon
the transformer architecture, designed to preserve task-
relevant features across noisy channels.

• Traditional Communication Systems (BPG + LDPC):
Represented by conventional source and channel coding
techniques, such as Bit-Perceptual Grouping (BPG) for
source coding combined with LDPC codes for channel
protection.

To ensure a fair comparison, all methods are evaluated on
the same downstream task using their respective reconstructed
outputs. This evaluation setup allows us to specifically assess
the impact of different semantic encoder architectures on
overall system performance.

Metrics: We consider various performance metrics, gauging
both feature quality and downstream task impact. Cosine sim-
ilarity assesses the encoder’s ability to produce informative,
less redundant, and stable representations. High cosine simi-
larity between the original data and encoded representations
indicates effective semantic capture with reduced redundancy.
For task performance, we use the F1 score to compare our
method against the baseline in the GOAI task, serving as the
primary metric.

B. Performance Comparison with Baselines
We conduct a comprehensive benchmarking analysis across

six diverse datasets to evaluate the performance of the pro-
posed SC-GIR approach. The model is compared against
both semantic communication baselines (SemCC, SemRE,
DeepJSCC, DeepSC) and traditional communication baselines
(BPG paired with various LDPC and quadrature amplitude
modulation (QAM) configurations), using classification accu-
racy as the primary performance metric. The results, sum-
marized in Table V, highlight the effectiveness of SC-GIR.
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TABLE V: Performance of SC-GIR Compared to Several Baselines Across Different Datasets

Algorithm CIFAR-10 CIFAR-100 MNIST STL-10 FMNIST Flower-17 Average

SC-GIR 87.2± 0.1 98.0± 0.0 99.3± 0.4 85.5± 0.2 86.5± 0.3 73.1± 1.8 66.6
SemCC 87.2± 0.1 74.7± 0.1 99.1± 0.6 73.5± 0.8 95.3± 2.2 75.6± 0.8 65.4
SemRE 83.5± 1.0 65.0± 0.0 98.4± 0.7 69.6± 0.2 73.5± 0.7 65.2± 1.2 65.6
DeepJSCC 61.0± 1.2 64.0± 0.0 95.4± 0.6 71.9± 0.8 78.8± 0.3 70.9± 0.8 66.7
DeepSC 53.5± 0.1 56.0± 0.0 86.4± 0.2 58.9± 1.0 69.3± 0.3 60.7± 0.9 66.7
BPG+2/3 rate LDPC+16QAM 85.5± 0.1 94.1± 0.2 78.5± 0.0 54.5± 0.3 90.6± 0.6 80.2± 1.6 63.8
BPG+1/2 rate LDPC+16QAM 75.5± 0.2 85.9± 0.0 76.0± 0.2 47.3± 0.4 85.9± 0.6 75.7± 1.5 65.6
BPG+3/4 rate LDPC+4QAM 72.5± 0.3 78.8± 0.1 68.6± 0.6 59.8± 0.4 86.9± 0.6 70.7± 1.5 66.1
BPG+2/3 rate LDPC+4QAM 58.7± 0.1 80.8± 0.1 65.6± 0.3 52.5± 0.7 80.6± 0.9 65.8± 1.3 65.5
BPG+1/2 rate LDPC+4QAM 69.4± 0.1 66.0± 0.0 55.5± 0.4 49.3± 0.5 82.1± 0.0 70.7± 1.1 66.4

SC-GIR delivers outstanding performance on CIFAR-100,
MNIST, and STL-10, consistently outperforming all baselines
in both semantic and traditional settings. On CIFAR-10, SC-
GIR remains highly competitive, matching the best-performing
baseline. While its performance is comparatively lower on
FMNIST and Flower-17, where it is surpassed by SemCC,
DeepJSCC, and specific BPG configurations, it still maintains
a strong overall showing.

Notably, SC-GIR achieves an average accuracy of 66.6%
across all datasets, nearly matching the top-performing meth-
ods DeepJSCC and DeepSC (both at 66.7%). In addition to
its solid average performance, SC-GIR demonstrates better
consistency, exhibiting lower standard deviations on several
datasets, particularly CIFAR-100, STL-10, and FMNIST, com-
pared to other methods that show greater performance fluc-
tuations. In summary, SC-GIR excels on complex datasets,
remains competitive in more standard scenarios, and, despite
minor dips on a few datasets, offers a compelling balance of
accuracy and stability. This combination of reliable perfor-
mance and robustness makes it a strong candidate for semantic
communication applications, often providing a meaningful
advantage over existing alternatives.

C. Impact of Wireless Channel

To evaluate the effectiveness of the proposed SC-GIR
method under varying wireless channel conditions, we bench-
mark it against several established baselines, including SEM-
RE [59], DeepJSCC [23], DeepSC [31], and BPG with 3/4
rate LDPC. Experiments are conducted on the CIFAR-10
dataset, where each image is 3,072 bytes. We evaluate a
range of bandwidth compression ratios (k/n) from 0.1 to
0.6, corresponding to transmitted data sizes between 307 and
1, 843 bytes per image, tested under both AWGN and Rayleigh
fading channels, each operating at a fixed signal-to-noise ratio
(SNR) of 5 dB. The resulting classification accuracy, shown
in Fig. 5a for AWGN and Fig. 5b for Rayleigh, illustrates
SC-GIR’s performance under these conditions.

Under the AWGN channel, SC-GIR consistently outper-
forms all baseline methods. At a low compression ratio of
k/n = 0.1, it achieves nearly 85% accuracy, significantly
outperforming SEM-RE (70%), DeepJSCC (65%), DeepSC
(80%), and BPG 3/4 rate LDPC (30%). As the compression
ratio increases to k/n = 0.6, SC-GIR maintains its lead with
an accuracy of 88%, compared to DeepSC (85%), SEM-RE
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(a) Test accuracy versus the bandwidth compression ratio under AWGN
channel.
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(b) Test accuracy versus the bandwidth compression ratio under the Rayleigh
channel.

Fig. 5: Impact of compression ratio on the CIFAR-10 dataset
with SNR = 5 dB.

(83%), DeepJSCC (75%), and BPG 3/4 rate LDPC (65%).
These results emphasize SC-GIR’s strong performance, es-
pecially under stringent bandwidth constraints. In Rayleigh
fading channels, SC-GIR demonstrates notable robustness
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(a) Test accuracy versus SNR with k/n = 1/6.
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(b) Test accuracy versus SNR with k/n = 1/12.

Fig. 6: Impact of SNR under Rayleigh channel on the CIFAR-
10 dataset for two compression ratios (k/n = {1/6, 1/12}).

against channel impairments. At k/n = 0.1, it achieves 80%
accuracy, outperforming SEM-RE (65%), DeepJSCC (50%),
DeepSC (70%), and BPG 3/4 rate LDPC (25%). At the higher
ratio of k/n = 0.6, SC-GIR reaches 83% accuracy, again sur-
passing DeepSC (80%), SEM-RE (78%), DeepJSCC (65%),
and BPG 3/4 rate LDPC (50%). These findings highlight SC-
GIR’s resilience in more challenging and dynamic wireless
environments.

Unlike competing methods that struggle under low-
bandwidth or fading conditions, such as BPG 3/4 rate LDPC,
which drops to 25%−30% at k/n = 0.1, or DeepJSCC, which
underperforms in Rayleigh channels, SC-GIR sustains high
accuracy across both channel types and all compression levels.
This consistent performance underscores its suitability for
resource-constrained and variable wireless settings. Overall,
SC-GIR’s superior accuracy across scenarios at SNR = 5
dB, when compared with both traditional and learning-based
baselines, confirms its strong potential for deployment in
practical semantic communication systems.

Fig. 6 illustrates the performance of different SC methods

over a Rayleigh fading channel, evaluated on the CIFAR-10
dataset across various SNR levels and two compression ratios
(k/n = 1/6 and k/n = 1/12). The results demonstrate the su-
perior robustness and efficiency of SC-GIR under challenging
wireless conditions. In Fig. 6a, where the compression ratio
is k/n = 1/6, SC-GIR achieves a test accuracy of 60% at
0 dB, significantly outperforming SEM-RE (40%), DeepJSCC
(20%), and BPG+2/3 LDPC+16QAM (near 0%). As the SNR
increases to 30 dB, SC-GIR reaches 80% accuracy, compared
to 70% for SEM-RE, 50% for DeepJSCC, and 40% for
BPG+2/3. In the more constrained setting shown in Fig. 6b,
with a higher compression ratio of k/n = 1/12, SC-GIR
maintains a test accuracy of 50% at 0 dB, while SEM-
RE, DeepJSCC, and BPG+2/3 achieve only 30%, 15%, and
0%, respectively. At 30 dB, SC-GIR still leads with 75%
accuracy, ahead of SEM-RE (60%), DeepJSCC (45%), and
BPG+2/3 (35%). Notably, SC-GIR experiences only a minimal
performance degradation (approximately 5%) between the
two compression settings at high SNR levels, highlighting
its strong generalization and compression resilience. This
robustness is attributed to SC-GIR’s hybrid design, which
combines semantic communication principles with genera-
tive image restoration. By selectively preserving task-relevant
features and suppressing noise-induced distortions, SC-GIR
delivers consistent performance under both low-SNR and high-
compression scenarios, making it a highly suitable solution for
bandwidth-limited and noisy wireless communication environ-
ments.

D. Encoder Evaluation

In Fig. 7, we analyze the effect of the scaling factor
λ, which controls the trade-off between feature invariance
and redundancy reduction. This analysis is crucial, as stable
training convergence is essential for model robustness under
noisy channel conditions. Across all six datasets, larger values
of λ (e.g. λ ⩾ 5×10−4) result in unstable and non-converging
training loss, indicating that an overly strong redundancy
penalty disrupts learning. In contrast, setting λ = 5 × 10−4

consistently yields fast, stable and low-error convergence.
This enables the model to learn coherent and meaningful
representations, forming the basis for its robust performance
across the various channel conditions evaluated in this study.

Fig. 8 depicts the cosine similarity between latent represen-
tations derived from the proposed semantic encoder during
training for different datasets. The noticeable increase in
cosine similarity indicates the model’s increasing resilience
to augmentations applied to the two views. As a result, the
encoded representations become progressively less susceptible
to variations introduced through data augmentation, thereby
capturing underlying semantic information more effectively.
The sharper incline in cosine similarity observed for FMNIST
and MNIST compared to CIFAR-10 and Flower-17 suggests
that the lower-dimensional nature of the data facilitates a
swifter initial assimilation of the underlying semantic features.

Fig. 9 shows the cross-correlation among latent repre-
sentations of the proposed semantic encoders, illustrating
their effectiveness in achieving redundancy reduction and
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Fig. 7: The normalized SC-GIR loss function with different
weighting coefficients λ applied to the diagonal and off-
diagonal components of the loss.

improved invariant representation. The figure compares the
cross-correlation matrices of the datasets before and after
training. Notably, these matrices tend towards a diagonal
structure, with the off-diagonal terms approaching 0. This
convergence signifies a substantial reduction in redundancy
among the encoded features, aligning with the ideal scenario
where features capture mutual invariant aspects of the data.

The performance of the SC-GIR method, when trained with
and without transfer learning (TL), is shown in Fig. 10. As can
be seen from Fig. 10a, a higher cosine similarity is obtained
for SC-GIR trained without TL, indicating superior semantic
feature extraction capability. This enhanced extraction suggests
that the specialized semantic feature extractor can adapt and
tailor its representations more effectively to new commu-
nication environments without relying on TL. Additionally,
Fig. 10b shows the total loss over training epochs, revealing
a quicker decrease in the loss for the TL-absent SC-GIR
method, confirming faster convergence and potentially more
efficient training. These results underscore the advantages
of our approach in training SC-GIR systems autonomously,
without relying on background knowledge transferred through
TL. This can be attributed to the fact that the design of
the semantic feature extractor and loss function is optimized
specifically for this purpose.

TABLE VI: Accuracy of GOAI for Different Levels of the
Noise Power in Eq. (1)

σ2
n

Datasets
CIFAR-10 STL-10 CIFAR-100 FMNIST

0.1 73.75 75.78 71.09 68.75
0.01 74.53 77.34 77.78 72.65
0.001 76.09 78.91 78.12 73.43

TABLE VII: F1-scores in Percentages of SC-GIR and Deep-
JSCC in the Goal-oriented AI Task Under SNR = 25dB.

Dataset SC-GIR DeepJSCC
CIFAR-10 0.9687 0.6655

CIFAR-100 0.7968 0.5055
EMNIST 0.9220 0.8555
FMNIST 0.8654 0.7762
Flower-17 0.9843 0.7056

STL-10 0.7578 0.5625

E. GOAI Evaluation

Fig. 11a investigates the impact of the learning rate on
the training convergence behavior of the SC-GIR model for
the downstream goal-oriented AI task across CIFAR-10 and
Flower-17 datasets over 200 epochs with a fixed batch size of
128. The results demonstrate that learning rates significantly
influence the speed and stability of model convergence for both
datasets. Specifically, learning rates of 10−2 and 10−3 exhibit
smoother and faster convergence. Conversely, a learning rate
of 10−1 introduces volatility in loss, leading to fluctuations
during training, while a rate of 10−3 demonstrates steady con-
vergence. These findings emphasize that a learning rate greater
than 0.1 is essential for faster convergence, thus highlighting
the critical role of selecting an appropriate learning rate to
enhance the efficiency of the SC-GIR model in capturing task-
relevant features and optimizing the training time.

In Fig. 11b, we illustrate the effect of different batch sizes
on the training loss of the GOAI task over 200 epochs with
a learning rate of 0.1. Notably, the training process with a
batch size of 128 demonstrates a more stable convergence
pattern for CIFAR-10. while the same stability occurs at a
batch size of 64 for Flower-17 compared to other smaller batch
sizes, evident from the smoother descent in loss value. This
observation implies that challenges commonly associated with
smaller batch sizes, such as noisy and inconsistent updates,
may be alleviated by utilizing larger batch sizes. Additionally,
employing a larger batch size has the potential to reduce
the overall number of updates required, thereby possibly
decreasing the computational expense associated with the
GOAI task. Future research could explore optimal batch size
selection strategies for similar tasks or domains, considering
computational resources and convergence stability.

Table VI demonstrates the robustness of the latent repre-
sentations derived from the semantic encoder when subjected
to the noise power. The table showcases the impact of noise
variance on the performance of the GOAI task across different
datasets, varying in complexity from those with fewer targets
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Fig. 8: Cosine similarity between the latent representations obtained via the semantic encoder during training.

(a) CIFAR-10 (b) FMNIST (c) MNIST

(d) CIFAR-100 (e) STL-10 (f) Flower-17

Fig. 9: The cross-correlation among latent representations: Each matrix, sized 10×10, illustrates the pairwise cross-correlations
between encoded representations of the datasets. Darker diagonal entries, tending towards perfect correlation, signify better
performance in terms of both lossy compression and preservation of mutual information.

to those with more targets. Notably, even at a relatively high
noise variance (σ2 = 0.1), all datasets maintain a performance
level exceeding 70%, showing the resilience of the latent
representations against noise. Moreover, there is a clear trend
of increasing accuracy as the noise variance decreases from
0.1 to 0.001, indicating the effectiveness of the semantic
encoding in preserving information critical for the GOAI
task under varying noise conditions. This resilience holds
promise for applications in wireless communication systems,
where robustness to noise is crucial for maintaining reliable

performance.

F1-score, ranging from 0 to 1, is an important metric for
evaluating learned latent representations in GOAI tasks. It
balances precision and recall, which are crucial for accurately
identifying relevant instances while minimizing false positives.
In Table VII, the F1 scores attained by the proposed SC-
GIR method in comparison to the DeepJSCC baseline are
provided. These assessments are conducted at a SNR of 25 dB,
assessing the models’ resilience in noisy environments. SC-
GIR consistently outperforms DeepJSCC across all datasets
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TABLE VIII: IoU† Segmentation Performance Comparison on Cityscapes Dataset

Method mean road sidew. build. wall fence pole light sign veget
SegFormer512 [61] 41.5 68.1 33.5 62.0 24.1 19.5 29.0 36.8 38.5 60.3
Refign [62] 57.8 82.3 54.0 80.1 35.1 25.0 41.5 53.6 51.9 80.5
MGCDA [63] 39.2 67.5 22.1 63.8 13.0 16.8 26.1 41.5 42.0 65.0
SC-GIR (ours) 63.5 88.1 67.2 83.5 43.0 35.5 45.3 59.8 60.1 82.4

terrain sky person rider car truck bus train motorc. bicycle
SegFormer512 [61] 28.2 71.4 29.6 14.1 69.8 40.1 51.3 23.8 32.7 40.2
Refign [62] 50.1 92.6 52.3 28.5 78.0 57.9 63.0 36.8 40.1 46.5
MGCDA [63] 24.5 80.1 38.4 16.2 68.1 34.0 35.7 22.5 29.1 37.3
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Fig. 10: Transfer learning (TL)-aided SC-GIR with different
background knowledge: (a) Cosine similarity versus the num-
ber of training epochs, and (b) Total loss versus the number
of training epochs.

TABLE IX: Leave-one-domain-out results on PACS with
ResNet-34

Methods Art Cartoon Photo Sketch Avg.
SemCC 67.83 62.47 87.92 58.31 69.13
SemRE 70.24 64.85 89.16 59.72 70.99
DeepJSCC 62.19 57.34 83.61 52.78 63.98
DeepSC 64.52 59.83 84.27 54.95 65.89
SC-GIR 76.89 72.32 96.54 58.70 76.11

examined. Specifically, SC-GIR achieves F1 scores ranging
from 0.7578 on the STL-10 dataset to 0.9843 on Flower-17,
highlighting its capability to extract task-relevant information
from latent representations. In contrast, DeepJSCC’s perfor-
mance is comparatively suboptimal, with F1 scores spanning
from 0.5055 (on CIFAR-100) to 0.8555 (on EMNIST). The
substantial improvement in F1 scores observed with SC-GIR
underscores the efficacy of its tailored approach in minimizing
redundancy and capturing informative features in the latent
space, thereby enhancing its performance in goal-oriented AI
tasks.

F. Generalization Capability

The core idea behind SC-GIR is to learn dense and invariant
semantic representations by minimizing redundancy through
a cross-correlation loss. Unlike classification, which operates
at the image level, semantic segmentation is a dense and
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Fig. 11: The GOAI loss on CIFAR-10 & Flower-17: (a) Impact
of the learning rate (batch size of 128), and (b) Impact of the
batch size (learning rate of 0.1)

pixel-level task. We hypothesize that a model learning truly
general-purpose semantic features should excel at both, as our
representations aim to capture the full semantic structure of
an image, not just identify a single class. To demonstrate this
generality, we extend SC-GIR to semantic segmentation and
domain generalization. For segmentation, we train SC-GIR’s
semantic encoder with a standard decoder head and evaluate it
on the challenging Cityscapes dataset using mean Intersection-
over-Union (mIoU).

As shown in Table VIII, SC-GIR demonstrates strong se-
mantic segmentation performance on the Cityscapes dataset,
outperforming established baselines. It achieves a mean IoU
of 63.5, marking a 5.7-point improvement over the strong
Refign baseline [62]. This advantage spans nearly all cat-
egories, with especially large gains on structured objects
such as train (+38.6) bus (+13.3) and wall (+7.9).
While Refign remains competitive on some smaller classes
like rider and bicycle, our model’s significant overall
improvement provides strong evidence that its learned invari-
ant representations go beyond classification. They effectively
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capture the rich, dense semantics necessary for comprehensive
scene understanding.

To validate generalization empirically, we conduct a leave-
one-domain-out experiment on the PACS dataset [52], a stan-
dard benchmark for domain generalization. The considered
models are trained on three of the four domains (Photo,
Art, Cartoon, Sketch) and tested on the held-out domain.
This procedure is repeated for all domain splits, and average
accuracy is used to measure generalization capability. As
shown in Table IX, SC-GIR achieves an average accuracy of
76.11%, outperforming SemRE by over 5% and DeepJSCC by
more than 12%. This strong performance on unseen domains
highlights SC-GIR’s scalability. By learning invariant semantic
features, it avoids overfitting to source domains and general-
izes effectively, reducing the need for retraining in visually
distinct environments.

VI. CONCLUSION

This paper presented SC-GIR, a novel framework for goal-
oriented semantic communication in IoT networks, which
leverages self-supervised learning to derive invariant and task-
relevant feature representations. By optimizing the cross-
correlation matrix between multiple augmented views of the
data, SC-GIR effectively filters out redundant information
and preserves semantic features critical to downstream tasks.
This allows for compact, bandwidth-efficient encoding, espe-
cially suited for resource-constrained communication environ-
ments. We conducted comprehensive evaluations on CIFAR-
10, STL-10, and Flower-17 datasets, demonstrating that SC-
GIR consistently outperforms state-of-the-art methods such
as DeepJSCC and SEM-RE. Specifically, SC-GIR achieves
over 85% classification accuracy under AWGN channels and
exceeds 80% under Rayleigh fading at a compression ratio of
0.1, highlighting its robustness under both noise and severe
bandwidth constraints. A key advantage of SC-GIR lies in
its use of self-supervised learning, which reduces reliance
on labeled data. This enables greater adaptability to diverse
tasks, deployment settings, and channel conditions, facilitating
scalability across heterogeneous IoT ecosystems. Additionally,
SC-GIR achieves strong noise resilience and semantic fidelity
across a wide range of SNR levels while significantly mini-
mizing communication overhead.

Beyond image-based tasks, the design principles of SC-GIR
generalize to other data modalities such as text and audio,
making it a versatile and extensible solution for future seman-
tic communication systems. By addressing critical challenges
such as data scarcity, bandwidth limitations, and semantic
integrity, SC-GIR represents a meaningful step toward intelli-
gent, robust, and efficient inter-device communication in next-
generation IoT and edge computing networks.
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