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ABSTRACT Semantic and goal-oriented (SGO) communication is an emerging technology that only
transmits significant information for a given task. Semantic communication encounters many challenges,
such as computational complexity at end users, availability of data, and privacy-preserving. This work
presents a TinyML-based semantic communication framework for few-shot wireless image classification
that integrates split-learning andmeta-learning.We exploit split-learning to limit the computations performed
by the end-users while ensuring privacy-preserving. In addition, meta-learning overcomes data availability
concerns and speeds up training by utilizing similarly trained tasks. The proposed algorithm is tested using
a data set of images of hand-written letters. In addition, we present an uncertainty analysis of the predictions
using conformal prediction (CP) techniques. Simulation results show that the proposed Semantic-MSL
outperforms conventional schemes by achieving a 20% gain in classification accuracy using fewer data points
yet less training energy consumption.

INDEX TERMS Conformal prediction, meta-learning, semantic communications, split-learning, goal-
oriented communication.

I. INTRODUCTION

THE road to intelligent communication systems encom-
passes a paradigm shift from conventional communica-

tion models to SGO communication frameworks [1]. SGO
communication involves the transmission of only the essen-
tial semantics of a message instead of the entire message,
which helps to conserve power and improve the spectral
efficiency of the communication system [2]. Semantic com-
munication has shown great promise in a wide range of
applications. For instance, it has been used for efficient
wireless image transmission and classification [3], natural
language processing [4], speech processing [5], and multi-
modal fusion [6].

Semantic communication enables the receiver to handle
various tasks by using only the relevant data that is useful
for each specific task. This approach results in more effi-
cient data compression, less signaling overhead and energy

consumption, and higher spectral efficiency for the network.
However, current GO communication models faces many
challenges related to data collection [7], [8], privacy preserv-
ing [9], and amount of computations at the end users [10]. For
instance, conventional deep neural network (DNN) models
rely on large amounts of data for training, which might not
be feasible in many applications due to the high cost of
data collection, the scarcity of resources available for data
transmission or privacy concerns [11]. In that case, the model
usually suffers from high uncertainties due to insufficient data
required to build, train, and validate the model.

Meanwhile, semantic communication approaches rely on
heavy and power-hungry machine learning (ML) and DNN
models for feature extraction and handling large volumes
of data. In addition, various use-cases have privacy restric-
tions on data transmission [12], whereas other applications
have low-power / low-resources at end users that make it
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FIGURE 1. Multiple devices aim to classify the correct letters in
images sampled from different languages. Each device
transmits the semantics of the image through a wireless
channel to the aggregator, which predicts the image class and
transmits it back to the device.

challenging to perform complex deep learning computa-
tions [13], [14]. To this end, TinyML aims at inventing
light yet accurate and communication-efficient ML schemes
that consume fewer energy resources to achieve the learning
goals [15], [16].

This paper presents an energy and communication-efficient
TinyML scheme for wireless image transmission classi-
fication, termed Semantic Meta-Split Learning or simply
Semantic-MSL. The proposed method integrates split-
learning [17] and meta-learning [18] to perform few-shot
over-the-air (OTA) image classification while ensuring effi-
cient data compression, low computation complexity, and
energy consumption at the end users as well as privacy-
preservation. To evaluate the performance of the proposed
model, we test the algorithm using a data set of images of
hand-written letters used for classification.

A. SPLIT-LEARNING AND META-LEARNING
Split-learning [17] is a family of collaborative and dis-
tributedML algorithms, where the learningmodel, i.e., neural
network, is divided into device-side model and aggregator-
side model separated by the cut-layer as shown in Fig. 1.
The training and testing of the model are executed among
the devices and the aggregator. During forward propaga-
tion, the devices transmit only the output of their last
layer, i.e., smashed data, to the aggregator, which, in turn,
transmits back the smashed data’s gradients during back-
propagation [19].1

The major advantage of split learning over federated learn-
ing is that it reduces the heavy computations performed at
the device side in federated learning and the high signal-
ing overhead resulting from transmitting the whole model
to the aggregator. In split learning, devices and aggre-
gators only exchange smashed data and gradients [20],
which saves communication energy as required by TinyML

1Note that the transmission of gradients is done through a realistic com-
munication channel which includes noise and fading.

techniques. Moreover, split learning provides high levels of
privacy-preserving as the data is not shared between the
devices and the aggregator, which can access only a portion
of the model.

In addition to split-learning, the proposed framework
exploits meta-learning [18], which is known as learning-
to-learn. Conventional deep learning requires the model’s
training from scratch for each new configuration adjusted
in the network. In contrast, meta-learning is motivated by
utilizing different configurations (tasks) to infer a model
that performs well in new configurations. In this context,
model-agnostic meta-learning (MAML) is a famous family
of meta-learning that meta-trains multiple tasks searching
for suitable initialization for the weights of the trainable
model so that the model converges in a few gradient steps
using a few shots of data points. Meta-learning has shown
promising performance in different wireless communication
use cases, such as channel estimation, symbol demodulation,
and modulation classification [21], [22].

B. RELATED WORK
The advances in semantic communication have been
addressed extensively in many recent works. Specifically,
the work in [23] proposes a framework that enables the
transmission of detected traffic signs from one autonomous
vehicle to another. The authors in [24] propose a convolu-
tional neural network (CNN) architecture for wireless image
transfer while ensuring security awareness. They focus on
privacy preservation without tackling the problem of data
availability or energy consumption. In [25], Xie et al. propose
transformers-based models for multiple task-oriented com-
munication, whereas the work in [26] discusses resource allo-
cation techniques for semantic communication. In contrast
to our work, the proposed methods lack accumulating expe-
rience from various tasks (i.e., meta-learning) for training.
The work in [27] designs a joint communication and com-
putational probabilistic semantic algorithm for multi-user
resource allocation problems, while the authors in [28] inves-
tigate a joint communication and computational probabilistic
semantic algorithm for distributed reconfigurable intelligent
surfaces (RISs)-assisted networks.

Recently, split-learning has also gained popularity in the
field of wireless communication. For instance, in the arti-
cle [29], the authors have introduced a split-learning scheme
where learning is carried out across various devices in a
parallel manner. However, they have only optimized the cut
layer position without considering the uncertainty of dif-
ferent model configurations. The authors of [30] propose
a MIMO-based OTA split learning approach that interest-
ingly also estimates the channel efficiency through forward
and backward propagation processes, improving the overall
system efficiency. Meanwhile, in [31], split and federated
learning is utilized for autonomous aerial vehicle (AAV)
applications. In [32], federated learning has been combined
with split learning to reduce communication latency and
improve accuracy within heterogeneous devices.
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Meta-learning has gained further attention in wireless
communication applications. The work in [33] exploits
meta-learning with conformal prediction (CP) to design
a well-calibrated model via a few shots of training data.
In [34], Zhang et al. combine meta-learning and federated
learning for wireless traffic prediction. The authors in [35]
optimize the trajectories of multiple AAVs using meta-
learning, whereas the authors in [36] optimize the AAV
trajectory using meta-reinforcement learning. In addition,
meta-learning has shown outstanding performance in other
domains, such as intelligent MIMO. The work in [37] pro-
poses an algorithm that combines meta-learning with deep
neural networks for the MIMO detector design problem.
The proposed framework achieves near-maximum-likelihood
performance utilizing meta-learning to outperform existing
techniques. To our knowledge, this is the first work to
combine split-learning and meta-learning for goal-oriented
semantic communications and few-shot wireless image clas-
sification.

C. CONTRIBUTION
This paper introduces a novel TinyML-based semantic
communication framework for efficient wireless image trans-
mission and classification. Unlike previous works in the
same research direction, the proposed method combines
meta-learning and split-learning to provide fast convergence
with low complexity and energy consumption. The main
contributions of the paper are summarized as follows:

• We propose the Semantic-MSL scheme architecture
using convolutional neural networks (CNNs). Split
learning ensures low computations on the device side,
and meta-learning ensures fast learning using a small
amount of data.

• To showcase the proposed framework, we assume a
few-shot classification (i.e., only a few images are
available for training) of hand-written letters being
transmitted between devices and an aggregator.

• We exploit conformal prediction to quantify the uncer-
tainty associated with the proposed model. Simulation
results show that the proposed Semantic-MSL frame-
work significantly outperforms SL and conventional
deep learning regarding classification accuracy, confor-
mal prediction uncertainty, and energy consumption.

• We show the effect of changing the position of the cut
layer on the required computational energy at the users,
the deployment time of the algorithm, and the amount of
information transmitted.

The proposed scheme shows strong potential for deploy-
ment on tiny devices characterized by limited hardware
and low energy. Furthermore, it could benefit edge learning
frameworks in B5G by splitting the learning process between
the client and the server to maintain privacy and save compu-
tation resources at the client device [38].

The rest of the paper is organized as follows: Section III
describes the system model and defines the problem.

TABLE 1. Important abbreviations and symbols.

Section II introduces split-learning and meta-learning in
brief. In section IV, we present the proposed Semantic-MSL
communication framework. Section V explains the per-
formance evaluation metrics, including conformal predic-
tion, whereas section VI shows the experimental results.
Section VII concludes the paper. The main symbols and
acronyms used in this paper are summarized in TABLE 1.

II. BACKGROUND
This section presents an overview of split learning and meta-
learning. This discussion is necessary to prepare for the
proposed meta-split learning-based semantic communication
system for wireless transmission and few-shot classification
of images.

A. SPLIT-LEARNING
Split-learning [17] is a distributed machine learning frame-
work that divides the machine learning architecture into
multiple sectors, i.e., a neural network. These sectors are dis-
tributed among multiple devices and aggregators. As shown
in Fig. 2, the sector at the device is referred to as device-
side model with WC parameters vector, whereas the sector
at the aggregator is called aggregator-side model with WS

parameters vector. The layer dividing the device-side and
aggregator-side models is called the cut layer. Consider a
model whose input x corresponds to a target output y. Herein,
the input layer exists at the device side, where the input is
forwarded through the device-side model until the cut layer.
The output of the device-side model is called smashed data s,
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FIGURE 2. Illustration of the architecture of split learning. The
model is divided at the cut layer into a device-side model and
an aggregator-side model, where the training is taking part at
both entities.

which is transmitted to the aggregator-side model

s =WC x. (1)

Ideally, the smashed data is received at the aggregator side
and considered the input to the aggregator-side model. The
smashed data propagates through the aggregator-side model,
giving

ŷ =WS s, (2)

where ŷ is the output of the aggregator-side model. Without
loss of generality, the output ŷ is compared to the target output
y using an error measure function, i.e., an arbitrary loss func-
tion LWC,WS (y, ŷ). The parameters of the aggregator-side
model are updated using stochastic gradient descent (SGD)

WS
←WS

− η∇WSLWC,WS (y, ŷ), (3)

where η is the semantic learning rate and ∇WSLWC,WS (y, ŷ)
is the gradient calculated concerning the aggregator-side
parameters until the cut-layer. Afterward, the smashed data’s
gradients are transmitted back to the device-side model,
where the parameters of the device-side model are updated
via

WC
←WC

− η∇WCLWC,WS (y, ŷ), (4)

where ∇WCLWC,WS (y, ŷ) is the gradient calculated concern-
ing the device-side parameters (i.e, the way back to the input).
This procedure is repeated until convergence.

Split learning reduces the computational load at the devices
by dividing the model between the devices and the aggrega-
tor [39]. The reduction depends on the position of the cut
layer. The earlier the cut layer, the lower the computational
load on the device. However, this comes at the cost of a
larger size of the transmitted message and lower information
security.

B. META-LEARNING
Meta-learning [18], known as learning-to-learn, utilizes
learning across multiple tasks to infer an optimized learning

FIGURE 3. Meta-learning architecture. It consists of i) a
meta-train that has a support set, which samples meta-tasks for
training, and ii) a query set that tests the meta-learning model
on new, unseen tasks.

policy for a new task. As illustrated in Fig. 3,Model-agnostic
meta-learning (MAML) [18] is a well-known meta-learning
algorithm that aims at achieving faster convergence through
a few SGD steps by optimizing a common initial parameter
W across multiple tasks. Assume a task distribution p(τ ) and
T tasks τ1, · · · , τT sampled randomly and in an i.i.d. fashion
from the distribution. These tasks are fed to themeta-training
phase, where each task τi comprises a support-set, which
is used for training, and a query-test, which is utilized for
testing.

Consider a model with parameter W and a loss function
LW(τi) adopted to train each task τi

W′i←W− η∇WLW(τi), (5)

where W′i is the updated parameters for task τi. The same
update is applied to all the sampled tasks, and the meta-loss
is calculated using the updated parameters for each task

Lmeta =

T∑
i=1

LW′i
(τi). (6)

Themeta-optimization is performed collaboratively across all
the tasks by using SGD with the meta-loss

W←W− β∇WLmeta, (7)

where β is the meta-learning rate.
The meta-testing phase adopts a new task τT+1 composed

of a support set and a query test. The optimized parameters
W are the initial parameters for the new sampled task, and
throughout a few SGD steps on the optimized parameters,
the model converges. The number of samples in the support
set (in both meta-training and meta-testing) is called shots K ,
where using a small number of shots is referred to as few-shot
learning.

III. SYSTEM MODEL AND PROBLEM FORMULATION
A. SYSTEM MODEL
As shown in Fig. 1, consider a set of users C = {1, 2, · · · ,C},
where C = |C|. Each user transmits an image x to an
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FIGURE 4. The proposed Semantic-MSL architecture. The model consists of multiple convolutional
layers, each followed by a normalization layer, a ReLu layer, and a pooling layer. At the end, multiple
fully connected layers output the predicted class. At the cut layer, a reshape layer corrects the size
of the smashed data to be transmitted through the channel.

aggregator (e.g., BS) through a wireless channel. Consider
a task distribution p(τ ) and T tasks forming the set T =
{τ1, · · · , τT }, where each user c samples a task from the set of
tasks T . Each task composes of multiple image classes form-
ing the set Y = {1, 2, · · · ,Y}, where Y = |Y|. Each class
containsM = |M| images defined asX = {x1, x2, . . . , xM }.
On the user side, the semantic encoder encodes the image as

s = fC (x), (8)

where s ∈ RN×1 is the transmitted semantic message,N is the
size of the message, and fC (·) is the semantic encoder param-
eterized by the parameters vector WC [40]. The encoded
message is modulated using Quadrature amplitude modula-
tion (QAM) modulation and transmitted to the receiver. The
transmitted signal has a power constraint 1

N E{x2} ≤ p.
Consider an additive white Gaussian noise (AWGN) chan-

nel with noise distribution n ∼ N (0, σ 2I), where σ 2 is the
noise power

s′ = h s+ n, (9)

where h is the channel component that comprises a Rayleigh
flat fading. At the aggregator, the semantic message is
decoded through the semantic decoder to depict the class of
the image

ŷ = fS (s′), (10)

where fS (·) is the semantic decoder parameterized by the
parameters vector WS.

B. PROBLEM DEFINITION
The main objective is to estimate the true class of each image
using only the transmitted semantic information of the image.

In addition, we aim to perform this estimation with the lowest
possible number of images. In particular, the target is to find
the optimum model parameters WC and WS correspond to
the best models fC (·) and fS (·), respectively, so that the true
classes of the images can be estimated using a few shots of
training images. This optimization problem is formulated as

P1 : min
WC,WS

∑
C

∑
T

[ ∑
K

L(y, ŷ)
]
, (11a)

s.t. K ≤ Kth, (11b)

ŷ, y ∈ Y, (11c)

where L(y, ŷ) is a loss function that measures the distance
between the true class and the predicted class (e.g., cross-
entropy loss function), and K represents the number of
images sampled per class from each task. The constraint (11b)
forces the number of sampled images per class K to be lower
than or equal to a user-chosen threshold Kth. In contrast, the
constraint (11c) ensures that the output y and the estimated
output ŷ are in the set of all possible classes. The variables
(WC and WS) can be modeled and solved using an adequate
deep learning technique, such as CNN due to its powerful
ability to perform feature extraction on images.

IV. SEMANTIC META-SPLIT LEARNING FRAMEWORK
This section presents the novel Semantic-MSL learning-
based framework for wireless image transmission. This
approach combines split learning with meta-learning to
formulate a low computational device-side architecture wire-
less image classification using a small number of images.
As shown in Fig. 1, the device feeds the semantic information
of an image forward through to the device-side network, i.e.,
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the semantic encoder. Then, the receiver estimates the image
class through the aggregator-side network, i.e., the semantic
decoder. In addition, we assume a few-shot classification
problem, where only a small number of images are available
for each task.

The integration of meta-learning and split-learning ensures
both rapid adaptation and computational efficiency. Theoret-
ically, meta-learning optimizes a model’s initialization such
that it can generalize across new tasks with minimal updates,
significantly reducing the number of required gradient steps
compared to conventional learning schemes. Additionally,
split-learning reduces the computation load at the device
by offloading deep neural network layers to the aggregator,
thereby minimizing energy consumption while maintaining
privacy. The combination of these two approaches enables a
more resource-efficient and adaptive learning process, mak-
ing the framework well-suited for TinyML applications with
constrained data and power budgets.

To this end, for a particular task τi, the semantic
decoder with initial parameters WS and a loss function
LWC,WS (y, ŷ; τi) is trained at the aggregator-side as

W′ Si ←WS
− η∇WSLWC,WS (y, ŷ; τi), (12)

where W′ Si is the task-specific updated semantic decoder
parameters. Similarly, the semantic encoder with initial
parameterWC would be trained at the device-side as

W′ Ci ←WC
− η∇WCLWC,WS (y, ŷ; τi), (13)

where W′ Ci is the task-specific updated semantic encoder
parameters and the gradient ∇WCLWC,WS (y, ŷ; τi) is trans-
mitted from the aggregator to the device through the wireless
channel. Afterward, the newly updated parameters W′ Ci and
W′ Si are used to estimate the meta-split loss across the tasks
used for meta-split training

Lmeta-split =

T∑
i=1

LW′ Ci ,W′ Si
(y, ŷ; τi). (14)

Finally, the initial parameters are updated using the meta-split
update

WC
←WC

− β∇WCLmeta-split, (15)

WS
←WS

− β∇WSLmeta-split, (16)

where β is the meta-learning rate. The aforementioned steps
are repeated till convergence. During testing, a few SDG steps
are carried out on the semantic encoder and semantic decoder
with a few shots (K ) on a new task τT+1.

The proposed semantic-MSL framework addresses two
key challenges in wireless image transmission; computa-
tional efficiency and adaptability to new tasks. Split learning
reduces the computational burden on device-side hardware by
offloading complex processing tasks to the aggregator-side
network. At the same time, meta-learning enables the model
to adapt to unseen tasks withminimal data quickly.Moreover,
the gradient-sharing mechanism ensures privacy and secu-
rity by transmitting only the learned representations rather

than raw data. These capabilities are particularly beneficial
in scenarios that include limited computational resources,
privacy-sensitive applications, or scenarios with limited data
available.

Fig. 4 illustrates the proposed convolutional neural net-
work (CNN) for both semantic encoder and semantic decoder.
Themodel consists of multiple convolutional layers, each fol-
lowed by a normalization layer, a ReLu layer, and a pooling
(max) layer. After the convolutional layers, multiple fully-
connected (FC) layers are followed by a softmax layer that
outputs the estimated label (class). The cut layer controls the
semantic encoder and the semantic decoder. The convolution
layers are feature extraction layers, and thus, the later the cut
layer, the lower the dimension of the transmitted semantic
message s. In contrast, the earlier the cut layer, the lower the
computations performed on the device side. This illustrates
the trade-off between the rate of encoding and the computa-
tional complexity.

In practice, determining the optimal cut layer is a crucial
design consideration for achieving the best trade-off between
communication/computation requirements and semantic
communication performance (accuracy of achieving the
objective). In addition, the framework accounts for wireless
channel conditions, ensuring that the transmitted semantic
message remains robust to noise and interference. Adjust-
ing the cut layer based on real-time conditions, such as
channel quality or device battery level, supports a robust
algorithmic design. Furthermore, by controlling the cut
layer position, the number of trainable parameters at the
device side is significantly reduced, lowering the mem-
ory footprint and making the model feasible for TinyML
deployment. This balance between computational efficiency,
space complexity, and adaptation speed makes the frame-
work well-suited for constrained wireless environments.
Algorithm 1 summarizes the proposed Semantic-MSL frame-
work. In the next section, we present the key performance
metrics needed to evaluate the proposed algorithm in terms
of communication/computation requirements, image classifi-
cation performance, effect of channel conditions, and model
uncertainties.

V. KEY PERFORMANCE METRICS
This section presents the key performance metrics leveraged
to evaluate the proposed model compared to other baseline
schemes. For instance, classification accuracy is defined as
the total number of true classified images divided by the total
number of images. The precision, recall, and f1-score are con-
sidered the fundamental metric in evaluating classification
problems [41]. However, these metrics lack measuring the
degree of uncertainty and the model’s trustworthiness, which
is usually common in deep learning models with limited
access to data points [42].
Conformal prediction (CP) [43] is a framework that quan-

tifies the degree of uncertainty in predictions of predictive
models (such as neural networks). CP calibrates the models
by generating prediction sets instead of a single prediction.
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Algorithm 1 The Proposed Semantic-MSL Algorithm

1 Input: Semantic learning rate η, meta-learning rate β,
number of tasks T , and number of training epochs E

2 Output: Initial parameters WC and WS

3 Initialize network parameters WC and WS

4 for epochs e in {1, · · · ,E} do
5 Sample T tasks from the distribution p(τ )
6 for each sampled task in {τ1, · · · , τT } do
7 Sample K shots for each class in each task
8 Update the model parametersWC and WS

using (12) and (13)
9 end
10 Calculate the meta-split loss Lmeta-split using (14)
11 Update the initial parametersWC andWS using (16)

and (15)
12 end
13 Return model initial parametersWC and WS

Consider an input x corresponding to an output y from the
set of outputs Y . Relying on the fact that the training and
testing of input data are exchangeable, CP produces a subset
of the output set, i.e., prediction set0, which contains the true
output with a probability 1− α, where α ∈ [0, 1] [43].

CP’s prediction set is evaluated in terms of coverage
cov(0) and inefficiencyineff(0). The formermeasures the
probability of the true label in the prediction set, whereas
the latter is the size of the prediction set. The coverage
and the inefficiency are formulated as

cov(0) = P(y ∈ 0), (17)

ineff(0) = E
[
|0|

]
, (18)

where the average E [·] is taken over the given data points.
A model that generates a prediction set that is equivalent to
the entire output set yields the maximum possible coverage
cov(0) = 1 at the cost of having the worst inefficiency
ineff(0) = |Y|. In contrast, a model that generates an
empty prediction set achieves the best possible inefficiency
ineff(0) = 0 at the cost of the coverage cov(0) = 0.
Hence, a well-calibrated model would maintain the trade-off
between coverage and inefficiency by achieving no lower
than 1− α coverage with a relatively low inefficiency.
Validation-based CP (VB-CP) is a class of CP in which the

data points are divided into calibration data set Dc and val-
idation data Dv. Using the calibration data, we calculate the
nonconformity (NC) score, which is a function that describes
how poor an output is for a given input. For instance, a well-
known NC score is

NC(Dc) = 1− Softmax(Dc). (19)

Then, we compute the qth quantile q̂ = ⌈(n+1)(1−α)⌉
n of the

NC scores of the calibration data, where n is the size of the
calibration data. For the validation data, the prediction set
is generated, such that it includes all the classes that have

TABLE 2. Simulation parameters and hyperparameters.

FIGURE 5. The convergence of the accuracy as a function of the
SGD steps (iterations) of the proposed Semantic-MSL
compared to the Semantic-SL scheme.

NC-scores smaller than or equal to the empirical quantile [44]

0 = {y′ ∈ Y | NC(x, y′;Dv) ≤ qth NC(Dc)}. (20)

VI. NUMERICAL RESULTS
This section presents the simulation results of the proposed
Semantic-MSL framework. We use 3 convolution neural net-
work with 64 neurons each followed by two fully connected
neural networks with two hidden layers of size 64 and ReLU
activation functions. The experiments are implemented using
Pytorch on a single NVIDIATesla V100GPU.We implement
the experiments using Omniglot data set [45], which consists
of 1623 classes of letters from 50 different languages. Each
class contains 20 different hand-written images. Table 2 illus-
trates the parameters used in the simulation. The proposed
Semantic-MSLmodel is compared to Semantic-split learning
(Semantic-SL), which only uses split learning, and a baseline
DNNmodel, where the whole model is built and trained at the
device.Moreover, we test the proposedmodel while adjusting
the number of training tasks, number of shots, and position of
the cut layer.

In Fig. 6, we illustrate the impact of channel conditions,
specifically the signal-to-noise ratio (SNR), on the conver-
gence behavior of the proposed Semantic-MSL algorithm and
its classification accuracy. First, in Fig. 6a, When the SNR is
as low as 5 dB, themodel consumes the whole training epochs
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FIGURE 6. A report of loss values and classification accuracy.
In (a), loss values are plotted as function of meta-training
epochs. In (b), classification accuracy is reported as function of
meta-testing iterations.

without achieving convergence. In contrast, for SNR values
above 15 dB, the model exhibits rapid loss reduction within
only a few training epochs, indicating efficient convergence.
Additionally, Fig. 6b demonstrates that under poor channel
conditions (SNR = 5 dB, the accuracy is upper bounded at
approximately 82%. In contrast, when the channel conditions
improve (SNR = 5 dB), the model achieves substantially
higher classification accuracy of 95%. This highlights the
impact of poor channel conditions that can lead to serious
problems, such as packet loss and longer latency, on the
system performance.

In Fig. 5, we report the achievable classification accuracy
after a given number of iterations of SGD steps using 5-shots
of images from each class. In this experiment, Semantic-
MSL is trained on 65 different tasks and compared to the
baseline DNN and Semantic-SL schemes. We can notice
that the Semantic-MSL converges to an optimum accuracy
of 95% after only 20 SGD steps outperforming both DNN

FIGURE 7. The classification accuracy is a function of both the
number of shots (number of images used in training) and the
number of meta-tasks. In (a), compares the accuracy of
Semantic-MSL, Semantic-SL, DNN schemes as function of the
number of shots. In (b), the Semantic-MSL scheme’s per-task
accuracy is plotted as a function of the number of meta-tasks.

and SL. This occurs due to the enhanced initialization of the
MAML algorithm obtained from meta-training of 65 tasks.
In contrast, the Semantic-SL scheme reaches less than 60%
accuracy after 20 SGD steps, which is a bit lower than the
DNN, despite SL’s superiority over DNN in terms of reduced
power consumption. In addition, it spends 100 SGD steps to
only reach a sub-optimum accuracy of 82%. This highlights
the benefits of meta-learning in utilizing experience from
other tasks to improve and speed up learning new tasks.

Fig. 7 depicts the effect of the number of image shots used
in training for each class in a particular task on the classi-
fication accuracy for both Semantic-MSL and Semantic-SL
schemes. In addition, we show the effect of the number of
meta-training tasks on the classification accuracy for the pro-
posed Semantic-MSL scheme. Herein, the number of training
iterations is fixed to 30 SGD steps. In Fig. 7a, we observe that
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FIGURE 8. Coverage and inefficiency of the Semantic-MSL and Semantic-SL schemes across different tasks.

increasing the number of training shots improves the classi-
fication accuracy. Interestingly, the proposed Semantic-MSL
scheme achieves more than 91% accuracy with only 5 shots
(we keep the number of meta-tasks fixed to 45 tasks). In con-
trast, Semantic-SL and DNN fail to exceed 83% accuracy
even with 15 shots. Moreover, Fig. 7b illustrates that increas-
ing the number of meta-training tasks enhances accuracy. The
proposed model requires less than 45 training tasks to outper-
form the baseline schemes, Baseline DNN, and Semantic-SL.
We can notice that classification accuracy does not improve
much when the number of tasks exceeds 65. Increasing the
number of tasks over 85 does not provide any noticeable
gain in the classification accuracy as saturation behavior is
noticed.

The next experiment investigates the uncertainty of the
proposed Semantic-MSL model compared to Semantic-SL
and DNN using the discussed conformal prediction metrics
as depicted in Fig. 8. The first aspect of conformal prediction
metrics is the coverage, which measures the probability of the
true class in the prediction set 0, shown in Fig. 8a. Setting
α = 0.1, we observe that increasing the number of tasks
enhances Semantic-MSL coverage as it approaches 1 for a
larger number of meta-tasks. In contrast, the coverage of
Semantic-SL and DNN is always constant and inferior to
Semantic-MSL. To obtain coverage larger than or equal to
1 − α, i.e., 0.9, meta-learning requires 55 tasks or more.
In Fig. 8b, we observe the inefficiency, which is the average
size of the prediction set 0. Semantic-SL has a constant set
size of 1.53 compared to Semantic-MSL, which is affected
by the number of tasks. The higher the number of meta-tasks,
the closer the model to predict certainly (i.e., approaches
inefficiency of 1).

To elaborate further on the computational complexity of
the proposed model, we utilize ECO2AI2 tool to estimate

2ECO2AI [46] is an open-source python library that tackles the CPU and
GPU consumption and estimates the equivalent CO2 emissions. It aims to
achieve models with low computational costs.

TABLE 3. Semantic-MSL training duration, Energy consumption,
CO2 Emissions, and the coverage accuracy for different
meta-tasks.

the computational costs using different training tasks and
different split layer configurations. Table 33 reports the
time complexity, computational energy consumption, and the
accuracy coverage of the proposed Semantic-MSL scheme
while adjusting the number of tasks in the MAML algorithm.
We notice that the training duration, energy consumption,
and CO2 footprint increase as meta-tasks increase. Similarly,
the coverage accuracy is enhanced by increasing the number
of meta-tasks. To this end, setting the number of tasks to
[45−65] renders relatively high accuracy and coverage while
being conservative over the training duration and the required
computational energy.

In Table 4, we report the computation energy, the size of the
transmitted semantic message, the communication energy,
and the deployment time (inference time) of the device-side
model while adjusting the position of the cut-layer. The base-
line DNN has the highest computation energy and inference
time. Setting the cut layer after the third convolutional layer
(3-Conv) leaves the aggregator-side model with only the fully
connected layers. In that case, the size of the transmitted mes-
sage is small (0.248 KB) since the convolutional layers are

3The duration corresponds to the total wall-clock time required to train
the model using a single NVIDIA Tesla V100 GPU. Energy consumption is
computed using the ECO2AI library, which monitors CPU/GPU utilization,
memory usage, and real-time frequency to estimate energy consumption and
associated CO2 emissions. For details, see ECO2AI [46].
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TABLE 4. Reporting the computation and communication energy consumption during training, as well as the size of the transmitted
data and device inference time during testing the semantic-MSLmodel while adjusting the position of the cut layer compared to the
baseline model.

feature extractors, and the communication energy is relatively
small compared to other cut-layer positions. However, it loads
the device-side model with higher computational energy and
a larger deployment time. In contrast, shifting the cut-layer
position to be after the second convolutional layer (2-Conv)
or the first convolutional layer (1-Conv) reduces the required
computational energy and deployment time at the devices at
the costs of increasing the size of the transmitted message
and the communication energy. This highlights the trade-off
between computational energy, deployment time, commu-
nication energy, and overhead. Note that the computation
energy is dominant over the communication energy in all
cases; therefore, reducing the computation energy by moving
the cut layer closer to the device size (i.e., 1-Conv) reduces
the overall energy consumption of the device. However, this
comes at the cost of higher communication overhead and the
risk of privacy incursions, which is an open area for future
research.

To better illustrate the impact of the cut-layer position on
device-side complexity, we evaluate the space complexity in
terms of the number of trainable parameters. The number of
parameters in a convolutional layer is given by [47]

#parameters(Conv) = ((n2k · cin)+ 1) · cout, (21)

where nk represents the kernel size, cin denotes the number
of input and cout denotes the number of output channels.
Similarly, the number of parameters in a fully connected (FC)
layer is calculated as

#parameters(FC) = (nin · nout)+ nout, (22)

where nin refers to the size of the input of the hidden layer
and nout refers to the size of the output of the hidden layer.

Using (21) and (22), we compute the number of train-
able parameters for the for the deployed CNN architecture
detailed in Table 2. The three convolution layers contain 640,
36928 and 36928 trainable parameters, respectively, while the
FC layers contribute a total of 20933 parameters. Setting the
cut layer after the third convolutional layer (3-Conv) results in
74496 trainable parameters at the device, while the aggregator
learns only the FC layers. Moving the cut layer after the

second convolutional layer (2-conv) reduces the device-side
parameters to 37568 leaving 57861 for the aggregator. In con-
trast, placing the cut-layer after the first convolutional layer
(1-conv) minimizes the device-side parameters to just 640,
but increases the aggregator’s parameter load to 94789.
This highlights the flexibility of split-learning in balancing
computational load, making it a powerful tool for TinyML
applications.

VII. CONCLUSION
In this paper, we proposed Semantic-MSL as a novel
Tiny-ML framework for few-shot wireless image classifica-
tion. The devices transmit the semantics of an image over a
wireless channel to the aggregator, which predicts the true
class of the image viameta-training over several classification
tasks. Numerical results depicted the benefits of combin-
ing meta-learning with split-learning, which achieves 20%
higher classification accuracy than using only split-learning
while using fewer training shots simultaneously. Regarding
CP aspects, Semantic-MSL renders high coverage and low
inefficiency.Moreover, the overall energy consumption of the
proposed Semantic-MSL is significantly reduced by moving
the cut layer closer to the device side.

In summary, Semantic-MSL outperforms baseline DNN
and Semantic-SL regarding accuracy, CP accuracy, CP inef-
ficiency, and energy consumption. The proposed framework
can be further adopted in tasks other than wireless image clas-
sification, such as image reconstruction and reinforcement
learning. Exploitingmeta-conformal prediction in optimizing
the split learning model is left for future research.
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