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Abstract—Over-the-air federated learning (OTA FL) provides
a joint computation and communication approach to design FL
systems with improved efficiency. By leveraging the superposition
property of wireless channels, OTA FL enables the automatic
aggregation of intermediate parameters–such as gradients–across
a large number of clients, significantly reducing communication
overhead while concurrently enhancing transmission privacy.
However, gradient aggregation requires all clients to use identical
model architectures, a condition often impractical in real-world
scenarios due to variations in client hardware and computational
capabilities. This mismatch can lead to scalability issues and
system incompatibilities. To address this challenge, we propose
a model-agnostic method based on model prototypes that en-
ables collaborative training across clients with heterogeneous
models. The proposed method bypasses the requirements of
the conventional model weight/gradient updates with prototype
vector aggregation, without requiring the model structures of
all clients to be identical. To the best of our knowledge, the
proposed method is the first to explore the prototypical model-
heterogeneous OTA FL with desirable training performance
and extremely low communication cost. We conducted extensive
experiments to verify the efficacy of the proposed method. The
results show that our approach not only significantly reduces
communication overhead but also exploits the superior capa-
bilities of large models to enhance the performance of smaller
models.

Index Terms—Federated Learning, over-the-air computation,
model heterogeneous, prototypical learning

I. INTRODUCTION

Federated learning (FL) [1]–[3] allows multiple edge de-
vices to collaboratively train a global model without exposing
their local private data. It stands as a critical component
toward network intelligence by fostering cooperation across
edge clients, enabling superior machine learning performance
while safeguarding the privacy of their datasets. However,
a typical FL training process requires frequent exchange of
model gradient information between the clients and the server,
which generates a lot of communication overhead. Meanwhile,
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aggregating a large number of parameters demands consid-
erable computing resources. In addition, although FL does
not directly share user local data, the exchange of model
parameters still poses a potential risk to user privacy.

To address these issues, a line of recent studies [4]–[6]
proposed incorporating over-the-air (OTA) computation into
the FL system. Through this approach, all clients modulate
their local gradients onto a set of common waveforms and
simultaneously transmit the analog signals to the edge server.
The superposition property of wireless channels enables au-
tomatic aggregation of the gradients at the server, signifi-
cantly improving spectrum utilization, reducing computational
overhead, and enhancing client privacy [7]. Despite these
advantages, deploying OTA FL in practical systems encounters
new challenges, one of which is heterogeneity.

Heterogeneity can be broadly divided into two categories:
data heterogeneity and model heterogeneity. Data hetero-
geneity refers to the difference in data distribution between
different clients, which gives rise to client label imbalance
issues. Numerous methods [8]–[10] have been developed to
address such challenges. In contrast, model heterogeneity has
received far less attention, especially in the context of OTA
FL. In particular, model heterogeneity refers to the fact that
different clients could maintain different model architectures.
Specifically, in real-world scenarios, the client devices usually
have various system resources, such as computing power and
memory [11]–[13]. As such, the resource-limited devices are
only capable of maintaining lightweight models, while others
with abundant resources can handle more advanced models.
Under this circumstance, lower-end devices may not be able
to support the global model (if that is too large), leaving them
unable to participate in FL. Meanwhile, traditional OTA FL
relies on the superposition properties of wireless channels to
achieve automatic aggregation, requiring all clients to have
identical model architectures. If we group clients for separate
FL processes based on their device’s resource capabilities, this
may lead to unfairness, underutilization of data resources, and
potentially degraded overall performance. If we aim to include
all clients in the same FL process, we may be forced to use
a model that the lowest-performing device can support. This
would not only throttle model performance but also waste the
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Fig. 1: An overview of the prototypical OTA-FL framework for model-heterogeneous FL system.

resources of higher-end clients. Additionally, the number of
orthogonal waveforms for OTA model aggregation is indeed
limited and far fewer than the number of weight parameters
in deep learning models, necessitating further compression of
the global model. To that end, assuming we already have a
group of high-end clients training a large model, how can we
leverage their superior capabilities to improve the performance
of smaller models trained on low-end devices? More generally,
how can we enable learning across clients with heterogeneous
model architectures in an OTA FL system?

In this work, we leverage the model-agnostic proto-
types to achieve efficient federated edge learning in model-
heterogeneous OTA FL systems. Specifically, prototype vec-
tors [14], [15] referred to the embedding vectors that capture
the characteristics of data classes. The prototype can serve
as feature information irrespective of the model architecture.
Therefore, as long as clients are engaged in the same training
task, information can still be exchanged between them through
transmitting and aggregating prototype vectors. This approach
allows us to implement OTA FL efficiently, with the benefit
that clients with smaller models achieve improved perfor-
mance. Additionally, unlike model gradients, which often
involve millions of parameters, the prototype parameters are
minimal, significantly reducing communication overhead.

The principal contributions of this paper are summarized as
follows:

• We propose a prototypical OTA FL framework to enable
collaborative training in model-heterogeneous FL sys-
tems, drastically improving OTA FL systems’ scalability.

• Our proposed method only relies on the transmission
and aggregation of a lightweight prototype vector, sig-
nificantly reducing communication overhead compared to
conventional OTA FL, which is based on identical model
architectures and full model updates.

• We conducted extensive experiments with respect to
the generalization and communication overhead, and the
results demonstrate the efficacy of our proposed method
and its effectiveness in reducing communication costs.

II. CONVENTIONAL OVER-THE-AIR FEDERATED
LEARNING

A. System Configuration

Consider an FL system consisting of an edge server and
N clients. The clients communicate with the server through
wireless transmissions over a shared spectrum. Every client
n ∈ {1, . . . , N} has its local dataset Dn = {(xi ∈ Ru, yi ∈
R)}mn

i=1 with size |Dn| = mn, in which xi denotes the data
sample and yi denote its respective label. The goal is to train a
machine learning model w from the dataset Dn without shar-
ing the clients’ raw data. Formally, the task is accomplished
by collaboratively solving the following optimization problem:

min
w∈Rd

L(w) =
1

N

N∑
n=1

Fn(w). (1)

The term Fn : Rd → R represents the local empirical risk of
agent n, constructed from its own dataset Dn, and w ∈ Rd is
the global model parameter with dimension d. The optimal
solution to (1) is known as the empirical risk minimizer,
denoted by

w∗ = arg min
w∈Rd

L(w). (2)

B. Federated Model Training Over the Air

In communication round t, the edge server broadcast the
current global model parameters wt to all clients. Upon
receiving the latest global model, each client n uses it to
calculate the local gradient ∇Fn(wt). The client modulates
the gradient vector entry by entry to the amplitude of a
set of mutually orthogonal common waveforms, composing
an analog signal and sending it to the edge server through
the wireless channel simultaneously. The analog signal will
be automatically aggregated, which shall be affected by the
channel fading ht,n and noise ξ(t) during the transmission. We
assume that channel fading and noise are modeled as random
variables that are independent and identically distributed. The
server processes the received signal through a set of matched
filters obtain the global gradient gt, which can be given by:
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gt =
1

N

N∑
n=1

ht,n∇Fn (wt) + ξt, (3)

in which ht,n denotes the channel fading of client n in the
t th communication round and ξt represents additive noise
following a Gaussian distribution with variance σ2

ξ [7].
Then, the server updates the global parameter as

wt+1 = wt − ηgt, (4)

where η is the learning rate. After that, the server broadcasts
the global parameter to all clients for the next round of
local computation. This process iterates continuously until the
global model converges.

C. Limitations of conventional OTA FL methods

In conventional OTA FL approaches, the architectures (and
hence dimensions) of the local models must be precisely
the same to achieve the automatic aggregation of signals.
When considering system heterogeneity in FL, different edge
devices may have diverse hardware resources and are capable
of maintaining models with diverse sizes for training and infer-
ence. This inconsistency in model architectures across clients
hinders the application of OTA computation to achieve fast
aggregation of local model weights (by leveraging the superpo-
sition properties of channels). For example, consider a model-
heterogeneous scenario with the coexistence of ResNet-18
and LeNet. ResNet-18 [16] has 18 layers with approximately
tens of millions of parameters, represented by w1 ∈ Rd1 .
In contrast, the LeNet model has hundreds of thousands of
parameters, represented by w2 ∈ Rd2 . The summation steps
in (3) cannot be completed because d1 is not equal to d2. In
addition, for a limited number of clients equipped with small
models such as LeNet for training, due to the simple model
structure, the training results may fail to achieve satisfactory
performance.

III. PROPOSED METHOD

In this section, we detail our proposed prototypical OTA-
FL framework, designed for model heterogeneity scenarios. In
particular, we introduce the concept of the prototype vector,
highlighting its model-agnostic property for bridging diverse
models and the advantages of reducing communication costs.
An overview of the framework is given in Fig. 1.

A. Prototype

Neural network models, as the most widely-used machine
learning models, can be split into two parts:

Fn(wn) = gn(νn) ◦ fn(ϕn), (5)

where wn = (ϕn,νn) represents the parameters of the
model, fn(ϕn) and gn(νn) denote the representation layers
and decision layers, respectively.

Note that the representation layers extract features from
the samples fed into the model, transforming the input from
the original feature space into the embedding space. The
decision layers then use the embedding vectors to classify the

Algorithm 1: Model-heterogeneous prototypical OTA-
FL framework

1 Input: Initial global prototype C̄0, initial local model
w0,n, n ∈ {1, . . . , N}, weight of local prototype qn

2 for each round t = 0, 1, 2, . . . , T − 1 do
3 for each client n ∈ N in parallel do
4 # Train model locally and upload local

prototypes
5 Cn,t ← CLIENTUPDATE(t, C̄t)

6 # Global aggregation
C̄t+1 = 1

N

∑N
n=1 ht,nqnCn,t + ξt

7 Broadcasting C̄t+1 to clients

8 Function ClientUpdate(t, C̄t):
9 for each local epoch do

10 for each class j do
11 # Compute every class prototype

C
(j)
n = 1

|Dn,j |
∑

(x,y)∈Dn,j
fn(ϕn;x)

12 Combine C
(j)
n to obtain local prototype Cn,t

13 Lce ← CrossEntropyLoss
14 Lr ← d(Cn,t, C̄t)
15 L = Lce + λ · Lr

16 # Train local model according to the loss
wt+1

n = wt
n − η∇L

17 return Cn,t

samples according to the given learning task [17]. For the n-
th client, the embedding vector of an input x is denoted by
zn = fn(ϕn;x), parameterized by ϕn.

We denote by C(j) the prototype that corresponds to the j-
th class in the dataset label. For the n-th client, its prototype
is defined as the mean value of the embedding vectors of all
the instances in class j [18], i.e.,

C(j)
n =

1

|Dn,j |
∑

(x,y)∈Dn,j

fn(ϕn;x), (6)

where Dn,j represents the set of all instances in dataset Dn

with labels belonging to class j.
In this paper, we employ the prototypes as a proxy for

each class and aggregate the prototypes (instead of the entire
gradients) within the OTA FL setting. The dimension of
prototype C

(j)
n is unified to k.

B. Local Model Update
Since the globally aggregated parameters become the pro-

totype, each client n needs to adopt a different local loss
function [18], as follows:

L(Dn,wn) = Lce(Fn(wn;x), y) + λ · Lr, (7)

where Lce denotes the typical cross-entropy loss for super-
vised learning, λ is the regularization coefficient, and Lr is
the regularization term, given by

Lr = d(Cn, C̄) =
∑
j

∥C(j)
n − C̄(j)∥22, (8)
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Fig. 2: Performance comparison between our method and FedAvg, (a) training ResNet-18 and ResNet-14 on non-IID CIFAR-10
with 10 clients for each group, (b) training ResNet-34 and ResNet-18 on non-IID CIFAR-100 with 15 and 5 clients respectively,
(c) training ResNet-18 and LeNet on non-IID CIFAR-10, with a total of 70 clients. Here, m refers to the number of clients in
the LeNet group, and the test accuracy specifically refers to the accuracy of the small models group.

Here, Lr represents the distance d between local prototypes
Cn and the global prototypes C̄, calculated using the squared
Euclidean distance. Other divergence calculation metrics are
also applicable. The added regularization term enhances the
consistency between the global prototype and local prototypes,
helping local models fuse information from other clients,
thereby improving the model’s generalization ability. We adopt
stochastic gradient descent (SGD) for local training, while
other optimizers can also be used.

C. Analog Global Prototype Aggregation
Similar to (3), the analog OTA global prototype aggregation

can be expressed as:

C̄
(j)
t+1 =

1

|Nj |
∑
n∈Nj

ht,n
|Dn,j |
Nj

C
(j)
n,t + ξt, (9)

where C
(j)
n,t is the prototype of client n corresponding to

class j at the t th communication round, Nj denotes the set
of clients whose local dataset contains class j, and Nj stands
for the total number of instances of class j across all clients.

In the aggregation, the proportion of class j samples in
client n’s local training dataset relative to the total number of
class j samples across all clients will be used as the weight for
the local prototype C

(j)
n . To simplify the notation, we denote

this weight by qn, where each element of qn is defined as
|Dn,j |/Nj .

Remark 1. In traditional OTA FL, different models cannot be
automatically aggregated if they do not adhere to the same
architecture. Prototypes circumvent this issue by serving as
feature vectors with unified dimensions, enabling clients with
different models to train together. Additionally, the dimen-
sionality of prototypes is significantly smaller than that of
gradients, greatly reducing communication overhead.1

1Taking the task of training CIFAR-10 with 10 clients each for ResNet-
18 and ResNet-14 as an example, our proposed algorithm only requires 400
thousand parameter updates per communication round, while conventional
method demands 217.4 million parameters per round.

TABLE I: The model architectures used in our experiments
and the corresponding model size.

Model Model structure Number of parameters
LeNet 5 layers 0.32 million
ResNet-14 14 layers with 3 residual blocks 9.5 million
ResNet-18 18 layers with 4 residual blocks 12 million
ResNet-34 34 layers with 4 residual blocks 22 million

To this end, we achieve OTA FL training among hetero-
geneous models through prototype aggregation. Algorithm 1
provides a summary of the details of this method.

IV. EXPERIMENTS

A. Experiment Setup

In our experiments, we consider a model-heterogeneous
FL system training two different models simultaneously. The
clients maintaining the same model are partitioned into the
same group. The experiments are conducted on the benchmark
datasets CIFAR-10 and CIFAR-100 [19] with different model
combinations. The models used in the experiment and their
model sizes are shown in Table I. The diverse local model sizes
indicates that devices with various computational and resource
capabilities in the context of model heterogeneity. The system
scale and the specific number of clients in each group will
be given individually in each experiment. We consider non-
IID data partition across all experiments obtained by Dirichlet
distribution-based method, in which the non-IIDness can be
controlled by the concentration parameter α = 0.5 in CIFAR-
10 (0.3 in CIFAR-100) [20]. With regard to the channel fading
in communication, we use the Rayleigh distribution with an
expectation of 1 as the multiplicative noise of the signal.
The interference when the edge server receives the signal is
simulated by noise that conforms to the Gaussian distribution
with a mean of 0 and a standard deviation of 0.02.

We adopt the following two schemes as the baselines for
fair performance comparison. Our method and baselines are
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(a) (b)

Fig. 3: Communication cost (the cumulative number of transmitted parameters) comparison between our method and the
baselines: (a) training ResNet-18 and ResNet-14 on non-IID CIFAR-10 with 10 clients for each group, (b) training ResNet-34
and ResNet-18 on non-IID CIFAR-100 with 15 and 5 clients respectively.

(a) (b)

Fig. 4: Comparison of communication cost (the cumulative number of transmitted parameters) required to achieve different
accuracy levels and best accuracy for small models, (a) training ResNet-18 and LeNet on non-IID CIFAR-10 with 50 and 20
clients respectively, (b) training ResNet-34 and ResNet-18 on non-IID CIFAR-100 with 15 and 5 clients respectively.

evaluated for performance under the same configuration of
OTA FL systems.

• FedAvg is adopted as the baseline where clients with
identical models perform training through gradient ag-
gregation, essentially conducting conventional OTA FL
within the group.

• Another baseline is to choose the model with fewer
parameters for OTA FL across all clients, referred to as
All small models, to accommodate the capabilities of the
most resource-constrained devices in the system.

For performance comparison, the following two metrics are
used for evaluation with respect to model generalization and
communication efficiency performance.

• Test accuracy: We measure the accuracy of each client’s
local model and compute the average accuracy over each
group and the overall system, weighted by the proportion

of samples in each client’s local training dataset relative
to the total number of samples across all training datasets.

• Communication cost: We calculate the communication
cost by recording the total number of parameters for
either uplink or downlink transmission. The number of
parameters to be transmitted is equal to the number of
required orthogonal waveforms.

B. Performance Evaluation

Evaluation on generalization and communication effi-
ciency. Fig. 2a and Fig. 2b demonstrate that our algorithm
achieves satisfactory performance across multiple datasets and
model combinations, indicating strong generalization perfor-
mance in diverse model heterogeneity scenarios. Our method
achieves a high level of accuracy, close to or even surpassing
FedAvg, suggesting desirable training effectiveness. Notably,
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Fig. 5: Performance comparison under different dimensions of
prototype vectors.

Fig. 3 shows that our communication efficiency achieves or-
ders of improvement compared to the baselines. Overall, these
results have shown that the prototype-based local update could
serve as an effective and communication-efficient knowledge
sharing approach, which bridges the training barrier of clients
with diverse models.
Evident improvements in small models. Fig. 2c reveals
that, aside from model combinations with relatively mild
heterogeneity, even models with substantial differences in
architectures and parameter sizes, such as ResNet and LeNet,
can be effectively trained based on our proposed method.
Meanwhile, our method enhances the performance of the small
model group when it trains alongside the large model group.
Fig. 4 also shows that our algorithm achieves substantial
communication cost savings over the two baselines as the
small model group reaches various accuracy levels.
Sensitivity analysis on prototype dimension. Fig. 5 investi-
gates the effects of the prototype dimensions, indicating that
a well-searched prototype dimension could achieve desirable
performance on both accuracy and communication efficiency.
In particular, lower prototype dimensions, such as k = 1024,
lead to relatively poor performance due to insufficient rep-
resentational capacity. When the dimension increased to k =
2048, the performance improved correspondingly. However,
with an excessively large prototype vector dimension, such
as k = 4096, the test accuracy degraded, possibly due to
the increased difficulty of training and prototype alignment
with such a high prototype dimension. Moreover, increasing
the prototype dimension also leads to higher communication
overhead.

V. CONCLUSION

In this paper, we developed a novel prototypical OTA FL
framework that enables communication-efficient collaborative
learning across edge devices with heterogeneous model ar-

chitectures. Our method allows clients to transmit and aggre-
gate model-agnostic prototype vectors instead of full model
weight/gradient; as the sizes of the prototype vectors are
much smaller compared to model weights, communication
overheads are significantly reduced. We performed extensive
experiments to validate the effectiveness of this approach.
The results demonstrate that our method outperforms across
diverse datasets and model combinations, demonstrating strong
generalization capability.
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